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Abstract
The research of this thesis dissertation covers developments and applications of short-and long-term
climate predictions. The short-term prediction emphasizes monthly and seasonal climate, i.e. forecasting
from up to the next month over a season to up to a year or so. The long-term predictions pertain to the
analysis of inter-annual- and decadal climate variations over the whole 21st century. These two climate
prediction methods are validated and applied in the study area, namely, Khlong Yai (KY) water basin
located in the eastern seaboard of Thailand which is a major industrial zone of the country and which has
been suffering from severe drought and water shortage in recent years. Since water resources are essential
for the further industrial development in this region, a thorough analysis of the potential climate change
with its subsequent impact on the water supply in the area is at the heart of this thesis research.
The short-term forecast of the next-season climate, such as temperatures and rainfall, offers a potential
general guideline for water management and reservoir operation. To that avail, statistical models based on
autoregressive techniques, i.e., AR-, ARIMA- and ARIMAex-, which includes additional external
regressors, and multiple linear regression- (MLR) models, are developed and applied in the study region.
Teleconnections between ocean states and the local climate are investigated and used as extra external
predictors in the ARIMAex- and the MLR-model and shown to enhance the accuracy of the short-term
predictions significantly. However, as the ocean state – local climate teleconnective relationships provide
only a one- to four-month ahead lead time, the ocean state indices can support only a one-season-ahead
forecast. Hence, GCM- climate predictors are also suggested as an additional predictor-set for a more
reliable and somewhat longer short-term forecast.
For the preparation of “pre-warning” information for up-coming possible future climate change with
potential adverse hydrological impacts in the study region, the long-term climate prediction methodology
is applied. The latter is based on the downscaling of climate predictions from several single- and multidomain GCMs, using the two well-known downscaling methods SDSM and LARS-WG and a newly
developed MLR-downscaling technique that allows the incorporation of a multitude of monthly or daily
climate predictors from one- or several (multi-domain) parent GCMs. The numerous downscaling
experiments indicate that the MLR- method is more accurate than SDSM and LARS-WG in predicting
the recent past 20th-century (1971-2000) long-term monthly climate in the region.
The MLR-model is, consequently, then employed to downscale 21st-century GCM- climate predictions
under SRES-scenarios A1B, A2 and B1. However, since the hydrological watershed model requires dailyscale climate input data, a new stochastic daily climate generator is developed to rescale monthly observed
or predicted climate series to daily series, while adhering to the statistical and geospatial distributional
attributes of observed (past) daily climate series in the calibration phase.
Employing this daily climate generator, 30 realizations of future daily climate series from downscaled
monthly GCM-climate predictor sets are produced and used as input in the SWAT- distributed watershed
model, to simulate future streamflow and other hydrological water budget components in the study
region in a multi-realization manner. In addition to a general examination of the future changes of the
hydrological regime in the KY-basin, potential future changes of the water budgets of three main
reservoirs in the basin are analysed, as these are a major source of water supply in the study region.
The results of the long-term 21st-century downscaled climate predictions provide evidence that, compared
with the past 20th-reference period, the future climate in the study area will be more extreme, particularly,
for SRES A1B. Thus, the temperatures will be higher and exhibit larger fluctuations. Although the future
intensity of the rainfall is nearly constant, its spatial distribution across the region is partially changing.
There is further evidence that the sequential rainfall occurrence will be decreased, so that short periods of
high intensities will be followed by longer dry spells. This change in the sequential rainfall pattern will also
lead to seasonal reductions of the streamflow and seasonal changes (decreases) of the water storage in the
reservoirs. In any case, these predicted future climate changes with their hydrological impacts should
encourage water planner and policy makers to develop adaptation strategies to properly handle the future
water supply in this area, following the guidelines suggested in this study.
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Kurzfassung
Diese Doktorarbeit behandelt die Entwicklung und Anwendungen der Kurz- und Langzeitklimavorhersagen. Die Kurzzeitvorhersage konzentriert sich auf das Monats- und Jahreszeitenklima, d.h.
die Prognose des nächsten Monats, einer Jahreszeit bis hin zu einem Jahr. Die Langzeitvorhersagen gelten
für die Analyse der jährlichen und dekadischen Klimaveränderungen über das gesamte 21. Jahrhundert.
Diese beiden Methoden werden im Einzugsgebiet Khlong Yai (KY) an der Ostküste Thailands validiert
und angewandt. Die bedeutende Industrieregion litt in den letzten Jahren an starker Dürre und
Wasserknappheit. Da die Wasserressourcen wesentlich für die industrielle Entwicklung in dieser Region
sind, ist der Kern dieser Forschungsarbeit die Analyse des potentiellen Klimawandels und dessen
Auswirkungen auf die Wasserversorgung.
Die Kurzzeitklimavorhersage der Temperaturen und Niederschläge bietet eine mögliche allgemeine
Leitlinie für die Wasserwirtschaft und den Talsperrenbetrieb. Hierzu werden statistische Modelle auf
Basis autoregressiver Techniken im Einzugsgebiet entwickelt und eingesetzt. Diese Modelle sind AR,
ARIMA und ARIMAex, die zusätzliche externe Regressoren und Modelle multipler linearer Regression
(MLR) umfassen. Telekonnektionen zwischen der „Ocean status“ und dem lokalen Klima werden
untersucht und als zusätzliche, externe Prädiktorvariablen in den Modellen ARIMAex und MLR
verwendet, welche die Genauigkeit der Kurzzeitvorhersagen deutlich verbessern. Da diese
telekonnektiven Beziehungen jedoch nur eine ein- bis viermonatige Vorlaufzeit liefern, geben die OzeanIndizes nur eine Prognose für eine Jahreszeit. Daher werden zusätzlich auch GCM Klima-Prädiktoren für
eine zuverlässigere und etwas längere Kurzzeitvorhersage eingesetzt.
Für die Vorbereitung von "Vorwarnungs"-Systemen für mögliche, zukünftige Klimaänderungen und
negative hydrologische Auswirkungen im Einzugsgebiet wird die Langzeitklimavorhersage angewendet.
Dieses Modell basiert auf dem „Downscaling“ von Klimavorhersagen mehrerer Einzel- und MultiDomain-GCMs unter Verwendung zweier hierfür bekannter Methoden SDSM und LARS-WG. Zudem
wird die neu entwickelte MLR-„Downscaling“-Technik verwendet, die monatliche oder täglichen KlimaPrädiktoren einer oder mehrerer (Multi-Domain) GCMs integriert. Zahlreiche „Downscaling“-Versuche
in der Region zeigen eine erhöhte Genauigkeit der MLR-Methode zur Vorhersage des langfristigen
monatlichen Klimas Ende des 20. Jahrhunderts (1971-2000) gegenüber SDSM und LARS-WG.
Das MLR-Modell wird anschließend zum „Downscaling“ der GCM-Klimavorhersagen des 21.
Jahrhunderts mit den SRES-Szenarien A1B, A2 und B1 angewendet. Da das hydrologische Modell
tägliche Input-Daten des Klimas benötigt, wird ein neuer, stochastischer, täglicher Klima-Generator
entwickelt, um monatlich beobachtete oder vorhergesagte Klimareihen zu täglichen Reihen
umzuskalieren. Dabei wird dich an den statistischen und räumlichen Verteilungen der beobachteten
täglichen Klimareihen der Kalibrierungsphase orientiert.
Durch Verwendung dieses täglichen Klimagenerators werden 30 Realisierungen für zukünftige, tägliche
Klimareihen von herunterskalierten, monatlichen GCM-Klimaprädiktor-Sätzen erzeugt und zur Abflussund Wasserhaushaltsmodellierung in SWAT eingegeben. Zusätzlich zu einer allgemeinen Untersuchung
der hydrologischen Veränderungen, werden die potentiellen Veränderungen des Wasserhaushaltes an drei
für die Wasserversorgung wichtigen Stauseen im Einzugsgebiet analysiert.
Die Ergebnisse der langfristigen Klimavorhersagen für das 21. Jahrhundert belegen, dass das zukünftige
Klima im Untersuchungsgebiet noch extremer als das des Referenzzeitraums im 20. Jahrhundert wird.
Insbesondere gilt dies für Szenario A1B. Somit werden die Temperaturen höher sein und größere
Schwankungen zeigen. Obwohl die prognostizierte Niederschlagsintensität nahezu konstant ist, verändert
sich teilweise die räumliche Verteilung der Niederschläge. Des Weiteren verringert sich dass das Auftreten
sequentielle Niederschlagsereignisse und längere Trockenperioden auf kurze Perioden hoher
Niedeschlagsintensitäten folgen. Diese Veränderung verursacht auch eine saisonale Reduzierung der
Abflüsse und des Wasservorrats in den Reservoirs. In jedem Fall sollten die vorhergesagten
Klimaveränderungen mit ihren hydrologischen Auswirkungen wasserwirtschaftliche Planer und politische
Entscheidungsträger motivieren Anpassungsstrategien nach den Richtlinien dieser Studie zu entwickeln,
um die Wasserversorgung des Einzugsgebiets zu sichern.
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Chapter 1. Introduction

Chapter 1
1 Introduction
This document serves as a Ph.D. dissertation. The research presented within this thesis covers
various areas that range from general aspects of climate change over climate downscaling,
surface-groundwater hydrology to water resources management. More specifically, downscaled
climate models are developed and applied to assess the impact of possible climate change on the
water resources in the Khlong Yai water basin in the eastern seaboard of Thailand are studied. In
this introductory chapter some background on the study area, the rational behind the need for
this kind of study, its general objectives as well as the general methodology to achieve the former
are given.

1.1 Background
The climate patterns over the numerous surface water reservoirs across Thailand which
accumulate rainfall fluctuate strongly as a consequence of the movement of the monsoons. As
these reservoirs usually gather water from the monsoon storms that blow from the south and
which provide an accumulative 80% of the annual rainfall during the 6 months of the rainy
season, small changes in the seasonal pattern of these monsoons can have tremendous effects on
the available water resources in a specific region of Thailand. For example, the unexpected flood
catastrophe in 2011 led a large drop in Thailand’s GDP (Chantanusornsiri 2012). Another
example causing a significant economical dip of the country was the water supply crisis which
took place in 2005 in the eastern seaboard of Thailand, which forms the heart of the country’s
major industry (ICIS 2005). In fact, during the time of this water crisis, the water storage in the
main reservoirs was not enough to cover the needs of numerous manufacturing companies in
the Rayong province which, eventually, forced some of them to completely shut down their
production lines. This water crisis did not only attack the industrial plants, but other businesses
and households as well. Large investors and hoteliers in the resort town of Pattaya had to quest
for water elsewhere. The domestic sectors and farmers also suffered from severe deficiencies due
to the water-saving measures imposed at that time. Indeed, during that spell, the storage of the
major reservoirs in the Rayong province was reaching its dead-water level since the Royal
Irrigation Department (RID) had to already lower the water levels in the reservoirs during the 8
months of drought before the real crisis started. Fortunately, the 2005 water crisis ended soon
enough in September of that year as big storms crossed the region that filled the nearly-dead
storages of the major reservoirs.
In the near future, in any case, as the eastern seaboard grows quickly economically, an increased
water demand is expected. The available water supply, most likely, cannot be satisfied by surface
water from the reservoirs alone which, as past experience has shown, is strongly affected by the
seasonal and inter-annual climate variability in the region. One way to somehow tackle this
problem is short- and long-term local climate forecasting and an analysis of how these climate
variations that already have taken place on a global scale and south-east Asia, in particular – and
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will do so more in the future (Koch 2008b)- will affect the future available water resources in the
region With no study existing to that regard up-to-date, the research presented in this thesis is
filling a certain gap.

1.2 Rational
Due to the fact that the eastern seaboard of Thailand is a center of industrial investment and
production, driving much of Thailand’s economy, the Thai government needs to regain the
confidence from industrialists willing to invest there. Thus public and foreign investors must be
convinced that the region has plenty of water for industrial, agricultural, and living activities and
that these water resources are reliable, even in times of prolonged droughts. Moreover, as there
is enough evidence now that the eastern seaboard region of Thailand has already been affected and most likely more so in the near future - by climate change (Parry et al. 2007, Koch 2008a,
Bejranonda and Koch 2010a), an improved water-resources management to cope with this
problem is needed. Since a water resource planning and an impact assessment require climate
information, both climate prediction and hydrological models are needed.
With the present national active policies enacted, industries in the study area nowadays tend to
expand their production lines. The size of the industrial zone is increasing which puts more
pressure on the available water resources in the region. However, it is not only the availability of
enough water, but also the risk of potential floods which may disturb the investors’ confidence.
One way to allay these doubts is to investigate the potential impacts of climate change on the
water resources in the region, not only in terms of water shortages but also of possible flooding
events. While predictions of the far-future climate are required for long-term impact
assessments, near-future predictions are necessary for reservoir operation and flood control. The
present dissertation tries to address these issues.

1.3 Related works
1.3.1 Climate and hydrological predictions
With regard to the proper hydrological forecasting for water resources management, the
prediction of surface water inflow into a reservoir (Yao and Georgakakos 2001) and the recharge
of groundwater (Changnon et al. 1988, Scibek and Allen 2006) are then of major concern when
studying the impact of climate change on water resources. The precipitation is the primary
forcing variable in such hydrological models. This causes a particular problem since this
meteorological parameter is fraught with a lot of uncertainty as an output parameter of global or
regional climate models. To maintain the reliability of future water resources predictions, the
input time-series in a hydrological model should then reflect as best a possible the potential
precipitation changes due to global or local climate change (Yao and Georgakakos 2001).
To evaluate sustainable and efficient managing strategies for water resources, the hydrological
uncertainties in a hydrological forecasting model are estimated by various authors using different
approaches, such as likelihood-measured inputs (Beven and Binley 1992), Monte Carlo
approaches for forecasting reservoir inflow (Georgakakos et al. 1998, Kuczera and Parent 1998)
or a Bayesian framework to quantify input parameters (Ajami et al. 2008). In case of long-term
forecasting, a complex climate model that is able to simulate the spatial and temporal distribution
of climate variables dynamically is necessary to predict and plan for future water resources
management strategies (Houghton et al. 2001, Serrat-Capdevila et al. 2007).
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For far-future climate assessments on a century-long time-scale, climate predictions are usually
done with the help of general circulation models (Phillips 1956) or global climate model (GCMs)
which generate future climate scenarios by simulating daily climate time-series (temperature,
precipitation, etc.) at a global-scale. (Wilby and Wigley 1997). However, due to the coarse
resolution of the global GCM’s and, still, insufficient parameter representation, the output from
GCMs is the least reliable for subsequent hydrological applications. Hydrological models are
usually applied on the catchment-scale which then requires also regionally-scaled parameters
(Wilby et al. 1999). One approach to do this properly is the application of so-called techniques of
downscaling (Wigley et al. 1990, Wilby and Wigley 1997). Spatial and temporal downscaling
techniques are usually applied (Giorgi and Mearns 1991, Robock et al. 1993, Hewitson and Crane
1996, Wilby and Wigley 1997) to obtain finer resolutions of climate data as provided by the
global GCMs. After downscaling, the driving input for hydrological modeling is available to a
certain degree.
In Thailand, Singhrattna (Singhrattna and Singh Babel 2011) predicted monsoon rainfall in the
north of Thailand using GCMs. Aksornsingcha and Chutime (Aksornsingcha and Chutime 2011)
also predicted the climate for most of Thailand,, excluding the eastern seaboard region which, in
fact, is the study area in this thesis. These authors used a multi-linear regression downscaling
GFDL CM2.x model for 25 climate stations covering most (but the study region) of Thailand.
During the last decade, research on the effects of climate change on water resources has
expanded significantly. Changes in temperature and precipitation due to climate change have
been predicted and their impacts on hydrologic system have been studied. The majority of these
studies has focused on surface hydrological components (Arnell 1999, Zhang et al. 2011a); such
as runoff(Semenov and Bengtsson 2002, Labat et al. 2004), streamflow (Jha et al. 2004, Wang et
al. 2011) and water yield (Stone 2003, 2005), whereas only a few are devoted to the potential
impacts on groundwater aquifers (Koch 2008a). For example, the impact of climate change on
groundwater, due to changes in the rate of recharge, was analyzed by Scibek and Allen (Scibek
and Allen 2006). Other studies include that of Brouyére et al. (Brouyére et al. 2004) for the
recharge across Belgium, of Scibek and Allen (Scibek and Allen 2006) for Canada, of Jyrkama
and Sykes (Jyrkama and Sykes 2007) for the US and of Herrera and Hiscock (Herrera-Pantoja
and Hiscock 2008) for the UK.
Other studies employed relationships between regional climate, as defined by the monsoon
occurrence and ocean state indices, such as the SST or the El Niño–Southern Oscillation
(ENSO) (Rasmusson and Carpenter 1983, Kumar 1999) establishing the connection of local
climate and ocean climate (Quinn et al. 1978, Su et al. 2001), i.e. so-called teleconnections. Such a
connection expresses the relationship between the ocean climate with the monsoon (Ju and
Slingo 1995) or the precipitation (Quinn et al. 1978, Ropelewski and Halpert 1987) over wide
areas, namely, Asia (Ju and Slingo 1995), America (Mo 2003), Europe (Trigo et al. 2004), Put in
Markovic and Koch (2005), Australia (Samuel et al. 2006) and Africa (Odekunle and Eludoyin
2008). In the beginning, the relationships between the Pacific Ocean climate and the south Asia
monsoon were established (Rasmusson and Carpenter 1983, Shukla and Paolino 1983), as well as
the subsequent precipitation (Quinn et al. 1978, Ropelewski and Halpert 1987, Mo 2003, Nguyen
et al. 2007). Later, the climate of the Indian Ocean was also related to the Asian monsoon (Yoo
et al. 2006) and to the South Asian precipitation (Clark et al. 2000, Samuel et al. 2006). In
addition, teleconnections between Atlantic Ocean climate and rainfall in Germany (Markovic and
Koch 2005) and South America (Barreiro and Tippmann 2008) were set up. In Thailand,
Singhrattna (Singhrattna et al. 2005b) found relationships of the summer monsoon rainfall with
the Pacific sea surface temperatures and ENSO signals during recent decades. These studies
suggested to use dynamic relationships to predict seasonal weather pattern across the country
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based on the Pacific Ocean station (Shukla and Paolino 1983, Kumar et al. 1995, Clark et al.
2000).
In more recent studies these tele-relationships were employed to perform near-future climateand hydrologic predictions (Goddard et al. 2001, Rimbu et al. 2005, Samuel et al. 2006, Xu et al.
2007, Singhrattna and Singh Babel 2011, Poveda et al. 2011). While the regional climate is
controlled by variation of global-scale circulation, the climate teleconnection contributes
relationship driving predictable part of precipitation and temperature (Goddard et al. 2001). For
Thailand, Singhrattna (Singhrattna and Singh Babel 2011) forecasted rainfall using a k-nearest
neighbor model and Pacific Ocean SST climate predictors. In modern study, teleconnections to
enhance short-term predictions can not only be used for climate assessment, but also for
hydrological forecasts (Dettinger and Diaz 2000). Thus, streamflow forecasts in Middle East
(Cullen et al. 2002), Europe (Trigo et al. 2004, Rimbu et al. 2005) and China (Xu et al. 2007)
using interconnections with SST and ENSO have been done by several authors. Nevertheless,
the use of such large-scale teleconnection has not yet been applied in hydrological prediction
over Thailand that is withal necessary for planning water policy in the wake of climate change.
As suggested by Fowler et al. (Fowler et al. 2007), the climate information used in climate change
model and climate downscaling is ably applied with hydrological modeling as a decision making
tool for planning and managing water resources. The integrated use of potential teleconnection,
climate downscaling and hydrologic model can therefore provide a comprehensive prediction
tool for short- and long-term climate and hydrological prediction in Thailand.

1.3.2 Water resources management in the wake of climate change
It is becoming clear nowadays, that water management in many regions of the world must
become more efficient to be able to guarantee the future local food supply, not to the least due
to the detrimental impacts of climate change. For example, water management in Thailand as
well as in many other regions in the world is practically operated under a rule curve which is
statistically calculated based on historical climate data. It is clear that such an approach will not
be able to take into account the effects of recent climate change which, therefore, will lead to a
non-optimal use of the water resources in the long run (Georgakakos et al. 1998, Rosegrant et al.
2002).
In most applications of water resources management future long and representative hydrological
time series are created from a synthetic time-series generated from the historical records (Jettmar
and Young 1975). As a matter of fact, since in the long-term, there is a climatic trend of a
decreasing rainfall in Thailand (McCarthy 2001, Vongvisessomjai 2010), the historical supporting
data might be misleading for use in future planning. A solution to this problem must be then the
reliable prediction of the local future climate and its effect on the water resources (Georgakakos
et al. 1998) in the study region.
The research proposed in the present thesis addresses the possible impacts of climate change on
surface water and groundwater recharge in the study region by complex hydrological models
which integrates the surface water and soil water, similar to the model approach used by
Bejranonda et al. (Bejranonda et al. 2007b) for the upper great Chao Phraya plain basin in central
Thailand. However, groundwater-surface water interaction plays often an important role,
particularly, for shallow aquifers with interceding streams. In such cases, a full two-way coupling
of the surface water and subsurface water models is required, as done by Bejranonda et al.,
(Bejranonda et al. 2007b) who coupled the SWAT-surface water model with the MODFLOW
groundwater model. In fact, the studies of Bejranonda et al (Bejranonda et al. 2007b) and
Changnon and Hsu (Changnon et al. 1988) show that the water table in a shallow aquifer which
is often the main groundwater source for agricultural irrigation is most sensitive to recharge and
4

Chapter 1. Introduction
pumping. Thus variations of groundwater recharge (Scibek and Allen 2006, Alexander and
Palmer R.N. 2007, Jyrkama and Sykes 2007) and changes of groundwater extraction will induce
groundwater level fluctuations that may be indicative of climate change impacts on groundwater,
(Brouyére et al. 2004)i.e. there might be significant long-term implications on the groundwater
potential. In any case, for the proper simulation of the latter in a varying climate, dynamic linking
of climate- with surface and soil water models should be endeavored. This is one of the major
objectives of the present thesis.
Some studies addressed the integration of surface water and groundwater as they looked at
climate change impacts on both parts (Scibek and Allen 2006, Koch 2008b). Most of the authors
of the studies mentioned deplore the lack of investigations on the impacts of climate change on
groundwater resources and suggest that more comprehensive evaluation on water resources
should be undertaken (Alexander and Palmer R.N. 2007, Koch 2008b).
As discussed earlier, the only major storage of water supply in the eastern seaboard of Thailand
is by the network of reservoirs. Koontanakulvong et al. (Koontanakulvong 2010) have pointed
out the possibility of insufficient surface water in the study region in the near future; meanwhile,
a kind of stop-gap or emergency resource is groundwater extraction. On the other hand, in many
other regions of the world, including the central plain area of Thailand, groundwater plays an
important role for emergency water supply (Bejranonda et al. 2007a). In that part of Thailand,
the increased irrigation for augmenting rice production has led to the development of so-called
conjunctive use schemes of surface and groundwater (Koontanakulvong 2006, Bejranonda et al.
2007a).
Conjunctive water management requires the use of full-range hydrological continuous-time
processes at the catchment scale (Bejranonda et al. 2013). Physically based hydrologic models
that can be used for that purpose and which are able to estimate potential groundwater recharge
at the regional scale, are, for example, HELP3 (Schroeder et al. 1994), SWAT (Arnold et al. 1998,
Neitsch et al. 2005) and MIKE SHE (Hughes and Liu 2008). Among these, SWAT is freeware
and this may be one of the reasons why it has been widely in numerous hydrological applications
on a catchment scale to compute streamflow and recharge. The SWAT model is also selected
here to simulate the hydrological conditions in the study basin in the eastern seaboard of
Thailand.

1.4 Study area
The eastern seaboard industrial zone, located in the Chonburi and Rayong provinces in the
eastern coastal zone of Thailand, has been promoted to be a major area for industrial investment
and petrochemical manufacturing since 1984. However, in 2005, the water shortage as resulted
of drought crisis attacked major industries by shutting down the water supply in this zone. In
this region, the study area is defined by the boundary of a watershed, named the Khlong Yai
basin that situated in the eastern part of Thailand (Figure 1.1). It collects much of the rainfall
and runoff for serving the industry, the irrigation demand and the tap-water supply for many of
the inhabitants in the region, including the tourist city of Pattaya.
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Figure 1.1. Study area with surface water boundaries and rivers network with reservoirs.
The Khlong Yai basin covers an area of about 1,564 km2 and contributes water to the Rayong
River which flows into the sea at Rayong City. The basin is mainly covered by grass fields, which
make up 44%, with another 40% of the land surface devoted to agriculture, such as corn,
orchard and rice farming. To investigate the water resources in the region, the river network and
reservoirs are taken into account.
Currently the urban and industrial zones that have settled along the shoreline require water from
the reservoir-network in the study area, which amounts to 179×106 m3/year for the year 2005. In
addition, this water network delivers 54×106 m3/year for irrigation (Koontanakulvong 2009). The
water network is maintained by the East Water Company that manages the supply for tap-water,
plants and industrial estates. The raw water is stored in five reservoirs installed across the
seaboard (see Figure 1.1). The reservoirs are linked by pipes that can transfer water to each
other and into the industrial zones as well as to the tourist city of Pattaya
Located in the Khlong Yai basin are the three major reservoirs; Dog Krai (DK; 71 ×106 m3),
Nong Plalai (NPL; 164×106 m3) and Khlong Yai (KY; 40×106 m3). These reservoirs collect
streamflow and rainfall from the upper part of the Khlong Yai basin. The 600 - 2,200 mm annual
rainfall, with an average 1,300 mm/year is apportioned to 79 % in the wet (May.-Oct.) and to 21
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% in the dry season (Nov.-Apr.) turned out to be not sufficient for the Seaboard’s water need in
the recent past. Thus another two reservoirs (with a total capacity of 138×106 m3), located
outside the Khlong Yai basin, partially support this network via cross-provincial pipes, as shown
in Figure 1.1, across a topography of 10-150 m. above sea level.

1.5 Objectives and scope of the research
1.5.1 General objectives
The water resources in the eastern seaboard of Thailand are crucial for both industry and
agriculture. The water supply then becomes a primary element for promoting and developing
economical production. Eventually, the availability of a secure water management system is a
major factor for industrial-investment considerations. In this study, the investigation of climate
variations will not only reveal possible future water crises due to long periods of water shortage,
but also put forward hydrological risks by either droughts or floods, and will, at the very end,
help to develop sustainable water-resource planning strategy in the wake of climate change that
already has taken place and will do more so in the future.
To evaluate such climate change effects, various downscaling and forecasting tools are developed
to predict the local climate in the study area. In addition, the possible tele-connection between
ocean state indices and local climate are also investigated to introduce a new tool for seasonal
climate prediction in the region. The assessments of climate change impacts on water resources;
including shortages and excesses, requires both long-range information for project management,
and short-range data for operational decisions. Therefore, a comprehensive development of
short- and long-term local climate predictions is carried out in this study.
In addition, in account of the interaction between surface water and groundwater, changes of the
atmospheric climate will not only affect surface water but also groundwater. Because these two
hydrological processes are complexly linked, a comprehensive analysis of climate-driven surfaceas well as of subsurface water potential will be done. The assessment of climate change impact
on the overall water resources, both surface water and groundwater recharge, are examined by
coupling downscaled climate- models with appropriate hydrological models.
With this, the goals of this study can be summarized as following:
1. Develop climate prediction tools for a local area to forecast local weather for short- and
long range
2. Predict the local climate in the study area over the 21st-century
3. Investigate the impact of climate change on water resources over the 21st-century

1.5.2 Scope of the research work
As mentioned in the previous section, the effects of future climate change at the watershed-scale
in the eastern seaboard of Thailand are studied, whereby the focus is on the evaluation of the
long-term sustainability of the water resources in the area. To achieve this goal the following six
topical steps need to be executed:
a) Study of the local climate variations and their relationships with ocean state indices of the
Pacific and/or the Indian ocean
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b) Development of seasonal prediction tools to forecast the local weather pattern by using
statistical and correlative relationships of climate parameters for short- and long-range
forecasting
c) Set-up of surface and soil water simulation models that generate streamflow and other
hydrological components in the KY basin using observed or predicted atmospheric input
parameters
d) Prediction of local climate and streamflow in the study area by long-term climate
forecasting up to the end of 21st-century using downscaled predictors from various
GCMs based on IPCC (SRES) emission scenarios A1B, A2 and B1
e) Investigation of the future water budget and the potential water supply in the wake of
possible climate changes as predicted by the GCM models under the three SRES scenarios
The theoretical background and the specific processes to achieve these goals study are described
in the Chapters 2 to 6.

1.6 Methodology and thesis structure
The local climate is predicted until the end of 21st-century and then applied as input for the
hydrological simulations. The impact of climate change on water resources is assessed via the
SWAT model. The assessment processes can be divided into five topical steps, as shown in
Figure 1.2, which expresses the thesis structure and the methods used. In the following, further
explanations on the methodologies to carry out these topics and the thesis structure are
presented:
1. Climate diagnosis (Chapter 2 and 3)
a. Local climate reconstruction (Section 2.3)
The existing date of climate data is complied with multi-linear regression
models to fill in the missing values in the climate time-series
b. Local climate analysis (Chapter 2)
Spatial and temporal properties of the local climate are analyzed by
employing time-series analysis and wavelet transforms to explore the
changes in climate variation
c. Teleconnections (Chapter 2)
Cross-correlation analysis between local climate and ocean state indices is
performed to investigate possible relationships between the two
2. Prediction tool development
a. Long-term climate predictions (Chapter 3)
Conventional downscaling models such as SDSM and LARS-WG, as well
as newly developed models, such as multi-linear regression (MLR) models
that can use multi-GCM- predictor ensembles are applied to generate
future climate scenarios in the study region
b. Short-term climate predictions (Chapter 4)
Autoregressive models, i.e., AR, ARIMA and ARIMAex and multiple linear
regression (MLR) model are used for near-future forecasts of local climate
time-series. Incorporating with possible teleconnection from ocean state
indices and atmospheric climate predictors from GCMs, the predictorchoices used in short-term climate prediction consist of:
 Ocean state indices from Pacific and Indian Oceans
 Coarse- and high-resolution GCMs
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The model which provides the best prediction skill is the applied in shortterm climate forecasting in the study area.
3. Daily climate generation (Chapter 5)
a. Development of a new multi-site stochastic daily weather generator (DWG)
This new DWG takes into account the geospatial correlation properties of
the climate variables for multi sites across a region, to produce daily climate
time series from monthly observed or predicted climate variables
b. Multi-site daily precipitation and temperature generation (Sections 5.2 and 5.3)
Daily precipitation and temperature-time-series are generated from their
monthly counterparts, using the statistical attributes of the observed time
series in the new weather generator monthly. After calibration and
validation the weather generator is then applied to generate future daily
climate series from downscaled monthly predictions of the various GCMs
used in this study.
4. Climate projection (Chapters 3 and 5)
The tools which are developed for long-term climate prediction and the generation
of daily climate series are employed to generate future daily climate series for the
study region, using two processes: downscaling and daily resampling.
Firstly, monthly climate time-series are obtained through downscaling of the
GCM-produced long-term predictors, obtained in Chapter 3.
Subsequently, in Chapter 5, the predicted monthly data is resampled and 30
realizations of daily climate series under the SRES- scenarios A1B, A2 and B1 are
generated and analyzed.
5. Impact assessment (Chapters 6 and 7)
a. Hydrologic study (Chapter 6)
SWAT modeling is performed to simulate various hydrologic components,
namely, streamflow, water yield and groundwater recharge in the study
basin
b. Possible change of future climate (Chapter 7)
The variation and change of climate in 21st-century concerning to the trend,
statistical distribution and extreme event are summarized
c. Future water resources (Chapter 7)
Hydrological changes over the 21st-century due to impacts of climate
change are examined by incorporating the future climate predictors as input
in the SWAT model
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Figure 1.2. Overview of the research methodology used to predict future climate and to
investigate the ensuing impacts on water resources in the study region.

10

Chapter 2. Statistical analysis of observed climate variables

Chapter 2
2 Statistical analysis of observed climate variables
In the beginning of this chapter, the most salient features of the local climate in the study region
are presented. The climate database available for this study is then discussed. With the help of
past climate reconstructions, gaps or missing values in the observed data time-series are filled in.
The focus is then on the analysis of the spatial and temporal attributes of the various climate
variables in the study region as well as on the ocean state indices, namely, the determination of
possible changes and/or trends by various techniques of time series analysis. Ultimately, the
climate spatio-temporal inter-relationships (teleconnections) of the regional climate with ocean
state indices are analyzed. At the end of this chapter, the most significant ocean indices
surrounding Thailand are selected for later use in the short-term climate forecasts for the country
as a whole and the eastern seaboard, in particular.

2.1 General aspects of Thailand’s weather pattern
Since the occurrence and characteristics of the monsoons in southeast Asia depend to a large
extent upon the thermal states of the Pacific (Walker 1924, Singhrattna et al. 2005b) and the
Indian Ocean (Clark et al. 2000), the local climate in southeast Asia as a whole, and Thailand, in
particular, is indirectly affected by these ocean states. This teleconnection does not only act on
the seasonal time-scale, but on the inter-annual scale as well (Bejranonda et al. 2010). This is
witnessed by the extreme weather change pattern with long periods of heavy droughts, Thailand
has plagued in recent years (Bejranonda and Koch 2010a). In the present thesis, the possible
relationships between the ocean states and the local weather are investigated by analyzing various
ocean state parameters and historical climate data of the region. Various atmospheric-ocean state
indices as well as the oceans sea surface temperatures (SST) (e.g. Walker 1924, Pant and
Parthasarathy 1981) are inquiringly related with local weather variables, namely, precipitation and
temperatures, across Thailand to understand and quantify the (tele)-connections between these
two groups.
Because of its long southern peninsula, Thailand has a long coastline with the Pacific as well as
with the Indian Ocean (see Figure 2.1). With this peculiar location, Thailand’s local climate and,
consequently, its surface water resources are strongly influenced by the mix of tropical dry and
tropical wet (monsoon) seasons. As discussed in Chapter 1, there is now enough evidence
(Rasmusson and Carpenter 1983, Shukla and Paolino 1983, Singhrattna et al. 2005b) that these
seasonal weather patterns depend themselves upon the thermal states of the Pacific and Indian
Ocean. Because of this teleconnective oceanic impact on local climate variations in different
regions of Thailand (Singhrattna et al. 2005b, Nounmusig et al. 2006, Wikarmpapraharn and
Kositsakulchai 2010, Bridhikitti 2012), which acts not only on the seasonal, but also on the interannual time scale, the somewhat extreme climate pattern, such as long periods of drought in
some provinces of Thailand must be seen from this view point. With a better understanding of
these ocean-Thai seasonal-weather-pattern connections, water authorities in Thailand would get
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a tool at hand to forecast short-term extreme seasonal climate pattern in a particular region,
allowing them to better manage the supply of surface water resources to the users, especially, to
rice farmers, who support a large portion of the economy of the country.

2.2 Climate database
The climate and hydrological data used in the present study are gathered from many sources with
various formats. To bind this data into a model, it must be properly rearranged to have the same
time- and spatial dimensions. The nature of the observed regional climate data as well as of the
ocean state indices is described in the following sub-sections.

2.2.1 Observed climate data
Meteorological data for the historic climate time-series has been compiled from the Thailand
Meteorological Department (TMD) and the Royal Irrigation Department (RID). The monthly
time series of 11 basic climate variables, i.e. temperature and rainfall (see Table 2.1) for years
1971-2006 are from 121 meteorological stations scattered across five regions of Thailand: North
(NN), Northeast (NE), East (EE), Central (CC) and South (SS) (see Figure 2.1).
In addition to the monthly observed climate data, daily climate data for five principle climatic
parameters, i.e. rainfall, maximum and minimum temperature, humidity and solar radiation (see
Table 2.1) have been collected for the pilot study region, the eastern seaboard (see Figure 2.2).
Table 2.1. Available observed climate data and data sources used in this study.
data
available year number of station sources
monthly meteorological data - nationwide
1971-2006
121
TMD

mean min temperature (mean.min.temp)

mean max temperature(mean.max.temp)

monthly rainfall (total.rain)
daily meteorological data - study area

max, min daily temperature
1971-2006
4
TMD

humidity
1971-2006
4
TMD

solar radiation
1981-2006
2
TMD

rainfall
1971-2006
24
TMD,RID

2.2.2 Ocean climate states
Ocean climate state indices provide information on the physical state of the ocean, such as, for
example on the ocean climate variability (Crosnier et al. 2008). The monthly atmospheric and
ocean time series of the sea surface temperature (SST) and other ocean state indices measure at
various locations of the Pacific and Indian ocean during year 1971-2009 (see Figure 2.3) have
been taken from the Ocean Observations Panel for Climate (OOPC)(OOPC 2009). In the
Indian Ocean, these are three monthly SSTs indices (OOPC 2009):
1) Southeastern Tropical Indian Ocean SST index (SETIO)
2) South Western Indian Ocean SST index (SWIO)
3) Western Tropical Indian Ocean SST index (WTIO)
Other 10 monthly indices of the Pacific Ocean, as archived by the US National Oceanic and
Atmospheric Administration (NOAA) at its Climate Prediction Center (CPC) (2009), include:
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Figure 2.1. Locations of 121 meteorological stations within the five regions of Thailand: North
(NN), Northeast (NE), Central (CC), East (EE) and South (SS).
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Figure 2.2. River network and locations of hydro-meteorological stations in the study area.
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Thailand
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SOI

Equator
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Figure 2.3. Ocean state indices of the Indian and Pacific Ocean used in this study.
4) Eastern Pacific Oscillation (EP)
5) Western Pacific Index (WP)
6) Northern Oscillation Index (NOI)
7) Southern Oscillation Index (SOI)
8) Pacific North American Index (PNA)
9) Pacific Decadal Oscillation (PDO)
10) Extreme Eastern Tropical Pacific SST (Niño 1+2)
11) Eastern Tropical Pacific SST (Niño 3)
12) Central Tropical Pacific SST (Niño 4)
13) East Central Tropical Pacific SST (Niño 3.4)
where the EP, NOI, SOI and PNA indices describe the monthly climate variability based on the
monthly differences in air pressure between areas over the ocean. The other indices describe
monthly oceanic variability based on sea surface temperatures (SST) which are derived by a linear
interpolation of the weekly optimum interpolation called Reynolds SST (Reynolds 1988,
Reynolds and Marsico 1993). Among these 12 ocean state indices, the Niño indices, in particular,
have been found to provide significant relationships to Thai climate in recent decades
(Singhrattna et al. 2005b, Bejranonda and Koch 2010b).

2.3 Data reconstruction
Observed climatic and hydrologic time-series are fundamental elements of a climate analysis.
However, many of such time-series are fraught with various errors and, more worrisome, have
gaps, with no records at all. The treatment of missing values in climate or hydrological timeseries is a complex process that is required, before any conclusions about possible systematic
changes in the time series’ pattern can be drawn (Alexander et al. 2006).
To fill in missing values in a gap of monthly or daily climate time-series by somehow estimated
ones, one often-advocated approach consists in using values from neighborhood stations,
employing some geostatistical relationships between the latter (Teegavarapu and Chandramouli
2005). One commonly used method, for example, is that of inverse distance weighting, whereby
the substitution- data values from closer stations get a somewhat higher weight than those of
more distant ones (Cressman 1959). However, for many meteorological variables, particularly,
precipitation, a simple distance weighting is often not adequate, and must be replaced by more
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sophisticated methods that take into account the particular weather pattern of a region. These,
more complex methods are, for example, the inverse squared distance method which is defined
by exponential functions of distance (e.g. Teegavarapu and Chandramouli 2005, Garcia et al.
2008), the probability function method (Simolo et al. 2009) and the use of topographical
relationships including orographic effects (Daly et al. 1994, Lloyd 2005). Other procedures
consist in the exploitation of the cross-correlations between time-series at neighboring stations
and have been used to enhance the data interpolation (Paulhus and Kohler 1952). This kind of
interpolation has been further developed with modern techniques, for example, the normal ratio
method (Young 1992, Tang et al. 1996) and by weighting interpolation using correlation
coefficients (Teegavarapu and Chandramouli 2005).
In this study, the non-available data in the climate database is filled by interpolation with data
from neighboring stations using a sophisticated multiple linear regression approach. To that avail
an optimal regression model is set up which is based on the cross-correlation between the
existing data and that of the surrounding observing stations. Using predictors from the latter, the
regression model is then used to predict missing values at a station in question. The crossbetween two time-series X and Y with mean values ̅ and ̅ is
correlation coefficient
defined as:
∑
√∑

̅
̅

̅
∑

(2.1)
̅

Figure 2.4 shows the correlation coefficients as a function of the distance between the various
rainfall stations in the study region (see Figure 2.3). One may notice that the correlation of
rainfall events of adjacent stations is usually stronger when these are closer to each other. But for
some of the stations correlations are still high, even when their distances are large. Based on this
information, the correlation coefficients are used to rank and to select the reliable station
predictors for the estimation of missing values at another station. Thus, a multiple linear
regression model to predict a missing daily values Yi from
values (predictors) of up to n
is set up in the form:
surrounding stations
(2.2)

where
is the unknown regression coefficient and
observational and model errors.

is an error term which includes

The available predictors are acquired from the daily-climate data from regional stations, including
precipitation, temperature, humidity and solar radiation, as shown in Figure 2.2. These are then
ranked based on the cross correlation of the predictors at surrounding stations, whereby unusual
and duplicated data of predictors that provide cross correlation coefficients higher than 0.999 are
screened and possibly discarded, before the final formulation of the optimal regression model is
done.
The optimal number n of predictors for use in the regression model is estimated by a method of
stepwise regression, whereby all combinations and subsets of (1,…,n) possible predictors are
tested in the model. For the selection of the best predictors in stepwise regression, four methods
are available: 1) exhaustive search, 2) forward stepwise, 3) backward stepwise and 4) sequential
replacement (Miller 2002).
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Figure 2.4. Correlation coefficients for daily observed rainfall as a function of the distance
between pairs of observing stations.
The evaluation of these four stepwise regression methods showed that they provide similar
optimal regression models. For each trial model, expressed similar to Eq. (2.2), the residual sum
of squares ∑ is minimized using by classical least-squares. Numerically, the least-squares
problem can either be solved by the solution of the normal equations X×XT b = XT Y or, more
expediently, by QR-decomposition of the system matrix X (e.g. Wilkinson and Rogers 1973,
Chambers and Hastie 1992). The least-squares procedure is repeated for each predictor
combination in the stepwise regression model, Eq. (2.2). The optimal model, i.e. the number n
of predictor variables is chosen by using Akaike’s information criterion (AIC) (Akaike 1974),
defined as:
(2.3)

where n is the number of variables in the regression model, and L is the maximized value of the
likelihood function for the predicted model which is computed from the a posteriori estimated
residual (prediction error) sum of squares ∑ .
Table 2.2. Predictands and predictors in the multi-linear regression models to regenerate
temperature (TMP), precipitation (PCP), humidity (HMD) and solar radiation (SLR).
predictand

TMP (max min)
PCP
HMD
SLR

number
number of daily
of
observations needed
stations

8
24
4
2

102,992
308,976
51,496
25,748

missing
n

%

14,685 14%
70,494 23%
7,336 14%
7,306 28%

predictors
PCP

TMP

HMD

SLR

●

●

●

●

●
●

●

●

number of
predictors

4
3-23
1-2
4
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With the estimators of
(i=1,…,n), abbreviated as , a missing meteorological variable
(precipitation, temperature, humidity and solar radiation, see (Table 2.2) at a particular station is
predicted by Eq. (2.3) that can be formulated as:
(2.4)

To test the reliability of the prediction models, the available datasets have been separated evenly
in two subsets, whereby one is used for calibration and the other one for verification. These two
sets of data are applied to represent the existing data (for training) and missing data (for
predicting) in the reconstruction of the climate data. The reliability of the predictor regression
model is the computed by two methods. One is the coefficient of determination R2, defined as:
∑

̂

∑

̅

(2.5)

where ̅ is the mean of y and ̂ is the predicted value. Obviously R2 =1 for a perfectly fitted
model, i.e.
. However, unlike AIC, R2 does not consider the parsimony of the regression
model, i.e. it monotonously tends to R2 =1, as the number n of regressors is increased.
Another measure of the accuracy of model predicting missing data values is the Nash–Sutcliffe
model efficiency coefficient (Nash and Sutcliffe 1970) to exhibit the model performance in
calibration and verification, which can be calculated as:
∑
(2.6)
∑
̅
where is the observed value of a predictand at time t,
is the modeled value at time t, and
̅ is the average of the observed values. NS ranges between −∞ and 1.0 (1 included), with NS =
1 being the optimal value. Values between 0.0 and 1.0 are generally viewed as acceptable levels of
performance, whereas values <0.0 indicates that the mean observed value is a better predictor
than the simulated value, which indicates unacceptable performance (Moriasi et al. 2007).
To fill in a missing data value in a meteorological time series at a particular station, the various
regression models tested during the stepwise regression procedure are ordered top-down, based
on the size of the correlation coefficients between the predictand in question and the predictors
from other stations. The AIC-characterized optimal regression model using predictor values
from surrounding stations is tried at first. However, if for that day a predictor at one of the
stations is not available, the model then moves to the next predictor set with lower priority i.e.
lower correlation values. When the missing values cannot be filled by selected predictors, then
the next-rank predictor is taken into regression model. The regression fitting procedure is
continued, until the last available predictor set, or the last missing value is filled. Fortunately, the
results show that for the study area, the surrounding stations can provide enough predictors for
fully regenerating, i.e. filling the entire climate data set.
The schematic diagram in Figure 2.5 shows the various procedures involved and discussed
above to predict missing data values by multi-linear regression with data from neighborhood
stations. For the formulation of the regression models, the entire available predictor data sets are
used. In addition, the data series is divided by a 50% : 50 % - ratio into a calibration- and
verification subset.
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Figure 2.5. Schematic diagram of the estimation of missing value in the time series using
multiple linear regression of the time series with those from neighborhood stations.
When evaluating the performance of the regression model by means of R2 and NS, missing-value
gaps are beforehand removed from the existing meteorological data. Also these two statistical
parameters are computed separately for the calibration- and verification parts of the model.
In Figure 2.6 the maximum and minimum temperatures at station 48478 simulated by the multilinear regression model are compared with the originally observed and gap-including data for
both the calibration- and verification periods.
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Figure 2.6. 1981-2006 observed and reconstructed
time series of maximum and minimum
Year
temperature at station 48478 for calibration period 1981-1993 and verification period 1994-2006.
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max

mean
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0.35
0.70
0.71
0.56
0.57
0.71
0.74
0.62
0.61
0.59
0.67
0.57
0.67
0.40
0.68
0.53
0.44
0.74
0.69
0.77
0.77
0.39

0.68
0.15
0.28
0.34
0.33
0.36
0.42
0.54
0.40
0.42
0.55
0.49
0.44
0.48
0.35
0.68
0.52
0.43
0.30
0.62
0.73
0.67
0.36

0.42
0.03
0.05
0.04
0.20
0.06
0.15
0.37
0.28
0.30
0.50
0.31
0.32
0.14
0.29
0.68
0.52
0.43
0.03
0.56
0.70
0.56
0.32

max

min
0.42
0.07
0.08
0.07
0.21
0.10
0.17
0.37
0.29
0.31
0.50
0.31
0.33
0.18
0.30
0.68
0.53
0.44
0.07
0.56
0.70
0.56
0.32

min

mean
0.68
0.17
0.29
0.35
0.33
0.37
0.42
0.54
0.41
0.43
0.55
0.49
0.45
0.49
0.35
0.68
0.53
0.44
0.31
0.62
0.73
0.67
0.36

ME

mean

0.0
1.4
1.0
0.8
0.8
0.8
0.2
0.1
1.0
0.7
0.3
0.0
0.9
0.1
0.8
0.0
0.2
0.2
0.8
0.0
0.0
0.0
0.0

NS
max

14,685
1,240
45,729
5,004
855
4,270
2,441
4,565
237
1,435
455
92
214
1,094
943
1,705
31
184
70,494
90
7,246
7,336
7,306

NS

min

4
3
4
5
6
7
8
9
10
11
PCP (mm)
12
13
14
17
18
19
20
23
total
1
HMD (%)
2
total
SLR (MJ/m2) 4

TMP (°C)

R2
mean

ME

verification

R2

max

missing
count

calibration

n of
predictors

parameter

Table 2.3. Performance of the multiple linear regression models, as measured by R2 and the
Nash-Sutcliffe coefficient NS, to regenerate temperature (TMP), precipitation (PCP), humidity
(HMD) and solar radiation (SLR) for all stations in the study region for the calibration- and the
verification period.
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Some further statistical results of the regeneration the climate data in the study area are listed in
Table 2.3. One may note that, overall, acceptable results for the regeneration of temperature
(TMP), precipitation (PCP), humidity (HMD) and solar radiation (SLR), with values for the
average NS that hover around 0.5 are obtained. The proportion of response variation of the
predicted missing values explained by the regressors of the multi-linear regression model is
described by R2. For the missing temperatures an average value of around 48% (R2=0.48) is
acquired for the verification period, whereas for the precipitation the average explained variation
is only 21%, but which, for some stations, may go up to 62%.

2.4 Spatio-temporal analysis of local climate variables
Before any estimations of possible future impacts of climate change on water resources in the
study region can be made, an assessment of the past and present-day variations in the hydrometeorological time series is in order. Many detailed studies on the variance and interpolation of
climate time series have been investigated, not only on the temporal scale, but also on the spatial
scale (Rechard 1973, Unal et al. 2012). For example, to understand seasonal changes, such as the
extension or shortening of wet or dry spells, the fluctuations of climate- (Walker 1924, Katz
2002) or hydrological variables (Yevjevich 1963, 1964) must be investigated.
In this part of the study, the time-series representing the local climate parameters are first
analyzed for time- and space changes. Then a geospatial analysis of the climate data measured at
the various stations across the study are, with focus on the KY watershed, is made. The spatial
and temporal distributions of the various climate variables measured during the 1971-2006 time
period are then used as the reference-set of the current climate in the study region.

2.4.1 Seasonal variations
As discussed earlier, the seasonal weather pattern across Thailand are nearly exclusively
influenced by the summer monsoons. Because of this situation, the annual climate seasons in this
region are separated into four periods: dry (Oct-Dec), pre-monsoon1 (Jan-Mar), pre-monsoon2
(Apr-Jun) and monsoon (Jul-Sep) (Singhrattna et al. 2005a). In addition, the official classification
of the Thai weather calendar defines three seasons: summer, rainy and winter. For agricultural
planning, the water calendar is divided into a wet and a dry period (Bejranonda et al. 2013).
As shown in Figure 2.7, the rainfall falling during the 6 months of the rainy season (May-Oct)
makes up about 80% of the cumulative annual precipitation in the study area.
Because of these various seasonal classifications, the climate calendar is separated in the
following seasonal analysis of the time series data also into one, two, three or four seasons, using
the notations of Table 2.4. To understand the nature of dry and wet states, the variations in the
dry and wet periods must be studied separately (Peel et al. 2004). This is also done here where, in
addition, the seasonal division will help to find the optimal period to best fit the climate
predictions, as will be discussed in Chapter 3 for the long-term climate predictions.
The two panels for the monthly precipitation and streamflow variations of Figure 2.8 show that
with the division into four seasons (4ss) of a year and based on these two parameters, the premonsoon season constitutes the less wet period. The monsoon1 season is the time when the first
storms occur in the overall monsoon period and it denotes the beginning of the wet time period,
while with the ending monsoon season the storms fade away and the dry season starts. In
addition, the peak times of the rainfall and runoff take place at the end of the monsoon2- season,
just before the beginning of the dry season.
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Figure 2.7. Monthly mean rainfall (bar charts), mean maximum and minimum temperature (line
charts) and mean streamflow (line chart at lower right) in the study area.
Table 2.4. The four schemes of the annual seasonal separation of climate pattern across
Thailand used in the seasonal analysis of the meteorological time series: single period (no
variation), 2 (wet, dry), 3 (winter, summer, rainy) and 4 (pre-monsoon, monsoon1, monsoon2,
dry) seasons.
Schematic code

no variation
2 seasons
3 seasons
4 seasons
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Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

ss0
s0
ss2
s1/2 : dry
s2/2 : wet
ss3 s1/3 : winter
s2/3 : summer
s3/3 : rainy
ss4 s2/4 : pre monsoon s3/4 : monsoon1 s4/4 : monsoon2

Oct

Nov

Dec

s1/2 : dry
s1/3 : winter
s1/4 : dry
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Dry
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a) Max temperature
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Figure 2.8. Monthly box plots of average, year 1971-2005 a) maximum temperature at four
stations, b) precipitation at 24 stations and c) runoff at 3 stations in the KY watershed. Also
shown are the various seasonal classification schemes as listed in Table 2.4.

2.4.2 Hydro-climate trend analysis
According to the IPCC AR4 (Solomon et al. 2007), the projected climate simulations in
Southeast Asia over the 21st-century result overall in an average increase of the mean annual
precipitation by about 7%. More specifically, the rainfall in this region will be increasing in the
wet, but decreasing in the dry season. However, there are large local variations in the change of
climate in this region. For example, the rainfall potentially will decrease in the southern part of
Southeast Asia, e.g. Indonesia (Boer and Faqih 2004) while it will increase in its northern part,
e.g. Vietnam (Knutson et al. 2001, Walsh 2004).
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For the country Thailand itself, the analysis of meteorological data of the Thai Meteorological
Department by Vongvisessomjai (2010) indicates decreasing trends in the annual rainfall and
decreasing trends in the temperature for the 1951-2005 period. However, the author also
concluded that these trends are only minor and depend on the region considered. Thus, for the
whole eastern part of the country, where also this study area is located, the rainfall has a
maximum decrease, while it is increasing in its northern part. The study of Vongvisessomjai
(2010) also established that the mean minimum and maximum surface temperatures are overall
slightly increasing.
In this section, the past and present-day variations in the hydro-meteorological time series are
analyzed for trends and other periodicities. In fact, it is well known that any arbitrary (stochastic)
time series can be decomposed into a trend, seasonal variation and random part:
(2.7)
is the trend,
is a periodic (seasonal) variation and
is a stochastic (random)
where
component that cannot be modelled (Hipel and McLeod 1994). One objective of time series
analysis is to determine these components. Using the STL- (seasonal, trend, loess) filtering
procedure (Cleveland et al. 1990), as implemented in the R-software environment, the climate
time-series are decomposed into trend, seasonal variation and random part.
Figure 2.9 shows this decomposition for minimum temperature and precipitation at two climate
stations. On may notice that the trends during the 1971-2006 time period are generally positive.
Furthermore, the periodic variation of the precipitation shows again the two-peak semi-annual
seasonal pattern, as already emphasized in the previous section.
Addititive decomposition of minimum temperature

Addititive decomposition of precipitation

Figure 2.9. Additive decomposition of the time series of minimum temperature at station 48478
(left panel) and precipitation at station 48092 (right panel) into a trend, seasonal cycle and
random noise.
The time series and anomalies of temperature, rainfall and streamflow are exhibited in Figure
2.10 to Figure 2.12 and demonstrate the variation of the climate series in the study area. The
anomalies are computed by subtracting the long-year monthly average, which is taken over the
total time period, from each monthly value. By doing so, the seasonal (monthly) variation in the
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time series is removed, so that the anomaly-climate series show the trends and variation of the
monthly climate between 1971-2006 more clearly. One may notice that while there is a clear and
continuous positive trend in the temperature anomalies (Figure 2.10) over this time period, the
rainfall and streamflow anomalies (Figure 2.11 and Figure 2.12) oscillate around the monthly
mean, with no visible trend. It may also be noted that while the temperature anomalies for years
1997-2003 in Figure 2.10 are positive, those of year 1999-2000 are negative. On the other hand,
the precipitation anomaly for year 2000 (Figure 2.11) is positive. This climate character exhibits
the outlier-behavior of the weather in 2000 as reported by TMD (2002).
Even though these anomaly climate series show visually nicely the seasonal trends in the climate
series, more quantitative trend analyses can be endeavored. The easiest technique for a linear
trend analysis is linear regression. Thus, to look for a linear trend in a time series , the latter is
regressed on the monthly time scale , i.e.:
(2.8)

where and are the intersect and the slope, i.e. the trend of the fitted regression equation,
respectively, and is the usual error to be minimized by least-squares.
The linear trend lines in Figure 2.10 to Figure 2.12 show the long-term behavior of the hydrometeorological time series in the study region. In Table 2.5, the mean and range of the slopes b
in Eq. (2.8) of the climate series for all climate stations are listed. As these slopes are generally
positive, particularly, for the temperatures, there is enough evidence of a regional warming in the
region over the recent decades. Although the rainfall series appears to exhibit also a small
increasing trend (Figure 2.11), the corresponding slope values of Table 2.5 are less indicative.
This is also supported by the slopes of the runoff series, which are essentially zero, i.e. monthly
streamflows have been more or less constant over the last few decades.
Another well-known technique to test a time series for a trend is the Mann-Kendall (MK) trend
test, which was introduced by Mann (1945) and that has since then been extensively employed
for environmental and hydrological time series (Hipel and McLeod 1994). In this study, seasonal
Mann-Kendall trend test (Hirsch et al. 1982, Hipel and McLeod 1994) is applied to perform the
trend analysis. The seasonal MK-test establishes trends for individual months or a group of
months and is advocated for time series with strong seasonal variations, as is the case here.
The MK-test is a special case of the rank-correlation test, which is used to test if two time series
Xi and Yi are independent (Hipel and McLeod 1994). The test is based on the computation of
the following test statistics, the Kendall score (Kendall 1970)
∑

(2.9)

where S is the Kendall score, Xi and Yi are the time series, and
denotes the sign function.
For the special case of the MK-test, Xi denotes the times. Basically, Eq. (2.8) is equal to the
difference between the number of concordant and discordant pairs in the Xi - and Yi -series,
when these are ranked.
Eq. (2.8) is evaluated for each season or month of the year (i=1,..,s), with s, the number of
seasons, and then the Kendall's seasonal rank correlation coefficient, is computed as (Hirsch et
al. 1982):
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Figure 2.10. Monthly maximum and minimum temperatures and corresponding anomalies,
relative to the 1971-2005 average at the 4 temperature stations in the study area with linear trend
lines.
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Figure 2.11. Monthly rainfall and rainfall anomaly, relative to the 1971-2005 average at the 24
precipitation stations in the study area with linear trend lines.
∑
∑

(2.10)

where (i = 1,..,s) are the Kendall scores and the denominators, which are related to biascorrected standard deviations of (Hipel and McLeod 1994) for the ith season. As it can be
shown theoretically that S or follows a normal distribution for already a small number of
observations, the acceptance of rejection of the null hypothesis (no trend) H0 at the significance
level α (usually α = 0.05) is done by comparing the in Eq. (2.10) with the corresponding z1- α/2
percentile of the standardized normal distribution, or equivalently, by computing the p-value.
The seasonal MK-test is done here in the R-programming environment
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Figure 2.12. Monthly streamflows, with linear trend lines (upper panel) and anomalies, relative
to the 1977-2006 average (bottom panel), at stream stations z4, z15 and z38.
Table 2.5. Linear trends in the observed climate time-series, determined by linear regression
variable

unit

Tmax
°C
Tmin
°C
PCP
mm/day
streamflow m3/s

28

number
of series

4
4
24
3

slope of trend (unit/year)

lowest
+0.03
+0.01
-0.06
-0.02

Mean
+0.05
+0.03
+0.01
+0.00

highest
+0.07
+0.07
+0.05
+0.02

average
standard error

1.07
1.93
3.42
2.85
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The significance test is performed as a two-tailed test, so that both positive and negative trends
in the data series can be tested. In this study, the hypothesis of trends are test at the α = 0.05
significance level. This means in terms of the p-value that the Ho-hypothesis of no trend is
rejected, whenever the p-value is less than α /2.
The results of the Mann-Kendall test applied to the local climate time-series in the study area are
listed in Table 2.6. The values in the table indicate the number of stations with a positive or
negative trend for a given climate variable. One may notice from the table that the precipitation
has a positive trend for only a few observing stations, unlike the two temperatures which exhibit
clear positive trends for all stations. The results of this analysis concur with the historic trends of
the 20th-century climate variations of the study of Vongvisessomjai (2010), who found both
positive and negative trends for the precipitation for the various regions of Thailand. However,
in contrast to the general trends found here for the eastern seaboard where only two
precipitation stations exhibit decreasing trends, those of Vongvisessomjai found for the few
precipitation stations in the region are consistently negative.
Table 2.6. Number of climate stations which exhibit significant positive (+) or negative (-)
trends on the monthly and the four-season scale during the 1971-2006 time period, based on the
seasonal Mann-Kendall trend test.
significant specific seasonal trend (n)
significant
total monthly trend
2) pre3)
4)
variable
1) dry
(n)
n
monsoon
monsoon_1
monsoon_2
PCP
WetDay
Tmax
Tmin
HMD
SLR
Stream

24
24
4
4
4
2
3

+

-

+

-

+

-

+

-

+

-

9
5
4
4
0
0
1

2
10
0
0
2
1
0

0
1
4
3
0
0
0

1
8
0
0
2
0
0

5
4
4
3
0
0
1

1
3
0
0
0
2
1

3
5
4
2
0
0
1

2
7
0
0
1
0
0

6
5
4
3
1
0
0

1
9
0
0
1
0
0

The linear regression trend lines shown in Figure 2.10 to Figure 2.12 represent the long-term
trends in the climate time-series, with the slopes quantifying the magnitudes of the linear change
rates.
Figure 2.13 illustrates the long-term annual change rates for the various climate variables
separately for each month of the year. One can notice that the temperatures have been
consistently increasing in every month over the past 1971-2006 time period. On the other hand,
rainfall and streamflow have only been increasing in the middle of the years, i.e. in the wet
season, but are decreasing at the beginning and end of the year, when the dry season takes place.
These already occurring change rates of the precipitation will most likely lead to more extreme
wet and dry spells in the future.
In fact, this can also been seen from the averages of the decadal climate change rates listed in
Table 2.7 which demonstrate, for example, that the percentage of wet days has been strongly
decreasing during the recent past, which means the rain intensities must have gotten stronger.
The rise of the annual temperatures over the last decades brought utmost hot summers,
particularly, in the dry and pre-monsoon seasons, whereas the cold winters were fading away.
Since the temperature is one of the factors determining evaporation, more water has been lost
from the storage, i.e. the risk of water resource shortages has increased in recent times, as
witnessed, for example, by the water crisis in the EST just a decade ago in years 2005-2006.
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change rate (°C/year)
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Figure 2.13. Boxplots of rate of change of monthly maximum and minimum temperature,
precipitation and streamflow at all measuring stations during years 1971-2006.
Table 2.7. Linear decadal annual and four-season (dry season (Oct-Dec), pre-monsoon1 (JanMar), pre-monsoon2 (Apr-Jun) and monsoon (Jul-Sep) trends (change rates) in the various
hydro-climate time series during 1971-2006.
avg.
average seasonal trend (unit/decade)
variable
unit
trend
dry
pre-monsoon monsoon_1 monsoon_2
Tmax
Tmin
HMD
SLR
PCP
%Wet
Streamflow

C
C
%
MJ/m2
mm/day
%(day/day)
m3/s

(unit/decade)
+0.46
+0.27
-0.32
-0.30
+0.11
-0.90
+0.04

+0.51
+0.34
-0.73
-0.32
-0.12
-2.30
+0.14

+0.45
+0.42
+0.02
-0.79
+0.14
-0.10
+0.47

+0.52
+0.22
-0.38
+0.05
+0.21
-0.70
-0.16

+0.41
+0.19
-0.18
+0.01
+0.25
-0.30
-0.01

2.4.3 Spatial interpolation
While the concerns of climate variations with negative impacts on the local environment in the
study region are growing, water management authorities in the corresponding provinces are
looking for valuable tools to assess the climate change and its impacts in a comprehensive
manner. With regard to the hydrologic impact risks, it is necessary to examine the climatic
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variability of the spatial pattern of the various climate and hydrological variables. The
distribution of the climatic pattern should then identify the areas with the strongest trends in
both climate change and the ensuing hydrologic processes. However, as stated in the IPCC
Assessment Report (AR4) (Solomon et al. 2007), climate change varies tremendously over space
as well as over time. This holds particularly for the precipitation, which often exhibits complex
spatial patterns (Hutchinson 1995). Moreover, as precipitation in a particular basin is measured at
discrete rainfall gauges which, in most cases, are not equally distributed across the area, spatial as
well as temporal interpolation of the measured data is required, before any conclusions about
possible climate change can be drawn (Rechard 1973, Toros 2011, Unal et al. 2012).
The spatial interpolation of climate variables is one widely used investigation tool to examine the
distribution and variation of the regional weather (Hutchinson 1995, Martínez-Cob 1996).
Several geostatistical methods exist to render regional maps of meteorological series, which
capture the spatial pattern of climatic data, e.g. weighting (Shepard 1968, Lukaszyk 2004,
Hewitson and Crane 2005), kriging (Delhomme 1978, Kebaili Bargaoui and Chebbi 2009),
regression (Daly et al. 1994, Ninyerola et al. 2000, Perry and Hollis 2005), smoothing splines
(Hutchinson 1995, Tait et al. 2006) and principal component analysis (Esteban et al. 2009). The
weighting and kriging methods are the most widely used techniques for interpolating spatial
pattern (Weber and Englund 1992, Weber and Englund 1994, Zimmerman et al. 1999, Babak
and Deutsch 2009, Chen et al. 2010a).
Because of the large differences in the rainfall intensities across the study area, kriging is not well
suited for the geospatial analysis of precipitation, as this technique removes too much, i.e.
smooths away the extremes of the rainfall observations, which is not acceptable when analyzing
climate change. For this reason, the weighting method is preferred over than kriging method,
when the details of the spatial structure of the data are needed (Babak and Deutsch 2009). One
special weighting method is the Shepard technique (Shepard 1968) is based on inverse distance
weighting (IDW), whereby an interpolated value at point of a sample of observed points i
i= 1,…, , is computed as:
∑

(2.11)

∑

with weights
(2.12)
with , the distance between a known measuring point

and the unknown point .

Using this IDW-method, annual isohyets for the various climate variables are computed across
the study region, which finally results in maps of the geospatial climate pattern. The purpose of
this climate interpolation is to better identify possible spatial variations across the study region,
using the information from 24 precipitation gauges and 4 climate stations scattered across the
area (see Figure 2.2).
It has been suggested that the spatial interpolation of climate in mountainous terrains should be
examined in conjunction with the local topographic elevation, because of the interrelationships
between the two (Phillips et al. 1992, New et al. 1999, Fleming et al. 2000, Goovaerts 2000). For
this reason, the interpolated precipitation pattern is also overlaid here on the topographic map of
the study area, as shown in Figure 2.14.
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Figure 2.14. Topography of the study region with isohyets of the average 1971-2005 annual
rainfall using IDW interpolation based on 24 stations.
Figure 2.14 illustrates that the rainfall intensity decreases when going from the southeast to the
northwest of the study area which may be due to the partly obstruction of the movements of the
southwest monsoons by the low mountain range extending along the western coastal section of
the study region.
The linear trends of the precipitation changes in the study area over the 1971-2005 time period
are mapped in Figure 2.15. One can distinguish from this map two separate precipitationchange zones: one in the northwestern region with decreasing-, and another one in the
southeastern region with increasing rainfall.
To represent the minimum and maximum temperatures on a map, several approaches of
temperature interpolation have been proposed in previous studies, e.g. kriging (Holdaway 1996,
Hunter and Meentemeyer 2005, Stahl et al. 2006), optimum interpolation (Chessa and Delitala
1997), weighting (Kurtzman and Kadmon 1999, Xia et al. 1999, Price et al. 2000, Hasenauer et
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Figure 2.15. Map of change rates of annual precipitation over the 1971-2005 time period
computed by IDW-interpolation.
al. 2003, Yang 2004), and thin plate spin (Jarvis and Stuart 2001, Hong et al. 2005). For
mountainous and coastal areas, the inverse distance weighting (IDW), discussed above, has also
been suggested for the interpolation of temperatures (Hasenauer et al. 2003, Bhowmik and
Cabral 2011) and has also been used here. Moreover, since daily temperature data has rarely been
mapped, as it is more prone to errors (about 1 to 2.5°C) than average monthly or even annual
data (about 0.5 to 1°C) (Hasenauer et al. 2003, Hunter and Meentemeyer 2005), here also only
monthly and annual temperature time-series have been interpolated.
The isohyets of the annual-average daily maximum temperature and their trends of change
during the 1971-2005 period are shown in Figure 2.16. One may note from average temperature
(upper map in Figure 2.16) that the temperature in the western part of the study region is lower
than surrounding region. Furthermore, the spatial linear trends of the temperature changes in
Figure 2.16 illustrate a stronger potential of a warmer climate in the southern areas of the study
region.
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Figure 2.16. Isohyets of average 1971-2005 annual daily maximum temperature (upper panel)
and of the average decadal rates of change of annual daily maximum temperature (lower panel).
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The spatial distributions of the climate exhibited in this section clearly hint of different climatic
regions across the larger EST study region. Because of the hydrological impact of climate
change, a similar geographical pattern is to be expected for the 1971-2006 streamflow across the
area. Thus, the decreasing rainfall trend observed in the northern part of the study region in
Figure 2.15 may be the reason for the negative trend of the runoff measured at stream station z4
located there, as shown earlier in Figure 2.12. On the other hand, the mentioned increased
rainfall in the southern part of the basin has led also to an increase of the streamflow at station
z38 during the 1971-2006 time period. These relationships between rainfall and streamflow will
be further quantified during the modeling of the climate and hydrological system in Chapter 6.

2.5 Statistical distribution of climate time series
Numerous climate studies indicate that climate records show changes not only in the mean
values, but also in their scale (range), distribution and extremes (Hingray et al. 2007, Solomon et
al. 2007, Rodrigo 2009). The prediction and evaluation of climate change is thus often made
based on changes of the probability (frequency) distribution of a climate variable (Solomon et al.
2007). The alteration in the distribution is generally nonlinear (Mearns et al. 1984, Wigley 1985,
Katz and Brown 1992, Hannachi 2006). In this section, the distributions of the climate data for
years 1971-2006 are analyzed and fitted with various known theoretical distributions. These
distributions will serve as the reference state for the future predictions of climate change in the
study region.

2.5.1 Testing and fitting the empirical- by normal distributions
Probability density functions are useful for the identification of changes of climate variables (e.g.
Christensen et al. 2002, Hingray et al. 2007). The exploration of the frequency distributions of
precipitation and runoff series and their relevant statistical attributes, e.g. mean, median,
variance, skewness and kurtosis, helps to determine the potential climate situation and the risks
of floods or drought (Peel et al. 2004).
In this section, theoretical normal distribution models are applied to the climate time-series in
the study area, wherefore the maximum-likelihood method (MLE) is used to estimate the
optimal model parameters of the fitted theoretical distribution (Venables and Ripley 2002,
Verkerke 2012). In addition, the kernel density estimation (KDE) which denotes a default nonparametric fundamental estimation of the observed empirical probability density function
(EPDF) of a random variable (Rosenblatt 1956, Parzen 1962) is used to plot the empirical
distribution.
Figure 2.17 to Figure 2.19 show the KDE-curves together with the fitted normal distributions
for the 1971-2006 temperatures, precipitation and streamflow. One can notice that while the
observed distribution of the maximum and minimum temperature can be well described by a
normal distribution, this is not any more the case for the precipitation and streamflow
distributions, as large differences occur at the peaks of the observed densities in their lower-tail
sections.
A Q-Q plot is another way to examine how well an observed empirical cumulative density
function, i.e. the integral of the density function, agrees with a given theoretical distribution
function (here the normal distribution) (Roth 2011). In a Q-Q-plot, the quantiles of the observed
distribution are plotted over those of the theoretical distribution. Figure 2.20 shows Q-Q plots
for the monthly maximum and minimum temperature, rainfall and streamflow. One can notice
that only the distributions of the observed two temperatures are reasonably well fitted by a
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Figure 2.17. Empirical kernel density functions for the monthly maximum (left panels) and
minimum (right panels) temperature during years 1971-2005 at the four temperature stations
fitted with the optimal theoretical normal distributions as determined by MLE.
normal distribution, whereas those of the precipitation and the streamflow show larger
deviations from a normal distribution for the lower and upper quantiles, i.e. for the extremes.
The empirical cumulative density functions (ECDF) (Shorack and Wellner 1986, van der Vaart
2000, Maechler 2012) of the various hydro-climate variable are plotted together with the fitted
theoretical normal distributions in Figure 2.21. Similar to the density plots of Figure 2.17 to
Figure 2.19 and the Q-Q-plot of Figure 2.20, the normal distribution cannot mimic the
observed distributions of the precipitation and the streamflow.
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Figure 2.18. Similar to Figure 2.17 but for the monthly precipitation observed between years
1971-2005 at the 24 stations in the study region.

Figure 2.19. Similar to Figure 2.17 but for the monthly streamflow measured during years 19712005 at three streamgages in the study region.
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Figure 2.20. Q-Q plots of empirical- over theoretical normal cumulative distribution functions
for monthly maximum and minimum temperature, rainfall and streamflow.
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Figure 2.21. Cumulative empirical distributions of monthly maximum and minimum
temperature, rainfall and streamflow with optimal theoretical normal distribution.
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To better quantify the fit of the empirical distribution by a theoretical (normal or others)
distribution, a so-called “goodness of fit”- test can be made. There are several statistical tests
available for this purpose, some of which are only applicable to tests for a normal distribution,
while others can be applied to an arbitrary theoretical distribution (Shorack and Wellner 1986,
van der Vaart 2000). To the latter category belongs the Kolmogorov–Smirnov (KS) test
(Birnbaum and Tingey 1951, Chakravarti et al. 1967, Marsaglia et al. 2003).
The Lilliefors test (Lilliefors 1967) is a further development of the Kolmogorov–Smirnov test
for a normal distribution.
This normality condition is removed again in the Anderson–Darling test (Anderson and Darling
1952) which can be applied to other well-known theoretical distributions as well, but uses
another test statistic as the KS-test. In fact, the experiments, using these two test-approaches,
show that the Anderson–Darling test is better than the KS- test when ties are present in the data,
as is the case for many of the recorded temperatures in the study region.
Depending on the kind of theoretical distribution fitted to the observed data and the applicability
of the three named tests, all of them are applied to the observed climate data series. Thus, the
Anderson–Darling test is used to test the data with several theoretical non-normal distributions,
i.e., log-normal (Johnson et al. 1994), Weibull (Weibull 1961), Cauchy (Ferguson 1962), Gamma
(Choi and Wette 1969) and exponential (Schmidt and Makalic 2009).
All these tests, which have been programmed in the R- environment (Venables and Ripley 2002,
Spano 2012), test the null hypothesis H0 that the empirical distribution belongs to the theoretical
distribution assumed. The decision to accept or to reject the null hypothesis is based on the pvalue, which describes the significance of the test under the assumption that the null hypothesis is
true. If the p-value is less than or equal the significance level α, which in most cases is set to α
=0.05 (5%), the test rejects the null hypothesis and the alternative hypothesis H1 should be
accepted. On the other hand, if the p-value is larger than α, the null hypothesis will be accepted at
that level. Thus, the larger the p-value, the higher is the confidence that the null hypothesis is true.
The results of the applications of these tests to the observed climate data are listed in Table 2.8.
From the table one may notice, that only p-values of time series tests at 6 out of a total of 89
stations are high enough to accept the null hypothesis that the empirical data distribution belongs
to the theoretical distribution assumed. For example, the Lilliefors test accepts only the
maximum temperature- and the solar radiation series to be compatible with the fitted normal
distribution.
Table 2.8. Number of climate series which are best fitted to the alternative theoretical
distribution models and the number of series that reject the null hypothesis of Lilliefors test and
Anderson–Darling test at α = 0.05 (p-value > 0.05).
variable
PCP
%Wet
Tmax
Tmin
HMD
SLR
Stream
Total

total

Lilliefors test

n
24
24
4
4
4
2
3

p-value > 0.05
0
0
1
0
0
1
0

89

2

Anderson–Darling
test
Exponential Gamma Log-normal Normal Weibull
p-value > 0.05
24
0
24
0
4
1 (log-normal)
4
1 (Weibull)
2
2
1 (Weibull)
1
1
2 (Gama, log-norm.)
1
1
1
1 (log-normal)
best fitting theoretical distribution

1

1

6

74

7

6
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Table 2.9. Statistical parameters of ECDF of the climate series at station 48092 and 48478, i.e.
median, ̃ , mean ( ̅ ) and standard deviation (σ).
station

variable

seasonal probability

annual
probability

unit

Dry

pre-monsoon

monsoon_1

monsoon_2

̃

̅

σ

̃

̅

σ

̃

̅

Σ

̃

̅

σ

̃

̅

σ

2.7

3.1

3.7

2.4

4.0

4.5

2.8

2.3

2.9

2.8

48092

PCP

mm/day

1.4

0.6

1.0

1.1

3.3

48092

%Wet

day/day

0.17 0.23 0.24 0.1

0.1

0.1

0.3 0.32 0.19 0.40 0.40 0.19 0.23 0.26 0.2

48478

Tmax

C

32.0 32.2 1.2 32.1 32.4 1.4 33.1 33.4 1.5 31.8 32.1 1.1 32.3 32.5 1.4

48478

Tmin

23.0 22.8 1.6 24.0 23.8 2.3 26.8 26.8 0.8 26.0 26.0 0.8 25.4 24.9 2.2

Z15

streamflow

C
m3/s

1.31 2.62 2.96 0.1

0.3

0.9

0.9

1.3

1.3

1.8

2.8

2.8

0.7

1.8

2.4

Table 2.10. Quantiles of the ECDF of the hydro-climate time series at percentile 5%, 25%,
50%,75% and 95%, as well as the mean and the standard deviation, based on 1971-1999
observations at 4 temperature stations, 24 precipitation stations and 3 streamgages.
predictor

Tmax
(°C)

Tmin
(°C)

HMD
(%)

SLR
(MJ/m2)

PCP
(mm/day)

%Wet
(day/day)

stream
flow
(m3/s)
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season
annual
dry
premonsoon
monsoon1
monsoon2
annual
dry
premonsoon
monsoon1
monsoon2
annual
dry
premonsoon
monsoon1
monsoon2
annual
dry
premonsoon
monsoon1
monsoon2
annual
dry
premonsoon
monsoon1
monsoon2
annual
dry
premonsoon
monsoon1
monsoon2
annual
dry
premonsoon
monsoon1
monsoon2

5%
30.5
30.3
31.6
31.0
30.1
20.6
20.0
25.0
24.4
19.9
66.9
67.0
71.3
73.6
64.7
14.3
16.6
14.6
13.6
14.1
0.0
0.0
0.6
1.4
0.0
0.0
0.0
0.1
0.2
0.0
0.3
0.6
0.1
0.4
0.4

25%
31.4
31.4
32.3
31.5
31.0
23.3
22.3
25.8
25.0
21.7
73.0
71.7
74.1
76.3
69.4
16.2
18.5
16.8
15.2
15.7
0.6
0.1
2.0
3.1
0.1
0.1
0.0
0.2
0.4
0.0
0.8
1.7
0.4
1.0
1.5

percentile
50%
75%
32.1
32.9
32.0
32.8
33.0
33.8
31.9
32.4
31.6
32.3
25.0
26.0
23.7
25.0
26.3
26.8
25.5
25.9
22.9
24.0
76.1
78.9
74.2
76.2
76.2
78.3
78.2
80.7
74.2
80.6
17.7
19.6
20.0
21.5
18.7
20.7
16.3
17.3
17.1
18.1
2.5
5.4
0.5
1.4
3.7
6.0
5.0
7.5
1.4
5.2
0.3
0.5
0.1
0.2
0.4
0.5
0.5
0.6
0.2
0.5
1.6
3.6
3.3
6.4
0.6
0.9
1.6
3.1
2.4
4.4

95%
34.3
34.0
35.0
33.4
33.3
27.0
26.4
27.7
26.7
24.5
83.3
78.5
80.9
84.2
84.4
22.4
22.7
23.3
18.4
19.7
10.2
3.3
9.7
11.9
10.5
0.7
0.3
0.7
0.8
0.7
9.2
11.1
1.5
5.8
10.6

statistical parameters
mean
SD
32.2
1.2
32.1
1.1
33.1
1.1
32.0
0.8
31.6
1.0
24.5
2.0
23.5
2.0
26.3
0.8
25.5
0.7
22.7
1.5
75.8
4.7
73.7
3.5
76.3
3.0
78.5
3.3
74.7
6.7
18.0
2.5
19.9
2.0
18.8
2.8
16.3
1.5
17.0
1.7
3.5
3.5
1.0
1.2
4.3
2.9
5.6
3.4
3.1
3.8
0.3
0.2
0.1
0.1
0.4
0.2
0.5
0.2
0.3
0.3
2.7
2.8
4.3
3.5
0.7
0.7
2.2
1.7
3.5
3.0
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Regardless of whether the empirical cumulative density functions (ECDF) can be fitted by a
normal or other theoretical distribution, the salient statistical attributes of the ECDF, such as the
mean, the median and the variance or standard deviation provide some valuable identification
parameters of the climate variable under question. These statistical parameters are summarized in
Table 2.9, and this not only for the annual-, but also for the 4-season series of the various
hydro-climate variables.
An even more detailed picture is provided by the quantiles of the ECDF at certain percentile
levels (Ferro et al. 2005, Schlünzen et al. 2010). These are listed in
Table 2.10 and they serve as the reference values of the hydro-climate for 1971-2006 time
period. Based on these distributions of the 20th-century – hydro-climate variables, the possible
changes of the climate in the future will be assessed and further discussed in Chapter 6.

2.5.2 Extreme-value analysis of the observed hydro-climate series
The seasonal extremes in the hydro-climate variables can be analyzed further by the application
of extreme value theory, which allows to better fit the upper or lower tails in the corresponding
empirical distributions by an appropriate theoretical extreme value distribution (Hundecha and
Bárdossy 2005). Several well-known extreme value distributions, including Fréchet, Gumbel,
Weibull, and the generalized extreme value (GEV) distributions (Fréchet 1927, Gumbel 1954,
Weibull 1961) are applied to the observed data series in the following paragraphs.
The GEV distribution (McFadden 1978, McFadden 1981) is a continuous probability
distributions which, seamlessly, by a proper choice of some parameters (see below), combines
the Gumbel, Fréchet and Weibull distributions (Alves and Neves 2011). In addition to its many
applications in hydrology (e.g. Katz and Brown, 1992, Hundecha and Bárdossy 2005), the GEV
has also been used in the downscaling of extreme climate predictors (Hashmi et al. 2011). The
probability density function of the GEV can be written as:

{

(

)

(2.13)

with
(2.14)
where is a shape parameter, is a scale parameter and is a location parameter. The Gumbel,
Fréchet and Weibull distribution are obtained by setting in Eq. (2.13) to zero, a positive and a
negative value, respectively (Jenkinson 1955).
All the named four extreme probability functions have been applied in the fitting of the
empirical probability distributions of the hydro-climate data, using maximum-likelihood
estimation (MLE) (Smith 1985) of the three unknown parameters in Eq. (2.13). MLE amounts
to a minimization of the logarithm of the maximum likelihood function, which for the four
named distributions is nonlinear, so that techniques of nonlinear optimization/minimization
must be applied. There is nowadays a plethora of optimization methods available, each with its
advantage and disadvantage (e.g. Nocedal and Wright 1999). Here either the BFGS- method,
which is a quasi-Newton gradient method where the Hessian matrix for the computation of the
new search step along the gradient of the objective function is only approximated, or the
downhill simplex- or Nelder–Mead method (Nelder and Mead 1965) that is a simple search
method not requiring the gradient have been used. No noteworthy differences were found
between the two.
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The goodness of fit is computed by means of the deviance parameter,
(

(

|̂ )

(

| ̂ ))

, defined as:
(2.15)

where y is the data, ̂ is the vector of the fitted parameters of the null model, i.e. the model to
be fitted and ̂ is the fitted vector of the saturated model, i.e. the model with as many unknown
parameters as observations, which theoretically should result in the best fit. Obviously, the
smaller the deviance, the better is the fit of the model distribution to the data.
The above fitting processes are realized with the package “evd”, as implemented in the Rprogramming environment (Stephenson 2012).
In Table 2.11, the deviances of the fits of the various climate parameters by the four theoretical
extreme values distributions are listed. The results of the table indicate that the GEV distribution
provides the best fit to the empirical distributions of all hydro-climate time series, while the
Gumbel distribution works second best.
Table 2.11. Average deviance of the fits of the various climate parameters in the study area by
the four theoretical extreme values distributions.
average deviance of the distribution model
station
GEV
Gumbel
Fréchet
Weibull
PCP
188
192
>1x106
>1x106
6
WetDay
209
242
>1x10
>1x106
Tmax
90
95
>1x106
>1x106
6
Tmin
76
81
>1x10
>1x106
Streamflow
98
102
>1x106
>1x106
From the quantiles q of these fitted four distributions, i.e. the inverse of distribution function for
a given probability p or its inverse, the return period T=1/p, exceedance values are then
computed for each climate- as well as the streamflow series. The corresponding return-period
level plots are shown, up to the 100-year recurrence period, in Figure 2.22 and Figure 2.23 for
the precipitation and streamflow, respectively. One may notice that when the return period is
above 10 years, the differences in the exceedance levels for the different fitted distributions are
becoming significantly large which, in turn, reflects the differences in the distributional fits.
In Figure 2.24, the fits of the streamflow data at station z15 by the GEV- and Gumbel models
are analyzed.in more detail. The estimated extreme values from both models are nearly similar up
to the 10-year return period. However, at larger return periods, up to the maximal observed
period of about 30 years, GEV underestimates the observed streamflow, while Gumbel
overestimates them. As shown in the corresponding panels for the density functions, this is due
to the differences in the fits of the empirical density function by the two theoretical extreme
value distributions, namely, in the upper tail section of the observed density function.
In Table 2.12 and Table 2.13 the exceedance values for various return periods, up to 100 years,
as retrieved from the results of the extreme value analysis with the Gumbel- and the GEVmodel, are listed for the average climate data series in the study area and the three streamflow
series, respectively. Note that in these two tables, in addition to the regular annual series already
analyzed, results of the data series separated into the 4-season scheme, as discussed in the
previous section, is also presented. The exceedance values in the two tables indicate that for the
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Figure 2.22. Exceedance/return period plots of 1971-2006 monthly precipitation at 24 stations
fitted with four extreme value distributions: GEV, Gumbel, Fréchet and Weibulls.
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Figure 2.23. Similar to Figure 2.22, but for the monthly streamflow at the three gauge stations.

Figure 2.24. Probability-, quantile- density function- and return level plots of the extreme
monthly 1971-2006 runoff at gauge-station z15 using the generalized extreme value (GEV)- (top
four panels) and the Gumbel distribution (bottom four panels).
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Table 2.12. Average extreme exceedance values for monthly climate variables by using 4
temperature stations and 24 precipitation gauges during years 1971-1999 at return periods 2,5,10,
20, 50 and 100-years, as computed from a fitted GEV- and a Gumbel- extreme value
distribution, and using the full annual climate data or separating the latter into four seasons: dry,
pre-monsoon (pm), monsoon1 (ms1) and monsoon2 (ms2) (see Table 2.4).
exceedance climate values for different return periods
variable season
annual
Tmax
(°C)

Tmin
(°C)

PCP
(mm
/day)

dry
pm
ms1
ms2

annual
dry
pm
ms1
ms2

annual
dry
pm
ms1
ms2

2-yr
33.8
32.7
33.8
32.2
32.1
26.9
25.5
26.8
26.0
24.1
9.9
1.6
6.6
7.9
6.7

5-yr
34.6
33.5
34.5
32.9
32.8
27.5
26.2
27.4
26.5
24.5
12.7
2.8
8.8
10.8
9.8

10-yr
35.1
33.9
35.0
33.4
33.2
27.8
26.5
27.7
26.9
24.7
14.6
3.7
10.2
12.9
11.8

GEV
20-yr
35.5
34.4
35.4
33.8
33.6
28.1
26.7
28.0
27.2
24.8
16.5
4.7
11.4
15.3
13.6

50-yr
36.1
34.9
35.8
34.3
34.1
28.5
27.0
28.2
27.7
25.0
19.1
6.2
13.0
18.8
16.0

100-yr
36.6
35.3
36.2
34.8
34.4
28.7
27.1
28.4
28.1
25.1
21.4
7.6
14.1
21.9
17.8

2-yr
33.7
32.6
33.7
32.2
32.0
26.8
25.3
26.7
26.0
24.0
9.8
1.7
6.4
8.1
6.6

5-yr
34.6
33.5
34.6
32.9
32.8
27.5
26.3
27.6
26.5
24.6
12.8
2.9
8.9
10.8
9.9

Gumbel
10-yr 20-yr
35.2
35.7
34.0
34.6
35.1
35.7
33.4
33.8
33.3
33.8
28.0
28.5
27.0
27.7
28.1
28.6
26.9
27.3
25.0
25.4
14.7
16.6
3.6
4.3
10.5
12.1
12.6
14.3
12.0
14.1

50-yr
36.4
35.3
36.4
34.4
34.4
29.1
28.5
29.3
27.7
25.8
19.1
5.3
14.1
16.5
16.7

100-yr
37.0
35.8
37.0
34.8
34.9
29.6
29.1
29.8
28.1
26.2
20.9
6.0
15.6
18.2
18.7

Table 2.13. Similar to Table 2.12, but for the monthly 1974-2006 streamflow at the three gauge
stations.
exceedance streamflow (m3/s) for different return periods

station season
2-yr
annual 10.9
dry
1.5
Z4
pm
5.9
ms1
5.5
ms2 11.1
annual 6.0
dry
0.2
Z15
pm
1.8
ms1
3.1
ms2
5.0
annual 7.2
dry
0.8
Z38
pm
2.7
ms1
4.3
ms2
6.7

5-yr
14.5
2.1
7.5
9.5
14.3
8.8
0.5
3.2
6.3
7.7
8.8
1.3
4.5
7.0
8.4

10-yr
15.8
2.5
8.1
13.6
15.7
10.5
0.9
4.3
9.9
9.7
9.2
1.7
5.7
8.9
9.1

GEV
20-yr
16.5
2.9
8.5
18.9
16.6
11.9
1.5
5.4
15.2
11.9
9.5
2.0
6.8
10.9
9.6

50-yr
17.0
3.4
8.8
28.9
17.5
13.4
2.9
7.0
26.2
15.1
9.7
2.5
8.3
13.6
10.0

100-yr
17.2
3.7
9.0
39.6
17.9
14.5
4.5
8.3
39.3
17.9
9.7
2.9
9.3
15.8
10.2

2-yr
9.0
1.5
5.2
6.2
10.1
5.8
0.4
1.9
3.9
5.2
6.1
0.8
2.7
4.5
6.2

5-yr
14.4
2.1
7.3
9.6
14.3
8.9
0.8
3.3
6.5
7.7
9.1
1.3
4.5
7.0
8.4

Gumbel
10-yr 20-yr
18.0
21.5
2.5
2.9
8.8
10.1
11.9
14.0
17.1
19.8
11.0
13.0
1.1
1.4
4.1
5.0
8.2
9.9
9.4
11.0
11.1
13.0
1.7
2.0
5.7
6.8
8.7
10.4
9.8
11.3

50-yr
26.0
3.4
11.9
16.8
23.3
15.6
1.7
6.0
12.0
13.1
15.4
2.4
8.3
12.5
13.1

100-yr
29.4
3.8
13.2
18.9
25.9
17.6
2.0
6.8
13.6
14.6
17.3
2.8
9.4
14.1
14.4

extreme temperatures, the precipitation and the streamflow the corresponding estimates are
higher for the Gumbel- than for the GEV model.
The results of this extreme-value analysis of the past observed (20th–century) hydro-climate data
in the study region will serve as a reference, when analyzing possible extremes of the future
climate and its effect on extreme streamflow (floods) in Chapter 6.
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2.6 Teleconnections between ocean-state indices and local
climate
The long coastline of Thailand which is located in the eastern and western part is connected to
the Gulf of Thailand and the Andaman Sea that are parts of Pacific and Indian Ocean,
respectively (see Figure 2.3). Accordingly, the air circulation over the oceans conveys the wet
and warm air northwards which, in turn, have pretty much dried up when reaching the northern,
mountainous regions of Thailand. Because of this peculiar geographic location, the Thai weather
is strongly influenced by the mix of tropical wet, tropical dry and tropical monsoon seasons
(Singhrattna et al. 2005b, Youthao et al. 2008). Therefore, the teleconnections between regional
and offshore climate, i.e. the ocean state are analyzed in this section, using various techniques of
statistical analysis.

2.6.1 Literature review of ocean-state climate teleconnections
Possible connections between oceanographic climate and regional weather have been
investigated in many regions around the world (e.g. Walker 1924, Pant and Parthasarathy 1981,
Markovic and Koch 2005). The inter-connections of these climate variations, which may be felt
over large distances, are called “teleconnections” (Glantz et al. 1991). The earliest study of such a
teleconnection is that Sir Gilbert Walker (1924) (Walker and Bliss 1932) who examined the
correlations between time series of atmospheric pressure, temperature as well as rainfall from
many parts of the world. Walker was the first who found the relationship between sea level
pressure variations and sea surface temperatures (SST) in the south tropical Pacific.
In the recent studies of long-distance relationships or teleconnection between regional climate
pattern and ocean state indices, the SST has been found to be the most important ocean index
(Alexander et al. 2002, Park et al. 2012). These and many other studies clearly indicate that
Pacific and Indian Ocean indices can serve as rather reliable predictors for regional weather- or
climate variations over hemispheric distances (Goddard et al. 2001, Alexander et al. 2002, Giorgi
2005, Nguyen et al. 2007). Many additional reviews of the teleconnection of ocean indices with
climate variations in various regions across the world exist, e.g. for North America (Ropelewski
and Halpert 1987, Gershunov and Barnett 1998a, Kumar and Hoerling 1998, Roswintiarti et al.
1998, Rajagopalan et al. 2000), for Australia and Oceania (Kidson 2000, Cai et al. 2009, Cai et al.
2011) as well as for Asia (Ropelewski and Halpert 1987, Ju and Slingo 1995, Kumar 1999, Kumar
et al. 1999, Xu et al. 2007, Zhang et al. 2007, Narasimha and Bhattacharyya 2010).
In south Asia, annual variations and seasonal changes of precipitation and temperature are very
much determined by the monsoons (Ramage 1971, Lau et al. 2006, Zhao et al. 2007). This means
then also that the tropical monsoon is an important driving parameter of the dominant
hydrological process in the region. Various studies with regard to the influence of the oceanic
variations in the monsoon have been carried out (Krishnamurti et al. 1989, Krishnamurti et al.
1990, Webster et al. 1998). For Thailand, alike, Singhrattna et al. (2012) demonstrated that largescale atmospheric variables, such as the surface air temperatures and the sea level pressures
computed by the GFDL ocean model relate to the monsoon rainfall in Thailand.

2.6.2 Correlations of ocean-state indices with regional climate in Thailand.
Since connections of the monsoon climate with the ocean state in the Pacific (Ju and Slingo
1995, Kumar et al. 1999, Ronghui et al. 2000, Sahai et al. 2003, Narasimha and Bhattacharyya
2010) and the Indian Ocean (Kumar and Sastry 1990, Clark et al. 2000, Reddy and Salvekar 2003,
Yoo et al. 2006) have clearly been established in recent decades, the weather in the south Asian
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monsoon regions can also be related to the climate states prevailing at a given time in the Pacific
and Indian oceans.
In this section these relationships between the ocean climate and the local weather pattern for
the country Thailand as a whole, and the southeastern seaboard of Thailand, in particular, are
examined by computing the cross-correlations between the ocean state- and local climate time
series. More specifically, the cross correlation coefficient
between ocean state-index S and
a climate time-series x at lag-time k (in months), with mean values ̅ and is defined as (Bourkej
1966):
̅
(2.16)
∑
̅
̅ ∑
√∑
̅
where lag k = …,-2,-1,0,1,2,… months, so that k = 0 corresponds to the direct cross-correlation.
Eq. (2.16) is evaluated for all combinations of the various ocean- state indices across the Pacific
and Indian oceans, detailed in Section 2.2.2, and the monthly climate time-series all across
Thailand, including the EST study region. The climate data consists of monthly time series of
maximum and minimum temperatures and rainfall recorded at 121 meteorological stations
between years 1971-2007 by the Thai Meteorological Department. These stations are scattered
across the five distinct regions of Thailand: north (nn), northeast (ne), east (ee), central (cc) and
south (ss) (see Table 2.1 and Figure 2.1).
In the first part of this analysis, to demonstrate the strength of the ocean-teleconnections across
the five regions of Thailand, the average absolute maximum correlation coefficients, regardless
of the lag-time, of the meteorological time series from all stations in one region with the
different ocean-state indices are computed by means of Eq. (2.16). The results are shown in
three panels of Figure 2.25, which indicates that the temperatures and the rainfall all across
Thailand have the strongest correlation with the group of El Niño indices (sea surface
temperature, SST) and the EP in the Pacific Ocean (see Figure 2.3 for locations). And, more
specifically, within the El Niño group, El Niño 1.2 SST have the strongest teleconnections, with
the highest absolute correlation coefficients of 0.79, 0.73 and 0.67 for maximum and minimum
temperature and rainfall, respectively, obtained for the northern region of Thailand.
The left maps of Figure 2.26 and illustrate the geographical variations of the optimal crosscorrelations of the Niño 1.2, which was found above to have the highest correlation with the
Thai climate, with the minimum and maximum temperature for every observation station across
Thailand. The maps indicate negative relationships of Niño 1.2 with the minimum temperatures
for the stations in the north and positive ones for those in the south of the country. For the
maximum temperatures, in contrast, the correlations are positive for the entire country.
The correlations of Niño 1.2 with the rainfall across the country are exhibited in Figure 2.27,
which illustrates that strong negative correlations between the two exist in the northern part of
Thailand, while in the eastern part of the country, next to the Gulf of Thailand, which is part of
the Pacific Ocean, strong positive correlations are found.
The optimal lag times (k), i.e. the lags (in months) for which the highest correlation coefficients
of the El Niño 1.2 SST with the named three climate variables across Thailand are shown in the
right maps of Figure 2.26 and Figure 2.27 for the temperatures and the rainfall, respectively.
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a) minimum temperature

b) maximum temperature

c) precipitation

Figure 2.25. Radar charts showing the
average absolute maximum correlation
coefficient of the 13 ocean indices with
minimum and maximum temperatures
(upper panels) and monthly rainfall (lower
left panel) in the five regions of Thailand,
i.e. north (nn), northeast (ne), east (ee),
central (cc) and south (ss).
The right panel of Figure 2.26 shows that the optimal lag-times between the Niño 1.2 SST and
the two temperatures are generally in the range of -4 to +2 months. The lag-times between Niño
1.2 and the rainfall shown in Figure 2.26 are essentially close to zero over the most of the
country, but are -7 to -8 months along the southern Pacific coastline. It should be noted that a
negative lags means that a local climate event takes place later than that of the original ocean
index, whereas for a positive lag the local climate event occurs before the ocean index event.
The average optimal lag-times between the El Niño 1.2 SST and the three climate variables
found for the five regions in Thailand are listed in Table 2.14. The values in the table indicate
that the optimal lag-time range between -2 to +4 months, being generally negative in the eastern
and southern regions of the country. As will be discussed in more detail in Chapter 4, these short
lead-time teleconnections, with negative lag-times, can provide a means for short-term climate
forecasting in these regions by employing them in a time-lagged regression model (Palmer and
Anderson 1994, Webster et al. 1998, Goddard et al. 2001),
Table 2.14. Average optimal lag-times between El Niño 1.2 SST and the three local climate
variables for the five regions of Thailand.
average lag (month)
region
Tmax
Tmin
PCP
nn
ne
cc
ee
cs
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-1.1
-1.6
-1.5
-1.0
-1.4

+1.9
+1.4
+0.1
-1.2
-1.0

+1.1
+3.9
+0.9
+1.5
-1.7
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a) maximum cross-correlation
Tmin
maximum
cross-correlation

Tmax
maximum
cross-correlation

Max Cross-correlation
coef.

b) optimal time-lag
Tmin

optimal
time-lag

Tmax

optimal
time-lag

Time-lag (month) at
best cross-correlation

Figure 2.26. Cross-correlations of El-Niño 1.2 SST with monthly mean minimum temperatures
(upper left panel) and maximum temperatures (lower left panel) at 121 stations during 1971-2007
and the corresponding optimal time-lags (in months) in the right panels.
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Figure 2.27. Similar to Figure 2.26, but for the cross-correlations between El-Nino 1.2 SST and
the monthly rainfall.

2.6.3 Teleconnections between ocean-state indices and local climate in the
study area.
Since the eastern seaboard of Thailand (EST), the study area, is located in the east (ee) region,
the corresponding results of the country-wide teleconnection analysis of the previous section are
immediately applicable, i.e. the strong teleconnection of the local climate in the EST with the
Pacific Ocean state indices, namely, El Niño SSTs and the EP-index. In this section, these local
teleconnections are analyzed in more detail, i.e. the investigation of the teleconnections is
narrowed down from the nation-wide- to the regional scale. More specifically, the focus area is
reduced to cover particularly the Khlong Yai basin, located within the EST. In addition, the
correlation analysis will be conducted here by considering only negative lags, as only negative lags
provide a useful precursory teleconnective link of ocean SST incidents with the local weather
that can be later employed for short-term local weather- or climate forecasting.
The only-negative-lag cross-correlation analysis, i.e. the evaluation of Eq. (2.16) for negative lagtimes, is done for all combinations of the 12 ocean indices with all observed local climate time
series at the meteorological network in the study area, i.e. maximum and minimum temperature
and precipitation. The results of this analysis are shown in the three panels of Figure 2.28.
One may notice from Figure 2.28 that on average the three climate variables maximum and
minimum temperature and precipitation correlate the highest with the SSTs of the EL Niño
group, namely, El Niño 1.2 and, to a somewhat lesser extent, with the EP-index. For the El
Niño SST, the correlations are positive for the two temperatures, but negative for the
precipitation.
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Figure 2.28. Cross-correlation coefficients at “only-negative” lags of -1 to -11 months between
the various ocean state indices and the 1971-2005 monthly maximum and minimum
temperatures from 4 station sites and the precipitation from 24 sites .

Figure 2.29. Average negative lags (month) of the optimal “only negative-lag” correlations
(according to Figure 2.28) between the various Pacific ocean state indices, as indicated - which
have the highest absolute correlation with the local climate in the study region - and the monthly
maximum and minimum temperatures and the precipitation.
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Maximum temperature

Rainfall

Niño 4

Niño 3.4

Niño 3

Niño 1+2

Minimum temperature

lag time (month)

Figure 2.30. Cross-correlation functions of Niño 1.2, 3, 3.4, and 4 SSTs with the monthly
maximum and minimum temperature and precipitation at station 48459, as a function of the lag
time (in months).
The average negative lags (in months) of the optimal “only negative-lag” correlations, according
to Figure 2.28 between the El Niño- and EP- ocean state indices and the monthly maximum
and minimum temperatures and the precipitation are summarized in Figure 2.29. One can
recognize from this figure that the main group of time lag is scattered between -1 to -5 months,
except for the optimal correlations of some climate variables with the EP-index, which exhibit
bigger lags of up to -9 months.
The entire discrete (monthly sampled) cross-correlation functions of the four El- Niño regional
ocean indices, consisting of Niño1+2, Niño 3, Niño3.4 and Niño4, with the three climate
variables observed at climate station 48459 are shown as a function of the lag time k in Figure
2.30. Firstly, one may notice the sinusoidal pattern of the cross-correlation with a lag-time period
of about 12 months, which is indicative of the annual climate cycle. For the Niño 1.2 index, the
optimal lags are between -5 to -1 months for the three climate variables, but these shift to
smaller lag times for the neighborhood indices in the same column, i.e. Niño 3, 3.4 and 4, whose
definition regions are geographically closer to Thailand (see index locations in Figure 2.3).
Nevertheless, surprisingly, the maximum correlations are found for the Niño 1.2 SST index that
is located in the eastern Pacific, i.e. which is the farthest away from Thailand. Moreover, the
magnitudes of all cross correlations drop significantly, when going down the columns in Figure
2.30, i.e. moving geographically in westward direction across the Pacific towards Thailand.
Figure 2.31 shows maps with the optimal cross-correlation coefficients and their corresponding
lag times of the El-Niño 1.2 SST - monthly rainfall cross-correlations for all 24 sites in the study
area. From the left map, one may recognize that the teleconnective influence of this ocean index
on the rainfall is the largest in the mountainous northern part of the KY-basin. The lag times in
the right map demonstrate that these are consistently in the range of -2 to -1 months across the
entire basin.
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X9052

X9052

Figure 2.31. Optimal cross-correlation coefficients (left map) and their corresponding lag times
(right map) for the cross-correlation of the El-Niño 1.2 SST index and the monthly rainfall at the
24 sites in the study area.
As there are only four temperature stations in the KY-basin (see Figure 2.2) equivalent maps to
Figure 2.31 are not presented here. In fact, the results of the cross-correlations analysis indicate
that for the maximum temperature the teleconnective influence of the El-Niño 1.2 SST- index is
the largest at stations 48459 and 48461 located in the northern, flat areas of the KY basin, with
cross-correlation coefficients hovering around 0.65 and lag-times of +1 to +2 months, whereas
for the other two stations the corresponding values are 0.40, with the same lag time range. The
El-Niño 1.2- teleconnections on the minimum temperatures are nearly similar, with crosscorrelation coefficients around 0.75 and lag-times at +3 months for the entire KY- basin.

2.6.4 Time-series regression of regional climate on ocean-state indices
All the teleconnection results discussed above provide clear evidence that some of the oceanstate indices, namely, the El-Nino 1.2 SST can give a precursor-signal for upcoming short-term
changes in the local climate of the study region of up to several months, i.e. over one or more
climate seasons, as they have been defined earlier in Table 2.4. To use this information
quantitatively for some short-term seasonal climate prediction, a so-called time-series regression
(Hipel and McLeod, 1994) is employed. In this method, which will be generalized in Chapter 4 to
a wider class of time-series prediction problems, a linear regression equation between a timelagged predictor
and a predictand of the form
(2.17)
is set up. Here
is the time-lagged - by τ months - series of the ocean state predictor-variable
, and is the climate-variable to be predicted.
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The regression coefficients
and in the equation above are found by minimization of the
error term , using the method of least-squares. The goodness of fit of the adjusted regression
model is then measured by the coefficient of determination R2, defined earlier in Eq. (2.5).
The regression equation (2.17) is solved for each predictand climate time series in the study
region, using the time-lagged Niño 1.2 SSTs as predictors. Each regression is performed several
times, using different “k-months” shifted ocean SST- series as predictors, until an optimal lag kopt
- which is the k resulting in the highest value of the coefficient of determination R2 - is found, i.e.
which then provides the best prediction of the climate variable at a particular site.
This regression analysis has been done not only for the annual climate series, but also
individually for each of the four seasons in a year (see Table 2.4), wherefore the observations in
the whole time series are categorized into their corresponding seasons and the regression is then
done with this seasonal dataset.
The 4-temperature- and 24-precipitation- averages of the best R2 at only negative lags (from -1 to
-11 months) obtained by this iterative regression procedure are listed in Table 2.15. From the
table one can notice that the average maximum temperature is best predicted by the El Niño 1.2
SST-index in the pre-monsoon- and monsoon1- seasons (Jan-Jun), whereas the prediction of the
minimum temperature is best for the dry- and pre-monsoon- seasons (Oct- Mar). For the
precipitation prediction, the best seasons are the monsoon2- and the dry seasons (Jul-Dec).
Table 2.15. Average R2 of the time-delayed regressions between the El Niño 1.2 SST-index with
the 4-station maximum and minimum temperatures and the 24-station precipitation, using the
full (annual) climate data, or by separating the climate data into four seasons: dry season (OctDec), pre-monsoon (Jan-Mar), monsoon1 (Apr-Jun) and monsoon2 (Jul-Sep).
seasonal R2
variable
annual R2
dry
pre-monsoon monsoon_1
monsoon_2
0.36
0.09
0.31
0.32
0.17
Tmax
0.58
0.37
0.54
0.22
0.18
Tmin
0.25
0.35
0.05
0.10
0.23
PCP
Based on these results, it can be concluded that the Niño 1.2 SST index plays some important
role in the temperature-development in the dry season until the beginning of the monsoon
period, after which time it has more influence on the rainfall during the peak of the monsoon
season, even until the end of the dry season.
The average optimal lag-times providing the best R2 for each seasonal regression in Table 2.15
are illustrated in Figure 2.32. The figure shows that the lag-times for the prediction of the
minimum temperature and of the rainfall vary with the season, whereby the lag is smallest (-1
month) for the monsoon1- (Apr-Jun) and highest (-9 months) for the dry season (Oct-Dec). The
pattern of the maximum temperature is similar, but has, overall, a smaller variation of the lagtimes (from -1 to -4 months) across the four seasons.
The cross-correlation and regression analyses of the ocean-climate states carried in this section
support further the idea of possible teleconnection of the local climate in the EST with Pacificand, less so, Indian Ocean indices. In Chapter 4 these teleconnections will be further used in
conjunction with global, downscaled climate prediction models for the short-term seasonal
climate prediction in the study region (Goddard et al. 2001).
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Figure 2.32. Average seasonal optimal lag-times of cross-correlations between El Niño 1+2
SST-index and monthly minimum and maximum temperatures and precipitation.

2.7 Summary of the climate analysis in the study region
The available climate data observed in the study area, i.e. maximum (Tmax) and minimum
(Tmin) temperature, precipitation (PCP), probability of wet day (%Wet), humidity (HMD) and
solar radiation (SLR), as well as the potential ocean state indices in the Pacific and Indian Oceans
have been introduced in the beginning of this chapter.
A new method for filling in missing hydro-climate data is then proposed, which consists in the
reconstruction of the data series by means of multi-linear regression with predictors from,
hopefully, complete neighborhood series. Using this fill-in approach, complete daily climate
time-series from the beginning of year 1971 until the end of March of 2006 have been produced.
A time-series analysis of the climate variables on the seasonal scale in the mentioned period is
then carried out, wherefore the climate series are divided into one single period (annual), as well
as two, three and four seasons. Following these seasonal schemes, the seasonal trends over the
35 year- long time period are investigated. It is found that the temperature has been significantly
increasing over that period, whereas the precipitation has stayed almost constant, however,
exhibiting a minor increasing trend for the rainfall intensity during the rainy season.
There are also spatial differences in the precipitation trends across the study region, such that in
its southeastern part the precipitation has been increasing, whereas it has been decreasing in its
northwestern part. On the other hand, the number of wet days has been decreasing continuously
which, obviously has then led to longer drought periods. In addition, the streamflow at three
main streamgages is examined, however, no indication of changes over the studied time period is
found.
The empirical frequency- and cumulative distributions of the observed climate data are
investigated by standard probability- (normal) and several extreme-value distributions, to get a
statistical reference benchmark of the recent state of climate in the region. Firstly, attempts have
been made to fit the observed distributions by MLE-adjusted standard normal distributions.
However, both the plots of the empirical frequency and the ECDF as well as normality tests
show that this works only for the temperature time series, but fails for the precipitation in the
study area. Next, various extreme-value distributions are fitted to the local hydro-climate series in
the study area. The results of this exercise show that the Gumbel and GEV-models are best to
simulate the extreme tails in the series. Exceedance levels at different return period have then
been computed. From these probability-frequency analyses and the spatiotemporal distributions
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of past/current climate a reference climate state has been defined statistically for the study region
to be compared with future downscaled climate predictions.
Because of the potential connections between far-distance climate states with the local weather
in a specific region that can be used for short-term climate forecasting, an investigation of
teleconnections in the study region is then carried out. 1971-2007 climate time-series from 121
meteorological stations scattered across five regions across Thailand are examined for possible
relationships with 12 ocean climate state indices in the Pacific- and Indian Oceans. The results of
a cross-correlation analysis indicate potential teleconnections of the local climate and several
ocean states, especially, in the Pacific Ocean, wherefore the El Niño-, namely, Niño 1.2- SST is
related the most with the temperatures and the precipitation across the country. More
specifically, for the minimum, maximum temperature and the precipitation, time-lags close to
zero, -3 to -4 months, and zero, respectively, are obtained in the northern part of Thailand. For
the ee region which includes also the eastern seaboard study region, the corresponding lag-times
are -1 to -2 months for the temperatures and +1 to +2 months for the precipitation. Second to
the Niño 1.2- SST, the Pacific-EP- index has the most influence from the Pacific Ocean, while
the Indian-WTIO- index is the most influential teleconnector from the Indian Ocean.
The teleconnection analysis is then specifically extended to the eastern seaboard study region.
The cross-correlation coefficients of Niño 1.2, 3, 3.4 and 4 SSTs with the monthly maximum and
minimum temperature and precipitation as a function of the lag-time indicate again that Niño 1.2
has the strongest relationship with the climate series there, with optimal lags ranging from -5 to 1 months.
Based on these findings, time-lagged regression models between ocean state predictors and the
various climate predictands in the study region are set up which, using the optimal lags found
from the cross-correlation analyses, result in acceptable model fits, i.e. hindcasts of the observed
climate parameters in the calibration period, with average coefficients of determination R2 ,
ranging between 0.25 and 0.6 for the three climate variables studied.
This relatively simple regression model will be generalized in Chapter 4 to a wider class of timeseries prediction models, in order to have a tool at hand for short-term climate prediction in the
study region from previous (months- ahead) measurements of various ocean indices.
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Chapter 3
3 Long-term climate predictions
Because of the imminent threat of the water resources of the eastern seaboard of Thailand, a
climate impact study will be carried out in this chapter. To that avail, simulations of the future
water availability in the wake of possible climate change in the region will be performed, whereby
a hydrological watershed model will be forced later in Chapter 6 by future long-term climate
predictions from global climate models (GCMs) - downscaled in an appropriate manner (Wilby
and Wigley 1997). The emphasis of these long-term predictions will be on the analysis of the
inter-annual, decadal climate variations taking place over the whole 21st-century. The challenge at
this stage of the climate modeling study is then the selection of the most appropriate GCMs and
downscaling methods. This is the focus of the present chapter. In particular, using various
statistical downscaling techniques the coarse-grid GCM climate information is transferred to the
local climate on a finer grid that will be used in Chapter 6 as input in the hydrological model.
Ultimately, some new downscaling approaches for long-term climate prediction in the study
region are proposed and compared with existing conventional downscaling methods.

3.1 Literature review of climate modeling and downscaling
Early attempts of long-term climate prediction focused only on the extrapolation of climate
trends and cycles (Dyer and Tyson 1977, Currie 1993). In recent decades, however, the use of
GCM-predictors from global climate models has become the common method of choice for
long-term climate and subsequent hydrological forecasting, which is of particular interest for
water planners, (Goddard et al. 2001). These general circulation models (Phillips 1956) or global
climate models (GCMs) generate the future climate by simulating climate time-series at the
global-scale on a rather coarse grid over up to a century-long period, assuming various CO2 emission (SRES) scenarios for the 21st-century. For a meaningful application of a global-scale
climate model (GCM) it must be assured that the latter is able to predict well enough the climate
boundary or forcing conditions used, for example, in a subsequent hydrological model.
A GCM is a numerical model which solves the full physical equations describing mass- and
energy transfer in the coupled ocean-atmosphere system. For this reason, a GCM is also referred
to as a coupled general climate circulation model (CGCM)(e.g. Mechoso et al. 1995, Stockdale et
al. 1998a, Fischer and Navarra 2000, Gualdi et al. 2003) in which an atmospheric model (AGCM)
(e.g. Bengtsson et al. 1993, Cubasch et al. 1995, Hunt 1997, Mason and Graham 1999, Coppola
and Giorgi 2005) is merged with an ocean climate model to reduce the problems with the
specification of the appropriated boundary in an atmospheric AGCM alone (Delecluse et al.
1998).
Global climate models (GCM) (Gates 1984, Robinson and Finkelstein 1990, Lamb 1987)
perform climate simulations on a rather coarse horizontal grid which, depending on the GCM,
ranges from a size of 2.5°x2.5° ~(250km x 250 km) to, nowadays, in some cases down to 0.5°x0.5°

57

3.1 Literature review of climate modeling and downscaling
(50km x 50km). In spite of these ongoing improvements in the geometrical resolution as well as in

the physical representation of the complex climate processes involved, as the power of modern
computers is steadily increasing, the GCMs climate predictions are most of the time still not
good enough for small-scale regional climate analyses.
Therefore, to link the open gap between the coarse grid-resolutions of GCM models and the
fine-grid resolution required for understanding changes in the local climate, techniques of socalled “downscaling” must be applied. In impact assessments of climate change, namely, on
water resources at the basin scale, downscaling is indispensable for the application of
hydrological models (Fowler et al. 2007, Teutschbein et al. 2011). Although there have been
countless applications of downscaling, in general, up-to-date (Giorgi and Mearns 1991, Robock
et al. 1993, Hewitson and Crane 1996, Wilby and Wigley 1997, Wilby et al. 2004, Teutschbein et
al. 2011) to obtain higher-resolution information about the future-climate from GCMs, many
open questions and problems remain to be solved, as will be detailed throughout this chapter.
Regarding the particular methodologies used in general downscaling, these can essentially be
divided in two categories (Fowler et al. 2007). The first one is called “dynamical downscaling”
which is essentially a small, but high-resolution, regional climate model (RCM) embedded in
large, coarse-grid GCM, whereby the former employs as its boundary conditions the predictions
of the GCM there, to simulate highly resolved climate variations in a local region (Wilby et al.
1998, Hay et al. 2000, Wilby et al. 2000, Gao et al. 2001, Fowler et al. 2005a, Frei et al. 2006).
However, the dynamical downscaling technique is often limited by the errors in the parent GCM
that drives the large-scale fields (Mearns et al. 2003). Another limitation is the problem of
internal variability from non-linear internal dynamics that conveys the uncertainty in regional
climate simulations (Giorgi and Mearns 1991, 1999, Christensen et al. 2001). Since the dynamical
downscaling technique requires huge computer resources and time-dependent boundary
conditions from a parent GCM (Fowler et al. 2007), both of which are not available here this
downscaling tool is not used in this study.
On the other hand, for some regions in the world local climate predictions from regional climate
models (RCM) have already been archived and can then be used directly for further local climate
impact studies. Such is the case, for example, for central Europe and Germany, in particular
(Jacob et al. 2007), where Fink (Fink 2011) used the 21st-century regional climate predictions of
the REMO-model (Jacob 2000) to analyze their impacts on the future hydrological regime in the
Fulda catchment.
The second, more widely used class of downscaling tools is called “statistical downscaling”. In
this category large-scale GCM-predictors are transferred to a finer grid-scale by using empirical
(regression) relationships between the various coarse-resolution GCM predictors and the local
climate variables (Karl et al. 1990, Wigley et al. 1990, Bretherton et al. 1992). Various subcategories of statistical downscaling tools, where the SDSM (statistical downscaling method) is
the most widely known representative (Wilby and Dawson 2013), in general, exist which include
canonical correlation analysis (e.g. Karl et al. 1990, Wigley et al. 1990, Busuioc et al. 1999,
Widmann et al. 2003), weather classification (typing) (e.g. Hay et al. 1991, Corte-Real et al. 1999a,
Huth 2000), decomposition downscaling (e.g. Bretherton et al. 1992, Widmann et al. 2003, Liu
and Fan 2012), the analogue method (e.g. Zorita et al. 1995, Zorita and Storch 1999), stochastical
generation (e.g. Bardossy 1997, Bates et al. 1998, Semenov and Barrow 2002, Mehrotra and
Sharma 2006, Vrac and Naveau 2007), artificial networks (e.g. Wilby et al. 1998, Schoof and
Pryor 2001, Trigo and Palutikof 2001, Reusch and Alley 2002), semi-empirical downscaling (e.g.
Mearns et al. 1999), rescaling (e.g. Widmann and Bretherton 2000, Salathé 2003) and linear
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regression (e.g. Ramírez et al. 2006, Fan and Wang 2009, Goyal and Ojha 2011, Sachindra et al.
2012).
For the country Thailand as a whole, downscaling of climate output of the GFDL-GCM by
means of multi-linear regression and a k-nearest neighbor approach has recently been
endeavored by Aksornsingcha and Chutime (2011), Singhrattna et al. (2011) and Singhrattna et
al. (2012). For the present study region located in the eastern seaboard of Thailand, on the other
hand, climate downscaling has not yet been carried out properly.
Among these afore-mentioned downscaling techniques, the regression model, as implemented in
the SDSM-downscaling tool (Wilby et al. 2002) is probably the most widely used approach for
regional climate prediction (Goddard et al. 2001). Also, by a successful combination of the
stochastic and regression approaches - as in the LARS-WG (weather generator) (Semenov and
Barrow 2002) - the general statistical downscaling can be improved for use in comprehensive
future climate impact analyses under various SRES- scenarios (Wilby et al. 1998).

3.2 Methods and experiments of long-term climate predictions
In this study, a new combination of statistical regression and stochastical generation techniques
is proposed to downscale the large-scale GCMs climate prediction output onto a regional
"climate grid" in the study area. More specifically, a multiple linear regression (MLR)
downscaling method that sets up linear relationships between GCM- predictors and locally
observed climate predictands (Chen et al. 2010b) is developed in this chapter. This is done for
monthly climate data, as this the time-scale provided by many of the most reliable GCMs today.
The extension of this method that includes stochastic generation to resample the monthly
climate to daily climate sequences, and so providing a multi-realization of climate events, will be
further presented in Chapter 5.
Moreover, the two well-known conventional statistical downscaling techniques, i.e. the SDSM
regression model and the LARS-WG stochastic method are likewise applied in this chapter. In
fact these two methods will be employed as the references for the classes of statistical (Wetterhall
et al. 2006, Chen et al. 2010b, Teutschbein et al. 2011) and stochastic (Khan et al. 2006, Hashmi
et al. 2011) downscaling tools, respectively, and their results will be compared with those of the
MLR-method.
Table 3.1. List of experiments of long-term prediction for examining the performance of
various downscaling- and autoregressive models with predictors from various GCMs.
downscaling
model
1.conventional model SDSM
LARS-WG
2. daily MLR
MLR-daily
3. monthly MLR
MLR-monthly
4. multi-domain MLR MLR-monthly
MLR-monthly
experiment

MLR-monthly
5. autoregressive
models

AR
ARIMA
ARIMAex

domain
single
single
single
single
single
multi
multi
multi

GCM
ECHO-G
ECHO-G
ECHO-G
ECHO-G
HiRes/CRU
ECHO-G, BCCR, PCM
ECHAM5, GISS
ECHO-G, BCCR, PCM
ECHAM5, GISS,
HiRes/CRU
ECHO-G, BCCR, PCM
ECHAM5, GISS, HiRes

resolution
number of
predictors
grid size
time
2.5°x2.5°
daily
58
2.5°x2.5°
daily
58
2.5°x2.5°
daily
58
2.5°x2.5° monthly
21
0.5°x0.5° monthly
5
2.5°x2.5°

monthly

2.5°x2.5°+
monthly
0.5°x0.5°
2.5°x2.5°+
monthly
0.5°x0.5°

256
256+5
256+5
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A summary of the various experiments with the corresponding GCM/downscaling combinations
used in this study is provided in Table 3.1, which also indicates the spatial and time resolutions
of the different GCMs. Thus, the SDSM and LARS-WG models are applied to single-domain
GCM-daily data, while the newly proposed MLR- downscaling technique uses both single- and
multi-domain as well as both daily and monthly data. Additionally, for a test of its suitability, the
group of autoregressive models which comprises the AR-, ARIMA- and ARIMAex- model,
which are developed particularly for the use in short-term prediction in Chapter 4, is also applied
here for long-term prediction. The theoretical bases of these downscaling models and a
description of their main features are provided in the following sections.

3.3 GCMs for long-term prediction
3.3.1 Selection of optimal GCMs with MAGICC/SCENGEN
The Coupled Model Intercomparison Project (CMIP3) (Meehl et al. 2007) provides a multimodel dataset from the World Climate Research Programme (WCRP) on "http://wwwpcmdi.llnl.gov/" which consists of 16 modeling groups from 11 countries for climate change
assessment, as documented in the IPCC-AR4. This project is up-to-date the largest and most
comprehensive international comparison of coupled global climate models (GCM) (Meehl et al.
2007). The CMIP3-archive comprises results of climate simulations with 20 GCMs at a 2.5° x
2.5°- grid resolution, as listed in. In this section, the data in this GCM database is prepared and
screened for its appropriateness for use in the subsequent regional climate impact analysis in the
study area. This is achieved by using the MAGICC/SCENGEN software.
In the MAGICC/SCENGEN tool (Wigley 2008) tool, MAGICC (Model for the Assessment of
Greenhouse-gas Induced Climate Change) drives a spatial climate-change scenario generator
(SCENGEN). The GCMs model outputs, as archived on the CMIP3 server (Meehl et al. 2007)
(see Table 3.2), are embedded in MAGICC and used to produce predictions of the global- and
hemispheric-mean temperatures and precipitations based on the various IPCC emission (SRES)
scenarios, to be discussed later (Solomon et al. 2007).
Table 3.2. GCMs of CMIP3 database used in the GCM-selection by SCENGEN.
no sources

country

model

1
2

Bjerknes Centre for Climate Research
National Center for Atmospheric Research

Norway
USA

BCCR-BCM2.0
CCSM3

3

Canadian Centre for Climate Modelling & Analysis

Canada

CGCM3.1(T47)

France
Australia
Germany
Germany
/Korea
China
USA
USA
USA

CNRM-CM3
CSIRO-Mk3.0
ECHAM5/MPI-OM

4
5
6

Météo-France / Centre National de Recherches Météorologiques
CSIRO Atmospheric Research
Max Planck Institute for Meteorology
Meteorological Institute of the University of Bonn, Meteorological Research Institute of KMA,
7
and Model and Data group.
8 LASG / Institute of Atmospheric Physics
9 US Dept. of Commerce / NOAA / Geophysical Fluid Dynamics Laboratory
10 US Dept. of Commerce / NOAA / Geophysical Fluid Dynamics Laboratory
11 NASA / Goddard Institute for Space Studies
12 NASA / Goddard Institute for Space Studies
13 Institute for Numerical Mathematics
14 Institut Pierre Simon Laplace
Center for Climate System Research (The University of Tokyo), National Institute for
15
Environmental Studies, and Frontier Research Center for Global Change (JAMSTEC)
Center for Climate System Research (The University of Tokyo), National Institute for
16
Environmental Studies, and Frontier Research Center for Global Change (JAMSTEC)
17 Meteorological Research Institute
18 National Center for Atmospheric Research
19 Hadley Centre for Climate Prediction and Research / Met Office
20 Hadley Centre for Climate Prediction and Research / Met Office
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ECHO-G
FGOALS-g1.0
GFDL-CM2.0
GFDL-CM2.1
GISS-EH

USA

GISS-ER

Russia
France

INM-CM3.0
IPSL-CM4

Japan

MIROC3.2(hires)

Japan

MIROC3.2(medres)

Japan
USA
UK
UK

MRI-CGCM2.3.2
PCM
UKMO-HadCM3
UKMO-HadGEM1
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SCENGEN uses a version of the pattern scaling method of Santer et al. (Santer et al. 1990) to
develop spatial patterns of change from a database of atmosphere/ocean GCM (AOGCM)
results compiled during the CMIP3. Figure 3.1 shows the processes and the data involved in the
driving of the MAGICC/SCENGEN models. The observed data set is a combination of 1)
monthly temperature data from the European Centre for Medium-range Weather Forecasting‘s
(ECMWF) reanalysis data set, and 2) monthly precipitation data for the 20-year reference period
1980-1999, archived at the CPC Merged Analysis of Precipitation (CMAP) data server (Arkin
and National Center for Atmospheric Research Staff 2012). As this data is available only at a grid
resolution of 2.5° x 2.5° and the study area is located between Latitude N12.6° - 13.2° and
Longitude E101° – 104.4°, as shown in Figure 3.2, the average values of the climate variables of
interest in the (N12.5°-15°, E 100°–102.5°)-grid have been extracted from the CMIP3 data set.
For each of the k= 20 GCM-models listed in , the root mean square error (RMSE) between
observed and predicted data, i.e. precipitation and mean temperature is computed in the
SCENGEN module as:
√

(3.1)

where
is the root mean squared error of model
,
is the error of
month (i=1,..n), with n = 240, the number of months in the 20-year-long data series. In the later
multi-model experiments for the study region only the GCM’s with the smallest RMSEk are
taken.
The RMSE employed in this way are shown in Figure 3.3, wherefore the GCM-models have
been ranked in decreasing order, following their increased RMSE for the precipitation. Based on
this figure, the top five optimal models are selected from: 1) those with the best three
precipitation predictions, i.e. NCAR-PCM1, BCCR-BCM2 and ECHO-G, and 2) those with the
best three temperature predictions, i.e. ECHO-G, GISS-ER and MPI-ECHAM-5. Accordingly,
the outputs of the GCM-models, i.e., BCM2, ECHAM5, ECHOG, GISS-ER and PCM1, as
listed in Table 3.3, are chosen as inputs in the downscaling models for the 2000-2096 future
climate predictions carried out in a later section.
After this screening task, the output data of the five selected GCM-models have been extracted
and assembled into one database for use in the subsequent climate downscaling task. This GCMoutput does not only include the two calibration variables mean temperature and precipitation
but, depending on the GCM, up to 45 additionally computed atmospheric predictors, as listed in
Table 3.7, and discussed later. With the five GCMs chosen, a multi-domain climate predictor set
(multi-GCM) with up to 256 individual predictors is thus employed for the downscaling
procedures carried out later.
Moreover, in addition to the predicted monthly time-series of the five GCMs mentioned, dailytime-scale prediction data of the ECHO-G GCM (Legutke and Voss 1999) has also been
employed from the CMIP3-server. These daily-resolution predictors from selected ECHO-G
models which are optimal for both precipitation and temperature forecasting and which already
have been used in Asian climate prediction (Im et al. 2010, Nokhandan et al. 2011, Abbasi et al.
2011) will be employed here also and compared with the monthly predictions. Table 3.3 lists all
the GCMs selected in the subsequent multi-domain downscaling experiments, with some of their
most salient properties.
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Figure 3.1. Flow diagram of the MAGICC/SCENGEN software (after Wigley 2003)

Figure 3.2. GCM-grid location of CMIP3- and Hi-Res models over the study area.
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GCMs

Figure 3.3. RMSE for 1981-2000 monthly precipitation and mean temperature in the study
region (observed ECMWF (temperature)- and CMAP (precipiation)- reanalysis datum minus
predicted datum) using the various GCM’s of the SCENGEN database (see Table 3.1). Note
the downward ranking of the GCMs with regard to the precipitation from left to right, as their
RMSE increases.
Table 3.3. GCMs selected in the multi-domain downscaling experiments and their main
features.
experiment

model

daily 20C3M

ECHO-G

daily SRES
(A1B, A2, B1)
monthly 20C3M

ECHO-G

monthly SRES
(A1B, A2, B1)

ECHO-G
BCCR
ECHAM5
GISS
PCM
CRU TS 2.0
ECHO-G
BCCR
ECHAM5
GISS
PCM
CGCM2
CSIRO2
ECHAM4
HadCM3
PCM

sampling
frequency
daily
(360 day/year)
daily
(360 day/year)
monthly

source

resolution

period

number of
predictors
58

CMIP3

2.5°x2.5°

1971-2000

CMIP3

2.5°x2.5°

CMIP3

2.5°x2.5°

2046-2065
2081-2100
1971-1999

256

monthly
(Hi-Res)
monthly

CRU

0.5°x0.5°

1971-2000

5

CMIP3

2.5°x2.5°

2000-2096

256

monthly
(Hi-Res)

TYN

0.5°x0.5°

2001-2096

5x5

58
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3.3.2 SRES-scenarios used
As it is common in climate modeling, where one is usually interested in looking for future
climate changes compared with some past reference period (Covey et al. 2009), the output data
for the total simulation time period is separated into two sub-periods, namely, 1) output from
GCM-runs for the past 30 years of the 20th-century, i.e. 1971-1999, usually abbreviated as
“20C3M” and, 2) future climate predictions from GCM-runs for the 21st-century and beyond, socalled “SRES” (Solomon et al. 2007). Whereas the 20C3M-runs provide a regeneration, or socalled “reanalysis” of the climate data over the last 30 years of the past 20th-century, the SRES
future climate model projections assume different greenhouse gas levels, as published in the
IPCC Special Report on Emissions Scenarios (IPCC SRES) (Houghton et al. 2001) and which
are shown in detail in Table 3.4.
The most commonly used emission scenarios (SRES) are A1B, A2 and B1 (Nakicenovic and
Swart 2000) and they are also selected here for the climate projections in the study region. The
SRES A1B and A2 describe future scenarios of greenhouse gas emissions, assuming that the
world economy continues to increase unabatedly over much of this 21st-century. More
specifically, the more extreme SRES A2 presumes a strong future regional economic
development, also in, nowadays, still underdeveloped nations, whereas the slightly more
moderate SRES A1B is based on a more integrated-world development and a more balanced use
of fossil energy sources. On the other hand, the even more benevolent SRES B1 takes a
development for granted, that focuses on global environmental sustainability, so that less
greenhouse gases than for A1B or A2 are emitted by the middle of this century and the CO 2concentrations will stabilize at the levels, as indicated in Table 3.4 (Houghton et al. 2001).
Table 3.4. Characteristics of experiments with future emission (SRES) scenarios and time-scales
of data available.
experiment

20C3M
SRES A2
SRES A1B
SRES B1

CO2
concentration by
year 2100

climate of the
20th century
850 ppm
stabilization
720 ppm
stabilization
550 ppm
stabilization

condition

reanalysis of past
climate
regionally oriented
rapid economic
growth
global environmental
sustainability

monthly
available

~1850 – present
2000 – 2096
2000 – 2096
2000 – 2096

daily available

1961 – 2000
2046-2065, 20812100, 2181-2200
2046-2065, 20812100, 2181-2200
2046-2065, 20812100, 2181-2200

3.3.3 Optimal GCM climate database
The past and future – under the SRES scenarios discussed - predictors of the five best GCMs, as
listed in Table 3.3, at the grid points which cover the study area - located between latitude 12.6°
- 13.2° and longitude 101° – 104.4° - are downloaded from the CMIP3 multi-model server. More
precisely, the multi-ensemble dataset of the different GCMs considered consists actually of
several predictor- time series of up to a maximum of four simulation-realizations, which differ in
the starting year of the simulation, as well as in the initial condition (spin-up) taken from
“PIcntrl” which is the pre-industrial simulation control seed. The four predictor realizations,
Run1 to Run4 - which, in fact, are not all available for all the GCMs, as indicated in Table 3.5 differ by the starting year as well as by the seed to selecting a year among 450 years in the
controlled simulation (Meehl et al. 2007, PCMDI 2012) provide the initial states for the 20C3M
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simulation (Covey et al. 2009) as defined in Table 3.5. Subsequently, the predictors and their
realizations of the five GCMs are then extracted and combined into a set of multi-ensemble
predictors containing up to 1340 total variables from 256 predictors which are screened
afterwards and selected for optimal climate downscaling in the study region.
Table 3.5. Multi-ensemble predictor-realizations of the selected GCMs (2.5° x 2.5°) employed
with different initial conditions based on the control seed in last column (Picntrl).
GCM
BCCR
GISS-ER
ECHAM5

initial year
1850
1880
1854

ECHO-G

1860

PCM

1870

realization
Run 1
Run 1
Run 1
Run 2
Run 3
Run 1
Run 2
Run 3
Run 1
Run 2
Run 3
Run 4

Picntrl
85
6
1
101
201
41
66
91
150
120
130
140

The archived GCMs predictor output is compressed in NetCDF format (UCAR 2008). In the
NCDF file, all predictors are combined into one big database which is sequently extracted by a
script-program developed in the R environment (R Development Core Team 2011), using the
NCDF-package (Pierce 2011).
In addition to the CMIP3-GCMs, a set of 0.5° x 0.5° high-resolution GCMs (HiRes GCM)
available at the Climatic Research Unit and the Tyndall Centre for Climate Change Research at
the University of East Anglia (Harris 2007) has been merged into the multi-GCMs experimental
data set of Table 3.5. These series consist of two parts: 1) the CRU TS 2.0 data-set which
consists of 1200 monthly grids of observed climate for the period 1901-2000, and 2) the
companion data-set TYN SC 2.0 for the time period 2000-2100, with forecasts from 5 submodels (Mitchell et al. 2004), as listed in Table 3.6. Unlike for the coarse-grid GCMs of Table
3.2 or Table 3.3, in the HiRes-GCM predictor set, only five climatic variables are available:
cloud cover, diurnal temperature range, precipitation, temperature and vapour pressure, as listed
at the end of Table 3.7.
As indicated in Table 3.1, there are small differences in the lengths of the 20C3M- time periods.
Thus, the monthly GCM-predictors from the CMIP3 database cover years 1971- 1999, while
those for the daily series from the CMIP3 server, as well as those from the HiRes GCM’s, cover
the period 1971-2000. Therefore, in order to have a common base- or control period in the later
downscaling computations, the 20C3M-period will be taken from 1971-1999.
Table 3.6. Characteristics of the high-resolution (0.5° x 0.5°) predictor output (monthly) from
various GCMs (called hitherto HiRes) used also in the various downscaling experiments
data-set
available period
source
model/submodel
CRU TS 2.0

1901-2000

TYN SC 2.0

2001-2100

Climatic Research Unit,
Tyndall Centre for Climate
Change Research,
University of East
Anglia (UK)

20C3M
CGCM2, CSIRO2, ECHAM4,
HadCM3, PCM
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Table 3.7. Multi-model GCM- climate predictor variables for the coarse-grid CMIP3- and the
fine-grid –HiRes – model, as used in the various downscaling experiments.

CRU/TYN
(HiRes)

CMIP3 (GCMs)

source

no.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
1
2
3
4
5

variable
Psl
Pr
Tas/ta
Mrsos
Mrso
Tauu
Tauv
Snd
Hfls
Hfss
Rlds
Rlus
Rsds
Rsus
Ts
Ps
Prsn
Prc
Prw
Mrfso
Mrros
Mrro
Snw
Snc
Snm
Uas
Vas
Huss
Rsdt
Rsut
Rlut
Rtmt
Rsntp
Rlntp
Rsntpcs
Rlntpcs
Rsdscs
Rsuscs
Rldscs
Rlutcs
Rsutcs
Tro3
Clt
Clwvi
Clivi
Cld
Dtr
Pre
Tmp
Vap

variable name
air pressure at sea level
Precipitation flux
air temperature
moisture content of soil layer
soil moisture content
surface downward eastward stress
surface downward northward stress
surface snow thickness
surface upward latent heat flux
surface upward sensible heat flux
surface downwelling longwave flux in air
surface upwelling longwave flux in air
surface downwelling shortwave flux in air
surface upwelling shortwave flux in air
surface temperature
surface air pressure
snowfall flux
Convective precipitation flux
atmosphere water vapor content
soil frozen water content
surface runoff flux
runoff flux
surface snow amount where land
surface snow area fraction where land
surface snow melt flux where land
eastward wind
northward wind
specific humidity
toa incoming shortwave flux
toa outgoing shortwave flux
toa outgoing longwave flux
net downward radiative flux at top of atmosphere model
net downward shortwave flux in air
net upward longwave flux in air
net downward shortwave flux in air assuming clear sky
net upward longwave flux in air assuming clear sky
surface downwelling shortwave flux in air assuming clear sky
surface upwelling shortwave flux in air assuming clear sky
surface downwelling longwave flux in air assuming clear sky
toa outgoing longwave flux assuming clear sky
toa outgoing shortwave flux assuming clear sky
mole fraction of o3 in air
cloud area fraction
atmosphere cloud condensed water content
atmosphere cloud ice content
cloud cover
diurnal temperature range
Precipitation
daily mean temperature
vapour pressure

unit
Pa
kg m-2 s-1
K
kg m-2
kg m-2
Pa
Pa
m
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
K
Pa
kg m-2 s-1
kg m-2 s-1
kg m-2
kg m-2
kg m-2 s-1
kg m-2 s-1
kg m-2
%
kg m-2 s-1
m s-1
m s-1
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
W m-2
kg m-2
kg m-2
%
°C
mm
°C
hPa

3.3.4 Preparation of GCM-predictor sets
As mentioned earlier, the prediction outputs of the selected GCMs are summarized and
combined into the multi-GCM database. Before the multitude of predictor output collected in
this way can be used efficiently in the various downscaling techniques, they must be subjected to
a complicated screening and selection procedure (Wilby and Wigley 1997). The various steps do
this properly are described in this section. Firstly, the GCM-predictor sets are extracted from the
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multi-ensembles GCMs and ranked based on their fit to observed data. These GCM-predictor
ranks are then written into a daily, monthly and monthly multi-GCM database, which afterwards
are transferred to the input dataset of the three major downscaling models used in this study, i.e.
SDSM, LARS-WG and various multi-linear regression (MLR) - models.
3.3.4.1

Screening of the GCM- predictors

As the climate prediction results of the various GCM’s may vary significantly, an initial screening
of the available GCMs is needed (Wigley 2008). Gridded outputs from selected GCM datasets
from the CMIP3-database (Meehl et al. 2007) are used as a starting set of predictor selection.
The climate variables from the model-grid covering the study region are extracted from selected
GCMs, i.e. BCM2, ECHAM5, ECHOG, GISS-ER and PCM1 and subsequently incorporated
into the multi-GCM database which will provide the input data for long-term climate
predictions. During this process the incomplete and missing predictors from selected GCMs are
removed which, finally, results in a total of 1340 available choices of monthly predictors in the
multi-GCM database, based on 256 climate predictors from one of the five GCMs mentioned
above. For the daily GCM database 58 predictors are available (see also Table 3.3).
In the next step the predictor’s potential for later use in the downscaling of a climate variable in
the study region is evaluated. To that avail the cross-correlations between the climate predictors
and a local weather/climate variable are evaluated. The cross-correlation coefficient
between
predictor P and local climate variable C, with mean values ̅ and ̅ , is defined as:
∑
√∑

̅

̅
̅

∑

(3.2)
̅

where
is the predictor time-series of an ensemble in the multi-GCM database and
is a
local climate time-series, i.e. maximum and minimum temperature, precipitation, wet rate,
is then a measure of the predictor’s
humidity and solar radiation. The absolute value of
potential to predict the local climate.
In this study, monthly time-serial cross-correlations between the GCMs- climate predictors and
the meteorological measurements from 24 rainfall-, 4 minimum and maximum temperature-, 4
humidity- and 2 solar radiation- stations within the study area are then computed and ranked.
The results obtained for the average cross-correlation scores of the 58 daily GCM-predictors
from the ECHO-G GCM with the observed maximum, minimum temperature and precipitation
at all climate stations in the study region are shown in the three barplot-panels of Figure 3.4.
The corresponding average ranks assigned to the various cross-correlation coefficients for each
combination of predictor- and observed variable (predictand) are listed in Table 3.8.
The ranks of the top ten predictors from the daily GCM (ECHO-G)- and from the monthly
multi-GCM- predictor database for predicting the local climate for all stations in the study region
are summarized in Table 3.9.
Based on the predictor-rank results of Table 3.8 and, particularly, of Table 3.9, it can be stated
that the air temperature (ta), east wind (ua) and the humidity (hus) are the best predictors for the
daily maximum, minimum temperature and precipitation, respectively. The fraction of O3 in the
air from the PCM-GCM can best predict the monthly maximum temperature, humidity and the
solar radiation. Also the same predictor from the GISS-GCM can best predict the precipitation
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and the percentage of wet day. On the other hand, the minimum temperature is best predicted
by the outgoing shortwave flux (rsutcs) of the ECHAM5-GCM.

Figure 3.4. Average cross-correlation coefficients between 58 daily ECHO-G GCM predictors
and observed daily maximum and minimum temperatures and precipitation for all recording
climate stations in the study region for years 1971-2000.
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Table 3.8. Average ranks of the cross-correlation coefficients of the daily ECHO-G GCM
predictors with the observed local climate variables at all climate stations in the study region for
years 1971-2000. See Table 3.7 for meanings of predictor names.
predictor parameter
hfls
hfss
hus

pr
psl
rlds
rlus
rlut
rsds
rsus
ta

tas
tasmax
tasmin
ua

uas
va

vas

hfls
hfss
hus.100000
hus.20000
hus.30000
hus.40000
hus.50000
hus.60000
hus.70000
hus.85000
hus.92500
pr
pr.1
pr.2
psl
rlds
rlus
rlut
rsds
rsus
ta.100000
ta.20000
ta.30000
ta.40000
ta.50000
ta.60000
ta.70000
ta.85000
ta.92500
tas
tas.1
tas.2
tasmax
tasmax.1
tasmax.2
tasmin
tasmin.1
tasmin.2
ua.100000
ua.20000
ua.30000
ua.40000
ua.50000
ua.60000
ua.70000
ua.85000
ua.92500
uas
va.100000
va.20000
va.30000
va.40000
Va.50000
Va.60000
Va.70000
Va.85000
Va.92500
vas

rank
Tmax Tmin PCP
11
48
27
24
32
36
35
29
30
41
37
33
31
38
14
4
34
42
44
43
17
25
45
51
40
53
20
1
6
19
22
12
21
28
18
8
15
5
9
57
56
55
50
39
26
16
13
10
2
58
54
49
46
47
52
23
7
3

13
22
10
20
16
19
15
12
11
18
17
25
26
24
9
7
45
23
41
42
50
31
28
30
36
54
34
8
32
52
51
56
47
46
48
39
40
38
1
27
29
37
53
33
21
6
5
2
4
43
44
49
58
55
57
35
14
3

9
2
1
28
14
13
11
8
4
6
3
21
26
25
38
24
17
19
36
37
20
52
43
40
46
58
47
41
49
12
22
33
15
23
30
29
34
45
18
7
5
10
32
56
50
31
27
16
35
42
44
51
54
55
53
57
48
39
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Table 3.9. Top-ten predictors for daily- (ECHO-G) and monthly- predictor-generating GCMs,
ranked based on their average correlation-coefficients with the corresponding climate variable
from all stations in the study area. See Table 3.7 for meanings of predictor names.
rank
1
2
3
4
5
6
7
8
9
10

daily GCM
Tmax
ta.
85000
va.
100000
vas

Tmin
ua.
100000
Uas
Vas

PCP
hus.
100000
hfss

hus.
92500
rlds
va.
hus.
100000 70000
tasmin.2 ua.
ua.
92500 30000
ta.
ua.
hus.
92500
85000 85000
va.
Rlds
ua.
92500
20000
tasmin ta.
hus.
85000 60000
ua.
Psl
hfls
100000
Uas
hus.
ua.
100000 40000

monthly GCM
Tmax
PCM.
tro3.92500
PCM.
tro3.70000
PCM.
tro3.25000
PCM.
tro3.20000
GISS.
tro3.25000
GISS.
tro3.30000
GISS.
rsus
GISS.
tro3.20000
PCM.
tas
PCM.
ta.92500

Tmin
ECHAM5.
rsutcs
PCM.
rsdt
ECHO-G.
rsdt
ECHAM5.
rsdt
BCCR.
rsdt
GISS.
rsdt
ECHO-G.
rsdscs
ECHAM5.
rsdscs
ECHO-G.
rsutcs
GISS.
rtmt

PCP
GISS.
tro3.5000
GISS.
tro3.3000
GISS.
tro3.2000
GISS.
tro3.7000
BCCR.
hus.100000
BCCR.
rlds
BCCR.
hus.92500
GISS.
huss
BCCR.
zg.2000
GISS.
zg.92500

HMD
PCM.
tro3.2000
GISS.
tro3.2000
PCM.
tro3.1000
GISS.
tro3.5000
BCCR.
zg.1000
GISS.
tro3.10000
GISS.
tro3.3000
BCCR.huss
GISS.huss
PCM.
tro3.3000

SLR
PCM.
tro3.60000
PCM.
tro3.50000
PCM.
tro3.40000
PCM.
hur.92500
GISS.
Clt
PCM.
tro3.30000
ECHAM5.
Hfss
ECHAM5.
hur.100000
GISS.
Mrsos
PCM.
Hfss

%Wet
GISS.
tro3.5000
GISS.
tro3.3000
PCM.
tro3.2000
GISS.
tro3.2000
BCCR.
ua.2000
BCCR.
ua.5000
BCCR.
ua.1000
BCCR.
ua.3000
PCM.
tro3.3000
GISS.
huss

3.3.4.2 Predictor data sets and simulation scenarios
The databases and scenarios for the various downscaling simulations are then prepared. There
are essentially five predictor data sets, which differ by their time- and grid resolutions and
whether they are drawn from a single-GCM- or a multi-GCM database, as shown in Table 3.10.
The single GCM- predictor data set provides both daily- and monthly resolution time-series
from ECHO-G. Moreover, the high-resolution GCM (HiRes) with a 0.5°x0.5° grid provides
predictors for the MLR- model. The set of multi-GCMs (GCMs) which is a combination of the
five GCMs mentioned provides monthly predictor data. In addition to the multi-GCM database,
the HiRes GCM is mixed with the multi-GCM database to produce a multi-domain+HiRes
GCMs data set (GCMs+Hi-Res) for producing much more complex downscaling input.
As stated in the IPCC-AR4 – report (Solomon et al. 2007), the GCM- experiments were carried
out for climate reanalysis in the 20th-century and climate predictions over the 21st-century
(Gordon et al. 2000). Therefore, the climate reanalysis GCMs, following 20C3M-scenario
predictors for the 1971-1999 time period are used for the downscaling calibration. Beforehand,
the daily and monthly available data are separated into a calibration set for 1971-1985, and a
verification set for 1986-1999. The available climate projections for years 2000-2096 are
subsequently used for downscaled climate projections, following SRES A1B, A2 and B1
scenarios, exclusively, the daily database which is only available for years 2046-2065 and 20812100. The calibration, verification and projection periods and the GCM/downscaling
combinations used in the later simulations are summarized in Table 3.11. Thus one may note
that the conventional downscaling methods SDSM and LARS-WG which require daily
predictors are only applied with the daily-GCM database. On the other hand, the new multilinear regression (MLR) downscaling model can be used with both daily and monthly predictors.
Therefore, the MLR-method is employed to project the future daily climate over years 20462065 and 2081-2100 and monthly climate over the whole 21st-century (2000-2096) for all three
SRES scenarios.
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Table 3.10. GCM- database after selection and classification into five data sets.
timegridmodel source
resolution resolution
daily
2.5°x2.5° ECHO-G

no.

data set

1

single GCM (2.5°)
(daily ECHO-G)

2

single GCM (2.5°)
(monthly ECHO-G)
HiRes GCM (0.5°)
(Hi-Res)

monthly

2.5°x2.5°

ECHO-G

monthly

0.5°x0.5°

multi GCMs (2.5°)

monthly

2.5°x2.5°

HiRes-CRU
HiRes-CGCM2, HiResCSIRO2, HiRes-ECHAM4,
HiRes-HadCM3, HiRes-PCM
ECHO-G, BCCR, ECHAM5 , 1971-1999
GISS, PCM
ECHO-G, BCCR, ECHAM5 , 2000-2096
GISS, PCM
HiRes-CRU
1971-1999

3

4

(GCMs)
5

multi GCMs (2.5°)
monthly
+ HiRes GCM (0.5°)
(GCMs+Hi-Res)

0.5°x0.5°
2.5°x2.5°
0.5°x0.5°
2.5°x2.5°

year

scenario

1971-2000
2046-2065
2081-2100
1971-2000
2000-2096
1971-2000
2001-2096

20C3M
A1B
A1B
20C3M
A1B,A2,B1
20C3M
A1B,A2,B1

ECHO-G, BCCR, ECHAM5 ,
GISS, PCM
HiRes-TYN (CGCM2,
2000-2096
CSIRO2, ECHAM4,
HadCM3, PCM)
ECHO-G, BCCR, ECHAM5 ,
GISS, PCM

20C3M
A1B,A2,B1
20C3M

A1B,A2,B1

Table 3.11. Calibration-, verification- and prediction-schemes of the various downscaling
models, based on five GCM- predictor data sets.
no
1

method
calibration
calibration 1971-1985
verification
and

simulation
1986-1999
(verification)

2

scenario
1971-1999
verification

2000-2006
(verification)

3
3.1

future
prediction
scenario
A1B

1971-1999

model
SDSM
LARS-WG
MLR
MLR
MLR
MLR
MLR
MLR
MLR
MLR
MLR

interval
daily
daily
daily
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly

2000-2096
(prediction)

MLR
MLR
MLR
MLR

monthly
monthly
monthly
monthly

2046-2065
(prediction)

SDSM
LARS-WG

daily
daily

dataset
single GCM (2.5°)
single GCM (2.5°)
single GCM (2.5°)
single GCM (2.5°)
HiRes GCM (0.5°)
multi GCMs (2.5°)
multi GCMs (2.5°) + HiRes-CRU
(0.5°) GCM (2.5°)
single
HiRes GCM (0.5°)
multi GCMs (2.5°)
multi GCMs (2.5°) + HiRes-TYN
(0.5°)
single GCM (2.5°)
HiRes GCM (0.5°)
multi GCMs (2.5°)
multi GCMs (2.5°) + HiRes-TYN
(0.5°)
single GCM (2.5°)
single GCM (2.5°)

2081-2100
(prediction)

SDSM
LARS-WG

daily
daily

single GCM (2.5°)
single GCM (2.5°)
single GCM (2.5°)
HiRes GCM (0.5°)
multi GCMs (2.5°)
multi GCMs (2.5°) + HiRes-TYN
(0.5°)
single GCM (2.5°)
HiRes GCM (0.5°)
multi GCMs (2.5°)
multi GCMs (2.5°) + HiRes-TYN
(0.5°)

3.2

scenario A2

1971-1999

2000-2096
(prediction)

MLR
MLR
MLR
MLR

monthly
monthly
monthly
monthly

3.3

scenario B1

1971-1999

2000-2096
(prediction)

MLR
MLR
MLR
MLR

monthly
monthly
monthly
monthly
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There is a systematic complication with the daily ensembles of the ECHO-G model which
provides daily predictors based on a 360-day calendar, while the climate simulations in this study
are based on a standard calendar system (Gregorian calendar). Therefore the time-dimension
slicing of GCM-predictor is executed in the daily-predictor simulations by using a linear
interpolation, where the predictor at time , which is the unknown value between time
and
that give predictors at upper and lower values
and
, respectively, is
calculated as :
(3.3)

This approach is likewise used in the interpolation of the observation, when their time scale does
not fit the predictor time scale.

3.4 Downscaling using conventional statistical tools
As discussed in the beginning of this chapter, among the class of “statistical downscaling”
techniques, the regression-method and the weather generator are popularly used (Wilby et al.
1998, Wilby et al. 2000, Khan et al. 2006, Hashmi et al. 2011). In this section the two
downscaling methods, SDSM and LARS-WG, will be applied to perform climate downscaling in
the study region. These two models represent two approaches of downscaling techniques, i.e.
SDSM, a hybrid approach of multiple linear regression and stochastical weather generator and
LARS-WG, a purely stochastic weather generator. The advantage of SDSM is the relative ease of
use and the direct transfer of GCM-predictors to downscaled predictand output, since it is
mainly based on linear regression, although it comprises also some stochastic components.
However, one major limitation of this downscaling method is that its output is linked directly to
the input GCM-predictor variables, i.e. the former depends much on the reliability of the latter.
On the other hand, LARS-WG is a complete stochastic climate generator. This downscaling tool
generates the output based on attributes of climate variables that provides larger sets of possible
climate realizations.

3.4.1 SDSM downscaling technique
The statistical downscaling model (SDSM) (Wilby et al. 1999, Wilby et al. 2002) is a downscaling
tool which is based on a combination of linear regression and a stochastical weather generator.
The multi-linear regression is used to set up linear relationships between the GCM’s predictors
and the local-scale weather pattern (predictands), whereas the weather generator acts to modify
the variance of the downscaled predictors to better represent the large temporal variations of the
local climate variables, which holds particularly for the precipitation (Wetterhall et al. 2006).
SDSM has been applied in numerous meteorological, hydrological and environmental
assessments of climate change in many regions of the world (Hassan et al. 1998, Wilby et al.
1999, Wilby et al. 2000, Wilby et al. 2002, Wetterhall et al. 2006, Wetterhall et al. 2007, Chen et
al. 2010b, Huang et al. 2012).
The method used in statistical weather downscaling is examplarily demonstrated by the
generation of rainfall occurrence and its amount (Wilby et al. 2003). Thus the probability of
on day is defined as a linear combination of some (normalized)
precipitation occurrence
predictor variables ̂ :
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∑

̂

where are the estimated regression coefficients and ̂
et al. 2010b) defined by:
̅

̂

(3.4)

are the normalized predictors (Chen

(3.5)

where is the original variable at time , ̅ is the mean of the variable for the simulation period,
and
is the standard deviation of . In the next step a uniformly distributed random number
is generated. A precipitation is taken on the wet day when ever
. The amount of
precipitation on that day can be conveyed by the cumulative distribution function described as:
∑

̂

(3.6)

where is the z score at day , is the regression coefficient for each month estimated by
model optimization, and is an error term in the normal distribution. The daily precipitation
amount is then computed by:
(3.7)
is the normal cumulative distribution function and is the empirical distribution
where
function of the daily precipitation amount . The occurrence and amount of precipitation are
calculated by the same GCM-predictor. With the set of random numbers , the occurrence and
amount of rainfall is subsequently generated for the wet days, resulting finally in a daily
precipitation time-series for one realization. The downscaling of temperature is performed using
the same approach; however, the occurrence formulation in Eq. (3.4) is based on the outcome
of the rainfall simulation, i.e. whether a day is wet or dry.
There are two types of climate parameters used in SDSM, unconditional and conditional
variables (Wilby et al. 2002). Unconditional predictands, like temperature and wind speed, are
those that are computed directly over the regression transfer model with the regional-scale
predictors. A conditional variable, like precipitation, is a dependable parameter which hinges on
an intermediate condition such as the probability of wet or dry days, as pointed out above.
Consequently, the temperatures and the precipitation are modeled here with unconditional and
conditional-variable predictions, respectively.
Although the standard SDSM-downscaling is usually applied to NCEP –reanalysis predictors, the
method can also be applied and calibrated with other (observed) climate data (e.g. Lavers et al.
2007, Lavers et al. 2008, Koukidis and Berg 2009). Raje and Mujumdar (2011) evoked that the
downscaling model should be ﬁtted directly to the 20th-century control run of a GCM (20c3m)
and using the regression-relations obtained in this way for projecting the future climate under
various SRES. Since the 20c3m- and the future SRES- database from the CMIP3-archive also
differ from the NCEP- reanalysis database, the climate projection based on the SRESprojections of the CMIP3-database requires the direct fitting with 20c3m data in order to
optimally utilize all SRES variables. Accordingly, the SDSM- default NCEP- dataset is replaced
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by the various ocean-atmospheric predictor variables (discussed in the previous section) of the
20c3m-datasets in the CMIP3-archive.
The various standard procedures implemented in the SDSM-4.2 software to downscale a climate
variable at a particular station are shown in Figure 3.5. Following the enumeration of the SDSM
manual (Wilby and Dawson 2007), the process of statistical downscaling of a daily weather series
can essentially be carried out following the four subsequent steps:

Figure 3.5. Steps of the SDSM- climate scenario generation process (Wilby et al. 2002)
1) Selection and screening of predictor variables: In the first step of SDSM modeling, the
atmospheric predictors are analyzed and selected. Before the SDSM downscaling is applied to
the CMIP3-dataset, the validation of the GCM and the screening of the numerous predictor
variables is accomplished with MAGIC/SCENGEN and the subsequent cross-correlation
analysis, as discussed in the previous section.
Actually, this selection and screening process is divided into two sub-steps; firstly, the primary
selection of the best GCM-predictors by cross-correlation analysis and, secondly, their exact
screening (including the choice of the atmospheric layer) by forward stepwise regression.
The average correlation power, i.e. correlation coefficients, of the numerous climate predictors
of the ECHO-G GCM with the three climate variables from all observing stations in the study
region are shown in Figure 3.6. The magnitudes of the correlation demonstrate that the local
Tmin is mostly related to the wind vector (ua and va), Tmax to air temperature (ta) and
precipitation to humidity (hu).
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Figure 3.6. Average correlation power of ECHO-G climate predictors with the local climate in
the study area.
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Based on the ranks of these correlation scores, the top 10 correlative predictors (maximum
number of predictors that can be used in SDSM) of the GCM, as listed in Table 3.12 are
selected for the second screening sub-step, which is forward stepwise multi-linear regression, to
find the best combination of predictors, which can improve the regression model significantly
(based on a significance level α of 0.05) (Wetterhall et al. 2006). As shown also in Table 3.12, the
effective number of predictors found in this way for temperature and precipitation is reduced to
about 8 and 6 predictors, respectively. More specifically, for the temperature prediction the
humidity (hu) and air temperature (ta) are the best predictors, whereas heat flux (hf) and
humidity (hu) are best for the prediction of precipitation.
Table 3.12. Initial selection of GCM-predictors based on correlation rank and their subsequent
screening by SDSM’s statistical-significant screening process.
initial selection
(by cross correlation)

temperature
Uas
Ua
Va
Vas
Rlds
Hus
Hfls
Psl
Hfss
Rlut

precipitation
Hus
Hfss
Hfls
Tas
Tasmax
Rlus
Pr
Uas
Ua
Rlut

screening in SDSM
(by forward stepwise regression)

temperature
hus.60000
ta.92500
tas.2
tasmin.2
ua.20000
va.100000
va.92500
Vas

precipitation
Hfss
hus.100000
hus.70000
hus.92500
tas.1
tasmax.1

2) Model calibration: In the second step, the available climate predictors are fitted with multiregression to formulate the final climate predicting model at a single site. Thus the normally used
NCEP/NCAR reanalysis data is replaced by the calibrated 20c3m (1971-2000) GCM – (ECHOG) predictors from the CMIP3 database. This predictors set is used to generate the occurrence
of rainfall, amount of rainfall and the temperatures. The precipitation is computed conditioned
on the occurrence of a wet day, with the effective amount determined by an exponential
regression model (Kilsby et al. 1998), whereby observed rainfall is regressed on various observed
atmospheric predictor variables (altitude, pressure, flow, vorticity). The parameters of the
regression model are estimated through the efficient dual simplex algorithm of Narula and
Wellington (1977).
3) Synthesis of observed data: In the third step more realistic weather data - more in line with
the observed data - is generated by “inflating” the predictand time series of the calibrated
models, i.e. adjusting its variance. This is done by means of a random number generator,
whereby normally distributed random numbers with a standard deviation equal to the calibration
standard error are generated using Rubinstein’s method (Rubinstein and Kroese 2008) and added
to the predictand time series, thus producing a realization of a daily climate time series. The
regression model which is obtained in the second step is inflated by random numbers drawn
from an exponential distribution and used to generate subsequently the occurrence of rainfall,
amount of rainfall and temperature. Daily time series of rainfall and temperatures mimicking
those observed during 1971-1999 are generated by these models and serve to validate the
predicting model.
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4) Generation of climate change scenarios: The climate in the 21st-century is projected, based
on various emission (SRES) scenarios, through the calibrated and validated models of the third
step. The process used here is similar to that of the third step, but using now the GCM-future
atmospheric predictors.
In a final fifth step that is further discussed in the section of long-term prediction results, the
results from the third and fourth steps are statistically analyzed for the prediction residuals and
the future trends. Further details on the SDSM technique are found in Wilby et al. (1999).
It should be noted here again that the ECHO-G GCM provides climate predictors for 30 days in
a month, so that predictor output of one year consists of 360 data points, whereas the year of the
Gregorian calendar, obviously, has 365/366 days. Therefore, the predictand output of the SDSM
is converted to 365/366 days by linear interpolation, as specified in Eq. (3.3).

3.4.2 LARS-WG downscaling technique
A stochastic weather generator is a model which is able to synthesize climate time-series with
specific statistical properties (Richardson 1981, Richardson et al. 1984). One well-known
representative of the class of stochastic weather generators is LARS-WG (Racsko et al. 1991,
Semenov et al. 1998, Semenov and Barrow 2002) which allows the simulation of time-series of
daily temperature and precipitation at a single site under present and/or future climate
conditions. Unlikely SDSM, the generation of the rainfall conditions in LARS-WG is based on
the Markov chain process (Gabriel and Neumann 1962, Bailey 1964, Hughes et al. 1999) and the
spell-length approach (Wilks 1999a), with the result that long dry conditions with this method
are better simulated than with SDSM (Hassan et al. 2013). LARS-WG has been widely used in
studies of climate change (Semenov 2008, Hashmi et al. 2011) and its impacts (Lawless and
Semenov 2005, Semenov and Doblas-Reyes 2007, Semenov 2009, Semenov and Stratonovitch
2010, Nokhandan et al. 2011, Lashkari et al. 2012) by utilizing it as a downscaling tool (Semenov
and Barrow 2002, Hassan et al. 2013).
The processes involved in downscaling climate predictors by means of the LARS-WG model
consist essentially of three steps, i.e. 1) site analysis and 2) weather generation.
In the first step, the formulation of the weather generator model starts with a “site analysis”
where the observed daily weather data at each climate site is evaluated in terms of its major
statistical attributes which are then used in a calibration process to define the model parameters.
Then, in the second step, the synthetic weather generation uses these calibrated model
parameters to produce synthetic weather time-series which have the same statistical
characteristics as the parent observed climate series, however, with stochastic differences on a
day-to-day basis. The model can be further verified or validated by comparing the generated
stochastic time series on another time slice of the observed climate series.
The future-climate model parameters are subsequently estimated by means of climate-change
factors computed from the future GCM-predictors.
In the weather generation, a semi-empirical distribution is used to estimate the probability
distributions of dry and wet conditions, daily precipitation, min and max temperatures, using a
cumulative probability distribution function. In this generating procedure, a value of a climate
variable for a particular probability is calculated as:
{

}

(3.8)
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where P() is the empirical probability obtained from the observed climate data
(Semenov
and Stratonovitch 2010). Random values within an interval of an uniform distribution are chosen
by selecting a value in the distributions P() to define (Semenov and Barrow 2002).
The precipitation simulation generates firstly a sequence of wet and dry days, whereby their
lengths and the rainfall amounts (for the wet days) are then determined by drawing quantiles, as
in Eq. (3.8), from the semi-empirical distribution of the corresponding observed time-series for
each month of a year of the observed baseline period. The baseline parameters, i.e. the statistical
attributes of the observed climate series are the mean, SD and percentiles of their empirical
distributions, the seasonal and daily wet and dry sequences, daily and monthly rainfall amounts,
daily and monthly max and min temperature, and spells of frost and heat waves (temperatures
>30oC). Minimum and maximum temperatures are then separately, simulated for wet and dry
days, i.e. conditioned on the presence/absence of rainfall (Semenov and Barrow 1997).
In this study, the reference period are divided into a calibration period, years 1971-1985, and a
verification period, years 1986-1999. The climate characters of the baseline period are examined
by LARS-WG, do define the so-called “site-base” for each of the climate stations in the study
region which contains the weather information of that site during the calibration period.
To generate the synthetic weather according to the given climate scenarios, the changing factors
in precipitation intensity, dry/wet spells and temperatures are calculated from the future
predictor output of the parent GMC and written in a scenario file which then provides the
information on how the baseline weather will change in the future. Similar to what has been
done in SDSM-downscaling, the ECHO-G GCM- predictors are also selected here.
Table 3.13 shows the monthly climate changing factors of the precipitation and the
temperatures computed from the ECHO-G climate predictors for the verification period 19861999, relative to the baseline period 1971-1985. As an outlook for the later 21st–century
predictions the factors are also listed for the future period 2046-2065, following SRES A2,
relative to the baseline period 1971-1999. These changing factors are then applied to synthesize
the climate during years 1986-1999, which is then used to validate the LARS-WG model later,
and, respectively, the future climate during the period 2046-2065.
Table 3.13. Climate changing factors identified by ECHO-G for precipitation, wet and dry spell,
maximum and minimum temperatures and daily temperature variability, for verification time
period 1986-1999, relative to the baseline period 1971-1985 (upper row), and future period 20462065, following SRES A2, relative to the baseline period 1971-1999 (lower row).
variable

unit Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

1.0
0.2
0.8
relative change in duration of wet spell
0.9
1.0
relative change in duration of dry spell
1.3
0.3
absolute change in monthly mean min temperature oC
1.9
0.0
absolute changes in monthly mean max temperature oC
1.8
0.9
relative change in daily temperature variability
1.1
relative change in monthly mean rainfall
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-

0.3
0.9
1.0
0.8
1.3
1.0
-0.1
1.9
-0.2
1.5
0.8
1.1

0.6
0.5
0.7
0.8
1.1
1.0
1.5
2.7
2.5
2.7
0.9
0.8

1.0
1.0
0.7
0.9
1.0
0.9
0.9
2.1
0.7
1.6
1.1
1.0

0.9
1.0
0.5
0.7
0.7
1.0
0.8
2.3
1.2
2.0
1.0
1.1

0.9
1.2
0.7
1.4
0.7
0.7
0.6
1.3
0.7
0.2
1.0
0.7

1.0
1.1
1.3
1.1
3.9
0.6
0.3
1.6
0.2
1.7
1.1
0.6

1.2
1.1
0.9
1.0
3.0
0.4
0.3
1.7
0.0
1.4
0.8
0.9

1.0
1.0
1.0
0.9
1.5
0.7
0.4
1.9
0.6
1.4
1.0
1.0

1.0
0.9
1.0
0.8
0.8
0.9
0.3
2.0
0.3
1.9
1.0
1.0

1.3
1.0
1.3
0.8
0.9
0.9
0.3
1.7
0.2
1.7
1.0
1.0

2.0
2.0
1.0
1.0
0.8
1.0
0.3
1.5
0.0
1.2
1.0
1.4
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3.5 Downscaling using the MLR- model
A new technique to downscale coarse-grid GCM-climate predictors to local weather is developed
here. Techniques of multi-linear regression (MLR) and optimization are applied to develop a new
downscaling model which will enhance downscaling performance.

3.5.1 Framework of the MLR- downscaling model
Rescaling of climate predictors that are available only with a global scale resolution by projecting
change factors from the coarse- to the fine scale is a straightforward way to predict the future
climate on a regional basis and it is the basis of the statistical downscaling technique discussed
earlier (Wilby et al. 1998, Huth 1999, Wilby et al. 2004, Wilby and Dawson 2013). The core of
this method consists of a linear-regression technique (Hewitson and Crane 1996, Hashmi et al.
2011) which interrelates large-scale climate variables, the "predictors", to local weather variables,
the "predictands" by a mathematical relationship (Conway et al. 1996, Schubert and HendersonSellers 1997, Wilby and Wigley 1997, Wilby et al. 1998, Crane and Hewitson 1998, Murphy 1999,
Goddard et al. 2001, Wilby et al. 2002, 2004, Goyal and Ojha 2011).
In this section a new multi-linear regression (MLR)- downscaling model will be developed that,
unlike SDSM and LARS-WG which are restricted to the use of a GCM with a specific predictor
format, can be used with a wider range of input formats, i.e. daily or monthly predictors from
one or several GCMs (multi-domain GCMs).
As shown in Figure 3.7, the proposed MLR downscaling model is sequently executed following
6 steps as described below:
1) Predictor selection and screening: In the first step, based on their correlation to the local
climate in the study area, the GCM-climate predictors of the 20th-century (20c3m) are ranked and
screened for top predictors.
local climate
database

Predictor selection

20c3m
(1971-1999)

Formulate multi-domain
ensembles

Optimized
MLR model

Multi-linear regression
model
Predictor databsae
Predictor optimization

Model validation

Climate projection

SRES
(2000-2096)

21st century climate
(A1B, A2, B1)

Figure 3.7. Schematic diagram of the multi-linear regression (MLR) downscaling process.

79

3.5 Downscaling using the MLR- model
2) Multi-domain ensemble formulation: The selected predictors are combined and classified
into four combinations of multi-choice GCM ensemble, i.e., 1) single-domain predictors, 2)
HiRes predictors, 3) multi-domain predictors and 4) multi-domain+HiRes predictors. Details of
this multi-domain predictor database are described in Section 3.5.2.
3) Multi-linear regression model: The third step is the core of the new MLR-model. The MLR
downscaling technique is used to formulate a relationship between GCM-predictors and local
climate predictands. In the MLR-model, the optimal predictor set is then applied to predict the
climate at a specific site. The downscaling model is calibrated with GCM data and local
observations between years 1971-1999 (20c3m baseline period) using a least-squares method.
The technical description of this MLR-core is provided in Section 3.5.3.
4) Predictor optimization: The fourth step consists in the execution of an extra technical
module to improve the multi-domain MLR predicting performance by optimization of the
predictor-set. The domain size and a seasonal-regression scheme are considered in the MLR
model to optimize the set of input-predictors. Further details on this additional procedure to
enhance the regression model are provided in Section 3.5.4.
5) Model validation: The final MLR-model, calibrated in step 3) and optimized in 4) is validated
in this fifth step, i.e. it is used to predict the regional climate in the study area for years 19861999 and comparing the output with the local observations. The model accuracy and
performance achieved in this step are exhibited in Sections 3.6.1-3.6.3.
6) Climate projection: The last step of the MLR downscaling procedure is the climate
projection over the 21st–century, using climate predictors from the multi-domain GCMensemble of step 2, and following the three SRES scenarios A1B, A2 and B1, in the 20c3m
calibrated MLR-model (step two). The results of this analysis are presented in Section 3.6.4.
In this study, the experiments using the MLR downscaling approach are separated into two parts,
i.e., single-domain and multi-domain downscaling, as listed in Table 3.14. The single domain
downscaling model employs ECHO-G domain to predict daily climate-series. The MLR-dailydaily is used to downscale daily GCM to daily climate time-series. The MLR-daily-monthly uses
the same domain but sums up the daily values for monthly aggregates. Additionally, the MLRmonthly is used to downscale monthly GCM-predictor data into monthly climate series. These
three experiments are used to demonstrate the performance of the single-domain MLR model, in
comparison with the SDSM and LARS-WG models that are likewise applied with ECHO-G.
Another climate database that is employed in the MLR experiment is a High-Resolution GCM
(HiRes GCM) which provides finer gird information for downscaling. The HiRes GCM is
applied in the investigations of multi-domain downscaling by comparing with it with other mixes
of GCM-domains in the multi-domain downscaling experiments that employ different
combinations of CMIP3 GCMs (ECHO-G, BCCR, ECHAM5, GISS and PCM) and Hi-Res
GCM, as listed in the last column of Table 3.14.

3.5.2 Multi-domain GCM ensembles
The studies of climate change impacts on the hydrology at the regional scale such as a watershed
basin increases the demand for high-resolution future predictors from global climate models to
operate the hydrological model (Fowler et al. 2007, Vliet et al. 2011). Unfortunately, the available
GCMs usually provide only a coarse resolution of future climate projections. Moreover, the
uncertainty in the projected climate using a single GCM or even an embedded RCM is not yet
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Table 3.14. Single- and multi-domain- downscaling experiments with the multiple linear
regression (MLR) model to downscale local climate in the study area.
output
variable
experiments name input resolution
GCM model
resolution
MLR-daily-daily
daily 2.5°x2.5°
daily
ECHO-G
1.single domain
MLR-daily-monthly daily 2.5°x2.5°
monthly
ECHO-G
downscaling
MLR-monthly
monthly 2.5°x2.5° monthly
ECHO-G
HiRes MLR
monthly 0.5°x0.5° monthly
HiRes GCM
CMIP3 (ECHO-G,
multi-domain MLR monthly 2.5°x2.5° monthly
BCCR, ECHAM5,
2.multi-domain
GISS,PCM)
downscaling
CMIP3 (ECHO-G,
monthly
multi-domain
BCCR, ECHAM5,
2.5°x2.5°+
monthly
+HiRes MLR
GISS,PCM) + HiRes
0.5°x0.5°
GCM
resolved (Vliet et al. 2011) and using only an individually-running, daily GCM is not warranted to
fulfill the requirements of a reliable hydrological simulation (Salathé 2005). Zhu et al. (2008) and
Fordham et al. (2012) indicate that climate predictions using statistical downscaling of multimodel ensemble using a combination of the predictors from various climate models can partly
overcome the weakness of an individual climate model and strengthens the prediction results.
Therefore, the use of multi-model technique, which combines different variables of GCMs
(Tebaldi and Knutti 2007), is proposed here to enhance the projection of the future climate state.
3.5.2.1

Use of multi-domain and high-resolution GCMs

As introduced in Section 3.3.3, multi-model ensembles are generated under the CMIP3 project
(Meehl et al. 2007) which share a common time-scale and supply predictors of 20 individual
GCMs under the mutual SRES greenhouse gas emission scenarios (Nakicenovic and Swart 2000)
of the IPCC AR4 report (Solomon et al. 2007). Another experiment with a multi-ensemble
model is the perturbed physics ensemble (PPE) (Murphy et al. 2004, Stainforth et al. 2005),
where the climate predictors are produced from multi distributions of the model parameters and
which are considerably larger than the number of CMIP3- multi-model ensembles (Murphy et al.
2004). However, because of the huge number of adjustable climate parameter, there are still
considerable uncertainties in the climate predictions (Solomon et al. 2007). Therefore, in this
study only the multi-domain GCM-output from the CMIP3 database is selected.
Downscaling of GCM- predictors should carefully consider the model domain, size and the
resolution (Giorgi and Mearns 1991, 1999). The resolution of the GCM is also another factor to
consider when performing regional climate studies (Giorgi and Mearns 1991, 1999, Mearns et al.
2003). Accordingly, high-resolution, 0.5o x 0.5o grid climate models have been developed (e.g.
Saarikko and Carter 1996, New et al. 1999, New et al. 2000, Mearns et al. 2003). The advantage
of using such high-resolution models in the present study is also indicated by Table 3.15, which
shows the correlation coefficients between the predictors from both the coarse multi-domain
GCMs and the high-resolution GCM and the local climate variables in the study are. One can
thus notice that for most climate variables the correlation coefficients of the high-resolution
GCM are higher than those of the simple coarse multi-domain GCMs.
However, using only a high-resolution GCM for the prediction of climate probably provides
relative poor performance, when compared with the use of a regression downscaling (transfer
model) technique (Kidson and Thompson 1998). Hence, to improve the prediction confidence,
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the use of a multi-domain GCM is suggested (Mearns et al. 2003). Therefore, in this study both
multi-domain and high-resolution GCMs are employed to improve the climate projections.
Based on the idea that every predictor in a multi-model ensemble probably provides a potential
predictor of future climate (Semenov and Stratonovitch 2010), the predictor-sets from the
CMIP3- multi-domain- and from the High-Resolution GCM are, consequently, treated equally
by screening all the predictors under the same criteria, i.e. by not weighting them. Accordingly, a
total set of 1340 multi-domain predictors belonging to five coarse-grid GCMs, with 256 GCMvariables each, and another set of five predictors from the high resolution, HiRes GCM (see
detail in Section 3.3.1) are employed in the predictor-screening process.
Table 3.15. Average correlation between monthly CMIP3 multi-domain GCM-predictors, as
well as of the high-resolution GCM and the observed climate variables during years 1971-1999.
average correlation
GCM type
predictor
Tmax
Tmin
HMD
SLR
PCP
%Wet
CMIP3
optimal
0.47
0.89
0.54
0.65
0.56
0.66
multi-domain
predictor
Cld
0.10
0.59
0.63
0.57
0.64
0.77
Dtr
0.29
0.85
0.55
0.08
0.45
0.55
HiRes GCM
Pre
0.08
0.37
0.71
0.46
0.76
0.76
Tmp
0.71
0.91
0.33
0.26
0.21
0.28
Vap
0.48
0.89
0.67
0.07
0.53
0.62
Note: The optimal parameters are highlighted in bold italics

3.5.2.2 Comparative evaluation of multi-domain downscaling
To investigate the performance of the multi-domain MLR-regression downscaling model,
comparative experiments of this technique applied to climate predictor from the various sets of
GCMs as discussed have been carried out. The experiments are separated into four cases, as
shown in Table 3.16, belonging to two main groups, i.e. single-domain (Nos.1 and 2) and multidomain (Nos.3 and 4) MLR- models. In each of these two groups the coarse 2.5° x 2.5° GCMset, as indicated is supplemented by the 0.5° x 0.5° High-Resolution GCM (Nos. 2 and 4). The
single-domain MLR- model corresponds to the MLR-monthly models of Table 3.14. The results
of these four experiments applied to the study region and the corresponding prediction skills of
these four MLR-downscaling options will be presented later in the validation section.
Table 3.16. List of downscaling experiments with various combinations of single- and multidomain GCMs with the MLR- downscaling model to evaluate the performance of climate
prediction as a function of the characteristics of the parent GCM(s).
experiments

domain resolution

1.single-domain
MLR (MLR-monthly)
2.single-domain
multi-domain MLR

single
domain
single
domain

3.multi-domain
multi-domain MLR

multi
domain

4.multi-domain+HiRes
multi-domain MLR

multi
domain
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GCM-model

number of MLR
predictors
20th future scenario
century sub model n

2.5°x2.5°

ECHO-G

21

-

21

0.5°x0.5°

Hi-Res GCM

5

5

5

256

-

256

256+5

5

256+5

CMIP3 multi-domain GCM
(ECHO-G,BCCR,
ECHAM5,GISS,PCM)
2.5°x2.5°+ CMIP3 (ECHO-G,BCCR,
0.5°x0.5° ECHAM5,GISS,PCM) + Hi-Res
2.5°x2.5°
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3.5.3 MLR- core module
Multi-linear regression (MLR) is the core of the long-term climate downscaling methodology
proposed in this study. This MLR-technique is similar to the model used in the data
reconstruction (see Section 2.3) in that MLR formulates a linear relationship between an
observed climate predictand and a set of atmospheric GCM- predictors , which can be
written as:
(3.9)
where is the dependent climate variable vector, is the independent GCM predictor vector,
are the unknown regression coefficients and is the error term or noise. These coefficients of
the regression model are determined by using a least squares technique and solving the set of
(normal) equations by means of a QR-decomposition (Wilkinson and Rogers 1973, Chambers
and Hastie 1992).
The optimal number of predictors ( ) is chosen based on the analysis of the goodness of fit of
the MLR- model to the observed data. More specifically, the Akaike information criterion (AIC)
as described in Eq. (2.3) is used. By changing the size of predictor-set in the model, following
the rank of predictors (as mentioned in screening process section 3.3.4), the optimal number of
predictors ( ) in the MLR- model is that which provides the lowest AIC value.
To further optimize the MLR- model, four techniques of predictor selection in this so-called
method of stepwise regression, i.e. exhaustive search, forward and backward stepwise and
sequential replacement (Miller 2002), are comparatively examined in the model calibration.
Employing years 1971-1985 time series of observed climate variable and GCM-predictors, the
MLR-models are calibrated by using four predictor-sets obtained with these variants of stepwise
regression. The best technique is chosen from the lowest values of the Bayesian information
criterion (BIC) of the calibrated MLR models, which is defined as (Schwarz 1978):
(3.10)
where is the maximized value of the likelihood function for the calibrated model, is the
number of predictors including the intercept and is the number of observation data points.
Note that the difference between AIC and BIC is that the BIC is used to select a proper model
among the various candidate models, while the AIC value is used, as mentioned above, to find
the optimal size of predictors in the selected model.
Among the four models obtained with the different predictor-selection techniques, the BICs
show that the exhausted-search variant provides the best MLR- model. Therefore, this method,
which is the simplest method but take the longest modeling time, is applied here for the
optimization of the regression-equations (transfer-model) in this downscaling model. The
algorithmic flow diagram of the MLR model is illustrated in Figure 3.8.
In model validation, the downscaling data- time period is separated by a ratio 50%:50% into a
calibration- (1971-1985) and verification- (1986-1999) period. The modeling skill is evaluated by
the root mean square error and Nash-Sutcliffe coefficient for the predicted climate variables, i.e.
min. and max. temperature, rainfall, probability of wet day, humidity and solar radiation. It
should be noted that the MLR-model to downscale the precipitation is conditionally optimized
by setting the particular minimum value of rainfall to zero. However, the minimum predicted
rainfall is limited to 0.5 mm/day, which means that if the former is less than this limit, the
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corresponding day is set to dry state. The MLR- downscaling model and the optimizing
technique are written in the R-programming language (R Development Core Team 2011) and the
whole script has more than 2500 lines of code.

3.5.4 Predictor optimization
Since the prediction skills of a particular GCM/MLR-downscaling combination depend on the
individual parent GCM-model used, an optimal selection of the predictors in the multi-ensemble
GCM is necessary (Kar et al. 2012). The methodology used purpose is described in the following
sub-sections.
3.5.4.1

Predictor-selection in the MLR- model

The primary aim of predictor-screening is to provide the downscaling/forecasting model the
best set of appropriate predictors (Wilby et al. 2002). Here the most challenging process is to
consider that set of predictors, which is able to best represent the climate character in the
downscaled study area (Winkler et al. 1997, Charles et al. 1999b). In recent studies of climate
prediction, optimization techniques such as the use of filtered data (Yun et al. 2005) and the
ranking score (Chakraborty and Krishnamurti 2009) are usually employed to enhance the
performance of multi-ensemble downscaling. Accordingly, the predictor-selection proposed here
uses also two main filters, i.e. domain size and optimal seasonal scheme, and is based on
screening and ranking of climate predictors. The modules of selection and optimization are
sketched in Figure 3.9, and all these processes are integrated into the MLR- core model.
In the selection process, firstly, a cross-correlation analysis is done which defines the rank of the
predictors by their correlation power. These ranked predictors are then arranged from highest to
lowest rank. Then, increasing subsets of the ranked GCM-predictors are employed in the MLRmodel. While the number of predictors is increased, the selection of reliable predictors and the
optimization of multi-model ensemble can be possibly improved by giving more the regression
model more choices. However, when there are more predictors, the prediction model gets more
complicated and errors will increase. Therefore, the verification power of the various modelvariants is measured, as discussed, by the Akaike's information criterion (AIC) which, in simple
words, defines a compromise between good model performance and low number of predictors.
Practically, to find the best scheme for downscaling, the maximum size of a predictor-set starts
with five predictors and is increased at intervals of five up a maximum of 30 predictors. This
upper limit of 30 predictors was found beforehand from the optimal AIC value for the fits of the
MLR- model to the climate variables at each climate site in the study region.
Moreover, to find the best seasonal scheme, the seasonal regression is formulated according to
four schemes, i.e., single season (s0), two-season (s2), three-season (s3) and four-season (s4),
similar to what has been described in the seasonal variation section 2.4.1. Another process in
choosing the best scheme in seasonal regression is further explained in the next section.
By using the set of predictors as mentioned above, the predictors of the MLR-model are fitted to
the observed predictands in the calibration period and this fitted model is then verified in the
verification period. The accuracy of each predictor-set with specific number of predictors and
the seasonal scheme are evaluated based on R2 - and AIC- values. However, when using AIC
alone in the predictor-evaluation for large and complex GCM-domains, the selection procedure
takes a long processing time and may lead to overfitting (Bozdogan 2000, Claeskens and Hjort
2008). Consequently, to optimize a large predictor-set, the model-accuracy of the MLR- model is
estimated from the residual error in validation by choosing an initial number of predictors
(predictor set with k = 5, 10, …, 30) in the downscaling process. The Nash-Sutcliffe coefficient
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Multi-linear regression model to downscale
predictors
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by optimal AIC
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predictor-selection
exhaustive search – f1
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regression - verification
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model
performance

Downscaling function

Climate projection
Figure 3.8. Schematic diagram of the optimization of the single-domain MLR- downscalingmodel for the selection of the best predictors for use in the final downscaling model.
(NS) is then employed to measure the model-accuracy in this process, by finding the best This
predictor set is later selected for finding the exact number of predictors, but now using the best
R2 - and AIC- values.
For example, based on the best NS for the k = 5, 10, … ,30 predictor sets, .the sizes of the
domain for predicting the maximum temperature and the precipitation at station 48459 are
optimal for k=5 and k=10 predictors, respectively. These numbers are then used to limit the
exact number of predictors further using the AIC-criteria. The two panels of Figure 3.10
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Figure 3.9. Schematic diagram of screening and selecting the seasonal predictor set in the MLRmodel using parent multi-domain GCMs- or single-domain Hi-Res GCM- predictors.
show the variations of R2 and AIC as a function of the number of predictors k<5 and k<10 for
maximum temperature and precipitation, from which one can deduce that the lowest AICs for
these two climate variables are obtained for 2 and 8 predictors, respectively.
3.5.4.2 Optimization by seasonal schemes
Since the use of the season in a downscaling model can determine the statistical characteristics of
the projected climate (Winkler et al. 1997), a multi-season scheme is applied in this section in the
MLR- model to optimize the downscaling outcome.
The selection of the seasonal scheme is established among different periodic separations
wherefore the 12 months of a year are divided into periods of 2, 3 and 4 seasons (see Table 2.4).
For comparison a non-season (full year data) downscaling is also applied. To improve the
prediction power, the regression equations are set up in this section as a dynamic regression
model that is able to affect the corresponding climate predictor seasonally.
The possible seasonal separations are examined for years 1971-1999 by this seasonal regression
approach. As shown in Figure 3.11, the seasonal regression analysis regresses the observed
precipitation linearly over the precipitation predictors from Hi-Res GCM (Hi-Res.pre), following
three seasonal schemes by seasonal assortment, as (separated by colors):

86

Chapter 3. Long-term climate predictions

AIC

2

R

AIC

PCP

R

2

Tmax

Figure 3.10. Search for the exact number of predictors for the prediction of the maximum
temperature (left chart) and precipitation (right chart) at station 48459 with the MLR-model
using a k-order regression model, by considering R2 (left axis) and AIC (right axis). The red
vertical line indicates the optimal number of predictors, as characterized by the minimal AIC.

b)3 seasons

c)4 seasons

obs. precipitation(mm/day)

a)2 seasons

Hi-Res.pre (mm/month)

Hi-Res.pre (mm/month)

Hi-Res.pre (mm/month)

Figure 3.11. Seasonal regressions of observed precipitation at station 48092 on precipitation
predictors from high resolution GCM (Hi-Res.pre) between years 1971-2005. Listed on top of
each panel are the coefficients of determination (R2) of the various linear regression lines for the
annual and possible seasonal regressions, respectively, for the year separated into a) 2 seasons, b)
3 seasons and c) 4 seasons.
a) 2 seasons : a = annual, s1=dry season [Nov-Apr], s2= wet season [May-Oct]
b) 3 seasons : a = annual, s1=winter season [Dec-Feb], s2= summer [Mar-Jun], s3= rainy
[Jul-Oct]
c) 4 seasons : a = annual, s1=dry season [Oct-Dec], s2= pre-monsoon [Jan-Mar], s3=
monsoon1 [Apr-Jun] and s4= monsoon2 [Jul-Sep].
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In addition, the linear regression lines in the plots of Figure 3.11, the coefficients of
determination (R2) of the various regression fits are listed in the sub-title of each chart. Thus for
the annual regression (a) or non-season scheme R2= 0.58 is obtained On the other hand, among
the three seasonal schemes, the 4-season scheme indicates an even better correlation between
observations and predictors for the dry season (Oct-Dec) (s1 in Figure 3.11c) with R2 = 0.69.
The outcome of this regression analysis can then be used for seasonal forecasting by employing
specific seasonal regression schemes. Thus by separating the climate time-series into periods
following the various seasonal schemes, each season has its own regression function to produce
unique forecasting for that season. The selection of best alternative scheme is measured by the
performance at model verification, whereby the optimal scheme providing the highest accuracy is
subsequently applied for projecting the future climate.
According to the two main objectives of the MLR- optimization, i.e., size of domain and
seasonal scheme, these two are the analyzed in the MLR- downscaling model, which is calibrated
and verified for years 1971-1985 and 1986-1999, respectively. More specifically, the performance
of the model as a function of the number of predictors and the type of seasonal scheme is
investigated for the verification period in terms of the NS-coefficients. The results are shown in
the barplots of Figure 3.12, which indicates that the predictions of the maximum and minimum
temperature and of the rainfall are optimal at domain size of 5, 5 and 15 predictors for the
single-season (annual), 3-season- and 3-season schemes, respectively, as marked by the asterisks.

Figure 3.12. Model performance, as measured by the NS- coefficient, of the MLR-downscaling
model with multi-domain parent GCMs to predict monthly climate variables at station 48459 in
the verification period year 1986-1999, using four multi-season schemes (s0, s2, s3 and s4) and a
limited number of predictors (prd05, prd10, prd15, prd20, prd25 and prd30). The three asterisks
mark the optimal size of domain and best seasonal scheme for the three climate variables.
These individual configurations, i.e. number of predictors (n.prd) and number of seasonal
schemes (SS) are then employed in the MLR- downscaling model to finally define the best
predictor-set, based on the minimum AIC, as described in the last section, and the seasonal input
according to the best seasonal scheme for projecting the climate in the eastern seaboard. The
average values of size of domain and number of season for the climate variables at all stations in
the study find by the individual MLR- configuration are listed in Table 3.17. One may notice
that the optimal domain size ranges between 3 and 20 predictors and the optimal seasonal
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scheme lies between a 3- and a 4-season. Also, the downscaling of the two temperatures with the
multi-domain GCMs requires generally less predictors than that of the precipitation.
Table 3.17. The optimal limited number of predictors (n.prd) and number of seasons (n.season)
used in the MLR-downscaling model variants, depending on the kind of parent GCMs used.
variable
Tmax
Tmin
PCP
%Wet
HMD
SLR

GCMs
n.prd
n.season
5.0
2.3
6.3
3.0
11.2
3.7
5.8
3.4
8.8
3.0
5.0
4.0

High-Res
n.prd
n.season
5.0
3.8
5.0
3.5
5.0
3.7
5.0
2.3
5.0
4.0
5.0
4.0

GCMs+High-Res
n.prd
n.season
11.3
3.3
8.8
3.3
11.8
3.6
7.6
3.0
15.0
3.0
7.5
4.0

To evaluate the benefits of the seasonal regression in downscaling, the model performances of
the MLR-model with and without (no-season) seasonal schemes are determined in terms of the
NS- coefficient. The results are shown for the 1986-1999 verification period in Figure 3.13.
Clearly, the regression model using seasonal schemes demonstrates a better skill with a higher
NS-coefficient in predicting the climate than the non-season downscaling scheme, and this holds
for all climate variables considered. Moreover, for all three parent GCM- predictor sets, the
strongest improvement is obtained for the solar radiation (SLR), while for the two temperatures
and the rainfall the improvements are less significant, when using seasonal schemes.

Figure 3.13. Average model performance, as measured by the NS-coefficient, of the MLRdownscaling method for predicting climate in the study area for verification years 1986-1999,
with and without (no-season) seasonal schemes and using three GCM- predictor sets.

3.6 Validation of the downscaling models
The MLR- downscaling model and the two conventional downscaling tools, SDSM and LARSWG, are evaluated and their performances compared in this section. These models are classified
into single- and multi-domain groups, depending on whether predictors from one or several
parent GCMs are used. According to the list of input GCMs and downscaling methods of Table
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3.1, the single-domain downscaling includes SDSM, LARS-WG and single-domain MLR models.
The multi-domain downscaling is represented by the multi-domain MLR model.
To demonstrate the performance in long-term climate prediction, the downscaling experiments
over the 20th-century reference period are divided into 1) a calibration period 1971-1985 and, 2) a
verification period 1986-1999, i.e. the total validation period is 1971-1999 and not from 19712000, as is usually the case. This is due to the fact that, whereas the available baseline period of
the single-domain GCMs ECHO-G and Hi-Res GCMs is 1971-2000 (20c3m), that of the multidomain GCMs is 1971-1999, so that for an meaningful comparison of the two groups, a
common validation period had to be defined.
The prediction performance of the various GCM/downscaling model combinations is measured
by the Nash–Sutcliffe model efficiency (NS) (Nash and Sutcliffe 1970) which is determined
separately for the calibration and verification periods. The NS-coefficient is defined as:
∑
∑

̅

(3.11)

where NS is Nash–Sutcliffe model efficiency of model prediction at the certain time from day
t=1 until day n, is the observed values of predictand at time t,
is the modeled value at time
t and ̅ is the average of observed values. If the NS is lower than zero (NS <0), the predicting
performance is considered to be unacceptable. On the other hand, whenever NS > 0.5, the
prediction skill is considered to be at an acceptable level (Moriasi et al. 2007).

3.6.1 Validation of the single-domain downscaling tools
To consider the comparative performance of downscaling model using a single-GCM in climate
prediction, the SDSM and LARS-WG, and single-domain MLR models, which employ ECHOG daily GCM data in downscaling climate in study area, are validated here according to the
calibration and verification schemes. The comparative downscaling results and predicting
performance from these three models are demonstrated and evaluated here.
3.6.1.1

Validation of SDSM- and LARS-WG- models

In the validation of SDSM, the calibrated model is employed to downscale daily climate variables
of maximum and minimum temperature and rainfall in the Eastern seaboard of Thailand year
1971-1999. As mentioned in the previous chapter, data from four temperature- and 24
precipitation sites (see Figure 2.2) are employed for model calibration and verification.
Originally, the SDSM model employed gridded data from the National Centre for
Environmental Prediction (NCEP), i.e. the NCEP-reanalysis data set (Kalnay et al. 1996) to
execute the model calibration. However, SDSM is here adapted to be compatible with the
ECHO-G GCM, which is the common parent GCM used in most downscaling experiments of
this study.
Using 30 individual different random seeds, SDSM simulation generates 30 realizations of daily
climate time-series for the 1986-2000 –verification period, as shown in Figure 3.14. Although
the average values of these 30 climate realizations are close to the observed series, the extreme
values, i.e. the high and low peaks of the downscaled climate realizations often extend beyond
those of the observed series. Notice that the mean of the downscaled maximum temperatures in
the 1995-2000 time period is does not exhibit the increasing trend in the observed time series
which is, most likely, due to biases in the ECHO-G predictions for the study region.
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Daily maximum temperature

Daily minimum temperature

Daily precipitation

Figure 3.14. 1971-2000 observed and downscaled predictions of Tmax and Tmin temperatures
at station 48478 and precipitation at station 48092, using the SDSM-model with parent ECHOG GCM-predictors, and calibrated in the 1971-1985 time interval.
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Daily maximum temperature

Daily minimum temperature

Daily precipitation

Figure 3.15. Similar to Figure 3.14, but using the LARS-WG downscaling model with ECHOG GCM- predictor input.
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LARS-WG is validated in a similar manner, wherefore site-base and scenario files containing the
climate characters and change factors of future climate are used to synthesize 30 realizations of
daily precipitation and temperature for the 1986-2000 period, based on 1971-1985 site-based
data. The results are shown in Figure 3.15, which indicates that, similar to SDSM, the
realizations of the LARS-WG predictions are within the range of the observed climate and
cannot mimic well the increasing observed maximum temperatures in the 1995- 2000 period.
Comparing Figure 3.14 and Figure 3.15 one may notice that the peaks of the observed
temperatures are fit somewhat better with LARS-WG than with SDSM. The opposite is true for
the peaks of the observed rainfall, which are better simulated by SDSM than by LARS-WG.
The visual differences between the observed and predicted climate series exhibited in Figure
3.14 and Figure 3.15 are further quantified by the various measures of the residual errors
between observed and predicted data series, as mentioned earlier, which are ME, RMSE and the
NS-coefficient. Table 3.18 and Table 3.19 summarize the values of these error measures for the
SDSM- and the LARS-WG downscaling predictions, respectively, wherefore the estimations
have been done separately for the 1971-1985- calibration- and the 1986-1999- verification
periods. In addition, the error measures are not only calculated for the original daily time climate
data, but for monthly aggregated (daily) climate series as well.
As shown in Table 3.18, the prediction performance of SDSM in both daily and monthly series
is rather low and mostly unacceptable (NS<0). The results of LARS-WG in Table 3.19
demonstrate that the predictions of daily and monthly minimum temperatures and of the
monthly precipitation are acceptable (NS>0), while the predictions of the minimum temperature
are good result (NS>0.5) at the aggregated monthly time scale.
Table 3.18. Performances of the SDSM downscaling model, as measured by the ME, RMSE
and NS-coefficient, in generating daily and monthly aggregated temperatures and precipitation
for the 1971-1985- calibration- and the 1986-1999- verification periods.
type

predictand

Tmax
daily
Tmin
PCP
Tmax
monthly Tmin
PCP

unit

no of stations

C
C
mm/day
C
C
mm/day

4
4
24
4
4
24

calibration performance

n
5479
5479
5479
180
180
180

avg.
-0.1
-0.1
2.6
-0.1
-0.1
2.6

RMSE
1.8
2.5
10.6
1.1
2.0
5.4

verification performance

NS
n avg. RMSE NS
-0.20 5479 -0.9 2.0 -0.36
-0.03 5479 -0.6 2.8 -0.33
-0.30 5479 2.3 11.8 -0.29
-0.17 180 -0.9 1.5 -0.69
0.04 180 -0.6 2.2 -0.40
-2.27 180 2.3 5.7 -1.92

Table 3.19. Similar to Table 3.18, but for the LARS-WG downscaling model.
type

predictand

Tmax
daily
Tmin
PCP
Tmax
monthly Tmin
PCP

unit

no of stations

C
C
mm/day
C
C
mm/day

4
4
24
4
4
24

calibration performance

n
avg.
5479 0.0
5479 0.1
5479 0.0
180 0.0
180 0.1
180 0.0

RMSE
1.5
1.8
9.9
1.5
1.8
9.9

verification performance

NS
n avg. RMSE NS
0.07 5479 -0.9 2.0 -0.20
0.53 5479 -0.4 2.0 0.40
-0.12 5479 -0.4 11.0 -0.09
0.07 180 -0.9 1.4 -0.27
0.53 180 -0.4 1.0 0.71
-0.12 180 -0.4 2.9 0.41
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This comparative assessment of the two downscaling methods with regard to their abilities to
generate daily and monthly time-series will be extended further in Chapter 5 by including results
of the simulations of the new daily weather generator developed there.
3.6.1.2

Validation of the single-domain MLR-model

In this section the accuracy and performance of multi-linear regression (MLR) model in
downscaling climate by using a single-domain GCM, i.e. ECHO-G, is examined here and
compared with the results of SDSM and LARS-WG that also employ ECHO-G GCM data. As
ECHO-G provides both daily and monthly predictors (see Table 3.1), both variants of the
single-domain MLR model (MLR-daily and MLR-monthly) are employed in this validation. The
single-domain MLR is different from multi-domain MLR in that the latter mainly focuses on
monthly data by using multi-domain and high-resolution GCMs in downscaling as will be
examined further in the next section.
The single-domain MLR- model is validated by generating daily climate time-series for years
1971-2000. This time period is then divided into a 1971-1985 calibration- and a 1986-2000
verification period. The time-series generated in this are shown in Figure 3.16, from which one
can notice that although the downscaled synthetic minimum temperatures are close to the
observed ones, for the time series of the maximum temperatures and the rainfall in the study
area, the discrepancies between observed and simulated values are much larger. This indicates
that the MLR-model cannot describe the full range of fluctuation, i.e. peaks or extreme values
for these two climate variables, but only their average trends, similarly to what has been found
for SDSM and LARS-WG in the previous section.
The prediction skills of the single-domain MLR-downscaling model in generating climate on the
daily and monthly scale, as measured by the named statistical performance evaluators ME,
RMSE and NS-coefficients are listed in Table 3.20. The MLR-daily provides daily output (MLRdaily), while the MLR-monthly is driven by monthly GCM-predictors for the monthly output
(MLR-monthly). In addition, the MLR-daily-daily output can be – likewise to what has been
done previously for SDSM and LARS-WG - summed up to provide an aggregated monthly
series (MLR-daily-monthly). The results of Table 3.20 indicate that the predicting performance
of the two monthly prediction variants MLR-daily-monthly and MLR-monthly are consistently,
Table 3.20. Model performance, as measured by the ME, RMSE and NS-coefficient, in
calibration- and verification years 1971-1985 and 1986-1999, respectively, of the single-domain
MLR-downscaling model in combination with the parent GCM ECHO-G for (a) generating
daily climate from daily predictors (MLR-daily), (b) monthly climate from daily predictors (MLRdaily-monthly) and (c) generating monthly climate from monthly predictors (MLR-monthly).
model

MLRdaily
MLRdailymonthly
MLRmonthly

predictand

unit

n station

Tmax
Tmin
PCP
Tmax
Tmin
PCP
Tmax
Tmin
PCP

◦C
◦C
mm/day
◦C
◦C
mm/day
◦C
◦C
mm/day

4
4
24
4
4
24
4
4
24

calibration performance

N
5479
5479
5479
180
180
180
180
180
180

avg. RMSE NS
0.0
1.5 0.11
0.0
1.9 0.43
0.0
9.2 0.04
0.0
0.8 0.31
0.0
1.0 0.74
0.0
2.6 0.33
0.0
0.8 0.35
0.0
0.9 0.80
0.0
2.5 0.40

Note: NS>0.5, i.e. which are at the satisfactory level, are highlighted in bold italics
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verification performance

n
5479
5479
5479
180
180
180
168
168
168

avg. RMSE NS
-0.7
1.8 -0.09
-0.4
2.0 0.30
-0.2 10.4 0.03
-0.7
1.2 -0.15
-0.4
1.2 0.59
-0.2
3.1 0.30
-0.6
1.1 0.00
-0.4
0.9 0.73
0.5
3.0 0.37
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Tmax (ECHO-G)
-15.25 +0.136*tasmin.2 +0.015*rlds -0.224*tas.2 +0.046*tasmin.1 +0.150*tasmax.2 +0.028*ta.70000 +0.003*hfls
Tmin (ECHO-G)
-51.92 +0.478*ua.100000 +0.340*vas +0.147*va.100000 +0.026*rlds -0.195*ua.85000 +0.001*psl 119.891*hus.100000 +258.157*hus.70000

PCP (ECHO-G)
-1.93 +286.352*hus.100000 -0.056*ua.40000 +0.004*hfls

Figure 3.16. 1971-2000 observed and downscaled predictions of Tmax and Tmin temperatures
at station 48478 (upper chart) and precipitation at station 48092 (lower chart), using the singledomain MLR-downscaling model with parent ECHO-G GCM-predictors, and calibrated in the
1971-1985 time interval. The corresponding linear regression equations are listed above the
charts.
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and expectedly higher than that of the pure MLR-daily and this holds for both the calibrationand verification periods. The NS-values are particularly high (NS>0.5) for the minimum
temperature time-series and are similar to those obtained with the LARS-WG previously.

3.6.2 Validation of multi-domain downscaling
The sum-up (aggregation) of the daily predictands to monthly series, as done in the MLR dailymonthly variant of Table 3.20, indicates that this approach is less accurate than using monthly
GCM-predictors directly (MLR.-monthly). Consequently, it appears to be desirable to use
monthly climate predictors from a multitude of GCMs for downscaling (multi-domain
downscaling) by means of the MLR-model. Following Table 3.1, the multi-domain GCM group
consists of the five GCMs, ECHO-G, BCCR, ECHAM5, GISS and PCM (see Table 3.1). For
comparison a single-domain high-resolution (HiRes) GCM is also selected for downscaling to
compare it with the two conventional daily downscaling tools SDSM and LARS-WG as well as
with the single-domain MLR model.
In this section, the monthly high-resolution (HiRes), the multi-domain GCM (GCMs) and a
combination of the two (GCMs+HiRes) are then used in conjunction with the MLR-monthly
downscaling model to generate monthly climate predictors for maximum (Tmax) and minimum
(Tmin) temperature, humidity (HMD), solar radiation (SLR), precipitation (PCP) and probability
of wet day (%Wet) for the 1971-1999 period, which is divided equally again in a calibration- and
a verification period.
The prediction performances of the high-resolution/multi-domain MLR-models, as measured by
the NS-coefficient, using HiRes, GCMs and GCMs+HiRes to predict monthly climate in the
study area, are listed for both the calibration and verification period in Table 3.21. The numbers
in the table indicate that HiRes and GCMs+HiRes perform the best in predicting the climate in
the study area, with all but one NS-value being much above 0.6. Although the NS-values for the
multi-domain group of GCM are still acceptable (NS>0.5), these results clearly show the
advantage of using a fine-grid, high resolution parent GCM for climate predictions.
Table 3.21. Nash–Sutcliffe (NS)-coefficients measuring the performances of multi-linear
regression (MLR) downscaling with various parent GCM-domains, to predict monthly climate
variables for the calibration- and verification periods 1971-1985 and 1986-1999, respectively.
calibration
verification
predictand
HiRes
GCMs
GCMs+HiRes
HiRes
GCMs
GCMs+HiRes
Tmax
0.762
0.514
0.769
0.440
0.135
0.273
Tmin
0.935
0.843
0.934
0.870
0.793
0.883
PCP
0.679
0.585
0.714
0.588
0.571
0.618
%Wet
0.705
0.651
0.715
0.623
0.634
0.699
HMD
0.773
0.591
0.787
0.645
0.527
0.645
SLR
0.867
0.800
0.855
0.323
0.625
0.611
Note: The best models are highlighted in bold italics

The best set of GCM-domain predictors in generating the monthly time-series are selected for
each climate site. To screen the best domain in climate projection, the verification – simulations
for years 1986-1999 are individually executed to select this best domain of predictors. By
choosing the best predicting skill for this period, as measured by the NS-coefficient (see below),
the optimal domains for downscaling the climate at the corresponding climate station are
selected. Table 3.22 lists for each climate variable, how many stations use predictors from a
particular GCM-domain in the prediction of this variable for the study area. One can notice that
the multi-GCM employing GCMs and Hi-Res are the most-frequently employed domains.
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Table 3.22. Number of stations using predictors for a climate variable in the MLR.-monthly
method from one the three groups of GCM-domains for the verification period 1986-1999.
number of stations using predictors from a particular GCM-domain

predictand
Tmax
Tmin
HMD
SLR
PCP
%Wet

single GCM
HiRes
1
1
3
5
13
19

GCMs
2
1
1
9
3
16

multi GCMs
GCMs+HiRes
1
2
1
1
10
8
27

total

4
4
4
2
24
24
62

Figure 3.17 and Figure 3.18 shows the multi-domain monthly MLR- downscaled temperature
and rainfall time-series, respectively, at station 48459 for 1971-1999 by optimal predictor set of
Table 3.22 by using multi-domain MLR model., wherefore the regression equations used are
written out at the top of the charts. In Figure 3.17, the prediction of the maximum temperature
uses the GCMs+Hi-Res domain in the regression downscaling with the four-season scheme. For
the minimum temperature, the Hi-Res GCM with the three-season scheme is employed. Similar
to the maximum temperature, the prediction of the rainfall series shown in Figure 3.18 employs
the GCMs+Hi-Res domain, but uses only three seasons in the seasonal regression scheme.
The two Figure 3.17 and Figure 3.18 show that the monthly climate time-series generated by
the multi-domain MLR-model are well able to mimic the fluctuations of the observed series.
Although the maximum temperature series of Figure 3.17 exhibits larger residual errors in years
1995-2000, the increasing trend in the observed series in this period is now also visibly
represented by the downscaled series, unlike the SDSM, LARS-WG and single-domain MLRmodels applied in the previous section, which all could not mimic this change.

3.6.3 Performance comparison of the various downscaling models
An inter-comparison of downscaling results is encouraged (Mearns et al. 2003) when applying
different downscaling approaches. Therefore, in this section, the performance of all downscaling
models, i.e., SDSM, LARS-WG, single-domain- and multi-domain MLR models are evaluated
and compared.
3.6.3.1

Performance of all single-domain downscaling models

The performance of SDSM, LARS-WG and the single-domain MLR-models which employ daily
predictors from a single-domain GCM (ECHO-G) to project the maximum and minimum
temperature and rainfall in the study area are comparatively evaluated here. One way to evaluate
the skill of daily climate prediction is to see how well the predicted climate series mimics the
fluctuations of the observed series. This can be quantified by the computation of the crosscorrelation between the two series, as defined in Eq. (2.1). For SDSM and LARS-WG, the
average cross-correlation of all realizations is used in the assessment of the model performance.
Figure 3.19 shows these cross-correlations between observed and predicted climate series
obtained with the SDSM, LARS-WG and the MLR-daily model for the 1986-1999 verification
period. One may notice that the MLR- daily model has overall the best prediction skill, except
for the minimum temperature, where LARS-WG works slightly better.
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Figure 3.17. Calibration and verification of multi-domain MLR- downscaling model employing
multi-domain GCMs (GCMs+HiRes) and single-domain GCM (HiRes) to predict monthly
maximum and minimum temperature at station 48478 for years 1971-1999, and using 1971-1985
as calibration time period.
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Figure 3.18. Calibration and verification of multi-domain MLR-model employing multi-domain
GCMs (GCMs+HiRes) to predict monthly rainfall at station 48092 for years 1971-1999, and
using 1971-1985 as calibration time period.

Figure 3.19. Similarity of observed and downscaled daily temperatures (at 4 stations) and
precipitation (at 24 stations), as measured by the cross-correlation coefficients for the verification
time period 1986-1999, following the calibration time period 1971-1985.
As discussed, a model’s prediction skill can also be evaluated by the Nash-Sutcliffe (NS)
coefficient. In Table 3.23 the NS- coefficients obtained with the three downscaling methods are
listed, wherefore the estimation has been made separately for the calibration- (1971-1985) and
the verification (1986-1999) period. Also, the models are evaluated for the prediction on the daily
and on the monthly time scale, whereby in SDSM, LARS-WG and MLR-daily daily ECHO-G
predictors (see Table 3.1) are used and, in the case of monthly prediction, their downscaled daily
climate series are aggregation to monthly values. Only for MLR-monthly (MLRm), monthly
ECHO-G predictors are used directly.
99

3.6 Validation of the downscaling models
Table 3.23 indicates that for daily downscaling MLR-daily (MLRd) provides the best predicting
performance for daily maximum temperature and precipitation, whereas LARS-WG is best for
daily minimum temperature. For monthly predictions, MLR-monthly (MLRm) is best in
predicting temperatures (Tmin and Tmax) and LARS-WG is best in predicting precipitation.
When considering these performances, despite that the prediction of Tmin by MLR-monthly is
satisfied (NS>0.5), the other variables are just only acceptable (NS>0). These outcomes show
that SDSM performs rather poorly, whereas the LARS-WG- and MLR-daily/monthly- models
deliver an acceptable performance in downscaling climate predictors from a single-domain
parent GCM (ECHO-G).
Table 3.23. Performance of daily and monthly climate predictions as measured by the NashSutcliffe (NS) efficiency coefficient in calibration- (1971-1985) and verification mode (19861999), using SDSM, LARS-WG and MLR-downscaling models, based on daily and monthly
ECHO-G GCM- large scale predictors (see text for further explanations).
type
daily
prediction
monthly
prediction

predictand
Tmax
Tmin
PCP
Tmax
Tmin
PCP

calibration

verification

SDSM LARS-WG MLRd MLRm
-0.20

0.07

0.11

-0.03

0.53

-0.30
-0.17
0.04

SDSM

LARS-WG MLRd MLRm

-

-0.36

-0.2

-0.09

-

0.43

-

-0.33

0.40

0.30

-

-0.12

0.04

-0.29

-0.09

0.03

-

0.39
0.81
0.41

0.31

0.35

-0.69

-0.27

-0.15

0.74

0.80

-0.4

0.71

0.59

0.00
0.73

0.33

0.40

-1.92

0.41

0.3

0.37

-2.27
Note: The optimal models are highlighted in bold italics

The direct comparison of the daily- and monthly prediction rows in Table 3.23 clearly indicates
the superiority of monthly- over daily predictions, as the NS-values of the former are
consistently higher - with a few exceptions - than those of the latter. For this reason, climate
prediction on the monthly time scale is advocated in long-term climate assessment.
3.6.3.2 Performance comparison of single- and multi-domain downscaling
The prediction performance of the various combinations of GCM/downscaling methods as
outlined in Table 3.1, for climate prediction on the monthly scale is investigated in this section.
This means that the three daily downscaling-methods, i.e. LARSW-WG, SDSM and MLR-daily,
are applied to daily GCM-predictors and the ensuing daily predictand output is then summed-up
(aggregated) to monthly series. Besides, the pure-monthly downscaling method, using monthly
GCM-predictors, i.e. the multi-domain MLR (see Table 3.1), is also employed in this
comparison. As mentioned in the previous section, LARS-WG and MLR-monthly are the best
models among the single-domain downscaling techniques.
Table 3.24 shows the performance of the single- and multi-domain GCM/downscaling options.
One can notice that, although LARS-WG and single-domain-MLR are best in single-domain
downscaling (see previous section), when including the three multi-domain MLR, HiRes and, in
particular, GCMs+HiRes are best then. Based on these results, HiRes and GCMs+HiRes are
considered as the optimal input-domain for multi-domain MLR downscaling in the eastern
seaboard study region.
The quality of the two downscaling methods HiRes and GCMs+HiRes is also demonstrated by
the scatterplots of Figure 3.20, where the various downscaled monthly climate predictands are
plotted over the observed ones for the 1986-1999 verification period. One can notice that for
both models the predicted monthly maximum temperatures are generally underestimating the
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Table 3.24. Nash-Sutcliffe (NS)- measured performances of monthly climate predictions in
verification years 1986-1999, using LARS-WG-single domain- and MLR- single- and multidomain GCM-/downscaling combinations.
single-domain
multi-domain
ECHO-G
HiRes
GCMs
GCMs+HiRes
predictand
Tmax
Tmin
PCP

LARS-WG

single-domain
MLR

multi-domain
MLR*

multi-domain
MLR

multi-domain
MLR

-0.27
0.71
0.41

0
0.73
0.37

0.44

0.13
0.79
0.57

0.27

0.87
0.59

0.88
0.62

Note: The best GCM/MLR- model for each predictand is highlighted in bold italics
*Although the MLR-downscaling model is used here with the single-domain HiRes-GCM, it is designated here as a
multi-domain MLR-model, which unlike the single-domain MLR-variant, allows for seasonal prediction and the
incorporation of the large predictor set from the multi-domain GCM group.

observed ones, namely for the extreme values. For the minimum temperatures, on the other
hand, the predictions fit the observations very well, as the scatter points lie closer on the 45degree line. As for the precipitation, more scatter is observed, as is to be expected for this rather
deviant climate variable, and its extreme values are usually also underestimated. Also, the
GCMs+HiRes domain appears to provide better results for the extreme-value rainfall.
The extreme value distributions of the downscaled predictions of the various climate variables
will be examined further in Section 3.6.4.2.
3.6.3.3 Inter-comparison of all downscaling models
A summary of the prediction performance of all combinations of GCM/downscaling methods,
as outlined in Table 3.1, for climate prediction on the monthly scale is provided in Figure 3.21.
Shown are the NS- coefficients for the verification period 1986-1999. As discussed, while the
SDSM and LARS-WG models use daily data, the newly proposed MLR- technique uses both
daily and monthly data in downscaling. Consequently, in predicting monthly series, the MLR is
then separated into a daily- and monthly downscaling option. Moreover, the autoregressive
approach that consists of AR, ARIMA and ARIMAex models, which are mainly developed for
short-term prediction (Chapter 4), are applied here also for long-term prediction.
The NS- barplots of Figure 3.21 indicate that even though the performance of LARS-WG is
much better than SDSM and also slightly better than MLR-daily in downscaling on the daily time
scale, in the prediction of monthly series LARS-WG’s performance is still lower than that of the
MLR-monthly method, which employs monthly GCM-predictors directly.
Figure 3.21 shows also that although LARS-WG and MLR-daily perform the best among the
single-domain downscaling group (see Table 3.1), their NS-coefficients are consistently lower
than that of the monthly-basis multi-domain MLR- method which uses either the Hi-Res- GCM,
multi-domain GCMs, or a combination of the two (GCMs+HiRes). In fact, for the monthly
maximum temperatures, the HiRes/MLR pair shows the best performance, whereas for the
minimum temperature and rainfall, GCMs+HiRes works best. Nonetheless, although the
autoregressive models in association with GCM variables (ARIMAex-GCM) (experiment 5 in
Table 3.1) is not the best model, it shows some good performance in predicting long-term
climate, as will be further discussed in Chapter 4.
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HiRes

GCMs+HiRes
a) maximum temperature

b) minimum temperature

c) precipitation

Figure 3.20. Scatterplots of the observed and predicted values of a) minimum, b) maximum
temperatures at station 48478 and c) precipitation at station 48092 in years 1986-1999, using the
MLR- model and employing the single-domain HiRes GCM (left panels) and the multi-model
GCMs+HiRes (right panels) large-scale predictor sets.
The top two climate prediction downscaling models, i.e. multi-domain MLR- models using
HiRes and GCMs+HiRes have been further applied for climate prediction on the seasonal scale,
namely, the classical 4-season scheme which describes best the seasonal climate variability in
Thailand. The results are shown in for the three standard climate variables in the three panels of
Figure 3.22. One may notice firstly that the predicting skills are generally higher for the dry than
for the wet season, the latter including the two monsoon seasons. Thus for both GCM-domains
satisfactory NS-coefficients for the temperatures and the rainfall are obtained for the dry season.
For the two monsoon seasons, although showing less prediction skills than for the nonmonsoon season, the performance of the mixed multi-domain GCMs+HiRes is better than that
of high-resolution GCM domain HiRes. The maximum temperatures are particularly poorly
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0.88

0.87

Tmax
Tmin
PCP

0.79

0.73

0.71
0.59

0.59

0.41

0.37

0.30

0.76
0.68

0.62

0.57

0.55

0.53

0.44

0.38
0.27

0.37

0.22

0.13

ARIMAex-GCM

GCMs
CMIP3
+HiRes

-0.31

ARIMA

GCMs
CMIP3

AR

MLR

MLR

MLR

-0.15

MLR

-0.40

-0.27

MLR

0.00

LARS-WG

1.0
0.8
0.6
0.4
0.2
0.0
-0.2
-0.4
-0.6
-0.8
-1.0

SDSM

Nash–Sutcliffe model efficiency coefficient
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-

GCMs
CMIP3

-0.13

-0.69

ECHO-G

ECHO-G ECHO-G HiRes

-

+HiRes

daily ensemble

daily
monthly
ensemble ensemble

monthly ensemble

monthly ensemble

conventional

single-domain MLR

multi-domain MLR

autoregressive

Figure 3.21. Model performances, as measured by the average Nash-Sutcliffe model efficiency
coefficient (NS), of the various GCM/downscaling combinations (see Table 3.1), for predicting
monthly maximum (Tmax) and minimum (Tmin) temperature and precipitation (PCP) in the
study area during the 1986-1999 verification period, using 1971-1985 as calibration period.
predicted in the second monsoon season by both downscaling variant, whereas the precipitation
predictions are still acceptable during this time period of extreme rainfall, wherefore
GCMs+HiRes works better than HiRes alone.
The predicting skills of the multi-domain MLR- models on the seasonal and annual bases, using
the optimal GCM sets according to the selection in Table 3.22 are exhibited in Table 3.25 for
the model verification period. The results of the table show that the annual predictions of all
climate variables, except Tmax, are at a satisfactory level (NS>0.5). The seasonal downscalings
are all acceptable, wherefore the climate predictions for the dry season are the most reliable.
According to the comparative performance of daily and monthly basis, the forecasting of
monthly climate based on monthly-basis assembles shows better predicting skill than of dailybasis. The multi-domain MLR model developed in this study can provide the finest tool to
downscale monthly climate in study area by selecting suitable predictor-sets, which is optimal
depending on site to site (see Table 3.22). The use of downscaled climate from optimal datasets
in the study area is later applied to assess the change of climate and its impact in chapter 6.
Moreover, these downscaled series of monthly climate can be further refined into daily
resolution through resampling process (Maurer and Hidalgo 2008) that the rescale of these
monthly climate series into daily data is then developed in Chapter 5.
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Figure 3.22. Seasonal performances of the MLR model, as measured by the NS- coefficient,
using the single-domain high-resolution GCM (HiRes) and the multi-domain combination of
GCMs with HiRes (GCMs+HiRes) to downscale monthly a) minimum and b) maximum
temperature at 4 stations and c) precipitation at 24 stations, for verification period 1986-1999.
Table 3.25. Performances, as measured by the NS-coefficients, of the MLR-model employing
optimal predictor-sets for the verification period 1986-1999 on the seasonal and annual bases.
seasonal
predictand
annual
Tmax
Tmin
HMD
SLR
PCP
%Wet

1) dry

2) pre-monsoon

3) monsoon_1

4) monsoon_2

0.53
0.83
0.81

0.30
0.84
0.29
0.40
0.29
0.01

0.30
0.16
0.27

-0.04
0.17
0.46
0.45
0.37
0.26

0.12

0.75
0.78

Note: Performances with NS>0.5 are highlighted in bold italics
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0.72
0.34
0.37

0.45

0.88
0.66
0.63
0.63
0.71
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3.6.4 Distributional properties of the optimal downscaling models
The downscaled climate series are examined in this section in terms of their distributions (Tatli et
al. 2004, Geerts 2003), with a particular emphasis on their extreme-value properties. More
specifically, the downscaled predictand output using the multi-domain MLR- model with multidomain GCMs+HiRes, which turned out to be the best long-term climate GCM/downscaling
model combination, is investigated to that avail, in order to see how well their distributions
match the observed ones. This analysis is then extended to the downscaled climate predictands
for the precipitation at all stations across the study region and a map of the spatial distribution of
this climate variable is created and compared with that of the observed rainfall distribution.
3.6.4.1

Probability distribution of the downscaling results

The probabilistic framework is able to provide an assessment of the risk of climate change
(Manning et al. 2009, Chen et al. 2011) by examining the future distribution and the percentiles
(exceedances) of a climate variable (Pierce et al. 2012). Consequently, not only the accuracy of
the GCM/MLR- model, but also its ability in generating the appropriate climate distributions is
assessed here, by comparing downscaled and observed climate statistical distributions.
The probability density function which describes the probability of occurrence of a particular
climate variable at a certain level (exceedance), is applied here to present the frequencydistribution (histogram) of the downscaled predictand - output. Similar to the probability analysis
of the local climate presented in Chapter 2, the kernel density estimation (KDE) method is used
to plot the probability density of the monthly climate-series in the study area.
Figure 3.23 shows both the density distributions of the multi-domain MLR- downscaled and of
the observed of climate variables. One can notice that the density curves of the various
downscaled and observed climate variables are rather similar, with the exception of the
maximum temperature, for which the estimated density function is not able to mimic the high
extremes of the observed maximum temperatures. The same problem holds also partly for the
observed extreme precipitation density function, which is not well reproduced by that of the
multi-domain MLR- downscaled output. In fact, these results corroborated those of the
scatterplots in Figure 3.20, inasmuch that the extremes of the predicted values of the maximum
temperature and of the precipitation shown there are consistently lower than the corresponding
observed ones.
The attributes of the modeled and observed climate distributions can be further quantified by the
well-known statistical parameters mean, variance (standard deviation) and the quantiles
(percentiles), of the empirical cumulative distribution functions (ECDF) (Maechler 2012), similar
what has been done in Chapter 2. The results of this analysis are summarized in Table 3.26
where the absolute biases (absolute difference (residual) between observed and estimated values)
of these statistical parameters, namely, climate mean and SD as well as the 25%, 50% and 75%
percentile are listed. Moreover, this analysis has been made for the total annual climate
distribution as well as for the four seasons separately. One may notice from the numbers in the
table that, depending on the climate variable, the biases vary between 0.06% and 1.5% of the
observed values. For example, the distributional parameters of the predictions of two
temperatures in the dry season have the largest errors, while for the precipitation, the wet rate
and the humidity these errors are the highest for the pre-monsoon and first-monsoon seasons.
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maximum temperature (C)

minimum temperature (C)

humidity (%)

solar radiation (MJ/m2)

precipitation (mm/day)

probability of wet day (%)

Figure 3.23. Kernel density estimations of monthly observed and simulated (using the multidomain GCMs+HiRes /MLR-method) maximum and minimum temperatures, humidity and
solar radiation at station 48478, and precipitation and wet-day rate at station 48092 for the
verification period 1986-1999.
3.6.4.2 Extreme value analysis of the downscaled climate variables
The examination of the general probability distributions of the GCM/MLR- models downscaled
climate predictions provides some evidence for extreme value deviations of the empirical density
distributions from a normal distribution. In this section, the extreme value probabilities are
investigated further. Such an extreme values analysis is important in studies of climate change
and its impacts, for example, to understand the future occurrences of droughts, or storms and
floods. Again, frequency analysis of the observed and modeled climate variables, with an
emphasis of the analysis of the tails of the empirical distribution is applied for that purpose
(Reynard et al. 2005, Salathé 2005, Rodrigo 2009, Friederichs 2010, Hashmi et al. 2011).
To assess the extremes of the climate variables temperatures and precipitation, probability
distributions of the monthly observed or downscaled extreme rainfall are usually fitted by
specific extreme-value distributions (Friederichs 2010, Hashmi et al. 2011, Huang et al. 2012). As
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Table 3.26. Absolute bias (error) (observed –modeled) of various statistical attributes of the
modeled ECDF computed on annual and four-season bases for verification period 1986-1999.
mean absolute error of the estimated parameters (%)
predictor
season
percentile
mean
SD
25%
50%
75%
annual
dry
Tmax
premonsoon
(C)
monsoon1
monsoon2
annual
dry
Tmin
premonsoon
(C)
monsoon1
monsoon2
annual
dry
HMD
premonsoon
(%)
monsoon1
monsoon2
annual
dry
SLR
premonsoon
2
(MJ/m ) monsoon1
monsoon2
annual
dry
PCP
premonsoon
(mm/day) monsoon1
monsoon2
annual
dry
%Wet
premonsoon
(day/day) monsoon1
monsoon2

0.2
0.3
0.5
0.2
0.3
0.5
0.6
0.4
0.2
0.5
1.6
0.9
1.6
1.4
0.8
0.5
1.0
0.5
0.5
1.3
0.5
0.3
0.8
0.8
0.4
0.03
0.02
0.06
0.04
0.03

0.5
0.6
0.5
0.4
0.2
0.2
0.4
0.2
0.3
0.3
0.9
0.6
0.9
1.0
1.5
0.5
0.1
0.1
0.2
0.9
0.8
0.4
0.6
0.7
0.9
0.06
0.03
0.05
0.06
0.06

0.6
0.7
0.8
0.7
0.4
0.3
0.4
0.2
0.4
0.3
0.5
0.6
0.6
0.9
1.2
0.1
0.1
0.7
0.2
0.5
0.5
0.4
0.8
1.3
1.0
0.05
0.03
0.07
0.09
0.06

0.4
0.6
0.6
0.5
0.3
0.3
0.3
0.3
0.3
0.4
0.9
0.6
0.9
1.1
1.1
0.3
0.4
0.1
0.2
0.7
0.2
0.3
0.5
0.7
0.5
0.03
0.02
0.04
0.04
0.03

0.3
0.3
0.4
0.3
0.3
0.1
0.1
0.2
0.1
0.0
0.6
1.2
1.0
1.0
0.5
0.4
0.8
0.4
0.4
0.6
0.8
0.4
1.0
1.5
0.6
0.03
0.02
0.05
0.06
0.03

discussed in Section 2.5.2, the GEV and the Gumbel models turned out to be best for fitting the
extreme-value distributions of the climate series in the study area. For this reason, they are also
used also in the following extreme value analysis.
From the quantiles q(p) for a given exceedance- probability p which is the inverse of the return
period T, i.e. T=1/p, the monthly extreme (exceedance) values as a function of the return period
are computed. The results of this extreme value analysis are shown for one temperature- and two
precipitation stations in Figure 3.24. More specifically, the figure illustrates the extreme values
(exceedance) of the observed 1971-1999 and simulated downscaled climate variables, obtained
with the optimal multi-domain MLR-model, calibrated with the observations between years
1971-1985 and fitted with the Gumbel- and GEV- models as a function of the return period.
One may notice that although the simulated extreme maximum temperatures in Figure 3.24a fit
the observations rather well, this is less so the case for the extreme minimum temperature in
Figure 3.24b, where there is a systematic underestimation of the minimum temperatures which
gets bigger for larger return periods. The bias of the extreme monthly precipitation estimation is
even higher than those of the two temperatures, as one can see from the Figure 3.24c, d.
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observation
obs. with GEV
obs. with Gumbel
simulation
sim. with GEV
sim. with Gumbel

a) extreme Tmax

observation
obs. with GEV
obs. with Gumbel
simulation
sim. with GEV
sim. with Gumbel

b) extreme Tmin

c) extreme PCP (48092)

d) extreme PCP (459201)

observation
obs. with GEV
obs. with Gumbel
simulation
sim. with GEV
sim. with Gumbel

observation
obs. with GEV
obs. with Gumbel
simulation
sim. with GEV
sim. with Gumbel

Figure 3.24. Extreme values (exceedance) of observed and simulated downscaled monthly data
between years 1971-1999, fitted with Gumbel and GEV for various return periods of max (a)
and min (b) temperatures at station 48478 and rainfall at stations 48092 (c) and 459201 (d).
Table 3.27. Average (using all climate stations) absolute differences, i.e. errors between the fits
of the GEV- and the Gumbel- models to the observed and simulated (multi-domain MLRmonthly downscaling) climate variables between years 1971-1999 at the annual and the fourseason time-scales for different return periods.
station

mean absolute error of the extreme value estimations
GEV
Gumbel

season

2-yr 5-yr 10-yr 20-yr 50-yr 100-yr

annual
dry
Tmax pre-monsoon
(°C)
monsoon1
mosoon2
annual
dry
Tmin pre-monsoon
(°C)
monsoon1
mosoon2
annual
PCP dry
(mm pre-monsoon
/day) monsoon1
mosoon2
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0.3
0.2
0.2
0.1
0.2
0.2
0.1
0.1
0.1
0.0
1.7
0.2
0.9
0.3
0.4

0.4
0.3
0.4
0.3
0.3
0.4
0.4
0.4
0.3
0.1
3.3
0.6
2.2
1.8
1.8

0.7
0.6
0.6
0.6
0.5
0.6
0.5
0.5
0.6
0.2
4.5
1.2
3.0
3.2
3.1

1.0
0.9
0.9
0.8
0.7
0.8
0.6
0.6
0.8
0.2
5.6
1.9
3.8
4.8
4.5

1.5
1.3
1.2
1.2
1.0
1.0
0.6
0.8
1.2
0.2
7.2
3.0
4.8
7.5
6.4

1.8
1.7
1.4
1.5
1.2
1.2
0.7
0.9
1.6
0.2
8.7
4.1
5.6
10.0
7.9

2-yr 5-yr 10-yr 20-yr 50-yr 100-yr

0.2
0.2
0.2
0.1
0.2
0.2
0.1
0.1
0.1
0.0
1.6
0.2
0.9
0.5
0.2

0.5
0.3
0.4
0.3
0.3
0.4
0.5
0.5
0.3
0.2
3.4
0.6
2.2
1.8
1.8

0.7
0.5
0.7
0.5
0.4
0.6
0.7
0.7
0.5
0.4
4.6
1.0
3.1
2.6
2.9

0.9
0.7
0.9
0.7
0.6
0.8
0.9
0.9
0.6
0.5
5.7
1.3
3.9
3.5
4.0

1.2
1.0
1.2
0.9
0.8
1.0
1.2
1.1
0.8
0.7
7.2
1.8
5.0
4.6
5.4

1.5
1.2
1.4
1.0
1.0
1.1
1.4
1.3
1.0
0.9
8.3
2.1
5.8
5.4
6.4
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In Table 3.27, the results of the extreme value analysis for the averages of the climate variables
for all stations are summarized. More precisely, the absolute differences, i.e. errors between the
fits of the GEV- and the Gumbel-model to the observed and simulated - using the multi-domain
MLR- monthly downscaling - climate variables between years 1971-1999 at the annual and the
four-season time-scales are listed for different return periods. From the numbers in the table no
clear statement with regard to which extreme value model is better can be made. For example,
for the two extreme temperatures the errors in the estimated exceedance values at the 50-year
return period for both models are between 1.0 and 1.5°C, whereas those of the extreme
precipitation at the same return period go up to 7 mm/day, corresponding to 210 mm/month.
It will be interesting to see whether the rather poor extreme-value estimation of the monthly
rainfall obtained above can be improved when the monthly climate series are rescaled into daily
ones by using the stochastic climate generation method to be developed in Chapter 5.
3.6.4.3 Spatial distribution of the downscaled precipitation
Regarding the spatial distribution of climate data, that of the rainfall is of particular interest in
climate assessment. Figure 3.25 shows the spatial distribution plots of the average observed and
simulated (predicted) precipitation obtained by interpolating the (observed and predicted) data at
the 24 rainfall gauges using the IDW method (see Section 2.4.3), wherefore the predicted rainfall
is based on the (1971-1985- calibrated) multi-domain MLR-model, verified for years 1986-1999.
The two panels of Figure 3.25 demonstrate that the general pattern of the observed- and
predicted rainfalls are similar. In general, the average rainfall is lowest in the southwestern- and
highest in the eastern part of the study area. However, the spots of low-magnitude rainfall (light
green color) for the predicted distribution on the west side of the KY-watershed indicate some
underestimation of the observed rainfall of the order of 100-200 mm/year.
observed annual average

predicted annual average

annual precipitation (interval : 100 mm/year)

Figure 3.25. Spatial distributions of observed- (left panel) and downscaled (right panel) 14-year
annual average precipitation from 24 sites for verification period 1986-1999.
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The multi-domain MLR- downscaling model, as the best downscaling tool, is employed in this
section to project the monthly climate in the study area over the 21st-century, assuming various
SRES- emission scenarios.

3.7.1 Prediction-scenarios comparison
For future climate projections, the selection of the SRES-emission scenario in the GCM is
important (Mearns et al. 2003). Following the IPCC-AR3 (Houghton et al. 2001) and AR4
(Solomon et al. 2007) reports, SRES A1B, A2 and B1 (Nakicenovic and Swart 2000, Covey et al.
2009) (see Table 3.4) are considered to be the major future greenhouse gas emission scenarios.
These three SRES are also employed for the 21st–century climate projections in the study area.
More specifically, the multi-domain MLR- downscaling model is applied to the future GCMclimate predictors. The local climate observed between years 2000-2006 is used to examine the
individual fits of the SRES-scenarios, i.e. the prediction errors, to the observations during that
period. To that avail, the multi-domain MLR-downscaling model, calibrated for the past
reference period 1971-1999, is used to simulate the local climate at all sites in the study area, i.e.
at 24 precipitation- and 4 meteorological stations, for the “future” time period 2000-2006.
Although the group of high-resolution (HiRes) GCMs provides four individual sub-models, i.e.
CSIRO2, ECHAM4, HadCM3 and PCM (see Table 3.3) for projecting the climate into the 21stcentury, only one sub-model, i.e. the one which provides the minimum residual error in the
verification experiments, is finally applied in this projection. To find this sub-model, the 19711999 calibrated multi-domain MLR-model is coupled separately with the four individual HiResGCM sub-models to examine how well they predict the local climate observations during the
2000-2006 verification period. The 1971-1999 calibrated multi-domain MLR-model employs
HiRes GCM to project the climate year 2000-2006, based on SRES A2. The average prediction
errors of the individual sub-models are listed in Table 3.28 . It might be noted that the SRES A2
is selected to evaluate the sub-models, since it is found later that this SRES fits the local climate
best (see Table 3.29). In Table 3.28, the results show that the high-resolution HadCM3-GCM
provides the best prediction fit to the local observations. It is therefore selected to present the
future climate state pertaining to sub-model in HiRes GCM.
Table 3.28. Average prediction-residual - as measured by the root mean square error – of
projected monthly climate variables under the future SRES- scenario A2, compared with the
observed climate variables for years 2000-2006, employing different sub-domains of highresolution GCM’s (HiRes) and a combination of multi-domain (2.5o x 2.5 o) GCM with the
corresponding high-resolution GCM (GCMs + HiRes).
prediction residual (root mean square error)
HiRes
GCMs+HiRes
predictand
Tmax
Tmin
HMD
SLR
PCP
%Wet

CSIRO2

ECHAM4

HadCM3

PCM

CSIRO2

ECHAM4

HadCM3

PCM

1.09
1.00
3.49

1.07
0.96
3.29

1.10
1.05
3.45
1.65
2.71

1.20
0.91
3.49

1.18

2.67

0.91
3.51
1.68
2.69

0.15

0.15

0.15

0.16

0.16

1.18
0.88
3.46
1.66
2.60
0.16

1.18

2.76

1.09
1.00
3.56
1.65
2.78

1.64

1.69

2.60
0.15

Note: The optimal scenario is highlighted in bold italics
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0.95
3.47
1.66
2.66

0.16
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For the assessment of the effects of the three SRES-scenarios on the prediction of the local
climate in the study area, the 2000-2006 climate predictions with the multi-domain MLR-model
employing GCMs+HiRes/HadCM3 sub-model is examined for each of these SRES. The
prediction accuracies, as measured by the Nash–Sutcliffe (NS) model efficiency coefficient,
obtained for the three SRES scenarios are listed in Table 3.29. The results demonstrate that for
all climate variables SRES A2 is the most accurate. Therefore, SRES A2 is considered as the
most appropriate to describe the recent (2000-2006) climate in the study area.
Table 3.29. Performance, as measured by the Nash–Sutcliffe efficiency coefficient, of the best
GCM (HadCM3) (see Table 3.28) /multi-domain MLR- downscaling model, calibrated for years
1971-1999, for three SRES, to predict the 2000-2006 monthly climate in the study region..
average Nash–Sutcliffe model efficiency coefficient
predictor set

HiRes

GCMs

GCMs
+HiRes

predictand

1971-1999
20c3m

Tmax
Tmin
HMD
SLR
PCP
%Wet
Tmax
Tmin
HMD
SLR
PCP
%Wet
Tmax
Tmin
HMD
SLR
PCP
%Wet

0.71
0.93
0.75
0.71
0.65
0.71
0.52
0.84
0.59
0.74
0.61
0.68
0.73
0.94
0.76
0.78
0.69
0.74

2000-2006 SRES scenario
B1
A1B
A2
-0.24
-0.23
-0.26
0.53
0.54
0.51
0.47
0.46
0.47
0.31
0.32
0.31
0.01
-0.01
0.01
0.52
0.51
0.52
-0.22
-0.22
-132.67
0.66
0.73
-0.74
0.36
0.37
-213.05
0.31
0.22
0.10
-16.89
0.10
-140.24
0.09
0.39
-129.08
-0.34
-0.32
-41.84
-1.72
0.61
-2.97
-25.68
0.44
-110.74
0.28
0.30
0.15
-12.28
0.11
-58.20
-16.73
0.46
-28.67

Note: The optimal scenario in each group is highlighted in bold italics

3.7.2 Long-term prediction of the future climate
The prediction of the future climate in the study region, using the multi-domain MLRdownscaling model with predictors from multi-domain GCMs and HiRes GCM (HadCM3) is
emphasized in this section. Since it has been advocated in climate downscaling studies to employ
at least 20-30 years of climate time-series for the definition of the baseline climate (Semenov and
Barrow 2002), the observed climate variables minimum and maximum temperatures and
precipitation in years 1971-1999 are used to calibrate the downscaling models. In this case, the
20c3m-simulation (years 1971-1999) is the baseline simulation to represent the climate in the
20th-century. At the end of this baseline simulation, the future downscaled GCM- predictions
obtained with the three SRES A1B, A2 and B1 are projected from the final state of the 20c3mmodel and run through the whole 21st-century, i.e. from year 2000 to 2096 (Covey et al. 2009).
Monthly HadCM3-GCM- predicted climate time-series, available over this whole timespan, are
downscaled by the multi-domain MLR-model to investigate the potential changes of the future
climate. For comparison, the two conventional statistical downscaling models, i.e. SDSM
(Wetterhall et al. 2006) and LARS-WG (Khan et al. 2006) which used daily predictors are also
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applied. Because of the different availability of the GCM-climate predictors, the future (daily)
projections of these two downscaling techniques could be made only for years 2046-2065.
Figure 3.26 to Figure 3.28 illustrate the projected variations and trends of the average
downscaled climate time-series of the monthly minimum and maximum temperatures from 4
climate stations, monthly precipitation, probability of wet day, humidity and solar radiation from
24 meteorological stations for the full simulated (predicted) time period 1971-2096. For the
1971-1999 timespan (20c3m period) and the subsequent verification period 2000-2006 (see
above) the observed monthly climate time-series are also plotted. One may notice from these
figures a rather good agreement, at least in terms of the linear- and of the 12-month moving
trend, between the predicted and observed climate series for these two past periods. However,
some extreme variations in the maximum temperature and the rainfall amounts cannot be
described properly by the corresponding downscaled predictors, for example, the uncommonly
increasing maximum temperatures in years 1995-2003, extreme rainfall over 10 mm/day, and
bigger fluctuation of the solar radiation. However, such large differences between downscaled
and observed data are often found in in climate downscaling (Cubasch et al. 1996, Wilby et al.
1998), and they are usually attributed to local climate effects (Mearns et al. 1999). In fact, a direct
look at the parent GCM-predictors indicates that the predicted maximum temperature cannot
identify the unusual large observed changes of this variable during 1995-2003, and this negative
situation cannot be remedied anymore by the subsequent downscaling.
This means then that trends of climate change obtained directly with a regional climate model
and with a downscaling technique should be comparatively assessed (Wilby et al. 1998, Mearns et
al. 1999). Consequently, the trend changes of the surface air temperature and of the precipitation
obtained directly from the Hi-Res GCM model (grid model) are examined further in Table 3.30.
One may notice from the table that the change rates of the three climate variables obtained with
the HiRes- downscaling models are similar to those obtained using the HiRes GCM-grid
predictors directly, i.e. an increasing trend for the temperatures and no noteworthy trend for the
precipitation. On the other hand, when using MLR-downscaling with the combination-set of
GCMs+HiRes, the rainfall trends are slightly positive, however it is still averagely constant.
The climate predictions for the 21st-century obtained with the multi-domain MLR- downscaling
model applied to the optimal predictor-set derived from the best combination of multi-domain
GCMs and Hi-Res GCM indicate higher temperatures over the 21st–century, whereby SRES A2
scenario results in the strongest increase of the temperature and also of the rainfall. For the
former, depending on the SRES scenario, the rate of change ranges between +0.1 and
+0.3°C/decade, wherefore the maximum temperature is increasing faster than the minimum
one. The rate changes for the precipitation are rather small and lie between +0 and +0.2
mm/day/decade (6 mm/month per decade).
While here only the most prevalent trends of the future climate in the study region are given,
more details with regard to its spatial and seasonal variations will be provided in Chapter 7.
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Tmax

Tmin

Figure 3.26. Monthly averages of projected 4-site minimum and maximum temperatures (top)
and 24-site precipitation (bottom) over years 1971-1999 (20c3m) and future years 2000-2096
under the SRES-scenarios A1B, A2 and B1, using the multi-domain MLR-downscaling method.
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Figure 3.27. Similar to Figure 3.26, but for the 4-site averaged monthly wet-day probability
(top) and the 4-site averaged monthly humidity (bottom).
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12-month moving avg.

24
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linear trend

solar radiation (MJ/m2)

22
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obs SLR

18
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B1
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sim SLR

16
14
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10
Year

Figure 3.28. Similar to Figure 3.26, but for the two-site monthly average of the solar radiation
Table 3.30. Linear trends, as measured by the change per decade, of the future downscaled
predictions for the monthly maximum and minimum temperatures and the precipitation in the
study region for years 2000-2096, under the three SRES- scenarios A1B, A2 and B1, for the
different combinations of GCMs /downscaling methods.
method
atmospheric
predictor
SDSM
LARS-WG

models

Tmax (°C/decade)
A1B A2
B1

Tmin (°C/decade)
A1B
A2
B1

PCP (mm/day/decade)
A1B
A2
B1

monthly HiRes-GCM
*
*
*
- 0.1
+0.6 +0.5 +0.2
predictors
daily ECHO-G**
+0.1 +0.2 +0.1
+0.1 +0.1 +0.1
+0.9
daily ECHO-G**
+0.3 +0.4 +0.2
+0.3 +0.4 +0.2
+0.3
monthly best-domain
+0.3 +0.3 +0.1
+0.2 +0.2 +0.1
+0.1
monthly HiRes
+0.4 +0.3 +0.1
+0.5 +0.4 +0.2
- 0.1
MLR
monthly GCMs
- 0.0 - 0.0 - 0.0
- 0.1 - 0.1 - 0.1
+0.1
monthly GCMs+HiRes +0.3 +0.4 +0.3
+0.3 +0.2 +0.1
+0.1
*HiRes-GCM grid provides only mean temperature
**daily climate ECHO-G- predictors for downscaling are available only for years 2046-2065

- 0.1

- 0.0

+0.9
+0.3
+0.2
- 0.1
+0.1
+0.2

+0.8
+0.3
+0.0
- 0.0
+0.1
+0.0

3.8 Summary of long-term climate predictions in the study area
With a long-term climate prediction in a specific area, pre-warning information for the coming
change of climate can be obtained. In this section, applying various combinations of parent
GCMs and downscaling models, the potential 21st-century changes in the climate pattern in the
eastern seaboard study area, which are important for policy planning and risk assessment are
predicted and evaluated. First the conventional downscaling tools LARS-WG and SDSM are
applied to downscale daily GCM- climate predictors over the 21st-century. In addition, statistical
linear relationships between the local climate (predictands) and large-scale GCM- climate
variables (predictors) are used to develop another, new downscaling approach, the multi-linear
regression (MLR) technique. Two main groups of downscaling experiments, i.e. single- and
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multi-domain downscaling, wherefore predictors from one or several parent GCMs, respectively,
are employed in the three downscaling methods mentioned. To select the best downscaling tools,
the performances of these models are comparatively evaluated for calibration- and verificationperiods 1971-1985 and 1986-1999, respectively. The best downscaling tools are then employed
to project maximum (Tmax) and minimum (Tmin) temperature from 4 meteorological stations,
and precipitation (PCP), probability of wet day (%Wet), humidity (HMD) and solar radiation
(SLR) from 24 precipitation sites in the study area.
In the validation of the single-GCM domain daily-based downscaling experiments, SDSM-,
LARS-WG- and MLR-daily- downscaling models are applied on climate predictors of the (singledomain) ECHO-G GCM. The predicting performances of these three variants of single-domain
downscaling models are examined on both the daily and the monthly scale. The results of the
daily-based experiments indicate LARS-WG- and MLR-daily downscaling to be better than
SDSM. Although the performance of LARS-WG is better than that of MLR-daily in generating
daily climate series for some of the climate variables, this situation is reversed for the monthly
downscaling experiments, where the MLR-monthly method performs significantly better.
To enhance the downscaling performance for monthly climate predictors, the MLR-downscaling
method is then further developed and improved by optimizing the variable-selection from a large
predictor-set from single- and multi-domain GCMs. Additionally, a seasonal optimization using
seasonal regression based on a multi-season scheme, i.e. single-season, two-season, three-season
and four-season is carried out. With this seasonal regression approach, a significant improvement
in the climate prediction over that of the non-season regression model is obtained.
The SDSM- and LARS-WG- downscaling tools, MLR-daily, MLR-monthly and multi-domain
MLR- monthly models are comparatively examined for selecting the best downscaling tool. The
model performance during the verification period 1986-1999 shows that the multi-domain MLRmodel turns out to be best tool for downscaling monthly climate in the study area by selecting
the optimal predictor set for each individual site from the most suitable multi-domain GCMdomain. As for the downscaled spatial pattern of the rainfall across the study region, a good
agreement with the observed pattern is obtained, although there are small errors in parts of the
area with low-magnitude rainfall. The probability-density distributions of the downscaled climate
series are also similar to the observed distributions; however, there are larger disagreements for
the extremes of the observed monthly climate series which are not too well represented by the
downscaled climate distributions. For this reason, a new daily stochastic climate generator will be
developed in a later chapter, which is able to better capture the extremes in the observed climate
series.
For the preparation of the 21st-century climate predictions in the study region, the multi-domain
MLR-downscaling method is applied to climate predictors from a multi-ensemble of GCMs with
different domains (grid-sizes) for the validation time period 2000-2006. From this multi-domain
database which comprises predictor data from 1) multi-GCM (2.5° x 2.5° GCMs), 2) highresolution GCM (0.5° x 0.5° HiRes) and 3) a combination of GCMs and HiRes (GCMs+HiRes)
the best set for each climate station in the study region for use in the MLR-monthly climate
downscaling model is selected. Based on this performance analysis, quantified by the NS-values,
the set of multi-domain GCMs comprised of BCM2, ECHAM5, ECHOG, GISS-ER and PCM1
models and HiRes HadCM3 turns out to deliver the best predictors of the local climate over this
short validation time period.
Finally, using the optimal GCM predictor-set for each climate site in the study region, which is
the best combination of multi-domain GCMs and Hi-Res GCM (HadCM3) the MLR-
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downscaling model is used to project the monthly climate series over the 21st–century (20002006) for the three SRES scenarios A1B, A2 and B1, wherefore the best predictor set for the
climate found during the validation time period above is selected in the future MLRdownscaling. The future climate predictions obtained in this way indicate that SRES A2, which
turns out be the most suitable scenario describing the recent climate (2000-2006), is also the
most extreme scenario for future changes of temperature and rainfall. More specifically, the
projected 21st–century climate series for the maximum and minimum temperatures exhibit a
continuous positive trend over the whole century, while the rainfall series is more or less
constant up to year 2040 and shows a small increasing trend after that time.
The observed and downscaled monthly climate time series analyzed in this chapter will be
resampled into daily series by means of the new daily stochastic generator to be developed in
Chapter 5 and then used further in the later climate impact assessment study of the EST- region.
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Chapter 4
4 Short-term climate predictions
Short-term prediction of local climate is emphasized in this chapter. Short-term prediction
means here monthly and seasonal climate forecasting, i.e. forecasting periods that range from
one month to up to one year. Besides, teleconnections of the various ocean indices with the local
and regional climate found in Chapter 2 are analyzed in this chapter with regard to their
applicability to the KY-study basin, i.e. for possible forecasting of short-term seasonal climate
pattern in that area. Moreover, to extend the forecasting to a longer time-scale, which is of
particular interest for water planners, autoregressive models, multi-linear regression and
downscaling of GCM-predictors are likewise applied for inter-seasonal predictions. The
theoretical foundations of these techniques and some newly developed extensions are proposed
first, before they will be applied to the short-term monthly and/or seasonal climate prediction in
the study region.

4.1 Literature review
The present-day existing research on short-term climate prediction as well as the commonly used
methods to that avail are introduced in this section. Many of these studies show indeed that
teleconnections are playing an important role and provide a potential predictor for the
forecasting of short-term seasonal climate pattern. Moreover, to extend the forecasting to a
longer time-scale and to increase the skill in the prediction, statistical tools and autoregressive
models are proposed for inter-season prediction.

4.1.1 Seasonal climate prediction
In the early studies of climate variations, the fluctuations of the sea level pressure over the
tropical Pacific zone were of interest to many researchers (Hildebrandsson 1897, Lockyer and
Lockyer 1904, Brooks and Braby 1921). These fluctuations, which were already found at that
time to have a rather regular periodic variation, have become to be known as Southern
Oscillation (SO) (Walker 1924, Walker and Bliss 1932). As more studies on this variability have
taken place since then, the mechanics of the SO has become to be better understood (Bjerknes
1966, 1969) and has later been used to describe climate variations in the short-term (Gill 1980,
Zebiak 1982, Lindzen and Nigam 1987, Harrison and Larkin 1998).
The importance of short- and medium-range climate forecasts has been recognized by many
researchers (Thompson 1957, Lorenz 1963, 1984, Shukla 1981, Reinhold 1987, Palmer et al.
1990, Mureau et al. 1993, Palmer and Anderson 1994). The longer time-scales of predicting
climate variability allow, of course, a better study of climate evolution. There are many
approaches of seasonal and inter-annual prediction, which show overtly their capability of
climate prediction, as reviewed by Goddard et al. (2001).
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The early forecasting of seasonal climate focused mainly on mean temperatures or total rainfall
(Ahago 1992, Briggs and Wilks 1996). Another application of seasonal prediction was the
forecast of the frequency of cyclones, such as the north Atlantic hurricanes (Gray et al. 1994,
Lehmiller et al. 1997, Mielke and Berry 2000) and the tropical cyclones (taifuns) in the northwest
Pacific (Chan et al. 1998), the southwest Indian Ocean (Jury 1998) and the southwest Pacific
(Basher and Zheng 1995). The prediction of the monsoon season was later carried out by means
of a seasonal forecasting scheme (Thapliyal 1981, Navone and Ceccatto 1994, Goswami and
Srividya 1996, Sahai et al. 2003, Rajeevan et al. 2007, Pattanaik and Kumar 2010). Nonetheless,
the prediction of inter-annual climate variations has rarely been endeavored (White 2000).
Meanwhile, most of the few longer-lead predictions done up to date are based merely on the
extrapolation of trends and cycles (Dyer and Tyson 1977, Currie 1993).
Another group of prediction tool encompasses dynamical forecasting models which use
comprehensive coupled GCMs (Rosati et al. 1997, Stockdale et al. 1998b, Segschneider et al.
2000), including atmospheric- and oceanic-state variables to predict the climate and the ocean
state - abbreviated here as SST which, though it stands for sea surface temperatures, comprises
also other ocean-atmospheric indices, such as the pressure oscillation index (ENSO), mentioned
earlier (Stockdale et al. 1998a)-. However, because of their intrinsic non-linearity, these models
are very complex and require huge computational resources.
The applicability of GCM- output for predicting seasonal climate was alternatively studied
(Palmer and Anderson 1994, Kumar and Hoerling 1995, Stern and Miyakoda 1995, Kumar et al.
1996). Although some studies of obtaining GCM- predictors in predicting short-term climate
demonstrated that large-scale atmospheric flow pattern are not capable to simulate the local-scale
variability in the short-term (Goddard et al. 2001), statistical forecasts which include GCMoutputs appear to be an alternative way to improve the skill of short-term prediction
(Krishnamurti et al. 2006, Chakraborty and Krishnamurti 2009, Krishnamurti et al. 2009, Kar et
al. 2012). To enhance the prediction performance of a single model further, the combination of
results from different models was suggested (Thompson 1957, Clemen and Murphy 1986,
Fraedrich and Leslie 1987, Kharin and Zwiers 2002, Palmer et al. 2004, Palmer et al. 2005,
Semenov and Stratonovitch 2010). Especially, for seasonal climate prediction, these combination
schemes were applied successfully (Fraedrich and Leslie 1987, Livezey and Barnston 1988, Casey
1995, Doblas-Reyes et al. 2000, Palmer et al. 2000, Pavan and Doblas-Reyes 2000, Palmer et al.
2004, Yun et al. 2005, Prasad et al. 2010). Therefore, following this approach also in the present
study, the predictors from multi-domain GCMs will subsequently be used for seasonal climate
prediction.
El Niño conditions over the tropical Pacific, in conjunction with the coupled changes in ENSO,
are known to affect climate conditions by teleconnection over hemispherical distances
(Ropelewski and Halpert, 1987; 1989,;1996) and, more so, over the closer circum-pacific region
(Allan et al. 1996, Orlove et al. 2000, Guyot et al. 2009). Predictands persisting over longer-time
in the atmospheric and land boundary layers can have a higher teleconnective predictability
(Huang et al. 1996, Rosati et al. 1997, Zeng 1999, Goddard et al. 2001). For example, with the
forerunner ability of the ENSO- atmospheric variability, the prediction of the monsoon-rainfall’s
inter-decadal variability is possible (e.g. Parthasarathy et al. 1991, Hastenrath et al. 1995,
Hastenrath 1995, Kumar et al. 1999, Sahai et al. 2000). However, even though local climate
conditions are influenced by the large-scale atmospheric circulation, using initial atmospheric
predictors alone is still insufficient for predicting seasonal variations (Branković et al. 1990,
Barnett 1995, Branković and Palmer 1997).
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Therefore, another crucial and convenient method for predicting short-time climate variations is
statistical forecasting which derives the future climate state from previously observed climate
time series (Goddard et al. 2001). These statistical forecasting models predict the future climate
by mathematical procedures, which produce relationships between oceanic predictors, i.e. air and
sea surface temperature, and regional climate predictands, i.e. temperature, precipitation and
solar radiation. Among this group of statistical prediction tools, the regression model is the main
representative. In this method ocean-SST boundary, forcing predictors are used for seasonal
climate prediction, i.e. the determination of some climate predictands (Palmer and Anderson
1994, Goddard et al. 2001).
According to the ‘two-tiered’ climate prediction approach (Hunt 1997, Bengtsson et al. 1993),
the atmospheric climate is dominated by prescribed boundary conditions, such as SSTs as well as
the characteristics of the land surface (Goddard et al. 2001). The SSTs are a predictor source that
are widely used for forecasting seasonal climate in many areas across the world (Bah 1987, Rao
and Goswami 1988, Folland et al. 1991, Barnston et al. 1994, Shabbar and Barnston 1996, Uvo
et al. 1998, Colman and Davey 1999, Landman and Mason 1999, Thiaw et al. 1999), as well as in
the Asia Pacific (Yu et al. 1997, Aldrian and Dwi Susanto 2003, Sahai et al. 2003, Xu et al. 2007).
For Thailand, a study of the usefulness of SSTs in climate prediction was carried out by
Singhrattna et al. (2005a), using the regression method with ENSO-predictors to predict summer
rainfall at one- to three-month lead times. Also, a k-nearest neighbor model associated with
atmospheric variables, such as surface air temperature and sea level pressure derived from
2.5x2.5 global grid of NCEP/NOAA reanalysis was later used by the same author (Singhrattna
et al. 2012) to forecast 7-9 month-ahead rainfall.
Since the SSTs are playing an important role for seasonal climate prediction worldwide and for
Thailand, in particular, in this study, teleconnections of the ocean climate with Thai regional
weather will also be examined as potential predictors, for use in short-term climate prediction in
the study region. For the development of a short-term forecasting tool, various statistical time
series methods, i.e. linear regression and autoregressive models will be employed, wherefore both
teleconnection- and multi-GCM predictors are investigated for their applicability in short-term
climate prediction in the area.

4.1.2 Applications of autoregressive (AR) models in climate prediction
Another famous technique used in recent years to predict local climate, is the autoregressive
(AR) model, which is a data-driven technique for time-series modeling. This technique was
applied in numerous climatic time-series analyses, namely, precipitation (e.g. El-Fandy et al. 1994,
Chu et al. 1995, Mentz et al. 2000, Rebora et al. 2006, Kwon et al. 2007, Barbulescu and Pelican
2009, Sigrist et al. 2011) and temperature (e.g. Gu and Jiang 2005, Kwon et al. 2007, Malvestuto
et al. 2011). Extensions of the basic AR-model are the autoregressive moving average (ARMA)
and autoregressive integrated moving average (ARIMA) models which, later in this section, are
also applied for the analysis of seasonal and inter-annual time-series (Goddard et al. 2001).
The ARMA-model was developed to handle a weak stationary stochastic process (Whittle 1983).
It has been widely applied in hydrologic time series analysis (e.g. Chang et al. 1984, Wu et al.
2009). The ARIMA-model is a further extension of ARMA, to deal with non-stationary trends in
the time-series, wherefore, by appropriate differencing (corresponding to reverse integrating,
therefore the name) of the original series, the latter is made stationary and so that it can
subsequently be analyzed by regular ARMA-modeling (Box and Jenkins 1976, Box et al. 2008).
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4.1 Literature review
The ARIMA-model has been widely applied for the analysis and prediction of climatic and
hydrologic time-series in many parts of the world, especially, of precipitation (e.g. Adamowski et
al. 1987, Weesakul and Lowanichcha 2005, Liu and Shao 2006, Somvanshi et al. 2006, Yurekli
and Kurunc 2006, Hurile et al. 2008, Barbulescu and Pelican 2009, Chattopadhyay and
Chattopadhyay 2010, Kim et al. 2011), temperature (e.g. Kim et al. 2011) and streamflow (e.g.
Carlson et al. 1970, Salas et al. 1985, Haltiner 1988, Yu and Tseng 1996, Kothyari and Singh
1999, Huang et al. 2004, Castellanomendez et al. 2004, Modarres 2007, Fernández et al. 2009). In
Thailand, Weesakul and Lowanichcha (2005) employed ARMA and ARIMA for annual rainfall
forecasting at 21 stations across the entire country for yearly agricultural water allocation.
Tantanee (2006) also used an AR-model to predict annual rainfall over the northeastern part of
Thailand for 1-year annual rainfall distribution. A review of various applications of
autoregressive techniques in forecasting climate is provided in Table 4.1.
Table 4.1. Uses of autoregressive models for the prediction of temperature and precipitation.
predictand
model*
data used
reference
monthly temperature in mainland China (Tantanee 2006)
temperature AR(3)
AR(1)

precipitation

daily minimum and maximum
temperatures in Lazio, Italy
AR(1)
annual rainfall in North Africa
ARIMA(1,1,1) annual rainfall in the KY- basin
ARIMA(2,1,2)
ARIMA(2,1,1)
ARIMA(1,1,2)
AR(4)
ARIMA(3,1,2)
ARIMA(0,1,1)

annual rainfall in Thailand
annual rainfall in north Thailand
annual rainfall in China
monsoon rainfall over India

ARIMA (2,0,3) monthly rainfall in Mongolia

(Malvestuto et al. 2011)

(Peel et al. 2004)
(Weesakul and Lowanichcha
2005)
(Weesakul and Lowanichcha
2005)
(Tantanee 2006)
(Liu and Shao 2006)
(Chattopadhyay and
Chattopadhyay 2010)
(Kim et al. 2011)

*for notation see section 4.2

Another interesting extension of the classical autoregressive model is acquired by adding an
external regressor variable (Hyndman and Khandakar 2008). Such ARIMA-models with external
regressors, called from now on here "ARIMAex" (Nau 2012) have been applied in several studies
of climate time-series analysis (e.g. Luz et al. 2008, Chun et al. 2009, Fernández et al. 2009, Chun
et al. 2013). As external regressors, the teleconnections of the ocean state indices have been used
in some of these ARIMAex- model applications (e.g. Luz et al. 2008, Chun et al. 2013). Although
atmospheric predictors from global climate models (GCMs) form another predictor-set which is
often used in long-term climate prediction, they have also been applied in shorter-time-scale
climate predictions (Semenov and Stratonovitch 2010) for the simulation of seasonal and interannual variability (Palmer et al. 2005, Doblas-Reyes et al. 2006), but also for inter-season
forecasting (Palmer et al. 2004, Palmer et al. 2008, Acharya et al. 2011).
The above studies indicate that predictor variables obtained from teleconnections as well as from
GCMs can serve as potential external regressors in an ARIMAex- model. This relatively novel
forecasting approach will be applied later in this chapter for the short-term prediction of rainfall
and temperature in the study area.

4.1.3 Application of teleconnections and GCMs for seasonal climate
prediction
Since both the atmospheric climate variables and ocean indices (SSTs) are physical parameters
that are somehow transported through the global atmosphere-ocean system, it is of no surprise
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that time shifts for a climate event between different regions can exist (Palmer and Anderson
1994). As a matter of fact, SSTs are useful for the prediction of a variety of climate variables and
for the establishment of empirical, statistical models for regional climate and large-scale climate
variability (Goddard et al. 2001). Although a lack of understanding of the proper predictor–
predictand relationships might probably indicate the missing of some explicit information on the
relevant physical processes, such a statistical model may still be helpful for seasonal climate
prediction.
Various statistical climate forecast studies have been carried out in the last decades that used
several ocean SST variables to predict the seasonal climate in adjacent land areas (Webster et al.
1998, Goddard et al. 2001). In the early studies of this kind only a single ENSO- index was used
to predict seasonal climate variations (Hutchinson 1992) and typical features for the latter have
then been associated with average responses to ENSO-events (Ropelewski and Halpert 1996).
However, later on a combination of various ocean state indices, such as SSTs, was introduced to
increase the skill of short-term climate prediction (DelSole and Shukla 2002, Sadhuram and
Ramana Murthy 2008), and doing so, the teleconnective nature of such ENSO/SST- regional
climate relationships has then increasingly been recognized (Goddard et al. 2001).
The usefulness of a teleconnection application in climate forecasting is to be validated by various
statistical methods (Barnston and van den Dool 1993, Zhang and Casey 2000). One is the crosscorrelation analysis of ocean indices and local climate variables, as presented in Chapter 2. The
teleconnections established there indicate that these have the ability of long-lead forecasting of
regional climate variations in Thailand, including the EST study region. In fact, from the crosscorrelation maps examined in Section 2.6, the various ocean indices were successively screened
as potential climate predictors for the study region. One of the most important relationships
found there is the high correlation of 0.4 for a lag of -3 months between El-Nino 1.2 SST and
the local precipitation (see Figure 2.30). Thus, the time-series of this Pacific ocean index which
has some persistence can be used to predict the local climate for one or more seasons ahead
(Graham et al. 2000, Goddard et al. 2001).
However, it should also be noted that the teleconnective influence of the ocean SST on the
regional climate, i.e. the performance of a seasonal climate forecast, is reduced for non-ENSO
years (Barnston et al. 1999, Landman and Mason 1999). On the other hand, in addition to the
use of simple SSTs, some improvements in the prediction skills were claimed when atmospheric
predictors, e.g. zonal wind and pressure, are included in the prediction models (Hastenrath et al.
1995, Makarau and Jury 1997, Francis and Renwick 1998, Jury et al. 1999, Philippon and
Fontaine 1999). The addition of such atmospheric predictors also appears to improve the
prediction power of the forecasting model at seasonal scales (Goddard et al. 2001). In fact, by
including these atmospheric predictors in statistical models, the early prediction of the monsoon
rainfall has been possible (Shukla and Paolino 1983, Shukla and Mooley 1987), even in the
presence of weak ENSO-events (Yang et al. 1998). These atmospheric predictor-signals were
also applied to determine the variability of large-scale meteorological/climate pattern in Asia (e.g.
Hastenrath 1987, Vernekar et al. 1995, Webster 1995). In any case, such teleconnective
relationships emphatically indicate that there is some predictability of the climate, when using the
atmospheric state as a boundary forcing process.
An alternative source of potential predictor variables is derived from general circulation models
(GCMs) which simulate the atmospheric climate state by the numerical solution of the equations
governing the various physical processes in the ocean-atmosphere system under different
greenhouse gas emission scenarios (for details see Chapter 3). The GCMs provide information
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on various climate variables, such as temperature or precipitation, either directly or in terms of
some other atmospheric predictors.
Climate predictors from GCMs have been widely used to predict seasonal climate variations (e.g.
Stern and Miyakoda 1995, Kumar et al. 1996, Graham et al. 2000, Acharya et al. 2011) where,
moreover, the use of multi-model GCM-ensemble output has been recommended to increase
the prediction skill (Graham et al. 2000). Nevertheless, GCMs have some limitations, as far as
the short-term prediction of the small-scale climate variability from large-scale atmospheric flow
pattern is concerned (Palmer and Anderson 1994, Goddard et al. 2001, Alexander et al. 2002). It
is for these situations where the use of teleconnections in seasonal prediction can partly fill this
deficiency gap of the GCM-predictor data and, so, improve the climate prediction at both the
regional and seasonal scale.

4.2 Overview of methods and experiments of short-term climate
prediction
For the understanding of the remainder of this chapter, an overview of the methods and the
kind of experiments for short-term climate prediction is presented in this section. The first
approach is the family of autoregressive time series models. The autoregressive model group is
used in four variants, i.e. AR, ARIMA and ARIMAex. The ARIMAex- models use both GCM
and teleconnection (SST) in the predictions.
Next, the MLR-model as developed in Chapter 3 is applied here, in association with GCMpredictors as well as teleconnections, similar to the ARIMAex models. The MLR- methodology
group is additionally separated into single- and multi-domain MLR- models, i.e. predictor sets
from one or more GCM are used, wherefore in both cases, teleconnections may again be
incorporated as additional regressors.
Furthermore, the conventional downscaling models, i.e. SDSM and LARS-WG models, which
were formulated in Chapter 3, are used in the experiments of short-term climate prediction. The
set of all comparative forecasting modules, with their most salient characteristics, is listed in
Table 4.2 to Table 4.4. As defined in the column for the predictor, the latter can be derived
from GCM-predictors, from ocean state indices or from a combination of the two.
To evaluate these models, the various inter-season forecasting models as based on the mentioned
statistical approaches are developed, then calibrated and validated on monthly temperatures and
rainfall in the eastern seaboard of Thailand. More specifically, for a more reliable analysis, these
models are calibrated in two variants, namely, for the 1971-1985 time period (vrf1) and for the
1971-1999 (vrf2) and, then, subsequently verified (validated) by a 1-year-forward climate
prediction in the following year 1986 (vrf1) and 2000 (vrf2), according to the schemes listed in
Table 4.4.
Table 4.2. Experiments of autoregressive models in short-term climate predictions.
approach
AR
ARIMA
ARIMAex:GCM
ARIMAex:SST
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predicting
model
AR
ARIMA
ARIMAex
ARIMAex

GCM resolution

domain

predictor

-

-

multi

ECHO-G, HiRes

-

SSTs

grid size
-

2.5°x2.5°
+0.5°x0.5°
-

time
interval

number of
predictor

monthly
monthly

256+5
13
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Table 4.3. Experiments of MLR- and downscaling models in short-term climate predictions.
experiments

approach

1. Monthly MLR MLR:ECHO-G
2. Multi-domain
MLR

3. Multi-domain
MLR

MLR:Hi-Res

MLRmonthly
MLRmonthly

domain

ECHO-G

2.5°x2.5°

monthly

21

single

HiRes

0.5°x0.5°

monthly

5

2.5°x2.5°

monthly

256

MLR:GCMs

multi

MLR:GCMs+
Hi-Res

MLRmonthly

multi

MLR:ECHO-G
+SSTs

MLRmonthly
MLRmonthly

single
single

MLR:GCMs+SSTs

MLRmonthly

multi

MLR:GCMs+
Hi-Res+SSTs

MLRmonthly

multi

MLR:SSTs
SDSM
LARS-WG

MLRmonthly
SDSM
LARS-WG

GCM resolution number
predictor
of pretime
grid size
interval dictor

single

MLRmonthly

+teleconnection MLR:Hi-Res+SSTs

4. Downscaling
models

predicting
model

ECHO-G,
BCCR,
ECHAM5,
GISS, PCM
ECHO-G,
BCCR,
ECHAM5,
GISS, PCM,
HiRes
ECHOG,SSTs
HiRes,SSTs

2.5°x2.5°
monthly
+0.5°x0.5°

256+5

2.5°x2.5°

monthly

21+13

0.5°x0.5°

monthly

5+13

monthly

256+13

ECHO-G,
BCCR,
ECHAM5, 2.5°x2.5°
GISS, PCM,
SSTs
ECHO-G,
BCCR,
2.5°x2.5°
ECHAM5,
+0.5°x0.5
GISS, PCM,
HiRes, SSTs

monthly 256+5+13

-

SSTs

-

monthly

13

single
single

ECHO-G
ECHO-G

2.5°x2.5°
2.5°x2.5°

daily
daily

58
58

Table 4.4. Validation schemes of short-term climate prediction.
calibration
verification
scheme
n
year
n
year
vrf1
180 months
1971-1985
12 months
1986
vrf2
348 months
1971-1999
12 months
2000

4.3 Use of autoregressive models for short-term prediction
The short-term climate prediction focuses on seasonal forecasting of the future climate of up to
one year ahead. The monthly maximum and minimum temperature at four stations and monthly
precipitation at 24 stations in the eastern seaboard recorded in the time period 1971-2006 are
used in the experiments of monthly predictions using a data-driven (statistical) concept. The use
of AR- and ARIMA- models for short-term climate prediction is investigated in this section.
Employing these two kinds of models, the forecasting of the monthly climate time-series in the
study region for one to several months ahead is endeavored and examined subsequently.
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4.3.1 Theoretical foundations of autoregressive models
The autoregressive (AR) model is a kind of stochastical process to describe a seemingly random
time series at a particular time from known values at earlier times. The AR is usually applied in
statistics to simulate and forecast natural variations of stationary process as a data-driven
method. The development of AR-models was essentially initiated Box and Jenkins (1976) and for
this reason, they are often called Box-Jenkins models. More specifically, Box and Jenkins
introduced the autoregressive–moving-average (ARMA) model by combining moving average
(MA) with the AR model (Whittle 1983).
The autoregressive model part AR of an ARMA- model for a time series

can be written as:
(4.1)

∑

∑
(
) , with the
where
are the polynomial coefficients of the model,
mean of the series , is a white noise error, and is the order of the AR-model, i.e. the
maximum delay time over which a series value at time is still dependent on values
at
previous time t-p.
The moving average (MA) part of the ARMA model of order

is written as:
(4.2)

∑

where are the coefficients of the random shocks (innovations) and is the mean of .
Whereas the physical interpretation of the AR-part of an ARMA- model is somewhat intuitive,
this is less so for the MA-part. (e.g. Box and Jenkins 1976).
By combining Eqs (4.1) and (4.2) the complete ARMA(p,q) - model can be formulated:
∑

∑

(4.3)

with and p and q, the orders of the AR- and MA-models, respectively.
The corresponding ARIMA-model (when the time series is non-stationary) is then noted as
ARIMA(p,d,q), where d is the order of differencing (usually d = 1, i.e. first-order differencing is
employed). For climate- or hydro-meteorological data which usually follows a seasonal, i.e. an
annual cycle, it is more appropriate to use a seasonal ARIMA(p, d, q) (P, D, Q)S (SARIMA) model
which can be written in operator form as (Box et al. 2008, Chun et al. 2013):
(4.4)

where
,
,
and
are the polynomial functions for the AR and MAprocesses, respectively, of the backshift or lag operator which act as B =
, p, d and q
are the order of the non-seasonal autoregression, differencing and moving average, respectively,
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and P, D and Q are the corresponding seasonal orders, and s is the length of the season, where
usually s =12 for monthly time series with an annual cycle.
Dividing both sides of Eq. (4.4) by the expression in front of
model can be written in the following form:

, the general seasonal ARIMA
(4.5)

where
is the fractional polynomial with the left side of Eq. (4.4) as nominator and the
right side as denominator.
The determination of the AR- and MA-coefficients of the classical ARIMA model (Eqs. (4.3) or
(4.4)) is based only on information inherent in the "stochastic" structure of the time series
itself, which may limit the forecast power of such a model somewhat. However, because of the
previously established teleconnective influence of the various ocean indices on the climate time
series in question, the classical ARIMA model can be improved by incorporating the
teleconnection indices as exogenous variables or “external regressor” into the model (Hyndman
and Khandakar 2008). Doing so leads to the so-called ARIMAex- model, which can be written in
the form of a linear regression as:
(4.6)

where is a vector of the external regressors which, in the present case consists of the times
series of the influental ocean indices, and is the vector of the regression coefficients, to be
determined by classical least-squares.
In the following sections, these autoregressive models are applied to predict the monthly
maximum and minimum temperature and monthly rainfall in the eastern seaboard of Thailand.
The various models discussed above have been programmed as a script with more than 800 lines
in the R - programming environment (R Development Core Team 2011), using partly the
forecasting package (Ripley 2002, Hyndman and Khandakar 2008).

4.3.2 Autocorrelation analysis of the climate series
As will be discussed in more detail in the following section, for the setup, namely, the
determination of the orders p and q of the optimal ARMA/ARIMA model (Box and Jenkins
1976), as well as of possible seasonality, the autocorrelation (ACF) and partial autocorrelation
(PACF) functions (Box and Jenkins 1976) play an important role, as they are used to identify the
correlation structure, i.e. the amount of non-randomness or memory, in the climate time-series.
The ACF provides information on the autocorrelation of subsequent values
,...,
at
times
, of a time series X as a function of the lag k. The ACF, at lag is defined as:
∑

̅ )(

(
∑

(

̅)

(4.7)

̅)

The PACF at lag k, denoted as
, is computed similar to the ACF, but it considers only the
correlation between
and
which is not accounted for from lags i+1 to i+k-1 or,
equivalently, after removing the linear dependence of for these lags. It is defined as (SPSS Inc.
2008):
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|
|
where

, ..,
, ..,

,

(4.8)

denotes the classical correlation procedure, as in Eq. (4.7), and
|
, …,
denotes the best linear projection of on
, …,
, and correspondingly, for
|
, …,
.

ACF- and PACF- plots of the 1971-2005 observed time-series of the maximum and minimum
temperature as well as of the rainfall are shown in Figure 4.1. The ACF- series suggest strong
correlations above the confidence limits for lags of up to two months, namely, for the two
temperatures, and then, repeatedly, at interval lags of 12 months, with the latter clearly showing
the annual seasonality of these climate time series. The PACF- series exhibit significant values
only for a lag of one month, after which lag they die off sharply.
These autocorrelations of the temperature and rainfall demonstrate that the climate data series in
this study area are not completely random, but have some time-limited memory, and have a
seasonality with a cycle of 12 months. These initial results will be further used in the following
section to properly set up the seasonal degree and the orders of the ARMA/ARIMA- model.
Tmax

Tmax

Tmin

Tmin

PCP

PCP

Figure 4.1. Autocorrelation (ACF) (left column) and partial-autocorrelation (PACF) (right
column) of maximum (Tmax) and minimum (Tmin) temperatures at station 48459 and rainfall
(PCP) at station 459201 in year 1971-2005. Also shown are the 95%- and 99%- confidence
(significance) intervals.
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4.3.3 Setup and development of the optimal autoregressive models
The objective of seasonal to inter-annual prediction is to estimate the future states or values of
climate variables from previously known climate predictors (Goddard et al. 2001). The
terminology of short-term prediction, as used here, refers to seasonal prediction to predict the
near-future state based on the previous evolution of the climate series. In this section, the ARand ARIMA- models are established with monthly climate time-series. The non-seasonal and
seasonal orders of the models are determined and the optimal models are fitted to the observed
climate data. Finally, up to one-year-ahead climate predictions for the study area are carried out.
4.3.3.1

Fitting of an AR-model

The autoregressive (AR) model represents a linear prediction function to predict future output of
a system from previous output. The setup and development of the appropriate autoregressive
models (AR and ARIMA) is a non-trivial task and basically consists of four steps (e.g. Box and
Jenkins 1976, Hipel and McLeod 1994, Box et al. 2008):
(1) Model identification
(2) Estimation of the model parameters
(3) Diagnostic checking for the identified model appropriateness
(4) Application of the final model (validation and forecasting)
The (1) step is probably the most difficult one, as it requires essentially the determination of the
orders p of the AR-process in Eq. (4.1). This is done by visual inspection of the plots of the
regular autocorrelation function (ACF) and of the partial autocorrelation function (PACF), as
shown in the previous section.
Once the optimal model order is selected, i.e. the major structure of the underlying AR- model is
determined, in step (2) the model coefficients in Eq. (4.1) are estimated by linear regression in
the step (2) which amounts to the solution of the so-called Yule-Walker equations (e.g. Hipel and
McLeod 1994). As the model order p cannot be always uniquely determined, the order of the
model is further fine-tuned by optimizing the AIC, following the fitting AR-algorithm of
Plummer (2012). The common AIC has been described in Eq. (2.4). When applied to the most
general autoregressive (ARIMA or SARIMA) model (see following section), as defined in Eq.
(4.4), the AIC is expressed as (Hyndman and Khandakar 2008):
(4.9)

where
are the model orders of the SARIMA-model, r is the number of error
terms, and is the maximized likelihood of the model, fitted to the non-seasonally- (to remove
non-stationarities in the time series) and seasonally-differenced time series , i.e.
in Eq. (4.4). For the regular AR-model for a stationary and non-seasonal time series,
obviously, only parameter p enters Eq. (4.9).
The finally resulting model configuration is diagnostically checked and selected in step (3). The
optimal autoregressive order p is determined by selecting model, which gives best prediction skill
(smallest AIC).
Finally, in step (4), the structure and configuration of the model are validated and applied for
short-term forecasting of the time-series
, k time-steps ahead, using present values.
The development of the various autoregressive models is executed here in the R-programming
environment, using the “stats” and “forecast” packages (Team 2008).
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In the following analysis, all AR- models have been validated, i.e. calibrated and verified, based
on two validation schemes (see Table 4.4):
1) Calibration with 1971-1985 data, verification for the following year 1986 (scheme vrf1)
2) Calibration with 1971-1999 data, verification for the following year 2000 (scheme vrf2)
According to the plots of the ACF- and PACF- autocorrelations of the previous section which
indicate a seasonal cycle of 12 months in the climate time series Therefore, the further
optimization of the AR-model, based on the AIC-values, is carried out with an increasing order p
up to p=60. The models providing the lowest AIC are then used further for prediction in the
subsequent verification periods, providing another way for the selection the optimal model.
For the calibration with 1971-1985 precipitation time series at station 459201, Figure 4.2a
shows the AIC as a function of the number p of parameters ranging from 1 to 60 months. The
local minimum AIC values are found for p = 12, 24, 26, 48 and 58, - i.e. they scatter around
multiples of the 12-month cycle -, as indicated by the points b) to f) in Figure 4.2a. The ARmodels with these orders p are then used to predict the 12-month rainfall for the following year
1986 (verification scheme vrf1), as shown in the corresponding panels of Figure 4.2b to Figure
4.2f.
a) AICs varying with p
b)
c)

d)
e)

f)

PCP (mm/day)

b) AR(12)

d) AR(26)

PCP (mm/day)

PCP (mm/day)

c) AR(24)

f) AR(58)
PCP (mm/day)

PCP (mm/day)

e) AR(48)

Figure 4.2. AIC as a function of the order p of the AR(p), with the corresponding local minima
indicated (a), and optimal models to predict rainfall at station 459201 for year 1986, based on
calibration between 1971-1985 (vrf1), for the different optimal orders p=12, 24, 26, 48 and 58 (bf). Also shown are the 80% and 95% confidence intervals of the forecast as well as the NScoefficients below the charts, showing the model performance of the respective AR- model.
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also shown in the panels are the 80% and 95% confidence intervals of the forecast as well as the
NS- coefficients characterizing the model performance of the respective AR- model. One may
notice that in this verification modus, the AR(12)-model of Figure 4.2b provides the best
performance with NS=0.481. Consequently, this model is then selected for the precipitation
prediction at this meteorological station.
The examination of the AR-model performances is done for all precipitation- and temperature
data sets to determine the best choice of model order for the whole meteorological network in
the study region. The results for the two validation schemes are shown in Table 4.5 which
indicates that for most of the stations, p = 12 and 24 are the optimal orders. On notes also that
for the year-2000 prediction (vrf2), the optimal order tends more to p = 36.
Table 4.5. Orders p of the best fitting AR(p) model for the 4 temperature- and 24 precipitation
stations in the study region for predicting the 1-year-ahead monthly climate, for the two
validation schemes (see text for explanations).
validation
number of stations with p model parameters in AR(p)*
predictand
scheme
p=12
17 24 26 28 34 36 38 46 47 48 53 56 59
Tmax
2
1
1
cal: 1971-1985
Tmin
1
2
1
vrf1: 1986
PCP
14
8
1
1
Tmax
1
2 1
cal: 1971-1999
Tmin
2
1
1
vrf2: 2000
PCP
11
5 1 2
2
1 1 1
count
30
1 17 1 2 1 5 1 1 1 1 1 1 1
*number

of stations add up to 4 for Tmin and Tmax and to 24 for PCP

4.3.3.2 Fitting of an ARIMA- model
As discussed previously, the autoregressive integrated moving average (ARIMA) and its seasonal
homologue, the SARIMA- model, are the most complete models to describe non-stationary,
seasonal stochastic processes. Fitting of an ARIMA-model is quite more complex than that of an
AR-model and is endeavored in this section.
Similar to that of an AR-model, the fitting process of an ARIMA(p,d,q) -model follows also the
four steps of Box and Jenkins (1976). To formulate the initial model, generally, the selection of
the orders p and q of the AR- and the MA-process, respectively, is based on the inspection of the
ACF- and PACF- series as a function of the lag-times (Hyndman and Khandakar 2008). More
specifically, the order p of the AR-process is determined from largest lag time k for which the
PACF is non-zero, whereas the order q of the MA-process is determined from the
corresponding lag of the ACF (Hipel and McLeod 1994).
A more quantitative way to do the optimal selection of p and q in a trial ARIMA(p,d,q)- model is
based on the Ljung-Box test (Ljung and Box 1978) which tests the residuals of the fitted model
for remaining autocorrelation. Normally, the model configuration is chosen by selecting the
lowest AIC value. However, the values of AIC as computed by Eq. (4.9) cannot be compared at
different levels of differencing, d, and, in case of seasonality, also of D (Smith and Yadav 1994,
Smith and Yadav 1995, Hyndman and Khan Dakar 2008). Therefore, the likelihood of the whole
model is used to evaluate the optimal model directly.
The order d of the differencing to make the non-stationary time series stationary is determined
by means of the KPSS-test (Kwiatkowski et al. 1992) which tests a series for stationarity. In fact,
the whole ARIMA-setup process is based on four alternative optimizing approaches, as
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combinations of step-wise optimization and KPSS-tests (Kwiatkowski et al. 1992), i.e. op1)
stepwise fitting of p and q and considering d from the lowest AIC, op2) non-stepwise fitting of p
and q and considering d from lowest AIC, op3) stepwise fitting of p and q and KPSS-test for
choosing d (Kwiatkowski et al. 1992) and op4) non-stepwise fitting of p and q and KPSS-test for
choosing d.
These four optimization options are investigated by examining the ARIMA- model residuals at
all climate series observation stations in the study region for the two verification periods
mentioned. The results are listed in Table 4.6, which shows that the op4 is the optimal method
for fitting climate time-series in the study area by means of the appropriate ARIMA-model.
Table 4.6. Model performance in predicting monthly climate series for two validation schemes
vrf1 and vrf2, using four methods of ARIMA- model optimization (see text for explanations).
residual error (RMSE)1
validation
predictand unit
calibration2
verification3
scheme
op1 op2 op3 op4
op1 op2 op3 op4
0.75 0.72 0.72 0.71
0.57 0.49 0.49 0.48
Tmax
°C
cal: 1971-1985
0.84 0.82 0.81 0.81
0.85 0.85 0.84 0.83
Tmin
°C
vrf1: 1986
2.31 2.20 2.13 2.13
PCP
mm/day 2.45 2.39 2.40 2.37
0.72 0.7 0.69 0.7
1.52 1.10 1.49 1.21
Tmax
°C
cal: 1971-1999
0.82 0.81 0.79 0.8
0.94 0.87 0.96 0.95
Tmin
°C
vrf2: 2000
2.67 2.66 2.73 2.65
PCP
mm/day 2.62 2.58 2.65 2.59
1best

RMSE for the calibration- and verification periods are highlighted in bold italics
periods are 1971-1985 for vrf1 and 1971-1999 for vrf2;
3verification periods are 1986 for vrf1 and 2001 for vrf2
2calibration

Once the set (p,d,q) of the orders of the ARIMA- model are approximately identified, the
corresponding AR- and MA- coefficients (i=1,..,p) and (i=1,..,q) in Eqs. (4.1) and (4.2),
respectively, are estimated using the maximum likelihood method (MLE), an extension of the
classical least-squares method. The estimation procedure is repeated several times, with various
combinations of p and q and applying the Ljung-Box test as mentioned, to find the model with
the lowest AIC value. The “auto.arima” -function of the R forecast-package is used to that avail.
As the original monthly temperature and precipitation time series analyzed here are nonstationary, and have a s=12-month seasonality, they are all differenced non-seasonally at lag d=1
and differenced seasonally at lag D=12. All seasonal terms, i.e., P, D and Q in the
ARIMA(p,d,q)(P,D,Q) (SARIMA) -model, are automatically fitted to the time-series based on the
seasonal unit root test of Osborn-Chui-Smith-Birchenhall (Osborn et al. 1988). The final nonstationary, seasonal ARIMA(p,d,q)(P,D,Q) - model is then estimated, as discussed above.
In Table 4.7 the sets of orders (p,d,q) of the optimal ARIMA-models for all monthly
temperature- and precipitation series in the KY- study region with number of stations showing a
particular order set are listed for the two validation schemes. One can infer from the table that
there are various (p,d,q)- configuration that fit the different climate time series in the KY-basin,
however, with the maximum orders p and q never exceeding three. Note that, whereas for the
vrf1-validation scheme, using calibration data between 1971-1985, most of the climate series are
stationary, i.e. differencing is not required (d=0), for the longer calibration period (years 19711999) of scheme vrf2, non-stationarities in the form of linear trends in the series are observed
which require first-order differencing (d=1). It should be noted here that the (p,d,q)combinations found here agree well with those of other climate series studies (see Table 4.1).
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Table 4.7. Sets of orders (p,d,q) of the optimal ARIMA-models for all monthly temperature- and
precipitation series in the study region for the two validation schemes, with number of stations
showing a particular order set.
ARIMA (p,d,q)
validation
number of
predictand
stations
p
d
q
scheme

cal: 1971-1985
vrf1: 1986

PCP

Tmax
Tmin

PCP

cal: 1971-1999
vrf2: 2000

Tmax
Tmin

0
0
0
1
1
1
1
1
2
1
1
1
0
0
0
0
0
1
1
1
1
2
2
2
2
0
1
1
3
0
1
3

0
0
0
0
0
0
0
1
0
0
0
0
0
0
0
1
1
0
0
1
1
0
0
0
1
1
0
1
1
0
0
0

0
1
2
0
1
2
3
2
1
1
0
1
1
2
3
2
3
0
1
0
1
0
1
2
1
2
1
1
4
2
0
1

7
2
2
1
6
3
1
1
1
4
3
1
1
1
1
3
1
8
1
1
1
1
3
1
1
1
1
1
1
1
2
1

Table 4.8 showing the seasonal orders (P,D,Q) of the ARIMA(p,d,q)(P,D,Q) for the various
climate series in the study region indicates that the (1,0,1)-combination works best for the vrf1and (2,0,0) for the vrf2- scheme which, in both cases, means that there is some correlation of the
seasons across consecutive years.

4.3.4 Development of autoregressive models with external teleconnections
and GCMs as external regressors (ARIMAex)
To provide an alternative climate prediction tool, the incorporation of the established oceanThailand seasonal-weather-pattern teleconnections into the ARIMA- model is investigated in this
section for short-term forecasting in the study region. Moreover, to extend the forecasting to a
longer time-scale, which is of particular interest for water planners (Bejranonda and Koch
2010a), autoregressive and downscaling models in association with the ocean climate and GCMpredictors are likewise used for inter-season prediction. The use of both of these external
regressor-variable sets in the ARIMA- model lead to the new class of so-called ARIMAexmodels, the development and application of which will be presented in this section.
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Table 4.8. Number of meteorological stations in the study region having seasonal orders P, D
and Q, as indicated, in the ARIMA(p,d,q)(P,D,Q)- models for the two validation schemes.
seasonal number of stations with specified (P,D,Q)
order
validation
scheme

cal: 1971-1985
vrf1: 1986)
cal: 1971-1999
vrf2: 2000

count

predictand

PCP
Tmax
Tmin
PCP
Tmax
Tmin

P
D
Q

1
0
1

1
0
2

2
0
0

2
0
1

2
0
2

total

14

4

2

2

2

24

2

0

2

0

0

4

0

0

0

4

0

4

2

0

12

8

2

24

2

0

1

1

0

4

2

0

0

1

1

4

22

4

17

16

5

This extension of the ordinary ARIMA-model, combining information from leading indicators
or external variables is simply practiced by adding one or more suitable regressors to the regular
ARIMA-forecasting equation (Hyndman and Khandakar 2008, Nau 2012), as stated in Eq. (4.6).
ARIMA-models with external regressors have been widely applied in various fields of time-series
analysis (Ugiliwenez 2007). For climate time-series, the advantageous use of other relative climate
variables as external regressors in an ARIMA-model has been demonstrated by various
researchers over the last decade (Luz et al. 2008, Fernández et al. 2009, Chun et al. 2009, 2013).
4.3.4.1

Fitting an ARIMA- model with external ocean indices

Here the autoregressive integrated moving average (ARIMA) model is applied in association with
teleconnective ocean states (ARIMAex- model) is applied to predict the local temperature and
precipitation in the study area. Because of the time-lags between the various ocean state
variations and local climate events, as established in Chapter 2, appropriately time-lagged ocean
state indices (SSTs) are used in the regression models. With this information, the original
ARIMAex – model of Eq. (4.6) is modified as:
(4.10)

where
is now the time-lagged (with lag-time ) series of external regressors,
unknown vector of regression coefficients, and other variables are as discussed earlier.

is the

The following fitting process of this ARIMAex- model is similar to that of the regular ARIMAmodel, i.e. follows essentially the same Box-Jenkins procedure (Box and Jenkins 1976, Pfaff
2008). Thus, the optimal structure (order) of the ARIMAex- model is determined first and then
the coefficients of the ARIMA- model and the external regressors are estimated simultaneously
by linear regression, using a one-stage selection algorithm (Hyndman and Khandakar 2008).
In the present paragraph the available external ocean-regressors for inclusion in the ARIMAexmodel- Eq. (4.10), based on the outcome of teleconnection investigation in Chapter 2, namely,
the time-lagged cross-correlation analysis, are investigated further. The results presented in that
chapter indicated (see Section 2.6) that only lags between ocean (SSTs)- and regional climate
events, which are negative, are useful for short-term climate prediction. Consequently, the
calibration and verification of the ARIMAex- models is done with monthly ocean indices lagged
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by -1 to -6 months to find the optimal SST- regressor set. Also, the ARIMAex- models are again
validated for the two calibration/verification schemes vrf1 and vrf2, as defined in Table 4.4.
The prediction performances of the ARIMAex- models, using each of the 13 ocean-indices as
external regressors (see Chapter 2, for definition), after being optimally lagged, are measured by
the Nash–Sutcliffe coefficient. These are shown for the two verification schemes in the two
corresponding panels of Figure 4.3. One may notice that the ARIMAex- prediction of the
climate at one station in the study area for year 1986 (vrf1) is best, when using the Pacific indices
as external regressors, whereas for year 2000 (vrf2), the Indian indices (e.g. SWIO and WTIO)
offer much more optimal regressors for the climate prediction, (seen also Table 4.9). It might
also be noticed that the year 2000, when the forecast of the maximum temperature is completely
unreliable for that year which, in fact, was a La Niña year (Shinoda et al. 2011).

Figure 4.3. Radar plots showing the fitting performance - expressed by the Nash–Sutcliffe
coefficient - of the ARIMAex-models using ocean indices (at optimal lag) as external regressors
in forecasting the monthly climate at station 48459 for a) vrf1- (year 1986) and b) vrf2- (year
2000) validation schemes.
The best SST-regressors in the ARIMAex-model for predicting the climate series for all
observing stations in the study region are summarized in Table 4.9. The table shows that,
likewise to Figure 4.3, for forecasting the monthly maximum and minimum temperatures, the
Niño- SSTs and the Indian Ocean indices, respectively, are best. For the precipitation, the Niño
SSTs and the Pacific oscillation indices are mostly selected for the year-1986- forecast (vrf1),
while the Indian Ocean indices are better for the year-2000 forecast (vrf2). The list of optimal
indices for years 1986 and 2000 exhibits somehow that for 1986 the influence of the Indian
Ocean indices is lower than the ones of the Pacific. On the other hand, for year 2000 the
influence of the Indian indices is nearly similar to those of the Pacific. Therefore, the use of the
Pacific Ocean indices in climate prediction in the study region is useful, when the Indian indices
are weak. On the other hand, the Indian Ocean indices can serve as backup predictors for years,
like 2000, when the teleconnective influence of this ocean on the regional climate is stronger.
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Table 4.9. Best ocean indices and lag-times (month), with corresponding number of stations,
used as external regressors in the ARIMAex-model for predicting the 12-month-ahead
temperatures and precipitation for the vrf1- and vrf2- calibration/verification schemes.
vrf1: cal 1971-1985/vrf 1986
vrf2: cal 1971-1999/vrf 2000
predictand

Tmax

Tmin

PCP

1number

optimal predictor

nino3 / lag -5
nino3 / lag -6
pdo / lag -6
soi / lag -3
ep / lag -1
ep / lag -6
swio / lag -1
swio / lag -2
ep / lag -2
ep / lag -3
ep / lag -6
nino12 / lag -1
nino3 / lag -3
nino3 / lag -5
nino3 / lag -6
nino4 / lag -5
nino4 / lag -6
noi / lag -3
noi / lag -4
noi / lag -5
pdo / lag -3
pna / lag -3
setio / lag -3
setio / lag -6
swio / lag -3

number of
stations1

1
1
1
1
1
1
1
1
4
2
1
1
2
1
1
1
1
1
3
1
1
1
1
1
1

optimal predictor

nino12 / lag -3
nino3 / lag -1
swio / lag -2
wp / lag -5
setio / lag -1
setio / lag -2
wtio / lag -4
ep / lag -2
ep / lag -3
nino3 / lag -3
nino4 / lag -6
pdo / lag -6
setio / lag -4
swio / lag -1
swio / lag -2
swio / lag -3
swio / lag -4
swio / lag -5
swio / lag -6
wp / lag -5
wtio / lag -2
wtio / lag -3
wtio / lag -5
wtio / lag -6

number of
stations1

1
1
1
1
2
1
1
1
1
1
1
1
1
2
1
1
1
3
1
1
3
1
3
1
1

of stations add up to 4 for Tmin and Tmax and to 24 for PCP

4.3.4.2 Fitting an ARIMA model with external GCM predictors
In this section, predictors of atmospheric variables from a GCM- model are likewise applied as
external regressors in the ARIMAex- models. More specifically, the predictors here used are
from the ECHO-G- and the high-resolution (Hi-Res) GCM (for details of the GCM-database,
see Chapter 3). Although the fitting- and validating procedures of this ARIMAex- variant are
similar to those discussed in connection with the ocean- teleconnectors in the previous section,
the GCM-predictors differ from the ocean indices in that the atmospheric predictors are
computed based on the baseline, 20c3m- period (1850-1999) and are, subsequently, projected
from year 2000 to the end of the 21st–century, following the various SRES- scenarios. This
means that for the validation scheme vrf1, both calibration- (years 1971-1985) and verification(year 1986) periods are situated within the baseline period. On the other hand, the vrf2validation scheme calibrates the ARIMAex over the full baseline period (1971-1999), but predicts
the climate in year 2000, using the projected predictors of the GCM, wherefore the SRES A2 is
used which, based on the results of Chapter 3, turned out to be fittest SRES-scenario for the
prediction of the climate in the study area.
Results of these fitted ARIMAex – models with either ECHO-G- or HiRes- GCM- predictors as
external regressors are exhibited in Table 4.10, which lists the best atmospheric regressor136
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variables with the corresponding GCM-group. One may notice from the table that for most of
the observing stations in the study region the air temperature (tmp) from the HiRes- GCMpredictor set provides the best external regressor in ARIMAex for predicting the maximum and
minimum temperature. Even though the set of optimal regressors for predicting the precipitation
is more various, the precipitation predictor (pre) itself is mostly adequate for a good portion of
the 24 observing stations, followed by the vapor pressure (vap) and the diurnal temperature
range (dtr), all from the HiRes- GCM- model. These results indicate also that, in general, and not
surprisingly, the HiRes- GCM- model provides better predictors than the ECHO-G GCM.
Table 4.10. Best GCM-predictors (see Chapter 3 for definitions), with corresponding number of
stations, used as external regressors in the ARIMAex - models predicting 12-month temperature
and precipitation for the vrf1- and vrf2- calibration/verification schemes.
vrf1: cal 1971-1985/vrf 1986
vrf2: cal 1971-1999/vrf 2000
predictand

optimal predictor

number of
stations1

Tmax

HiRes GCM.tmp.

4

Tmin

HiRes GCM.tmp.
ECHO-G.rldscs
ECHO-G.rtmt
HiRes GCM.pre.
HiRes GCM.dtr.
HiRes GCM.tmp.
ECHO-G.rsut
HiRes GCM.vap.
ECHO-G.trsult
ECHO-G.rsdscs
ECHO-G.trsult
HiRes GCM.cld.

3
1
1
7
3
1
3
5
1
1
1
1

PCP

1

optimal predictor

number of
stations1

HiRes GCM.tmp.
HiRes GCM.vap
HiRes GCM.tmp.

3
1
4

HiRes GCM.dtr.
HiRes GCM.pre.
HiRes GCM.tmp.
ECHO-G.rldscs
ECHO-G.rsdt
ECHO-G.rsutcs
ECHO-G.rtmt
ECHO-G.tas
ECHO-G.tauv

4
13
1
1
1
1
1
1
1

number of stations add up to 4 for Tmin and Tmax and to 24 for PCP

4.4 Use of MLR for short-term climate prediction
In this section, the so-called multi-linear regression (MLR)-method developed for GCMdownscaling in Chapter 3 is adapted for short-term climate prediction in the study region, by
incorporating such GCM- predictors. In addition, the teleconnective ocean indices already used
in the ARIMAex- models will also be employed in the MLR-model. Such linear regression
models describing linear relationships between some ocean state- or atmospheric precursors and
local climate predictands were applied successfully for short-term, seasonal climate forecasts (e.g.
Hastenrath 1995, Allan et al. 1996, Francis and Renwick 1998, Goddard et al. 2001).

4.4.1 Development of the MLR- methodology
The multi-linear regression (MLR)- method exhibited in Chapter 3 as a particular downscaling
technique delivers mathematical relationships between a GCM’s grid data (predictors) and local
climate variables (predictands). This basic MLR-method is extended here to also include oceanic
indices (SSTs) as additional predictors so that a mixed predictor-set of monthly atmospheric
GCM-predictors and ocean state indices is available for seasonal climate forecasting in the study
regions. More specifically, similar to ARIMAex-models, the teleconnective ocean predictors are
appropriately time-lagged.
The complete GCM/ocean indices- MLR-model is then written as a dynamic regression model:
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[

]

(4.11)

where is the dependent climate variable vector, is the independent GCM-predictor vector
]
and are the corresponding unknown regression coefficients. The term [
denotes the regression of the optimally-lagged ocean indices with regression coefficients .
When this term is shut off, the MLR-method with GCM-predictors of Chapter 3 results.
In the subsequent MLR-analysis regressions with and without the incorporation of the ocean
teleconnectors will be done. The coefficients of the regression model, Eq. (4.11), are determined
by classical least squares fitting of the observed climate series in the study area.
The determination of the optimal ocean index S and its corresponding optimal lag-time
for
a particular climate variable X at one the observing stations in the study region is based on the
time-lagged cross-correlation between these two time series, as discussed in Chapter 2, namely,
the cross-correlation function
, defined in Eq. (2.16). For monthly data, the optimal lagtime
is then the number of lags k, in months, for which
is maximal.
As discussed in Chapter 2 and also in connection with the ARIMAex – models in the previous
section, in order to have a precursory causal relationship between an ocean index and a local
climate variable, only negative lag-times are of interest here. From cross-correlation plots, similar
to Figure 2.30, the maximum correlations and the corresponding negative optimal lag-times
are retrieved for all combinations of the 13 different Indian- and Pacific Ocean state indices
(SSTs) and the 4 temperature- and 24 precipitation climate series in the study area. The SSTs are
then appropriately time-lagged and incorporated into the MLR-model, Eq. (4.11).

+SSTs

GCMs

group

Table 4.11. List of predicting techniques and predictor-sets used in the various experiments of
short-term climate prediction.
single-domain model
multi-domain MLR with predictor sets
predictor-set
no
experiment
SDSM LARS-WG MLR
HiRes GCM
GCMs ocean indices
●
1 ECHO-G(SDSM)
●
2 ECHO-G(LARS-WG)
●
3 ECHO-G
●
4 HiRes
●
5 GCMs
●
●
6 GCMs+HiRes
●
●
7 ECHO-G + SSTs
●
●
8 HiRes+SSTs
●
●
9 GCMs+SSTs
●
●
●
10 GCMs+HiRes+SSTs
●
11 SSTs
Table 4.11 summarizes the various experiments carried out for the short-term prediction with
various combinations of predictors used in the general MLR-model, Eq. (4.11), i.e. with either
GCM- or SST- predictors or both (+SSTs). Also for comparison, in addition to the MLR-model,
the two single-domain statistical and stochastic downscaling tools SDSM and LARS-WG (see
Section 3.4), are applied in conjunction with ECHO-G predictors (no.1 and no.2 in Table 4.11)
in these short-term (nos. 1 and 2) climate experiments. The various atmospheric predictor
variables from the GCM-database which are similar to the GCM-predictor sets used in the MLRdownscaling in Section 3.5, i.e. ECHO-G, HiRes and multi-GCM database (see Section 3.5.2),
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are likewise used in the single- and multi-domain MLR- models (nos. 3 to 6). These GCMpredictors are available for the 20c3m- simulation experiment for years 1971-1999 and climate
projection year 2000, based on SRES A2. The combination of GCM- predictors with lagged
ocean indices (+SSTs) in the MLR- model is indicated by nos.7 to 11, where the latter refers to a
pure SST- regression model as discussed above. For the +SSTs group the optimal lag time for
each ocean index is selected, as mentioned above, and will be discussed further in Table 4.12.

4.4.2 MLR-seasonal prediction
The predicting performance of the MLR- short-term prediction model with pure SST-predictors
can be enhanced further by applying the model to individual seasons of the year. This means that
the regression is not only done for the total of the measured monthly (annual) climate series at a
station, but also for split data-sets of different seasons of the year, following the three seasonal
schemes discussed earlier in Section 2 (see Table 2.4), namely, a division of the 12 months of a
year into periods of 2, 3 and 4 seasons. This seasonal regression approach is similar to that of
Chapter 3, with the difference that unlike there, where GCM-predictors were used, here the
appropriately lagged teleconnective ocean indices are employed as regressors.
Each seasonal linear regression model between ocean state and local climate variables is
then identical to Eq. (2.19), only that the corresponding seasonal data is processed for each
seasonal scheme. The slope and intercept of the linear regression are determined again by the
method of least-squares, and the goodness of the regression fit is measured by the coefficient of
determination, R2. The lag operation in Eq. (2.19) is applied repeatedly for different lag-times
of the observed ocean variable to find the optimal lag-time
, which is the one providing the
best predicting skill at a particular climate site. As such, the methodology is similar to the
seasonal-scheme- MLR-downscaling approach with GCM-predictors of Section 3.5.4.2.
For the two-season scheme, i.e. the dry season [Nov-Apr] and the wet season [May-Oct], and
using the El Niño 1+2 SSTs as predictors - which were found in Chapter 2 overall as the most
suitable of the 13 Indian- and Pacific Ocean state indices analyzed, - the results of this analysis
are shown for climate station 48459 in Figure 4.4.
One may note from the various panel of Figure 4.4 that, depending on the lag-time τ used, the
(predictor, predictand) pairs (
, ) are more or less scattered around the linear regression
lines, whose coefficient of determination R2 - which for a simple linear regression is equal to the
square of the Pearson correlation coefficient r2 - are listed on top of each panel.
The quantitative results of Figure 4.4 are again summarized in Table 4.12, which lists the
correlation coefficients at different lags for the annual-, the dry- and the wet season climate
series. One can recognize from the table that the maximum temperature series at this climate
station is optimally related with the El Niño 1+2 SSTs for a lag of -2 months, while the optimal
lags for Tmin and the precipitation are situated between -3 and -4 months.
This seasonal correlation analysis has been extended to include all 13 ocean indices (see Figure
2.3) and to find the best average indices with their optimal lags for the MLR- seasonal prediction
of the three climate variables across the study region. The results are summarized in Table 4.13,
which lists the Pearson-correlation coefficients and the optimal lags of all combinations of the
three climate series with the 13 ocean indices. One may notice from the table that, although the
El Niño 1+2 SST has the strongest teleconnective relationship with the annual temperature (s0),
for the 4-season regression schemes, the EPO-index works best for the dry, pre-monsoon- and
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Lag = -2 months

Lag = -3 months

Lag = -4 months

PCP(mm/day)

Tmin(°C)

Tmax(°C)

Lag = 0

a = annual, s1=dry season [Nov-Apr], s2= wet season [May-Oct]

Figure 4.4. Annual and seasonal regression of 1971-2005 El Niño 1+2 and climate at station
48459 associated with time lag 0, -2, -3 and -4 months showing coefficient of determination (R2)
by annual and seasonal regression separated into 2 seasons (a = annual, s1=dry season [NovApr] in grey dots, s2= wet season [May-Oct] in blue dots).
Table 4.12. Cross-correlations squared (R2 ) between El Niño 1.2 and local climate at station
48459 (extracted from the regressions in Figure 4.4) as a function of lag-times for single season
(annual) and 2-season schemes (dry and wet).
R2
best lag
variable season
(month)
lag = -2 month lag = -3 months lag = -4 months
annual (a)
0.41
0.2
0.03
-2
Tmax
dry (s1)
0.55
0.50
0.23
-2
wet (s2)
0.38
0.30
0.09
-2
annual (a)
0.43
0.54
0.42
-3
Tmin
dry (s1)
0.55
0.52
0.26
-2
wet (s2)
0.39
0.40
0.25
-3
annual (a)
0.02
0.11
0.20
-4
PCP
dry (s1)
0.14
0.16
0.12
-3
wet (s2)
0.026
0.032
0.03
-3
monsoon1- seasons. For the precipitation, while the El Niño 1+2 SST is the best regressor in the
annual regression, the EPO-index works better for the dry-season regression.
From these results one can conclude that the El Niño 1+2 SST are optimal for the annual
regressions, the EPO-index should be considered for the seasonal-, namely, the dry-season
regressions.
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variable

Table 4.13. Average cross-correlation coefficient r and average lag-time (lag) between El Niño
1.2 and the local climate following single season (annual) and 4-season schemes.
indices

annual (s0)
1

r

lag

2

4-season scheme (s4)
dry (s1/4)
1

r

lag

pre-monsoon (s2/4)
2

1

r

epo
-0.38 8.0
0.34
-5.3
-0.11
nino12 0.59 -1.8
0.29
-1.8
0.55
nino3
0.56 -0.5
0.38
-0.3
0.48
nino34 0.47 0.0
0.41
0.0
0.39
nino4
0.36 1.3
0.47
-4.0
0.42
noi
-0.23 -2.0
-0.34
-1.5
-0.28
0.15 2.0
0.31
-5.0
0.25
Tmax pdo
pna
0.13 -1.8
-0.04
-5.8
-0.05
setio
0.08 0.0
-0.37
-1.8
0.28
soi
-0.27 -2.0
-0.43
-2.0
-0.28
swio
-0.08 -2.8
-0.40 -2.0
-0.29
wp
0.12 2.0
0.15
-5.5
0.25
wtio
0.30 0.8
0.35
0.0
0.43
epo
0.51 0.0
0.75
0.0
0.74
nino12 0.75 -3.0
-0.02
-8.0
0.73
nino3
0.59 -2.0
0.59
-4.8
0.58
nino34 0.42 0.0
0.47
-4.0
0.40
nino4
0.32 1.5
0.29
-4.0
0.41
noi
-0.16 -2.0
-0.18
-5.3
-0.21
0.24 0.0
0.18
-3.0
0.21
Tmin pdo
pna
0.16 -3.0
-0.06
-9.0
0.17
setio
0.14 7.0
0.06
-7.0
0.27
soi
-0.16 -3.0
-0.23
-7.0
-0.26
swio
0.15 2.0
-0.18
-4.0
-0.22
wp
0.10 -5.0
-0.07
-3.5
0.20
wtio
0.15 1.0
0.22
-5.5
0.34
epo
-0.40 2.8
-0.75 -10.0
0.04
nino12 -0.50 1.0
-0.30
-8.8
-0.09
nino3
-0.46 2.6
0.41
-4.5
0.06
nino34 -0.33 3.4
-0.04
-6.2
0.01
nino4
-0.21 3.8
-0.30
-7.0
-0.08
noi
-0.14 -5.8
-0.12
-5.2
0.15
0.18 -1.7
0.18
-3.2
0.14
PCP pdo
pna
0.13 -3.8
-0.01
-7.4
0.21
setio
0.06 -6.6
0.19
-7.2
0.08
soi
-0.05 -4.0
0.06
-4.9
0.09
swio
0.01 0.7
0.18
-3.9
0.08
wp
-0.09 2.8
-0.18
-1.4
0.14
wtio
-0.08 6.2
0.12
-4.0
0.03
1the best models in each group are highlighted in bold italics
2lags may be fractional, because of averaging

lag

2

-6.0
-1.8
0.0
-2.5
-10.0
-6.0
-9.5
-5.5
-0.3
-6.0
-5.5
-1.8
-1.0
-1.0
-1.0
0.0
-2.8
-10.0
-7.0
-7.3
-3.0
0.0
0.0
-3.0
-1.5
-1.0
-1.7
-5.7
-9.5
-9.2
-4.8
-5.0
-9.8
-7.8
-5.5
-3.4
-5.2
-4.8
-4.8

monsoon1 (s3/4)
1

r

lag

0.21

-3.0
-0.8
0.0
-5.0
-4.5
-0.8
0.0
-7.5
-2.3
-1.3
-5.3
-6.8
-1.5
-1.0
-1.0
-1.0
-1.8
-3.0
-2.0
0.0
-2.5
-1.5
-2.0
-3.0
-4.5
-5.5
-4.3
-0.8
-1.6
-3.8
-5.3
-4.2
-6.2
-3.8
-2.3
-3.3
-6.2
-8.7
-4.4

0.56

0.52
0.45
0.42
-0.39
0.38
0.06
0.23
-0.44
-0.21
-0.03
0.39
0.34
0.46
0.50
0.49
0.50
-0.45
0.44
0.24
0.23

-0.53
-0.14
0.12
0.45
0.07

-0.26
-0.23
-0.09
0.01
0.03
0.20
-0.01
-0.17
0.07
-0.10
-0.06
0.02

2

monsoon1 (s4/4)

r1

lag2

0.35

-4.8
-4.0
-3.0
-2.8
-1.3
-1.8
-3.3
-3.0
-2.5
-3.8
-7.0
-6.8
-5.5
-9.0
-3.3
-1.5
-1.0
-1.0
-2.8
-2.5
-8.0
-3.5
-2.0
-7.3
-4.0
-5.8
-9.0
-7.7
-5.2
-4.1
-4.8
-7.0
-4.7
-5.6
-7.4
-7.3
-6.0
-3.7
-9.1

0.40

0.35
0.29
0.24
-0.30
0.23
0.23
0.34
-0.25
0.21
0.22
0.32

0.53

0.21
0.45
0.41
0.34
-0.22
0.12
-0.18
0.13
-0.23
0.21
0.24
0.04
-0.46

0.47

0.32
0.23
0.20
-0.24
0.19
0.26
-0.09
-0.20
-0.02
-0.14
0.37

4.5 Validation of short-term climate prediction
The various variants of the autoregressive techniques and the MLR will be validated in this
section with regard to their capacities to forecast monthly climate time-series in the study region
from one to 12 months ahead. This will be done for the two verification schemes as indicated in
in Table 4.4, i.e. (1) calibration in 1971-1985 and verification in year 1986 (vrf1), and (2)
calibration in 1986-1999 and verification in year 2000 (vrf2).
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4.5.1 Validation of the autoregressive models
The group of autoregressive techniques consists of the classical data-driven AR- and ARIMAmodels and the ARIMAex- model, which uses external regressors from GCMs and/or SSTs.
4.5.1.1

Validation of the AR- and ARIMA- models

The orders of the optimal AR- models for the different climate series and stations in the study
region and the two verification periods were listed earlier in Table 4.5. Figure 4.5 shows the
continuous forecasts at climate station 48459 for the 14 years 1986-1999, following the vrf1calibration/verification scheme, i.e. calibration during 1971-1985. The two NS- coefficients listed
at the top of the charts indicate the predicting performance of the short-term 12-months-ahead
forecast and of the longer-term, 1986-1999 (14-years-ahead) forecast. These NS-values
demonstrate clearly that the predicting performances of the former are naturally all better than of
the latter. The courses of the various AR-forecast curves show also that while these are more or
less able to simulate the seasonal fluctuation of the observed series, the cyclic pattern of the
forecast-series get continuously compressed, while the confidence intervals are getting wider with
increasing forecasting time, i.e. as the prediction time is moving more and more into the future.
The forecasts with the seasonal optimal ARIMA(p,d,q)(P,D,Q)-models, whose structures for the
corresponding time series have been given in Table 4.7 and Table 4.8, are done in a similar
manner. They are shown in Figure 4.6. Similar to the AR-forecast above, the performances of
the ARIMA- temperature forecasts get worse, when forecasting over a longer term (14 years)
than for the short term (12 months). However, this does not hold for the rainfall forecasting
which is even better in the long- than in the short run, i.e. the 1-year forecast for 1986.
From Figure 4.5 and Figure 4.6 no clear conclusions can be drawn as to whether the ARIMAis better than the AR- model. Normally one would expect that a pure autoregressive AR-model
can be improved by adding a moving-average (MA) term in the long-term forecasting and also
that a seasonal ARIMA-model mimics the seasonal fluctuations better than a pure AR-model.
However, because of the rather high complexity of the AR-models used here, with 12,
respective, 24 coefficients, it may be that such an unusual high-degree model has the relatively
large prediction power, as experienced in the present application.
The average performances – as measured by the NS- coefficients - of all optimal AR- and
ARIMA-models in calibration and verification (one-year-ahead) of the monthly temperaturesand precipitation time-series at all climate stations for both the vrf1- and the vrf2calibration/verification schemes are listed in Table 4.14. One can notice that the ARIMAmodels have the best performance for the short-term (one-year-ahead) forecast in year 1986
(vrf1) with NS>0.5 which is considered a satisfactory level (Moriasi et al. 2007). However, for
the vrf2- calibration/verification scheme, the AR-models work consistently better than ARIMA,
although for the maximum temperature both model exhibit unacceptable performances (NS<0).
In any case, the predicting skills in the table exhibit that the forecasts for year 2000 are less
reliable than those for year 1986, regardless of whether an AR- or an ARIMA- model is used.
One may speculate about the reason, but it is most likely due to some anomalous climate
behavior that appears to have occurred between 1996 and 2003 in the study region, as may also
be recognized from the climate time series fluctuations of Figure 2.10.
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a) AR (24) in predicting Tmax at station 48459

Tmax (˚C)

NS=0.552 (12 months), 0.185 (14 years)

b) AR (12) in predicting Tmin at station 48459

Tmin (˚C)

NS=0.745 (12 months), 0.317 (14 years)

c) AR (24) in predicting PCP at station 459201

PCP (mm/day)

NS=0.453 (12 months), 0.414 (14 years)

Figure 4.5. AR- model forecasts of monthly a) maximum and b) minimum temperature and c)
rainfall in years 1986 to 1999 at station 48459, following the vrf1- calibration/verification
scheme. Prediction intervals at the 80% and 95% - confidence levels are exhibited by orange and
yellow shades. NS- coefficients at the top of the charts indicate the predicting performance of
the short-term 12-months-ahead forecast and of the longer-term 1986-1999 (14-years-ahead)
forecast.
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a) ARIMA (1,0,1)(1,0,1) in predicting Tmax at station 48459

Tmax (˚C)

NS=0.597 (12 months), 0.495 (14 years)

b) ARIMA (1,0,0)(2,0,1) in predicting Tmin at station 48459

Tmin (˚C)

NS=0.714 (12 months), -0.378 (14 years)

c) ARIMA (0,0,2)(1,0,2) in predicting PCP at station 459201

PCP (mm/day)

NS=0.487 (12 months), 0.552 (14 years)

Figure 4.6. ARIMA-model forecasts of monthly a) maximum and b) minimum temperature and
c) rainfall in years 1986 to 1999 at station 48459, following the vrf1- calibration/verification
scheme. Other notations are as in Figure 4.5.
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Table 4.14. Average performances of the optimal AR- and ARIMA-models in calibration and
verification (one-year-ahead) of monthly temperatures- and precipitation time-series at all climate
stations for the vrf1- and the vrf2- calibration/verification scheme.
NS-model efficiency coefficient
calibration/
predictand
calibration
verification (one year)
verification period
AR
ARIMA
AR
ARIMA
Tmax
0.61
0.51
0.41
0.57
cal: 1971-1985
vrf1: 1986
Tmin
0.87
0.84
0.82
0.85
PCP
0.49
0.45
0.51
0.55
Tmax
0.67
0.65
-1.01
-1.81
cal: 1971-1999
vrf2: 2000
Tmin
0.86
0.85
0.69
0.61
PCP
0.49
0.46
0.32
0.27
*best models in each group are highlighted in bold italics

4.5.1.2

Validation of the ARIMAex- models

The optimal ARIMAex models with external regressors, i.e. GCM- predictors (GCMs) and/or
ocean state indices (SSTs), set up in a previous section, are validated here by one-year-ahead
forecasts of the climate series for the two calibration/verification schemes vrf1 and vrf2.
Although the total number of predictors from the GCMs (ECHO-G and Hi-Res) and the set of
lagged ocean indices may exceed 100, only the best predictor out of each regressor- group, as
listed in Table 4.9 for the STTs and in Table 4.10 for the GCMs are employed in the following
ARIMAex- model validation.
Figure 4.7 and Figure 4.8 show the results of the vrf1- ARIMAex- validation, i.e. forecasts, for
the climate station 48459, with ocean indices (SSTs) and GCM- predictors (GCMs) as external
regressors, respectively. Similar to the previous AR- and ARIMA- validations (see Figure 4.5
and Figure 4.6), NS- coefficients of the prediction performance are computed and indicated for
both the short-term- (12-months) (1986) and the longer term (14-years) (1986-1999) forecasts.
The NS- values listed atop of the panels of Figure 4.7 and Figure 4.8 prove that all ARIMAexmodels provide satisfactory predicting skills (NS>0.5) for the short-term- forecast in year 1986.
Even though the performance of the ARIMAex predictions is again getting worse when
forecasting over a longer term ahead (14 years), this is less the case than for the previous ARand ARIMA- validations (see Figure 4.5 and Figure 4.6). This shows the advantage of the
permanent updating (nudging) of the forecast-value by the most recent external regressor that
can be either a SST-index or a GCM- predictor. For the rainfall forecasts one may also notice in
the corresponding panels of Figure 4.7 and Figure 4.8 that the residual errors, i.e. the gaps
between the observed and predicted values are usually high at the rainfall peaks.
The best regressors used in the ARIMAex-models in the vrf1- and vrf2- validation-schemes for
predicting the 12-month-ahead climate at the various stations in the study region are listed in
Table 4.15. The table indicates that for predicting the two temperatures and the precipitation,
the air temperature (HiRes.tmp) and precipitation (HiRes.pre), respectively, both from the highresolution GCM, are the most suitable. Moreover, whereas the temperature predictions are
mostly optimal with Hi-Res- regressors, for the precipitation forecasts, ocean indices with lags of
-3 to - 6 months are mostly applied.
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Tmax (˚C)

a) ARIMA(1,0,1)(1,0,1) + Nino3(lag:-6) in predicting Tmax at station 48459
NS=0.659 (12 months), 0.567 (15 years)

Tmin (˚C)

b) ARIMA(1,0,1)(1,0,1) + EPO(lag:-1) in predicting Tmin at station 48459
NS=0.876 (12 months), 0.289 (15 years)

PCP (mm/day)

c) ARIMA(0,0,0)(1,0,2) + Nino3(lag:-6) in predicting PCP at station 459201
NS=0.502 (12 months), 0.550 (15 years)

Figure 4.7. ARIMAex-model forecasts with ocean indices as external regressors to predict
monthly a) max and b) min temperatures and c) rainfall at station 48459 in years 1986 to 1999
following the vrf1- calibration/verification scheme. Other notations are as in Figure 4.5.
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a) ARIMA(0,0,1)(1,0,1) + HiRes.tmp in predicting Tmax at station 48459

Tmax (˚C)

NS=0.865 (12 months), 0.793 (15 years)

b) ARIMA(1,0,0)(1,0,1) + ECHO-G.rldscs in predicting Tmin at station 48459

Tmin (˚C)

NS=0.763 (12 months), 0.335 (15 years)

c) ARIMA(0,0,1)(0,0,0) + Hi-Res.pre in predicting PCP at station 459201

PCP (mm/day)

NS=0.658 (12 months), 0.654 (15 years)

Figure 4.8. ARIMAex models with GCM predictors as external regressors to predict monthly a)
max and b) min temperatures and c) rainfall at station 48459 in years 1986 to 1999, following the
vrf1 calibration scheme. Other notations are as in Figure 4.5.
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Table 4.15. Best regressors (GCM- predictors and SSTs) used in ARIMAex for predicting 12month-ahead climate for the vrf1- and vrf2- calibration/verification schemes, with
corresponding number of stations.
vrf1: cal 1971-1985/vrf 1986
vrf2: cal 1971-1999/vrf 2000
predictand

optimal predictor1

Tmax

HiRes.tmp

4

Tmin

HiRes.tmp

PCP

HiRes.cld
HiRes.dtr
HiRes.pre
HiRes.tmp
HiRes.vap
ECHO-G.rsut
ECHO-G.rtmt

3
1
1
1
7
1
3
2
1
2
1
1
1
1
1
1

ep /lag -1

ep /lag -2
ep /lag -6
nino4 /lag -5
nino4 /lag -6
noi /lag -3
noi /lag -4
setio /lag -3
1stations
2 number

number of
stations2

optimal predictor1

number of
stations2

HiRes.tmp
HiRes.vap
HiRes.tmp

3
1
4

HiRes.dtr
HiRes.pre
ECHO-G.rsdt
ECHO-G.tas

3
10
1
1
1
1
1
1
1
1
1
1
1

ep /lag -3
setio/lag -4
swio/lag -3
swio/lag -5
swio/lag -6
wp/lag -5
wtio/lag -3
wtio/lag -5
wtio/lag -6

associated with an ocean index, with lags as indicated, are highlighted in bold italics
of stations add up to 4 for Tmin and Tmax and to 24 for PCP

Table 4.16. Average performance of ARIMAex-models for predicting the 12-month-ahead
monthly climate for the vrf1- and vrf2- calibration/verification schemes, as measured by the
mean error (ME), root mean square error (RMSE) and Nash–Sutcliffe model efficiency (NS).
calibration
verification (one year)
calibration/
predictand
verification period
ME
RMSE
NS
ME
RMSE
NS
Tmax
-0.03
0.55
0.80
0.01
0.31
0.80
cal: 1971-1985
Tmin
-0.04
0.54
0.94
-0.08
0.49
0.95
vrf: 1986
PCP
-0.43
1.93
0.69
-0.27
1.66
0.73
Tmax
-0.01
0.51
0.84
-2.94
0.55
0.20
cal: 1971-1999
Tmin
0.00
0.50
0.94
0.12
0.49
0.87
vrf: 2000
PCP
-0.43
2.16
0.71
2.92
2.12
0.52
The average performance of all these optimal ARIMAex- models, as measured by the mean error
(ME), root mean square error (RMSE) and Nash–Sutcliffe model efficiency (NS), are
summarized in Table 4.16. This table indicates that for the three climate variables maximum,
minimum temperature and precipitation, the ARIMAex-validations result in NS- coefficients
ranging between 0.20 to 0.80, 0.87 to 0.90 and 0.52 to 0.71, respectively. Moreover, the 1986
short-term forecasts are generally better than the year-2000 ones, which hold particularly for the
minimum temperature.
Finally, in Table 4.17 the predicting skills of the AR-, ARIMA- and ARIMAex- models for the
vrf1- and vrf2- validation schemes are summarized. One may clearly notice that the ARIMAexmodels, using either GCMs or SSTs, exhibit higher skills than the AR- and ARIMA- models. In
fact, the ARIMAex- models using HiRes- predictors provide the best performances for
minimum temperature and rainfall, with NS- values close to 0.5. However, for all three modelvariants, the forecast performances are all weak for the maximum temperature for year 2000
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(vrf2-scheme). Although the predictions of maximum and minimum temperatures and
precipitation are mostly optimal for the ARIMAex+Hi-Res- GCM combination model, secondto-best results are obtained with the ARIMAex+SST- model. For precipitation, the latter model
is even better than the former which, in turn, shows the high degree of teleconnections between
ocean state indices and the rainfall pattern in the study area.
Table 4.17. Average performance, as measured by the RMSE and the NS, of the various
autoregressive models (AR, ARIMA, ARIMAex) in predicting 12-month monthly temperature
and precipitation time-series at all climate sites for the vrf1- and vrf2- validation schemes.
vrf1
vrf2
cal 1971-1985/vrf 1986
cal 1971-1999/vrf 2000
predictand

model

calibration
RMSE NS

verification
RMSE NS

AR
ARIMA
ARIMAex+SSTs
ARIMAex+ECHO
-G
ARIMAex+HiRes
AR
ARIMA
ARIMAex+SSTs
ARIMAex+ECHO
-G
ARIMAex+HiRes
AR
ARIMA
ARIMAex+SSTs
ARIMAex+ECHO
-G
ARIMAex+HiRes

calibration
RMSE NS

0.67 0.61
0.54
0.41
0.68
0.67
0.71
0.5
0.47
0.57
0.68
0.6
Tmax
1
5
0.62 0.80
0.44
0.62
0.58
0.84
(°C)
0.68
0.5
0.42
0.66
0.67
0.6
5
6
0.55 0.70
0.31
0.80
0.52
0.79
0.79 0.87
0.92
0.82
0.78
0.86
0.81
0.8
0.83
0.85
0.78
0.8
Tmin
4
5
0.76 0.92
0.64
0.91
0.65
0.93
(°C)
0.78
0.8
0.79
0.87
0.73
0.8
5
7
0.54 0.93
0.58
0.92
0.50
0.94
2.42 0.49
2.17
0.51
2.56
0.49
2.37
0.4
2.07
0.55
2.57
0.4
PCP
5
6
2.31 0.68
1.79
0.68
2.35
0.71
(mm/day)
2.32
0.4
1.92
0.61
2.47
0.5
8
0
1.93 0.64
1.78
0.65
2.17
0.61
*the best models with the highest NS for Tmax, Tmin, and PCP are highlighted in bold italics.

verification
RMSE NS
0.89
1.00
0.76
0.76
0.58
0.76
0.86
0.70
0.76
0.49
2.54
2.58
2.31
2.40
2.23

-1.01
-1.81
-0.47
-0.44

0.06
0.69
0.61
0.74
0.70

0.87
0.32
0.27
0.44
0.36

0.45

4.5.2 Validation of MLR in short-term prediction
The MLR- downscaling method adapted Section 4.4.1 for short-term climate prediction by
incorporating appropriate sets of GCM- predictors and time-lagged ocean indices (SSTs) is
validated here. In this MLR- model validation, the all-seasonal schemes, i.e. single, two, three and
four seasons (see Table 2.4) and all available 13 ocean indices (see Table 4.13) with optimal lagtimes are applied to determine the optimal model structure for predicting the climate at each site.
The seasonal regression configurations were verified for the vrf1- and vrf2- verification periods
and it was found that the temperatures are mostly fitted with the 3-season scheme and the
precipitation with 3- and 4-season schemes.
The optimal predictor-sets obtained from the vrf1 (1971-1985)- and vrf2 (1971-1990)calibrations of the three climate series at each of the stations in the study region are summarized
in Table 4.18. The table shows that the combination of HiRes- GCM + SSTs- teleconnectors
provides the best predictor for the MLR for both calibration/verification schemes. This proves
clearly the advantage of using the short-term SST- predictors (regressors), similar to the
ARIMAex- models, in the regression model. Interestingly, for the precipitation forecast at many
stations in the study region, SST- predictors alone are sufficient.
The average statistical results of the performances of the MLR-validations using these optimal
combinations of GCM- predictors and SSTs as regressors in the MLR– method are listed Table
4.19. One can notice again, that even by using ocean state indices (SSTs) alone as predictors
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Table 4.18. Best predictor-sets used in the MLR- models with number of stations for forecasting
the 12-month-ahead climate for the vrf1- and vrf2- calibration/verification schemes.
number of stations2
1
predictand
predictor set
vrf1
vrf2
cal 1971-1985, vrf 1986
cal 1971-1999, vrf 2000
HiRes
1
GCMs+HiRes
2
Tmax
HiRes+SSTs
3
GCMs+HiRes+SSTs
1
1
HiRes
1
GCMs+HiRes
1
1
Tmin
HiRes+SSTs
2
2
SSTs
1
HiRes
2
3
GCMs
5
5
GCMs+HiRes
3
6
PCP
HiRes+SSTs
5
6
GCMs+SSTs
1
GCMs+HiRes+SSTs
1
SSTs
7
4
1models

associated with SST- teleconnections are highlighted in bold italics
of stations add up to 4 for Tmin and Tmax and to 24 for PCP

2 number

(group (1) in the table), very good calibration and verification performances (NS > 0.5) for
predicting the climate in the study area are obtained for both vrf- schemes, albeit with some
caveat for the maximum temperature (Tmax) forecasting for year 2000 (vrf2), similar to what has
already been found with the autoregressive methods of the previous section. As the table shows,
this precarious situation for the year-2000 Tmax-series cannot be remedied by neither the GCMs
nor the most complete GCMs + SSTs variants of the MLR- method, all of which indicates some
peculiar behavior of the observed Tmax during that time period.
When going further down Table 4.19, one may notice that for the minimum temperature and
the precipitation the group (2) of the MLR-model variant, which uses pure GCMs-predictors,
namely, from the Hi-Res- and GCMs + Hi-Res - predictor set, results also in good predicting
performances for some of the four calibration/verification periods.
Finally, adding the ocean SSTs to the GCM- predictor set, i.e. the use of the full MLR- model
(Eq. (4.11)) (group (3) in the table) improves the prediction skills in most of the cases further.
This holds in particular for the most complete GCMs+HiRes+SSTs model variant, although it is
not able neither to fix the prediction problem with Tmax for year 2000 (scheme vrf2). In any
case, the results of Table 4.19 provide some more evidence for the general, well-known fact that
the prediction power of a model increases with increasing complexity of the model.
The optimally validated MLR- models for each climate station in the study region, with
individual performance results, similar to that listed in Table 4.19 for the average, and using the
appropriate optimal predictor-sets from Table 4.18, are subsequently used to forecast the
monthly climate in the study area over the short (1 year) and long term, i.e. 14 years for the
calibration/verification scheme vrf2.
The two panels of Figure 4.9 show predicted and observed maximum/minimum and
precipitation time series at pilot station(48459), with the corresponding sets of MLR- equations
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Table 4.19. Average performances of the various MLR- model variants with combinations of
GCM- predictor sets and ocean indices (SSTs) to predict the monthly temperature and
precipitation series for the vrf1- and vrf2- calibration/verification-schemes.
vrf1
vrf2
cal 1971-1985 /vrf 1986
cal 1971-1999 / vrf 2000
model
predictand
calibration
verification
calibration
Verification
*
*
*
RMSE NS
RMSE NS
RMSE NS
RMSE NS*
(1) SSTs
SSTs

Tmax (°C)
Tmin (°C)
PCP (mm/day)

0.64
0.86
2.21

Tmax (°C)
Tmin (°C)
PCP (mm/day)
Tmax (°C)
Tmin (°C)
PCP (mm/day)
Tmax (°C)
Tmin (°C)
PCP (mm/day)
Tmax (°C)
Tmin (°C)
PCP (mm/day)

0.81
0.91
2.47
0.70
0.80
2.06
0.47
0.52
1.81
0.48
0.52
1.71

0.77
0.91

0.79

0.50
0.60
1.72

0.68
0.91
0.65

0.79
0.89
2.47

0.66
0.85
0.67

1.16
0.68
2.36

-2.54
0.73
0.42

0.35
0.80
0.40
0.52
0.84
0.58
0.76
0.93
0.68
0.77
0.93
0.71

0.64
0.91
2.13
0.54
0.85
1.56
0.35
0.45
1.69
0.37
0.47
1.55

0.17
0.83
0.48
0.40
0.85
0.70
0.75

0.91
0.88
2.66
0.80
0.78
2.15
0.61
0.54
2.04
0.57
0.51
1.91

0.38
0.81
0.42
0.52
0.84
0.62
0.71
0.93
0.66
0.75

1.02
0.87
2.59
0.82
0.78
2.10
0.87
0.43
2.11
0.53
0.37
1.95

-1.74
0.58
0.27
-0.70
0.68
0.55
-1.29
0.89
0.51

(2) GCMs
ECHO-G
GCMs
HiRes

GCMs
+HiRes
(3) GCMs+SSTs

0.96
0.61
0.73
0.95
0.65

0.94
0.70

0.30
0.93
0.60

Tmax (°C)
0.74
0.54
0.52
0.56
0.86
0.52
1.02 -1.69
Tmin (°C)
0.88
0.82
0.91
0.83
0.86
0.82
0.87
0.58
PCP (mm/day)
2.41
0.44
2.08
0.53
2.57
0.46
2.46
0.36
Tmax (°C)
0.69
0.54
0.52
0.46
0.79
0.54
0.83 -0.78
Tmin (°C)
0.80
0.85
0.84
0.85
0.77
0.85
0.77
0.69
GCMs + SSTs
PCP (mm/day)
2.04
0.60
1.55
0.71
2.14
0.62
2.09
0.55
Tmax (°C)
0.49
0.82
0.32 0.80
0.64
0.71
0.85 -1.12
Tmin (°C)
0.52
0.94
0.43 0.96
0.52
0.93
0.44
0.88
HiRes+SSTs
PCP (mm/day)
1.71
0.76
1.56 0.77
1.98
0.70
2.07
0.54
Tmax (°C)
0.46
0.79
0.33
0.80
0.55
0.76
0.55
0.20
GCMs+HiRes
Tmin (°C)
0.51
0.94
0.46 0.96
0.50
0.94
0.41
0.91
+SSTs
PCP (mm/day)
1.70
0.72
1.54
0.65
1.91
0.70
1.95
0.60
*in each calibration/verification column the highest NS for Tmax, Tmin and PCP are highlighted in bold italics

ECHO-G + SST

listed at the top of each panel. Note, that the optimal MLR-model structure for the climate series
at this particular station may not necessarily agree with the average optimal model structure
found in Table 4.19. As indicated in the upper panel of Figure 4.9, the MLR-model applies
HiRes+SSTs – and SSTs- predictor sets for predicting the maximum and minimum
temperatures, respectively, by using the 3-season scheme, with the corresponding regression
equations as listed. For the precipitation prediction (lower panel), on the other hand, the HiRespredictor-set is used exclusively, in conjunction with the 4-season scheme. The courses of the
time-series drawn show that, in general, the predicted climate series fit the observed ones rather
well, however, with larger discrepancies usually at the peaks of the climate series.
The average predicting performance of all optimal MLR-models for all climate series in the study
region are summarized in Table 4.20. One may notice that for all three climate series and both
calibration/verification schemes, the prediction accuracies are rather high (NS > 0.5), with the by now accepted – exception of the poor forecasts of the maximum temperatures in year 2000
(vrf2), where the NS is only 0.36, i.e. a value which, after all, may still be acceptable.
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Figure 4.9. Observed and predicted monthly maximum and minimum temperature (upper
panel) and precipitation (lower pane) at climate station 48459 between years 1986 and 1999, for
the calibration/verification case vrf1, using different MLR- model variants, as indicated by the
corresponding regression predictor equations on top of the charts. For the two temperatures the
3-season- , and for the precipitation the 4-season scheme is used.
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Table 4.20. Average performance, as measured by the ME, RMSE and NS, of the optimal
MLR-models in predicting the one-year-ahead monthly temperature and precipitation for the
vrf1- and vrf2- calibration/verification schemes.
calibration
verification (one year)
calibration/
predictand
verification period
ME
RMSE
NS
ME
RMSE
NS
Tmax
0.09
0.43
0.87
0.09
0.30
0.84
cal: 1971-1985
Tmin
0.04
0.49
0.95
0.01
0.39
0.96
vrf: 1986
PCP
0.20
1.62
0.82
0.44
1.28
0.84
Tmax
0.02
0.53
0.79
-0.56
0.49
0.36
cal: 1971-1999
Tmin
0.01
0.49
0.94
-0.10
0.33
0.94
vrf: 2000
PCP
0.22
1.88
0.73
0.66
1.78
0.67

4.6 Performance comparison of short-term climate predictions
The performances of all alternative models, i.e. the classical downscaling methods, the group of
autoregressive models and the MLR- models, used for short-term climate forecasting in the
previous section, are comparatively examined in this section.

4.6.1 Inter-comparison of all short-term prediction techniques
The short-term climate forecasting skills of all methods, based on the experiments as
summarized in Table 4.2, i.e. the autoregressive techniques, AR, ARIMA and ARIMAex, and in
Table 4.2, i.e. the MLR- model as well as the two classical downscaling models, SDSM and
LARS-WG, are compared here, based on their performances to forecast the 1-year-ahead climate
in the study region for the two calibration/verification schemes vrf1 and vrf2. The results are
shown in the barplots of the two panels of Figure 4.10, which present the average NScoefficients obtained for each of these short-term prediction methods for the two forecast
periods, 1986 and 2000.
Figure 4.10 indicates that for none of the two verification periods the two conventional
downscaling models, SDSM and LARS-WG are acceptable for short-term forecasting (NS < 0).
In contrast, for verification year 1986 (vrf1), Figure 4.10a demonstrates that the predicting
performances of all the other models examined in detail in the previous section are more or less
satisfactory (NS>0.5), at least for the minimum temperature, with NS- coefficients ranging
between 0.8-0.95, and the precipitation (0.3<NS<0.7), but less for the maximum temperature,
for which only the MLR- method with HiRes- predictors and the ARIMAex- models with GCMor SSTs as external regressors provide acceptable results.
For the year-2000 (vrf2) verification shown in Figure 4.10b the prediction performances of all
models are overall worse, particularly, for the maximum temperature and, less so, for the
precipitation. The forecasts of the minimum temperatures during that year are still mostly
acceptable, with the set of MLR- models, in combination with various GCM-predictors, and
ARIMAex showing the highest performances (0.7<NS<0.9). These differences in the predicting
performance for the two calibration/verification-schemes show that the forecasting skills are not
universal and depend on the time of interest.
The two panels of Figure 4.10 provide again evidence of the usefulness of a variety of different
external predictors in either the MLR- or the ARIMAex- model, i.e. multi-domain GCMsand/or SSTs- ocean teleconnectors. Thus, the MLR- method with GCMs+HiRes+SSTs predictors gives the best prediction performance of all models for year 1986, although for year
2000, the MLR works better by using only GCMs+HiRes- predictors.
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a) model performance in predicting climate for year 1986 (vrf1)
Tmax
Tmin
PCP

0.8
0.6
0.4

0.94
0.83

0.78

0.44

0.50

0.50

0.92
0.85

0.57

0.53

0.50

0.38

0.2

0.95

0.83

0.65
0.54

0.56

0.85

0.91

0.80
0.68

0.67

0.62

0.62
0.52

0.50 0.49

0.42

0.34

0.34

0.17

-0.67

-0.8

conventional

MLR

multi-domain
MLR

Tmax
Tmin
PCP

0.8
0.53

0.87

ARIMAex-SST

ARIMAex-GCM

ARIMA

Autoregressive

0.87

0.86

0.74
0.66
0.53

0.52
0.47
0.42

0.4

0.2

AR

multi-domain
MLR+teleconnection

b) model performance in predicting climate for year 2000 (vrf2)

1.0

0.6

HiRes+SSTs

GCMs+SSTs

-0.04

GCMs+HiRes+SSTs

-0.6

ECHO-G + SST

GCMs

SSTs

HiRes

-0.04

GCMs+HiRes

-0.4

ECHO-G

-0.2

SDSM

0.0

-1.0

0.47

0.42

0.32

0.46

0.44

0.29
0.22

0.17

0.17

0.14

0.21

0.15

0.20

-0.8
-1.0
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MLR

multi-domain
MLR

multi-domain
MLR+teleconnection

ARIMAex-SST

ARIMAex-GCM
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ARIMA

-0.28

HiRes+SSTs

GCMs+SSTs

GCMs+HiRes+SSTs

-0.6

ECHO-G + SST

GCMs

SSTs

HiRes
-0.06

GCMs+HiRes

-0.4

ECHO-G

-0.2

SDSM

0.0

LARS-WG

Nash–Sutcliffe model efficiency coefficient

0.83

0.64
0.48

0.41

0.93

0.92

0.82

0.56

LARS-WG

Nash–Sutcliffe model efficiency coefficient

1.0

-0.47

autoregressive

Figure 4.10. Average model performances, as measured by the Nash-Sutcliffe model coefficient,
in predicting 12-month monthly maximum (Tmax) and minimum (Tmin) temperatures and
precipitation (PCP) for the vrf1- (1986) (a) and vrf2- (2000) (b) calibration/verification schemes.
The MLR- GCM-predictor models in Figure 4.10 were all calibrated based on GCM- predictors
of the 20th-century baseline period (20c3m- baseline GCM- climate simulation of Chapter 3), i.e.
these predictors have already been optimized for this reference period (1971-1999). However,
starting with year 2000, climate models deliver “future” climate projections, based on some
SRES. As the observed climate data in the study region is still available up to year 2006, it is
interesting to see, how these “future” predictors are also useful for the short-term climate
prediction in years after the 20th–century baseline calibration period, i.e. after 1999. Hence, in the
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following paragraph, the various short-term forecast methods have been applied to predict the
climate one-year ahead for the two “future” years 2001 and 2002, wherefore the calibration of
the models is then extended to 1971-2000 and 1971-2001, respectively, and the SRES A2, which
turned out to be the most appropriate scenario to describe the recent (2000-2006) climate in the
study area (see Section 3.7.1), is used.
Table 4.21 shows the average models prediction performances for the three climate variable for
these two years 2001 and 2002. For comparison, the results of the one-year-ahead climate
prediction for year 2000, i.e. those corresponding to the calibration/verification scheme vrf2 are
relisted again. One can notice from the table that the MRL- or ARIMAex- models which use
GCMs- predictors alone have less prediction performances than those with teleconnective ocean
(+SSTs) regressors and, moreover, these performances become lower when the prediction time
moves further into the “future”, i.e. from years 2000 to 2002.
Meanwhile, the ARIMAex- and the MLR- model associated with SSTs offer stronger
performance than the ones with only GCMs- predictors for years 2001 and 2002, i.e. further
away from the end of the calibration period in 1999, wherefore ARIMAex works generally better
than MLR for the forecasts of the two temperatures, namely, Tmin, while that of Tmax appears
to be plagued again with some inconsistencies, likewise to what has already been found earlier
for this climate variable.

-0.26

0.01

0.29

-0.04 0.30
0.93 0.68 0.92
0.64 0.68 0.64
0.48 0.65 0.48
0.55 0.46 0.54
0.17 0.19 0.17
-0.67 -0.15 -0.65

HiRes+SSTs

0.15
-0.44
0.43
0.70

0.03

-1.56 -0.08
0.74 0.84
0.50 0.75
-0.13 0.69
0.01 0.56
-4.82 0.42
-6.78 0.44

0.77
0.68
0.36
0.23
0.20

ARIMAex-SST

GCMs+HiRes+SS
Ts

0.31
0.06
0.39
0.87
0.76
0.67
0.45
0.25
0.18

GCMs+SSTs

ARIMAex-GCMs

-0.38 -0.18 -0.06
0.48 0.48 0.67
0.62 0.63 0.68
0.28 0.28 0.64
0.11 0.17 0.45
-0.39 -0.35 0.23
-1.33 -1.15 0.04

ARIMAex-HiRes

2002
2000
Tmin 2001
2002
2000
PCP 2001
2002

-4.08 -0.13

0.13 -0.85 0.00 -4.08 -1.02

ECHO-G + SST

-0.51
-1.29
-0.06
0.89
0.62
0.37
0.51
0.09
-0.70

Tmax 2001 -1.89 -1.81 -1.21

GCMs+HiRes

SSTs

2000 -0.93 -0.66 -0.53

HiRes

GCMs

year

ECHO-G

predictand

Table 4.21. Average model performances, as measured by the NS- coefficients of the set of
MLR- and autoregressive models with different predictor sets in predicting the one-year-ahead
climate in years 2000, 2001 and 2002 by calibration from year 1971 until one year before the
beginning of the corresponding prediction period.
NS- coefficient*
MLR- models
ARIMAex- models
GCMs
SSTs
GCMs+SSTs
GCMs
SSTs

0.16
-0.47

0.42
0.74
0.76

0.80
0.44
0.36
0.40

Scale legend
1.00
-7.00
0.00
*best performance in each year is highlighted in bold italics

In conclusion of this paragraph, the use of GCM-predictors alone in longer-term (several years)
climate forecasts is not sufficient, when the target forecast time is too far ahead of the end of the
GCM- calibration period, which corresponds to the baseline 20th- century reference period,
denoted 20c3m in Chapter 3. Using precursory teleconnective, oceanic SSTs- data in the
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prediction models can then serve as a partial remedy. However, it must be noted here again, that
the leading time of the SSTs with regard to the local climate in the study region is only a few
months, which means that this prediction approach is only feasible, if ocean-state data arrive in
in due time on a continuous basis. In fact, as the monthly ocean indices are archived generally
with a delay of one month delay, e.g. January indices are available only in the beginning of
February (NOAA Climate Prediction Center (CPC) 2009), the actually forecasted lead (prewarning) time is also one-month shorter.

4.6.2 Annual and seasonal prediction performances of the optimal models
In this section, the short-term climate prediction skills of the various prediction models are
examined in more detail on both the annual and seasonal scales.
Table 4.22 lists the optimal model- (MLR, ARIMAex)/predictor set (GCMs, SSTs)
combinations that have been used for the prediction of the individual climate series at the
various climate stations in the study region for both the vrf1- and vrf2- calibration/verification
schemes. One may notice from the table that for all three climate variables the MLR-models
using both GCM- and ocean SSTs- regressors work best for most of the climate stations. And
among all available predictor-sets, the most often applied are predictors from the HiRes- GCM
model, and Niño4- and WTIO- indices from the SSTs- set .
Table 4.22. Best model/predictor- combinations with corresponding number of climate stations
for 12-month-ahead climate forecasting for the vrf1- and vrf2- calibration/verification schemes.
predictand

vrf1
cal 1971-1985 / vfr 1986

vrf2
cal 1971-1999 /vrf 2000

optimal model/ predictor set

number of
stations1

Tmax

ARIMAex:HiRes.tmp
MLR:GCMs+HiRes+SSTs
MLR:HiRes+SSTs

2
1
1

Tmin

ARIMAex-HiRes.tmp
MLR:GCMs+HiRes
MLR:HiRes+SSTs
MLR:SSTs
ARIMAex:ECHO-G.rtmt
ARIMAex-nina4/lag -6
MLR:GCMs
MLR:GCMs+HiRes
MLR:GCMs+HiRes+SSTs
MLR:GCMs+SSTs
MLR:HiRes
MLR:HiRes+SSTs
MLR:SSTs

1
1
1
1
1
1
4
3
1
1
2
5
6

PCP

1number

optimal model/ predictor set

number of
stations1

ARIMAex-HiRes.tmp
MLR:GCMs+HiRes
MLR:GCMs+HiRes+SSTs
MLR:HiRes
MLR:GCMs+HiRes
MLR:HiRes
MLR:HiRes+SSTs

1
1
1
1
1
1
2

ARIMAex-HiRes.dtr
ARIMAex:ECHO-G.rsdt
ARIMAex-wtio/lag -6
MLR:GCMs
MLR:GCMs+HiRes
MLR:HiRes
MLR:HiRes+SSTs
MLR:SSTs

1
1
1
5
6
2
4
4

of stations add up to 4 for Tmin and Tmax and to 24 for PCP

Using the corresponding optimal predictor-sets for the ARIMAex- and MLR- models, their
average performances in the 12-month-ahead climate forecasts for the vrf1- (1986) and vrf2
(2000) - calibration/verification schemes are computed. The results are listed in Table 4.23,
which indicates that for all three climate variables, at least for the averages, the MLR- prediction
models work better than the ARIMAex- models.
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Table 4.23. Average performances, estimated by RMSE and NS, of the optimal ARIMAex- and
MLR- models in predicting the 12-month-ahead climate for the vrf1- (1986) and vrf2 (2000) calibration/verification schemes.
calibration/
model performance*
verification
predictand
RMSE
NS
period
ARIMAex
MLR
ARIMAex
MLR
Tmax (°C)
0.31
0.30
0.80
0.84
cal 1971-1985
Tmin (°C)
0.49
0.39
0.95
0.96
vrf 1986
PCP (mm/day)
1.66
1.28
0.73
0.84
Tmax (°C)
0.55
0.49
0.20
0.36
cal 1971-1999
Tmin (°C)
0.49
0.33
0.87
0.94
vrf 2000
PCP (mm/day)
2.12
1.78
0.52
0.67
*best model performance for each climate variable is highlighted in bold italics

Table 4.24 shows the average seasonal prediction performances - based on the 4-season scheme
of the best ARIMAex- and MLR- models for the vrf1- (1986) and vrf2- (2000) calibration
/verification schemes. For comparison, the model results of the best annual forecasts are also
listed. Firstly, one may notice from the table that the climate prediction performances of most of
the models are well acceptable (NS>0.5) for most of the three climate variables - with the
exception of the maximum temperature for prediction year 2000 (vrf2 scheme) - the two
verification/forecast periods, particularly, for the annual, the dry- and the pre-monsoon seasonforecasts, but, somewhat less, for the two monsoon seasons. In fact, for year 2000 (vrf2) the
precipitation forecasts during these two seasons are also not satisfactory.
Secondly, likewise to the optimal annual prediction model, for most of the climate variables, the
best seasonal performances are achieved with the MLR- model. However, for
the minimum temperature of the first monsoon of year 1986 (vrf1), and the maximum
temperature of the pre-monsoon- and the monsoon2 season of year 2000 (vrf2), the ARIMAexmodel exhibits the best prediction skills.
Table 4.24. Average annual and seasonal performances, estimated by the NS, of the optimal
ARIMAex (ARex) and multi-linear regression (MLR) techniques in predicting the 12-monthahead (annual) and the separate 3-month-(seasonal)-ahead climate variables for the vrf1- (1986)
and vrf2 (2000) - calibration/verification schemes.
validation
scheme

cal: 1971-1985
vrf1: 1986
cal: 1971-1999
vrf2: 2000

predictand

Tmax
Tmin
PCP
Tmax
Tmin
PCP

annual
optimal
model
MLR ARex
0.84 0.80
0.96 0.95
0.84 0.73
0.36 0.20
0.94 0.87
0.67 0.52

Nash-Sutcliffe (NS) model coefficient*
seasonal optimal model
dry

pre-monsoon

monsoon1

monsoon2

MLR ARex
0.81 0.51
0.99 0.93
0.95 0.87
0.91 -0.60
0.88 0.72
0.91 0.85

MLR ARex
0.92 0.84
0.96 0.93
0.44 -1.61
0.68 0.87
0.97 0.80
0.29 -2.00

MLR ARex
0.69 0.01
0.33 0.34
0.76 0.58
0.65 0.28
0.71 0.25
0.27 0.06

MLR ARex
0.59 -0.31
0.84 0.01
0.74 0.52
0.35 0.46
0.86 0.79
-0.03 -1.28

*best models for each climate variable and each season are highlighted in bold italics

Table 4.25 lists the actual number of climate stations with the optimal models, either from the
group of MLR- or ARIMAex- models, for both the annual and seasonal predictions for the vrf1and vrf2- calibration/verifications schemes. Although the climate variables at the majority of
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stations are best fitted or forecasted by the MLR- method, for a good number of stations the
climate, namely, the precipitation, is better predicted by the ARIMAex- model. However, this
observation does not disprove the earlier statements that forecasts of the precipitation in the
study region are less reliable than those of the temperatures (see also Table 4.24).
Table 4.25. Number of climate stations with the best models from one of the groups of MLRand ARIMAex (ARex)- models for the annual and seasonal predictions for the vrf1- and vrf2calibration/verifications schemes.
number of stations1,2
calibration/
seasonal optimal model
annual optimal
verification predictand
model
dry
pre-monsoon monsoon1 monsoon2
period
MLR ARex MLR ARex MLR ARex MLR ARex MLR ARex
Tmax
2
2
4
4
4
2
2
cal: 1971-1985
Tmin
2
2
3
1
4
3
1
2
2
vrf: 1986
PCP
18
6
18
6
17
7
19
5
18
6
Tmax
3
1
4
3
1
4
1
3
cal: 1971-1999
Tmin
4
4
4
4
3
1
vrf: 2000
PCP
21
3
19
5
15
9
21
3
18
6
1number
2mostly

of stations add up to 4 for Tmin and Tmax and to 24 for PCP for each season
selected models for each climate variable and season are highlighted in bold italics

To depict the inter-season forecasts in more detail, the 1986- one-year-ahead MLR- and
ARIMAex- predicted climate series (vrf1 scheme) at temperature stations 48459 and
precipitation station 459201 are exhibited, together with the observed series, in the three panels
of Figure 4.11. One can recognize from Figure 4.11a that for the maximum temperature the
ARIMAex- method works better than the MLR- model, as the latter underestimates the
observed temperatures significantly from the beginning to the end of the monsoon seasons
(April-October). The predicted and observed minimum temperature series of Figure 4.11b
exhibit that the ARIMAex- forecast works better at the beginning and the MLR- one better for
the second half of the year.
Finally, for the precipitation series in Figure 4.11c, the MLR- method provides overall a better
forecasting skill than ARIMAex. Nonetheless, MLR can better simulate the first peak of the
observed rainfall at the beginning of the first monsoon season, whereas ARIMAex works slightly
better for representing the observed rainfall peak of the second monsoon season. These results
show that for good seasonal climate forecasting, the selection of an optimal seasonal forecasting
model should not only be based on its average annual prediction skill, but should also consider
its seasonal performances.

4.7 MLR- model enhancements by using ocean teleconnections
As mentioned numerous times throughout this chapter, the use of ocean teleconnections in
short-term climate prediction can significantly enhance the understanding of the local weather
variability in the study region as well as providing better forecasts. This statement is investigated
quantitatively in this section by analyzing the results of the MLR- predictions in more detail.
By dividing the MLR- predictor-set into two groups, as shown earlier in Table 4.11: 1) a mix of
GCM- predictors (GCMs) and 2) a combination of GCMs- and ocean indices (+SSTs)predictors, the model prediction enhancements by adding the SSTs can be explicitly estimated.
This has been done based on the earlier results of Table 4.18, which lists the best predictor-sets
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Figure 4.11. Observed and 12-month-ahead predicted climate time-series of a) maximum and b)
minimum temperatures at station 48459 and c) precipitation at station 459201 for year 1986
(calibration/verification scheme vrf1), using the MLR- and the ARIMAex- model.
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4.7 MLR- model enhancements by using ocean teleconnections
used in the MLR- models with the corresponding number of climate stations using them. More
specifically, climate series are predicted for stations, where an MLR- model with a combination
of GCMs+SSTs- predictors show the best prediction skill, with 1) both GCMs+SSTs -predictors
turned on, and 2) only GCMs – predictors with the +SSTs- predictors turned off. By comparing
the prediction performances of these two MLR- variants, one gets an idea on the possible
benefits of using +SSTs teleconnections in climate prediction.
The three panels of Figure 4.12 show a typical result of this vast modeling exercise, namely, the
1986-1987, 24-month-ahead, predicted climate series of the two monthly temperatures at station
48459 and of the precipitation at station 48150, based on calibration/verification scheme vrf1,i.e.
calibration for the 1971-1985 time period. One may notice that, generally, the pattern of the
predicted climate series of the MLR- models with and without +SSTs- teleconnection predictors
are nearly similar and both follow the variations of the observed climate series reasonably well.
However, it is apparent from Figure 4.12a and Figure 4.12b, that the MLR- models with both
GCMs+SSTs- predictors simulates the two observed temperature series better, particularly, at
their low and high peaks, than the models without SSTs- predictors included. For the
precipitation shown in Figure 4.12c, the improvement of the model fit by addition of the SSTpredictors in the MLR- model is obvious for the rainfall peaks for the first forecast year 1986,
though less so for the second forecast year 1987. In any case, the NS- values listed for each of
the model cases in the three panels of Figure 4.12 indicate that the MLR+GCMs- predictor
models with additional SSTs included are all better than those without them.
The model prediction enhancements by using additional SSTs- predictors are examined further
on the seasonal scale, i.e. for the four seasons of a year. Table 4.26 lists these improvements in
terms of the percentage-reduction of the RMSE between predicted and observed climate time
series, relative to the predictions without SSTs- teleconnectors, for the one-year-ahead and the
seasonal forecasts for the vrf1 (year 1986)- and vrf2 (year 2000)- calibration/verification
schemes.
Table 4.26 shows that, while the reduction of the RMSE by adding SSTs to the MLR+GCMsmodel predictor set for the maximum temperature are only 13% at the annual scale (complete 12
months) for year 1986 (vrf1), they go up significantly to values ranging between -18% and -54%
for the three monsoon seasons. For the minimum temperature and the precipitation, the
prediction improvements are less spectacular, but are still higher for the two monsoon seasons
than for the complete year. For the vrf2- scheme (year 2000), although the predictions for none
of the three climate variable are improved when adding SSTs in the model, the seasonal
predictions of the maximum temperature and the precipitation are still benefiting from doing so.
Table 4.26. Average enhancements of the one-year-ahead (annual) and seasonal prediction
performances by adding SSTs- teleconnectors in the MLR+GCMs- predictor models, as
measured by the percentage reduction of the RMSE for the vrf1- and vrf2calibration/verification schemes.
calibration/
reduction of the RMSE (%)
verification
predictand
annual
dry
pre-monsoon monsoon1 monsoon2
period
Tmax
-13
-3
-54
-18
-35
cal: 1971-1985
Tmin
-3
-2
-4
-17
0
vrf: 1986
PCP
-5
-5
-5
-6
-11
Tmax
0
0
-56
-7
0
cal: 1971-1999
Tmin
0
-7
0
-3
0
vrf: 2000
PCP
-0.1
-1
-7
-1
-6
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Figure 4.12. Observed and 24-month-ahead predicted climate series of monthly a) maximum
and b) minimum temperature at station 48459 and c) precipitation at station 48150, for the two
years 1986-1987, using MLR+GCMs- predictor models with and without SSTs-teleconnection
predictors added and calibrated under the calibration/verification- scheme vrf1.
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4.8 Summary of short-term prediction analysis
Thus, in conclusion of the results of the climate prediction, experiments carried out in this
section, i.e. from Figure 4.12 and Table 4.26. There is evidence of the advantage of using SSTsteleconnectors as additional predictors in the MLR/GCMs- predictor models, namely, in terms
of a better representation of the seasonal variations of the climate fluctuations, particularly, for
the pre-monsoon and monsoon seasons. However, the mixed results obtained for some of the
prediction experiments may also hint of vagaries in the models and, particularly, in the data, as
the latter come from various sources.

4.8 Summary of short-term prediction analysis
Since short-term forecasts of the next-season climate/weather pattern in a region can offer
potential guidelines for appropriate water management and reservoir operation there, statistical
prediction models, based on autoregressive techniques (AR) and multi-linear regression (MLR)
are developed to that avail in this section. The validation of these two groups of modelling
techniques is carried out consistently for two periods of calibration and verification, called here
calibration/verification schemes, namely vrf1: calibration for 1971-1985, verification (forecast)
for year 1986, and vrf2: calibration for 1971-1999, verification (forecast) for year 2000 .
As an additional tool to improve the short-term climate/weather forecasting in the EST study
area, the Pacific and Indian ocean SSTs - teleconnections with the local climate pattern in the
EST, already established in Chapter 2, are further processed by a time-series regression analysis
between ocean SSTs- predictors and appropriately time-lagged climate predictands at the various
climate stations in the study region. Since only causal, precursory ocean teleconnections with the
region’s climate variability are of interest for prediction purposes, only negative lags between
ocean- SSTs and local climate are investigated to find the optimal ocean predictors. The
strongest cross-correlations with the regional climate are found for the El Niño4- and the EPPacific ocean indices, with optimal lags scattered between -1 to -5 months for the various
observed climate series.
Within the group of autoregressive techniques, three variants, i.e. AR, ARIMA and ARIMAex
are developed and tested for the short-term prediction of climate series. Both the AR- and the
more complete seasonal ARIMA- model forecasts - which are only driven by the climate time
series data itself during the calibration period - can depict the courses of the observed climate
series for the forecast period 1986-2000 in a satisfactory manner and result in acceptable NSvalues (>0.5) for the 14-year-ahead, long-term and the one-year ahead (1986) short term forecast,
with the ARIMA- model having slightly better prediction skills. Albeit, for the year-2000
forecasts (calibration/verification scheme vrf2), those of the maximum temperature are
unreliable for both methods, which hint of some inconsistencies in the observed climate data
during that time period. Based on these results, there appears to be no general recommendation
for one or the other (AR or ARIMA) method in this application. However, because of its simple
structure, the seasonal ARIMA model is favoured, as the optimal AR- model has 12 or even 24
lagged coefficients, which make it computationally difficult to handle and require also a
corresponding number of months of lead time for practical application.
In general, improvements in the prediction skills are obtained with the ARIMAex– model, which
uses, in addition to the serial (autocorrelated) structure of the data climate series, external
regressors, either from the optimal SSTs ocean indices set, mentioned above, or from various
GCMs- predictor sets, as discussed in Chapter 3. The results show that the climate predictions at
the various stations in the study region are mostly optimal when GCMs- predictors from the
HiRes- GCM- model are used as external regressors in the ARIMAex -model. Only for the
precipitation, the use of SSTs- regressors appears to be the better choice for many stations,
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indicating again the high degree of teleconnections between ocean station indices and the rainfall
pattern in the study area.
The MLR- model developed originally in Chapter 3 for downscaling of GCM- predictors is
adapted here for short-term climate prediction by using 1) SSTs ocean state indices, 2) GCMatmospheric predictors (GCMs) and 3) a combination of GCM- predictors and ocean indices
(GCMs+SSTs) data sets. Even though the forecast results demonstrate that the HiRes- GCM
and the combination of HiRes with GCMs provide the best predictor set, the +SSTs are often
applied in the MLR- model as additional predictors. In fact, by using the optimal predictor set,
which may vary from one climate series to another across the different stations in the study
region, the prediction skills of the optimal MLR- models for the two calibration/verification
schemes vrf1 and vrf2 are all satisfactory (NS > 0.5).
The comparison of the optimal MLR- and ARIMAex- models with SSTs- predictors/regressors
indicates that, on average, i.e. for most of climate series, the prediction skills of the former are
better than for the latter. However, when the target forecast time is further ahead of the end of
the pre-calibration base of the 20th-century reference GCM- predictor set (1850-1999), i.e. for
year 2000, 2001 and 2002, when “future” projections of the GCM- models already kick in, the
forecasting by ARIMAex with short-term precursory ocean SSTs becomes superior again.
Finally, the prediction performances of the MLR- and ARIMAex- models are also examined on
the seasonal scales, i.e. the four distinctive seasons in the study region (dry, pre-monsoon,
monsoon1 and monsoon2). For both models the advantage of the use of the ocean SSTs is
clearly demonstrated, however, pros and cons for one or the other model cannot be
unequivocally expressed. Additional prediction experiments with the complete MLR+GCMs +
SSTs- predictor model in comparison with a pure MLR+GCMs- model prove the beneficial
effects of the SSTs – predictors further, particularly, for the short-term forecasting of the premonsoon and the two monsoon seasons.
In conclusion, while both the ARIMAex- and the MLR- models have been shown to be viable
tools for short-term climate forecasting in the study region, the MLR- model using predictors
from different and independent sources, i.e. from GCMs and teleconnective ocean indices,
would be the slightly better choice.
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Chapter 5
5 Stochastic daily weather generation
In Chapter 3, downscaling models have been used to transfer coarse-grid GCM-predictor data
onto a finer grid for local climate prediction. The predicted climate acquired in this way will be
used later in Chapter 6 for the simulation of the relevant hydrological processes in the study
region and so to get a better understanding of its future water resources supply. However, the
hydrological model used in this study, likewise to most models used for watershed modeling,
requires daily-interval climate data to drive the climate-hydro simulations. Therefore, in order to
be able to use the downscaled climate data of Chapter 3, which is on the monthly scale, it is
necessary, beforehand, to rescale these monthly series somehow into a daily time-series This is
achieved by so-called “daily weather generators” (DWG)
In this chapter a framework for a new daily weather generator is developed. It relies on a
stochastic approach to reproduce daily climate data based on observed statistical relationships
between monthly and daily climate signals. In addition, it will incorporate a multi-site approach
that takes into account the spatial autocorrelation of a climate variable over a model domain. The
new weather generator will be calibrated and verified on the observed climate time series in the
study region. Eventually, the weather generator will be coupled to some of the downscaling
methods used in Chapter 3 for monthly data.

5.1 Literature review on and methodology of weather generators
5.1.1 General aspects of daily weather generation
Downscaling of daily climate from large-scale weather variables, as predicted by GCMs, is used
when the impact of climate change is emphasized, e.g., changes of daily precipitation on the
hydrology in a region (Chen et al. 2010b). Since the daily climate can describe the particular
impact related to shorter-term behavior, e.g. storms and floods that climate variables on the
monthly and seasonal scale cannot demonstrate (Wood 2002), the use of daily climate
projections is required for these kinds of impact studies. However, daily climate predictions from
a GCM - though available for some GCMs, as discussed in Chapter 3 - are not able to represent
correctly the large changes in frequency and magnitude of extreme climate events (Salathé 2003,
Maurer and Hidalgo 2008). Thus, it has been recommend, even if daily climate predictor output
from a GCM exists, to better use monthly downscaled data and rescale the latter onto a daily
scale (Epstein 1991, Schuol and Abbaspour 2007). Although the regression-downscaling, like in
the SDSM- downscaling tool (Wilby et al. 2002)- of daily GCM-predictor output has the strength
to link daily GCM- variables to local climate observations by some transfer predictor-predictand
relationships, the weakness of such regression downscaling has frequently been mentioned,
namely, that the downscaling output is very sensitive to the daily predictor choices and which are
often limited. Another problem is the extreme- event variability often found in daily climate
derived from a GCM-predictor set, and which is commonly difficult to transfer to the observed
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predictants during the calibration of a regression model, particularly, for precipitation time-series
(Winkler et al. 1997, Wilby et al. 2002). Accordingly, an alternative way to solve this problem is
the regeneration of daily climate series from monthly-downscaled climate predictors, taking into
account the statistical attributes of the observed climate variability.
The regeneration of daily from monthly climate data will render changes in the daily sequencing
of an observed series; however, it will still reflect the intra-month variability of the observed
climate event series in responsible manner (Maurer and Hidalgo 2008). The basic technique used
in this daily weather generation is similar to spatial climate downscaling that generates finer-scale
variable from larger-field data by following the data sample’s statistical properties. The
distribution of the predictands is of importance in the downscaling process model, (Pfizenmayer
and von Storch 2001) as well as the probability of extreme-event behavior (Katz et al. 2002).
Since this stochastic weather generator approach can rescale low-resolution climate projections
into long-term predictions of daily climate that is useful for understanding the detailed evolution
of climate and its effects on water supply (Wilson et al. 1992), this methodology has been
suggested to be incorporated in downscaling models to generate stochastic climate sequences
that are more comprehensive in their possibilities to represent the future climate (Wilby et al.
1998).
Stochastic daily climate generation has been widely used in impact assessments, because of their
advantage of easily generating multiple climate ensembles, which are very useful for statistical
risk analysis (Wilby et al. 2002). In this stochastic weather generation approach, known also as,
weather classification-technique (see Section 3.1 on stochastic downscaling), the statistical
attributes of the observed climate time series at a particular site, such as the mean and the
variance, are provided to replicate the persisting climate in the form of multi-realizations of the
local weather (Wilby 1994, Wilks and Wilby 1999). This is the ability, which makes stochastic
weather generators so useful in climate impact studies (Wilks 2002).
The generation of the daily climate series proposed later in this chapter, especially, of
precipitation, is based on some conditioning of the climate properties and weather states, i.e., the
occurrence of either wet or dry conditions (Katz 1996, Semenov and Barrow 1997, Wilks 1999a).
This is similar to the stochastic climate generation process, as implemented in LARS-WG (see
Section 3.4.2), where the simulation of the primary climate variables is also conditioned on the
wet and dry days. This approach has been earlier applied by Bailey (Bailey 1964) and Richardson
(Richardson 1981) who used a first-order Markov chain process to define the occurrences of wet
and dry conditions, based on the distributions of the observed rainfall sequences. In addition,
various theoretical statistical distributions, e.g. exponential, gamma, mixed-exponential and lognormal, are further applied to fit the observed precipitation distributions (Liu et al. 2011b). Many
daily weather generation models developed later, e.g., WGEN (Richardson et al. 1984),
SIMMETEO (Geng 1988), WXGEN (Hayhoe and Stewart 1996, Hayhoe 2000), MARKSIM
(Jones and Thornton 2000) and MODAWEC (Liu et al. 2009) are based on these few
fundamental concepts.
In these above mentioned weather generation techniques the daily generation of temperatureand precipitation series is the main purpose as these are the most interesting parameters defining
possible climate change. Therefore, to produce daily climate series for assessing impacts of
climate change in this study, the specific techniques for refining monthly temperature and
precipitation into daily series are reviewed and in the following section.
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5.1.2 Precipitation and temperature generation
The early approach of generating daily climate from mean monthly climate series consisted in
applying d polynomials to fit monthly data with the daily time-series (Epstein 1991). In addition,
the harmonic model was also used to reproduce the mean monthly cycles and, employing this
information, daily patterns were derived (Epstein 1991, Wilks 1999b). The more recent
techniques of daily climate generation, as implemented in some of stochastic weather generators
are based on an initial calibration on various statistical attributes of the observed climate, such as
statistical distribution and pattern (Canadian Climate Impacts and Scenarios project 2004). The
basic approach used in these stochastic weather generators usually consists of two parts: 1)
analysis of the sequence of dry and wet days and, 2) subsequent estimation of the amount of
precipitation and other climate, dependent upon these wet or dry conditions (Richardson 1981,
Racsko et al. 1991, Wilks and Wilby 1999). Since the temperature can be likewise synthesized,
based on the state of wet/dry days (Richardson 1981), the temperature is resampled also in this
second step after the wet/dry series has been generated. In the following subsections, a more
detailed literature review of the generation of daily precipitation and temperature time-series is
provided.
5.1.2.1

Precipitation generation

Precipitation generators can be classified into three types (Khalili et al. 2009), namely,
conventional Markov-type models, nonparametric models and hybrid models. The Markov-type
model is the generator of the daily precipitation occurrence, i.e. wet or dry, and is based on a
first-order Markov model (Nicks 1974). Even though the Markov model is found to
inappropriate in some areas (Srikanthan and McMahon 2001), it is still widely useful in general
cases (Richardson 1981, Johnson et al. 1996, Srikanthan and McMahon 2001, Liu et al. 2009).
Once the wet or dry state sequence has been generated by the Markov model, a stochastic model
is subsequently applied to simulate the amount of rainfall on the wet days (Johnson et al. 1996).
The second rainfall generation model is using a bootstrap nonparametric approach (Lall et al.
1996, 1996, Rajagopalan and Lall 1999). In spite of the overall satisfactory working of these two
climate generator-approaches for hydrologic applications, poor density-estimation and the short
lengths of historical data records are still limiting these climate generators (Silverman 1999,
Srikanthan and McMahon 2001, Scott 2009). Thus, a third methodology has been proposed,
which is a hybrid technique, as it uses various rainfall characteristics which properly fit the
monthly data, which can be either using a hidden-Markov model for nonlinear data (Thyer and
Kuczera 2000) or a Markov switching model for non-stationary data (Shami and Forbes 2000),
and using semi-parametric model for long-term persistent data (Kim and Valdés 2005).
However, the accuracy of this hybrid approach in generating daily rainfalls is still not warranted
(Khalili et al. 2009).
Among the three types of daily rainfall generation mentioned above, the firstly named Markovtechnique is still the most frequently used (e.g. Richardson 1981, Johnson et al. 1996, Srikanthan
and McMahon 2001, Wilby et al. 2002, Khalili et al. 2009).
5.1.2.2

Temperature generation

Similar to the precipitation, in the first applications of daily temperature generation from
monthly means, the simple polynomial- and harmonic function methodologies were used
(Epstein 1991). Later the temperature generation was refined using information from the
synthetic precipitation by mean of correlation functions between the two climate variables
(Richardson 1981, Wilks and Wilby 1999). Then the distributions of the maximum and minimum
temperatures were considered separately for wet or dry conditions, and using the mean and
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standard deviation of the distributions of the observed daily wet and dry series, synthetic daily
data are generated at a single site by means of a stochastic process (Richardson 1981, Khalili et
al. 2009). A further refinement of this single-site maximum and minimum temperature
generation approach consists in the use of an autoregressive model to produce climate values for
a particular day which are somewhat related, i.e., there is a memory effect, to those of previous
days (Matalas 1967, Richardson 1981, Bras and Rodríguez-Iturbe 1993, Wilks 2006). However,
inconsistencies may be occurring in the correlation, when handling with large set of climate
variables (Crosby and Maddock 1970, Bardossy and Plate 1992, Bras and Rodríguez-Iturbe
1993). A first-order multivariate autoregressive model of the temperature has also been proposed
(Wilks 1999b), wherefore temperature generation is a function of the lagged correlations among
the temperature variables (Matalas 1967, Bras and Rodríguez-Iturbe 1993) and standardized
temperatures are then computed from a standardized normal distribution, which are then
rescaled by reversing the standardization process.
The most widely used approach for the simulation of daily maximum and minimum
temperatures assumes that these are following a weakly stationary generating process. Then
residuals from mean temperatures on wet and dry days, which have been normalized by
appropriate wet and dry standard deviations, respectively, are compiled (Matalas 1967,
Richardson 1981, Wilks 1999b, Buishand and Brandsma 2001, Beersma and Buishand 2003,
Khalili et al. 2009). All the above mentioned daily weather generators are fundamentally based on
“single-site” weather which is not practical for assessing climate at the regional scale. Thus, an
extension of this single-site climate generation is the integration of spatial pattern in the
generating process. Such a spatial correlation (Cliff and Ord 1981, Hubert et al. 1981, Upton
1985) of the different climate variables has been applied on distributions of climate data at
different locations (e.g. Wilson et al. 1992, Wilks 1999b, Brissette et al. 2007, Khalili et al. 2007,
2009). By using such spatial relationships between climate sites, this process can be extended to
generate ably the characteristic of climate variability at a multi-site network across a region
(Hughes and Guttorp 1994, Charles et al. 1999a, Wilby et al. 2003). A technical description of
the foundations of such a multi-site daily climate generator, which is also at the basis of the new
daily weather generator (DWG) developed in this chapter of the thesis, is provided in the next
section.

5.1.3 Multi-site daily climate generation
Because of the very high temporal and spatial fluctuations of rainfall, its distribution is very
distinct at different site locations, especially, in large-scale watersheds (Srikanthan and McMahon
2001, Khalili et al. 2009). This means that a precipitation sequence generated by an individual
single-site statistical model is comparably less reliable than that of a multi-site generator (Wilks
1998, Srikanthan and McMahon 2001). However, the statistical techniques mentioned in the
previous section rely only on the statistical attributes of the specific time series at one site. This
can be a particularly strong limitations in hydrologic simulations on the basin-scale which usually
require systematic, spatially- distributed input precipitation. As the latter is often not available,
particularly, in future climate impact studies, one needs at least some basin-representative values
for the precipitation and the temperatures as well, though to lesser degree.
For remedy, so-called multi-site climate generation methods have been proposed which can
synthesize one climate pattern (precipitation, temperatures) representative for the whole network
across a region by using various empirical geostatistical attributes, namely, the spatial correlations
of the climate variables between different sites (Wilks 1998, Srikanthan and McMahon 2001,
Brissette et al. 2007).
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The first multi-site approaches were formulated using space-time model of observed
precipitation (Bardossy and Plate 1992). The space-time circulation pattern of rainfall to design
the spatial distribution of rainfall in a network-station are modeled in various ways (Bardossy and
Plate 1992, Wilks 1998, Seed et al. 1999, Kyriakidis et al. 2004, Fowler et al. 2005b, Bardossy and
van Mierlo 2000, Palutikof et al. 2002, Wheater et al. 2005, Zhang and Switzer 2007), depending
on the specific weather pattern (Fowler et al. 2005b, Wheater et al. 2005, Zhang and Switzer
2007), available climate data (Bardossy and Plate 1992) and using different calibration techniques
(Seed et al. 1999, Kyriakidis et al. 2004, Wheater et al. 2005). The most famous multi-site weather
generation approach is probably the empirical–statistical stochastic weather model of Wilks
(Wilks 1998) who inter-related the climate variables pairwise at the various stations of the
network, using a correlation matrix to generate the rainfall occurrences at the multi-site as an
extension of the single-site empirical weather model (Todorovic and Woolhiser 1975, Katz
1977).
A practical approach to relate the spatial pattern of a multi-site distribution is spatial
autocorrelation (Cliff and Ord 1981, Hubert et al. 1981, Upton 1985) which describes the interrelationship among values of a single climate variable across a defined set of points that can
represent an arrangement in geographic space (Tobler 1970, Griffith 2003). Such a spatial
autocorrelation is constructed under the concept of Tobler (Tobler 1970) “Everything is related
to everything else, but near things are more related than distant things”.
This spatial autocorrelation approach has been applied for capturing patterns of climate and
ecologic variables (Goodchild 1986, Propastin et al. 2008, Augustine 2010, Zhao et al. 2012, Zhu
et al. 2012), as well as for generating multi-site climate (Brissette et al. 2007, Khalili et al. 2007,
2009), by using a useful spatial statistical parameter, the so-called “Moran’s I” (Moran 1950)
defined as (Moran 1950, Anselin 1980, Odland 1988, Murdoch et al. 1993, Ullah and Giles 1998,
Griffith 2003, Khalili et al. 2009):
∑

̅ ∑
∑

̅

∑

̅

∑

(5.1)

where is the observed value of variable at location , ̅ is the average of the
over
locations, and
is the spatial weight between two locations and . The spatial weight can be
formed as a row-standardized matrix W(n, n) which is presented as:
(

)

(5.2)

where
∑

(5.3a)

and
(5.3b)
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i.e. the weight
is computed as the inversed of the square distance
between point and
and
is normalized by the total sum of weights in a row ∑
, so that the sum of every
row equals 1. For the diagonal element
.
Basically Moran’s I is some kind of a measure of the spatial autocorrelation of a geographically
distributed variable. The value of Moran’s I can lie between -1 (indicating perfect dispersion) and
+1 (indicating perfect correlation) (Griffith 2003) which is anticipated for the middle value at
(Moran 1950, Cliff and Ord 1981). When the adjacent values are likely similar, the
Moran’s I will be greater than
, i.e. it will tend towards a positive value. On the other
hand, when the surrounding station values have larger differences, Moran’s I will be less than
, i.e. will be more negative.
The incorporation of spatially dependent variable information through Moran’s I is very
advantageous for defining the spatial relationship between each pair of gauges which is then used
to regenerate the spatial distribution according to the observed spatial autocorrelations of
variable. The multi-site generation can take this benefit by applying Moran’s I on the daily climate
to capture the pattern and to reproduce the distribution of climate variables over the watershed
area (Khalili et al. 2007). In the present application, the variable in Eq. (5.1) represents
precipitation, maximum- or and minimum temperature in the study area.
In the stochastic approach, the generation of random numbers is particularly important, as they
are used to define the distribution of the synthetic data. These spatially autocorrelated random
numbers are generated by applying a spatial moving average process on a set of uniformly
distributed random numbers in the form (Cliff and Ord 1981, Cressie 1993, Khalili et al. 2007):
(5.4)
of spatially autocorrelated random numbers of locations, is
where is a vector of size
the moving average coefficient, is the weight matrix in Eq. (5.2) and is a vector size
of independent and uniformly distributed random numbers in the range [0, 1]. The range of
the -coefficient is defined by the extreme eigenvalues of the weight matrix (Khalili et al. 2007),
so that ranges between
to
, where
is the largest positive and
the largest negative eigenvalue.
Because of the generating Eq. (5.4), the spatially autocorrelated random numbers may not be
any longer uniformly distributed, nor be in the [0, 1] range. Therefore, the empirical cumulative
distribution function (ECDF) is used to convert the spatially autocorrelated random numbers
back into [0, 1] range:
(5.5)
(5.6)
where
is the normalized function of partially autocorrelated random numbers , based on
the empirical distribution of 1000 realizations of
at station of all stations.
Consequently, the function
is driven by the spatially autocorrelated random numbers
to give normalized values
for month on day of realization
at site
which all lie in the [0,1] range and which will be used, after reversing the standardization, to
generate real precipitation and temperature values at station .
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The multi-site generation of daily precipitation and temperature is then done sequentially,
wherefore first the precipitation is generated and, using this information, the temperatures are
simulated for wet and dry days, respectively. the spatially autocorrelated normalized random
numbers are used to generate the synthetic time-series which then should have the same daily
spatial autocorrelations as the observed series. The inter-correlations of the weather variables are
systematically regenerated for each pair of stations during the daily climate generation, where
Moran’s I is computed for each day within the time period studied to exhibit the spatial
autocorrelation of the climate network in the study watershed. It should be noted then that the
generation of the spatial pattern using this concept of spatial autocorrelation depends on the
average pattern of sample data used in calibration.

5.1.4 Framework of multi-site daily climate generation
The stochastic daily weather generator is applied here as a technique to break down the total
monthly precipitation and mean temperature into daily subcomponents. The monthly climate,
which is downscaled from long-term climate prediction in Chapter 3, is consequently used in the
stochastic weather generation in this chapter to produce daily weather time-series for use in a
practical study of climate change. Therefore, in this section the general methodology to
decompose a monthly mean climate series into a daily one is discussed.
A two-state first-order Markov chain model is used to simulate the precipitation occurrence
through the definition of wet or dry days, while the precipitation amounts are computed based
on probability theory, namely, by assuming that it follows an exponential distribution (Wilks and
Wilby 1999). The state of precipitation occurrences, likewise, provides conditions for the
temperatures generation, wherefore the latter are then generated by a normal distribution model
(Schuol and Abbaspour 2007), but which are applied separately for the wet and dry days (Wilks
and Wilby 1999). Accordingly, the rainfall and temperature distributions mainly depend on the
state of wet or dry, which is calculated using Markov chain model.
As in the stochastic process for climate downscaling, the climate variations are implemented by
using so-called change factors for the relevant climate parameters in the weather generator
(Wilby et al. 2002, Wilby et al. 2004). This technique is similar to the approach used in the
climate generation in the WGEN (Wilks 1999a) and LARS-WG (Semenov and Barrow 1997)
weather generators. The adjustment factors are computed from the predictor changes obtained
with the GCM and are then used to specify future stochastic climate change scenarios. This kind
of stochastic method has the advantage to regenerate various statistical realizations, following
large climate ensembles that are optimal for producing diverse scenarios for risk analysis
associated with climate change. On the other hand, the disadvantage of such a stochastic weather
generator is that statistical variables, which are not explicitly involved in the model, will not be
effectively determined in the changes of future climate (Wilby et al. 2002).
In this study, the daily climate generation uses the projected change in the monthly average and
the change in the statistical properties based on the downscaled monthly rainfall and the
possibility of rainfall occurrence to synthesize the future daily climate in agreement with the
mean monthly change in magnitude and distribution. As shown in Figure 5.1, the development
of multi-site daily climate generation is separated into two parts, i.e., precipitation- and
temperature generation. As for the input data of the climate generator, the precipitation
generation uses the monthly amount of rainfall and the probability of the rainfall occurrence
from the monthly downscaled predictor output, while the temperature generation uses mean
maximum and minimum temperature for producing the corresponding daily series.
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Figure 5.1. Schematic concept of the daily climate generator developed in this study to
reproduce daily values of precipitation and temperature between 1971-2000, wherefore the 19711985- time period is used for calibration of the generator (validation scheme).
In addition, the daily observations of precipitation and temperatures are employed to define the
statistical parameters of the temporal and spatial distributions separately for wet and dry
conditions. Thus, firstly, the sequences of rainfall occurrence, i.e. whether the state for a
particular day is either wet or dry day, are synthesized. The amount of daily rainfall is
subsequently generated on the synthetic wet days. The maximum and minimum temperatures, on
the other hand, are generated separately for the wet and dry days, using the corresponding
temperature distributions.
In the evaluation of the climate-generating model, the validation of the model is carried out over
the time period 1971-2000, during which observations of daily and monthly rainfall and
temperature has been available. The minimum length of the calibration time period should be
about 10 years at least, and more in regions with highly varying climates (Canadian Climate
Impacts and Scenarios project 2004). In the present study, the time period 1971-1985 is used for
calibration, and the verification of the daily climate generation is performed over years 19712000 (see Figure 5.1). Afterwards, this validated generator is applied to rescale the monthly
downscaled GCM- precipitation and temperature predictor time-series to daily series. By
calibrating this model with daily observed climate between years 1971-2006, the future 20002096 monthly downscaled climate series are converted into daily series, based on the three future
SRES- scenarios A1B, A2 and B1,. To produce the 30 multi-realizations, 30 sets of random
numbers drawn from a uniform-distribution are generated each of which produces one
stochastic realization. There are two individual sets of random numbers used in this model:
1)random seeds used to train and to build the spatially autocorrelated model through a moving
average process, and 2) random seeds to generate a vector of spatially autocorrelated numbers in
the climate generation function. In addition, for a better and systematic comparison of the future
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climate scenarios, the same vector of random seeds is used in the multi-realization set of each
SRES-scenario. The theoretical descriptions for the development, validation and application of
the daily climate generator are given in the following sections. At the end, the synthetic daily
climate of future scenarios is obtained for use in the later hydrological impact assessment
presented in Chapter 6.

5.2 Development of the multi-site daily precipitation generator
The daily climate generation uses the afore-mentioned stochastic techniques for the synthesis of
daily multi-site weather. Owing to the fact that, as mentioned, the presence (wet) or nonpresence (dry) of the precipitation affects also the maximum and minimum temperatures, the
daily precipitation time-series must be generated first. The methodology to do this for the
generation of precipitation in the new daily weather generator developed in this study is
described in this section.

5.2.1 Structure of the precipitation generator
Similar to the approach in the stochastic weather generator of Wilks and Wilby (1999), the
precipitation generation here is also separated into two parts: 1) rainfall occurrence generation
and, 2) precipitation amount generation. The new multi-site weather generator uses the spatially
autocorrelated random numbers (Cliff and Ord 1981) to generate multi-realizations of rainfall
over a precipitation gauge network in a region. The techniques to estimate the spatial statistical
correlation, e.g., daily Moran’s I (Eq.(5.1)) and the moving average coefficients in Eq. (5.4) are
adapted from the approach of multi-site generation of precipitation by Khalili et al. (Khalili et al.
2007) to derive the spatial correlation.
The stochastic daily precipitation generator developed in this thesis has been programmed in in
the R-language environment (R Development Core Team 2011) and its script consists of more
than 3600 lines. The five main consecutive steps involved in the generation procedure are
summarized in Table 5.1 and are: a) input processing, b) investigation of the precipitation
statistics, c) parameter estimation, d) rainfall occurrence generation and e) rainfall amount
generation. They are described in more detail in the following paragraphs.
a) Input processing consists in the compilation of the historic observations of daily
precipitation in the form of time-series graphs and as empirical distributions. For the rescaling of
the future rainfall, the probability (precipitation occurrence) and the amount the future monthly
precipitation are used. The positions of the rainfall measuring points are provided to calculate
the distance between them. The initial random seeds for generating the random number series
are defined in this first part of the precipitation generation.
b) Investigation of the precipitation statistics consists in the examination of the relationships
among mean, extreme values, probability of dry-wet state (P01) and wet-wet state (P11) that will
be described in more detail in Section 5.2.3.1. The extreme and mean rainfall relationships are
applied to set the upper limits of the magnitude of the rainfall, which is further used in the
precipitation amount generation in Section 5.2.3.2.
c) Parameter estimation consists in the calculation of the coefficients of the variables used in
the climate generating model. At the beginning, the daily Moran’s I of the precipitation of the 366
days in a year is calculated from the 24 stations of the network, following the procedures detailed
in Section 5.2.2. This daily pattern of climate as represented by Moran’s I for each day is used in
rainfall amount generation. The weight matrix in Moran’s I is calculated from the distance
between the stations that is subsequently used in the moving average process (see Eq. (5.4)), i.e.
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by using the moving average coefficient and random numbers spatially autocorrelated random
numbers are generated. These numbers are then normalized (see Eq. (5.5)) and subsequently
used to generate rainfall, assuming an exponential distribution.
Table 5.1. Procedures and input requirements for generating future daily precipitation for years
2000-2096, with calibration of daily rainfall between years 1971-2006.
step/ process

period / number details

input*
source

a) input processing
1
define input data
1.1
daily precipitation

year 1971-2006

1.2

monthly precipitation

year 2000-2096

1.3

year 2000-2096

%wet

1.4

monthly probability in precipitation
occurrence
station info

observation
data
downscaling
results
downscaling
results

coordinates of station location

2

define random seed

location of 24
stations

b) investigation of precipitation statistics
3
investigate precipitation relationship
3.1
mean and extreme rainfall
3.2
probability of dry-wet
3.3
probability of wet-wet

specific initial random seed
max and min precipitation

year 1971-2006
year 1971-2006
year 1971-2006

P01
P11

c) parameter estimation
4
investigate daily Moran's I of precipitation year 1971-2006
5
produce weight matrix
30 points
by distance between station
6
generate spatial autocorrelation vectors
1000 samples x 30 by moving average process
points
7
normalize spatial autocorrelation vectors
by empirical cumulative
distribution function
8
generate precipitation
by normal distribution
9
investigate relationship of daily Moran's I 30 points
relationship between Moran's I
from normalized spatial autocorrelation
and ma.coef
d) rainfall occurrence generation
10
define starting occurrence probability
11

generate occurrence vectors

12

rainfall occurrence generation

13

summarize number of wet days

e) rainfall amount generation
14
define daily Moran's I
15
define moving average coefficient

determine wet precipitation
chance
30 rlz x 24 stations by normal distribution
x 31 days
30 rlz x 24 stations by Markov chain model
x 31 days
30 rlz x 24 stations

(1.1)
(1.4)
random
numbers
(6)
(7)
(8)

(1.3)
random
numbers
(1.3), (22)
(23)

average Moran's I of the day
(5)
relationship between Moran's I (9), (14)
and ma.coef
16
generate spatial autocorrelation vectors
31 days x 1000
by moving average process
random
samples
numbers and
(15)
17
normalize spatial autocorrelation vectors
by empirical cumulative
(16)
distribution function
18
define limitation of v extreme
by exponential function
(3.1)
19
generate precipitation random vectors
30 rlz x 24 stations by empirical cumulative
(16), (17),
x 31 days
distribution function
(18)
20
generate precipitation
30 rlz x 24 stations by exponential distribution
(1.2), (13),
x 31 days
(19)
*
Numbers relate to the numbers in the first column
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31 days
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(1.1)
(1.1)
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Then the values of Moran’s I are calculated. By changing the moving average coefficients 30
times, 30 realizations of Moran’s I are derived. This derivation of 30 coefficients, which are
computed from specific random numbers, are used to estimate the relationship between Moran’s
I and the moving average coefficients to formulate an empirical relationship by polynomial
regression. This empirical function is used to produce moving average coefficients from the
Moran’s I values, which is described in the investigation of spatially autocorrelated numbers in
Section 5.2.2.
d) Rainfall occurrence generation is a process done in parallel with the rainfall amount
generation. The occurrence vectors are generated by random numbers, which are used to define
an either wet or dry state. Subsequently, the rainfall occurrence is generated by a first-order twostate Markov process with a specific probability of wet/dry state, which is obtained from the
empirical relationship of dry-wet/wet-wet probability derived in procedure b). The series of
wet/dry days is used to synthesize the rainfall amount on its specific wet days (see procedure e)).
This process is described in more detail in the precipitation occurrence generation it Section
5.2.3.1.
e) Rainfall amount generation is the subsequent process to produce synthetic rainfall on wet
days, the latter being obtained in procedure d). The average Moran’s I of a specific day is
calculated from the 36-year long 366-day Moran’s I series over the validation period, to define the
Moran’s I for that day. Then the moving average coefficients can be calculated with this specific
Moran’s I and employing the empirical function formulated in procedure c). Spatial
autocorrelation vectors and the normalized vectors are generated by these specific moving
average coefficients. With the defined curves of the extreme rainfall, which is investigated in
procedure b), the random vectors are used to synthesize the daily rainfall amount on a specific
wet day using the exponential distribution.
These mentioned five major procedures are visualized in the schematic diagram of Figure 5.2.
Further explanations with regard to the mentioned procedures including theoretical description
and equations are presented in the following sections.
The precipitation generation is validated with observed data in the time period 1971-2000,
wherefore the periods 1971-1985 and 1986-2000 are used for calibration and verification,
respectively, the at 24 rainfall sites. Moreover, the skill in generating daily extreme precipitation is
evaluated in Section 5.2.5.
Concerning the application of the model to the rescaling of monthly future climate into daily
series, the downscaling results are used first to provide the monthly future rainfall input. After
calibration of the daily rainfall generator with observations between years 1971-2006, the
rescaling of future monthly precipitation is done for the future time period 2000-2096 and using
three SRES-scenarios A1B, A2 and B, wherefore the same set of random seeds to control the
initial random variables of the stochastic generator are employed.
In addition, there are two sets of uniformly-distributed random numbers used in the
precipitation stochastic generator, i.e., 1) to train and formulate the spatially autocorrelated
model in the moving average process and, 2) to generate the vector of spatially autocorrelated
numbers in the realizations of the precipitation generation, itself.
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Stochastic generation of daily precipitation data
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time series of monthly precipitation
amount and probability, 2000-2096
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Spatial autocorrelation analysis
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month i = 1..12
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Pdk,i : prob.of rainy day
site k , month i, day t
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site k month I
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Empirical functions
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weight matrix
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b) Parameter estimation
Vn.limi=1–e-Rmeank,i * fupper(Rmeank,i)

1/wmax < γm < 1/wmin
γ 30 points / m = 1..30

e) Amount generation

V m= γ m x W x u + u
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Empirical Cumulative Distribution Function

normalization Vm=1..30,rlz.i=1..1000
Vnk=Fnmlk(V)=N(Vm,rlz.i[k])X [0..1)
i = month 1..month 12

precipitation distribution function
R[k] = -ln(1-Vnk )xRain[k]
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γ = fγ(i)( I )

Pc(k) = p01(k), Xt-1=0
p11(k), Xt-1=1
Pc(k)i=1

Empirical Pc(k)i=12
p01
functions

p01

P11 …
Pwk,i=1
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Figure 5.2. Schematic diagram of daily precipitation generation, consisting of three processes,
i.e., spatial autocorrelation, rainfall occurrence and rainfall amount generations, to reproduce
daily rainfall from monthly downscaled climate predictors between year 2000-2096 and
calibration on 1971-2006 observed daily precipitation.
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As the spatial autocorrelation of precipitation varies with time and season, the climate pattern in
the study region is defined by an average Moran's I for each day of a year (Khalili et al. 2007,
2009, Baigorria and Jones 2011), i.e. the values of Moran's I for a particular day are averaged for
the 36-year long (1971-2006) observed precipitation record. In the generation of the multi-site
precipitation, a set of spatially autocorrelated random numbers (Cliff and Ord 1981, Cressie
1993) is required to produce the multi-site multi-realization precipitation. These numbers are
created by the moving average process (see Eq. (5.4)) To estimate the moving average
coefficients
in this process, a relationship
between
and Moran’s I value is
formulated Eq. (5.7), which then allows to compute a moving average coefficient for a given
month’s Moran’s I.
The relationship between moving average coefficients and Moran’s I proposed here is an
adaption of Khalili et al.’s approach (Khalili et al. 2007). The monthly relationships between daily
Moran’s I and is formulated by this empirical function, using 30 values of initial which range
between
to
(Khalili et al. 2007) in the spatial moving average process in Eq.
(5.4), where
is the maximum positive eigenvalue and
is the largest negative
eigenvalue. The spatial weight matrix W(n, n) in Eq. (5.2), i.e. the weights
in Eq. (5.3) is
estimated from the distance
between station point and for the 24 precipitation sites as
shown in Table 5.2.
Table 5.2. Matrix of distances between the meteorological stations in the study area.
precipitation

X48478_TEMP
X48477_TEMP
X48461_TEMP
X48459_TEMP

X48241
X48193
X48150
X48100
X48131
X48201
X48160
X9160
X9102
X9062
X9052
X9042
X48121
X48182
X48062
X48172
X48092
X48053
X48032
X48012
X459204
X459203
X459201
X478002

temperature

X48459_TEMP 0 51 78 83
X48461_TEMP 51 0 29 53
X48477_TEMP 78 29 0 40
X48478_TEMP 83 53 40 0

73 0.5 51 78 84 98 72 51 76 65 66 60 21 68 15 70 18 69 87 85 83 48 90 89

precipitation

distance between station (km)
temperature

X478002
X459201
X459203
X459204
X48012
X48032
X48053
X48092
X48172
X48062
X48182
X48121
X9042
X9052
X9062
X9102
X9160
X48160
X48201
X48131
X48100
X48150
X48193
X48241

type

station

50 50 0.5 29 53 87 36 39 71 38 24 47 29 117 51 23 33 49 88 80 53 25 61 82
45 77 28 0.5 40 82 26 47 72 36 16 50 57 145 75 8.8 60 46 89 79 41 37 48 80
13 83 52 40 0.5 43 17 33 38 18 30 27 67 150 73 36 68 17 54 42 0.7 36 8.6 43

73 50 45 13

0

73 50 45 13 38 19 22 28 12 31 14 59 139 62 39 59 4.2 45 34 12 29 17 35

0.5 50 77 83

73

0

51 0.5 28 52

50 51

78 29 0.5 40

45 78 29

84 53 40 0.5

13 83 53 40

98 87 82 43

38 97 87 82 43

72 36 26 17

19 71 35 25 18 57

51 39 47 33

22 50 38 47 34 52 27

76 71 72 38

28 75 71 72 38 22 46 33

65 38 36 18

12 64 38 36 19 50 12 17 36

66 24 16 30

31 66 23 16 31 69 13 31 57 21

60 47 50 27

14 60 46 50 27 42 26 10 24 15 34

21 29 57 67

59 21 30 57 68 90 54 39 69 49 46 49

68 117 145 150

139 68 117 145 150 155 139 116 134 132 134 125 88

15 51 75 73

62 15 51 75 73 83 64 39 61 55 61 48 25 77

70 23 8.8 36

39 69 22

18 33 60 68

59 18 33 60 68 88 55 38 68 50 48 48 4.4 86 20 52

69 49 46 17

4.2 69 48 46 17 39 21 19 26 11 31 10 56 134 58 39 56

87 88 89 54

45 87 88 89 54 20 64 50 18 54 74 42 84 139 72 82 82 43

85 80 79 42

34 85 80 79 42 14 53 42 9.6 44 65 33 79 142 70 72 77 33 11

83 53 41 0.7

12 82 52 40 0.9 42 17 33 37 18 30 26 67 149 72 37 68 16 53 42

48 25 37 36

29 47 25 37 37 64 24 14 46 18 21 22 31 116 40 28 31 27 63 55 36

90 61 48 8.6

17 89 61 47 8.1 37 26 39 36 26 39 31 75 156 79 44 75 21 51 39 8.4 44

0

39

89 82 80 43

35 88 82 80 42 9.8 54 45 13 46 66 36 82 145 74 74 81 35 13 3.8 42 58 39

0

51 78 83 97 71 50 75 64 66 60 21 68 15 69 18 69 87 85 82 47 89 88
0

29 53 87 35 38 71 38 23 46 30 117 51 22 33 48 88 80 52 25 61 82
0

9

40 82 25 47 72 36 16 50 57 145 75
0

9

60 46 89 79 40 37 47 80

43 18 34 38 19 31 27 68 150 73 37 68 17 54 42 0.9 37 8.1 42
0

57 52 22 50 69 42 90 155 83 77 88 39 20 14 42 64 37 9.8
0

27 46 12 13 26 54 139 64 20 55 21 64 53 17 24 26 54
0

33 17 31 10 39 116 39 39 38 19 50 42 33 14 39 45
0

36 57 24 69 134 61 65 68 26 18 9.6 37 46 36 13
0

21 15 49 132 55 29 50 11 54 44 18 18 26 46
0

34 46 134 61 8.2 48 31 74 65 30 21 39 66
0

49 125 48 42 48 10 42 33 26 22 31 36
0

88 25 49 4.4 56 84 79 67 31 75 82
0

77 137 86 134 139 142 149 116 156 145
0

37 77 20 39 65 29 8.2 42 49 137 66

66 20 58 72 70 72 40 79 74
0

52 39 82 72 37 28 44 74
0

56 82 77 68 31 75 81
0

43 33 16 27 21 35
0

11 53 63 51 13
0

42 55 39 3.8
0

36 8.4 42
0

44 58
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In the investigation of the moving average coefficients , vectors of spatially autocorrelated
random numbers
of sites in the moving average process (see Eq. (5.4)) is suggestively
generated by 1000 realizations of
(Khalili et al. 2007) for each moving average
coefficient . Afterwards, the
which is a normalized distribution function of , as
mentioned in Eq. (5.5) is then formulated by these 1000 random vectors to provide the random
vectors for the precipitation generation function, which is further explained in the precipitation
amount generation in Section 5.2.3.2. The daily Moran’s I, which is computed from this generated
rainfall for a given is subsequently used to formulate the empirical relationship between the
given andMoran’s I in the form of a polynomial regression as:
(5.7)
where
is the empirical moving average coefficient function of daily Moran’s I at month .
Figure 5.3 exhibits these regression-curves for the rainfall in September and December, which
are the months of highest and lowest precipitation, respectively. There are all 12 monthly
to present the monthly relationships between the spatial autocorrelation
functions
(Moran’s I) and the moving average coefficient . As shown in Figure 5.3, a degree- four
polynomial provides the highest R2 in formulating these relationships. With this empirical model,
the moving average coefficients for a particular day in a particular month can therefore be
estimated for a given daily Moran’s I.
The daily-average value of the rainfall Moran’s I series (366-day Moran’s I) are derived from the
daily-average of the rainfall Moran’s I for the 366 days of each year between 1971-2006, i.e. 36
years, as shown in Figure 5.4. By using the average value of Moran’s I for a specific day of a year,
the corresponding moving average coefficient at that specific day can be computed by means
of Eq. (5.7). Therefore, the normalized spatially autocorrelated random numbers (
) in
month on day of the realization
at site can be generated by using the moving average
coefficient into Eq. (5.4) and subsequently applying Eqs. (5.5) and (5.6) for determining
. This
is subsequently employed in rainfall amount generation, which is
further described in section 5.2.3.2.

September curve

December curve

Figure 5.3. Relationship between Moran’s I of 24-sites daily precipitation and moving average
coefficients in Sep and Dec for years 1971-2006 fitted with polynomial regressions.
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Figure 5.4. Observed daily Moran’s I of 24 stations rainfall for the 36 years between 1971-2006
and the 36-year averaged value (red line)

5.2.3 Daily precipitation generation
As mentioned previously, the stochastic generation of the precipitation data is divided into two
parts, i.e., 1) precipitation occurrence generation and 2) precipitation amount generation. In the
first part, the series of either wet or dry state is generated, while in the second part the rainfall
intensity is computed for the wet-state days. The theoretical background behind these two steps
and the results of the experimental investigations are described in the following sub-sections.
5.2.3.1

Generation of precipitation occurrence

The precipitation generation consists in the simulation of a time series of rainfall events. Because
the serial rainfall occurrence is used to provide the points of time where the rainfall amount is to
be generated, the former must be defined at first in the processes of precipitation generation.
Among the various approaches used in the scientific literature for the generation of daily rainfall
occurrence, the chain-dependent technique, which is based on a first-order, two-state Markov
process, has been frequently applied (e.g. Todorovic and Woolhiser 1975, Katz 1977, Waymire
and Gupta 1981, Stern and Coe 1984, Katz and Parlange 1995, Qian et al. 2002), as the Markov
process has been found to be a very good model to simulate wet- and dry-spell distributions
(Qian et al. 2002). This methodology has, therefore, also been used in the present study.
The first-order, two-state Markov model determines the rainfall occurrence on a particular day
according to the current- and previous day circulation pattern. To classify the day as either a wet
or a dry day, depends on the amount of rainfall for that day. Thus, if the rainfall record is less or
more than 0.1 mm/day the day is defined as a dry or wet day, respectively. The series of rainfall
occurrence can be defined as (Qian et al. 2002):
{

(5.8)

where
is the serial rainfall occurrence on day at site . In the Markov process, the serial
interdependency of rainy-days specification is determined through the probability of wet or dry
conditions on that day. The probability of the current day to be a wet day in depends on the
conditions of the previous day, which can be either wet or dry, which can be stated as (Qian et
al. 2002):
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(5.9)
(5.10)
where
and
are the transition probabilities of a wet day occurrence, depending on
whether the previous day has been dry or wet, respectively. These probabilities indicate the
pattern of precipitation circulation (Corte-Real et al. 1998, 1999b) on day at site .
This first-order, two-state Markov process is then used to determine the
probabilities for a particular month:

and
(5.11)
(5.12)

where
is the empirical probability, as defined by the relative frequency of wet days for
month at site :
(5.13)
where

is the number of wet days and

is the total numbers of days in that month.

The functions
and
in Eqs. (5.11) and (5.12) are polynomial regression functions,
which relate the probability of a wet day with transition probabilities
and
, i.e. to whether
the previous day has been dry or wet, respectively to the corresponding observed frequencies for
that month. Figure 5.5 exhibits regression lines of these polynomial functions for three rainfall
stations (48092 for months September and December, which are the months of lowest and
highest precipitation in the study region, respectively, as based on the observed rainfall data
between years 1971-2006. The points for the transition probabilities
and
in these plots
are generated by putting the observed number of wet days for the corresponding month on the
horizontal axis and then counting the empirical occurrences of a dry or a wet day, the day before,
i.e. the number of times Eqs. (5.9) and (5.10) are satisfied, respectively. This can be written as
(Qian et al. 2002):
{
where
on the day

is probability on day at site
condition
.

(5.14)
which is assigned to either

or

, depending

The predictabilities of these functions (
and
) are evaluated by the coefficients of
determination R2 of three kinds of polynomial regression functions, as summarized in Table 5.3,
which shows the polynomial order 3 regression model works best. Then, by using these
regressions, the transition probabilities
and
are subsequently estimated from application
of
and
on the empirical
.
By firstly associating
with the critical probability for rainfall to occur, the current rainfall
condition, i.e., wet or dry is then determined by comparing
with the magnitude of a
random number
drawn from a uniform [0,1] random distribution. Thus, (Qian et al. 2002):
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September

December

459201

459201

48012

48012

48092

48092

Figure 5.5. Regressions of the transition probabilities p01 and p11 (abbreviated as pc on the
vertical axis) on the average probability of a wet day (%wet) for rainfall station 459201, 48012
and 48092 for months September and December for all years between 1971-2006, using linearand multi-order polynomial regression equations.
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Table 5.3. Coefficient of determination (R2) of the regressions Eqs. (5.11) and (5.12) to predict
transition probabilities
and
, for each month of the year, using polynomial orders 1
(linear) 2 (pl(2)) and 3 ( (pl(3)) regression equations.
coefficient of determination (R2)
p01
pl(2)
0.90
0.77
0.86
0.68
0.69
0.63
0.73
0.67
0.59
0.62
0.79
0.81

month
January
February
March
April
May
June
July
August
September
October
November
December

linear
0.85
0.75
0.85
0.61
0.66
0.60
0.70
0.64
0.56
0.60
0.78
0.74

pl(3)
0.93
0.79
0.87
0.72
0.72
0.67
0.75
0.68
0.61
0.64
0.81
0.83

linear
0.61
0.32
0.51
0.59
0.67
0.62
0.59
0.66
0.68
0.65
0.47
0.54

p11
pl(2)
0.66
0.34
0.56
0.62
0.70
0.64
0.61
0.68
0.69
0.67
0.53
0.56

{

pl(3)
0.70
0.36
0.57
0.62
0.71
0.66
0.63
0.69
0.70
0.68
0.54
0.62

(5.15)

i.e. day is defined to be wet (
, when the random number
is less than
,
otherwise it is a dry day (
. The stochastic simulation is entirely run for all =1 to
=
, where
is total number of days in a month, i.e., 29 days for February and 30 or 31
days for other months, i.e. from the first until the final day of the corresponding month, and the
resulting series
then represents the occurrence of precipitation on the 31 days for each
month. The process is repeated for each of the n stations.
In the multi-realization generation, the number of wet days in the 30 realizations of the simulated
serial rainfall occurrences
for each month is then summed up from day 1 to day 31 to
determine the number of wet days for that month:
(5.16)

∑
is the the number of rainy days in month at site in realization
where
is as above. The generated probability of wet states over the 30 realizations is then:
∑

where
is the simulated probability of a wet day at site
following the rainfall occurrence series . The wet probability
comparing with the given wet probability
(%wet) at the beginning.
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The series of rainfall occurrence
= (0,1) synthesized by this function is used to define the
position of wet days for which the rainfall amount is then generated. In addition, the numbers of
wet days
are subsequently used to calculate the rainfall intensity, as described in next
section.
5.2.3.2 Generation of precipitation amount
In this section the generation of the amount of rainfall, or its intensity, for the wet days, as they
have been synthetized in the previous section, is described. Basically, this is achieved by inverting
the probability distribution function of the precipitation amounts (Khalili et al. 2007). In this
study, the exponential distribution, which efficiently provides monthly mean precipitation
(Todorovic and Woolhiser 1975, Khalili et al. 2009, Liu et al. 2011b), is used to generate the daily
precipitation amount for a defined wet day in a given month as prescribed by ed the statistics of
that month’s observed occurrence series.
To generate the precipitation amount on the synthetic wet day, a set of spatially autocorrelated
random numbers in the range [0,1] is used in the inversion of the exponential cumulative
distribution function (Khalili et al. 2007). The relationship between the precipitation series at the
24 sites in study area is considered through spatial autocorrelation (see Section 5.2.2).
Consequently, the precipitation amount
is then computed as (Khalili et al. 2007):
(

)

(5.18)

where
is the daily synthetic precipitation amount of month on wet day of
realization
at site ,
is the vector of normalized spatially autocorrelated random
numbers obtained from Section 5.2.,
is monthly rainfall of month at station and
is the cumulative number of wet days, obtained from the precipitation occurrence
generation in realization
(see Eq. (5.16)). By using the spatially autocorrelated random
numbers from Eq. (5.5), the synthetic precipitation is generated for 30 realizations
(
=1,..,30), to produce an ensemble of multi-realization precipitation, which for each
realization, is given as:
{
is the rainfall time-series realization
of month on day
is the serial rainfall occurrence on day of month in realization
obtained from Eq. (5.15).

where

(5.19)
at site and
at site

In the generation of the daily climate, i.e. up to now only precipitation, the monthly-mean rainfall
is obtained from the monthly precipitation data and the number of wet days
as obtained from the synthetic precipitation occurrence (Eq. (5.16)), based, in
return, on the observed monthly rainfall probability data
(%wet).
The exponential function used in the generation of the precipitation amount by Eq. (5.18) can
produce values ranging from 0 to infinity, wherefore, of course, the latter is not realistic, as the
rainfall intensity has an upper limit, or extreme. The latter then defines also an upper boundary
for the daily maximum rainfall intensity of
. The relationship between the daily
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extreme precipitation
form:

and its distributional monthly mean is examined in the
(

where

)

(5.20)

is the daily maximum rainfall intensity of
at site
is the functional relationship between monthly mean and daily extreme rainfall.

and

Although the functional relationship, (Eq. (5.20)) is discrete and cannot be presented by an
exact trend, as shown in the left panel of Figure 5.6, the boundary of this relationship can be
drawn in terms of a max/mean- ratio, as illustrated in the right panel of Figure 5.6. Based on this
plot, Eq. (5.20) is modified to present the ratio of max/mean values in the form:
(

)

(

)

(5.21)

where
is the polynomial regression function of the monthly mean rainfall, which provides
the upper limit of the ratio between extreme and mean rainfall
. Several types of
polynomials
with increasing orders have been fitted to the set of (max/mean,
points in the right panel of Figure 5.6.
linear trend of extreme and mean

ratio between extreme and mean

extreme values
upper boundary

Figure 5.6. Relationships between extreme and mean values of daily rainfall between 1971-2006
at all 24 sites (left panel) (showing a linear trend) and of the ratio of extreme/ mean to mean
values (right panel) (fitted with a multi-order regression polynomial).
The normalized spatially autocorrelated vector of random numbers
is then estimated,
while using the
(
) – function to find the maximum limit of the random
numbers. By using now the direct function of the exponential distribution the limit of the
random numbers (
) can then be described as:
(
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where
is the upper limit of
for month at site . This extreme rainfall limitation
is
is then used in Eq. (5.18) to control the originally unlimited set , which then
produces more realistic amounts of rainfall.

5.2.4 Validation of daily precipitation generation
The model performance of the generation of the daily precipitation for the calibration- and
verification periods is demonstrated in this section. The calibration of the daily precipitation
generation is performed over the time period 1971-1985 and the verification for the subsequent
years 1986-2000. Results of this exercise are shown in the two panels of Figure 5.7. The upper
panel shows the observed and synthetic daily rainfall time-series whereas the lower panel
illustrates the summed-up monthly intensities to better clarify the accuracy with the given mean
daily precipitation generation
calibration

verification

monthly average precipitation
calibration

verification

Figure 5.7. Precipitation time-series at station 48092 for daily observed and simulated 30realization precipitation (upper panel) and for monthly observed and simulated 30-realization
precipitation (lower panel) for 1971-2000 daily precipitation generation calibrated for years 19711985 and verified for years 1986-2000.
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Cal. R2 = 0.943
Vrf. R2 = 0.985

Figure 5.8. Scatterplot of observed and simulated monthly average rainfall at station 48092 as
presented in Figure 5.7 by separating data into calibration (1971-1985) and verification (19862000) periods of all 30 realizations.
observations. Thus, the upper panel of Figure 5.7 shows that the synthetic daily rainfall can
both either over- and underestimate the observed rainfall. However, when both the observed
and the 30-realization average of the simulated daily rainfall are averaged to monthly means, as
shown in the lower panel of Figure 5.7, the observed and synthetic series are nearly similar.
Figure 5.8 shows the scatterplot of monthly simulated and observed values for both the
calibration and verification periods. One may notice that the precipitation generator is able
provide synthetic values close to the monthly-observed means, as the data concentrates around
the diagonal line and the coefficient of determination R2 is 0.943 and 0.985 for calibration and
verification, respectively.
To examine the accuracy of the simulation of the rainfall occurrence, i.e., whether the latter
corresponds with the input rainy days or not, the calibrated model for years 1971-1985 is
executed to generate the rainfall occurrence for the verification time period 1986-2006. In the
left scatterplot of Figure 5.9, the simulated probability
of 24 sites and 30
realizations is compared with the observed monthly wet-day probability
. The linear
2
regression line with a slope of close to one and a coefficient of determination R of 0.8 indicates
a good regeneration quality of the rainfall occurrence generation.
The same analysis has been done with regard to the accuracy of the generation of the daily
rainfall amount. More specifically, it is examined how the year 1971-1985 calibrated model is able
to generate the mean of the observed rainfall intensity in years 1986-2000 Consequently, the
mean of daily synthetic rainfall,
, computed as:
∑
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with

, the synthetic daily precipitation amount of month on wet day of realization
(=30) at site (=24) and
, the number of days in month , is compared with the
responding observed monthly mean precipitation
.
The results of this analysis are shown in the right scatterplot of Figure 5.9, which indicates that
the observed means are even better fitted than the rainfall occurrence probabilities, as a very high
coefficient of determination R2 of 0.99 is obtained from the linear regression.

Figure 5.9. Scatterplot plot of simulated (
) versus observed (
) monthly
wet-day probability (left panel) and of the simulated (
) versus observed (
)
monthly-average rainfall (right panel) using multi-site precipitation occurrence generation for the
verification period 1986-2000 with the average of 30 realizations for one month at the 24
precipitation sites.
For a more detailed quantitative analysis, the residual errors for the both rainfall occurrence and
intensities verifications between observed and simulated variables are calculated in addition by
using the mean error (ME) and the root mean square error (RMSE):
(∑
√

)

(5.24)

∑

where n is the number of pairs of measured

(5.25)
and simulated

values.

Table 5.4 indicates that for the verification period the residual error in the generation of the
occurrence probability, as measured by the ME and RMSE, are 0.7% and 2.9%, respectively. As
for the synthetically generated monthly amounts of the rainfall, series, the corresponding residual
errors are -0.19 and 0.34 mm/day, respectively. The last result concurs with that of Liu et al.
(2011b) who found that the stochastic generation of rainfall using the Markov chain model and
four different statistical distributions, among them the exponential distribution, may lead to a
slight underestimation of the rainfall.
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Table 5.4. Residual errors, as measured by the ME, MSE, and the NS of the multi-site
generation of monthly wet day and rainfall amount for the calibration period 1971-1985 and the
verification period 1986-2000.
predictand
wet rate (% wet day)
amount of rainfall (mm/day)

cal 1971-1985
residual error
ME
RMSE
0.36
3.32
-0.15
0.24

NS
0.71
0.99

vrf 1986-2000
residual error
ME
RMSE
0.70
2.89
-0.19
0.34

NS
0.80
0.99

Finally, the average performance of the rainfall generator for synthesizing the monthly rainfall is
evaluated by the Nash-Sutcliffe (NS) efficiency coefficient, already applied several times in
Chapter 3 (see Eq. (3.11)). High values of NS of 0.710 and 0.99 for rainfall occurrence and
amount, respectively, for the calibration period and of 0.80 and 0.99, respectively, for the
verification period are obtained. This indicates that, even though the performance in generating
the wet and dry state is lower than in generating the amount of rainfall, both parameters are
regenerated at a satisfactory level. It may be noted, and which can also from the lower panel of
Figure 5.7, that the estimations of the rainfall amounts are frequently lower than the
observations, which is due to the fact that the upper extremes of the generated rainfall have been
restrained by the upper limit in the vector of the random numbers
(see Section
5.2.3.2). It is this limitation which is the major reason for the small amount of underestimation in
the synthetic realizations of the rainfall mentioned above, but which is necessary to prevent
extreme outliers in the simulated rainfall intensity.
Another method to evaluate the performance of the precipitation generator is to examine how
well the latter is able to render observed statistical distribution. As shown in Figure 5.10, the
cumulative distribution functions of daily precipitation show the simulated distributional shapes
of daily precipitation are close to the observed ones. The attributes of a distribution can be
expressed by its quantiles for a given probability level. Here the 5%, 25%, 50%, 75% and 95%
percentiles, as well as the mean and the standard deviation SD of both the synthetic and the
observed rainfall distributions are examined and their differences, i.e. biases, at these percentile
levels computed. In addition to using the full data series, these biases are also computed on a
seasonal basis, according to 4-season scheme, discussed in Chapter 2 (see Table 2.4).
station 48092

station 459201

Figure 5.10. Cumulative distribution functions of daily precipitation at station 48092 and 459201
for the verification time period 1986-2000 using precipitation generator (cross points) and the
daily observation (dashed line).
The results are presented in Table 5.5, which indicates that the highest residual errors (biases)
commonly occur also at the higher percentile levels, which represent generally the extreme
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values. The seasonal performances exhibit that the first monsoon rainfall has the highest error or
bias in reproducing the mean and the SD, which are 0.28 and 1.18 mm/day, respectively,
corresponding to 8.4 and 35.4 mm/month, respectively. Therefore, the proper regeneration of
the variation of the rainfall, as quantified by the SD, is difficult to achieve simulate by this
stochastic rainfall generator.
Furthermore, the synthetic spatial distribution of 24-sites rainfall is investigated, by comparing
the average daily Moran’s I values of the synthetic and observed rainfall. As shown in Figure
5.11, although the average line of the synthetic Moran’s I, which is computed from the 30
realizations of the synthetic precipitation (grey dots), cannot simulate the full variation of the
observed Moran’s I, the two lines are running somewhat in parallel, as indicated by a crosscorrelation coefficient between the two of 0.30. The largest bias between the synthetic and the
observed Moran’s I lines occurs during the monsoon season as this is also the period with the
highest fluctuating Moran’s I (see Figure 5.4), indicating the difficulty in generating rainfall
pattern under the monsoon influence.
Table 5.5. Model error or bias in generating the statistical characteristics of the daily
precipitation when considering annual and the four-season scheme for the verification time
period 1986-2000.
absolute error between observed and
simulated empirical probability distribution (mm/day)
season
percentile
mean
SD
5%
25%
50%
75%
95%
annual
0.00
0.00
0.00
0.47
2.07
0.19
0.81
dry
0.00
0.00
0.00
0.00
0.65
0.17
0.64
premonsoon 0.00
0.00
0.02
0.64
2.54
0.19
0.95
monsoon1
0.00
0.00
0.29
0.93
3.72
0.28
1.18
monsoon2
0.00
0.00
0.00
0.12
1.56
0.16
0.79

Figure 5.11. Average 1971-2000 daily Moran’s I of simulated (using 30 realizations) and observed
rainfall at the 24 sites of the study region.
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5.2.5 Generation of extreme-event precipitation
The possible future change of climate does not only affect the mean of a climate variable, but
more so, its extremes (Rodrigo 2009) which, in the case of precipitation, may lead to droughts or
floods, i.e. secondary hydrological extreme events. The behaviour of precipitation extremes can
be explored by stochastic resampling techniques (Friederichs 2010). Hence, the daily
precipitation generator is applied in the following paragraphs to produce extreme events of
rainfall.
Extreme value theory (see Section 2.5.2) is applied again here to describe the changes in the
extreme events. More specifically, the Gumbel- and the GEV- distributions are employed to test
the performance of the weather generator in the generation of extreme frequencies of rainfall.
To that avail the two extreme value distributions fitted to the observed and synthetic daily
rainfall series are evaluated and compared for return periods up to 100 years, as suggested by
Hashmi et al. (Hashmi et al. 2011). This is done by fitting each of the 30-rainfall realization with
Gumbel- and GEV- models, as shown in Figure 5.12. The extreme-value trendlines (bold lines)
obtained from the multi-realization series are examined using two approaches, i.e., 1) using the
average value of each realization (upper panel of Figure 5.12) and 2) using the maximum value
of the 30 realizations (lower panel of Figure 5.12). Comparing theoretical trend-lines with that
of the observed rainfall (hatched line) in the upper and lower panels, one may notice that the use
of the maximum value among the 30 realizations provides a better fit than the use of average
values. Therefore, the further analysis of the daily generated extreme-value precipitation uses the
maximum values of
the 3048092
realizations to describe the extreme trends.
station
station 459201
extreme values curves by average values of realizations
station 48092

station 459201

extreme values curves by maximum values of realizations
station 48092

station 459201

Figure 5.12. Empirical extreme-value daily-rainfall distributions for observed and simulated
(using 30 synthetic realizations) data within the 1971-2006 time-period fitted by GEV- and
Gumbel- distributions for two rainfall stations in the study region. The upper and low panels
show the distributions for the average and the maximum of the 30 simulations, respectively.
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By fitting the synthetic precipitation with Gumbel- and GEV models, the bias between the
generated and observed trend lines of the extreme precipitation at specific return periods can be
calculated. The results are listed in Table 5.6, which shows that the skill in estimating the
extreme-value rainfall, is better for the Gumbel- than for the GEV- model, as the mean absolute
error is smaller for the former than for the latter. Therefore, the Gumbel model is used in the
estimation of the extreme trend in the synthetic rainfall series.
In fact, as indicated by Table 5.6, with the Gumbel-model, the bias in the estimated extreme
values of the rescaled precipitations is 20.2 mm/day at the 100-year return period which
correspond to a 15%-error relative to the observed rainfall which is 130.5 mm/day for that
return period. In summary, the biases listed in Table 5.6 may provide some hint of the model
accuracy when using the extreme rainfall distributions generated with the stochastic precipitation
generator developed in this chapter of the thesis.
Table 5.6. Bias in estimating extreme daily rainfall values for annual and seasonal schemes as a
function of the return period for the two extreme value distributions GEV and Gumbel. Results
are based on 30 realizations of daily precipitation at 24 stations during years 1971-2006, and
calibration over years 1971-1999.
mean absolute error in extreme value estimation (mm/day)
season
GEV
Gumbel
2-yr 5-yr 10-yr 20-yr 50-yr 100-yr
2-yr 5-yr 10-yr 20-yr 50-yr 100-yr
annual
9.6 10.4 14.1 24.8 58.9 106.9
7.9 10.4 12.6 14.9 17.9 20.2
dry
5.3 8.1 16.4 40.9 116.0 231.2
5.2 8.7 11.1 13.5 16.6 19.0
premonsoon 6.3 8.9 17.0 33.5 77.5 136.1
6.1 9.2 11.5 13.9 17.0 19.4
monsoon1 7.4 9.7 12.6 19.4 47.4 88.9
6.4 9.7 12.1 14.2 17.2 19.5
monsoon2 8.2 9.6 12.6 23.5 54.4 97.0
6.9 9.2 11.2 13.2 15.9 18.0

5.3 Development of a multi-site daily temperature generator
Similar to the development of the precipitation generator in the previous section, the generation
of the maximum and minimum temperature at four sites is endeavored in this section, wherefore
the similar core techniques as used in precipitation generation are used. In addition, techniques
to produce temperature variations and distributions are proposed here, using the empirical
statistical attributes of the observed temperature series. The theoretical background and the
sequential technical steps used in the development of this new tool for daily temperature
generation are described in the following sub-sections.

5.3.1 Structure of the daily temperature generator
Following the basic approaches used in other published stochastic weather generators, after
generating of the daily rainfall, the temperatures are subsequently produced, according to either
wet or dry conditions on each day (Richardson 1981, Racsko et al. 1991, Wilks and Wilby 1999).
The synthetic sequential rainfall state (wet or dry) obtained from the precipitation generation is
subsequently used in the temperature generation. In addition, similar to the rainfall generation,
the temperature generator simulates the series of maximum and minimum temperatures based
on an initial calibration on the observed temperature time-series. That is to say, that the statistical
characteristics of the observed temperatures in the calibrated period, namely the monthly mean
and statistical distributional attributes, e.g. distribution function and deviation, are replicated by
the synthetic temperature series. Moreover, likewise to the rainfall generator, the multi-site
generation technique for the temperature employs the spatially autocorrelated random numbers
for generating multi-realizations of the temperature over the recording climate station network.
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The theoretical bases of the computational processes involved in the generation of the daily
spatial pattern of the temperature are adapted from the approach used in the multi-site
generation of daily weather of Khalili et al. (2009).
The model to produce daily temperature is developed within the R program environment (R
Development Core Team 2011) by 3100-line scripts. The sequential steps involved in the
temperature generation procedure are summarized in Table 5.7, which indicates that four main
procedures can be distinguished, i.e., a) input processing, b) investigation of climate statistics, c)
parameter estimation and d) temperature generation. The particular details of these procedures
are described in the following paragraphs.
a) Input processing in the temperature generator consists in the use of observed daily
temperatures, which is separated into wet-day and dry-day temperatures, to develop
corresponding temperature distribution models. The predicted daily precipitation occurrence,
which has been obtained from the daily rainfall generation (see procedure (d) in Table 5.1), is
used to define the wet/dry state in the projections of the temperatures. The positions of the
temperature stations are also provided to calculate the distance between stations, in order to
estimate the Moran’s I. During this input processing, the initial random seed used in the
generation of the random number is also defined here.
b) Investigation of climate statistics deals with the examination of the relationships between
mean temperatures and the temperatures on wet and dry days, between the temperature mean
and its standard deviation, and between the mean of temperatures and theirs extremes,
wherefore for the latter empirical functions are used. The extreme temperatures found are then
applied to confine the magnitudes of lowest and highest temperatures. The investigations of
these empirical relationships are further described in Section 5.3.2.1.
c) Parameter estimation comprises the calculation of coefficients and variables used in the
temperature-generating model. From the observed temperature time-series, the daily Moran’s I of
the maximum and minimum temperatures for the 366 days in a year is calculated which then
represents the pattern of the temperatures. The weight matrix calculated from the distances
between the various temperature stations is incorporated into the moving average process, which
is a function of the moving average coefficient and random numbers to produce the vector of
spatial autocorrelation numbers. These numbers are subsequently applied to generate the set of
spatially autocorrelated random numbers, which are then normalized by normalization function,
derived from the empirical cumulative distribution function (ECDF) of 1000 realizations. These
normalized spatially autocorrelated random numbers are then used in the following step d) to
generate the temperatures using now, unlike for the precipitation generation, a standard normal
distribution. Then the Moran’s I of maximum and minimum temperatures are calculated. By
changing the moving average coefficients, different values of Moran’s I are derived. 30 random
numbers realizations are then used to compute 30 sets of Moran’s I values and moving average
coefficients, which are then employed to formulate empirical polynomial regression to produce
moving average coefficients from specific Moran’s I. Further, details of this procedure are given
in Section 5.3.2.
d) Temperature generation is the final process of generating the maximum and minimum
temperatures, based on wet/dry states, which is obtained from the synthetic rainfall sequence
(see procedure (d) in Table 5.1). The Moran’s I of the corresponding temperature at a specific
day is taken from the daily 366-day-Moran’s I series to define the Moran’s I for that day. Then the
corresponding moving average coefficients are calculated for this specific Moran’s I using the
empirical regression function formulated in procedure (c). By using these specific moving
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Table 5.7. Procedures and input requirements for generating future daily maximum and
minimum temperatures for years 2000-2096 with calibration of daily temperatures between years
1971-2006.
step /process
a) input processing
1
define input data

period / number

details

input source*

1.1
1.2
1.3

daily temperature data
daily precipitation
monthly temperature

year 1971-2006
year 1971-2006
year 2000-2096

max and min temperature
wet or dry day
max and min temperature

1.4

daily precipitation
occurrence
station info

year 2000-2096

wet or dry day

observation data
observation data
downscaling
results
precipitation
downscaling

1.5

location
stations

of

4 coordinates of station location

2
define random seed
specific initial random seed
b) investigation of climate statistics
3
investigate temperature
max and min temperature
relationship
3.1
mean and extreme
year 1971-2006
temperature
3.2
mean and SD
year 1971-2006
3.3
temperature at wet and dry year 1971-2006
days
c) parameter estimation
4
investigate daily Moran's I of year 1971-2006
temperature
5
produce weight matrix
30 points
by distance between station
6
generate spatial
1000 samples x 30 by moving average process
autocorrelation vectors
points
7
normalize spatial
by Empirical Cumulative Distribution
autocorrelation vectors
function
8
generate temperature
by normal distribution
9
investigate relationship of
30 points
relationship between Moran's I and
daily Moran's I from
ma.coef
normalized spatial
autocorrelation
d) temperature generation
10
define daily Moran's I
31 days
average Moran's I of the day
11
define moving average coef. 31 days
using relationship of Moran's I and
ma.coef
12
generate spatial
31 days x 1000 by moving average process
autocorrelation vectors
samples
13
normalize spatial
by Empirical Cumulative Distribution
autocorrelation vectors
function
14
define limitation of v
by exponential function
extreme
15
generate wet and dry
year 2000-2096
define SD
temperature SD
16
generate wet and dry
year 2000-2096
define wet and dry mean temp
temperature mean
17
generate temperature
30 rlz x 24 stations by Empirical Cumulative Distribution
random vectors
x 31 days
function
18
generate temperature
30 rlz x 24 stations by normal distribution
x 31 days
*
Numbers relate to the numbers in the first column

(1.1)
(1.1)
(1.1),(1.2)
(1.1)
(1.5)
random numbers
(6)
(7)
(8)

(5)
(9), (10)
random numbers
and (11)
(12)
(3.1)
(3.2)
(3.3)
(12), (13), (14),
(15), (16)
(17)
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average coefficients, the spatial autocorrelation vectors and the normalized vectors are generated
for the final temperature generation. The absolute range of the random vectors is limited by the
estimated the magnitudes of the extreme temperatures, as derived from the historic data in
procedure (b). Subsequently, by using the mean temperature on the wet and dry days, the
random vectors are used to generate the daily temperature using the normal distribution. In
addition, the required SD in the normal distribution is derived from the mean monthly and
minimum temperature by using mean-SD relationships. Then, normalized vectors, i.e., mean and
SD in the normal distribution model, are employed to generate the daily maximum and
minimum temperatures for a specific day.
The summary of these four major procedures are described by schematic diagram in Figure 5.13
that provides the descriptive interaction of responding input and output in temperature
generator. Anyway, the core procedure of temperature generation is similar to the daily rainfall
production, i.e., using spatially autocorrelation in generating random numbers for climate
distribution function. This synthetic of temperature also responds with rainfall occurrence
sequence (wet/dry states) which is obtained from precipitation generator. For this reason, the
daily rainfall generation in the previous section has to be done beforehand. In general practice,
the generation of daily temperature should be later kicked-off after the process of daily rainfall
generation for the convenience in sharing input-output whereby the input and output variables
are consequently arranged on the same time scale and unit.
Similar to the validation of the precipitation generator, the calibration and verification of the
temperature generator is done for years 1971-1985 and 1986-2000, respectively. Then, using this
validated model, the downscaled monthly maximum and minimum temperature are used in the
temperature generator, which is calibrated with daily-observed temperatures between year 19712006, to synthesize daily maximum and minimum temperatures for the future time period 20002096 following the 2000-2096 rainfall occurrence and assuming the SRES scenarios A1B, A2 and
B1. It should be noted that the same set of random seeds is used in the temperature-generating
process for the three SRES, in order to get a more consistent picture and a better comparison.
In addition, similar to the rainfall generation process, additionally, two sets of uniformdistribution random numbers are used for the training and the generation of the vector of
spatially autocorrelated numbers in the temperature generation process. However, in this study,
the random numbers used for the maximum and minimum temperature generation are identical.

5.3.2 Generation of
temperature

spatially

autocorrelated

random

numbers

of

The structure of the investigation of producing spatially autocorrelated random numbers for
multi-site daily maximum and minimum temperature generation is the same procedure as done
with rainfall generation (Khalili et al. 2009). More specifically, these spatially autocorrelated
random numbers are generated by using the relationship between Moran’s I and the moving
average coefficient, likewise to what has been done for the rainfall generation presented in
Section 5.2.1.
By applying the moving average process (see Eq. (5.4)), now on the maximum and minimum
temperature series, the vectors of the spatially autocorrelated random numbers used later to
generate the two temperatures can be described as:
(5.26)
(5.27)
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Stochastic generation of daily max/min temperature

a) Input processing

Time series of daily
max/min temperature, n
locations, 1971-2006
Spatial autocorrelation analysis

Time series of daily
rainfall, at same
locations, 1971-2006
month i = 1..12

month i = 1..12

k = 1..n locations at (x1..n , y1..n)

Time series of future
Time series of future
monthly max/min
daily rainfall occurence
temperature, 2000-2096
2000-2096

Tmax , Tmin

month i = 1..12

Tmax , Tmin

dry and wet days

Empirical functions
Td
Tw

Textr/Tmean
Tmean

weight matrix
W[n x n]

T

Tdry = fd(T)
Twet = fw(T)

T

daily Tmax = f(wet/dry,Tmax,Tmin)
daily Tmin = f(wet/dry,Tmax,Tmin)

b) Parameter estimation
1/wmax < γm < 1/wmin

Textr =fTupper(Tmean)

Tmax,wet ,Tmax,dry
Tmin,wet,,Tmin,dry

SD

SDT = fSD(T)

γ 30 points / m = 1..30

VTmax=γTmax x WTemp x uTmax + uTmax
VTmin=γTmin x WTemp x uTmin + uTmin

Vn.limi =fTupper(Ti)

uj=1..1000 X [0..1] (1000 randoms)

Empirical Cumulative Distribution Function

normalization Vm=1..30,rlz.i=1..1000
VnTmaxk=Fnmlk(V)=N(VTmaxm,rlz.i[k])X [0..1)
VnTmink=Fnmlk(V)=N(VTminm,rlz.i[k])X [0..1)

uj X [0..1] 1000 randoms

Vi,1..1000=fγ(i)(Ii) x W x u1..1000 + u1..1000

normal distribution function
Ti,d[1..n] = fnorm(Vnk,i,d ,µk,i,σk,i)
spatial autocorrelation : Moran’s I
at site k and month i

γk,i=12
...

γ-Ik,i curve functions
γTmax = fγTmax(i)( ITmax )
γTmin = fγTmin(i)( ITmin )

Ik,i=12

σmax,i = fSD,max(Tmaxmean,i)
σmin,i = fSD,min(Tminmean,i)

Empirical Cumulative Distribution Function

normalization Vi,1..1000

i = month 1..month 12

…

T

d) Temperature generation

Moran’s Ii
i = 1..31 days

Vm,j=γm x W x uj + uj

Ik,i=1

i = i+1

c) Climate statistics

spatial weight Wij = 1/dij

m = 30 points

dry and wet days

(Tmax , Tmin)dry/wet

distance between
station i and j = dij

γk,i=1

month i = 1..12

Fnmlk,i=N(Vi,1..1000) X [0..1)
Vni,rlz.i,d,k= Fnmlk,i[urlz.i,d,k]

random u
urlz.i,,d,k X [0..1]

rlz.i = 1..30 (realization)
d = 1..31 (day)
k = 1..n (location)

normal distribution function
Tmax,wet[1..n] = fnorm(Vn ,Tmax,wet,i ,σmax,i)
Tmax,dry[1..n] = fnorm(Vn ,Tmax,dry,i σmax,i)
Tmin,wet[1..n] = fnorm(Vn ,Tmin,wet,i,σmin,i)
Tmin,dry[1..n] = fnorm(Vn ,Tmin,dry,i,σmin,i)
daily simulated
temp. at month i
n = 1..24 (location)
rlz.i=1..30 (realization)

month i = 12

FALSE

TRUE

END

Figure 5.13. Schematic diagram of daily maximum and minimum temperature generation,
consisting of 2 processes, i.e., spatial autocorrelation and temperature generation, to reproduce
daily temperatures from monthly downscaled climate predictors between year 2000-2096 and
calibration on 1971-2006 observed daily temperatures.
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where
and
are vectors of size
of spatially autocorrelated random numbers of
maximum and minimum temperature sites, is the moving average coefficient,
is the
temperature weight matrix with weights
which are compiled from the mutual distances
between the four temperature site, as shown in Table 5.2, and is a vector of size
of
independent random variable and uniformly distributed random numbers from [0, 1]. Following
the same procedure as applied in the precipitation generation, the moving average coefficients
and
are estimated by their empirical monthly relationships
with the daily
Moran’s I of the maximum and minimum temperature, respectively, wherefore 30 initial values of,
which range between
to
, where
and
are the maximum positive
and largest negative eigenvalue of
, respectively, are employed, where each value of is
used to generate 1000 realizations of
and
to provide the spatially autocorrelated
and
in Eqs. (5.26) and (5.27), which are later normalized into the
random vectors
[0,1] range by means of the empirical cumulative distribution function, as:
(5.28)
(5.29)
where
and
are the normalized values of the autocorrelated
random numbers for month on day of realization
at site for maximum and minimum
temperature generation, respectively,
is the normalized function of based on the empirical
distribution of 1000 realizations of
at station of all stations. Consequently, the functions
and
are derived from the spatially autocorrelated random numbers
and
, respectively. The normalized spatially autocorrelated random numbers
and
are then used in the temperature generation function to produce the multi-site daily
maximum and minimum temperatures (further description is provided in Section 5.3.2.2). The 30
generated maximum and minimum temperatures for a given
and
of a particular
month of the year are then used to calculate the corresponding Moran’s I. Using these 30 (I, )points, the empirical relationships between a specific and Moran’s I of the temperature are
formulated by means of a polynomial regression as:
(5.30)
(5.31)
where
and
are the empirical moving average coefficient functions of daily
Moran’s I for the maximum and minimum temperatures for month .
Figure 5.14 exhibits various polynomial regression relationships for in the months of September
and December, which are the hottest and coldest months, respectively, in the region. Based on
the values of the coefficient of determination R2, the polynomial of degree 4 appears to be the
most adequate for formulating th relationships, Eqs. (5.28) and (5.29). With 12 months of a
year, there are also a total of 12 functions
, for the monthly relationship of between
spatial autocorrelation and the moving average process.
The daily average values of the maximum and minimum temperatures Moran’s I series (366-dayMoran’s I) are derived from the daily average of the temperature’s Moran’s I for the 366 days of
each year for the 36 years between 1971 and 2006. These are shown in Figure 5.15. By using
Moran’s I for a specific day, the moving average coefficients for a certain day of a particular
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April

Tmin

Tmax

December

Tmax

Tmin

Figure 5.14. Relationships between Moran’s I of daily maximum and minimum temperatures at 4
stations and moving average coefficients for months of April (upper panel) and December
(lower panel) of the years 1971-2006, fitted with linear and multi-order polynomial regressions.
month can be defined by applying the empirical relationship Eqs. (5.28) and (5.29) between the
temperature’s Moran’s I and the specific .
Then the normalized spatially autocorrelated random numbers (
) for month on day
of realization
at site are generated by using the corresponding moving average
coefficients of Eqs. (5.26) and (5.27) and subsequently applying Eqs. (5.28) and (5.29) to
determine
and
. The latter are finally employed in the
temperature generation, which is further described in Section 5.3.2.2.
The stochastic techniques to generate maximum and minimum temperatures are divided into 2
parts, i.e., 1) estimation of the temperature’s statistical parameters and 2) use of the empirical
distribution function of the temperatures. The theoretical background and the experimental
investigations are subsequently presented in the following sections.
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daily Moran’s I of maximum temperature

daily Moran’s I of minimum temperature

Figure 5.15. Observed daily Moran’s I of maximum and minimum temperatures from 4
temperature stations, with 36-year (1971-2006) daily average (red line).
5.3.2.1

Estimation of temperature statistics

Likewise to other studies (e.g. Qian et al. 2002, Khalili et al. 2009, Liu et al. 2009), the maximum
and minimum temperatures in the study region are synthesized here based on the normal
distribution, which has been found in many studies (e.g. Matalas 1967, Chia 1991) as sufficiently
adequate for the statistical description of temperature series. The normal distribution is specified
by the two statistical parameters mean and standard deviation. Although the monthly mean
temperature is easily obtained from either the observed or the downscaled temperature series,
the specific details of the temperature behavior, e.g., the mean wet-day temperature and the
standard deviation, has to be approximated by a parameter estimation process. Most of the
studies compile the standard values of statistical parameters from reviews (Pickering et al. 1994,
Liu et al. 2009); however, the empirical functions are usually applied to determine the statistics of
climate (Qian et al. 2002, Soltani and Hoogenboom 2003). Therefore, in this study, the relevant
statistical parameters of the temperature distributions are determined by means of a regression
analysis.
Since the empirical functions describing the correlation between mean and standard deviation of
the temperature series can provide its distribution parameters concerning (Soltani and
Hoogenboom 2003, Liu et al. 2009), relationships between the mean temperature and its
statistics are empirically investigated in a threefold manner, i.e., 1) mean maximum and minimum
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temperatures in wet and dry days, 2) standard deviation (SD) of the temperatures in wet and dry
days and 3) extreme temperatures.
Firstly, the relationships between monthly mean and the two means of wet- and dry days are
investigated, following Weather Man’s approach (Pickering et al. 1994, Schuol and Abbaspour
2007) which encompasses four alternative empirical functions:
̅
̅
̅
̅

̅

̅
̅
̅
̅

(5.32)
(5.33)
(5.34)
(5.35)

where ̅ is the mean value of monthly maximum or minimum temperatures, ̅
and ̅
are
̅
the mean values of the corresponding monthly temperatures on wet and dry-days,
is
the difference between monthly average maximum and minimum temperatures, and , ,
are empirical functions which establish the relationships between the monthly means
and
as annotated in the equations above. Here a linear regression model is employed to describe
these empirical functions wherefore the goodness of the model is evaluated again by the
coefficient of determination R2.
Results of this analysis are shown in Figure 5.16, and Table 5.8. Thus, Figure 5.16 illustrates
the data samples of the (upper chart) and (lower charts) models applied to derive ̅
and
̅
in April which is the time of peak temperature, together with fitted linear regression lines.
The two charts show that the wet-day temperatures are much more difficult to derive than the
dry-day ones. The R2 -values listed in Table 5.8 indicate that the
- and
– regression
functions fit the observed series best, while the regressions for the
– and the
–
function, in particular, are not so good.. Therefore, the - and - functions are selected in the
subsequent step to derive the mean of the temperature on the wet and dry days.
Table 5.8. Coefficient of determination of the regression models
with temperature year 1971-2006.

,

and

by fitting

coefficient of determination (R2)

predictand
Tmax
Tmin

,

0.96
0.91

0.71
0.52

0.60
0.33

0.02
0.09

The standard deviation (SD) is another parameter required to specify the normal distribution.
According to the recommendations in the Weather Man’s tool (Pickering et al. 1994), the
monthly SD value should be set relative to the mean values, or set to 0.25 (Schuol and
Abbaspour 2007) as a default value. Accordingly, regression functions are used to formulate the
relationship between mean and standard deviation of maximum and minimum temperature:
̅
̅
where
is the standard deviation of monthly max
) and min
on the regression functions
and
using ̅
and ̅

(5.36)
(5.37)
) temperature based
temperatures.
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Temperature in dry days
Tmax

Tmin

Temperature in wet days
Tmax

Tmin

Figure 5.16. Relationship between mean daily maximum (left panels) and minimum (right
panels) temperature and mean daily temperature in dry (upper panels) and wet (lower panels)
days in the months of April for years 1971-2006.
The coefficient of determination R2 is then also used to evaluate the fitness of the linear
regression models between the mean temperatures and the SD of the temperature (Eqs. (5.34)
and (5.35)). As shown in Table 5.9, the R2 of all these regression models are less than 0.5, i.e.
they are unreliable. Consequently, the empirical functions based on the linear regression models
cannot derive the standard deviations of the temperatures precisely.
Table 5.9. Coefficient of determination R2 of the relationship between average daily maximum
(Tmax) and minimum (Tmin) temperatures and their standard deviations (SD) for all months of
a year between 1971-2006.
average coefficient of determination (R2)
predictand
Tmax
Tmin
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Jan
0.03
0.18

Feb Mar
0.04 0.11
0.25 0.18

Apr May
0.09 0.07
0.04 0.08

Jun
0.12
0.01

Jul
Aug
0.18 0.18
0.03 0.04

Sep
0.14
0.03

Oct Nov Dec
0.11 0.11 0.26
0.15 0.51 0.31
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The
and
relationships of SD and mean max. and min. temperatures in April
and December, which are the months of highest and lowest temperature, respectively, exhibited
in the various panels of Figure 5.17. The SD usually varies from 0.5°C to 4°C, depending on the
month considered, whereby the more extreme temperature (higher Tmax and lower Tmin)
present larger deviations of the temperature.
Despite the fact that the regression models cannot derive the exact SD from the mean
temperature, the estimated regression line can provide average values of SD, based on a linear
average, as an alternative for defining deviation. As mentioned by Schuol and Abbaspour (Schuol
and Abbaspour 2007), the SD of temperature in daily temperature generation is sufficiently well
defined by a constant, specific value. Accordingly, the mean of the SD is obtained here, by using
the average empirical relationships found in Figure 5.17 between the mean max/min
temperature and the SD. These
and
functions allow then the conversion of
the mean max/min temperatures into SD which is subsequently used in defining the normal
distribution of the corresponding temperature.
Relationship in April
Tmax

Tmin

Relationship in December
Tmax

Tmin

Figure 5.17. Relationships between SD mean values of daily maximum and minimum
temperature in April (month of highest temperature) and December (month of lowest
temperature) in years 1971-2006, fitted by a linear trend line.
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The last statistical parameter required in the generation of the daily temperature are the utmost
limiting values of the extreme temperature. This is done similarly to the extreme rainfall control
(see Eq. (5.21)). Therefore, an empirical function to define the extreme temperature at a specific
mean temperature is given by the relationship between the extreme ratio and the mean:
(

̅

(̅ )

)

(5.38)

where
is the daily extreme of
which can be either the maximum or the
is the function of monthly mean temperature ̅ to
minimum temperature at site ,
derive the ratio of the extreme and mean temperature
.
The empirical function of
( ̅ ) is demonstrated as an envelope of the plot of the
max/mean ratio over the monthly mean of four temperature sites in Figure 5.18. This envelope
has been generated using four different orders of polynomial regressions (similar to what has
been done for the rainfall in Figure 5.6b). This envelope then defines the upper boundary of the
extreme ratio to be used in the temperature generation. Subsequently, this upper-limit value of
the temperature is converted into normalized spatially autocorrelated random numbers
which then serves as the random seed for the temperature-generation function. The upper limit
of this seed is defined by the cumulative distribution function as the inversion of
the quantile function of the normal distribution (see Eq. (5.42)) presented as:
(̅ )
̅

)

(5.39)

extreme temperature ratio (max/mean)

(

mean temperature (°C)

Figure 5.18. Extreme ratio (max/mean) as a function of the mean values of daily maximum and
minimum temperatures in years 1971-2006 at four sites and fitted envelopes using four different
orders of polynomial regressions.
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where
is the upper boundary of
function of monthly temperature, ̅ and
maximum and minimum temperature and
given quantile

in Eq. (5.18) derived from the extreme ratio
are the mean and standard deviation values of
is the cumulative distribution function of a

value to provide the cumulative probability for a normal distribution. With this CDF- function,
the
is estimated from the extreme temperature ratio which ranges between 1.05 to 1.30
(see Figure 5.18) and which, in turn, provides a
range of 0.998-0.999. Accordingly, the
upper boundary in the generation of normalized spatially autocorrelated random numbers
is
simply set to 0.999, which is consequently used to produce the distributions of the daily
maximum and minimum temperature.
With the functions mentioned in this section, the mean and SD of the temperatures on wet and
dry days as well as the extreme ratio of the temperatures are estimated and finally used in the
daily-temperature generation, is described in the next section.
5.3.2.2 Distribution of temperature
According to the basic concept of temperature variation proposed by Richardson (Richardson
1981), the daily temperature is correlated with rainfall, i.e. depends on whether the day is wet or
dry (e.g. Qian et al. 2002, Wilks 2006, Schuol and Abbaspour 2007, Khalili et al. 2009, Liu et al.
2009). Consequently, the maximum and minimum temperature is synthesized separately for wet
and dry states, but assuming that they follow a normal distribution (Qian et al. 2002, Khalili et al.
2009, Liu et al. 2009), i.e.:
(

)

(5.40)

ist the synthetic daily maximum/ minimum temperature in month on day of
where
realization
at site ,
is the normal distribution with mean
and standard devitation
and is the standardized quantile variable - with zero mean and variance equal to one - s in
the normal distribution. The true quantile is then obtained by reversing the standardization (Qian
et al. 2002):
(5.41)
is then applied to generate four individual climate variables, i.e., maximum and minimum
temperature for wet and dry days each. To generate multi-realizations of
, the standardized
variable is generated be specifying a probability (between 0 and 1) in the quantile function
, which is the inversion of the normal distribution function:
(5.42)
(5.43)
where
The

is the normal distribution model with mean
and standard deviation
is the infimum which provides the lowest value of given set.

.

The quantile function of Eqs. (5.42) and (5.43) is evaluated using the normal quantile algorithm
proposed by Wichura (Wichura 1988). These uses polynomial approximations to formulate the
quantile function of a normal distribution. Accordingly, the given probability in Eq. (5.42) will
firstly determine which then, through Eq. (5.39), will define
and then, by Eq. (5.40),
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the generated sample of the daily temperature. Similar to the autocorrelated random numbers
used in the rainfall generation (see Eqs. (5.5) and (5.6)), the probability
on a specific
day and at site is defined by the normalized spatially autocorrelated random numbers, that give
probability values between 0 and 1, i.e. :
(5.44)
is derived from spatially autocorrelated random
The normalized random variable
numbers (see Eqs. (5.28) and (5.29)). By merging Eqs. (5.40), (5.42) and (5.44), the daily
temperature
is generated by providing normalized spatially autocorrelated random
numbers
in month on day of realization
at site (see section 5.3.2) and
define mean and SD
(found in section 5.3.2.1) as:
(

)

(5.45)

As mentioned the temperature series are generated separately as wet and dry series.
Consequently, there are two formulations of normal distribution function
, i.e., for wet
and dry days. To use Eq. (5.45) for the computation of the temperatures on the wet days, the
mean of the wet-day temperature is obtained by applying the monthly mean temperature in Eq.
(5.32). Likewise, the distribution of the temperature on dry days requires the mean of the dryday temperatures in Eq. (5.33). Regarding the standard deviations (SD) for the both wet and dry
distributions, these are obtained by applying Eqs. (5.36) and (5.37), respectively, with the
appropriate monthly mean values.

5.3.3 Validation of daily temperature generation
In this section, the results of the daily temperature generation are evaluated for the calibration(1971-1985) and verification (1986-2000) periods. The upper panel of Figure 5.19 shows 30
realizations of synthesized, max and min temperatures, together with the observed temperatures
at temperature station 478478.One can notice that the daily weather generator is well able to
represent the variations of the temperature for the two periods. Even during unusual extreme
times such as over-average, high maximum temperature in years 1997-2000 and the extreme low
temperatures in some years, the realizations can mimic these events.
For the monthly temperature time series, the realizations of the daily temperature are averaged
over a month. The lower panel of Figure 5.19 demonstrates that both (max and min) generated
temperatures fit well the observations, even their upper and lower peaks.
In order to evaluate more quantitatively, how accurately the observed monthly means ̅ of the
daily maximum and minimum temperatures are simulated by the corresponding monthly means
of the synthetic daily data ̅
, - where ̅
at site on month is calculated by:
̅

∑

(5.46)

where
is the synthetic daily max or min temperature of month on day of
realization
at site and
is number of day in month . The scatter plots of ̅
̅
(using 30 realizations) over
are shown for all months of the verification period 1986-2000 in
Figure 5.20. One can notice that the monthly max temperatures (left panel of Figure 5.20)
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daily temperature
Tmax

Tmin
calibration

verification

monthly average temperature
verification

Tmax

calibration

Tmin

Figure 5.19. Time-series of observed and simulated (using 30 realizations) daily (upper chart)
and monthly (lower chart) maximum and minimum temperatures at station 478478 during 19712000, calibrated over the 1971-1985 time period.
are a little bit overestimated, while the synthetic monthly minimum temperatures (right panel) are
slightly lower than expected at cold temperatures and higher at hotter temperatures. The
coefficient of determination R2 of the linear regressions between simulated and observed data are
R2 = 0.988 and 0.977 for maximum and minimum monthly temperatures, respectively.
The error residuals between monthly observed and simulated temperatures, as computed by the
ME, RMSE and the NS, are listed in Table 5.10. The mean residual error ME, for max and min
temperature in the verification period 1986-2000 is -0.2°C and +0.08°C, respectively, which
indicates that the simulated max temperatures are slightly cooler than the observed ones. The
NS- coefficient at calibration and verification are, respectively, 0.980 and 0.970 for the maximum
temperature, and 0.995 and 0.990 for the minimum temperature which means that Tmin is
generated more precisely than Tmax.
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Cal. R2 = 0.980
Vrf. R2 = 0.970

Cal. R2 = 0.995
Vrf. R2 = 0.990

Figure 5.20. Scatterplots of simulated versus observed monthly averages of maximum (left) and
minimum (right) temperatures with linear regression lines for the verification period 1986-2000,
using 30 multi-site temperature realizations, , and calibrated over years 1971-1985.
Table 5.10. Simulation error residuals, as measured by ME, RMSE and NS, of the multi-site
generation of monthly maximum and minimum temperatures for the 1971-1985 calibration
period and the 1986-2000 verification period, based on 30 realizations at 24 stations.
cal 1971-1985
predictand
Tmax
Tmin

simulation residuals
ME
RMSE
-0.04
0.07
-0.01
0.08

vrf 1986-2000
simulation residuals
ME
RMSE
-0.20
0.24
0.08
0.21

NS
0.996
0.998

NS
0.947
0.986

Another way to look at the quality of the temperature generation of the daily weather generation
is to check its ability in rendering the statistical distribution. As shown in Figure 5.21, the kernel
density distributions indicate that the simulated distributional shapes of daily max and min
temperature are close to the observed ones. Although the two-peak density of minimum
temperature cannot be described by normal distribution, the daily climate generator can
illustrative the statistical distribution relatively fit to the observed ones.
Tmin

Tmax

Temperature (°C)

Temperature (°C)

Figure 5.21. Kernel density estimation of daily max and min temperature at station 48478 for
the verification time period 1986-2000 using daily temperature generator (cross points) and the
daily observation (dashed line).
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To investigate quantitatively the ability of DWG in rendering the climate distribution, the
quantiles of the observed temperature distribution at specific probability levels are calculated.
The results of this analysis are shown in Table 5.11, which lists the absolute errors of the
percentiles at the 5%, 25%, 50%, 75% and 95% levels, as well as of the mean and the SD for
annual data and for the data split into four seasons. As exhibited in Table 5.11, for the maximum
temperature the high residuals usually occur at the extreme high (5%) and extreme low (95%)
percentiles, while for the minimum temperature the highest residuals at mostly obtained at low
percentiles, which agree the results obtained in the previous paragraph for the residual error. In
addition, the seasonal biases of the mean and the SD of the pre-monsoon and first monsoon
periods have the highest error. However, all quantile biases of the generated maximum and
minimum temperature distributions listed in Table 5.11 are less than 0.5°C, i.e. they are relatively
insignificant, which means that the DWG works rather well for the representation of the
observed temperatures.
Table 5.11. Model bias of the generations of the statistical characteristics of daily max. and min.
temperatures for annual- and four-season split-data in the verification period 1986-2000.
mean absolute error in probability estimation (C)
predictor
season
percentile
mean
SD
5%
25%
50%
75%
95%
annual
0.34
0.16
0.15
0.16
0.32
0.20
0.06
dry
0.03
0.16
0.12
0.11
0.25
0.11
0.09
Tmax premonsoon 0.47
0.22
0.25
0.30
0.44
0.30
0.13
monsoon1
0.66
0.22
0.26
0.26
0.37
0.30
0.13
monsoon2
0.33
0.07
0.10
0.07
0.16
0.09
0.14
annual
0.16
0.09
0.22
0.09
0.15
0.08
0.04
dry
0.00
0.10
0.16
0.32
0.20
0.02
0.13
Tmin premonsoon 0.76
0.46
0.09
0.15
0.32
0.27
0.18
monsoon1
0.55
0.44
0.23
0.16
0.23
0.24
0.17
monsoon2
0.26
0.15
0.24
0.21
0.22
0.17
0.13
The time series of the Moran’s I of the observed and synthetic – using 30 realizations- maximum
and minimum temperatures at 4 stations are exhibited in Figure 5.22. Although there are large
differences between the generated and the observed Moran’s I lines on the short timescale, for
longer periods the observed Moran’s I variations are well mimicked by the synthetic ones. The
correlation coefficients between the synthetic and observed Moran’s I curves of the max and min
temperature are 0.816 and 0.586, respectively, which is better than was has been found earlier for
the Moran’s I of the synthetic rainfall. These results demonstrate that realistic temperature-time
series can be generated with the daily weather generator developed in this study.

5.4 Comparison of single-site and multi-site daily climate
generation
A particular feature and enhancement of the DWG developed in this study is the use of the
spatial autocorrelation of the climate variables between different climate sites, i.e. multi-site daily
climate generation. Therefore, it is desirable to evaluate the improvements of this approach over
the standard single-site generation methodology.
The single-site simulation approach uses similar generating functions as the multi-site climate
approach, but does not consider the spatial autocorrelation of the random numbers and the
moving average process which control the generation of Moran’s I. The two column-panels of
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Tmax

Tmin

Figure 5.22. Average 1971-2000 daily Moran’s I of observed and simulated (using 30 realizations)
maximum (Tmax) and minimum (Tmin) temperature at 4 sites of the study region.
Figure 5.23 show the Moran’s I series generated by the single- and multi-site approaches,
respectively. Obviously, the multi-site generation provides a better fit of the observed Moran’s I
than the single-site generation approach.
A more quantitative analysis is provided by computing the bias of the generated Moran’s I for the
three climate series using the two (single- and multi-site) methodologies. The results are listed in
Table 5.12, which shows that the multi-site generation gives Moran’s I closer to the observed
ones than the single-site methodology. In fact, the last column of Table 5.12 indicates that the
use of the spatial autocorrelation in the multi-site generation technique improves the still large
bias of the single-site approach by 11-23%., wherefore the improvement is particularly striking
for the precipitation. In conclusion, these results clearly exhibit the importance of employing the
spatial correlation pattern of the climate variables across a region when generating a set of multisite climate series.
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individual single-site simulation

multi-site simulation

Tmax

Tmax

Tmin

Tmin

PCP

PCP

Figure 5.23. Comparison of the simulated daily Moran’s I climate time-series using single-site
(left panel) and multi-site (right panel) climate generation.
Table 5.12. Performance and comparison of single- and multi-site (including spatial
autocorrelation) daily climate generation, using 4 temperature- and 24 precipitation stations in
the study region.
RMSE of generated daily Moran's I
predictand

individual single-site
simulation

multi-site simulation
using spatial
autocorrelation

Tmax
Tmin
PCP

0.040
0.052
0.104

0.036
0.045
0.081

improvement by
spatial
autocorrelation
11%
14%
23%

5.5 Application to downscaled daily climate generation
In this section, the performance of the daily weather generator (DWG) developed here in
generating daily climate series from downscaled monthly climate predictors is evaluated. To that
avail the new multi-model MLR- downscaling method developed in Chapter 3, which provides
downscaled climate predictions on a monthly scale, namely, rainfall, probability of a wet day
(%wet), mean maximum and minimum temperatures from coarse-grid monthly GCM- model
output are employed in the DWG to produce respective daily series. The results of this
innovative approach (“MLR+climate generator”) proposed in the present thesis will then be
compared with daily climate predictions, using MLR directly (“MLR-daily”) and the classical
SDSM- and LARS-WG statistical downscaling tools on daily GCM- model output.
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The past 20th–century climate validation of the MLR+climate generator in the study region using
past ECHO-G GCM predictors from 1971-2000 is done in the usual way. Thus, the whole
period is divided into a calibration sub-period 1971-1985 and a verification sub-period 19862000. The accuracy of the MLR+climate generator model to produce the observed series (max
and min temperature and precipitation) is indicated in Table 5.13. One may notice that the
model performance is quite similar for the calibration- and the verification period, with
reasonably high NS-coefficients for the two temperatures, particularly, for the daily minimum
temperature, whereas the observed precipitation - as is common in climate prediction studies - is
not too well predicted.
Table 5.13. Performances of the coupled multi-model MLR- downscaling model / daily climate
generator (with 30 realizations) in generating the daily temperatures and precipitation time-series
from monthly ECHO-G GCM predictors for calibration period 1971-1985 and verification
period 1986-2000.
variable

unit

sites

Tmax
Tmin
PCP

°C
°C
mm/day

4
4
24

calibration 1971-1985

n
5479
5479
5479

avg. RMSE

NS

0.0
0.0
-0.2

0.20
0.59
0.07

1.4
1.6
9.0

verification 1986-2000
n
avg. RMSE NS
5479 0.2
1.5
0.25
5479 0.1
1.7
0.53
5479 -0.2
10.2
0.06

The coupling of the MLR-model and daily climate generation “MLR+climate generator”
employs monthly GCM- predictors to generate the daily climate series. On the other hand, the
“MLR-daily”- (see Section 3.5), SDSM- and LARS-WG- models (see Section 3.4) are able to
predict daily climate series directly from daily GCM-predictors. These four downscaling methods
are comparatively evaluated in the following paragraphs.
Since the successful application of stochastic daily-climate generators requires at least 20-30 years
of climate data (Semenov and Barrow 2002), the same observed and GCM- predicted daily
maximum, minimum temperature and precipitation in the study region for the time period 19712000 are used to calibrate these downscaling models. All GCM-variables are taken from daily or
monthly ECHO-G datasets.
Table 5.14 summarizes the statistical results of this comparative model performance analysis.
One may notice that whereas the observed daily maximum temperature and the precipitation are
simulated best by the “MLR-daily”- method, the minimum temperature is represented best by
the new “MLR + climate generator” developed in this thesis. Either way, the two types of MLRmethod class developed in Chapter 3 appears to perform better than the two well-known
downscaling tools SDSM and LARS-WG.
Table 5.14. Model performance of the four downscaling methods, expressed by the NashSutcliffe (NS) efficiency coefficient, in generating daily climate during years 1971-2000.
variable

no of stations

Tmax
Tmin
PCP

4
4
24

SDSM
-0.26
-0.26
-0.27

Nash–Sutcliffe efficiency coefficient
MLR+
LARS-WG
MLR-daily
daily climate generation
0.04
0.12
0.01
0.49
0.40
0.52
-0.11
0.04
0.03

However, the generation of exact daily climate series is not the main goal of stochastic
downscaling. More important is the proper representation of the distribution and the statistics of
the relevant climate variables. Therefore, the statistical properties of the distributions of the daily
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climate series obtained with the four downscaling models named have been analyzed. The results
are exhibited in Figure 5.24 and Figure 5.25. Thus, Figure 5.24 shows the probability-density
distribution (see Section 2.5.1, for discussion) of the maximum temperature and Figure 5.25
illustrates the cumulative distribution of the rainfall. So one may recognize that despite the fact
that the generated maximum temperature and the precipitation are best for the “MLR-daily” –
downscaling model (see Table 5.14), the distributions of these two climate variables is not well
represented by this model (see Figure 5.24c and Figure 5.25c). The same holds for the SDSMdownscaling model whose simulated distributional shapes are completed different from the
observed curves. Moreover, although both the LARS-WG and “MLR+climate generator” which
both are based on a stochastic generation approach appear to render climate distributions
considerably closer to the observed ones, “MLR+climate generator” provides the best fit and a
better accuracy than LARS-WG.
Concerning the ability of the four downscaling models investigated here to describe the
variations of the daily climate properly, the correlations between the observed and the predicted
daily climate series using these methods have been computed. As exhibited in Figure 5.26, the
“MLR+climate generator” provides indeed the best correlations - even better than LARS-WG of the generated- with the observed climate time series and this holds for both temperatures and
the precipitation. This means that the “MLR+climate generation”- tool can besides simulate
most-similar daily series to the observation, even better than LARS-WG model. One may notice
again that the precipitation downscaling performs always worse than that for the temperatures.
Based on the results of these downscaling model evaluations, the coupling of the MLRdownscaling method with the daily climate generator (DWG), i.e. “MLR+climate generation”,
shows the best potential applicability for downscaling future daily climate in the study region.
Since the climate distribution is one efficient way to describe the change of climate (Hundecha
and Bárdossy 2005), “MLR+climate generator” appears to be a good choice for future projection
of daily climate series. In this method, 1) monthly GCM predictors - which are usually more
reliable than daily predictors - are downscaled by the monthly MLR-model and 2) this monthly
data is rescaled to daily series by the new daily climate generator. This coupled model “GCMmonthly / MLR+climate generation” is applied in the subsequent Chapter 6 to predict the future
daily climate and its hydrological impacts in the study region.
In addition, projecting the daily climate by this “MLR+climate generation” approach gives the
advantage of a larger choice of GCMs, as the majority of the GCMs generally used for climate
prediction has only monthly data output (see Chapter 3). Thus, there is the possibility of using a
multi-domain GCM approach, i.e. a combination of several GCMs. Another advantage of the
use of a general stochastic model as in the “MLR+climate generation” – approach is to be able
to study climate changes at specific times such as the month and the season in a year. Normally,
an explanation of a climate change by common stochastic models, e.g. LARS-WG, is based on
the relative change of a climate variable factor from the sample (reference) period to a future
period (period-to-period), e.g. change of climate in 2040-2060 compared to years 1971-1999. In
case of the daily climate generation, as proposed here, the future climate characteristics for a
specific year and month are obtained in terms of either absolute values or distributional
properties. However, all this is only valid under the assumption that the spatial autocorrelation as
quantified by the average daily Moran’s I will not be changed through the future prediction
period. Here the Moran’s I used for generating the future climate is based on the year 1971-2006
average.
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b) LARS-WG

a) SDSM

Temperature (°C)

Temperature (°C)

d) MLR+climate generation

c) MLR-daily

Temperature (°C)

Temperature (°C)

Figure 5.24. Kernel density estimation of daily maximum temperature at station 48478 for years
1971-2000 using the downscaling models as indicated (cross points) and the daily observation
(dashed line).
a) SDSM

c) MLR-daily

b) LARS-WG

d) MLR+climate generation

Figure 5.25. Cumulative distribution functions of daily precipitation at station 48092 between
years 1971-2000 using the downscaling model as indicated (cross points) and the daily
observation (dashed line).
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0.8

correlation coefficient

0.7

Tmax

Tmin

PCP

0.6

0.5
0.4
0.3
0.2
0.1
0.0

SDSM

LARS-WG
LARS-WG

MLR-daily
MLR-daily

MLR+climate
MLR+cliamte
generation
generation

Figure 5.26. Correlations between synthetically generated - using the four downscaling methods
as indicated - and the local observed climate time series – based on 24 precipitation- and 4
temperature sites in the study area - for the past reference period 1971-2000.

5.6 Summary of daily weather generation
In this chapter of the thesis, a new stochastic technique is developed to generate daily weather
from monthly climate series (daily weather generator: DWG). The method uses random
realizations, which obey the essential statistical characteristics of observed daily climate series
The DWG allows for a multi-site climate generation by an association of Moran’s I with spatially
autocorrelated random number. The daily climate generation then uses the average monthly
statistical properties to resample the monthly climate into daily series. The combination of
magnitude and probability aspects in the stochastic model allows the daily climate generation to
respond to the change of both the mean and the distribution. The climate generator is applied to
produce 30 realizations of future daily climate series by using downscaled monthly predictor
output.
The multi-site daily climate generation focuses on two climate variables, precipitation and
temperature. By obtaining monthly climate input, i.e., precipitation, probability of wet/dry day,
and maximum and minimum temperatures, precipitation and temperatures are synthetized by
respecting the spatial and temporal relationships of the observed daily climate series. More
specifically, the wet and dry states of rainfall on each day are produced first on a daily scale, after
which the rainfall amounts and the temperatures are spatially generated based on the sequence of
wet/dry series.
The development of the new daily climate generator consists of four major procedures: a) input
processing, b) investigation of the weather statistics, c) parameter estimation and d) climate
generation. In the parameter estimation step, the empirical relationships between different
statistical parameters are used to estimate various statistical attributes of the rainfall and the
temperature. The precipitation generation procedure is divided into two separate steps, i.e. firstly,
the rainfall occurrences using a two-state Markov process are produced and, secondly, the
amounts by drawing from an exponential distribution. The daily temperature generation is based
on the synthetic rainfall occurrence, i.e. whether a day is wet or dry. Temperatures estimates are
drawn from a normal distribution here. Under the assumption that the spatial pattern of
precipitation and temperature follow the variation of the daily spatial autocorrelation across the
climate stations across the region, Moran’s I is then used to generate the daily climate pattern in
the study area.
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The daily climate generator is validated on climate time series available in the time period 19712000, wherefore years 1971-1985 are used for calibration and years 1986-2000 for verification.
Both the rainfall occurrence and the amount are simulated at a satisfactory level. In addition, the
distributions of the synthetic and observed daily rainfalls are similar. The estimation of the
extreme-value distribution of the synthetic precipitation, which is fitted well with a Gumbel
model. This model provides a bias, relative to the observed distribution, of only 15% at the 100year return period.
The series of daily maximum and minimum temperatures are likewise synthetized by the
stochastic daily weather generator that is also based on the pattern of daily spatial autocorrelation
(multi-site approach). The observed daily temperatures are well fitted by a standard normal
distribution. The validation of the stochastic daily generation exhibits further that the
distribution and statistical attributes of the observed climate temperature can be regenerated at a
satisfactory level. Moreover, even during the unusually “hot” years 1997-2000, the realizations of
the synthetic temperature are able to describe the extreme temperature-fluctuations observed
during this time period. The comparison of the new multi-site daily climate generator - which
incorporates the spatial autocorrelation and the moving average process, based on the observed
Moran’s I - with the traditional single-site climate generator exhibits the enhanced performance of
the former by providing a 11-23% decrease of the residual error of the simulated Moran’s I
obtained with the latter.
When combining this new daily weather generator with the earlier developed MLR-downscaling
method and applying it to monthly GCM-predictor output, the innovative, so-called
“MLR+climate generation” - downscaling method is obtained to generate daily- from monthly
climate time-series. This method has been compared then with the classical statistical
downscaling tools SDSM and LARS-WG, and an adaption of the MLR-method for daily GCMpredictors, called “MLR-daily” on the observed (1971-2000) climate time series. The results
show that the “MLR+climate generation” downscaling performs best when using monthly data,
however, when employing original daily GCM-predictors “MLR-daily”-downscaling may be
preferable for precipitation. The “MLR+climate generator” is also the best approach to
reproduce the distributional properties of the various climate variables. Finally, the use of
monthly downscaled predictor output from GCMs for daily climate generation as in this new
method has also the advantage that climate prediction information from various multi-ensemble
and monthly-based GCMs can be employed, which should further reduce uncertainties of future
climate projections when using one climate model alone.
Based on these results, the new “MLR+climate generation” - downscaling method will also be
the method of choice to synthesize future daily time-series for climate-change impact
assessments on the hydrology and the water resources in the study region in the subsequent
Chapter 6.
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Chapter 6
6 Surface water hydrologic simulations
The 21st-century projected climate series of Chapter 3 exhibit the possible mean and
distributional changes of the future climate in the study area. This potential change of climate
should also convey effects to the hydrological system and water resources of the Khlong Yai
basin. . Therefore, in this chapter, the results of the climate downscaling and of the daily
rescaling by the downscaling tools of Chapter 3 and 5, respectively, are applied in this chapter to
generate daily climate series for use in hydrological impact simulations in this area, using the
well-known SWAT hydrological model (Arnold et al. 1998, Neitsch et al. 2005).

6.1 Literature review of hydrological impact studies
Most of Thailand’s water supply for urban, agricultural and industrial use is surface water stored
in scattered large-scale regional reservoirs. Considering that much of Thailand is a peninsula
located between the Pacific and Indian Oceans and considering the potential teleconnections of
the latter with Thailand’s climate, as exhibited in Chapter 2, it is of no wonder that most of the
country’s regional weather as well as its water resources are affected by the variations of the
ocean-driven monsoons.
The climate patterns over the regional watersheds, where much of the rainfall is accumulated in
reservoirs, fluctuate significantly, depending on the movement of the monsoon. These reservoirs
usually gather about 80% of the annual rainfall during the 6 months of the rainy season (MayOctober), when the monsoon is moving northward. During the dry season (November - April)
the winds are blowing from the northern Indo-China land mass and rain drops only during a few
days in a month. Because of the precarious water-availability situation in Thailand - which came
particularly to the fore during the 2005 - water crisis in the eastern seaboard (EST) - and that,
moreover, will most likely be exacerbated by imminent climate change in this region in the long
run (Parry et al. 2007, Koch 2008a), climate impact studies on the hydrology in the region are
urgently needed.
Impact assessments of climate change on surface water have been carried out in numerous
regions across the world for a long time (e.g. Schulze 1997, Arnell 1999, Rosenberg et al. 1999,
Stonefelt et al. 2000, Werritty 2002, Muttiah and Wurbs 2002, Salathé 2005, Jha et al. 2004, Stone
2005, Fowler et al. 2007, Bates et al. 2008, Abbaspour et al. 2009, Githui et al. 2009,
Koontanakulvong 2009, Bejranonda and Koch 2010a, Liu et al. 2011a, Cherie 2013).
Information on e the long-term variations of climate change over the 21st-century is usually
obtained from GCM-climate predictors generated under various IPCC greenhouse gas emission
scenarios (SRES) (Wilby and Wigley 1997). Downscaling techniques, as discussed in Chapter 3,
are the employed to refine the GCM- output to a higher resolution, which is then adequate for
subsequent regional hydrological investigations (Teutschbein et al. 2011).
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More specifically, for a quantitative e assessment of climate change impacts on the hydrology in a
basin the information from downscaling is applied in the hydrological model (Fowler et al. 2007).
Generally, the regional climate grid is downscaled from a GCM to provide the information over
the basin and the hydrological system (e.g. Giorgi and Mearns 1991, Robock et al. 1993,
Hewitson and Crane 1996, Schulze 1997, Wilby and Wigley 1997, Wilby et al. 2004, Teutschbein
et al. 2011). However, a few studies have devoted downscaling of GCMs to predicting
streamflow directly (Landman et al. 2001, Cannon and Whitfield 2002, Tisseuil et al. 2010). Since
the correction of hydrological parameterizations, surface characteristics, soil moisture condition
and other factors affecting streamflow are still necessary in streamflow forecasting (Landman et
al. 2001), in this study, a soil-water hydrological model is accordingly applied to simulate the
hydrological characteristics of a complex watersheds.
The majority of impact studies carried out in recent times have focused on the simulation and
analysis of surface hydrological components, and only a few are devoted to study the potential
impacts on groundwater aquifers (Koch 2008a). However, in many regions of the world,
including the many alluvial depositional areas of Thailand, groundwater plays an important role
for emergency water supply (Bejranonda et al. 2007a). Since a change of surface water conditions
will have subsequent effects on groundwater resources (Alexander and Palmer R.N. 2007, Scibek
et al. 2007, Goderniaux et al. 2009), this study, besides, will also address the impact of climate
change on groundwater recharge which is the main source of groundwater reserves. In fact, the
studies of Changnon and Hsu (Changnon et al. 1988) and Bejranonda et al. ( 2007b)
demonstrated that the water table in a shallow aquifer, which is often the main groundwater
source for agricultural irrigation, is most sensitive to recharge. Thus, variations of groundwater
recharge will induce groundwater level fluctuations (e.g. Yusoff et al. 2002, Scibek and Allen
2006, Alexander and Palmer R.N. 2007, Jyrkama and Sykes 2007) that may be indicative of
climate change impacts on groundwater (Brouyére et al. 2004) and will have significant long-term
implications on the groundwater potential.
Concerning strategic studies of climate change impact assessments on hydrology, these have
mostly been executed by the use of distributed watershed models (Shi et al. 2011) such as
ANSWERS (Beasley and Hyggins 1995), AGNPS (Young et al. 1987), HSPF (Johansen et al.
1984), MIKE SHE (Abbott et al. 1986) and SWAT (Arnold and Allen 1996), with the latter
being also the method of choice in the present modeling study.
SWAT (Arnold et al. 1999), which is an open-source, physical-based and distributed model, is a
comprehensive model, which can be used, other than for regular water resource and
environmental studies (van Liew et al. 2007, Zhang et al. 2008, Debele et al. 2010, Zhang et al.
2010, Zhang et al. 2011b), also to analyze the impacts of climate variations on streamflow and
water budget estimations in large and complex water basins (e.g. Arnold and Allen 1996, Spruill
et al. 2000, Eckhardt and Ulbrich 2003, Githui et al. 2009). Therefore, in this study, the predicted
climate series based on various SRES- future scenarios are employed in the SWAT-model to
examine the potential impacts of future climatic changes on the streamflow (e.g. Githui et al.
2009, Lu et al. 2010, Phan et al. 2011, Khoi and Suetsugi 2012) and water resources (e.g. Cruise
et al. 1999, Muttiah and Wurbs 2002, Liew and Garbrecht 2003, Nearing et al. 2005, Abbaspour
et al. 2009, Graiprab et al. 2010, Liu et al. 2011a, Ryu et al. 2011, Seidou et al. 2012).
Additionally, SWAT has been used to assess the potential impacts on groundwater recharge (e.g.
Rosenberg et al. 1999, Eckhardt and Ulbrich 2003, Jha et al. 2004, He et al. 2008, Jin and Sridhar
2012, Wu et al. 2012), which feeds the groundwater aquifer in the long run.
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6.2 Hydrologic model
The SWAT- model is selected to simulate surface-soil hydrologic processes in this study. The
GCM-driven climate is transferred into the basin hydrology by employing the projected climate
series in the SWAT- simulation of the variations of various hydrological components in the study
region over the 21st-century.

6.2.1 Surface water hydrologic modeling
The detailed description of the major hydrologic processes acting in the Khlong Yai basin is
based on simulation output of SWAT. A theoretical explanation of the major hydrologic
functions and components used in SWAT is presented in this section. In addition, the input
dataset employed by SWAT, e.g. various climates, hydrological and physical parameters are
discussed.

6.2.1.1

SWAT-model

Rainfall, streamflow and soil water are the major hydrological components in a surface water or
watershed model. However, the behavior of the water movement between these components
depends largely on the land attributes, namely land-use and soil type. Because of the connection
across the various compartments of the hydrologic cycle, some rainfall is converted to runoff,
and some infiltrates into the ground as soil-water, before recharging the shallow aquifer through
percolation. To simulate these complex hydrological processes, a watershed model is employed
which conveys -precipitation appropriately through these land surface-subsurface components of
the hydrological cycle.
The Soil and Water Assessment Tool or SWAT (Arnold et al. 1998) is a physical-base
continuous-time river-basin-scale model, which was developed to predict and quantify the
impact of management and climate practices on water in large and complex watersheds
(Rosenthal et al. 1995, Arnold and Allen 1996, Srinivasan et al. 1998). The SWAT- components
are organized into climate, hydrological responds, channel water and ground water, which are the
principle elements of interest in a hydrology. In this study, ArcSWAT 2009 (Winchell et al. 2010)
which is an extension and graphical interface for SWAT2009 (Neitsch et al. 2011) on ArcGIS 9
(Environmental Systems Research Institute 2004) is applied for hydrologic simulation.
A watershed or basin to be modeled by SWAT is subdivided into subbasins, which are linked to
each other by the stream network. The next sub-division defines so called Hydrologic Response
Units (HRUs), which are separate elements in a subbasin, which consists of unique soil and land
cover combinations that represent the physical attributes of this individual unit.
SWAT is designed to simulate several physical processes, e.g. water movement, sediment
deposition and nutrient transport, but this study will focus only on the former. The hydrologic
movements as simulated in SWAT are illustrated by Figure 6.1 . The figure indicates that the
rainfall can be converted into two main parts, i.e., infiltration and surface runoff. The rainfall
falling on a soil surface can infiltrate into the soil profile or flow as overland flow (runoff) to a
stream channel (streamflow). Some parts of infiltrated water and runoff may be changed to
vapour in the air (evapotranspiration).
The water in the soil profile is possibly converted into streamflow (lateral flow) or may seep into
deeper soil layers and finally into the groundwater aquifer (percolation). The rest of the water in
the soil profile will stay in the soil layer (soil storage).
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Figure 6.1. Schematic pathways of hydrological processes in SWAT-model (Neitsch et al. 2005).
These hydrological processes can be described by the following water balance equation (Neitsch
et al. 2005):
∑(

)

(6.1)

where
is the final soil water content,
is the initial soil water content, is the time
(days),
is the amount of precipitation,
is the amount of surface runoff,
is the
is the amount of water entering the vadose zone from the
amount of evapotranspiration,
soil profile,
is lateral flow from soil to channel and
is the amount of water return flow
originated from groundwater. All these hydrological components are calculated in terms of units
of water depth (mm H2O) on day .
The volume of surface runoff is estimated by Curve Number (CN) method of the Soil
Conservation Service (SCS) that can be described as (Soil Conservation Service 1972, Neitsch et
al. 2005):
(6.2)
where
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(

)

(6.3)

where
is the accumulated runoff or rainfall excess,
is the rainfall for the day, is the
initial abstractions including surface storage, interception and infiltration, is the retention
parameter and CN is the curve number. The is initially approximated as
. The CN is the
function of permeability character of a specific land use and soil water condition. In this study,
the CN is defined by curve number for moisture condition II (CN2) (Cronshey 1986) where
lower number of CN presents more permeable the soil and low runoff potential while larger
number of CN indicates vice versa.
The potential evapotranspiration (PET), originally introduced by Thornthwaite (1948), is
estimated by the Penman–Monteith method (Penman 1956, Monteith 1965, Allen 1986) as
(6.4)
is the latent heat flux density (MJ m-2 d-1), Δ is
where E is the depth rate evaporation (mm/d),
the slope of the saturation vapor pressure-temperature curve,
is the net radiation (MJ m-2 d-2 -1
1
is the air density (kg m-3), is the
), is the heat flux density to the ground (MJ m d ),
specific heat at constant pressure (MJ kg-1°C-1),
is the saturation vapor pressure of air at
height z (kPa), is the water vapor pressure of air at height z (kPa), is the psychrometric
constant (kPa °C-1), is the plant canopy resistance (s m-1), and is the diffusion resistance of
̅ where ̅ is the
the air layer (s m-1). The can be estimated by
mean daily air temperature (Harrison 1963).
In streams or rivers, the flow is routed along the channel using the Muskingum channel routing
method (Overton 1966, Brakensiek 1967) which is expressed by:
(6.5)
where
is the storage volume (m3),
and
is the inflow and outflow (discharge) rate
3
(m /s), respectively, is the storage time constant for the reach (s) and is the weighting factor.
The outflow is affected by transmission losses, evaporation, diversions and return flow (see
Figure 6.1)
To simulate return flow or baseflow originating from groundwater, a shallow aquifer is produced
by kinematic storage model, which is also used to predict lateral flow (Arnold et al. 1998). The
retentions of water in SWAT are not only in water channels, but can also be effectuated through
reservoir storage. In the present watershed, there are three reservoirs located with the channel
network and which are defined in SWAT as special storage components. The water balance of
these reservoirs can be described as (Neitsch et al. 2005):
(6.6)
where (m3) is the volume of water in the reservoir at the end of the day,
is the volume
of water stored in the water body at the beginning of the day,
is the volume of runoff
entering the water body during the day,
is the volume of water flowing out of the
water body during the day and which is includes reservoir release and water use,
is the
volume of precipitation over water body during the day,
is the volume of water lost to
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evaporation which is estimated from potential evapotranspiration and
is the seepage from
the water body through the bottom of the reservoir that is estimated by (Neitsch et al. 2005):
(6.7)
where
(m/s) is the effective saturated hydraulic conductivity of the reservoir bottom and
is the surface area of reservoir water body. The water percolating downwards layer to layer is
calculated by a storage routing technique. For each soil layer, the volume of water available for
flow through the soil layers is calculated as (Neitsch et al. 2005):
(6.8)
(6.9)
and
are the water content and drainable volume of water in the soil layer
where
on a given day and
is the water content of the soil layer at field capacity. The water amount,
which moves to the underlying layer, i.e. the soil percolation, is estimated by means of the
storage routing method and is given by (Neitsch et al. 2005):
[
where
day and
conductivity.

[

]]

(6.10)

is daily percolating water to layer ,
is the time step which is defined for 1
is travel time for percolation which is estimated from saturated hydraulic

In SWAT, when the percolating water moves to the bottom of the root zone, the percolation
becomes recharge for the groundwater aquifer beneath the soil layer (Arnold et al. 1993, Spruill
et al. 2000, Bejranonda et al. 2007b). The volume amount of this water is then used to quantify
the amount of groundwater recharge. The theoretical features of the SWAT-model given above
describe only the major elements of this model, as they are relevant for the present hydrological
study. Other theoretical details and, particularly, the methodology of the automatic parameter
estimation used in SWAT (e.g. van Griensven 2007) can be found in the “Soil and Water
Assessment Tool: Theoretical Documentation” (Neitsch et al. 2005).
6.2.1.2

Data coverage in the study area

The ArcSWAT2009 interface (Winchell et al. 2010) to the ESRI ArcMap (Environmental
Systems Research Institute 2004) GIS tool is employed to organize and formulate the input data
n. The watershed boundary and the subbasins of the Khlong Yai basin are delimitated based on
the digital elevation of the topography, using the SRTM digital elevation model (DEM) (Jarvis et
al.) and is shown in Figure 6.2. Based on the river network, whose major physical channel
properties are estimated with the help of the DEM, 12 subbasins have been defined. The
streamgages z4, z15 and z38 are respectively defined at subbasins 4, 3 and 9 as vertices of flow
control, as their historic discharges are employed for calibration and validation of the SWATmodel.
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KY
NPL

Z15
DK

Z4

Z38
Stream gauge

Figure 6.2. SWAT-model of Khlong Yai watershed with the 12 subbasins - as defined by the
river network - and the three reservoirs.
There are three reservoirs in the watershed, Khlong Yai (KY), Nong Plalai (NPL) and Dog Krai
(DK), which store runoff and rainwater for serving irrigation-, industrial- and public water
demands. The reservoir’s attributes, their operation’s history (reservoir releases and storages) are
listed in Table 6.1 and have been received from the Royal Irrigation Department of Thailand
(RID). The records of reservoir regulation are available only after year 1994 and the missing
operation records such as outlet release and water consumption have been filled in with monthly
average values, obtained from a study of the Water Resources Research Unit, Chulalongkorn
University (Water Resources System Research Unit 2011). It might be noted that the z4 and z15
streamgage sites are located downstream of the NPL and KY reservoirs. Consequently, the
discharges measured at these two sites are partially controlled by these reservoirs’ operations.
Table 6.1. Attributes of the reservoirs located in the Khlong Yai watershed.
reservoir
Khlong Yai (KY)
Nong Pla La (NPL)
Dog Krai (DK)

normal storage
start
subbasin operating in surface area
Volume
2
year
(km )
(×106 m3)
3
4
6

2005
1993
1975

11
23
11

40
164
71

maximum storage
surface area volume
(km2)
(×106 m3)
14
25
16

46
206
82
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To define the land surface attributes, the watershed is overlaid with maps of the land use and soil
type, as shown in Figure 6.3 which beforehand, have been categorized by the Land
Development Department of Thailand (LDD) (LDD 1991). Based on this database, the soil
attributes, which determine the character of the water movement in the soil-phase, the physical
soil layer properties, including layer thickness, texture, bulk density, available water capacity,
saturated conductivity, and organic carbon are defined in each soil group. The land and soil
properties are subsequently combined into small elements, so-called HRUs, of common land use
and soil properties, which are subsequently classified to provide the physical properties of the
land/subsurface area in the watershed. In this way and taking into account critical threshold
levels for an HRU’s dominant features, 77 HRUs have been defined.
Concerning the climatic conditions, the meteorological information from observed daily climate
time-series are employed as the weather input for SWAT. The weather data consisting of,
precipitation at 24 gauges as well as maximum and minimum temperature, humidity and solar
radiation of four stations, have been gathered from the Thai Meteorological Department (TMD)
and RID.
Land use map

Soil type map

Figure 6.3. Maps of land uses (left) and soil types (right) in the Khlong Yai watershed.
The list of the available input data - divided into physical attributes, hydrology and climate
information -, and theirs sources are summarized again in Table 6.2.
As already discussed in Chapter 2, only about half of the 24 rainfall stations used in the climate
analysis of the larger EST are located in the KY basin, let alone are representative for a particular
subbasin. For remedy the Thiessen polygon technique, which associates station-weights
proportional to the relative area a particular precipitation gauge, is covering in a particular
subbasin – measured by overlapping the Thiessen polygons area on the basin map, as shown in
Figure 6.4. - is used to estimate the rainfall amount in the subbasin. The resulting weights are
then multiplied by the rainfall amount to get the areal average precipitation over a subbasin.
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Table 6.2. Available input data employed in the SWAT model for the study region.
variable
data
available year
sites
sources
physical properties

hydrology

meteorology

topographic - DEM
soil map
soil properties
land use map
streamline
streamflow
reservoir

physical attributes

water use/operation
daily data

rainfall

max, min temperature

humidity

solar radiation

2005
2003
2003
2001
2007
1974-2006
2011
1994-2010
1971-2006
1971-2006
1971-2006
1981-2006

3
3

24
4
4
2

SRTM-NASA
LDD
LDD
LDD
GISTDA
RID
RID
RID
RID
TMD,RID
TMD
TMD
TMD

Since some sites in rainfall network is not overlaid over KY basin (see Figure 6.4), only 13 of
the 24 gauges provide rainfall information for the SWAT model. It should be noted that the
Thiessen-polygon technique assumes that the rainfall is uniform in each polygon. Therefore, this
technique may provide rainfall amounts in the KY basin that are somewhat different from those
obtained by inverse distance weighting used in the contour map of shown Figure 2.14.
All this data (see Table 6.2) information has been compiled by ArcSWAT and merged into the
SWAT input database. Besides, ArcSWAT organizes this database according to the HRU
boundary to accumulate the climate, hydrologic and physical properties into several small tables,
which are then used in the program to define the HRU’s properties. The non-specific parameters
in the SWAT model, or those for which no specific information for the study region were not
available, are taken from default values following SWAT2009’s suggestions (Neitsch et al. 2011)
that are based on experiments and reviews. The major locally specific parameters to which the
model output is sensitive are calibrated during the model calibration task in the next section.
For the SWAT-simulations of future hydrology in the study region, the precipitation and
maximum and minimum temperature, relative humidity and solar radiation that, have been
projected, based on various SRES- scenarios in the parent GCM. through years 2000-2096 by the
multi-domain MLR- downscaling model (see Chapter 3) will be used, where the precipitation and
temperature are rescaled from monthly to daily series by the DWG (see Chapter 5), whereas the
relative humidity and solar radiation are inputted directly as monthly means into SWAT.

6.2.2 Setup of SWAT and model investigations
In this section, the SWAT model is set up with the physical watershed parameters and hydroclimate data presented in the previous section. Then several model investigations, i.e. the
selection of sensitive model parameters by sensitivity analysis, followed by a calibration and
validation of the model on measured streamflow will be carried out.
6.2.2.1

SWAT input parameters

To organize and parameterize the input data for the SWAT model, the ArcSWAT2009 is used to
convert the spatial data, e.g. digital elevation (DEM), land-use and soil-type maps, into the
appropriate input format. As shown in Figure 6.5, the spatial data of physical properties and the
climate data are transformed to SWAT input data through three processes, i.e., 1) Watershed
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Figure 6.4. Thiessen polygons of the 24 precipitation stations in the KY watershed.

Figure 6.5. Schematic of the GIS-overlay of various data layers for the preparation of the input
database for the SWAT-watershed model (Di Luzio et al. 2002).
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delineation, 3) Definition of the weather stations and 3) HRU Definition. The basin and
subbasin boundaries (see Figure 6.2) are delineated based on the DEM data (Figure 2.14). The
weather information is distributed across each individual subbasin according to the location of
the climate stations (see Figure 6.4). In addition, parametric values of soil and hydrologic
properties, e.g. runoff curve number and soil evaporation compensation factor, are defined in
the HRU attributes by using default values from the SWAT database (Neitsch et al. 2011) , based
on the land-use and soil-type classes.
With this information the SWAT input parameters are generated in the form of several tables
and datasets. These parameters are likewise classified into four levels (see Table 6.3), according
to the hierarchical size of the contributing unit:
1. Watershed level – contributing parameters for the whole KY basin
2. Subbasin level – contributing parameters for individual 12 subbasins
3. HRU level – contributing parameters for individual 77 HRUs
4. Reservoir level – contributing parameters for specific 3 reservoirs
The parameters at the watershed and subbasin levels are used to define general soil and
hydrologic properties and weather information, while the parameters at the HRU level are used
to define specific land, soil and groundwater properties for individual land use- and soil classes.
At the final reservoir level, the dimensions, attributes and operation of three main reservoirs in
the KY basin (see Figure 6.2) are defined.
Table 6.3. Groups of input parameters relating streamflow simulation in SWAT model.
no parameter group
data level
input data
1
pcp, tmp, hmd, slr (weather)
watershed level
weather station locations and data
2
Bsn
watershed level
basin physical parameters
3
Crop
watershed level
land cover/ plant growth parameters
4
sub
subbasin level
subbasin general parameters
5
rte
subbasin level
main channel parameters
6
wus
subbasin level
water use parameters
7
sol
HRU level
soil parameters
8
hru
HRU level
HRU general parameters
9
gw
HRU level
groundwater parameters
10 mgt
HRU level
water management parameters
11 rsv
reservoir
reservoir parameters
With the four data levels and 11 groups of parameters, as listed in Table 6.3, the SWAT input
parameter files are generated. Among the 11 groups of SWAT parameters, only the 26
parameters listed in Table 6.4 are generally considered the most sensitive ones in streamflow
simulation (Winchell et al. 2010). These included parameters in the functions describing various
processes of evaporation, and surface-, soil-, and groundwater and channel water movements. In
the large group of parameters, some of these will be the most sensitive ones for modeling the
streamflow in the study area, will be analyzed by the sensitivity-analysis in the next section
6.2.2.2 Sensitivity of SWAT parameters
For assisting and simplifying the usually complex model calibration process, a sensitivity analysis
should be done beforehand. Such a sensitivity analysis allows the modeler to choose and to
prioritize the various input parameters based on the sensitiveness of the model’s output to a
change of a specific parameter that is useful for tuning the model. The sensitivity analysis in the
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Table 6.4. Major input parameters in SWAT model and its location according to input file.
no name
description
group
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

ALPHA_BF
GW_DELAY
GW_REVAP
REVAPMN
GWQMN
CANMX
CN2
SOL_K
SOL_Z
SOL_AWC
SOL_ALB
SLOPE
SLSUBBSN
BIOMIX
ESCO
EPCO
SURLAG
SMFMX
SMFMN
SFTMP
SMTMP
TIMP
CH_N2
TLAPS
CH_K2
BLAI

Baseflow alpha factor [days]
Groundwater delay [days]
Groundwater "revap" coefficient
Threshold water depth in the shallow aquifer for "revap" [mm]
Threshold water depth in the shallow aquifer for flow [mm]
Maximum canopy storage [mm]
Initial SCS CN II value
Saturated hydraulic conductivity [mm/hr]
Soil depth [mm]
Available water capacity [mm H20/mm soil]
Moist soil albedo
Average slope steepness [m/m]
Average slope length [m]
Biological mixing efficiency
Soil evaporation compensation factor
Plant uptake compensation factor
Surface runoff lag time [days]
Melt factor for snow on June 21 [mm H2O/°C-day]
Melt factor for snow on December 21 [mm H2O/°C-day]
Snowfall temperature [°C]
Snow melt base temperature [°C]
Snow pack temperature lag factor
Manning's n value for main channel
Temperature lapse rate [°C/km]
Channel effective hydraulic conductivity [mm/hr]
Maximum potential leaf area index

Gw
Gw
Gw
Gw
Gw
Hru
Mgt
Sol
Sol
Sol
Sol
Hru
Hru
Mgt
Hru
Hru
Bsn
Bsn
Bsn
Bsn
Bsn
Bsn
Rte
Sub
Rte
Crop

SWAT2009- model is engaged by the “sensitivity analysis” add-on module (van Griensven 2007).
It has been widely used for investigating the sensitiveness and screening of the various SWAT
parameters for use in a subsequent calibration (Holvoet et al. 2005, van Griensven 2007,
Nossent and Bauwens 2012). This SWAT-sensitivity package applies the LH-OAT sensitivity
analysis (Holvoet et al. 2005) which is the sophisticated combination of Latin Hypercube (LH)
sampling (Mckay MD 1988, Crain and McKay 1992) and a One-factor-At-a-Time (OAT)
approach (Morris 1991).
In the LH- technique, the distribution of each parameter is divided into N levels, with a
probability of occurrence equal to 1/N and then the random values of the parameter are
generated in each interval for use and test in the model (van Griensven and Bauwens 2001, Jung
et al. 2010). The OAT, on the other hand, is based on the idea to changing only one parameter in
each run, while keeping all others invariant. The changes in the sensitivity model output are
uniquely re related to the change of the input parameter considered. The sensitivity
for
parameter (i = 1,...,p) in the LH-OAT process is then calculated as (van Griensven et al. 2006,
Jung et al. 2010):
∑

| (

)

|

(6.11)

where is the number of intervals, is the number of parameters employed in the analysis,
is the model function which is SWAT model in this study, is the fraction of the parameter
change in interval and
denotes the changed interval of the LH-division of parameter .
This LH-OAT sensitivity computation is run through the number of parameters and intervals.
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The sensitivity analysis is applied here to investigate the change in discharge at the three
streamflow stations, i.e., z4, z15 and z38 when changing the specific 26 parameters listed in
Table 6.4. The range of values and intervals of for the various parameters investigated in the
trial runs are defined by the differences between default maximum and t minimum values of each
parameter as suggested in the SWAT2009-manual (Neitsch et al. 2011).
The results of this sensitivity study are summarized in Figure 6.6 and Table 6.5. In Figure 6.6,
the sensitivity score of all parameters obtained based on the simulation of the streamflow at
gauge z4 are plotted in decreasing order. The figure shows that the soil evaporation
compensation coefficient (ESCO) is the most sensitive parameter in simulating the proper
discharge at the z4 gauge. In fact, only the first 20 of the total 26 parameters have a measureable
effect on the discharge ( ).
The sensitivity analysis based on the other two stream-gauges z15 and z38 results in somewhat
similar rankings, though with some differences. This can be seen from Table 6.5, where the
sensitivity scores in simulating discharge at all three stations are listed in decreasing order. Thus,
parameters Esco, Cn2, Revapmn, Sol_Z, Sol_Awc and Gwqmn are the top six most sensitive
parameters in every subbasin.
Based on the results of this sensitivity exercise, the top 10 sensitive parameters are initially
selected for the subsequent calibration of the SWAT model. However, after fine-tuning the
calibration, the results show that only 8 parameters (see Table 6.4) , i.e., Alpha_Bf, Cn2, Esco,
model (coarse
Gw_Revap, GWQMN,12-subbasin
REVAPMN, Sol_Awc
and Sol_Z,delineation)
have significant effects on the error
residuals of the model-predicted discharge , as measured by the NS-coefficient. Thus, only these
8 input parameters are adjusted in the model calibration presented in the next section.

sensitivity score

0.5
0.4
0.3
0.2
0.1

Esco
Cn2
Revapmn
Sol_Z
Sol_Awc
Gwqmn
Blai
Alpha_Bf
Gw_Revap
Epco
Canmx
Ch_K2
Sol_K
Gw_Delay
Surlag
Sol_Alb
Slope
Slsubbsn
Ch_N2
Biomix
Sftmp
Smfmn
Smfmx
Smtmp
Timp
Tlaps

0.0

SWAT parameter

Figure 6.6. Sensitivity scores of SWAT-parameters based on the calibration of the stream water
discharge at streamgage station z4 ranked in decreasing order.
6.2.2.3 Calibration and validation of the SWAT- model
The top 8 out of 26 t parameters (see Table 6.4) are employed in the model calibration, which is
basically carried out following the SWAT-calibration process mentioned in the manual of the
SWAT-model evaluation (van Griensven 2007). Moreover, to optimize the parameteradjustment, autocalibration based on the Parameter Solution method (PARASOL) (Duan et al.
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Table 6.5. Sensitivity ranks of SWAT-input parameters based on calibrations of the discharge at
the three streamgages in the KY watershed.
sensitivity rank

z4
Esco
Cn2
Revapmn
Sol_Z
Sol_Awc
Gwqmn

sensitive parameters*
z15
Esco
Revapmn
Sol_Awc
Sol_Z
Gwqmn
Gw_Revap
Alpha_Bf

1
2
3
4
5
6
7
Blai
8
Alpha_Bf
9
Gw_Revap
10
Epco
11
Canmx
12
Ch_K2
13
Sol_K
14
Gw_Delay
15
Surlag
16
Sol_Alb
17
Slope
18
Slsubbsn
19
Ch_N2
20
Biomix
21
Sftmp
22
Smfmn
23
Smfmx
24
Smtmp
25
Timp
26
Tlaps
*top eight sensitive parameters are highlighted in bold italics

Ch_K2
Canmx
Blai
Sol_K

Cn2

Epco
Gw_Delay
Sol_Alb
Surlag
Ch_N2
Slsubbsn
Slope
Biomix
Sftmp
Smfmn
Smfmx
Smtmp
Timp
Tlaps

z38
Esco
Revapmn
Sol_Z
Sol_Awc
Gwqmn
Gw_Revap
Alpha_Bf
Cn2
Blai
Sol_K
Epco
Canmx
Gw_Delay
Ch_K2
Surlag
Sol_Alb
Slope
Slsubbsn
Ch_N2
Biomix
Sftmp
Smfmn
Smfmx
Smtmp
Timp
Tlaps

1992, van Griensven 2007) which is a global-search algorithm for the minimization of a single
multi-dimensional function is applied to adjust the model parameters. This process combines a
controlled random search (Nelder and Mead 1965) and competitive evolution (Holland 1998) to
minimize the objective equation (function) of the sum of squared errors of the model residuals
SSQ, defined as:
∑

(6.12)

where n is the number of pairs of measured
and simulated
values. This
automatic optimization method has been broadly used in SWAT- model calibrations (e.g.
Eckhardt and Arnold 2001, van Griensven et al. 2002, Duan 2003, Yang et al. 2008, Saha et al.
2013).
The PARASOL technique which is embedded in SWAT2009 (Holvoet et al. 2005, Green and
Vangriensven 2008) is applied to minimize the model residuals between the observed and
simulated streamflow at streamgages z4, z15 and z38 which represent the outlets of subbasins 4,
3 and 9, respectively. More specifically, the SWAT-parameters are calibrated individually for
three groups of subbasins, which are dominantly affecting the streamflow at the three named
gauges. This results in the representative groups as indicated in Table 6.6, where for all
subbasins without a measuring outlet gauge, which are mostly located in the southernmost part
of the KY watershed (see Figure 6.2), the basin parameters calibrated with gauge z15, which
provides the longest streamflow record, are employed.
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Table 6.6. Top 8 sensitive calibrated SWAT-input parameters, using 1974-2005 daily streamflow
data at gauge sites z4, z15 and z38 as calibration targets.
calibration bound
parameter
Alpha_Bf
Cn2
Esco
Gw_Revap
GWQMN
REVAPMN
Sol_Awc
Sol_Z

lower

upper

adjustment
method

0
35
0
0.02
0
0
0
0

1
98
1
0.50
5000
500
1
3500

exact value
factor of default value
exact value
exact value
exact value
exact value
factor of default value
factor of default value

calibrated value
cal. with z4 for cal. with z15 for cal. with z38 for
subbasin
subbasin
subbasin
1,2,4
3,5,6,7,8,10,11,12
9
0.00032
×1.071
0.402
0.343
86.081
65.769
×4.352
×0.948

0.00075
×1.105
0.399
0.403
4.432
2.780
×4.732
×1.930

0.03086
×1.362
0.447
0.199
0.456
3.612
×1.694
×1.143

With the PC-computing power available for this study, the auto-calibration of such a large set of
model parameters with a lot of possible combinations for minimizing the objective function
takes days for just one calibration case, and even weeks for the entire watershed. Even so, this
auto-calibration provides only a rough estimate of the parameters, with some degree of freedom.
Therefore, after finishing the PARASOL auto-calibration task, the 8 most sensitive SWATmodel parameters are subsequently fine-tuned manually to further reduce the SSQ in Eq. (6.11).
There are two methods to adjust the parameter values during the calibration, i.e., multiply the
default parameter-value by a factor or replace it by another value. . The factor method is applied
with the default parameters, which depend on the class of soil and land use at specific area. The
replacement of the default value is used to define the general parameters in the basin. These two
approaches have been used in the calibration of the relevant parameters, obtaining the results as
listed in Table 6.6.
The streamflow simulation is validated in calibration- and verification- mode, wherefore the
available streamflow data period for each of the three stream-gauges is divided to half for
calibration and the other half for verification which, because of the different observation times,
results in the periods as shown in Table 6.7. Since the interest in this study is on monthly and
seasonal streamflow and water supply variations, the emphasis of analysis of the calibration and
verification of the SWAT model in this validation phase is also on the monthly time-scale.
After adjusting the selected calibration parameters to fit the monthly streamflows at the three
streamgages, the simulated monthly streamflow as exhibited in Figure 6.7 are obtained. The
intensity of the observed rainfall is also shown and one may notice, in particular, the two rainfall
peaks in years 1984 and 1996, which are also well reflected by the simulated extreme streamflow
Table 6.7. Calibration and verification performances, as measured by the mean error ME,
RMSE and the Nash-Sutcliff (NS)- efficiency coefficient, for monthly-averaged SWATstreamflow simulations at the three gauge stations.
period

Calibration
Verification

station

period

n

z4
z15
z38
z4
z15
z38

1974-1980
1984-1991
1993-1999
1980-1988
1991-2005
1999-2005

79
159
72
79
158
72

model residual (m3/s)
ME
RMSE

NS

-0.75
0.26
0.37
-0.63
-0.43
-0.43

0.63
0.60
0.53
0.52
0.51
0.48

2.44
1.50
1.90
2.66
1.72
1.31
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at stations z4 and z15. However, for station z38, the predicted streamflow is underestimated for
the 1996 peak.
With these simulated streamflow series in the validation scheme, the SWAT-streamflow
prediction skill is evaluated by means of the Nash-Sutcliff (NS) coefficient (Saleh and Du 2004)
discussed already in previous chapters. Thus, NS = 0 indicates that the streamflow prediction is
as precise as the mean of the observed streamflow discharge, and NS < 0 that it worse than the
observed mean. The closer the NS-value is to 1, the better is the model prediction, whereby NS
> 0.65 is considered as very good (Moriasi et al. 2007, Saleh et al. 2000), while an NS between
0.5 and 0.65 hints still of a satisfactory model performance (Santhi et al. 2001).
As shown in Table 6.7, the streamflow prediction skills of the validated SWAT-model for the
three gauge-stations are satisfactory, though the NS is a little bit less than 0.5 for station z38.
This is possibly due to the inadequate data for this station and the different behavior of the
rainfall variation as shown in Figure 6.7c that demonstrates a trend of reduced precipitation in
the verification period (1999-2005) compared with higher rainfall in the calibration period (19931999). On the other hand, when the SWAT-model is calibrated with the longer series (all
available data), the streamflow prediction skill becomes also better (NS >0.5) l for station z38, as
shown in Table 6.8.
Table 6.8. Performance of SWAT- monthly streamflow simulations when calibrating the model
with all available streamflow between years 1974-2005.
station
z4
z15
z38

period
1974-1988
1984-2005
1993-2005

n
158
317
144

ME
-0.69
-0.08
-0.03

RMSE
2.55
1.62
1.63

NS
0.53
0.56
0.51

6.3 Rainfall-runoff simulations using multi-realization climate
The SWAT rainfall-runoff model is comparable to a transfer function, which converts rainfall to
stream discharge. In this section the calibrated SWAT-model is applied to simulate multirealization streamflow series by using the multi-realization climate series generated from monthly
downscaled climate predictor series by means of the daily weather generator (DWG) (see
Chapter 5) as driving input data.

6.3.1 Simulation-approach for multi-realization streamflow
By using the downscaled climate predictions for the study region (see Chapter 3) as input data,
the SWAT-simulation can provide streamflow series and variation of other hydrological
components for the whole 20th-century, i.e. years 2000-2096. However, as the SWAT-model
requires daily input data, the climate series must also be available with that time resolution.
Although one could use daily weather series directly from downscaled predictors of a coarse-grid
y GCM that has daily time steps, this approach is not advocate in comprehensive hydrological
simulations (Salathé 2003). Consequently, here the multi-site daily weather generator (see
Chapter 5) is applied to produce multi-realizations of daily climate series from downscaled
monthly GCM-predictors. Table 6.9 summarizes the various steps involved in the SWATsimulations for past and future streamflow in the study region, as they will be discussed in more
detail in the subsequent sections.
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Figure 6.7. 1974-2006 observed monthly rainfall and observed and simulated streamflow for the
calibration and verification periods at station z4 (a), z15 (b) and z38(c).
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Table 6.9. Validation- and projection scenarios of multi-realization SWAT simulations.
no scenario

multi-domain MLR
downscaling
cal

sim

1 SWAT-validation of with past climate data
1.1 standard SWAT
1.2 multi-realization

SWAT
1.3 downscaling multirealization SWAT

-

-

1971-1999

1971-2006
(A2)

2 SWAT- hydrologic projections
2.1 SRES A1B
1971-1999
2.2 SRES A2

1971-1999

2.3 SRES B1

1971-1999

2000-2096
(A1B)
2000-2096
(A2)
2000-2096
(B1)

daily climate
generation
cal

sim

-

-

1971-2000 1971-2006
(obs. climate)
1971-2000 1971-2006

1971-2006
1971-2006
1971-2006

SWAT
cal

sim

no of
stream
realization

1974-1999 2000-2006
(obs. climate) (verf)
1974-1999 2000-2006
(obs. climate) (verf)
1974-1999 2000-2006
(obs. climate) (verf)

2000-2096
1974-2006 2000-2096
(A1B)
(obs. climate)
2000-2096
1974-2006 2000-2096
(A2)
(obs. climate)
2000-2096
1974-2006 2000-2096
(B1)
(obs. climate)

30
30

30
30
30

6.3.2 Validation of the SWAT-model using multi-realization climate
prediction for the 20th–century reference period
The “multi-realization” SWAT-model is validated for the past 20th–century reference period by
using multi-realizations of the past rainfall, and maximum and minimum temperature as driving
input. . More specifically, using the daily climate generator 30 realizations of daily climate for the
past time period 1971-2006 from monthly-observed time series, as summarized in Table 6.10,
have been produced and used in SWAT to derive the multi-realization streamflow which is then
compared with the observed one at the three gauges (see Figure 6.2). This step the multirealization SWAT is listed as item 1.2 in Table 6.9, and it should be distinguished from the
direct SWAT validation with the observed climate data (item 1.1) carried out in the previous
section.
Table 6.10. Input- and output parameters for daily climate generation for use in the SWATsimulations.
parameter
Precipitation
Temperature
(Tmax , Tmin)

realization
24 sites x 30
realizations
4 sites x 30
realizations

primary input (of climate generation)
monthly mean precipitation
wet day probability
monthly average max temperature
monthly average min temperature
daily wet day

output for SWAT
daily precipitation
daily Tmax
daily Tmin

The daily climate generation is applied in conjunction the monthly multi-domain MLRdownscaling model (see Section 5.5) to synthetize 30 realizations of daily climate time-series for
precipitation and maximum and minimum temperatures (see item 1.3 in Table 6.9) for the
hydrologic simulation, where for future projections the three SRES-scenarios of Table 6.9 (item
2) are used. This multi-realization daily data is then employed in the SWAT- model to simulate a
30-realization streamflow.
The streamflow results of the multi-realization SWAT for years 1971-2006 - separated into the
calibration period 1974-1999 (for which the SWAT calibration parameters of the previously
calibrated standard SWAT-model have been used) and the 2000-2006 verification period - are
shown for the three gauge stations z4, z15 and z38, in Figure 6.8. Also plotted are the
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streamflows obtained with the standard SWAT-simulations (no. 1.1 in Table 6.9) in Section
6.2.2 that used the observed climate as input
As can be seen in Figure 6.8, the 30-realization streamflow (30 rlz sim), and its average, (avg 30
rlz sim), can simulate the extremes of from the observed streamflow (obs) better than the
standard SWAT (with the observed climate). This result exhibits the advantage of using the
multi-realization SWAT for simulating extreme streamflows, as the local observed climate series
cannot properly drive SWAT for such extreme events. Furthermore, the series of average values
of multi-realization streamflow (avg 30 rlz sim) provide similar fluctuation as standard SWAT
series.
In addition, the application of the multi-realization SWAT, driven not with realizations of
observed daily climate but with downscaled climate series, is likewise evaluated here. In this case
(item 1.3 in Table 6.9), the multi-domain MLR-downscaling model for monthly GCM-predictor
data is coupled with the daily climate generator (see Section 5.5) to generate daily climate input
series for the SWAT-simulation. The evaluation of this SWAT-variant is executed through the
verification years 2000-2006 by comparing it’s simulated streamflow series with that of the
standard (item 1.1) and of the multi-realization (item 1.2) SWAT- approach. Also, the GCMpredictors based on the SRES A2, which turns out to be the most appropriate climate scenario in
the beginning of the 21st-century (as exhibited in Chapter 3) have been selected in this SWATmodeling variant for preparing the downscaled/rescaled daily climate series for use in the
hydrological simulation.
The performances of the standard SWAT-, the multi-realization SWAT- and the downscaling
multi-realization SWAT- variants as measured by the residual errors in terms of ME, RMS and
NS are summarized in Table 6.11. The lower prediction skill when integrating the MLRdownscaling technique and the stochastic generation in the SWAT model is expected. Although
the SWAT-simulations associated with the two multi-realization options with observed data (2)
or downscaled predictors (3) are less reliable than the standard SWAT-model with directly
observed data (1), the performance of the former two is still acceptable (NS>0) or nearly
acceptable. In particular, the downscaling multi-realization SWAT (3) exhibits a fine performance
(NS>0.5) in generating streamflow at station z38.
The validation of the three SWAT-model variants is further examined for gauge site z38 by the
scatterplots between simulated and observed streamflow plots in Figure 6.9. One may notice
that the scatterplots of the standard SWAT (Figure 6.9a) and the multi-realization SWAT
(Figure 6.9b) are rather similar. This affirms that the latter SWAT-variant - using daily
resampled time series of monthly data - is capable to represent the streamflow discharge in the
study area. In addition, the prediction of the streamflow at high-flow by the downscaling multirealization SWAT-variant (Figure 6.9c) is surprisingly better than standard SWAT (Figure
6.9a), which is also reflected by the corresponding NS-values in Table 6.11.
The advantage of the multi-realization SWAT in describing extreme streamflow is further
examined by the scatterplots of Figure 6.10. The left panel of the figure shows the simulated
over observed streamflow for all 30 realizations and right panel the same but for the average of
these 30 realizations. One may notice that the low-flow streamflow (0-6 m3/s) is relatively well fit
by the average of the 30 realizations (right panel). However, the peaks and high-flow discharges
(>4 m3/s) are better simulated with the maximum streamflow realizations (left panel). Therefore,
extreme observed streamflows are better represented by also using the maximum values of the
realization-set. On the other hand, the low-flow is better mimicked by the average of the
streamflow realizations.
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Figure 6.8. 1971-2006 monthly observed and simulated streamflow at stream stations z4, z15
and z38, using multi-realization SWAT, with calibration- and verification periods 1974-1999 and
2000-2006, respectively.
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Table 6.11. Performance of SWAT in simulating observed streamflow at two streamgage
stations during years 2000-2006 using three scenarios for the SWAT-driving input climate.
model

downscaling

daily climate

NO

observation

NO

daily climate generator

YES

daily climate generator

1.standard SWAT
(observed daily climate)
2.multi-realization SWAT
(monthly observation + daily generator)
3.downscaling multi-realization SWAT
(monthly downscaling + daily generator)

site
z15
z38
z15
z38
z15
z38

model residuals
(m3/s)
ME
RMSE
-0.62
1.32
-0.42
1.34
-0.96
1.91
-0.69
1.54
-1.06
1.97
-0.38
1.18

NS
0.54
0.43
0.02
0.24
-0.05
0.55

Figure 6.9. Scatterplot of 2000-2006 monthly simulated over observed streamflow at streamgage
z38, using a) standard SWAT, b) multi-realization SWAT and c) downscaling multi-realization
SWAT (see also Table 6.11).
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Figure 6.10. Scatterplot of 1971-2006 monthly simulated over observed streamflow with 30
realizations (left panel) and average of 30 realizations (right panel) at streamgage z38, for
calibration period 1971-1999 and verification period 2000-2006.
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In conclusion, these results prove the ability of the downscaled multi-realization SWAT of
describing a wider range of climate variations than is possible by considering the observed
climate alone.
In conclusion, the results of Figure 6.10 exhibit that the multi-realization SWAT model can
describe both low- and peak-flow discharges in the study basin by incorporating the full range of
the stochastic daily climate realizations of the daily weather generator. These findings will be
further corroborated in the following section by a classical extreme value analysis of observed
and simulated streamflows.

6.3.3 Probability and extreme value analysis of multi-realization streamflow
The applicability of multi-realization SWAT in describing the statistical (distributional) attributes
of the observed streamflow is evaluated here, similar to the analysis of the hydro-climate series in
Section 2.5. The kernel densities and the empirical distribution functions of the multi-realization
and the observed streamflow at sites z4 and z38, which are located in the northern and southern
parts of the basin, are presented in Figure 6.11. Although the simulated monthly streamflow
distributions do not exactly match the observed ones, particularly, for low flows where the
simulated densities are significantly higher than the observed ones, the overall shapes of the two
are rather similar. The results shown in Figure 6.11 also demonstrate the bias of runoff
simulation at low flow (0 to 2 m3/s) due to the small size of rainfall events (realizations).
For a more quantitative description of the streamflow distributions generated, the bias (quantiles)
between observed and simulated streamflows is computed at different percentile–levels. This has
been done for the annual (total) streamflow and the seasonally separated ones. It is similar to
what has been effected in a previous Chapter. The results are listed, together with the mean and
SD of the simulated flow in Table 6.12. The average residual errors in producing mean and
median (50% percentile) values of streamflow are 0.97 and 0.54 m3/s respectively or 36% and
34% of observed values. As shown in percentile estimation, the residual in estimating
distribution the high residuals in present statistics values usually occur at the higher percentile at
monsoon season, which is commonly extreme value. Therefore, the evaluation of SWAT in
estimating extreme streamflow is consequently examined. Expectedly, the mean of the simulated
streamflow increases monotonously when going from the dry to the fully wet (monsoon2)
season.
The change of hydrological output at the extreme tails of the streamflow distributions can have a
great impact on the water resources (Katz and Brown 1992, Seidou et al. 2012), such as changing
the potential risk of droughts or floods (Das et al. 2011). As extreme climate events - the drivers
of extreme streamflow - are usually not well predicted by classical downscaling procedures, the
application of general extreme value theory has been proposed for remedy (Friederichs 2010).
Here the multi-realization SWAT model is employed to generate extreme streamflow. The
Generalized Extreme Value (GEV)- and the Gumbel-distributions, as introduced in Section 2.5.2
are then applied to the monthly streamflow series to estimate the frequency or the return-period
of extreme discharge events.
The two upper charts of Figure 6.12 show the exceedance of the 30 realizations of the
streamflow, its average, as well as of the observed streamflow as a function of the return-period
(the inverse of the annual probability), together with the fitted curves of the GEV- and Gumbel
distribution functions for the two stations z4 and z38, whereas the lower two panels show the
same for the maximum values of these 30 realizations. One may notice that whereas the fitted
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Kernel density estimation

z38

z4

Percentile plots

z38

z4

Figure 6.11. Kernel density- and empirical distribution function (percentile) plots of 1974-2006
monthly observed and SWAT- simulated streamflow at streamgages z4 (left panel) and z38 (right
panel), using 30-model realizations of the daily climate.
Table 6.12. Average annual (total) and seasonal streamgage biases (quantiles) at different
percentiles of the SWAT-simulated monthly streamflow distributions for the three streamgages.
The two right columns list mean and standard deviations of the simulated distributions.
mean absolute bias (observed-simulated) (m3/s)

percentile

season

annual
dry
pre-monsoon
monsoon1
monsoon2

5%
0.25
0.02
0.30
0.23
0.22

25%
0.37
0.25
0.57
0.37
0.87

50%
0.54
0.34
0.67
0.49
1.69

75%
1.52
0.48
1.51
1.06
3.18

95%
4.18
0.65
3.23
4.98
5.27

mean

SD

0.97
0.33
0.92
1.06
1.98

1.33
0.26
1.01
1.29
1.58
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30 realizations of streamflow
z4

z38

maximum values of 30 realizations

z4

z38

Figure 6.12. Exceedance - return period plots of 1974-2006 monthly observed and SWATsimulated (30 realizations) streamflow at streamgage z4 (left panel) and z38 (right panel) fitted
with GEV- and Gumbel- extreme value distributions. Upper and lower panels show distribution
fits using the average of all streamflow realizations (avg.rlz), and the maximum of the 30
realizations (max.rlz), respectively
averages (avg.rlz) of these 30 realizations exhibit still large differences from the corresponding
curves of the observed streamflow (upper two panels), the situation is much better when
considering the maximum generated streamflow values (max.rlz) (lower two panels)
Consequently, the maxima of the realized streamflow should be employed to describe the
exceedance-probabilities of the streamflow extremes in the study region.
The skill of the multi-realization SWAT generated maximum flows to describe the extreme
streamflow is evaluated by comparing the estimated discharges at specific return plots with those
of the observations. The results of this analysis are shown for return periods 2-, 5-, 10-, 20-, 50and 100-years in Table 6.13. Obviously, the GEV performs systematically better than the
Gumbel-extreme values distribution. Thus the bias of the GEV in estimating the extreme
streamflow at the 100-yr return period is 4.6, 5.9 and 0.2 m3/s or 26.7%, 40.6% and 2.1% at sites
z4, z15 and z38, respectively.
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Table 6.13. SWAT - multi-realization (using the maximum of the realized streamflow)
performance in estimating observed monthly extreme streamflow (exceedance value) at different
return periods assuming a GEV- and a Gumbel- extreme value distribution.
station
z4
z15
z38

2-yr
4.1
6.4
0.2

5-yr
5.6
7.3
0.3

mean absolute error (bias) of exceedance value (m3/s)
GEV
Gumbel
10-yr 20-yr 50-yr 100-yr
2-yr 5-yr 10-yr 20-yr 50-yr
5.7
5.5
5.0
4.6
2.4
5.2
7.0
8.8
11.1
7.2
7.0
6.4
5.9
5.6
8.2
9.9
11.5
13.6
0.2
0.1
0.1
0.2
0.3
0.2
0.6
1.0
1.4

100-yr
12.8
15.2
1.7

6.4 21st-century hydrological predictions with the projected
climate
To predict the future streamflow and other relevant hydrological components in the study basin
over the 21st-century, the downscaling multi-realization SWAT model, which incorporates future
daily climate data obtained by downscaling monthly GCM- climate predictors under the three
SRES scenarios (see Table 6.10) with the multi-domain MLR-monthly method (Chapter 3) and
subsequently resampling to daily series using the stochastic daily climate generator (see Section
5.5), is employed. By using this coupled methodology, SWAT can produce future multirealization streamflow and major hydrologic components, which should cover a wider range of
future possible hydrological variations than would be possible with a single realization approach.
The input parameters used in SWAT to achieve this goal, and the two consecutive procedures to
obtain the former, i.e. the association of MLR-monthly downscaling with daily climate
generation are summarized in Table 6.14.
Table 6.14. Climate series employed in the MLR-monthly downscaling, daily climate generation
and as input in the multi-realization SWAT simulations for the 21st-century.
MLR- downscaling
cal. 1971-1999
24 sites
3 scenarios
wet day probability 24 sites
3 scenarios
temperature
4 sites
3 scenarios
humidity
4 sites
3 scenarios

daily generation
cal. 1971-2006
24 sites
3 scenarios x 30 realizations
24 sites (for rainfall generation)
3 scenarios x 30 realizations
4 sites
3 scenarios x 30 realizations
-

solar radiation

-

climate
variable
precipitation

2 sites
3 scenarios

SWAT input
cal. 1974-2006
24 sites
3 scenarios x 30 realizations
4 sites
3 scenarios x 30 realizations
4 sites
3 scenarios
(use monthly average)
2 sites
3 scenarios
(use monthly average)

6.4.1 Hydrological predictions
In this section, the downscaling multi-realization SWAT model is applied to simulate the future
hydrological processes in the KY basin based on the projected 21st-century climate found in
Chapter3, following the setup mentioned in Table 6.14. Thus, 30 SWAT-realizations of the
projected climate are simulated for each of the three SRES, namely, A1B, A2 and B1.
Obviously, the major input variable in a hydrological simulation, in general, is the precipitation,
which, of course, holds also for the KY basin. By using the Thiessen polygon technique (see
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Figure 6.4), the station-predicted future annual rainfalls have been accumulated to get the total
annual rainfall which falls on the KY basin in the 21st-century for each of the three SRES
scenarios. The results are demonstrated in Figure 6.13, which shows the average precipitation of
the realizations for each SRES, together with the maximum and minimum realization of the
SRES-A2 realizations. As usual, the projection period of the rainfall (and also of the other
hydrological components discussed further down) = is divided into the 20c3m baseline period
1971-1999 (20c3m) and the future SRES-projection period 2000-2096.
It is noticeable from Figure 6.13 that the precipitation in the study area exhibits an increasing
trend in the beginning of the 20c3m-period and then slowly decreases after 1990 until the end of
the 21st-century. This is somewhat different from the general decreasing trend of the rainfall
obtained for the total 24 stations of the whole eastern seaboard - in which the KY-basin makes
up only a small portion - which is shown in Figure 3.26. At SRES A1B, the rainfall inside KY
basin at 21st-century exhibits the lowest intensity particularly at period 2040-2096. On another
hand, the trend in whole area of EST at 21st-century in Figure 3.26, which exhibit the increasing
trends, the SRES B1 exhibit the lowest intensity with slight increasing trend. The change and
trend of climate will be discussed in more detail in Chapter 7.
2000

annual precipiatrion (mm)

20c3m

SRES

1700

1400

20c3m.
max

A1B

A2

B1

obs

A2.max

A2.min

A2.max

B1

A2

1100
20c3m.min

A2.min

A1B

800

500
1970 1980 1990 2000 2010 2020 2030 2040 2050 2060 2070 2080 2090 2100
year
Figure 6.13. Average predicted annual precipitation in the Khlong Yai basin by using
downscaled 30-realization precipitation at baseline year 1971-1999 and SRES-projection year
2000-2096. The upper and lower value of 20c3m realizations (20c3m.max and 20c3m.min) and
SRES-A2 realizations (A2.max and A2.min) are given.

The precipitation (P) that has dropped on the KY watershed is subsequently converted into the
various hydrological components, i.e. ET, SOIL+SURF and PERC parts. The
evapotranspiration (ET) which transfers water into the gaseous /vapor phase is estimated from
the potential evapotranspiration (PET) using Eq. (6.4), by taking into account the available
water in the air, soil and water body. The residual water (P-ET) is stored on the land surface and
in the soil phase, where parts of the latter infiltrate into groundwater aquifer, by percolation
(PERC), is estimated by Eq. (6.10). This means that the remaining water available after
subtraction of the evapotranspiration and the percolation is the water effectively stored on the
surface and the soil zone (SOIL+SURF) can be estimated by the following water balance
equation:
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(6.13)
where

is the amount of rainfall representing the initial input and
,
and
are the volumes of distributed water in the ET, SOIL+SURF and PERC- compartments. .

The SWAT-simulated, 1971-2096 time-series of the various components of Eq. (6.13) are
presented in Figure 6.14. For the past 1974-2006-period for which observations have been
available, the simulated hydrologic series exhibit very similar trends, which shows that the
SWAT-model, using the downscaled climate, is able to describe these observed hydrologic series
in a satisfactory manner. One notices also from the figure that the decreasing trend in the
precipitation for the 21st-century prediction period (already mentioned above), leads also to a
corresponding and significant reduction of both PERC and SOIL+SURF. According to SRES
condition, the SRES A1B exhibits the potential of decreasing rainfall as well as soil water and
ground water recharge in KY basin at 21st-century, while the SRES A2 and B1 demonstrate the
slightly decreasing trends in rainfall and soil water.

6.4.2 Streamflow prediction
In this section the SWAT-simulated hydrological component runoff or streamflow are analyzed
in more detail. More specifically, following the procedures for the meteorological input in the
SWAT-model and of the calibration outlined in Table 6.14, future 30-realization SWATmonthly streamflow time-series are simulated.
The projected monthly streamflow series at streamgage station z38 obtained under the three
SRES- scenarios A1B, A2 and B1 are presented in the three panels of Figure 6.15. The 12month moving average trend lines indicate clearly that all three 21st–century streamflow timeseries have a decreasing trend. Moreover, although the average streamflow is rather decreasing in
the 21st–century, the scattered realizations of the projected streamflow marked by the dot-crosses
g indicate an extreme variations, i.e. there is the risk of floods in the future in that part of the
study area.
The three panels of Figure 6.16 demonstrate the average streamflow values of the 30 SWATrealizations, together with the 12-month moving average trend line for all three stations z4, z15
and z38. From these linear trend lines, one can notice that, as already shown, not only station
z38, but also the other two stations z4, z15 will experience slightly decreasing streamflow over
the 21st-century.
The average of the 1971-1999 (20c3m-reanalysis) and of the 21st-century projected streamflows
under the three SRES- scenarios of the three streamgages in the study area s is additionally
shown in Figure 6.17. One can notice a positive trend of the average streamflow during the last
decades of 20th-century, whereas in the first half of the 21st-century, on the other hand, the mean
predicted streamflow is rather constant during the first half of century, but continuously
decreases over the remainder of 21st-century for all three SRES, wherefore the decrease is the
stronger for SREA A1B. Although there is a consistent negative linear trend of the mean
discharge over the 21st-century, for some intermittent time periods, especially during 2020-2050,
higher peaks in the simulated streamflow are obtained, particularly for station z38 as shown
earlier in Figure 6.16c.
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Figure 6.14. 30-realization SWAT-simulated 1971-2096 annual time-series of the components of
hydrological cycle evapotranspiration (ET), soil and surface water (Soil+Surface) and percolation
(PERC) which sum up to the input precipitation, y separated into the 1971-1999 past reference
period (20c3m simulation) and future projection period 2000-2096 (SRES) for SRES A1B (top
panel), A2 (middle panel) and B1 (lower panel). Also shown are the corresponding SWATestimations using the (past) observed climate (xxx.obs.sim).
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Figure 6.15. 21st-century (2000-2096) monthly streamflow projection at streamgage station z38,
using 30 realizations (dots) of the downscaled climate predictor in the multi-realization SWATmodel, following SRES-scenario a) A1B, b) A2 and c) B1 .Also shown are the linear trend line
and the 12-month moving average curve.
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Figure 6.16. 1971-2000 (20c3m) observed- and simulated-, and 2001-2096 projected average (30
realizations) monthly streamflow at streamgage station a) z4 ,b) z15, and c) z38, following SRESscenarios A1B, A2 and B1.
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Figure 6.17. 12-month moving average and linear trends of the mean of 30-realizations simulated streamflow, and averaged over the three streamgages (z4, z15 and z38), for the 20c3m
past simulation period 1971-1999 and the projected 21st–century (2000-2096) period under the
three SRES- scenarios A1B, A2 and B1.

6.4.3 Future reservoir inflows
The reservoir flow regulation is determined by the outflow control as a function of predefined
storage and current storage. The SWAT- model estimates the reservoir’s water release, in order
to maintain the reservoir’s storage at a desired target level, which is generally called a “rule
curve”, and that can be described as (Neitsch et al. 2011):
(6.14)
where

denotes the volume of water flowing out of the water body during a given day,
is the volume of water stored in the reservoir,
is the target reservoir volume for that
day and
is the number of days required for the reservoir to reach its target storage. In
this study, the latter has been predefined by the monthly average reservoir storage which is
obtained from the mean observed monthly storage of the three main reservoirs during the time
period 1994-2010 and the number of days to reach the target is set to 15 days (Neitsch et al.
2011). In addition, water consumption is considered as a subtraction of water from the reservoir
by pipes and that is not released in the streams. The future water consumptions at the three main
reservoirs are estimated by average values of water use at these reservoirs, based on the historic
records of water consumption between 1994 and 2010.
By using the projected climate in the SWAT- hydrological simulations, the variation of the
streamflow that fills water into the three main reservoirs in the study area investigated under the
appropriate climate change conditions. The water budget, which is obtained from the water

245

6.4 21st-century hydrological predictions with the projected climate
balance equation after subtracting the water releases and the water losses from the reservoir, is
then used as an indicator of the potential reservoir storage. Since there has been no data
collection for actual inflow in the reservoirs available in the study region, the former is estimated
by the following water balance equation for the reservoir:
(6.15)
is the estimated volume of monthly inflow discharge,
is the
where
observed difference of the reservoir storage volume from the previous month,
is the
observed water consumption from reservoir in this month,
is the observed volume of
released water through the outlet, and
is the volume of water loss from the
reservoir that can calculated from the difference between the theoretical seepage and the
evapotranspiration:
(6.16)
where
is the theoretical volume of water lost by seepage, which can be estimated by Eq.
is the volume of water evaporated and it is estimated from the potential
(6.7), and
evapotranspiration, Eq. (6.4) and the reservoir’s water-surface area. Consequently, all variables
on the right hand side of Eq. (6.7) are known from historical records or by theory (Eq. (6.15)),
so that the reservoir’s inflow can be estimated.
By using SWAT’s reservoir function, the simulated water balance of the reservoir is calculated
from the simulated inflow-runoff and the precipitation falling on the reservoir:
(6.17)
is the monthly SWAT-simulate reservoir inflow,
is the
where
monthly runoff discharge into the reservoir and
is the precipitation that drops on the
water body or reservoir in that month.
Based on the theoretical elaborations above, the reservoir’s inflow
is
calibrated by the SWAT-model for years 1971-1999 (20c3m) on the observed / estimated
during years 1994-2010, and then the SWAT-model is used to predict the
future (2000-2096) reservoir’s inflow under SRES A1B, A2 and B1. In addition, inflows have
been likewise computed by SWAT, based on observed climate (in.obs.sim) during years 19712006. Consequently, there are three variants of simulated inflows, i.e., 1) downscaled simulated in
flow-in (in.20c3m/in.A1B/in.A2/in.B1), which describes the simulation of inflow by SWAT
using the downscaled climate for the 20c3m baseline (1971-1999) and SRES - projection (20002096) periods, 2) simulated inflows (in.obs.sim) or
), which is the SWATsimulation of inflow using the observed climate as driver and 3) estimated inflow-in (est. flow-in
or
), which denotes the estimation of inflow based on the reservoir’s operation
records. The SWAT model, which is calibrated over the 1974-2006 time period, is then
employed to generate the reservoir inflow in the NPL, KY and DK reservoirs, using 30
realizations of downscaled climate.
The three panels of Figure 6.18 show the various time series of the named reservoir inflow
variants for the three named reservoirs in the KY-basin. In addition, the means (*.mean) and the
upper and lower values of the realizations from all SRES- scenarios (rlz.max and rlz.min) are also
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plotted. Obviously, the estimated inflow (est. flow-in) in the NPL- and DK- reservoirs fluctuate
between max (rlz.mean) and mean (rlz.mean) values of the 30 realizations, whereby some values
of the estimated inflow touch the lower limits of the realizations (rlz.min). In addition, the
SWAT- simulation using the observed climate as driver (
) likewise, exhibit the
variation of the simulated inflow series to be between the rlz.max and rlz.mean series. It might
be noted that the KY-reservoir started operating only in year 2005, which means that there is
only a short record data available for the inflow validation for that reservoir. However, the
inflow of the KY-reservoir is rather fluctuating according to the rlz.max and rlz.min series
realizations. Therefore, in this study, the projected inflow of the reservoirs uses rlz.max, rlz.mean
and rlz.min in presenting the range of the future water availability in the Khlong Yai basin.
According to the trends of the future projected inflow series noticeable from Figure 6.18, the
inflow by the end of the 21st-century will be much lower than that of the 20th-century and of the
first half of the 21st-century.
Even though the inflowing water is the primary variable to be considered for the estimation of
the water budget, which supplies the eastern seaboard, the actually available water for
consumption must also consider the losses from the reservoir, i.e.
(6.18)
where
is the volume of water in the reservoir storage available for consumption and
is the volume of the reservoir inflow computed as
release by the outlet and the spillway,
discussed, and
is the natural loss of water from the reservoir Eq. (6.16).
Concerning to calculation of water residual in reservoir, the flow-in which is subtracted by
natural loss as shown in the lower part (loss) of area chart in Figure 6.19 subsequently provide
the remaining water body for the reservoir budget as exhibited in the upper part (budget) of the
chart. According to the long trend series, the lower part of the Figure 6.19, which is water loss,
is nearly constant, while the fluctuation of available water budget generally varied with flow-in as
shown by the upper line series (in).
Using Eq. (6.18) and the values of the inflow calculated from 30 realizations of the downscaling
multi-realization SWAT model, the volumes of the water budget
have been computed.
The results are summarized in Table 6.15, where the linear changes of the inflow (
) and
of the available water budget (
) are listed and compared with the SWAT- simulated
inflow using observed climate data (
). More specifically, three approaches for
calculating the changes by the multi-realization SWAT simulation, i.e., maximum, mean and
minimum values of 30 realizations, are examined as shown in Table 6.15. Since the change of
the inflow using the mean of the realizations (rlz.mean) and of the water budget using the
minimum of the realization (rlz.min) are best in describing the flow trends as being the closest to
the observed trends, rlz.mean and rlz.min are applied to present the change of
and
st
over the 21 -century. This can also show the applicability of the multi-realization
hydrological components to represent the trends of hydrological change. In fact, results of these
30-realization hydrological series are further analysed in the subsequent chapter to quantify the
future water budget at the three main reservoirs in the KY- basin.
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Figure 6.18. Annual SWAT-simulated reservoir inflows in the KY, NPL and DK reservoirs for
the past 1971-1999 period (in.20c3m) and the future 2000-2096 period under the three SRES
scenarios (in.A1B, in.A2 and in.B1). Also shown are the maximum/minimum inflows of the
realizations of all SRES scenarios (rlz.max/rlz.min). est. inflow and in.obs.sim denote the
estimations of the inflow by using estimated and SWAT-simulated data with the observed
climate in the water balance equations (6.15) and (6.17), respectively.
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Figure 6.19. Amount of flow-in and water loss at Nong Plalai reservoir (NPL) by SWAT
simulation using mean of 30-realization showing 20c3m simulation year 1971-1999 and SRES
projection year 2000-2096.
Table 6.15. Linear rates of change of inflow and residual water budget
for the NPLand DK- reservoirs during 1975-1999 as simulated by the maximum, mean and minimum values
of the multi-realization SWAT simulations (20c3m), as well as SWAT – simulated inflow using
the observed climate (
).
flow
inflow
budget

linear rates of change of average annual volume (×106 m3/year)
20c3m
by rlz.max
by rlz.mean
by rlz.min
NPL
DK
NPL
DK
NPL
DK
NPL
DK
-2.5
-4.5
+4.2
-0.8
-2.9
-3.5
-11.8
-6.9
-11.7
-5.7
+1.4
-0.8
-4.5
-2.8
-9.9
-5.1

*noted that the best description of flow-in and residual water are highlighted in bold italics.
**KY reservoir is not available in 20c3m period (operation started in year 2005)

6.5 Summary of the hydrological study
In this chapter, the results of the downscaled long-term climate projections are employed to
simulate the rainfall-runoff- and other hydrological processes by using the SWAT-model, which
is physically based distributed watershed numerical model. By using the digital elevation model
(DEM), the Khlong Yai (KY) basin which is the focus watershed of the present study and which
comprise three major storage reservoirs; Nong Plalai (NPL), Khlong Yai (KY) and Dok Krai
(DK) reservoirs are delimitated and divided further into 12 subbasins. The SWAT –model
compiles land and soil properties as well as precipitation and other climate variables in the study
area, i.e. maximum and minimum temperatures, humidity and solar radiation, to formulate the
rainfall-runoff simulation model. In addition, the Thiessen polygon technique is used to estimate
the rainfall amount in each subbasin. Three streamgages inside the basin provide the run-off data
for years 1974-2006 for calibration of the watershed model.
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A sensitivity analysis is applied to calculate the sensitivity score for each SWAT- calibration
parameter, based on the effect of a parameter on the streamflow discharge which is the primary
output variable in SWAT. The eight top-sensitive parameters are used in the subsequent model
calibration. The watershed model of KY basin is calibrated and verified by historic streamflow
by 50%:50% data-separation and using an autocalibration technique based on the PARASOL
method. The resulting best fitting calibration parameters from PARASOL are then further finetuned manually. The validation of SWAT- model delivers NS>0.5, i.e. must be considered as
very satisfactory.
The future daily climate series, which are downscaled from GCMs (see Chapter 3) and
consequently resampled into daily time-series (see Chapter 5), are then employed in the SWATmodel to project the hydrological situation over the 21st-century. By resampling of the monthly
climate series into 30 realizations of daily-series using the newly developed daily climate
generator, SWAT-model subsequently generates 30 realizations of streamflow and other
hydrological components. This multi-realization SWAT- simulation is employed to investigate
the future possible changes in the hydrology by generating multi-realizations of future
streamflow and other hydrological components. The streamflow finally obtained from the multirealization SWAT-model is further analyzed in terms of its distributional properties Thus of the
multi-realization streamflow distribution turns out to be similar to the observed one. Moreover,
the extreme values of the streamflow are well predicted by the corresponding extreme values of
the streamflow realizations.
Subsequently the effects of climate change on over the various hydrological components in the
study area are analyzed from the results of downscaling multi-realization SWAT-simulations
using the projected climate for the 2000-2096 time period, based on SRES- scenarios A1B, A2
and B1 as input drivers in SWAT. The validation of the projected streamflow is executed for
years 2000-2006 and exhibits a good performance, which provides some confidence in the trends
of future streamflow, especially the distribution of extreme streamflow, obtained by the SWATsimulations. Thus, the projected streamflow variations show a decreasing trend in the 21stcentury. However, for some intermittent future periods years, especially during 2020-2050,
higher peaks of the projected streamflow are obtained
Since the potential of lower or higher future streamflow can have to possible impacts on the
water resources in the region in the future, the effects of the hydrological changes on the water
supply in terms of reservoir storages are further demonstrated. The inflows and the water budget
of the three reservoirs in the KY-basin are calculated by means of a water balance analysis of the
reservoir based on a reservoir rule-curve using historic storage data. The rainfall, runoff,
evaporation and seepage are then employed for the estimation of the inflows and the losses of
the three reservoirs. In the following chapter the future 21st-century water balances in the
reservoirs of the KY-basin and their trends are further analyzed using the results of the
downscaling multi-realization SWAT-simulations.
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Chapter 7
7 Analysis of climate change and its impact on the
water resources in the EST
By applying the various climate downscaling models, daily climate generation, and the SWAT
rainfall-runoff model developed in the previous chapters, the possible changes of the recent and
future climate and its potential impact on the water resources in the eastern seaboard of Thailand
(EST) are assessed in this chapter. The analysis of the effects of this climate change is separated
into two parts, 1) investigation of the trend of the future climate and, 2) the impacts of the latter
on the hydrological components and the water supply. The first task involves a statistical analysis
of the 21st–century projected climate, whereas in the second task the surface water model is used
to evaluate the impacts of these climate changes on the runoff yield and the consequences on the
surface water supply of the EST and the Khlong Yai basin.

7.1 Introduction and literature review
Recent and future climate change will have signiﬁcant impacts on the environment, economy
and social behavior for many regions of the world (Katz 2002, Peel et al. 2004). Such long-term
variations of the climate manifest themselves in various forms, such as by extreme weather,
seasonal shifts and changes of the weather pattern and less or heavier rainfall (Solomon et al.
2007). Consequently, the study of the climatic fluctuations is carried out here by putting the
emphasis on the analysis of the variations in the mean, the extremes and the distributions. In
addition, the temporal and spatial changes as well as the alterations of the probability
distributions of the climate series over the 21st-century are examined by comparing them with the
recent climate state at end of the 20th-century.
With regard to the hydrological impacts of climate change, variations of water resources and,
especially, of the surface water supply, are the components mostly affected by this phenomenon
(Arnell 1999, Zhang et al. 2011a). Moreover, although the effects of climate change on water
resources are felt increasingly, the current water resources management is often not able to
handle this situation, as it requires improved information about the climate variability (Bates et
al. 2008). Consequently, the changes in temperature, precipitation, humidity and solar radiation
found in Chapter 3 are applied here in the impact assessment on the hydrologic system. This
impact study is an application of the climate predictions (see Chapter 3) to convert climate
scenarios into a climate-hydrology transfer model that can be applied to describe the variation of
the responding hydrologic components (Gates 1984, Lamb 1987, Robinson and Finkelstein
1990). Since the potential impacts of climatic change on streamflow and water resources can be
investigated by means of the SWAT-model (Muttiah and Wurbs 2002, Thomson et al. 2003,
Githui et al. 2009), it’s simulated hydrological series – using the projected climate as input (see
Section 6.4) – that are employed in this section to exhibit the ensuing changes in the streamflow
and other related hydrologic components.

251

7.2 Potential trends of change
The impact assessment is carried out in two steps, i.e. change of climate and effects on water
resources. The former is obtained from the results of the climate downscaling of Chapter 3,
while the latter is based on the interpretation of the water supply potential derived from the
hydrological simulations in Chapter 6. The downscaled climate for the period 2000-2096,
calibrated by 20c3m data from years 1971-1999, is used to present the variations of the climate
and to drive the hydrological simulation over the 21st-century. This climate and hydrologic data is
separated in two sub-periods, i.e. 1) baseline period (year 1971-1999) and 2) SRES period (20002096) which is divided into SRES A1B, A2 and B1 scenarios. In addition, the variations of the
climate and of the streamflow for the baseline period (1971-1999) are compared with the
corresponding observed ones, and so to evaluate the ability of the downscaled climate of
representing observed changes.
The future change of climate and its impact are expressed in terms of trends and other statistical
attributes over the whole 21st-century, as well by shorter future periods, by comparing them with
the 1971-1999 baseline climate. These results should serve as guidelines for climate-change
adaptation, which is the ultimate goal of this analysis.

7.2 Potential trends of change
Climate change in southeast Asia, where Thailand is located, presents itself in very diverse
manners (Giorgi et al. 2001, Ruosteenoja et al. 2006, Solomon et al. 2007). Thus, the potential
change of precipitation over the 21st-century is locally different in that part of the world
(McGregor et al. 1998, AIACC 2004), for example, the mean rainfall potentially decreases in
Indonesia (Boer and Faqih 2004), whereas it tends to increase through an increase of tropical
cyclone in the northern part of the southeast Asian (Walsh 2004), due an increased intensity of
precipitation and winds from the northwest Pacific (Knutson et al. 2001). Because of these large
regional differences, the examination of trends of the regional climate over the study area must
also be investigated locally.

7.2.1 Temporal changes and trends
The changes and trends of the climate series, i.e. a) monthly temperature (Tmax and Tmin) b)
monthly precipitation (PCP), c) probability of wet day (%Wet), d) humidity (HMD) and e) solar
radiation (SLR) from 4 meteorological and 24 precipitation sites are used to present the climate
change in the Khlong Yai basin. The all-station-average variation of these climate series has
already been exhibited in Figure 3.26. Here, the variations of the monthly precipitation and of
the temperature at the two pilot stations (TMP48459 and PCP459201) are shown, together with
estimated trend lines in Figure 7.1. Although the variation of the maximum temperature in
Figure 7.1a indicates a clear increasing trend for the 2000-2096 period for each SRES- scenario,
for the minimum temperature, which is fluctuating more, the situation is less clear. The same
holds for the precipitation (Figure 7.1b), which has no visible trend, although it appears to
decrease somewhat by the end of the 21st-century.
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Figure 7.1. Time-series of a) monthly temperature at station 48459 and b) monthly precipitation
at station 48092 showing observation (obs) year 1971-2006 and simulated climate year 1971-1999
(20c3m) and projected SRES scenarios (A1B, A2 and B1) in year 2000-2096. Also shown are 12month moving average- and linear trend lines for reference- and prediction period.
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Using least-squares linear regression (see Section 2.4.2), the slopes of the linear trend lines have
been computed for the climate series of all climate stations in the study region and then
averaged. From this average slope, the decadal rate of change of a climate variable has been
computed separately for 1) baseline period (1971-1999), 2) first half of 21st-century (2000-2049)
and 3) entire 21st-century (2000-2096). The results are listed in Table 7.1 which shows that the
20c3m-baseline-period (1971-1999)- predicted decadal rates of change of the various climate
series, i.e. Tmax, Tmin, PCP, %Wet and streamflow are similar to the estimated changes of the
corresponding observed series. This holds particularly well for the downscaled temperature and
precipitation, as was already noticeable from Figure 7.1. It might be noted that, since the SLRand HMD- data has only been available for years 1981-1999, the poor calibration of the 20c3msimulation of these two variables does not allow for a clear distinction a changing trend for this
baseline period. However, as seen by from series of the simulated SLR and HMD in Figure 3.27
and Figure 3.28, the 20c3m-simulation can well describe their variations in the baseline period,
so these downscaled climate series are further projected to identify their changes in the 21 stcentury.
For the two projected future periods, Table 7.1 exhibits general increasing trends for the
temperature for each SRES- scenario, with rates between 0.11 and 0.33°C/decade, and for
rainfall with rates between close to 0 and 0.3 mm/day/decade. On the other hand, the
probability of rainfall occurrence is decreasing by a rate of -0.43-0.62%/decade. This means,
essentially, that the daily precipitation will tend to be more extreme, i.e. heavier storm and/or
longer droughts are to be expected in the future. On the other hand, as shown in the last row of
the table, with the increasing temperature and more extreme rainfall, there goes hand in hand a
decreasing SWAT-simulated streamflow of - 0.02-0.08 m3/s/decade. This instrumental result will
be further discussed in Section 7.4, as it has strong ramifications on the future water resources in
the study region.
From the separation of the trend computations into the two future periods, i.e. 1) the first half of
the 21st-century (2000-2049) and 2) the entire 21st-century (2000-2096), as listed in Table 7.1, one
can observe that for SRES A1B and A2 the changes of the climate are slower at the beginning of
the 21st-century than for entire century. This means that the impacts of these two strongemission (more CO2) scenarios (promoting industrial development until the middle of this
century) are still felt well into the second half of this century. On the other hand, the more
benevolent scenario B1 results also in both a slower increase of the temperature and a slower
decrease of the precipitation for the two time periods considered.
Table 7.1. Average decadal linear trends in the monthly climate series (and streamflow) for all
climate stations in the EST for the baseline period 1971-1999 and the two future projected
periods, 2000-2048 and 2000-2096 under the three SRES- scenarios.
predictand

unit

Tmax
°C
Tmin
°C
HMD*
%
SLR*
MJ/m2
PCP
mm/day
%Wet %(day/day)
Streamflow** m3/s

20th
cent.
avg.
32.2
24.5
75.8
18.0
3.5
31.3
2.7

changing rate per decade (unit/decade)
1971-1999
2000-2049
2000-2096
obs. 20c3m
A1B
A2
B1
A1B
A2
B1
+0.53 +0.29
+0.25 +0.26 +0.14
+0.33 +0.33 +0.11
+0.30 +0.23
+0.16 +0.14 +0.10
+0.24 +0.15 +0.07
-0.48* +0.03
-0.60 -0.35 -0.33
-0.84 -0.62 -0.31
-0.80* +0.07
-0.03 -0.08 -0.06
-0.00 -0.11 -0.05
+0.37 +0.25
+0.07 +0.07 +0.05
+0.09 +0.16 +0.02
-1.7
-0.4
-0.6
-0.4
-1.0
-0.8
-0.6
-0.7
-0.06 -0.22
-0.04 -0.03 +0.00
-0.08 -0.06 -0.02

*HMD- and SLR- observations are available only in 1981-1999,
**Streamflow has incomplete data and trends are obtained from available data in 1974-2006.
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These trends are compared with those of the study of Singhrattna and Singh (2011), who
downscaled climate predictors over the 21st-century using a k-nearest neighbor model at the
upper central part of Thailand, about 400-km north of the present study area. Their results
indicate an increase of the future temperatures varying between 1.7 and 3.5°C under the A2- and
B2- scenarios, i.e. which is similar to what is found here. Regarding the rainfall, which was shown
to be decreasing by these authors, with the strongest decrease occurring under scenario B2, this
is more or less in agreement with the here-predicted rainfall at station 48092 (see Figure 7.1),
located in the middle of the KY-basin, but differs slightly from the station average for the whole
EST as indicated in Table 7.1, which is slightly increasing. Agreement between the results of
Singhrattna and Singh (2011) and of this study is also obtained for the future dry probability,
which is larger for A2 and B2 than for B1. The results found here may also be contrasted with
the downscaled climate predictions of Aksornsingcha and Chutime (2011) for northeast Thailand
who showed that the rainfall is slightly decreasing during years 2010-2020.
To see how the future climate in the study region changes seasonally, the trend analysis is carried
out separately over the four seasons (dry, pre-monsoon, first monsoon and second monsoon)
using a 4-season scheme, as done already in previous chapters. As shown in Figure 7.2, the
trends of the various seasonal climate variables obtained for the 20c3m reference period 19711999 are nearly similar to those of the observed ones.
For the 21st-century, the seasonal variations of the maximum temperature exhibit the largest
increasing trends for the dry and second monsoon seasons, whereas the minimum temperature is
overall increasing at slower rate, with the largest increase occurring in the pre-monsoon season,
for which, on the other hand, the maximum temperature is increasing less. From these trends it
may be concluded that in the future the temperature variation will be smaller in the premonsoon-, but much more extreme in the dry and monsoon seasons.
With regard to the seasonal precipitation, Figure 7.2c shows that the latter is increasing the
most in the monsoon seasons, particularly, for SRES A1B, whereas it is a bit decreasing or nearly
constant in the dry season. From these trends one can infer that the mean precipitation in the
study area over the 21st-century will be higher in the wet season, but will be even less in the dry
season, which essentially means that the rainfall will be distributed more unevenly over the whole
year. This will have, in turn, consequences for the future management of the water resources in
the region, as will be discussed later.
To evaluate the statistical significances of the various climate trends established above further,
the regular and the seasonal Mann-Kendall trend test (Mann 1945, Kendall 1970) are applied to
the 2000-2096 projected climate series of the various stations in the study region (see Section
2.4.2). The results are summarized for the three SRES- scenarios in the three panels of Figure
7.3, wherefore the percentage of stations experiencing a positive or negative trend - for which
the H0 -hypothesis of no trend has been rejected based on an insignificant size of the p-value - is
plotted. The figure shows a similar pattern for the annual trend of the rainfall for the scenarios
A1B and B1, with the majority of stations exhibiting a decreasing trend, while for A2 the
opposite is true.
For the seasonal Mann-Kendall trend tests, the two monsoon seasons show consistent positive
trends for the future precipitation. On the other hand, the dry season will obtain significantly less
rainfall in the future, especially, under the B1-scenario.
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Figure 7.2. Decadal linear trend changes of the monthly mean 4-site a) minimum, b) maximum
temperature and c) 24-site precipitation, for baseline period 1971-1999 and projected periods
2000-2049 and 2000-2096 under the three SRES- scenarios.
These results of the Mann-Kendall tests for the future rainfall clearly support the findings of the
previous paragraph, i.e. that significantly more rain will occur in the wet and less in the dry
season (see Figure 7.2c). However, the tests also show that both increasing and decreasing
rainfalls are possibly experienced in the study area, depending on the SRES scenario. In addition,
as the conclusions from the Mann-Kendall tests have been drawn based on the outcome for the
various climate stations across the region (see Figure 7.3), there is evidence that the climate will
likewise vary over the study area. This will be further examined in the next section.
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Figure 7.3. Percentage of the total of 24 stations having either a higher (positive) or lower
(negative) trend for the 2000-2096 projected annual and seasonal rainfall the three SRESscenarios, according to the results of the Mann-Kendall trend test.

7.2.2 Spatial distribution changes
When considering the effects of climate change, it is also necessary to examine the spatial climate
variations of temperature and rainfall across a region (Toros 2011). Moreover, the analysis of the
spatial variation of the rainfall (Olukayode Oladipo 1985) is also useful for the indication of areas
of potential drought risks (Palmer 1965) and flood (Bhalme and Mooley 1980).
The Mann-Kendall trend tests discussed above (see Figure 7.3) exhibit both increasing and
decreasing trend directions, depending on the station in the study region. This is further
examined in this paragraph, by mapping the spatial distribution of the increasing and decreasing
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trend zones of the temperature and rainfall based on the computed trend values at the 24
precipitation gauges and 4 climate stations scattered over the EST region and using the IDW
method (see Section 2.4.3).
The results of this spatial analysis are shown in Figure 7.4 to Figure 7.7. Figure 7.4 illustrates
the distributions of the observed and MLR- monthly downscaled (20c3m) temperature- and
rainfall trends for the baseline period (1971-1999). It should be noted that because of only four
sampling points available for rendering the two temperature distributions, the latter are probably
not representative for the whole study area. Even though the trend rates of the predicted climate
series do not exactly match those of the observed one, the general spatial pattern agree overall,
i.e. Tmax is increasing over the entire area, Tmin is increasing in the north and nearly constant in
the south.. The PCP is mostly increasing in the east and southeast, while it is nearly constant or
even decreasing in the northwest of the study area. Moreover, the 20th-century change of the
rainfall distribution (Figure 7.4c) demonstrates a decrease of in the upstream portions of the
KY basin while the downstream area has gained more rainfall. This means, on one hand, that
less water is accumulated in the reservoirs which are located upstream and, on the other hand,
that the higher rainfall intensity downstream of the reservoirs, which cannot be regulated by the
dams has been more prone to uncontrolled floods in the recent past..
The same technique is employed to present the spatial pattern of changes in the projected
climate time series for the 2000-2096 period in Figure 7.5 and Figure 7.6. The trends of the
maximum and minimum temperature as a function of the SRES- scenario in Figure 7.5 indicate
a fast increasing temperature zone the north and south of the study area for the A1B scenario,
whereas A2 and B1 exhibit a uniform increasing trend all across the region. The same trends are
demonstrated for the minimum temperature, wherefore A1B leads to faster increase of the latter
in the north while the trend increase is rather uniform for A2 and B1.
As for the spatial trend of the precipitation over the 21st-century shown in Figure 7.6 for the
first half of the 21st-century (2000-2049) a major increasing trend of this climate variable, with a
small decreasing trend in the west and northwest of the study area is observed. When
considering the entire 21st-century (2000-2096), the general trend is similar to the 2000-2049
trend. In addition, for the A1B and B1 scenarios, the decreasing trends extend into the Khlong
Yai watershed, particularly, in its northern part where the reservoirs are located, which essentially
means that there will be less water available in the future to support the reservoir’s storage..
In Figure 7.7, the 10-year annual average rainfall isohyets of the 20th-century decade 1980-1989
is compared with those of the future 21st-century decade 2080-2089 obtained with the three
SRES scenarios investigated. Compared with the past 1990s rainfall, every climate scenario
provides less future rainfall one century later in the northern and western parts of the study area
whereas the former stays more or less invariant in the eastern part. Moreover, for the B1
scenario, the future rainfall will be decreasing over almost the entire KY basin, whereas A1B and
A2 produce little less rainfall only in the northern area of the study region, i.e. north of the
Khlong Yai watershed.
In conclusion, although an increasing future precipitation over the majority of the KYwatershed has been widely demonstrated earlier (see Figure 7.6) these zones are mostly located
in the southern part of the basin, which lacks reservoir. On the other hand, the decreasing
rainfall predicted for the future mainly in the upstream zones of the basin will then lead to less
surface water being available for reservoir storage there. This issue will be further examined in
Section 7.4.
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Downscaling
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c) precipitation
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Figure 7.4. Distributions of the observed (left panels) and of MLR-downscaled (right panels)
maximum (a), minimum (b), temperature and precipitation (c) for the 1971-1999 reference
period.
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Figure 7.5. Changes of projected maximum (left panels) and minimum (right panels)
temperatures for the future period 2000-2096 under IPCC SRES A1B (a), A2 (b) and B1 (c).
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year 2000-2049

year 2000-2096
a) SRES A1B

b) SRES A2

c) SRES B1

Figure 7.6. Changes of projected precipitation for future periods 2000-2049 (left panels) and
2000-2096 (right panels) under IPCC SRES A1B (a), A2 (b) and B1 (c).
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a) sim. 1990s

b) A1B 2080s

c) A2 2080s

d) B1 2080s

scale interval : 100 mm/year

Figure 7.7. Spatial distributions of 10-year average annual precipitation of 24 stations at the end
of the 20th-century (1990-1999) (a), and at the end of the 21st-century (years 2080-2089), under
SRES A1B (b), A2 (c) and B1 (d).

7.3 Potential changes in the probability distributions
Since variations of the future climate do not only manifest themselves in terms of mean values,
but also by changes of the frequency, distribution and extremes of the climate series (Solomon et
al. 2007, Hingray et al. 2007, Rodrigo 2009), an investigation of the latter is done in this section.
To estimate the changes in the probability distributions of the future climate, the empirical
probability distributions of the downscaled future climate are analyzed first (e.g. Collins 2007,
Manning et al. 2009, Chen et al. 2011, Pierce et al. 2012) which are subsequently fitted by
theoretical distributions. From the changes in the probabilities and the percentiles (quantiles) of
the future climate, these changes (Pierce et al. 2012) are characterized. The impacts on the water
resources are investigated in the same manner (Chen et al. 2011, Salathé 2005). Eventually this
distribution analysis will provide useful information for risk management and adaptive planning
(e.g. Anderson et al. 2008; Brekke et al. 2009).
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7.3.1 Probability distributions of future climate and streamflow
Even though the major parameters for quantifying climate change deal with the variations of the
magnitude, such as higher temperature or less rainfall, the investigation of the changes in the
mean magnitude is not enough for the assessment of climate change impacts (Hingray et al.
2007). In fact, the understanding of the changes of the climate’s variability, namely, its extremes,
is often more important than just the changes in the averages themselves (Katz and Brown 1992,
Räisänen 2002, Schär et al. 2004). For example, changes in the probability distribution of the
precipitation can shed some light on the variation in terms of light or heavy precipitation, i.e. the
extremes, (Schlünzen et al. 2010) such as the chance of droughts (McKee et al. 1993, Kasei et al.
2010) of floods, respectively.
The examination of the predicted climate change under the three SRES A1B, A2 and B1 is done
in this paragraph by means of kernel density plots, similar to what has been done in Section 2.5.1
for the observed past climate and in Section 5.5. for the past downscaled climate The kernel
density plots of the future downscaled climate series under the named SRES and the various
20th–century periods considered (2000-2049 and 2000-2096) and of the ensuing future
streamflow are shown in Figure 7.8 and Figure 7.9, respectively. For comparison, the density
distributions for the past observed data (years 1971-1999) as well as of with the baseline 20c3m
simulations are also plotted.
In Figure 7.8, the distribution curve of the future maximum temperature exhibits a change by
shifting the mean to a warmer temperature for both 20th–century periods. In addition, the A1B
and A2 scenarios exhibit a larger deviation for the 2000-2096 period by showing a wider base of
the bell-shaped density curve. For the minimum temperature, the density distribution exhibits
two peaks at 21°C and 26°C for the paste period 1971-1999. For the 2000-2096 period, the
highest peak is still at the same temperature but occurs lesser frequently than in 20th-century and
the lower peak is shifted to warmer temperature. In addition, the right tails (high temperatures)
of Tmax and Tmin for the 2000-2096 period are extended to higher degree which means that
there are much more events with higher temperature in the future than have been in the 20 thcentury.
The distributions of the precipitation intensity (PCP) and the occurrence (%Wet) are also
exhibited in Figure 7.8. One many notice that for the 2000-2049 and 2000-2096 periods the
PCP- distributions have similar shapes as those of 20th–century, however, the frequency of future
low-intensity rainfall (close to zero) is decreasing for every SRES- scenario. In addition, a small
increase of high intensity rainfall is found in the 21st-century for SRES A1B and B1. These
changes of the rainfall distributions may lead to much stronger storms and less small storms in
the future.
In addition, the probability plots of the future rainfall occurrence (wet rate) in Figure 7.8
indicate that low wet rates are much more frequent in the 21st- than in the 20th-century. This
frequency change may lead to longer dry periods, wherefore, the rate close to 0% is especially
increased in the distribution for the 2000-2096 time period. Moreover, the wet rate between 2050% will be decreased in the future while the high wet-rate (>50%) is similar to that of the 21stcentury. These changes in the probability of rainfall occurrence in the 21st-century demonstrate
that longer dry spells might happen whereas the wet spells do not vary much compared with the
1971-1999 reference period. Eventually this means that there will be higher future risks for
drought disaster in the study region.
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Figure 7.8. Kernel density plots of monthly maximum (Tmax) and minimum (Tmin)
temperature, precipitation intensity (PCP) and precipitation occurrence (%Wet) at station 48478
for 1971-1999 observed (obs.), 1971-1999 downscaled (sim. 20c3m) and future downscaled data
using SRES A1B, A2 and B1, for periods 2000-2049 (left panels) and 2000-2096 (right panels).
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streamflow at z38
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Figure 7.9. Kernel density plots of runoff at station Z4 and Z38 for past observed 20th century
data (obs. 1971-1999), downscaled 1971-1999 SWAT- predictions (sim. 20c3m) and future
SWAT-projections following SRES scenarios A1B, A2 and B1 for periods 2000-2049 (left
panels) and 2000-2096 (right panels).
The probability distributions of the streamflow discharge in the KY basin for gauge stations z4
and z38 are presented in Figure 7.9. The change of runoff rate in the 21st-century is clearly
demonstrated by the higher frequency of low-discharge streamflow. Moreover, the high flow or
extreme runoff will occur less frequently. These changes of the streamflow hint of the chance of
longer low-flow periods leading to droughts or insufficient water supply in the 21st century.
In the following section, the extremes observed so far only qualitatively from the density plots of
the multi-realization rainfall and streamflow are further investigated.

7.3.2 Extreme-event behavior of future rainfall and streamflow
Since the impact of climate change on water activities highly depends on the extreme events
(Hingray et al. 2007), analyses of the changes in the frequency of occurrence of extreme weather,
such as heavy rain or extreme temperature, are crucial (Mearns et al. 1997, Goodess et al. 2001).
For the wet season, in particular, it is important to quantify the upper extreme values of rainfall
in the wake of climate change as they may indicate the frequency of floods (Reynard et al. 2005).
To assess changes in extreme rainfall, probability distributions of daily observed or downscaled
extreme rainfall are usually fitted by specific extreme-value distributions (Friederichs 2010,
Hashmi et al. 2011, Huang et al. 2012). As discussed in Section 2.5.2, the GEV and the Gumbel
models turn out to be best for fitting the extreme-value distributions of the climate series and of
the streamflow in the study area. From the quantiles q(p) for a given exceedance- probability p
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a) 20c3m
1971-1999

b) SRES A1B
2000-2096

c) SRES A2
2000-2096

d) SRES B1
2000-2096

Figure 7.10. Extreme-value (exceedance) daily precipitation at station 48092 as a function of the
return period, using GEV and Gumbel models on 20c3m simulation (1971-1999) (a) and
projected future rainfall (2000-2096) based on SRES A1B (b) A2 (c) and B1 (d) year 2000-2096.
“observed”, and “obs()”, in all four panels refer to 1971-1999 observed data. “max.rlz()” denotes
the fit to the most extreme realizations (largest exceedance values).
which is the inverse of the return period T, i.e. T=1/p, daily extreme values are generated. The
results of the extreme value analysis of the rainfall at station 48092, which is located in the
middle of KY basin, are shown for the 1971-1999 baseline (20c3m) period and the future period
2000-2096, following SRES A1B, A2 and B1, in the four panels of Figure 7.10, respectively.
From the fitted extreme values using either the Gumbel or the GEV- model one can notice that
the curves of the observed precipitation and the 20c3m simulation baseline for years 1971-1999
(Figure 7.10a) provide nearly-similar extreme-probabilities which show the ability of the multirealization precipitation to describe the extreme events. The extreme-value fitted curves of the
largest exceedance values for a given T of the 30 realization (shown by the blue crosses), and
denoted by “max.rlz ()” of the projected precipitation following SRES A1B, A2 and B1 in
Figure 7.10b to Figure 7.10d. It can be directly compared with 20th century “observed” data and
the corresponding fits “obs(GEV)” and “obs(Gumbel)”, from which one can clearly notice that
there are significant increasing trends in the 21st century at high return periods beyond 20 years.
To investigate the change of extreme-value rainfall for all 24 sites, the extreme values at specific
return periods, namely, 2-, 5-, 10-, 20-, 50- and 100-years, are then estimated by averaging of
extreme precipitation from all stations. The results are listed in Table 7.2, which indicates that
the estimated extreme (exceedance) values by the GEV- and Gumbel- model are nearly similar.
Moreover, somewhat expectedly, the most extreme SRES A2 provides also the most increasing
future extreme rainfall intensities, compared with the average of 20c3m simulation for years
1971-1999. However, since the Gumbel- model has been found to better fit the multi-realization
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rainfall (see Section 5.2.5), and appears to result in more consistent values than the GEV in
Table 7.2, the Gumbel- model is the method of choice here. Thus, based on the Gumbeldistribution, the average future extremes (exceedances) of the precipitation in the study area go
up by +51 mm/day (from 195 mm/day) at the 100-year return period for SRES A2 while the
future changes for SRES A1B and B2 are nearly non-noticeable. On the other hand, the GEV as
an alternative model for estimating extreme rainfall demonstrates that beyond the 20-year return
period the SRES A1B and B1 scenarios provide decreasing trends in the extreme precipitations.
Table 7.2. 2000-2096 (column “absolute change by 21st “) changes of extreme (exceedance)
values for 2, 5, 10, 20, 50 and 100-year return periods from 30 realizations of daily precipitation
at 24 stations based on downscaled predictors under A1B, A2 and B1 scenarios, relative to the
average of 20c3m simulation for years 1971-1999. The second column lists the average observed
extreme (exceedance) values for the period 1971-1999.
Gumbel model (mm/day)
GEV model (mm/day)
return-period avg. val absolute change by 21st
avg. val. absolute change by 21st
th
20 -cent A1B
20th-cent A1B
A2
B1
A2
B1
2-year
79
-1
+5
-0
80
-2
+1
-2
5-year
110
+1
+17
+0
109
+1
+9
+0
10-year
131
+2
+25
+0
127
+1
+15
+1
20-year
150
+2
+33
+0
145
-6
+18
-5
50-year
176
+3
+44
-0
169
-28
+15
-27
100-year
195
+4
+51
-0
190
-58
+8
-59
Since the probability of the occurrence of extreme runoff is able to indicate of the hazards in
river discharge (Pandi et al. 2011), the same extreme value analysis as above is made for the past
and future streamflow in the study area. The potential extreme discharge in the future can be
estimated from the extreme-value distribution of the streamflow simulated by the SWAT model
using the downscaled climate predictions as input drivers (e.g. Githui et al. 2009, Troin et al.
2010, Jung et al. 2012, Seidou et al. 2012). The results are shown in Figure 7.11 for the extreme
runoff in Khlong Yai basin are demonstrated by using monthly runoff at baseline year 1971-1999
and projection according to SRES A1B, A2 and B1 scenarios year 2000-2096. The projected 21st
century extreme runoff discharge at station Z4 are lower than in 20th century, while the discharge
at Z38 is little higher in 21st century.
According to the results of the analysis of the multi-realization runoff (see Section 6.3.3), the
GEV-model fits the monthly extreme-runoff in the study area best and it is for this reason that it
is also selected in this paragraph for the estimation of the future extreme changes of the runoff
the study area. Similarly to Table 7.2 the future changes of the extreme values of the streamflow
at the three main gauge sites (see locations in Figure 6.2) are computed for specific return
periods and listed in Table 7.3. One may notice that the future streamflow discharges exhibit
decreasing extreme values at stations Z4 and Z15 while at Z38 slight increase is observed from
the 20-year return period upwards. At the 100-year period, the decreases of these extreme
discharges at Z4 and Z15 are approximately -8% and -32%, respectively, while the increases of
the extreme discharge at Z38 range between +5% to +15%, depending on the SRES scenarios.
The major extreme probability of the runoff also exhibits that in the northern area of the basin
(stations Z4 and Z15) the future extreme discharge has negative trend while in the southern
basin (station Z38) the trend is slightly positive.
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z4

z38

Figure 7.11. Monthly extreme (exceedance) runoff at station Z4 (left panel) and Z38 (right
panel) for past observed, SWAT-model 20c3m simulated, and SWAT-model projected (20002096) under the three SRES A1B, A2 and B1.
Table 7.3. 2000-2096 predicted absolute changes of the extreme (exceedance) runoff at three
streamgages for different return periods estimated by using the GEV- model in comparison with
the 20c3m (1971-1999) simulation results. The estimated extremes of the observations during
year 1974-2006 are shown in the column “avg. 20th cen”.
extreme runoff (m3/s)
Z4
Z15
Z38
return
st
st
period
change in 21
change in 21
change in 21st
avg.
avg.
avg.
th
th
th
20 -cen. A1B A2 B1
20 -cen. A1B A2 B1 20 -cen. A1B A2 B1
2-year
10.9 -2.1 -1.4 -2.3
6.0
-3.0 -2.1 -0.7
7.2
-0.1 -0.2 +0.4
5-year
14.5 -2.9 -2.2 -3.5
8.8
-4.5 -3.5 -2.4
8.8
-0.1 -0.2 -0.1
10-year
15.8 -3.2 -2.4 -4.1
10.5
-4.7 -3.6 -2.7
9.2
+0.2 +0.1 -0.1
20-year
16.5 -3.3 -2.3 -4.6
11.9
-4.5 -3.3 -2.7
9.5
+0.6 +0.5 +0.0
50-year
17.0 -3.3 -1.9 -5.2
13.4
-3.9 -2.4 -2.3
9.7
+1.1 +1.1 +0.3
100-year
17.2 -3.1 -1.4 -5.5
14.5
-3.2 -1.6 -1.8
9.7
+1.5 +1.5 +0.5

7.4 Assessment of future water resources in the study region
Major concerns regarding the reliability of water resources are usually based on the availability of
sufficient streamflow (Wilby and Dettinger 2000, Jha et al. 2004, Jung et al. 2012) and reservoir
storage (Yao and Georgakakos 2001, Göncü and Albek 2010), both of which can be well
simulated by means of the SWAT- model (Githui et al. 2009, Wu et al. 2012a). However, since
climate variables related to hydrological processes can likewise have effects on the water
resources (Beniston 2002), the former are investigated in this section for assessing their potential
effects on the water resources in the study area. More specifically, the projected 20th –century
(2000-2096) climate variables precipitation, temperature, humidity and solar radiation are
analyzed with regard to their impact on the water resources in the Khlong Yai (KY) basin which
is the watershed delivering most of the water supply for the eastern seaboard of Thailand.
The 21st-century climate impacts on the surface water resources are investigated by using the
downscaled projected climate series in the downscaled multi-realization SWAT- simulations for
streamflow and other hydrological processes, i.e. the downscaling climate predictor model
(MLR-monthly), daily climate generation and the SWAT- model are coupled (see Section 6.4).
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To comply with the ultimate goal of this thesis, the future impacts of climate change on the
hydrological situation and on the water supply in the study region are summarized in this section.

7.4.1 Future hydrological changes
Changes of climate variables, such as precipitation, temperature, humidity and solar radiation
have a direct effect on the hydrological processes in a region. This will be analyzed further in the
following paragraphs for the KY- watershed. In particular, the hydrological components of the
KY- watershed, which consists of 12 subbasins, are exhibited and analyzed here. According to
the results of the downscaling multi-realization simulations with the SWAT- model (see Section
6.4), which allow the representation of the various components of the hydrological cycle in the
basin in a multi-realization manner, based on 30 realizations of the projected climate under the
three SRES - scenarios A1B, A2 and B1.
When considering the water transport through the water basin in the long-term, precipitation is
an input that is then converted by the SWAT-model into the three components, ET,
SOIL+SURF and PERC. ET denotes the evapotranspiration which is the water transfer into the
atmosphere, SOIL+SURF is the water located on and in the soil and PERC denotes the
percolation which is the water feeding the deeper aquifers. These three hydrological components,
as computed by the multi-realization SWAT-simulations for the KY-basin, are shown as a
proportion of the input rainfall in Figure 7.12. According to this plot, the ET makes up the
biggest portion in the water balance with the value of 62% of the input rainfall in the 20 thcentury and which goes up to 72% in the 21st-century under SRES A1B. In terms of climate
change, this means basically that the evaporation in the KY-basin is 7-11% higher in the 21st –
than in 21st –century. Second to this is the variable PERC, which consumes about 23% of the
incoming rainfall during the 20th –century, but which decreases to 18-20% during the 21st
century, i.e. a reduction of 3-5%. A similar decreasing trend is obtained for the variable
SOIL+SURF whose portion of the rainfall is reduced from 16% to 10-12% for the 20th - and
21st-century, respectively, which constitutes a reduction of 4-5%.
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Figure 7.12. Ratios of computed evapotranspiration (ET), percolation (PERC) and soil and
surface water (Soil+Surface) to the input rainfall for past observed climate (obs.sim), downscaled
past climate (20c3m) and the two future 21st–century time periods under SRES A1B, A2 and B2.
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To better quantify these future changes in the hydrological components their linear trend rates
have been computed. They are exhibited in Table 7.4, wherefore these trends are separated into
the 20c3m baseline period 1980-1999 and the two future SRES - periods (2000-2049 and the
entire 21st –century period 2000-2096. For reference the average annual water depths for each of
the hydrologic components during the baseline period 1980-1999 is also listed.
From the table one may notice that because of the increasing temperatures in the 21 st century,
the PET (potential evaporation) is also increasing accordingly. On the other hand, despite this
higher future PET, the ET is still mostly decreasing, as less rainfall water (PCP) will be available
for evaporation in the KY basin. This holds also for the soil and surface water (SOIL+SURF)
which is decreasing in the 21st-century. The percolation (PERC), which is left after the
subtraction of the soil water in the upper layer, will likewise be decreasing in the future, except
for SRES B1, which exhibits a nearly constant percolation.
Table 7.4. Linear trend rates of annual precipitation (PCP), potential evapotranspiration (PET),
actual evapotranspiration (ET), soil and surface water (SOIL+SURF) and percolation (PERC)
for the 20th (obs.sim and 20c3m) and the two 21st-century periods 2000-2049 and 2000-2096
under the three SRES A1B, A2 and B1.
predictor

PCP
PET
ET
SOIL+SURF

PERC

1980-1999 avg. change rate of average annual hydrological component (mm/year)
annual amount
1980-1999
2000-2049
2000-2096
(mm)
obs.sim
20c3m
A1B
A2
B1
A1B
A2
B1

1336
1009
745
256
334

+4.5
+0.8
+1.6
+0.4
+2.5

+5.0
+0.6
+1.6
+0.9
+2.5

-2.3
+0.7
-0.5
-0.8
-0.9

-0.8
+0.6
+0.1
-0.4
-0.6

-0.2
+0.4
-0.3
-0.1
+0.1

-2.4
+0.9
-0.6
-0.8
-1.0

-1.4
+0.5
-0.5
-0.4
-0.5

-0.6
+0.2
-0.4
-0.2
-0.0

Based on these results the potential effects of climate change on water resources can be depicted.
Thus, the various hydrologic components analyzed above are used to describe the two main
sources of water resources, i.e. 1) runoff water, which is the main source of streams and
reservoirs and 2) groundwater recharge, which is the major source of groundwater storage.
Regarding the runoff water, i.e. the streamflow, it is described by the SOIL+SURF component
in the SWAT- model. It has been evaluated at the three main stream-sites Z4, Z15, located in the
upstream section of the KY-basin and Z38 in the southern subbasin (see locations in Figure
6.2). Similar to Table 7.4, the past and future trends of the streamflow are summarized in Table
7.5. One may notice from the table that the streamflow series at stations Z4, Z15 and Z38
exhibit an already increasing trend in the recent past period (1971-2006). However, already for
the first half of the 21st-century (2000-2049) the streamflow shows primarily a decreasing trend
for stations Z4 and Z15 but an increasing trend for station Z38 for SRES B1 and, particularly,
for SRES A2. Nevertheless, the general trends of streamflow discharges in the 2000-2049 and
2000-2096 periods are slightly negative or nearly constant, wherefore the biggest reduction of the
discharge occurs for SRES A1B, while it is the smallest for SRES B1, which is known to be the
most benevolent future emission scenario.
The second source of water in the study basin is groundwater storage, which originates from
recharge of infiltrating water. In fact, when there is a shortage of surface water, the main
emergency supply is groundwater, especially in the dry season (ICIS 2005). Moreover,
groundwater is also the primary water source for inhabitants in the rural areas of the eastern
seaboard region. Changes in global temperature and precipitation will not only alter the surface
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Table 7.5. 1971-2006 average monthly discharge, 1971-2006 observed linear change rate, and
projected 2000-2049 and 2000-2096 change rates for SRES A1B, A2 and B1 at streamflow
stations Z4, Z15 and Z38.
station
Z4
Z15
Z38
total

1971-2006
average
discharge (m3/s)
3.93
1.77
2.31
8.01

change rate (m3/s/decade)

1971-2006
obs.
+0.04
+0.06
+0.24
+0.34

2000-2049
A1B
A2
B1
-0.02 -0.02 +0.01
-0.02 -0.07 -0.06
-0.05 +0.41 +0.07
-0.10 +0.32 +0.02

2000-2096
A1B A2
B1
-0.05 -0.01 +0.01
-0.06 -0.05 -0.02
-0.12 -0.12 -0.04
-0.23 -0.19 -0.05

water flow, but will also affect in the groundwater recharge and so the aquifer’s long-term
sustainability (Scibek and Allen 2006), The potential groundwater recharge of an aquifer is
quantified in the SWAT- model by the amount of percolating water (PERC) reaching the deep
soil profile (e.g. Arnold et al. 1993, Spruill et al. 2000, Bejranonda et al. 2007b). PERC has been
used in several climate modeling studies to evaluate climate change impacts on groundwater
recharge (e.g. Rosenberg et al. 1999, Eckhardt and Ulbrich 2003, He et al. 2008, Jin and Sridhar
2012).
According to Table 7.4 and Figure 7.12, the potential groundwater recharge, as defined by the
percolation rate PERC, has overall a negative trend in the 21st –century, which is due to not only
less future rainfall, but also to higher temperatures, which lead to higher potential evaporation
(PET). More specifically, whereas for SRES B1 PERC in the 21st-century exhibits nearly no
change from that of the 20th-century (1980-1999),.for SRES A1B and A2 PERC, i.e. the
groundwater recharge at the end of the 21st-century is lower by up to -30% and -15%,
respectively.. Since groundwater recharge is the most important component to secure long-term
groundwater sustainability (Arlai et al. 2007, Herrera-Pantoja and Hiscock 2008), this reduction
of groundwater recharge will most likely lead to a subsequent drop in the groundwater levels and
- supply over the 21st-century.
Observed or simulated runoff or streamflow results from a combination of various hydrological
processes and it can be considered as a filtered indicator of climate change (Vargas et al. 2010).
This potential climate change has been quantified in terms of trends and distributional changes
in the previous sections, and its major attributes in the study region have been shown to be less
intensive and less frequent future rainfall events and warmer temperatures, which result in
increasing evapotranspiration rates. The combined effects of decreasing rainfall and higher
evaporation rates leads to less water infiltrating into the soil. Consequently, the reduction of soil
moisture might lead to more droughts and water table depression in the growing season
(Cherwin and Knapp 2012) and so, eventually, to drops in agricultural productivity (McCarthy
2001). Lastly, less water percolates to the deeper groundwater aquifer, which forestalls the use of
the latter for societal water supply.
In conclusion, the combined effects of climate change on the hydrological components in the
study area are less rainfall, higher evapotranspiration, less soil water, less groundwater recharge
and generally less runoff by the end of 21st-century. The combination of these factors can have
detrimental impacts on the surface water- and groundwater resources in the region in the coming
future. In addition, the changes of runoff can directly affect the water supply there as the latter is
mainly kept in the reservoir storage. This connection between climate, runoff and reservoir
storage is further elaborated on in the next section.
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7.4.2 Future water budget of the reservoirs
As discussed in introductory chapters of this thesis, the only major storage of water supply in the
eastern seaboard of Thailand is the network of reservoirs. Koontanakulvong et al. (2010) have
pointed out the possibility of insufficient surface water supply in the study region in the near
future. Here the impacts of the previously quantified climate change in the study region on the
reservoir’s storage are examined. Since the reservoir management is a main factor in allocating
available water in the storage, the reservoir operation in the study area is also taken into account.
By projecting the inflows at the three main reservoirs as shown in Figure 6.18, the reservoir
water budgets can exhibit the potential availability of water in the 21st-century. In addition, the
inflow (
) and the water budget (
) of three main reservoirs which are derived from
the projected hydrological components (see Eqs. (6.17) and (6.18)) at the three main reservoirs
are examined for the recent change at the end of the 20th-century and for the potential change in
the 21st-century (2000-2096).
The change of the inflow and water residual storage is estimated by a linear trend analysis. The
results are listed in Table 7.6. The change of the observed flow during the period 1994-2010 is
additionally exhibited and one can notice that the NPL-reservoir will received less water in
during that future time, whereas the KY- and the DK- reservoirs will get more water. It might be
noted that KY started reservoir operation only in year 2005 and gained a huge amount of water
storage at the beginning of this operation.
In estimating trend in 21st-century, the change of
and
are derived from multirealization projected reservoir inflow and water budget. Concerning to the found application of
multi-realization of hydrological components (see Section 6.4.3), the mean and minimum values
of 30 realizations can best describe the trend of hydrological change. Accordingly, the top two
methods (rlz.mean and rlz.min) are employed to interpret the change of climate over water
resources in KY basin. As seen in Table 7.6, the rlz.mean- and rlz.min- curves have nearly
similar trends, such that both the inflow and the water budget in all three reservoirs is slightly
decreased during the 21st-century with the highest reductions obtained for the NPL reservoir. In
fact, the major two loss components in the reservoir water budget are the reservoir seepage and
evaporation and they depend on the surface area of the water body (see Eq. (6.16)) which, in
turn, varies with storage and inflow. Consequently, the reservoir’s water loss likewise, depends
on the inflow, i.e. there is less loss when there is less inflow. Accordingly, the change of the
remaining
Table 7.6. Trends of annual inflow and water budget for year 2000-2096 in three reservoirs.
type

period

inflow volume

avg.1994-2010
1994-2010

change of volume
(×106 m3/year)

realization

rlz.mean
2000-2096
rlz.min

SRES
obs.*
obs.*
A1B
A2
B1
A1B
A2
B1

NPL
168.4
-2.68
-0.33
-0.20
-0.03
-0.47
-0.32
-0.18

*Observation of inflow is calculated from the water balance record (
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(106 m3)
KY DK
68.6 80.5
+13.3 +0.03
-0.28 -0.14
-0.27 +0.04
-0.18 -0.07
-0.33 -0.25
-0.35 -0.05
-0.22 -0.19
).

NPL
87.0
-1.80
-0.17
-0.10
+0.02
-0.24
-0.17
-0.06

(106 m3)
KY DK
28.1 23.6
+3.16 +0.10
-0.20 -0.11
-0.21 +0.02
-0.14 -0.05
-0.23 -0.19
-0.27 -0.03
-0.17 -0.13
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water in the reservoir (water budget) is smaller than the change of the inflow feeding the pond as
can be seen by the lower magnitudes of change in
, when compared with
. Table
7.6 also indicates that under all climate scenarios, SRES A1B has the strongest effect on the
change of the inflow and the water budget, such that available water collected in the reservoirs
will be reduced the most.in this SRES.

7.4.3 Seasonal changes of the reservoir’s water balance
Although the previous water supply analysis has focused on the long-term availability of water in
the study basin, the inter-seasonal variation of the water balance in the reservoir is also important
as it provides some hints of short-term flood- and drought risks. Since the reservoir operation
requires the manoeuvring of the seasonal variations of the water volume, the monthly changes of
the water balance in the reservoirs are investigated in the following paragraphs.
The 30-realizations 2000-2096 predicted monthly inflow and water budget for the NPL
reservoir, which provides the largest storage among the three reservoirs, are exhibited by the
boxplots of Figure 7.13. One can notice from the figure that even though the monthly inflow
(
) during the 21st century is changing significantly over several months of the year, the
monthly water budget (
) is less affected. In fact, the changes of the monthly inflow are
strongest in months May and October, which are the months of the middle of the first monsoon
and of the starting of the dry season, respectively. While SRES A1B and A2 lead to substantial
reductions of the inflow, SRES B1 produces relative small changes with both increasing and
decreasing trend. On the other hand, for all three SRES- scenarios the reservoir water budget is
lower, especially in May and October, similar to the trends in the inflow.
The changes of the seasonal inflow pattern for three main reservoirs during the 21st-century based on the average trends of the multi-realization SWAT simulations - are summarized in
Table 7.7, wherefore the changes during the past time period 1994-2010 are also listed for
comparison. One can notice that the change of the inflow shows a higher positive trend in the
second monsoon season which is the peak of two-monsoon season rainy period (see Figure
7.13). The changes of the inflow in other seasons are generally lower, particularly for the dry
season and the beginning of the first monsoon period. Consequently, in the future, a higher peak
discharge and lower intensity or retarded start of the first major inflow into the water body might
be experienced that can lead to more extreme wet- and longer dry-spells in the 21st century.
However, when compared with the seasonal change of the inflow in 1995-2010, its long-term
change during the 21st-century is not as big as that in the beginning of the 21st-century.
Table 7.7. Average trend of seasonal reservoir inflow at the three main reservoirs during years
2000-2096, in comparison with the past 1994-2010 time period, for pre-monsoon (pm),
monsoon1 (ms1), monsoon2 (ms2) and dry seasons.
change of seasonal inflow (×106 m3/year)
period SRES
NPL reservoir
KY reservoir*
DK reservoir
pm ms1 ms2 dry
pm ms1 ms2 dry
pm ms1 ms2 Dry
1994-2010 obs.**
A1B
2000-2096 A2
B1

+0.26
-0.11
-0.04
+0.02

+1.14
-0.60
-0.42
-0.14

-1.30
-0.06
+0.00
+0.11

-1.56 +0.65 +3.58 +9.19 -3.69
-0.57 -0.12 -0.37 -0.16 -0.49
-0.37 -0.10 -0.32 -0.22 -0.47
-0.16 -0.07 -0.14 -0.17 -0.37

*Observation of KY inflow is available only at 2005-2010.
**Observation of inflow is calculated from water balance record (

+0.37
-0.10
+0.09
-0.01

+2.15
-0.28
-0.01
-0.07

-1.50
+0.23
+0.17
+0.00

-0.99
-0.42
-0.10
-0.24

).

273

7.4 Assessment of future water resources in the study region
change of monthly inflow

change of monthly water budget
A1B
change of water budget (m3/s/year)

change of inflow (m3/s/year)

A1B

A2
change of water budget (m3/s/year)

B1

change of water budget (m3/s/year)

change of inflow (m3/s/year)

change of inflow (m3/s/year)

A2

B1

Figure 7.13. Boxplots of projected 2000-2096 variations of monthly inflow (left panels) and
water budget (right panels) for the NPL- reservoir obtained by 30 realizations of SWAT
simulations using downscaled climate predictions under SRES A1B (top panels) A2 (middle
panels) and B1 (bottom panels). Note that in order to get the monthly volume change in the left
panels, the scaled values must be multiplied by the number of seconds of the month.
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From these projected reservoir responses, prognosticated information for adjusting the classical
reservoir rule-curve, which is usually based on outdated pattern records, is obtained. Moreover,
the future variations of the inflow and of the water balance obtained above, may serve as an
adaptation guideline for the reservoir operation and for flood control while the projected future
water budget provides some hint of the future risks in water supply availability. In summary,
these projections of the reservoir’s water balance can provide some guidelines for adaptation of
future reservoir regulation rules and water supply planning.

7.5 Effects of SRES- scenarios on future climate change and its
hydrological impacts
A summary of the climate variations and their impacts on the water resources in the study region
is provided in this section. This is done on the basis of the three SRES (Special Report on
Emissions Scenarios) scenarios A1B, A2 and B1 which describe the 20th-century future
greenhouse gas emissions, as reported by the Intergovernmental Panel on Climate Change
(IPCC) (Houghton et al. 2001). The projected climate and hydrologic variations are analyzed for
two 21st-century time periods, 1) the first half of the 21st-century (2000-2049) and, 2) the entire
21st-century (2000-2096).
The results are listed in terms of the future percentage change relative to the past 1971-1999
reference period in Table 7.8 . In addition, changes that are stronger than the change in the 20th
–century are denoted by “faster”.
One can notice clearly from the table that the temperatures are significantly increasing over the
21st century, and this holds for each SRES scenario. Moreover, the increases of the temperatures
are much larger for the second half of the 21st-century. Concerning the future precipitation
(PCP), its extremes can be determined from the change of rainfall and of the occurrence
probability. As the PCP is higher and %Wet is lower which leads to much more extreme rainfall
events, the overall future precipitation in the study region may occur with a higher opportunity
of heavy rainfall in a shorter time. Moreover, whereas the larger EST area will receive higher
rainfall, that in the KY basin itself will get less rainfall in the future.
The other projected hydrological components in Table 7.8 exhibit further that there will be less
water in the water cycle in the future, except for SRES B1 which results in nearly similar values
for the hydrologic component as have been found during the 20th-century. However, the water
supply stored in three main reservoirs inside the KY basin is getting worse as there is a decrease
of the water budget and thus of the water availability at the end of the 21 st century for all three
SRES, wherefore the situation becomes the worse for SRES A1B. Therefore,, the water
resources in the eastern seaboard will experience a lowering of the water budget which is the
strongest for SRES A2 in the first half, and strongest for A1B over the whole 21st-century.

7.6 Summary of climate change and its hydrological impacts
Future climate change and its impacts on streamflow and water resources in the eastern
seaboard of Thailand (EST) and the KY-basin, in particular, are analyzed and described in this
study. . In this assessment, the climate change is expressed in terms of future increasing or
decreasing trends and changes in the distributions of the climate variables. The variations of the
projected climate and of the hydrologic components are examined for three periods, i.e. 1)
baseline (1971-1999) period, 2) the first half of the 21st-century and, 3) the entire 21st-century and
assuming the three major SRES scenarios A1B, A2 and B1.
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Table 7.8. Summary of climate variations and their effects on the hydro-climate variations and
water resources in the 21st-century for three SRES- scenarios (see Table 3.4), as measured by the
percentage of change at the end of time period 2000-2049, i.e. year 2049 and of 2000-2096, i.e.
year 2095, relative to the average obtained for the 1971-1999 reference period.
SRES
A1B
A2
B1
a world of
a world more
unit a balanced emphasis
on fossil-fuels and
independently
integrated, and more
variable
non-fossil energy operating, self-reliant ecologically friendly.
sources
nations
Tmax
°C
+4%
+4%
+2%
Tmin
°C
+3%
+3%
+2%
PCP (EST) mm/day
+9%
+10%
+7%
faster
faster
%Wet
%(d/d)
-10%
-7%
-15% faster
PCP (KY)
mm
-9%
-3%
-1%
ET
mm
-3%
+1%
-2%
PERC
mm
-13%
-9%
+1%

hydro-climate
period
location

2000-2049

climate in
eastern
seaboard
hydrology
in KY
basin

reservoir
balance

2000-2096

climate in
eastern
seaboard
hydrology
in KY
basin

reservoir
balance

stream

-7%

-5%

+0%

inflow

m3/s
m3/year

-4%

-2%

+4%

loss

m3/year

-17%

-12%

-11%

budget
m3/year
Tmax
°C
Tmin
°C
PCP (EST) mm/day
%Wet
%(d/d)
PCP (KY)
mm
ET
mm
PERC
mm

-17%

-19%

+10%
+9% faster
+26%
-25% faster
-17%
-8%
-29%

+10%
+6%
+45%
-19% faster
-10%
-7%
-15%

-6%
+3%
+3%
+5%
-22% faster
-4%
-5%
+0%

-28%

-22%

-6%

inflow

m3/s
m3/year

-23%

-13%

-9%

loss

m3/year

-33%

-23%

-22%

budget

m3/year

-30%

-22%

-16%

stream

faster

faster

* “faster” means that absolute change is more than the observed one during the 1971-1999 reference period.

The results show, expectedly, that the temperature is increasing over the 21st-century for all three
SRES, with A2 and A1B providing the highest increases. Also, there will be less probability of
rainfall occurrence with slightly increasing rainfall amounts, i.e. the on-going climate change will
be noticed in terms of more extreme rainfall with shorter durations. On the other hand, the
streamflow in the major streams of the KY-basin is most likely to decrease, because of a
combination of higher potential evapotranspiration and less rainfall. The change of the runoff
distribution demonstrates a higher frequency of low flows and a lower frequency of high flow.
The extreme values of the streamflow discharge indicate a decrease in the upper parts of the
basis and an increase at the downstream site (Z38). However, the lowering of the wet-day
probability, the increased rainfall amounts and the higher intensity of daily extreme-probability
may possibly lead to more flash floods in the study area in the coming future.
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The analysis of the impacts of climate change on the water resources in the KY basin focuses on
the evaluation of the hydrological components and of the reservoir storage, using the SWATwatershed model, forced by downscaled future climate predictors. The results of the SWATsimulations exhibit the changes in the hydrology, the surface water and the reservoir budget
across the KY- watershed. To that regard, the percolating water, which mainly depends on the
precipitation intensity, is applied to estimate the potential recharge of groundwater underneath
the KY- basin. The results show that the potential groundwater recharge stays constant over the
first half of the 21st–century, but decreases continuously after that time until the end of the 21stcentury, which means that by that time the shallow aquifer beneath the KY-basin will have less
water available for consumption.
Since the reservoir storage is the main source of water supply in the KY-basin, an assessment of
the effects of climate change on water supply in the reservoirs has also been done. The potential
inflow and the water budget of the reservoirs are estimated through a calculation of the water
balance of the reservoir based on reservoir rule-curves using historic storages. The rainfall,
runoff, evaporation and seepage are used in the estimation of the inflow- and the losses in three
main reservoirs of the KY-basin.
The results for the future inflows indicate decreasing trends for SRES A1B and A2, while for the
more benevolent SRES B1 there appears to be some chance that the reservoirs will gain a small
amount of water. In addition, the pattern of monthly or seasonal inflow is about to change
during the 21st-century such that there will be a decrease in the beginning of the wet season and
an increase during the peak of the monsoon2 -period. This means that in the future stronger
peak inflow will occur at a later time of the rainy season which, eventually, means that the
present-day used reservoir rule-curve regulations may not work properly any more in the future
and need to be adjusted correspondingly.
The information obtained from the results of the present study should provide some guidelines
for the development of a water resources mitigation plan in the eastern seaboard region of
Thailand.

277

278

Chapter 8. Conclusions

Chapter 8
8 Conclusions
The applications and results of the various climate models developed in this thesis for, shortand long-term climate prediction and of the daily stochastic climate generation are conclusively
summarized in this final chapter. Besides, the results of the analyses of the recent climate, future
climate changes, based on climate projection, their impacts on the hydrology and the water
resources in the Eastern Seabord of Thailand (EST) study area are discussed. Furthermore, since
various alternative research topics can be developed based on the results of this thesis, potential
developments of better climate- and hydrological prediction models are discussed, while, at the
same time, raising the awareness with regard to their limitations in practical applications.

8.1 Study summary
A summary of the research work done in this thesis and its outcome is presented in this section.
The analysis of the present and the prediction of the future climate, as well as its impact on the
hydrology and water resources in the eastern seaboard of Thailand, are summarized here by
dividing the study tasks into four main parts, i.e. 1) Analysis of recent climate: Statistical
investigations of the local climate and its connection to the ocean states, 2) Climate prediction
tools: Development of short- and long-term climate forecasting / projection methods, 3)
Future climate change: Prediction of climate variations in the 21st-century, using the various
climate prediction models developed and 4) Possible climate change impacts on hydrology
and water resources in the study region: Effects of climate change on the water resources in
the KY- basin. All these topics are further described in the following sections.

8.1.1 Analysis of recent climate
To fill in missing data, or gaps, in hydro-climate time series, a reconstruction of climate data
using a newly developed multi-linear regression approach that uses input regressors from
neighborhood climate series - so far they are available - is applied beforehand any further data
analysis. Using this methodology, the daily climate time-series have been made complete from
January 1971 to March 2006.
The local hydro-climate series, i.e. maximum (Tmax) and minimum (Tmin) temperature,
precipitation (PCP), probability of wet day (%Wet), humidity (HMD), solar radiation (SLR) and
streamflow (stream), recorded at 4 meteorological-, 24 rainfall and 3 streamgage sites in the
eastern seaboard of Thailand, respectively, are examined by a trend analysis, to exhibit possible
changes in the study region over the last 30 years. This trend analysis indicates significant
increases of the temperature, while the precipitation and the streamflow are rather constant over
the recent past, with only minor increasing trends at some climate stations for the second
monsoon season.
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Furthermore, probability density functions, extreme-value distributions and the spatial
distribution are likewise examined for the local climate and streamflow series to set the
important reference statistical attributes of the baseline climate data for the 1971-2006 reference
period. In addition, the climate data analyses are conducted at seasonal scales, by examining the
series based on several seasonal schemes, i.e. by categorizing the climate data into 2, 3 or 4
seasonal groups, which are defined by general dry and wet seasons, where the latter may be
further divided into one or two monsoon periods.
In addition, the relationship between the local climate and the ocean states is examined to
establish teleconnections of the latter with the former across Thailand, in general, and in the EST
study area, in particular. Among the various ocean indices analyzed by cross-correlation analysis,
the tropical Pacific SSTs (El Niño) are found to be especially strongly related with the local
climate in Thailand and the eastern seaboard. Employing these correlative relationships, a
negative-lag- or lead-time- teleconnection can be established by means of a time-lagged timeseries regression model, for use in local climate forecasting, that is applied in later chapter in a
more advanced form for short-term climate prediction in the region.

8.1.2 Climate prediction tools
According to the proposed tools for predicting climate and climate changes in the study area, the
development of climate forecasting or prediction methods is divided into 2 parts, i.e. 1) longterm climate projection which applies downscaling techniques for the in the generation of future
climate over decades or the entire 21st–century, based on various SRES (CO2–emission)
scenarios and 2) short-term forecasting of monthly climate variations, which allow the prediction
of climate one or several months (season), or even up to one year ahead. The methodologies and
the applications of these two prediction tools are summarized in this section.
8.1.2.1

Long-term climate projection

Development of a comprehensive climate predicting tools

A long-term climate projection tool based on a general downscaling approach is developed here,
to investigate inter-annual climate variations over time periods, ranging from decades to a whole
century. The heart of this climate prediction tool is a multiple-linear regression (MLR) model,
which is used to downscale large-scale GCM-climate predictors, representing the primary
observed climate time-series in the study region, i.e. maximum (Tmax) and minimum (Tmin)
temperature, precipitation (PCP), probability of wet day (%Wet), humidity (HMD) and solar
radiation (SLR). To improve the downscaling reliability, predictors from a whole set of singleand multi-domain -parent GCMs are used in the downscaling experiments, wherefore, depending
on the sampling period of the output of the corresponding GCM, daily and monthly
downscaling is performed
To evaluate the performance of the MLR-model in downscaling, two conventional downscaling
tools, i.e. LARS-WG and SDSM, are comparatively examined in these downscaling experiments.
The calibration and verification of all these downscaling models is executed for years 1971-1985
and 1986-1999, respectively.

For the downscaling of daily climate predictors, the MLR-model (MLR-daily) and the LARS-WG
model, using daily ECHO-G GCM climate predictors are found to provide a nearly similar
downscaling accuracy, but both are better than the classical, well-known SDSM-downscaling
model.

280

Chapter 8. Conclusions
Monthly downscaling with the MLR technique is carried out using three multi-domain monthly
parent GCM-predictor-sets, i.e. 1) multi-GCMs (2.5°x2.5° GCMs), 2) high-resolution GCM
(0.5°x0.5° Hi-Res) and 3) a combination of GCMs and Hi-Res GCM (GCMs+Hi-Res). The
downscaling experiments with this novel “multi-domain MLR-downscaling model” indicate that
the parent GCMs+HiRes predictor-set is suitable best for the “prediction” of the past (19711999) observed climate in the study region, with Nash-Sutcliffe coefficients NS>0.5, for both
calibration and verification periods. Likewise, the probability distributions and the spatial
distributions of the multi-domain MLR-downscaled climate series fit the observed ones well.
Although the downscaled climate output from the multi-domain MLR-model at first cannot
describe well the extreme-event behavior of the monthly climate, the subsequent combination of
this downscaling tool with a novel daily climate generator to derive daily from monthly climate
series, as described below, is able to do so.
For the projection of the future 21st-century (2000-2096) climate, the multi-domain MLRdownscaling tool is applied to downscale GCM-climate predictors for the study area, according
to the three SRES-scenarios A1B, A2 and B1, wherefore SRES A2, which is known to be the
most extreme scenario, turns out to fit the most recent climate (2000-2006) best.

Development of daily climate generator

Using a novel daily climate generator, daily maximum and minimum temperatures and
precipitation are synthetized by rescaling the corresponding monthly climate series. This new
stochastic multi-site daily climate generator is based on Moran’s I, which provides a measure of
the spatial autocorrelation of the climate variable across a limited geographic region. Using a set
of random numbers, distribution-realizations for the climate series in the study region are
performed, which have the same basic statistical and geospatial (correlation) attributes as the
observed time series.
This new stochastic weather generation technique is applied to generate multi-realization daily
weather, following the given monthly series and has the advantage of providing various
possibilities of output, based on the reference statistics. The multi-site daily precipitation, max
and min temperatures can be generated from corresponding monthly climate input data, i.e.
precipitation, probability of wet day, and maximum and minimum temperatures based on the
spatial and temporal statistics of observed daily climate. There are four major procedures
involved in the generation of the synthetic daily series that consists of a) input processing, b)
investigation of the weather attributes, c) parameter estimation and d) climate generation. Inside
the climate generator, the wet and dry states of rainfall on each day are firstly produced on a daily
basis, while the amount of rainfall and the temperature are spatially generated based on the
sequence of wet/dry series.
The validation of the climate generator is conducted by reproducing 30 realizations of daily
climate through monthly weather calibration for years 1971-1985 and verification for years 19862000. The regenerations of the rainfall occurrence, the amount of rainfall, the maximum and
minimum temperatures are well satisfied by exhibiting probability distributions of the synthetic
daily rainfall and temperature as well as extreme-value distribution of rainfall, which are similar
to that of the observations. In addition, the multi-site approach used in the daily climate
generation approach is able to provide better spatial climate pattern than is possible with the
simplistic single-site generation.
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Combination of climate downscaling and daily climate generator

Unlike a general daily climate downscaling method that employs daily GCM-predictor in
generating daily climate series individually at a single-site, the combination of multi-domain MLR
monthly downscaling and daily climate generation (MLR+climate generation) can compile
monthly GCM-predictors to project future daily series, at stations of a whole meteorological
network based on their spatial relationships, as expressed by Moran’s I . The performance
MLR+climate generation tool in generating daily rainfall and temperatures is acceptable with
NS>0 for the former and satisfactory with NS>0.5 for the latter. The comparison of the
MLR+climate generator in generating the distributions of daily climate variables with those of
SDSM, LARS-WG and MLR-daily models indicates a better performance of the former than
those of the other three methods. Accordingly, the MLR+climate generator is applied to the
projection of the climate for the 21st-century (2000-2096) by 30 stochastic realizations, which
follow the basic statistical attributes as those of the climate in the 21st-century baseline period.

8.1.2.2

Short-term climate prediction

The forecasts of monthly and seasonal rainfall, minimum and maximum temperatures are
emphasized in this short-term prediction, which focuses on the generation of weather variables
for the next month, or up to one year ahead, to provide initiative information for inter-season
climate prediction. The short-term climate forecasts applies several autoregressive approaches,
i.e. AR, ARIMA and ARIMAex, multi-linear regression (MLR) model and downscaling
techniques for the inter-season monthly climate prediction. The combination sets of the ocean
indices and of the GCM-predictors are employed as predictors in the ARIMAex- and the MLRmodels. The evaluation of the models is conducted for two cases of validations, i.e. vrf1
(calibration period 1971-1985 and verification year 1986) and vrf2 (calibration period 1971-1999
and verification year 2000).
The ARIMAex model using ocean indices or GCM-predictors as external regressors provides
climate prediction skills at a satisfactory level and turns out to better than the AR and the
ARIMA models. In addition, the multi-domain MLR-model, using 1) ocean state indices (SSTs),
2) GCM atmospheric predictors (GCMs) and 3)a combination of GCM predictors and ocean
indices (GCMs+SSTs) data sets, is applied for the short-term climate forecasting and shows
satisfactory prediction performances. The short-lead relationship between ocean and local
climate by incorporation of the lag-time operator is successfully employed in the ARIMAex- and
MLR-models. A clear enhancement of the classical MLR- climate prediction tool by adding SST
into the model formula is found with a lower model residual error in the short-term climate
forecasting, particularly, for the pre-monsoon season.
All short-term forecasting models are compared with the SDSM- and LARS-WG- models and
the results for the prediction validations show the performance of ARIMAex and MLR to be the
best in predicting climate, while the predicting skills of the two conventional downscaling
models, SDSM and LARS-WG, are not acceptable for short-term forecasting. Between the
ARIMAex and the MLR-model, the latter associated with ocean indices is optimal for forecasting
climate at most sites. However, for the extra validation years 2001 and 2002, ARIMAex, using
ocean state indices as regressors, performs best which indicates that the ARIMAex-model using
ocean indices is still doing a good job, when the forecasting target time is farther beyond the
GCM-ensemble calibration baseline period (years 1850-1999). Among the various ocean indices,
the El Nino and WTIO are the best predictors for forecasting precipitation in the EST.
Although the incorporation of the SSTs into the regression model can improve the seasonal
climate prediction, GCM-predictors can still serve as a backup or serve as alternative predictors.
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Besides, the combined use of the MLR and of the autoregressive techniques is suggested by
choosing season-by-season best model among AR, ARIMA-, ARIMAex- and MLR-techniques
to optimize the predicting power in short-term climate forecasting. Nonetheless, a large residual
error for the forecast of the monsoon rainfall is still found, which should be taken into account
when applying these models.

8.1.3 Assessment of climate change and its hydrological impacts
The climate change predictions using the various downscaling tools mentioned above their
effects on the hydrology, water resources and the consequences on the future water management
in the study region are discussed in the following paragraphs. Climate and hydrological changes
An assessment of the future climate change based on the climate projections and the results of
the statistical analysis of the latter are presented here. The results of the watershed simulations
using the SWAT-model, with regard to the potential effects of the climate variations on the
hydrology and the water resources are likewise discussed.
8.1.3.1

Effects of climate change

The assessment of climate change is done by directly analyzing the changes and trends in the
predicted time series of the various hydro-climatic variables, as well as by evaluating the changes
in this probability distributions over the 21st-century. The projected climate and hydrologic
components are examined for three periods, i.e. 1) baseline (1971-1999) period, 2) first half of
the 21st-century (2000-2049) and 3) the entire 21st-century (2000-2096).
Concerning the general trends over the 21st-century, the results show that the maximum and
minimum temperatures are continuously increasing over the 21st-century and this holds for each
of the three SRES-scenarios A1B, A2 and B1. The future average rainfall exhibits a positive
trend, particularly for the pre-monsoon season. However, this increasing rainfall is concentrated
in shorter time intervals, i.e. shorter and more intensive rainfall might be experienced as
probability of rainfall occurrence is lowered, which eventually leads to more extreme short-term
precipitation with longer periods of dry spells, i.e. drought in the coming future.
The spatial distribution of the future precipitation shows that it will be decreasing in the
northwest sections of the KY-basin and increasing in the southeast. Moreover, as the rainfall is
lowered inside the KY- basin, while the potential evapotranspiration, due to higher temperatures,
is higher in the future, eventually, decreasing or near-constant future streamflow will be
experienced.
The higher frequency of low discharge in the runoff distributions demonstrates a higher
opportunity of future drought states. The extreme-values of the daily precipitation indicate the
largest increase of the extreme rainfall for SRES A2, while the more benevolent SRES B1 results
in a similar extreme probability distribution as that of the 20th-century. Although the extreme
values of the monthly runoff are mostly decreasing over the 21st-century, the parallel lowering of
the wet-day probabilities will lead to an increase of the rainfall amounts with higher intensities,
which means that there could be a future higher tendency for flash floods in the study area.
8.1.3.2

Hydrological study

To assess the variations of streamflow and various hydrologic components in the Khlong Yai
(KY) – basin, the rainfall-runoff relationships and various hydrological processes are numerically
analyzed using the SWAT-distributed watershed model. In the KY-basin, which has three major
reservoirs, Nong Plalai (NPL), Khlong Yai (KY) and Dok Krai (DK) reservoirs, is divided into
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12 subbasins. The streamgages Z4, Z15 and Z38 are defined as vertices of streamflow control in
the basin and their measured discharges are the simulated by the SWAT-model, wherefore the
total simulation time period 1974-2006 is divided into two 50% : 50% sub-periods for the
calibration and validation of the SWAT-model, respectively.
The model validation shows that the SWAT-modeled monthly streamflow fits the observed one
at a satisfactory level, an NS>0.5. Furthermore, 30 synthetic realizations of daily climate by using
the daily climate generator are incorporated in the SWAT-model to simulate 30 responding
realizations of monthly streamflow. With this coupling of daily climate generation and the
SWAT-model (multi-realization SWAT), synthetic multi-realizations of daily streamflow from
monthly data and which exhibit a wider range of streamflow behavior can be generated, and
which are more able to describe the probability-distributions of the observed streamflow and, in
particular, its extreme-value tails.
The results of the monthly climate downscaling predictions for the 21st-century are then
employed in the multi-realization SWAT to simulate the future possible hydrological responses.
The downscaling multi-realization SWAT-model that refers to the simulation of multi-realization
streamflow based on 30 realizations of monthly-to-daily rescaled downscaled climate, is then
applied to simulate the streamflow, runoff and other hydrologic components in the KY-basin for
the 2000-2096 time period based on the three SRES scenarios mentioned. The validation of the
downscaling multi-realization SWAT-model is executed on observed year 2000-2006 streamflow.
8.1.3.3

Effects of climate change on hydrology

The SWAT-simulations provide a measure of the impacts of climate change on the water
resources in the KY-basin and these are exhibited by the change of various hydrological
components, surface water and reservoir budget inside the KY-watershed. Although the rainfall
over the eastern seaboard of Thailand, in general, tends to increase over the 21st-century, for the
KY-basin a slow decrease of the precipitation is obtained after year 1980 until the end of the
21st-century. Moreover, notwithstanding that the PET (potential evapotranspiration) is
increasing, the ET (evapotranspiration) is decreasing, similar to the precipitation. The PERC
(percolating water) which is used to estimate the potential groundwater recharge exhibits a
similar trend as that of the precipitation, i.e. stays constant in the first half of the 21st-century and
decreases after that time until the end of that century.
The major source of water supply in the study area is streamflow which, by the SWATsimulations, is shown to stay more or less constant in the first half of the 21st–century, after
which time it decreases, particularly, for the months of May (premonsoon) and October (second
monsoon).
The water storage in the three reservoirs NPL, KY and DK, which is the primary source of
water supply for societal consumption in the eastern seaboard, is further assessed by examining
the change of the reservoirs’ inflow and water-budget. The water balance of the reservoirs is
simulated according to a past rule-curve, while the rainfall, runoff, evaporation and seepage are
estimated to calculate the inflow and the losses at these three reservoirs. The validation of the
SWAT-simulation, in describing the reservoir inflow and water budget, is done by comparing
estimated (calculated from reservoirs’ records) and simulated (simulated from SWAT) discharge.
The results indicate a good ability of SWAT to simulate the future changes of the reservoirs’
water balances. Thus, the future inflow into the reservoirs, using projected climate as input driver
in SWAT, exhibits decreasing trends for all SRES-scenarios, with only a small chance to gain
more water. The pattern of the future monthly inflow exhibits a retardation within the r rainy
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season but stronger peak inflows. Consequently, the past reservoir rule-curve regulation may not
work properly anymore in the future.
8.1.3.4

Summary of climate change effects

Expectedly, for all SRES-scenarios, climate change in the eastern seaboard of Thailand (EST)
manifests itself by increasing temperatures over the 21st–century, wherefore the increases of the
maximum and minimum temperatures are the strongest for SRES A2 and A1B, respectively.
Higher and much more extreme rainfall is possibly experienced in the future in the EST,
whereby SRES B1 has the most impact in the beginning of the 21st–century, whereas in the longterm the effects are strongest for SRES A1B. The KY-basin, unfortunately, gains less rainfall for
all SRES, wherefore the strongest decreases will be experienced for SRES A1B. Therefore, the
reservoirs inside the KY-basin, which are the main water storages in this region, will receive less
water in the coming future. The sequential effects on the water resources in the EST
demonstrate further a potential decrease of the reservoir water budget. Thus, a set of long-term
measures that take into account the change of climate and of the ensuing water resources
availability is suggested to be implemented in the study area.

8.1.4 Possible impacts on water resources
The effects of climate change are primarily on temperature and precipitation, but the latter have
in turn, further subsequent effects on the runoff, which is the main sources of water supply in
the study area. The SWAT-simulations using the projected climate as input drivers provide a
clear average 21st-century trend in the hydrological changes in the KY-basin, such as less rainfall,
higher evapotranspiration, less soil water, less percolation and less runoff. All of these changing
hydrological variables will have further future impacts on the surface water and groundwater
resources in the region, namely, through:

8.1.4.1

Extreme weather

There is not only an increase in the average temperature in the 21st–century, but the temperature
range (difference between Tmax and Tmin), i.e. the differences between day and night
temperatures will also become higher. In addition, the increasing rainfall intensity and the lower
probability of rainfall occurrence demonstrate longer dry periods, together with shorter-duration,
but stronger-intensity storms. The detailed analysis of the future precipitation changes also
demonstrates that the mean precipitation in the study area will be increasing during the wet
season, but the dry season will be even possibly drier. Besides, the extreme (exceedance)
precipitation is increasing, particularly, at higher return periods. Therefore, these results for the
weather distribution, i.e. extreme event probability point out that extreme dry and extreme wet
spells may be experienced in the 21st-century.
8.1.4.2

Droughts

A lowering of the water content both on the land and inside the soil is also demonstrated by the
SWAT-model output, Even though increasing rainfall is obtained, this occurs mostly in the
southern part of the study area, i.e. downstream or outside the KY-watershed, so that the KYwater basin itself less rainfall and, consequently, produces less runoff. The combined effects of
decreasing runoff and higher evaporation rates have less water infiltrating into the soil.
Consequently, the reduction of water in soil moisture may lead to droughts, and depressions of
the water table in the growing season (Cherwin and Knapp 2012) which, in turn, may lead to
problems in agriculture (McCarthy 2001) in the 21st-century.
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The drought risk can be exhibited by the probability of wet day (Yevjevič 1967, Peel et al. 2004).
The wet rate which is the chance to have a wet day in a given month, is lowered for every season
in the 21st-century. This decreased probability of rainfall events will lead to longer dry spells and,
so, to higher drought risks in the study region over the 21st-century.
8.1.4.3

Changes in the reservoirs’ water budget

Less rainfall and higher temperatures in the KY-basin for the 21st-century will lead to less
streamflow and, consequently, bring-up sensitive situations with regard to the surface water
supply and the water storage in the three reservoirs in the KY-basin. Since these reservoirs are
the major water supply for the eastern seaboard and eastern region of Thailand as a whole, t
adverse impacts on the water supply and, with it, on the industrial development in the area are to
be anticipated in the future.

8.1.4.4

Seasonal shifts

The changes of climate and the subsequent impacts on the hydrology found in this study
manifest themselves by both changes in the magnitude and the seasonal pattern of a particular
climate/hydrological variable. Thus, there will seasonal alterations of the monthly runoff in the
KY-basin, such that the shifting time between high discharge and low flow will be changed. The
results of the SWAT-simulations indicate that the reservoir inflow and water budget are lower in
the future in months May and October and higher in September. .
Since knowledge of the monthly variations of streamflow is very important for the prediction of
the future response of the watershed (Göncü and Albek 2010) and for reliable water supply
planning, the 21st-century predicted changes in the hydro-climate pattern will possibly lead to
more problems with proper water resources management. For example, the reservoir operation
strategy used so far in the basin – and in other regions of Thailand as well - has been based on
outdated rule curves. And it cannot be ruled out that this mismanagement of water regulation
caused troubles like the water shortage event in Rayong province in year 2005 or the flood
catastrophe in central plain of Thailand in year 2011.
8.1.4.5

Decrease of groundwater recharge

Changes in the surface climate, besides, can also lead to critical changes in the groundwater
system (York et al. 2002, Yusoff et al. 2002). The climate effects on the groundwater resources
are exhibited in terms of the variation of the percolation component - which is one of output
parameters of SWAT -. The results indicate that this percolation will be decreasing over the 21 stcentury. Accordingly, the potential recharge of the shallow aquifer will, likewise, be decreasing in
the coming future. Since groundwater recharge is not only used to define the potential
sustainable water supply in an aquifer, but is also applied to describe the groundwater yield (Hall
and Dracup 1970, Arlai et al. 2007), the named decrease of the groundwater recharge will then
lead to a subsequent reduction of the groundwater supply potential (Arlai et al. 2007, HerreraPantoja and Hiscock 2008) and a lowering of the water table (Changnon et al. 1988, Zektser and
Loaiciga 1993). Therefore, the future groundwater resources in the KY-basin may be
significantly affected by the anticipated changes of the climate there in the 21st-century.
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8.2 Alternative mitigation possibilities
The discussion about the alternatives to mitigate the effects of climate change is emphasized in
this section. . Accordingly, options of adaptations and mitigations to the effects of climate
change over the 21st-century are proposed in the following paragraphs.

8.2.1 Seasonal adaptation
The impacts of climate change in the study area are noticeable in terms of both magnitude- and
seasonal pattern - alterations of the climate and hydrologic components. Since the water supply
planning, especially, for irrigation, relies on the seasonal pattern of rainfall water, consequently, a
dynamic pattern of reservoir operation should suggestively be applied. In addition, concerning
the irrigated water- and water supply planning in Thailand, it is very useful for water resources
planning and management, when the rainfall in the monsoon season can be forecasted some
months in advance, before the farming season start (Singhrattna et al. 2012). By using a fewmonth-ahead forecasting of climate and hydrologic series, the inter-season weather and
streamflow can provide some guidelines for adjusting the regulation framework of water
management in advance. Therefore, the combined use of short-term climate prediction and
watershed simulation as they have developed and applied in this study, can then be a solution for
this issue and provide assistance for irrigation planning.

8.2.2 Extreme weather pre-warning
Measures should be prepared to deal with the possible longer droughts, by giving, for example
pre-warning, doing drought detection and monitoring (Dracup 1991), or the analysis of shortterm climate predictions. The latter can serve as a warning tool to provide early information of
potential droughts based on the analysis of the rainfall intensity (PCP) and the probability of
occurrence (%Wet). Notifications of the danger of heavy rainfall and possible floods can then be
made based on the results of the short-term prediction and so to reduce the impacts on the
water resources and, likewise, the subsequent effects on various social and economic aspects.

8.2.3 Groundwater potential investigation
Since the major storage of water supply in the eastern seaboard is in the reservoirs, the potential
event of insufficient surface water in the study region in the coming future requires an
emergency source of water supply, which is principally groundwater extraction
(Koontanakulvong 2010). However, the changes in both intensity and spatial distribution of the
groundwater recharge lead to subsequent alterations in the groundwater potential and water
table. Accordingly, an explicit investigation of groundwater potential should be executed, to
provide some scenarios for the sustainable development of groundwater resources. The
estimated recharge over 21st–century, as calculated in this study, can be employed as the primary
input for the further groundwater simulations to derive the potential yield of groundwater
resources over the long-term.

8.2.4 Conjunctive use of surface- and groundwater resources
Water demand in Thailand is increasing every year (Koontanakulvong et al. 2012) while, at the
same time, the surface-water and groundwater resources are becoming more and more stressed
and may become more scarce in the future. Since surface- and sub-surface water resources
interact with each other, a comprehensive and dynamic investigation to examine the total water
yield is required (Sahuquillo and Lluria 2003, Bejranonda et al. 2007b). Accordingly, the
development of conjunctive water use schemes for surface and groundwater is then suggested
(Koontanakulvong 2006, Bejranonda et al. 2007a). By the concept of conjunctive water use, in
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times of sufficient surface water availability, some of the water is stored in the groundwater
basin, which is later extracted during drought periods to compensate the lack of surface water
storage. Consequently, simulations of the fully integrated surface- and subsurface hydrological
processes over the KY-watershed are required to investigate both surface- and groundwater
comprehensively. In the view of conjunctive water planning, the SWAT- model developed in this
study can provide initial information of surface- and soil-water connection, which can be further
employed in an integrated conjunctive-use model.

8.3 Concluding remarks
All models developed in this study provide alternative tools in climate prediction and assessment.
The subsequent outcome and the prognostic information of the future climate state delivered by
these models offer an informative description of the possible effects of climate change in the
coming future under specific assumptions. Special remarks on the outcome of the climate
prediction obtained study are given in this section, namely with regard to the constraints when
using the models and their subsequent results. In addition, further potential developments and
applications of these tools are discussed.

8.3.1 Limitations of the models
The climate and hydrological prediction models developed and applied in this research work
under certain assumptions and so have limitations. These will be discussed in the following
paragraphs, which will impart awareness on when and how to use the output of this study.

Multi-linear regression downscaling (MLR)







The downscaling inputs and the future climate prediction for 21st-century are made under the
assumptions of the various IPCC SRES greenhouse gas emission conditions (Houghton et al.
2001) which provide the major scenarios for the prediction of the future climate, based on
the future change of major greenhouse gas in the atmosphere. Thus, the actual
weather/climate in the future will possibly be altered when other emission conditions, which
depend on the regional development, are used.
The missing data of in the solar radiation for years 1971-1979 are filled with the historic
mean monthly values. Accordingly, this initial reconstruction of the data during this time may
lead to some unpredictability of PET and ET in this period.
The outlier behavior of the maximum temperatures for years 1995-2003 is not well presented
by the GCM- predictors for the surface air temperatures and the relationship with the ocean
indices. This is possibly the reason why the downscaling results from the GCMs cannot
exhibit well the higher temperatures study area during that time period. This uncertainty in
the predicted maximum temperatures should be taken into account.
In multi-domain downscaling, the multi-domain GCM database, which combines many
predictor-sets from different domains potentially, leads to more uncertainty in the climate
predictions. Therefore, an assessment of the outlier behavior of the downscaled climate in
the long-term (years 2000-2096) is required.

Stochastic daily climate generation
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The Moran’s I value is used to provide the spatial climate pattern in generating daily climate.
Therefore, the daily generation is under the assumption that the spatial autocorrelations of
precipitation and temperature in the future are similar to the average observed pattern in the
calibration period. This pattern is defined here in terms of the average Moran’s I according
to historic records. If the spatial autocorrelation of the future climate changes to other
pattern, this daily generator cannot anymore exhibit the spatial change in a reliable manner.
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The daily precipitation and temperature generation follows the distribution of exponentialand normal-distribution models. Other, different distributions of temperature can be partially
found in some periods. Therefore, in the use of the daily climate generation one should
realize that the variation of climate is possibly different from the theoretical distribution.
Unfortunately, it is not possible to specify an acceptable level for predicting the standard
deviation (SD) of the temperature, since empirical models cannot well derive this value.
Therefore, when using a temperature variation range, one should keep in mind the inaccurate
range of the standard deviation, which is around 2-4C.

Short-term climate prediction




When employing ocean indices as teleconnectors for predicting short-term climate, the
timely retrieval of SSTs data is another limitation. At present, the NOAA (NOAA Climate
Prediction Center (CPC) 2009) provides the ocean indices at the beginning of the next
month, e.g., monthly SSTs of Feb 2014 are published in the beginning of March 2014.
Therefore, the lag-time regression model for month t is stripped by the leading predictor at
time t-1, which then also reduces the early-prediction time by one month, which, invariably,
decreases the short-term prediction performance of this teleconnection model.
According to the important role of using teleconnection in seasonal forecasting, the ocean
indices can increase the short-term predicting skill. The ocean index is the current updated
information on the actual measurement of the ocean state, and it is very powerful for
updating the climate-ocean relationships. Despite of the fact that the forecasting skill of the
GCM-predictor depends on the GCM-ensemble calibration baseline, the GCM-predictors
gain an advantage from early information on the long-term data. Therefore, it is important to
strike a balance between the use of GCM-predictors (pre-calculated from long-term climate
description) and the use of ocean indices (short-term, recently updated climate-ocean
relationship), in order to profit of the advantage of using both GCMs and SSTs in short-term
climate forecasting.

SWAT simulation




When using the Thiessen-polygon technique for a subbasin in the SWAT-model, it is
assumed that the rainfall is uniform in each polygon covering the basin. The amounts of
rainfall obtained over the KY- basin by this method may be different from those obtained by
another interpolation method, e.g. IDW and Kriging.
The simulation performance of the predicted runoff at station z38 in validation mode,
measured by the NS coefficient, is a little bit lower than the required satisfactory level of this
parameter, which may be due to differences in the rainfall between calibration- and
verification periods. Nevertheless, when the calibration of runoff at station z38 runoff is
executed with longer calibration data, the simulation skill is again at a satisfactory level (NS
>0.5), as shown in Table 6.7.

8.3.2 Possible further developments
The prediction power of the climate models e developed in this study, allows for possible
enhancements as described in this section.

Climate downscaling

Although the calibration and verification of the multi-domain MLR-model has shown a good
downscaling performance, misleading result are found when predicting by huge multi-domain
GCM- predictor-set. Therefore, the initial screening of the model-predictors, prior to using them
in the regression-models, is very important. Accordingly, in this case, some predictors should be
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removed and remodeled. In further future studies, a more detailed investigation of a large
predictor-set is recommended, even if the verification exhibits satisfactory skills.

Short-term prediction

The teleconnections found in this study are based on the most recent relationships between
land- and ocean climate. However, when using this short-term prediction model with newly
collected data (after year 2006), the reinvestigation of the inter-annual relationships using this,
more recent data, is suggested. .
According to the ACF-analysis presented in Section 4.3.1, the weather data in the study area has
a seasonal cycle of about 6months and an annual cycle of 12 months. According to these cycles,
the anomaly series of temperature and precipitation can be generated. Consequently, the shortterm prediction by autoregressive techniques can be applied with these anomalies, once their
seasonal components are removed from the time-series, as has been done in the study of Gu and
Jiang (2005).
As mentioned, the timely delivery of the ocean indices is crucial for increasing the length of
climate’s prediction period. Accordingly, an early dated information on the ocean state indices
can provide longer lead-time relationships. Thus, one may use information from neighborhood
SSTs or using indices from other areas (Gershunov and Barnett 1998b, Goddard et al. 2001).
Another option to obtain early ocean state data is the prediction of the SSTs by an ocean climate
model (Rosati et al. 1997, Stockdale et al. 1998b), the results of which can be found in the SSTforecast directory at US NOAA’s website (US NOAA 2013).

Daily climate generation

As mentioned, for the temperature generation, the empirical model cannot well define the
standard deviation (SD) of the temperature from a given mean temperature. Accordingly, the
variance of the daily temperature should be improved. In this case, other approaches to describe
daily temperature variations should be developed to enhance the skills of daily climate
generation. As the variations of temperature depend also on the geographic location and time
(Sumner 1953), appropriate descriptions of the SD should be found.
The limits of the extreme-value rainfall in climate generation control the extremes of the
synthetic daily series and these limits are hard to find. Other methods than the one used in this
study, should be investigated, e.g. downscalings (Fowler et al. 2005a, Friederichs 2010) and
weather pattern (Nayak and Ghosh 2013).

Filling in ungauged data

By using daily climate generation, monthly temperatures and precipitation can be rescaled into
daily data. Accordingly, the benefit in generating daily value from known monthly information
can also be used in other applications, apart from downscaling as done here, e.g. regeneration of
ungauged data and filling in of missing data.
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