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Summary / Abstract 
Water balance calculations and spatially distributed rainfall-runoff models require high-resolution climatic datasets as the 

primary input, however, in the Upper Indus basin (UIB), it is rare to find in-situ observational climate data which have spatial, 
altitudinal and temporal coverage, suitable enough for distributed hydrological investigations and so for the assessment of climate-
change’s hydrological impacts. The average precipitation amounts over the UIB are unrealistically low to sustain the observed 
discharge at the basin outlet. This is mainly due to the presence of sparse observational networks, mostly comprised of valley-
based, low-altitude gauge stations, incapable to capture the orographic effects in the mountainous UIB. The solution to these issues 
may be either the use of gridded data products or the generation of improved data sets utilizing state of the art of science and 
techniques. The first four (4) chapters of the present thesis are dedicated to address the issues of the poor quality of hydroclimate 
data in the UIB. The remaining two chapters (5 and 6) address the main aim of the study, i.e. the projections of future hydrological 
scenarios, and the preceding necessary activities, including calibration and validation of the SWAT hydrological model, as well 
as the selection, downscaling and bias correction of climate models’ projections. A brief account of each chapter is given in the 
following paragraphs: 

1. This part of the present study aims to evaluate the capability of the “Tropical Rainfall Measurement Mission” (TRMM) 
“Multi-satellite Precipitation Analysis” (TMPA) to estimate appropriate precipitation rates in the Upper Indus basin (UIB) and to 
analyse the dependency of the estimates’ accuracies on the time scale. To that avail statistical analyses and comparison of the 
TMPA- products with gauge measurements in the UIB are carried out. The dependency of the TMPA estimates’ quality on the 
time scale is analysed by comparisons of monthly, seasonal and annual sums for the UIB. The results show considerable biases in 
the TMPA- (TRMM) precipitation estimates for the UIB, as well as high false alarms and miss ratios. The size of the correlation 
of the TMPA- estimates with ground-based gauge data increases considerably and almost in a linear fashion with increasing 
temporal aggregation, i.e. time scale. The BIAS is mostly positive for the summer season, while for the winter season it is 
predominantly negative, thereby showing a slight over-estimation of the precipitation in summer and under-estimation in winter. 
The results of the study suggest that, in spite of these discrepancies between TMPA- estimates and gauge data, the use of the 
former in hydrological watershed modelling, endeavoured in the subsequent chapters, may be a valuable alternative in data- scarce 
regions, like the UIB, but still must be taken with a grain of salt. 

2. Six interpolation methods are employed in this study to improve the spatial interpolation of precipitation data in the Upper 
Indus Basin (UIB), including NN, IDW, OK), SK, KED and SKlm.  Quantitative cross validation shows that out of these methods, 
SKlm performs better for data aggregates at monthly, seasonal and annual time scales, according to the values of several scoring 
indices, including r, MAE, RMSE, and NSE. The performance of the SKlm method is followed in decreasing order by SK, OK, 
KED, IDW and NN. According to the results of a qualitative cross validation analysis, based on six categorical indices for the 
daily interpolation estimates (Ac, FBI, POD, FAR, CSI and TSS), the estimates generated by SKlm, with an average rank of 1.83, 
are also better than those of the methods tested. The remaining methods follow the similar performance pattern as indicated by the 
quantitative indices.  In conclusion, SKlm proves to be overall the best option for interpolating precipitation data in the UIB, by 
providing a comparatively better representation of the latter, both in terms of magnitudes as well as occurrences. 

3. In this section of the current study a new approach for the interpolation and regionalization of observed precipitation series 
to a smaller spatial grind scale (0.125° by 0.125°) across the UIB, with appropriate adjustments for the orographic effect and 
changes in glacier storage , is evaluated and validated through reverse hydrology, guided by observed flows and available 
knowledge base. More specifically, the generated corrected precipitation data is validated by means of SWAT-modelled responses 
of the observed flows to the different input precipitation series (original and corrected ones). The results show that the SWAT- 
simulated flows using the corrected, regionalized precipitation series as input are much more in line with the observed flows than 
those using the uncorrected observed precipitation input for which significant underestimations are obtained. 

4. The methodology used in the previous Chapter-3 is combined here with a few other methods to address another major issue 
prevalent in the UIB which is the non-existence of long-term climate records. To resolve this issue, precipitation time series are 
generated at virtual locations through temporal reconstruction of the precipitation series at those points where data was not recorded 
prior to the mid-nineties. The data generated at these virtual locations is corrected with the 12-years observed mean there, followed 
by regionalization of the precipitation series (Chapter-3) to a smaller scale across the basin. The precipitation data reconstructed 
in this way is validated again through evaluations of their SWAT-modelled streamflow responses. The results show that the daily 
simulated discharges obtained with the calibrated SWAT- model forced with the reconstructed precipitation are almost identical 
to those acquired when forcing the model with the reference precipitation. 

5. This section of the study focusses on identifying a set of representative future climate projections for the UIB. Although a 
large number of GCM’s predictor sets are nowadays available in the CMIP5 archive, the issue of their reliability for specific 
regions must still be confronted. This situation along with other factors such as time, human resources or computational constraints, 
makes it imperative to sort out the most appropriate, single or small-ensemble set of GCMs for the assessment of climate change 
impacts in a region. Here a various approaches are  adopted and applied for a step-wise shortlist and selection of appropriate 
climate models for the UIB for two representative concentration pathways (RCPs), RCP 4.5 and RCP 8.5, based on, a) range of 
projected mean changes, b) range of projected extreme changes, and c) skill in reproducing the past climate. Furthermore, because 
of higher uncertainties in climate projection for high mountainous regions, like the UIB,  in addition  to projections that provide 
the closest representation of the mean future climate change, all possible future extreme scenarios (wet-warm, wet-cold, dry-warm, 
dry-cold) are also considered. Based on this two-fold procedure a limited number of climate models is pre-selected, out of which 
the final selection is done by assigning ranks to the weighted score for each of the mentioned selection criteria. The dynamically 
downscaled climate projections from the Coordinated Regional Downscaling Experiment (CORDEX) available for the top-ranked 
GCMs are further statistically downscaled (bias-corrected) over the UIB, for subsequent use as climate drivers in the SWAT- 
model. 

6. Projecting future hydrology for the mountainous, highly glaciated upper Indus basin (UIB) is a challenging task, because 
of  uncertainties in the future climate projections and issues with the coverage and quality of available reference climatic data and 
hydrological modelling approaches. This part of the study attempts to address these issues by utilizing the semi-distributed 
hydrological model ‘SWAT’ with  new climate datasets with better spatial and altitudinal representation (Chapter-4) as well as a 
wider range of future climate forcing from the CORDEX GCM/RCM-model set (Chapter-5), to assess different aspects of the 
future hydrology (mean flows, extremes and seasonal changes). Contour maps for the mean annual flow and actual 
evapotranspiration as a function of downscaled projected mean annual precipitation and temperatures are produced which can 
serve as a simple “hands-on” forecast tool of the future hydrology in the UIB. The overall results of these future hydrological 
projections show that almost all RCP- climate scenario/ GCM/RCM- model combinations lead to similar trends of changes in 
magnitudes, seasonal patterns and extremes of the UIB streamflows. In particular, all, but one scenario - that with a very high 
future temperature rise - indicate increases of the mean annual flow throughout the 21st century, wherefore, interestingly, these are 
stronger for the middle of the century (2041-2070) than at its end (2071-2100). The seasonal shifts as well as the extremes follow 
the same trend for all climate scenarios, such that an earlier arrival (in May-June instead of July-August) of high flows and 
increased spring and winter flows, whereas the upper flow extremes (peaks) are projected to drastically to increase by 50 to >100%, 
and this with decreased annual recurrence intervals, i.e. there will be a tremendously increased future flood hazard in the UIB. The 
future low flows projections also show more extreme values, with lower than nowadays-experienced minimal flows, occurring 
more frequently and with much longer annual total duration, as well, most likely due to increased future glacier melting. 
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Kurzfassung 

Wasserbilanzberechnungen und räumlich verteilte Niederschlag-Abfluss-Modelle erfordern eine hohe Auflösung klimatischer 
Datensätze als primären Input. Dies ist jedoch speziell im „Upper Indus Basin“ (UIB), selten der Fall, da dort vor Ort, Klimadaten mit 
genügender Raum- Zeit- und Höhenabdeckung für räumlich verteilte (distributed) hydrologische Untersuchungen zur der Bewertung des 
Einflusses des Klimawandels kaum zur Verfügung stehen. Die durchschnittlichen Niederschlagsmengen über das UIB sind unrealistisch 
niedrig, um die beobachteten Abflüsse am Ausgang des Einzugsgebietes aufrechtzuerhalten. Die ist hauptsächlich eine Folge des spärlichen 
Untersuchungsnetzwerks, das vorwiegend aus im Tal liegenden Messstationen mit geringer geographischer Höhe besteht, die die 
orografische Wirkung im bergigen UIB nicht korrekt darzustellen vermag. Die Lösung für diese Probleme kann entweder die Verwendung 
von Raster-Datenprodukten oder ein verbesserter Datensatz sein, der den neusten Stand der wissenschaftlichen Erkenntnisse und Techniken 
verwendet. Die ersten vier Kapitel der Arbeit widmen sich diesem Problem mit der Qualität der Eingabedaten. Die restlichen zwei Kapitel 
(fünf und sechs) befassen sich mit dem Hauptziel der Studie, d.h. die Vorhersage zukünftiger hydrologischer Szenarien, inklusive  der dafür 
notwendigen Arbeiten, d.h. die Kalibrierung und Validierung des SWAT-Modells, sowie die Auswahl, Downscaling und Bias-Korrektur 
von Klimamodellprojektionen. Ausführlicher beinhalten die einzelnen Kapitel folgendes:  

1. Dieser Teil der Studie hat zum Ziel, die Fähigkeit der “Tropical Rainfall Measurement Mission” (TRMM) “Multi-Satellite 
Precipitation Analysis”  (TMPA) zur Schätzung geeigneter Niederschlagsraten im „Upper Indus Basin“ und die Abhängigkeit der Schätz- 
leistung von der Zeitskala zu analysieren. Zu diesem Zweck werden statistische Analysen und Vergleiche der TMPA-Produkte mit 
Messdaten im UIB durchgeführt. Die Abhängigkeit der TMPA-Schätzqualität von der Zeitskala wird durch Vergleiche der monatlichen, 
saisonalen und jährlichen Summen für das UIB analysiert. Die Ergebnisse zeigen erhebliche Fehler in den TMPA- (TRMM) 
Niederschlagsschätzungen für das UIB, sowie hohe ’Werte für ‚false alarm‘ und ‚miss ratios‘. Die Güte der Korrelation der TMPA-
Schätzungen mit den Messdaten steigt beträchtlich und fast linear mit zunehmender zeitlicher Aggregation, d.h. der Zeitskala der Daten. 
Der BIAS ist überwiegend positiv im Sommer, während es für den Winter überwiegend negativ ist, d.h. es gibt im Sommer eine leichte 
Überschätzung und im Winter eine Unterschätzung. Die Ergebnisse der Studie legen nahe, dass trotz dieser Diskrepanzen zwischen TMPA- 
Schätzungen und Pegeldaten, die Nutzung ersterer in der in den folgenden Kapiteln vorgestellten Wassereinzugsgebiets –Modellierung für 
das UIB eine wertvolle Alternative in datenarmen Regionen sein kann, muss aber mit Vorsicht genossen werden. 

2. Im Rahmen diese Teils der Studie werden sechs Interpolationsmethoden zur Verbesserung der räumlichen Interpolation der 
Niederschlagsdaten, einschließlich NN, IDW, OK, SK, KED und SKlm verwendet. Die quantitative Kreuzvalidierung zeigt, dass SKlm 
von diesen Methoden bessere Ergebnisse für Datenaggregate auf  der Monats-, Saison- und Jahres- Skala im Hinblick auf die Indizes r, 
MAE, RMSE und NSE erbringt. Der SKlm-Methode folgen in absteigender Leistung SK, OK, KED, IDW und NN. Gemäß der qualitativen 
Kreuzvalidierungsergebnisse, die auf sechs kategorische Indizes für die tägliche Interpolation (Ac, FBI, POD, FAR, CSI und TSS) beruhen, 
sind die von SKLm erzeugten Schätzungen mit dem besten durchschnittlichen Rang von 1.83 ebenfalls besser als die der anderen Methoden. 
Die übrigen Methoden zeigen ebenfalls ähnliche Ergebnisse wie bei den quantitativen Indizes. Insgesamt erweist sich SKlm als eine bessere 
Option für die Interpolation von Niederschlagsdaten in der UIB, da sie eine vergleichend bessere Darstellung des Niederschlags sowohl in 
Bezug auf seine Stärke  als auch seines Auftretens bietet. 

3. In diesem Abschnitt der Studie wird ein neuer Ansatz zur Regionalisierung der Niederschlagsreihen auf ein kleineres räumliches 
Raster über das UIB (reguläres Raster mit 0,1° x 0,1° Auflösung) mit Anpassungen für den orografischen Effekt und Veränderungen des 
Gletscherspeichers mittels der Methode des „Reverse Hydrology“ evaluiert und validiert, untermauert von beobachteten Abflüssen und 
allgemeinem Wissen über das UIB. Die generierten Daten werden durch Auswertung der SWAT-Modellantwort gegen die beobachteten 
Abflüsse für die verschiedenen Inputniederschlagsreihen validiert. Die Ergebnisse zeigten, dass die durch den Regionalisierung-Prozess 
erzeugten Niederschlagsreihen in der SWAT-Modellsimulation weit besser als die nicht-korrigierten beobachteten Daten sind. 

4. Die im vorherigen Kapitel 3  erwähnte Methodik wird mit einigen anderen Methoden kombiniert, um ein anderes Hauptproblem 
des UIB anzugehen, nämlich die fehlenden Langzeit-Klimadatensätze. Zu diesem Zweck werden Niederschlagszeitreihen an virtuellen 
Orten durch temporäre Rekonstruktion von Niederschlagsreihen an Orten zu erzeugen, an denen sie vor Mitte der neunziger Jahre nicht 
erfasst wurden. Die an diesen virtuellen Standorten generierten Daten werden dann mit während 12 Jahre-lang an diesen Orten beobachteten 
Daten korrigiert. Es folgt eine Regionalisierung der Niederschlagsreihe (Kapitel 3) auf einer kleineren Skala über das Einzugsgebiet. Die 
generierten Daten werden durch Auswertung der SWAT-Modelldaten gegen die beobachteten Abflüsse validiert.  
Die Ergebnisse zeigen, dass die die mit dem rekonstruierten Niederschlag erzwungenen SWAT- simulierten täglichen Abflüsse nahezu 
identisch sind mit denen, die beim Erzwingen des Modells mit dem Referenzniederschlag erhalten werden. 

 5. Dieser Abschnitt der Studie konzentriert sich auf die Ermittlung einer Reihe repräsentativer zukünftiger Klimaprojektionen für das 
UIB. Obwohl eine Vielzahl von GCM- Klima-Vorhersage-Datensätze heutzutage im CMIP5- Klima-Archiv verfügbar sind, muss das 
Problem ihrer Zuverlässigkeit für bestimmte Regionen immer noch angegangen werden. Aufgrund dieser Situation ist es unabdingbar, die 
am besten geeigneten einzelnen oder Kleingruppen von GCMs für die Bewertung der Auswirkungen des Klimawandels in einer Region zu 
bestimmen. Hier werden verschiedene Ansätze angenommen und angewendet, um eine schrittweise Auswahlliste und die Auswahl 
geeigneter Klimamodelle für das UIB für zwei repräsentative Konzentrationspfade (RCPs), RCP 4.5 und RCP 8.5, auf der Grundlage eines 
a) Bereichs projizierter Mittelwertänderungen, b) Umfang der projizierten extremen Veränderungen und c) Fähigkeit, das vergangene 
Klima zu reproduzieren, vorzunehmen. Wegen der höheren Unsicherheiten bei der Klimaprojektion für hochgebirgige  Einzugsgebiete, 
wie das UIB, werden zusätzlich zu den Projektionen, die den mittleren zukünftigen Klimawandel am besten darstellen, alle möglichen 
zukünftigen Extremszenarien (nass-warm, nass-kalt, trocken-warm, trocken-kalt) werden ebenfalls berücksichtigt. Basierend auf diesem 
zweifachen Verfahren wird eine begrenzte Anzahl von Klimamodellen vorgewählt, aus denen die endgültige Auswahl erfolgt, indem der 
gewichteten Bewertung für jedes der genannten Auswahlkriterien ein Rang zugeordnet wird. Die „dynamisch downscaled“ 
Klimaprojektionen des koordinierten regionalen Downscaling-Experiments (CORDEX), die für die Top- GCMs verfügbar sind, werden 
über das UIB statistisch weiter „downscaled“ (Bias-korrigiert) und im folgenden Kapitel als Klimatreiber im SWAT-Modell verwendet. 

     6. Die Projektion der zukünftigen Hydrologie für das bergige, stark vergletscherte UIB ist aufgrund der Unsicherheiten in den 

zukünftigen Klimaprojektionen und Problemen mit der Abdeckung und Qualität der verfügbaren Referenzklimadaten und den 

hydrologischen Modellierungsansätzen eine herausfordernde Aufgabe. Dieser Teil der Studie versucht, diese Probleme zu lösen, indem 

das „semi-distributed“  hydrologische Modell 'SWAT' mit neuen Klimadatensätzen, die eine bessere horizontale und  vertikale Auflösung 
(Kapitel 4) sowie ein breiteres Spektrum zukünftiger Klima-Vorhersagen aus dem CORDEX- GCM/RCM- Modellsatz (Kapitel 5) bieten,  

zur Beurteilung verschiedener Aspekte der zukünftigen Hydrologie (mittlere Flüsse, Extreme und saisonale Änderungen) verwendet. Es 

werden Isolinien-Darstellungen für den mittleren Jahresdurchfluss und die aktuelle Evapotranspiration als Funktion von „downscaled“  

durchschnittlichen Jahresniederschlägen und -Temperaturen erzeugt, die als einfaches "praxisnahes" Prognoseinstrument für die zukünftige 

Hydrologie in der UIB dienen können. Die Ergebnisse der zukünftigen hydrologischen Projektionen zeigen, dass fast alle Kombinationen 

von RCP- Klimaszenario/ GCM/RCM- Modell zu ähnlichen Trends in Bezug auf Größenänderungen, saisonale Muster und Extreme des 

UIB-Abflusses führen. Insbesondere deuten alle, außer einem Szenario - das mit einem sehr hohen zukünftigen Temperaturanstieg - auf 

eine Steigerung des mittleren jährliche Abflusses im gesamten 21. Jahrhundert hin, wobei letzterer interessanterweise stärker in der Mitte 
(2041–2070) als am Ende (2071-2100)  des Jahrhunderts ist. Die saisonalen Verschiebungen sowie die Extreme folgen für alle 

Klimaszenarien dem gleichen Trend, z. B. ein früheres Eintreten (im Mai-Juni statt Juli-August) von hohen Abflüssen und erhöhten 

Frühlings- und Winterflüssen, während die oberen Abfluss-Extreme (Peaks) drastisch um 50 bis > 100% ansteigen werden und dies bei 

geringeren jährlichen Wiederholungsintervallen, d.h. es wird ein zukünftig stark erhöhtes Hochwasserrisiko in der UIB bestehen. Für die 

zukünftigen extremen Niedrig-Abflüsse ist die Situation umgekehrt, wobei geringere als in der Gegenwart auftretende Abflüsse in Zukunft 

häufiger auftreten werden, das jedoch mit einer geringeren Gesamtdauer aufgrund einer zunehmenden zukünftigen Gletscherschmelze.
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General Introduction 

I. Background and rational 

Currently Pakistan is experiencing the worst regional impacts of global climate change. 

Thus, whereas during most of the years of the last decade, Pakistan faced droughts, in 

the last few years the country has seen the worst storms and floods ever in its history. 

In addition, the rapid population growth and the associated land use change is adding 

to these climate-change induced problems. 

Planning for these types of extreme meteorological and hydrological events require 

prompt investigation and research in the fields of climate science, hydrology and 

hydrological modelling. This may be the only means whereby the expected future 

climate and hydrological conditions may be better predicted beforehand and the 

necessary adaptations made, in order to minimize the possible damages. Unfortunately, 

countries like Pakistan do not always have the resources to carry out sufficient research 

in this field. 

The economic life of Pakistan depends to a large extent on its agriculture which, in 

turn, is dependent on irrigation through a vast network of barrages, diversions, and 

channels which are fed to a large extent by the Indus River and its tributaries. 

Hydropower also provides 28% of the installed power capacity of the country, most 

importantly from the two large dams at Tarbela on the Indus and at Mangla on the 

Jhelum River. Most of the flow diverted for irrigation from the Indus originates from a 

combination of melt water from seasonal and / or permanent snow cover and glaciers 

in the Himalaya, Karakoram and the Hindu Kush mountains, as well as direct rainfall 

runoff during the winter months and the monsoon season in the summer months July 

to September. An understanding of the hydrological regimes of the mountains is 

therefore critical for the management of the water resources, reservoirs life and flood 

preparedness in Pakistan. 

In this context, river basin runoff and discharge modelling / estimation could be an 

important tool for water resource management.  Furthermore, the inescapable climate 

change and possible human interventions (landuse changes) in the watershed and in the 

natural riverine environment have most likely the potential to change the hydraulics 

and hydrology of the upper Indus river basin (UIB) considerably. Thus, the increased 
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floods during the wet seasons as well as the lower flows during the dry seasons in 

recent years may be signs of significant regime changes of river flow occurring in the 

basin. This is creating more uncertainty in the region with regard to water flows and its 

distribution, both spatially and temporally. 

Integrated water resources management at river basin scales and the evaluation of the 

effects of climate change on regional water resources require both a qualitative and 

quantitative approach for the assessment of space-time variability of monthly 

discharges within a river network. For regional river basins, such as the UIB, with only 

meagre or even non-existent gauge data, the variability of monthly discharges can be 

estimated with a reasonable accuracy by combining continuity hydrological models, 

flow routing, and topology of the river basin.  However, the UIB is a poorly studied 

and largely un-gauged river basin with an extremely rugged topography. Several 

factors, such as the challenging terrain and the trans-boundary nature of the basin, make 

the quantitative evaluation of the hydrological process in the UIB even more difficult. 

Moreover, the latter is complex hydro-climatologically, since it has a significant 

cryospheric component, given the large altitudes of the upper portions of the 

basin (Mukhopadhyay and Dutta, 2010). The spatial and temporal variations 

of the principal climatic variables, such as precipitation, net radiation, and temperature, 

along with topography and soil types, have to be thoroughly accounted for in 

the development of a process-oriented stream/catchment model. 

Though comparatively limited research work can be found for the hydrological 

processes in the Indus basin, recently, the Indus basin, in general, and the upper Indus 

basin (UIB), in particular, have been under investigations of the hydrological impacts 

of possible climate change (Akhtar et al., 2008; Mukhopadhyay and Dutta, 2010; 

Mukhopadhyay, 2011; Tahir et al., 2011; etc). All these efforts are remarkable in 

keeping in view the complexity of the terrain and the deficiencies in available data, so 

that a few of them cover only parts of the upper Indus basin and others use input data 

which may require more details, in order to give more realistic results. In other words, 

the bridging of the knowledge gaps and the absence of estimation efforts with improved 

accuracy through incorporation of primary data for the critical parameters has not been 

done so far. 
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In the above-mentioned context, the proposed study will focus on the application of 

suitable modelling approaches for the estimation of the flow dynamics in the UIB. In 

addition, the study will also ensure practical efforts to acquire and incorporate primary 

data of local and regional scale for correction and validation of the available data. 

The research proposed here is geared to answer the following questions: 

• What is the overall basin- and sub-basin level spatial and temporal water 

availability & flow in the upper Indus basin? 

• What will be the impacts of climate change on the water availability & flow? 

II. Overall & specific objectives: 

Climate change is expected to induce a lot of seasonal and annual variations of climate 

variables in the Karakorum-Himalaya region which, in turn, have the potential to 

significantly influence the quantity and timing of water availability and discharge in 

streams and rivers originating in these highly glaciated mountain ranges. This will not 

only pose great challenges for future management of these rivers, but in extreme cases, 

may lead to disasters in the region. Furthermore, as a huge number of water storage and 

hydropower projects are either under development or proposed in the Upper Indus 

River basin, a water flow and discharge study seems to be timely and desirable. 

In order to address the relevant research needs and gaps in the database required for the 

water flow within the basin, this study mainly focuses on the development of a reliable 

platform for the estimation of water availability and discharge. 

The overall objective of the study is to organise and to set up a hydrological model, 

together with the relevant input data for assessment of climate change hydrological 

impacts. More specifically: 

Specific objective 1 - identify all the possible source of DATA (Topographic, 

elevation, climatic, soil, land-use etc) for the Upper Indus Basin (UIB) 

Specific objective 2 - evaluate the quality, coverage and extent of the available hydro-

meteorological data, identify and remove gapes, if any, in the time series and improve 

its spatial resolution, so that it can be used to develop stream flow characteristics of a 

topographically and climatically complex river basin with a significant cryospheric 

component and limited data availability. 
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Specific objective 3 –develop, calibrate and validate a basin scale stream water 

availability/flow model (SWAT) covering the channel network within UIB, 

Specific objective 4 – apply SWAT hydrological model under future climate 

variability, to assess climate change hydrological impacts across the UIB. 

III. General description of the study area 

The Indus River, one of the largest rivers in Asia, with a total length of about 2880 km, 

has a total drainage area of about 912,000 km2 which extends across portions of India, 

China, Pakistan and Afghanistan (Ali and Boer, 2007). The section of Indus upstream 

of the Tarbela Dam, Pakistan (Fig. 1) is called UIB, with a length of about 1150 km 

and drains an area of approximately 165400 km2. 

Being a high mountain region, the UIB contains the largest area of perennial glacial ice 

cover (~15062 km2) outside the polar regions, with 2174 km3 of total ice reserves 

(Bajracharya and Shrestha, 2011). Some estimates (Arendt et al., 2015) show even 

greater glacier cover, reaching up to 12% of the UIB (above 19000 km2). The altitude 

within the UIB ranges from as low as 455 m to 8611 m and, as a result, the climate 

varies greatly within the basin (Tahir et al., 2011). 

The summer monsoon has little effect on the basin, as almost 90% is located in the rain 

shadow of the Himalayan belt (Immerzeel et al., 2009). Except for the south-facing 

foothills, the intrusion of the Indian-ocean monsoon is limited by the mountains, so that 

its influence weakens north-westward (Bookhagen and Burbank, 2006). Subsequently, 

the climatic controls in the UIB are quite different from that in the Himalayas on the 

eastern side. In fact, over the extent of the UIB, most of the annual precipitation 

originates in the west, resulting from the mid-latitude western disturbances and occurs 

mostly in solid form during winter and spring (Hewitt, 2011; Wake, 1989; Ali et al., 

2015; Hasson, 2016). Occasional rains are brought by the monsoonal incursions to 

trans-Himalayan areas ( Wake, 1989; Ali et al., 2015), but even during the summer 

months, the trans-Himalayan areas do not derive all precipitation from monsoon 

sources (Karim and Veizer, 2002). 

Climatic variables are usually strongly influenced by topographic altitude. Thus, the 

northern valley floors of the UIB are arid, with annual precipitation of only 100-200 

mm. These totals increase to 600 mm at 4400 m, and glaciological studies suggest an 
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annual accumulation rates of 1500 to 2000 mm at 5500 m (Wake, 1989). The average 

snow cover area in the UIB changes from 10% to 70%. Snow cover in the area is at a  

 

Figure 0.1: Upper Indus Basin (UIB extent, tributary catchments, major streams, stream gauge stations 

and elevation details 

 

maximum of 70‒80% in the winter snow accumulation period (December to February) 

and at a minimum of 10‒15% in the summer snow melt period (June to September) 

(Tahir et al., 2011). Stream flow is generated by the combination of the storm runoff in 

the lower part of the upper Indus basin and the snow and glacier runoff from the higher 

parts of the UIB (Archer, 2003; Ali and Boer, 2007) Nearly half of the total annual flow 

in the Indus basin is contributed by the UIB, with 86-88% contribution during the 

summer season, but only 12-14% during the winter season (Khan et al., 2015;2017) 

IV. Organization of thesis 

The thesis is structured in six chapters following this first part dedicated to a general 

introduction including an outline of the general background and the rational of the study 

chosen for this thesis. It also include a brief description of the study area, the “Upper 

Indus Basin (UIB)”, covering its geography as well as basic features of its hydrological 

regime.  
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The first four chapters are mainly concerned with the availability, quality control and 

possible improvements in the quality and coverage of the meteorological data available 

in the UIB. The remaining two chapters cover hydrological modelling under the present 

and future climate, and preparation of future forcing data for these simulations. 

Based on these statements, the chapters are in particular: 

Chapter 1 comprises a study completed on the “evaluation of how good the gridded 

multi-satellite precipitation (TRMM -TMPA) estimates have performed in the UIB”, 

in comparison to observed gauge station precipitation records. This chapter is oriented 

towards the first objective of this study. 

Chapter 2 is part of the efforts to identify possibilities to improve quality and coverage 

of the meteorological data available in the UIB. The work in this chapter comprises a 

study completed on the “comparison of interpolation methods for improving the spatial 

coverage of precipitation data in the mountainous Upper Indus Basin”. The study 

evaluates six interpolation methods to identify their strengths and weaknesses and to 

assess their suitability for use in the UIB at desired temporal scale. 

Chapter 3 & 4 are dedicated to the correction, quality control and improvement in 

spatial and temporal coverage of the observed precipitation- and temperature data. The 

work in the third chapter comprises a study completed on the “correction and 

informed regionalization of precipitation data in the UIB” while the fourth chapter 

comprises a study completed on “temporal reconstruction of long term daily 

precipitation data (50 years)”. 

Chapter 5 mainly covers the “selection of plausible future climate scenarios and bias 

correction /downscaling of the selected future projections, for further use in projecting 

future hydrology of UIB”. The downscaling and bias correction of the selected models 

has been done utilizing the newly generated reference data, as described in Chapter 3 

& 4. 

Chapter 6 comprises a study completed on “setting up of a hydrological model for the 

UIB”, its calibration and validation as well as projecting the mean hydrology and 

extremes under the range of selected scenarios of future climate change 
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Chapter-1: Evaluation of gridded multi-satellite precipitation (TRMM -

TMPA) estimation performance in the Upper Indus Basin (UIB) 

 

Abstract: 

The part of the study aims to evaluate the capability of the Tropical Rainfall 

Measurement Mission (TRMM), Multi-satellite Precipitation Analysis (TMPA), 

version 7 (TRMM-3B42-V7) precipitation product to estimate appropriate 

precipitation rates in the Upper Indus Basin (UIB) by analyzing the dependency of the 

estimates’ accuracies on the time scale. To that avail, various statistical analyses and 

comparison of Multisatellite Precipitation Analysis (TMPA) products with gauge 

measurements in the UIB are carried out. The dependency of the TMPA estimates’ 

quality on the aggregation time scale is analyzed by comparisons of daily, monthly, 

seasonal and annual sums for the UIB. The results show considerable biases in the 

TMPA Tropical Rainfall Measurement Mission (TRMM) precipitation estimates for 

the UIB, as well as high numbers of false alarms and miss ratios. The correlation of the 

TMPA estimates with ground-based gauge data increases considerably and almost in a 

linear fashion with increasing temporal aggregation, i.e., time scale. There is a 

predominant trend of underestimation of the TRMM product across the UIB at most of 

the gauge stations, i.e., TRMM-estimated rainfall is generally lower than the gauge-

measured rainfall. For the seasonal aggregates, the bias is mostly positive for the 

summer but predominantly negative for the winter season, thereby showing a slight 

overestimation of the precipitation in summer and underestimation in winter. The 

results of the study suggest that, in spite of these discrepancies between TMPA 

estimates and gauge data, the use of the former in hydrological watershed modeling 

undertaken by the authors may be a valuable alternative in data-scarce regions like the 

UIB, but still must be taken with a grain of salt. 

 

Keywords: Precipitation estimation, Tropical Rainfall Measurement Mission (TRMM), 

Multi-satellite Precipitation Analysis (TMPA), Upper Indus basin 

 

(Note: major part of the work presented in this chapter (chapter-1) is published in a 

peer reviewed journal article in “Climate” (Khan et al., 2018)) 
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1.1 Introduction 

The continued improvements in computation capabilities and the subsequent increase 

in the development of spatially explicit and distributed models for expressing 

environmental phenomena has necessitated the provision of more intensive and 

improved data for environmental variables both in space and time. Two major issues, 

especially, in hydro-meteorological studies, are the possible sparsity of data sampling 

points (gauge stations), and the discontinuities in the data and in the quality of the 

temporal records. These issues are more frequent in mountainous regions with high 

altitudes, because they are immensely challenging environments for measurements of 

precipitation, either through remote-sensing or the traditional ground based methods, 

due to the difficult topography and the highly-variable weather and climatic conditions 

(Scheel et al. 2011; Hasanpour Kashani and Dinpashoh 2012). These factors have 

proved to be  main hurdles, due to which many developing countries are unable to 

achieve consistent spatial and temporal coverage for ground-based precipitation 

measurements (Hasanpour Kashani and Dinpashoh 2012; Behrangi et al. 2011) and, 

therefore, make it difficult for them to achieve an effective spatial coverage of rainfall 

(Pegram et al. 2004; Ghile et al. 2010). The consequent lack of good quality 

precipitation data then turns out to be a big hurdle for properly assessing impacts of 

climate change on water resources in these regions (Scheel et al. 2011).  

As data with an acceptable gridded resolution of daily climatic variables are critical for 

hydrological and water resources modeling (Oke et al. 2009; Chiew FHS, Vaze J, 

Viney NR, Jordan PW, Perraud J-M, Zhang L, Teng J, Young WJ, Penaarancibia J, 

Morden RA, Freebairn 2008), managing the gaps in the data appropriately is then the 

first stage of most climatological, environmental and hydrological studies (Hasanpour 

Kashani and Dinpashoh 2012). This step is also necessary to improve the spatial 

resolution for sparse gauge station data sets, before using it as an input for spatially-

distributed rainfall-runoff models, because the gauge-based interpolation methods, 

commonly used in hydrologic models, usually do not cover the spatial heterogeneity of 

the variability of climatic variables in the catchment. These errors in the interpolated 

data field have then the potential to significantly bias model calibrations and water 

balance calculations (Oke et al. 2009). 
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Fortunately, the continued scientific development is also showing new prospects in 

addressing these issues.  For example, the advancements in the gathering and deriving 

climate data through satellite remote sensing could provide a possible opportunity to 

mend some of the issues with regard to the spatial coverage of climate data. That is 

why the use of satellite-based precipitation products, individually, or in combination 

with land-based gauge data, has been increasingly recognized as a very promising 

alternative to address the aforementioned problems (Ghile et al. 2010). Such 

precipitation products prove to be of great value, especially, in developing countries, 

with remote and high-altitude locations, where conventional rain gauge- or weather 

data are of bad quality or have low coverage (Hughes 2006). 

There are numerous satellite-based precipitation products currently available with 

varying degrees of accuracy. These include the Climate Prediction Center (CPC) 

morphing algorithm (CMORPH) (Joyce et al. 2004), the Global Satellite Mapping of 

Precipitation (KUBOTA et al. 2007; Ushio et al. 2009; AONASHI et al. 2009), the 

Naval Research Laboratory Global Blended Statistical Precipitation Analysis (Turk, 

F.J. Rohaly, G.D., Hawkins, J. Smith, E.A., Marzano, F.S. Mugnai, A. Levizzani, V 

2000) and the Tropical Rainfall Measuring Mission (TRMM), Multisatellite 

Precipitation Analysis (TMPA) (Huffman et al. 2010; Huffman et al. 2007) and a few 

others. Since their inception, most of these gridded datasets have been evaluated for 

their suitability and usability for specific regions or intended uses. In general, such 

investigations are less frequently carried out for mountainous regions and, even less, 

for our study area “the Hindukush, Karakurm and Himalays (HKH) region”. In the 

HKH and the Upper Indus Basin (UIB) region, most of the reported works, related to 

the evaluation of gridded precipitation products, are suggestive of considerable biases 

in the gridded products, in comparison to the gauge records (Andermann et al. 2011; 

Amir Khan et al. 2018; Hussain et al. 2017; Cheema and Bastiaanssen 2012).   

Additionally, the quality, coverage or representativeness of the available observed 

gauge records in the HKH have also been questioned and sometimes regarded as having 

considerable under-estimations of regional precipitation amounts (Yatagai et al. 2012; 

Palazzi et al. 2017; Wijngaard et al. 2017), with, especially at higher altitudes (Khan 

and Koch 2018a). (the spatial distribution of estimated real precipitation by Khan and 

Koch (Khan and Koch 2018a) over the study area is given in the supplementary 
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materials – Appendix-I while the Vertical meteorological and cryspheric regimes in 

UIB (modified from Hewitt 2007) is given in Appendix-II)  

While, in most cases, these gridded global precipitation data sets are some interpolated 

version of point measurements (most often through geo-statistical procedures), they 

may only be useful for regions where dense network of rain gauges are available, 

because otherwise, in absence of a dense enough networks or over regions of complex 

topographies, the interpolated precipitation present a very generalized restitution, not 

able to reflect  properly the prevalent orographic, surface or atmospheric processes 

(Cheema and Bastiaanssen 2012).  

In comparison with the sparse gauge observations or the gridded data products, based 

on them, satellite-based precipitation products, such as “Tropical Rainfall 

Measurement Mission” (TRMM) “Multi-satellite Precipitation Analysis” (TMPA), 

version 7 (TRMM-3B42-(V7) have an inherent advantage, due to their higher spatial 

coverage. However, they also have certain limitations, because they are indirect 

estimates of rainfall, which depend on the cloud height and the properties of the cloud’s 

surfaces (IR-algorithms) and on the integrated sparse and multi-source hydro-

meteorological content (passive microwave algorithms) (Huffman et al. 2007; Khan 

and Koch 2018a; Wilheit 1986; Janowiak et al. 2001). Therefore, before such satellite-

based data can be used with confidence, it is important to evaluate their accuracy or 

error characteristics by comparing them with data from ground-based observations.  

Based on these considerations, the current study aims  at assessing the skill of the 

TRMM- precipitation dataset in matching the magnitudes and occurrences, at different 

temporal scales, at all the points of the observational network available, to evaluate its 

further processing and correction requirements or suitability for subsequent use in 

distributed hydrological modelling. 

Materials and Methods 

1.1.1 Study area and data 

1.1.1.1 Study area: “The Upper Indus River Basin (UIB) 

The Indus River, one of the largest rivers in Asia with a total length of about 2880 km, 

has a drainage area of about 912,000 km2 which extends across portions of India, 

China, Pakistan and Afghanistan (Fig. 1.1). The portion of the Indus that comprises the 
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Upper Indus River Basin (UIB), with a logical lower boundary at Tarbela Dam, is about 

1125 km long and drains an area of about 170,000 km2 (Ali and Boer 2007) . 

Being a high-mountain region, the UIB contains the largest area of perennial glacial ice 

cover   (22000 km2) outside the polar regions of the earth, and which extends even 

further during the winter season (Hewitt 2001). The altitude within the UIB ranges from 

as low as  455 m to a high  of 8611 m and, as a result, the climate varies greatly within 

the basin (Tahir et al. 2011). 

The summer monsoon has no significant effect on the basin, as almost 90% of its area 

lies in the rain shadow of the Himalayan belt (Yatagai et al. 2012; Immerzeel et al. 

2010). Except for the south-facing foothills, the intrusion of the Indian-ocean monsoon 

is limited by the mountains, so that its influence weakens northwestward. 

Subsequently, the climatic controls in the UIB are quite different from that in the 

Himalayas on the eastern side. In fact, over the extent of the UIB, most of the annual 

precipitation originates in the west and falls in winter and spring, whereas occasional 

rains are brought by the monsoonal incursions to the trans-Himalayan areas, but so, 

that even during the summer months, the trans-Himalayan areas do not obtain all their 

precipitation from the monsoons (Wake 1989; Hewitt 2011; Ali et al. 2015; Hasson 

2016). 

Climatic variables are usually strongly influenced by topographic altitude. Several 

studies have pointed out that precipitation in the HKH region exhibits large changes 

over short distances and has a considerable vertical gradient (Wake 1989; Hewitt 2011; 

Singh and Kumar 1997; Dhar and Rakhecha 1981; Dahri et al. 2016; Pang et al. 2014). 

Thus the northern valley floors of the UIB are arid, with annual precipitation of only 

100-200 mm, but these totals increase with elevation and reach up to 600 mm at 4400 

m height, and lead  to  annual glacier accumulation rates of up to 1500 to 2000 mm at 

5500 m altitude, according to some glaciological studies (Wake 1989). The average 

snow cover area in the Upper Indus River Basin fluctuates between 10% and  70%. 

Snow cover in the area is at a maximum of 70‒80% in the winter- (December to 

February) snow-accumulation period and at a minimum 10‒15% in the summer- (June 

to September) snow-melt period (Tahir et al. 2011). Stream flow is generated by the 

combination of the storm runoff in the lower parts of the upper Indus basin and the 
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snow- and glacier runoff from the higher parts of the UIB (Ali and Boer 2007; Archer 

2003). 

Figure 1.1: Upper Indus Basin with hydro-climatological stations 

1.1.1.2 Data used 

1.1.1.2.1 TMPA data (TRMM 3B42 V7)  

In this study the TRMM 3B42 (V7) precipitation product is used. This product is 

basically a calibration-based combination scheme for precipitation estimates from 

multiple satellites and space-borne sensors, including infrared, microwave, radar data 

and gauge measurements. Though the dataset has very good spatio-temporal resolution 

(0.25° × 0.25° grid, 3-hourly) and good global coverage (latitude band 50°N to 50°S) 

and is available since 1998 to the recent past (Scheel et al. 2011; Huffman et al. 2007), 

it also has some  uncertainties, because the inputs on which it is  based are indirect 

estimates of rainfall, depending on the cloud height and the properties of the cloud 

surface (IR algorithms) and on the integrated sparse and multi-source hydro-

meteorological content (passive microwave algorithms) (Huffman et al. 2010; Huffman 

et al. 2007; Janowiak et al. 2001).  
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During the current study, 3-hourly data from January 1, 1998 to December 31, 2008, 

were summed to daily accumulated precipitation for each of the 0.25° X 0.25° grid box, 

which has a gauge station, and evaluated for match with the corresponding gauge 

station’s observed daily accumulated precipitation. As the observational network is 

scant, no TRMM grid box included more than one in-situ gauge station. 

1.1.1.2.2 Observed gauge station data 

In the HKH region of Pakistan, observed in situ data are limited, and operated by 

different organizations, mainly the Pakistan Meteorological Department (PMD) and 

Water and Power Development Authority (WAPDA). The stations operated by PMD 

have daily-time-step climate data available for longer periods (1947 to date), but with 

huge gaps and missing data in the records and with only monthly data available freely 

for research purposes. Furthermore, all the PMD stations are valley-based, at elevations 

below 3000 m a.s.l. altitude and, therefore, hardly represent the frequency and amount 

of precipitation in the high-altitude areas. The climate stations, operated by WAPDA, 

are fairly new and have considerably consistent data over the time period, coinciding 

with the TRMM product. These gauge stations are distributed almost evenly across the 

UIB inside Pakistan and cover a wide range of elevations (Fig. 1.1 and Table 1.1).  

Table 1.1: Geographical attributes of the Precipitation gauge Network 

 S. 
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Station 
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1 Burzil 1999-2008 34.906 75.902 4030 

2 Deosai 1999-2008 35.09 75.54 4149 

3 Hushe 1999-2008 35.42 76.37 3075 

4 Khot Pass 1999-2008 36.517 72.583 3505 

5 Khunjrab 1999-2008 36.84 75.42 4440 

6 Naltar 1999-2008 36.17 74.18 2898 

7 Ramma 1999-2008 35.36 74.81 3179 

8 Rattu 1999-2008 35.15 74.8 2718 

9 Shendoor 1999-2008 36.09 72.55 3712 

10 Shigar 1999-2008 35.63 75.53 2367 

11 Ushkore 1999-2008 36.05 73.39 3051 

12 Yasin 1999-2008 36.454 73.3 3350 

13 Zani 1999-2008 36.334 72.167 3895 

14 Ziarat 1999-2008 36.77 74.46 3020 
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During the current study, daily precipitation records of 14 meteorological stations 

operated by WAPDA are  utilized for the evaluation of the TRMM- estimates. Their 

geographical attributes are given in Table 1.1. The evaluation is limited to the duration 

of 1998 to 2008, as the observed precipitation data could not be acquired for the period 

beyond 2008. 

1.1.2 Methods 

The quantitative comparison of the TRMM-estimates with the ground rain-gauge 

station observations is done by employing various widely used statistical indicators. 

These include the correlation coefficient (r), the mean relative bias error (rBIAS), the 

mean bias error (MBE); mean absolute error (MAE), and the root mean square error 

(RMSE),  defined in the following equations (eq. 1.1 to 1.5): 
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where n is the number of samples, Ti are satellite-based precipitation, Gi are gauge-

based precipitation, and �̅� and �̅� are the corresponding means. Among these statistical 

indices, r shows the degree of linear correlation between TRMM precipitation 

estimates and gauge observations; MBE, MAE and rBIAS are used to assess the 

systematic bias, i.e. the deviation of the satellite precipitation from the gauge 

observations, and the RMSE gives the magnitude of the average error.  
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In addition, evaluations were also made for the daily TRMM estimates and gauge data 

over the Indus river basin, based on a 2×2 contingency table (Table 1.2), by detecting 

rain events (Hits), no events (Correct-negative), Misses by TRMM and False alarms by 

the TRMM.  More specifically, we used a threshold of 0.3 mm/d, to differentiate 

precipitation and no precipitation events, since lower precipitation values may be the 

result of noise, as indicated by (Hewitt 2011; Mayor et al. 2017) etc. 

Table 1.2: Contingency table 2X2 

 

OBSERVED VALUES 

(GAUGE DATA) TOTAL 

YES NO 

ESTIMATED VALUES 

(TRMM-ESTIMATES) 

YES 
-a- 

Hits 

-b- 

False- alarms 

Total-Yes 

Estimated 

NO 
-c- 

Misses 

-d- 

Correct-negative 

Total-No 

Estimated 

TOTAL 
Total-Yes 

Observed 

Total-No 

Observed 

TOTAL 

a+b+c+d 

Based on these four indicators, with orders as shown in the table, several categorical 

statistical indices are derived, including, accuracy (Ac), bias score or frequency bias 

index (FBI), probability of detection (POD), false alarm ratio (FAR, critical success 

index (CSI) and true skill statistics (TSS)  (Wilks 1995, 2011), defined in the following 

equations: 

a d
Ac

Total

+
=

   (1.5) 

a b
FBI

a c

+
=

+    (1.6) 

a
POD

a c
=

+    (1.7) 

b
FAR

a b
=

+    (1.8) 

a
CSI

a b c
=

+ +    (1.9) 
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−
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where a represents the number of rainfall events that have been successfully estimated 

by TRMM data (hits), b is the number of events incorrectly predicted as rain events by 

TRMM (false alarms),  c is the number actual events that are missed by TRMM 

(Misses), while d is the number of dry days or no-rainfall events identified successfully 

by the TRMM dataset. For each day, depending on how the estimated and observed 

precipitation behave, any event above the given threshold (0.3 mm)  is scored either as 

a Hit, Miss, False alarm or Correct-negative, so that the rainfall is a Hit, if both, |TRMM 

and observed, reach the threshold; False-alarm, if  only the TRMM estimate reaches 

the threshold; Miss, if only the observed precipitation reaches it; and Correct-negative 

if both are below the threshold. The number of Hits, False-alarms, Misses and Correct-

negatives are used in eqs- 1.5 to 1.10, to calculate the above-mentioned statistical 

indices 

Each of these indices provides a specific information of the two data sets compared. 

Thus Ac indicates the fraction of estimates which is correct (range: 0 to 1. perfect score: 

1); FBI indicates whether the estimated dataset have a tendency to underestimate (FBI 

< 1) or to overestimate (FBI > 1) rain events, POD quantifies the fraction of rain 

occurrences that is estimated correctly (range: 0 to 1. perfect score: 1); FAR measures 

the fraction of false alarms in the satellite rain estimates (perfect score of 1 and a range 

from 0 to 1. CSI measures the fraction of estimated events that are correctly predicted 

(perfect score: 1) and a range from 0 to 1. Unlike all the aforementioned indices, TSS 

does not depend on the frequency of climatological event and uses all elements in the 

contingency table (Table 1.2). Thus TSS provides a measure of the accuracy of the 

estimates in terms of the probability of correct detection of events or no events. In this 

case the range is form -1 to 1. Perfect score is 1, with 0 showing no skills and a negative 

score means that estimates are worse than a random forecast. 

Results and discussion 

The assessment of the reliability of the TRMM- estimates and their comparisons with 

the rain data from gauge station presented in this section has been done by three 

different methodologies, i.e. (1) a statistical analysis, based on r, rBIAS, MBE, MAE 

and RMSE for daily, monthly, annual and seasonal data aggregates, (2) categorical 

statistics of daily data by computing Ac, FBI, POD, FAR, CSI and TSS, and (3) visual 

comparison for monthly, annual and seasonal data. 
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1.1.3 Statistical analysis for daily, monthly, annual and seasonal aggregates  

The results of the TRMM-assessment based on the statistical measures r, rBIAS, MBE, 

MAE and RMSE, are given for daily data aggregation in Table 1.3, for monthly and 

annual data aggregation in Table 1.4, and for seasonal aggregation in Table 1.5. The 

summer season include months of April, May, June, July, August and September, while 

the remaining 6 months, October, November, December, January, February and March 

are aggregated to represent the winter season. 

It is evident from a first glance at the two tables that the TRMM performs overall rather 

poorly for estimating the observed rain amounts for the study region at all temporal 

scales,  as the average r values are only 0.16, 0.22, 0.22 and 0.20 for monthly, annual, 

and seasonal (summer and winter) aggregation, respectively. Further specific results 

are discussed in the subsequent sub-sections. 

1.1.3.1 Skill statistics for TRMM precipitation estimates (daily aggregates)  

The daily aggregates of the TRMM precipitation estimates show poor skill in matching 

observed precipitation, with an average r of only 0.16. The comparison of the observed 

and TRMM daily rainfall data indicates highly variable MAE-values across the UIB, 

with a range ≥ 23 mm/day (Table 1.3). Values of MAE are high throughout most of 

compared locations in the UIB, with MAE ≤ 13 mm for all stations across the UIB. The 

North-Western parts of the UIB show the highest and most variable MAE.  

Based on the values of the MBE in Table 1.3, one can notice that the TRMM data have 

huge under-estimations across most of the UIB (average MBE of -3.53 mm), while they 

show at the same time a distinct spatial pattern across the study area, with a clear under-

estimation of the TRMM estimates for all the studied locations in the Eastern and 

Northern UIB, as well as for the Southern UIB, at all locations, except one. On the 

other hand,  the stations located in the North-western UIB experience a mixed trend, 

with  TRMM data indicating a moderate to high, under- or over-estimation at half 

(three) of the locations each. 

The mean relative biases (rBIAS) at the different gauge location also follows a similar 

pattern, with huge variations and range  from a negative  -0.42 to a high of  +5.27  at 

station “Yasin” , i.e. there the TRMM- precipitation estimate  is  more than 5 times the  

gauge-based observed value, which means that  there is tremendous over-estimation of 

the former.  
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Table 1.3: Statistical analysis for daily aggregates. 

SUB-BASIN STATION 

DAILY 

r rBIAS 
MBE 

(mm) 

MAE 

(mm) 

RMSE 

(mm) 

Southern UIB 

Burzil 0.22 -0.42 -11.77 16.20 20.76 

Deosai 0.10 0.99 4.41 14.53 26.33 

Rama 0.23 -0.22 -16.20 18.31 27.44 

Rattu 0.14 0.69 -7.90 18.12 29.24 

Eastern UIB 
Shigar 0.08 1.31 -3.99 10.24 17.81 

Hushey 0.14 -0.07 -5.73 10.79 14.73 

North-Western 

UIB 

Khot 0.19 0.70 0.49 4.93 8.08 

Naltar 0.25 0.24 -11.94 15.39 21.10 

Shendoor 0.16 1.48 1.22 9.46 15.67 

Ushkor 0.21 0.70 -0.51 8.16 12.74 

Yasin 0.10 5.27 24.24 28.68 46.57 

Zani 0.13 -0.14 -15.23 19.16 26.96 

Northern 

UIB 

Khunjrab 0.15 -0.27 -5.50 10.52 15.40 

Ziarat 0.14 0.71 -0.94 6.05 9.48 

Basin average 0.16 0.78 -3.53 13.61 20.88 

Maximum 0.25 5.27 24.24 28.68 46.57 

Minimum 0.08 -0.42 -16.20 4.93 8.08 

For the relative bias rBias,   the TRMM estimates show under-estimation only at 5 

locations, unlike for the mean bias MBE discussed before, where 10 out of the 14 

locations display under-estimations. After a more detailed examination of both the 

TRMM- and observed time series, it was found that, at some locations, very large 

number of light precipitation events were generally overestimated, while a smaller 

number of heavy precipitation events were underestimated by the TRMM estimates. 

This behavior may have resulted in the  overall average positive rBIAS at most of the 

locations, discussed earlier, while in reality the overall mean bias MBE of the TRMM 

estimates, is negative (under-estimation) at more than two-third of the locations. 

The RMSE- values for the daily time series are also very high and show large variations, 

ranging from a low of 8.08 mm/day to as high as 46.57 mm/day, with an average basin-

wide value of  RSME = 20.88mm/day.  

These results are in general agreement with previous studies (Palazzi et al. 2013; Khan 

and Koch 2018b),  as most of them have reported the TRMM product to underestimate 

the gauge-based rainfall amounts over the HKH region in general and, even more so, 

over the western parts of HKH. 

1.1.3.2 Skill statistics for TRMM precipitation estimates (monthly and annual 
aggregates)  

The skill statistics of the monthly and annually aggregated TRMM precipitation 

estimates listed in Table 1.4 shows overall also poor skill in matching the observed 
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ground-based precipitation, but with considerably improved values for the Pearson 

correlation coefficient r for all the studied locations, namely, with r – values of  0. 61 

and 0.57 for the basin average rainfall for monthly and annual aggregates, respectively.  

The MAE for these long-term aggregated precipitation data is also highly variable 

across the UIB, ranging from 13.13 mm/month to 126.68 mm/month for the monthly 

aggregates and from -538.5 mm/year to 806.0 mm/year for annual aggregates.  The 

values for MAE are generally high throughout most of the locations in the UIB, 

Table 1.4: Statistical analysis based on monthly and annual data aggregation. 

SUB-BASIN STATION 

MONTHLY ANNUAL 

r rBIAS 
MBE 

(mm) 

MAE 

(mm) 

RMSE 

(mm) 
r rBIAS 

MBE 

(mm) 

MAE 

(mm) 

RMSE 

(mm) 

Southern 

UIB 

Burzil 0.55 -0.28 -56.80 58.73 112.8 0.43 -1.05 -391.5 391.5 407.7 

Deosai 0.22 0.17 21.65 43.62 78.95 -0.37 0.24 146.6 201.4 234.6 

Rama 0.54 -0.36 -78.26 79.54 165.9 0.78 -2.05 -538.5 538.5 574.8 

Rattu 0.20 -0.20 -39.31 61.32 119.10 0.30 -0.58 -264.9 274.1 353.8 

Eastern 

 UIB 

Shigar 0.02 -0.21 -19.42 36.56 78.26 -0.11 -0.62 -133.2 179.7 249.8 

Hushey 0.09 -0.24 -29.19 39.72 101.9 -0.15 -0.79 -193.2 230.3 339.6 

North-Western 

UIB 

Khot 0.51 -0.21 -26.52 39.47 74.14 0.29 -0.65 -182.0 242.7 250.9 

Naltar 0.60 -0.31 -58.62 60.17 120.6 0.12 -1.32 -395.1 395.1 416.3 

Shendoor 0.42 0.08 6.53 22.08 37.34 0.54 0.13 40.4 66.4 99.1 

Ushkor 0.52 -0.03 -1.82 19.19 39.41 0.62 -0.05 -14.7 79.1 110.5 

Yasin 0.21 1.36 118.3 126.7 241.2 0.10 0.72 806.0 806.0 827.5 

Zani 0.49 -0.34 -75.05 77.98 154.91 0.52 -1.69 -508.3 508.3 532.6 

Northern 

UIB 

Khunjrab 0.39 0.05 2.26 13.13 23.40 -0.28 0.09 18.3 52.0 70.0 

Ziarat 0.38 -0.07 -5.39 15.23 32.62 0.55 -0.15 -30.6 73.4 104.7 

Basin average 0.61 -0.23 -9.09 14.15 20.98 0.57 -0.24 -117.3 117.3 134.1 

Maximum 0.60 1.36 118.3 126.7 241.2 0.78 0.72 806.0 806.0 827.5 

Minimum 0.02 -0.36 -78.26 13.13 23.40 -0.37 -2.05 -538.50 51.96 69.96 

with a basin-wide average of 14.15 mm/month and 117.3 mm/year for monthly and 

annual aggregated rainfall, respectively. The spatial pattern of the errors observed in 

both cases as well as the predominant under-estimations observed at most locations is 

similar to that observed for the daily aggregates above. Thus the North-Western parts 

of the UIB show the highest and the most variable MAE.  

The TRMM estimates are also significantly underestimated across most of the UIB, 

with and average basin-wide MBE of -9.09 mm/month and -117.3 mm/year for monthly 

and annual aggregated rainfall, respectively.  The Eastern part of UIB, shows a distinct 

under-estimation of the TRMM rainfall for all stations there and this under-estimation 

is even higher in the Southern UIB, where three out of the four locations experience 
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this effect, while at one location (Deosai), an over-estimation of 21.65 mm/month for 

tte monthly aggregate is observed. The stations located in the North-western UIB have 

a mixed trend, with moderate-to- high under-estimations at four locations and an 

opposite behavior in the remaining two, and this holds for both monthly and annual 

aggregates. For the Northern UIB, the MBE of the two locations evaluated there have 

also mixed results, with one station (Khunjrab) indicating a slight over-estimation, with 

MBE of 0.05 mm/month and 18.3 mm/year, and the other (Ziarat) a under-estimation 

with a negative MBE of -0.07 mm/month and -30.6 mm/year for monthly and annual 

aggregated rainfall, respectively. 

1.1.3.3 Skill Statistics for TRMM precipitation estimates (Seasonal aggregates)  

The various statistical indices of the two seasonally (summer and winter) aggregated 

TRMM estimates are shown in Table 1.5.  

Table 1.5: Statistical analysis for summer and winter season data aggregation 

 

SUB-BASIN  
STATION 

SUMMER SEASON WINTER SEASON 

r rBIAS 
MBE 

(mm) 

MAE 

(mm) 

RMSE 

(mm) 
r rBIAS 

MBE 

(mm) 

MAE 

(mm) 

RMSE 

(mm) 

Southern  

UIB 

Burzil 0.35 -0.48 -190.8 190.8 201.5 0.05 -0.50 -200.7 200.7 226.0 

Deosai -0.42 0.27 68.1 101.0 123.5 -0.14 0.31 78.6 116.9 139.6 

Ramma 0.68 -0.54 -198.7 198.7 213.9 0.60 -0.92 -339.9 339.9 371.4 

Rattu 0.49 0.09 25.8 101.0 127.9 -0.01 -1.00 -290.8 290.8 357.1 

Eastern UIB 
Shigar -0.09 -0.22 -36.9 106.0 156.6 -0.10 -0.57 -96.3 105.4 127.9 

Hushey 0.22 -0.35 -83.2 103.7 156.3 -0.55 -0.46 -109.9 132.2 189.3 

North- Western  

UIB 

Khot -0.11 -0.03 -4.1 38.1 48.3 0.33 0.16 22.2 29.2 34.8 

Naltar 0.48 -0.50 -203.8 203.8 220.6 0.17 -0.47 -191.6 191.6 205.9 

Shendoor 0.57 0.42 56.1 56.7 79.6 -0.02 -0.12 -15.9 61.1 65.6 

Ushkor 0.49 0.17 31.0 71.9 84.1 0.65 -0.25 -45.9 55.3 85.7 

Yasin -0.35 2.94 593.6 593.6 615.2 0.22 1.05 212.5 212.5 244.1 

Zani 0.52 -0.66 -268.8 268.8 301.3 0.57 -0.59 -239.8 239.8 256.1 

Northern 

UIB 

Khunjrab 0.09 -0.21 -41.3 91.8 109.2 0.56 -0.72 -141.1 157.5 166.9 

Ziarat 0.56 -0.02 -2.5 36.2 47.4 0.54 -0.20 -28.4 44.8 65.3 

Basin average 0.60 0.00 -5.18 30.1 38.7 0.36 -0.4 -96.51 96.5 109.1 

Maximum 0.68 2.94 593.6 593.6 615.2 0.65 1.05 212.5 339.9 371.4 

Minimum -0.42 -0.66 -268.8 36.2 47.4 -0.55 -1.00 -339.9 29.2 34.8 

One may notice from the table that the various skill indices have comparable trends to 

those of the monthly- or annually aggregated TRMM series, in terms of magnitude, but 

show a different pattern for the two seasons. For example, for summer, the TRMM 

estimates show positive rBIAS for a few locations where the monthly and annual 
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aggregates earlier indicated a negative one (i.e. stations Rattu, Ushkor). In contrast, for 

the winter season predominantly negative rBIAS- values are obtained, similar to those 

of the monthly and annual aggregations. 

The overall range of the MBE for the stations evaluated varies from -268.8 mm to 593.6 

mm for the summer season and from -339.9 mm to 212.5 mm for the winter, with an 

average MBE across the UIB of -5.18 and -96.51 mm for summer and winter, 

respectively. These comparatively lower MBE- values for the summer season are 

indicative of a situation where the under- or over-estimation occurring in the different 

months of the season, cancel each other partly out.  

The correlations coefficient r range from -0.42 to 0.68 and -0.55 to 0.65 for the summer 

and winter seasons respectively, with the average r for the UIB having better values for 

the summer- (r=0.6) than for the winter (r=0.36) season, most likely due to the fact that 

the precipitation is much higher in summer than in winter. 

1.1.4 Categorical statistics 

The results of the TRMM-precipitation analysis for the six categorical indices 

described in Section 2.3 are listed in Table 1.6. Basically, these indices show how the 

TRMM data match the ground-based gauge data at daily time scales.  

Table 1.6: Categorical statistics for daily TRMM estimate and gauge rain data. 

SUB-

BASIN 
   STATION Ac FBI POD FAR CSI TSS 

Southern  

UIB 

Burzil 0.57 0.75 0.42 0.45 0.31 0.12 

Deosai 0.57 1.01 0.61 0.39 0.44 0.14 

Ramma 0.55 1.27 0.50 0.61 0.28 0.08 

Rattu 0.51 1.48 0.56 0.62 0.29 0.04 

Eastern UIB 
Shigar 0.60 1.30 0.41 0.68 0.22 0.08 

Hushey 0.57 0.83 0.40 0.52 0.28 0.10 

North-

Western  

UIB 

Khot 0.65 1.34 0.57 0.58 0.32 0.25 

Naltar 0.62 0.86 0.40 0.53 0.28 0.14 

Shendoor 0.56 1.16 0.40 0.65 0.23 0.04 

Ushkor 0.61 1.07 0.42 0.60 0.26 0.12 

Yasin 0.67 1.03 0.44 0.58 0.27 0.20 

Zani 0.55 0.86 0.35 0.59 0.24 0.03 

Northern 

UIB 

Khunjrab 0.55 1.04 0.43 0.58 0.27 0.06 

Ziarat 0.60 0.73 0.35 0.52 0.25 0.10 

Basin Average 0.58 1.05 0.45 0.56 0.28 0.11 

Maximum 0.67 1.48 0.61 0.68 0.44 0.25 

Minimum 0.51 0.73 0.35 0.39 0.22 0.03 
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Thus, the values for the first index, accuracy (Ac) are well above 0.50 for all stations, 

with an average of 0.58.  

The frequency bias index FBI has neither very high positive nor negative values, but 

varies on both sides, with 9 stations showing over-estimation, and the remaining 5 

under-estimation. The basin-wide average FBI is 1.05 which indicates a slight over-

estimation of the TRMM rainfall, vindicating the results of the general statistical skill 

analysis of the previous sections.  

The other categorical indices (see Eqs. 8- 11) do not show very good results either. 

Thus, for most of the stations the values of the probability of detection (POD) is below 

0.5, with only 4 stations having values above it. The False Alarm Ratios (FAR) for all 

stations, but one, are generally too high, with a basin-wide average of  FAR=0.56. In 

the same way, both the CSI- and the TSS- values are also not very promising, as only 

3 stations have values above 0.30 for the former and only one station a value of about 

0.20 for the latter. 

Thus, overall, these results of the categorical statistics indicate that the TRMM rainfall 

estimates in the UIB do not have a good match with the ground-based gauge data and, 

therefore, should only be used after some corrections and adjustments have been made. 

1.1.5 Visual comparison 

For visual comparison, monthly-, annually- and seasonally aggregated time series of 

the TRMM- rainfall estimates and of the various gauge stations are plotted.  

 

Figure 1.2: Time series of TRMM estimates and gauge data for rainfall totals at Yasin station; a. 

monthly, b. annual, and c. seasonal   (S=Summer, W=Winter) 
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Figure 1.3: Time series of TRMM- estimates and observed gauge data for mean rainfall totals at 

Khunjrab station; a. monthly, b. annual, and c. seasonal (S=Summer, W=Winter)  

Figs. 1.2 and 1.3 show these time series plots for two stations, Yasin and Khunjrab, 

respectively. One may notice from these plots that for station Yasin (Fig. 1.2) huge 

biases and errors at all three time scales considered are obtained, whereas for station 

Khunjrab a better match, especially, at the annual and seasonal aggregation, is obtained. 

The corresponding plots for the others stations analyzed reveal somewhat similar 

pattern. 

The monthly aggregated TRMM- and gauge observed rainfalls averaged over all 

stations and the full length of period considered (1998-2008), are plotted in Fig. 1.4. 

The figure also has a demarcation of the seasons. From the figure a systematic under-

estimation of the TRMM- rainfall in the winter months and a mix of under- and over-

estimation in the summer months can clearly be seen, corroborating to a large extent 

the statistical results of the previous sections. 

Finally, the monthly-, annually- and seasonally aggregated time series of both the 

averaged TRMM- rainfall estimates and of the observed gauge data are plotted in Fig. 

1.5. Though there is almost a persistent under-estimation of the TRMM estimates, the 

peaks and troughs of both series follow, in most instances, similar patterns. 
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Figure 1.4: Average TRMM- estimates and gauge data for mean monthly rainfall for all stations with 

seasonal demarcation. 

 

 

Figure 1.5: Time series of average TRMM- estimates and observed gauge data for mean rainfall totals 

over the study area, for all the gauge stations ; a. monthly, b. annual, and c. seasonal 

(S=Summer, W=Winter)  
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Discussion and conclusions 

In this study a TMPA product - TRMM 3B42 V7 data for the Upper Indus Basin (UIB), 

Pakistan, for the period 1998-2008 has been assessed and evaluated on a point-to-point 

basis, by comparing it with rain gauge data from 14 stations. These assessments have 

been performed at monthly, seasonal and annual aggregation scales. The results 

indicate that the TMPA product has considerable errors in estimating the rainfall 

amounts at the various gauge stations throughout the study area and throughout the 

total time period studied. There is a predominant trend of under- estimation of the 

TRMM product across the UIB at most of the gauge stations,  TRMM- estimated 

rainfall is generally lower than the gauge--measured rainfall,. The seasonal TRMM- 

rainfall, though, show a specific pattern, with the summer rainfall slightly 

overestimated, and those for the winter predominantly underestimated at almost all 

locations and all aggregation time scales. 

These results conform overall with those of  previous studies, which, in most cases, 

suggest that neither the sparsely observed station data and gridded data products based 

on them, nor the sensors-based data, fully represent the precipitation regime of the 

region (Palazzi et al. 2013), with strong non-representation or under-estimation 

(Andermann et al. 2011) of regional precipitation amounts, especially for higher 

altitudes by (Yatagai et al. 2012; Wijngaard et al. 2017; Palazzi et al. 2013). In fact the 

in situ meteorological observations in the UIB are sparse and mostly taken at valley-

based stations. This data provide low spatial coverage and is scant for higher altitudes. 

Furthermore, the complex orography of the UIB region also affects the amounts, spatial 

patterns and seasonality of the precipitation. Additionally, most of the authors (Yatagai 

et al. 2012; Palazzi et al. 2017; Wijngaard et al. 2017; Palazzi et al. 2013; Khan and 

Koch 2018b) indicated that the observation network across the UIB also shows under-

estimation of precipitation amounts, with an average of around 166%, and reaching in 

excess of 300% over some parts of the basin (Khan and Koch 2018b). This means that 

the TRMM product may even be underestimating the true areal precipitation by a much 

greater margin, as the true areal precipitation is estimated to be much higher (Khan and 

Koch 2018b) than the gauge observation records. 

The comparison of any gridded or sensor based datasets with observed precipitation 

may not be taken, therefore, as a conclusive evidence for declaring the evaluated data 
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as unappropriated in terms of usability, but rather shows the degree to which these data 

sets match the magnitudes or occurrences of the observed precipitation, which by no 

means is perfect., and a better match may also indicate that the evaluated data has 

tendencies to underestimate the real areal precipitation over the UIB. Furthermore, the 

spatial resolution of the TRMM product (0.25° X 0.25°), may also pose limitations, 

especially, for distributed hydrological modelling and investigations [42], as at this 

resolution, the orographic influences on the precipitation regime cannot be mapped, 

while the hydrological models usually require precipitation data at a much finer scale.    

The main conclusion to be drawn from this study may be then summed up as:   

1) The TRMM 3B42 V7 product has an overall poor agreement with the observed 

rainfall gauge data in the study area, and this holds for all temporal scales 

considered.   

2) The results, eventually, means that the TMPA-TRMM 3B42 V7 product may 

only be regarded as suitable for further rainfall analyses and subsequent 

hydrological applications [42] in the study region, if some improvements, 

down-scaling and local calibrations of its output data are carried out first. 
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Chapter-2: Comparison of interpolation methods for precipitation data in 

mountainous region (Upper Indus Basin) 

 

 

Schematic summary of the evaluation procedure for Interpolation of daily rainfall estimation 
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Abstract 

The continued improvements in computation capabilities and the subsequent increase 

in the development of especially explicit and distributed models for expressing 

environmental phenomena has necessitated the provision of more intensive and  

improved data for environmental variables both in space and time. Different 

interpolation methods could be applied to improve the spatial coverage of rainfall data. 

Six interpolation methods were employed during this study, for improving the spatial 

interpolation of the precipitation data including NN, IDW, OK), SK, KED and SKlm.  

Quantitative cross validation showed that out of these methods, SKlm performed better 

for data aggregates at monthly, seasonal and annual time scale according indices 

including r, MAE, RMSE, and NSE. The SKlm method was followed by SK, OK, 

KED, IDW and NN in performance respectively. According to the Qualitative cross 

validation results, which were based on six categorical indices for the daily 

interpolation estimates (Ac, FBI, POD, FAR, CSI and TSS), the estimates generated 

by SKlm were better than the others, with the best average rank (1.83). The remaining 

methods also performed in a similar fashion as for quantitative indices. Overall, SKlm 

prove to be a better option for interpolating precipitation data in the Upper Indus Basin-

UIB, with providing comparative better representation of precipitation in terms of 

magnitudes as well as occurrences. 

 

Key term: Interpolation; Nearest Neighbours (NN); Thiessen polygon; Inverse 

Distance weighting (IDW), Ordinary Kriging (OK); Simple Kriging (SK);  Kriging  

with External  Drift (KED); Simple Kriging with Local varying Mean (SKlm); Upper 

Indus Basin; Hydrological Modelling and Precipitation. 
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2.1 Introduction 

The continued improvements in computation capabilities and the subsequent increase 

in the development of especially explicit and distributed models for expressing 

environmental phenomena has necessitated the provision of more intensive and  

improved data for environmental variables both in space and time. 

Over the last few decades, the hydrological computer models have also not only 

increased in number but also in complexity a great deal, the due to advancement and 

improvement in the processing capabilities of computers, as well as Geographic 

Information Systems (GIS) (Singh 1995). These hydrological models are important as 

they have capabilities to simulating most components of the hydrological cycle and 

allow for quantitative or qualitative prediction of runoff and discharges. These 

capabilities make them important tools for hydrology research, as well as for 

understanding, planning and management of water resources (Zeinivand 2009). These 

hydrological models can be either physically based or conceptual based on their degree 

of complexity, while depending on the extent to which they are discrete in describing 

the terrain, they can be either “lumped” or “distributed” (Ly, Charles and Degre 2013; 

Refsgaard, 1996). 

The quality of input data, especially the climatic data, is for sure the most important 

factor capable of influencing the simulation results (Duncan et al., 1993, Singh, 1997, 

Andreassian et al., 2001; Kobold and Suselj, 2005; Leander et al., 2008; Ruelland et 

al., 2008; Oke et al. 2009, Moulin et al., 2009), so that any errors in the input are 

amplified in the output (the runoff simulations) (Liu and De Smedt 2004). Among 

these, precipitation and temperature are the most important climatic variables. 

Precipitation has direct relation with the catchment discharge (Obled et al., 1994), while 

temperature also influence discharge magnitude through evapotranspiration amounts 

Additionally, these distributed model are also sensitive to the locations and distribution 

of the rain gauges within the catchment and therefore to the spatial variability of the 

climatic variable (Bell et al., 2000). That’s why, especially for large basins, it is very 

important to take the spatial variability of rainfall into account, in order to estimate and 

model the distributed response of a watershed, in terms of discharges, groundwater 

levels and soil moisture contents (Ly et al, 2013; Schuurmans and. Bierkens 2007). 
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There is a range of alternatives available in shape of gridded datasets or methods to 

improve the spatial coverage and scale of the climatic data. These include from 

“remotely sensed” and satellite or radar based gridded data sets to a long list of data 

interpolation techniques.  

Over the past, many different interpolation techniques have been used and evaluated 

for performance (Tveito et al., 2008) against data of different temporal scale and spatial 

coverage as well as for regions having very simple and homogeneous terrain to regions 

with highly complex and diverse topography. Their results and recommendations too, 

are as diverse as their application, making a direct and conclusive comparison between 

these methods, difficult and impractical. In fact, it is very difficult to choose the method 

that could reproduce the climatic data distribution, closest to reality in diverse 

catchment specific terrains (Caruso and Quarta, 1998) because the interpolation 

method which will best perform for a specific area varies as a function of the area, 

terrain, the spatial scale desired for mapping (Lanza et al 2001), as well as the temporal 

duration and the nature of the climate variable to be interpolated (New et al., 2001)  

The techniques for interpolating data need calibration and validation by means of 

historical information, (Lanza et al. 2001) radar data (Ly, Charles, and Degre 2011), or 

indirectly by evaluating the results and outputs of spatially distributed hydrological 

models.  

The filling of spatial gaps through interpolation can be done by possibly three groups 

of techniques i.e. empirical methods, statistical and geostatistical methods and function 

fitting (Xia et al. 1999). The empirical methods may include the arithmetic averaging, 

inverse distance interpolation (IDW) etc (Willmott and Robeson 1995) and “ratio & 

difference technique” (Tabony, 1983; Wallis et al., 1991; Luo et al., 2008). The 

statistical methods include but not restricted to principle component analysis & cluster 

analysis (Huth and Nemesova 1995), multiple regression (REG) (Degaetano et al. 

1995), Kriging methods (Boer et al. 2001; Goovaerts, 2000; Cressie, 1991; Goovaerts, 

1997; Chiles and ` Delfiner, 1999; Webster and Oliver, 2007 and Luo et al., 2008) etc) 

and optimal interpolation (Bussieres and Hogg 1989). Thin-plate spline technique is an 

example of the function fitting methods which is used to interpolate data (Eckstein, 

1989; Hutchinson and Gessler, 1994; Hutchinson, 1995; Luo et al., 1998; Luo et al., 

2008; Boer et al., 2001; Vicente-Serrano et al., 2003). 
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Additionally there are “Other methods” which are especially developed for 

meteorological interpolation, using a combination of different methods, both 

deterministic and probabilistic (Sluiter, 2009). An example of this type can be the 

“Meteorological Interpolation based on Surface Homogenized Data Basis” (MISH), 

developed at the Hungarian Meteorological Service (Szentimrey et al., 2005). 

The current research would have to work on patching spatial gaps to the extent as 

required, using the most feasible method or combination of methods possible. In this 

context, the objective of this paper is to evaluate and compare the performance of 

commonly used spatial interpolation methods and geostatistical approaches in 

improving the spatial resolution of rainfall data in UIB. 

2.2 Materials and methods 

2.2.1 Study area:- The Upper Indus River Basin (UIB) 

The Indus River, one of the largest rivers in Asia with a total length of about 2880 km, 

has a drainage area of about 912,000 km2 which extends across portions of India, China, 

Pakistan and Afghanistan. (Ali and De Boer 2007). The portion of Indus that comprises 

the upper Indus river basin (UIB), with a logical lower boundary at Tarbela Dam (Fig 

2.1), is about 1150 km long and drains an area of about 165400 km2. 

Figure 2.1: Geographical attributes of Upper Indus Basin (UIB) and climate gauge stations 

Being a high mountain region, the UIB contains the greatest area of perennial glacial 

ice cover (15062 km2) outside the polar regions of the earth, with 2173.52 km3 of Total 
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ice-reserves (Bajracharya and Shrestha 2011), which extends even further during the 

winter season (Hewitt, 2001). The altitude within the UIB ranges from as low as 455 

m to height of 8611 m and as a result the climate varies greatly within the basin (Tahir 

et al., 2011).  

The summer monsoon has not great effect on the basin as almost 90% of the basin is in 

rain shadow of the Himalayan belt (Immerzeel et al., 2009). Except for the south-facing 

foothills, the intrusion of the Indian-ocean monsoon is limited by the mountains, so that 

its influence weakens north-westward. Subsequently, the climatic controls in the UIB 

are quite different from that in the Himalayas on the eastern side. In fact, over the extent 

of the UIB, most of the annual precipitation originates in the west and falls in winter 

and spring whereas occasional rains are brought by the monsoonal incursions to trans-

Himalayan areas but, even during the summer months, the trans-Himalayan areas do 

not derive all precipitation from monsoon sources (Wake, 1987). Climatic variables are 

usually strongly influenced by topographic altitude. Thus the northern valley floors of 

the UIB are arid, with annual precipitation of only 100-200 mm. These totals increase 

to 600 mm at 4400 m, and glaciological studies suggest annual accumulation rates of 

1500 to 2000 mm at 5500 m (Wake, 1989). The average snow cover area in the Upper 

Indus River Basin changes from 10% to 70%. Snow cover in the area is at a maximum 

70‒80% in the winter (December to February) snow accumulation period and at a 

minimum 10‒15% in the summer (June to September) snow melt period (Tahir et al., 

2011). Stream flow is generated by the combination of the storm runoff in the lower 

part of the upper Indus basin and the snow and glacier runoff from the higher parts of 

the UIB (Archer, 2003, Ali and Boer, 2007).  

Hydrological and meteorological stations cover an east-west distance of approx. 300 

km and of over 200 km north-south within Pakistan (Mukhopadhyay and Dutta 2010). 
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Figure 2.2: Parts of UIB, for covered by the spatial interpolation methods, with locations of weather 

stations and elevation map. 

2.2.2 Data used 

The daily time series of twenty-four meteorological stations for precipitation, 

temperature and other variables have been collected for the study area. We utalized a 

total of twenty (20) meteorological stations, operative in the study area (UIB) out of 

which six (6) are operated by Pakistan Meteorological Organization (PMD), while 

fourteen (14) are under the jurisdiction of Water & Power Development Authority, 

Pakistan (WAPDA) (details given in Table 2.1). The stations operated by PMD have 

daily time step climate data available for longer periods (1947 to date) but with huge 

gaps and missing data in the record. Though the recent records are fairly consistent the 

stations operated by PMD are all low altitude stations, not totally applicable to the very 

high altitudes of the most of the UIB. The remaining 14 climate stations, operated by 

WAPDA are fairly new and are at high altitude. These stations have data for a shorter 

time period.  
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Table 2.1: Geographical attributes of the Precipitation gauge Network 
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1 Burzil 1999-2008 34.906 75.902 4030 

2 Deosai 1999-2008 35.09 75.54 4149 

3 Hushe 1999-2008 35.42 76.37 3075 

4 Khot Pass 1999-2008 36.517 72.583 3505 

5 Khunjrab 1999-2008 36.84 75.42 4440 

6 Naltar 1999-2008 36.17 74.18 2898 

7 Ramma 1999-2008 35.36 74.81 3179 

8 Rattu 1999-2008 35.15 74.8 2718 

9 Shendoor 1999-2008 36.09 72.55 3712 

10 Shigar 1999-2008 35.63 75.53 2367 

11 Ushkore 1999-2008 36.05 73.39 3051 

12 Yasin 1999-2008 36.454 73.3 3350 

13 Zani 1999-2008 36.334 72.167 3895 

14 Ziarat 1999-2008 36.77 74.46 3020 
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15 Chillas 1999-2008 35.42 74.1 1250 

16 Astore 1999-2008 35.37 74.9 2168 

17 Bunji 1999-2008 35.67 74.63 1372 

18 Gilgit 1999-2008 35.92 74.33 1460 

19 Gupis 1999-2008 36.17 73.4 2156 

20 Skardu 1999-2008 35.3 75.68 2210 

 

2.2.3 Methodology 

2.2.3.1 Interpolation Methods Used over the Past   

To provide the necessary background for the work presented in this study, a selective 

review of literature related to climatic data interpolation is presented here. Many studies 

so far have tried to test the capabilities and performance of different types of methods 

available for interpolating of climatic data.  These studies have though, covered a wide 

range of topographic conditions and geographic locations. In terms of temporal 

coverage, most of the times only monthly, seasonal or annual data have been used. 

Fewer studies therefore, can be found which have used climatic variables at daily time 

step (especially rainfall) for interpolation and even fewer for data with sub-daily time 

steps 

Studies which have used annual data include but not restricted to Phillips et al. (1992), 

Dirks et al 1998,  Basistha et al. (2008), Goovaerts (2000), Diodato (2005), Basistha 

2008, Moral  (2010), Li et al. 2010 etc. Others which have presented the use of climatic 

variables at monthly time step make a longer list, including Tabios et al. (1985), Abtew 

et al. (1993), Nalder et al. (1998), Dirks et al 1998, Goovaerts (2000), Lloyd (2005), 

http://www.sciencedirect.com/science/article/pii/S0022169498001553
http://www.sciencedirect.com/science/article/pii/S0022169498001553
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Diodato (2005), Buytaert et al 2006, Moral  (2010), Dong et al, Nalder and Wein (1998) 

to be some of them. 

Tabios et al (1985) studied interpolation of monthly totals for a rainfall dataset at 29 

stations for a duration of 30-year. The study area was located in the North Central 

United States. The study concluded that the statistical methods of kriging and optimal 

interpolation were superior to other methods. In an another study, Phillips et al. (1992) 

evaluated three geostatistical methods (Ordinary Kriging-ORK, Kriging with 

elevation-detrend-DK and Ordinary co Kriging with elevation-OCK) for making mean 

annual precipitation estimates in the mountainous terrain of the Willamette River basin, 

United States. Their results showed that OCK and DK both presented better accuracy 

and precision in comparison to ORK. The results of the OCK method showed a patchy 

pattern of the interpolated data, corresponding to local topographic features. Abtew et 

al. (1993), studied spatial interpolation of monthly precipitation data over a 4,000 

square mile area in South Florida by applying six methods. The results indicated that 

the multi-quadric, kriging, and optimal interpolation schemes were better than the other 

methods for interpolation of monthly rainfall within the study area. Nalder and Wein 

later in 1998 applied four types of kriging and three simple deterministic alternatives, 

to interpolation study of monthly precipitation and temperature averaged for a duration 

of 30 years, at specific sites in western Canada. One of the alternatives was a new 

technique “gradient (MLR)-plus-inverse distance squared” (GIDS). Based on the cross-

validation tests, GIDS was the best method for both precipitation as well as temperature 

interpolation while ORK and OCK were second best for precipitation and temperature 

respectively.  

In addition to the above mentioned studies, a considerable amount of work can be found 

where efforts have been made to apply or evaluate the use of geostatistical and non-

geostatistical approaches for the interpolation of climatic data, at daily time scale. 

These studies too, have covered a wide range of topographic conditions and geographic 

location around the world. 

Some of these studies include: Creutin et al. (1988), Beek et al. (1992), Kyriakidis et 

al. (2001), Buytaert et al. (2006), Schuurmans  and Bierkens, et al. (2007), Carrera-

Hernandez et al. (2007), Kurtzman and Kadmon (1999), Shen et al. (2001), Stahl et al. 

(2006), Daly (2006),  Dong et al 2009, etc. 

http://www.sciencedirect.com/science/article/pii/S0022169406001144
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For example, Creutin et al. (1988) employing a geostatistical approach, with a radar 

and rain gauge combination, to interpolate eleven daily rainfall events in the Paris 

region. The study found that OCK brought improvements in the radar predictions.  

In another study, the spatial variability of daily precipitation amount was investigated 

by Beek et al. (1992), for four selected days of year 1984, in north-western region of 

Europe. Kriging was used as interpolating method. The results based on cross-

validation showed huge diversity in the spatial distribution and amounts of daily 

precipitation, probably because of spatially diverse meteorological conditions. 

Therefore when stratification of the study area was carried out by dividing the area into 

three distinct strata: a coast, a mountain and an interior, the results improved and the 

mean squared error of prediction decreased to 55%. 

Dirks et al. 1998(18) compared four methods for spatial interpolation of rainfall data. 

In this study a data from a network of 13 rain gauges on Norfolk Island, at various 

integration times (hourly, daily, monthly and yearly). The study concluded that 

performances of all of the investigated methods (Kriging, IDW, Thiessen, and areal-

mean), were comparable, and had no great difference in the variance. , though despite 

the complexity and the excessive computer time required, Kriging performing slightly 

better at daily and hourly time integration. IDW was recommended for similar results 

as Kriging but less complex and less computationally demanding.  

Kurtzman and Kadmon (1999) carried out evaluation of three methods (splines, IDW 

and regression models) for interpolation of daily mean temperature data in Israel. The 

results indicated that splines or IDW less accurate in prediction than regression model. 

Kyriakidis et al. (2001) used terrain and meteorological data as external variables in a 

mapping and interpolation study for generating a precipitation grid at a 1-km resolution. 

The study was done for a one season average daily rainfall data, (from 1 November 

1981 to 31 January 1982) over a region in northern California. Different kriging 

methods were applied with results evaluated through jack-knife cross-validation. The 

study demonstrated that the prediction error steadily decreased with integrating 

physically relevant predictors, while the lowest error was obtained when maximum 

amount of relevant atmospheric and terrain information were used. Among the kriging 

methods, SKLM was the interpolation method which gave the best performance.  
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Buytaert et al. (2006) examined the spatial variability of daily rainfall in the south 

Ecuadorian Andes using the TP, TP with normalization, OK and UK method, using 

data from 14 rain gauges in the western mountain range of the Ecuadorian Andes. The 

study concluded that spatial interpolation with kriging provided a better result than the 

one with THI, and that the accuracy of both methods improved when external variables 

were included. 

Daly (2006) presented a comparative analysis of several interpolation techniques 

including IDW, TPS, Kriging and two local and one regional regression for the 

interpolation of climate data. The report noted strengths and weaknesses of each 

method, and how it can incorporate external forcing variables, but did not indicate a 

“best” method.  

Stahl et al. (2006) compared twelve methods for interpolating daily temperatures 

(maximum and minimum) over British Columbia, Canada. The variant methods were 

based on linear regression and weighted averages interpolation, including Gradient plus 

Inverse-Distance- Squared (GIDS), ordinary kriging (OK) and IDW. They found that 

OK out performed, except at high elevations, where GIDS performance was better than 

OKs when the station density was high. 

Schuurmans et al. (2007b) investigated the spatial variability of daily rainfall for 74 

selected rainfall events (March–October 2004) in Netherlands based on national rain 

gauge network. They performed point rainfall predictions by using three separate 

geostatistical methods: ordinary kriging (OK); kriging with external drift (KED), and 

ordinary collocated cokriging (OCCK). The latter two. KED and OCCK used range-

corrected daily radar composites in addition to the rain gauge data.  The assessment of 

the spatial variability of daily rainfall events, was carried considering three spatial 

extents: small (i.e. 225 km2), medium (i.e. 10 000 km2), and large (i.e. 82 875 km2). 

The performance of these three methods showed that the two geostatistical methods, 

which used both radar and rain gauge data (KED and OCCK) were more accurate in 

prediction than OK which used only rain gauge data. 

In another study by Yang et al 2015, four common interpolation techniques namely; 

ANUDEM, IDW, Spline, and Kriging were compared and assessed against station as 

well as modelled rainfall of the Greater Sydney Region (GSR), in producing finer-scale 

daily rainfall data. According to the results Inverse Distance Weighting (IDW) method 
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performed slightly better than the other three methods in addition to being easier to 

implement. Therefore IDW method was selected and used to produce gridded rainfall 

time series at a ground resolution of 100 m, for forty-year (1990 to 2009 of station and 

2040 to 2059 of modelled) rainfall data time series at daily, monthly, and annual time 

scales.  

Apart from the mentioned literature, a long list of studies covering similar subjects can 

be found covering different geographic locations. Out of the mentioned studies, most 

studies have used only, monthly or annual time steps for interpolation. There are fewer 

studies that have considered daily time step and even less which have worked with sub-

daily resolutions. Moreover, some other studies have used only hourly time steps for 

large-scale extreme rainfall events. Performance evaluation in these studies have often 

been performed using cross-validation methods, although a few studies have been 

based on results obtained through hydrological modelling.. 

The literature cited so far suggest that no single method can be out rightly regarded as 

the best or optimal for all type of data with different temporal scales or geographic 

conditions, still cross-validation results in these studies suggest that geostatistical 

methods (kriging methods) have more frequently performed better than the 

deterministic methods, for the interpolation at daily time step, especially when 

secondary variables (elevation or others) were used. Even though, as Tveito et al. 

(2006) noted, to be sure, it is important to test different interpolation methods in order 

to identify the most feasible and best methods for specific purposes and circumstances. 

2.2.3.2 Interpolation methods used in the current study  

Out of the many options available, the current study went with six interpolation 

methods for comparison, identification and subsequent application of the best 

performing method, for the study area. These selected methods included two 

deterministic methods: Nearest Neighbours (NN) (i.e., Thiessen polygon) and Inverse 

Distance weighting (IDW) along with four kriging alternatives: Ordinary Kriging 

(OK), Simple Kriging (SK), Kriging  with External  Drift (KED) and Simple Kriging 

with Local varying Mean (SKlm).  

All spatial interpolation methods estimate the value of a random variable, Z*, at one or 

more unsampled points as a weighted sum of observed data values at surrounding 
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sampled locations (Z(x1), Z(x2), …, Z(xn) within a spatial domain, where n is the 

number of sample data.  

In general, all these methods, assign weights (λ) according to functions, usually giving 

decreasing weight to a sampled point with increasing separation distance. The general 

formula for spatial interpolation is as follows: 

1

*( ) ( )
n

o i i
i

Z x Z x
=

=         (2.1) 

The basic forms of the six interpolation methods are introduced in the following 

sections. 

2.2.3.2.1 Nearest Neighbours (NN) 

In case of NN, only the data at the nearest sampled location is considered (with weight 

of 1) and assigned to the unsampled location, Eq 2.1 thus becomes: 

*( ) ( )No i
Z x Z x=           (2.2) 
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N
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and Z*(xo) is the interpolated value at location xo while Z(xi
N) is the sampled or 

observed  data  value  at  the nearest location  xi
N,  out of the sampled locations xi. 

2.2.3.2.2 Inverse Distance Weighted (IDW).  

The IDW method explicitly implements the assumption that observations closer to one 

another are more alike than those farther apart, weighting the points closer to the pre- 

diction location greater than those farther away. With inverse distance weighting (Eq 

2.2), data points are weighted during interpolation so that the influence of one data 

point relative to another declines with distance from the interpolation point, 
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where n represents the number of sample data values around the unsampled location to 

be used in interpolation, Z*(xo) is the interpolated value at location xo while Z(xi) is the 

sampled or observed  data  value  at  location  xi,  λ denotes the weight of the sampled 

data at location xi, P is the power of the distance between unsampled location xo and 

sampled location xi.  

In the following sections, variables defined in previous sections will not be introduced 

again. In this study, n and p were set to 5 and 2 respectively based on preliminary trial 

and error analysis. 

In addition to these two deterministic methods, four types of Kriging method were also 

employed during this study. Kriging is a group of advanced geostatistical techniques, 

providing the best linear unbiased estimation of the unknown variable of interest at an 

unobserved location from observations of the random field at nearby locations. 

Basically it is a generalized form least-square regression technique allowing to account 

for the spatial dependence (i.e., semivariogram or covariance) among observations into 

spatial prediction. 

In Kriging methods, the random variable Z is decomposed into a trend (m) and a 

residual (e), where Z(x) = m(x) + e(x). All kriging estimators are but variants of the 

basic linear regression estimator Z *(xo) defined as: 

*

1

( ) ( ) ( ) ( )o o i i i

n

i

Z x m x Z x m x
=

 
 − = −     (2.4) 

Where xo is the location vectors for estimation point,  xi is the location vectors for one 

of the neighbouring data points, n is the number of data points in local neighbourhood 

used for estimation of  Z *(xo), m(xo), m(xi) are the expected values (means) of Z*(xo) 

and Z(xi), and λi denotes the kriging weight assigned to datum z(xi) for estimation 

location xo; same datum will receive different weight for different estimation location 

2.2.3.2.3 Ordinary Kriging (OK).  

OK is one of the most common type of Kriging in use. In OK, the mean is considered 

as constant in the local neighbourhood of each estimation point and unknown. This 

means that the mean at the point of the estimate Z*(xo) and at each data value in the 
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neighbourhood Z(xi) used for the. Furthermore as kriging weights sum to 1,(i.e. 

1
( ) 1OK

n

i o
i

x
=

= ), for OK, the kriging estimator can be written as:  

*

1

( ) ( ) ( )OK

o i i

n

o
i

Z x x Z x
=

=          (2.5) 

The   optimal   weights   are obtained through solving a series of linear functions known 

as the ‘‘Ordinary Kriging System’’ (Goovaerts, 2000), 
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     (2.6) 

Where ϕ is the Lagrange parameter accounting for the constraint on the weights, h is 

the parting distance between sampled location xi and xj or between sampled location xi 

and estimation point xo and γ represents the value of the semivariogram function for 

the respective distance between the points xi and xj or xi and xo. 

2.2.3.2.4 Simple Kriging. 

 The SK estimator is same as equation where the estimation of weights differ then the 

OK. SK assumes the trend of the random variable is known and constant (m(x) = m).  

*

1

( ) ( )SK

o i i

n

i

Z x m Z x m
=

 
 − = −

        (2.7) 

In this case the weights λi are obtained through solving the ‘‘Simple Kriging System’’ 

(Goovaerts, 2000), 

, ,

1

1,...,( ) ( ) ( )
i j i oj x x x x

n

o
j

for i nx C h C h
=

==    (2.8) 

Where C is the spatial covariance function between two points separated by distance h. 

In this case as the mean is constant, the covariance function (C) for Z(u) is the same as 

that for the residual component,( i.e. C(h) = CR(h) ), that is why we can write the simple 

kriging system directly in terms of C(h). 
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2.2.3.2.5 Kriging with External Drift (KED). 

Unlike the OK and SK, where there is a constant (known or unknown) trend of the 

random variable, real world problems always usually have some spatial processes 

which possess varying trends (drift) (Webster and Oliver, 2007). KED, therefore do not 

have a stationary trend of the random variable m(x), and it is not only capable of giving 

consideration to the spatial dependence of the variable but also take into account the 

linear relation of the variable to one or more additional variables (Ahmed and de 

Marsily, 1987, Webster and Oliver, 2007). In this way KED uses the secondary 

information to derive the local mean or trend of the primary attribute z. The basic form 

of m(x) can be expressed as
1

( )
K

k kk
y x

= , where y1(x), y2(x), y3(x),…yk(x) are known 

‘‘external’’ variables and the βk are unknown coefficients to be determined (Webster 

and Oliver, 2007). The usual expression for the KED estimate is the same as that of 

OK, (Goovaerts, 1997, pp. 194–198.).  

*

1

( ) ( ) ( )KED

KED o i o i

n

i

Z x x Z x
=

=
   (2.9) 

The equation system used to obtain the optimal weights of KED is different from that 

of OK. These equations are expressed as: 
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(2.10) 

where the semivariances of the “residuals” between the data points xi and xj are 

denoted by γ(h xi, xj), the semivariances between the target point and the data points are 

γ(hxo,xi),  and  the  ϕk (k = 0, 1, 2, …, K) are Lagrange multipliers. The number of 

equations required to be solved depends on the number of additional variables that are 

used to estimate the trend. In this study, the spatial coordinate and elevation at point x 

are taken as the external variables to estimate the trend of the primary variable 

(precipitation). A more detailed information on KED can be found at Webster and 
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Oliver (2007), Goovaerts (1997) or Wackernagel, 1995. It is worth noting that the 

semivariance function γ(hxo,xi) is estimated from the residuals but not the original 

observed data. As there is usually no direct observation of the residuals, the generalized 

least squares method could be suggested to estimate the trend through an iterative 

means. (e.g., Hengl et al., 2004). 

2.2.3.2.6 Simple Kriging with Varying Local Means (SKlm).  

In this type of Kriging as suggested by Goovaerts (1997 pp. 190/191), the known 

stationary mean of the SK is replaced with known varying means m*sk(x) derived from 

the secondary information. During the SKlm method, first the OLS method (linear 

regression of type -2.) is used to estimate the known varying means using secondary 

information so that f(y(x))= m*sk(x). Secondly, the residuals are acquired by subtracting 

the original data from the varying means. These residuals are taken as the random 

variable and are estimated at unknown points using the SK method. Finally the SKlm 

estimates are obtained by adding back the estimated residuals to the varying means. 

The form of the equations used by the SKlm is similar to those used by SK. The 

estimated precipitation is expressed as: 
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           (2.11) 

where the residual ε(xi). is defined as. Z(xi)-f(y(xi)) The weights λi
SK are obtained 

through solving the equations given below: 

, ,

1

1,...,( ) ( ) ( )
i j i o

SK

j x x x x

n

o
j

for i nx C h C h 
=

==   (2.12) 

where Cε denotes the covariance function of the residual ε. Other variables indicate the 

same meaning as stated under SK. In this study, the trend surface used by SKlm was 

obtained using two variables elevation and spatial coordinate. For further information 

on the SKlm, please refer to Goovaerts (1997). 
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2.2.3.3 Semivariogram and covariance function 

The semivariogram function can be derived by fitting a semivariogram model 

(spherical, Gaussian, exponential, power models etc) to the empirical or experimental 

semivariogram (h) . This empirical or experimental semivariogram can be calculated 

for all distances ‘h’ as half the average squared difference between the components of 

data pairs and can be obtained by solving: 

 
( )

2

1

1
( ) ( ) ( )

2 ( )

n h

i i

i

h Z x Z x h
n h


=

= − +
  (2.13) 

where h is the difference between two point locations, n is the number of pairs of points 

separated by h, Z(xi) - Z(xi + h) is the value difference between point xi and another 

point separated by distance h. 

2.2.3.4 Software and setup 

In the current study ArcGIS was used to perform interpolation with the help of an add-

in for the GIS software developed by Zhang and Srinivasan (2009). During the IDW 

method a power of 2 was adopted while for kriging, a spherical semivariogram model 

was identified as the best fit, with a lag size of 14400 meters, lag number of 12, 

maximum search number of 10 and minimum of 4 stations.  

2.2.3.5 Performance evaluation 

To evaluate the performance of the interpolation methods, different validation 

techniques, both including quantitative (magnitude) as well as qualitative (occurrence), 

can be employed to compare interpolation methods and select the most suitable method 

for a specific data type, region and temporal scale.  

In cases where coverage of available data for a region is dense enough that it can be 

divided in to two sets, one set can be used for interpolation while the other for 

independent quantitative validation. This is not usually the case and there are vast 

spatial gapes in the data points, so the comparison can be done by cross-validation 

(Isaaks and Srivastava, 1989). In cross-validation, data at a gauges point are removed 

temporarily, one at a time and estimated by the remaining data. The estimated values 

are checked against the observed values to evaluate the accuracy of interpolation 

methods. 
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A third type of validation can also be employed, which involve qualitative assessment 

of how good estimated occurrence of events tally with the observed ones, rather than 

quantitative comparison. This type of validation is especially useful for estimates of 

time series which are highly variable and where occurrence and non-occurrence is as 

much important as magnitude and quantities. Daily time series of precipitation is a 

perfect candidate for such validation.  

The current study, for quantitative evaluation, have opted cross validation technique to 

evaluate the performance of the interpolation methods used for data at different time 

aggregation, that is: daily; monthly; seasonal as well as annual.  
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n

RMSE Z x Z x
=

= −
  (2.17) 

where Z  is the  estimated value, 
*Z is   the observed  data, the Z  and  *Z  represents  

the  corresponding means of the  spatial  precipitation,  and  i = 1,  2,  ..., N, where N 

is the total number of simulated and observed data pairs. 

Among these statistical indices (Eq 2.14 to 2.17), r shows the degree of linear 

correlation between Interpolation precipitation estimates and gauge observations; Ens 

indicates how well the plot of the observed vs. the simulated values fits the 1:1 line, 

and ranges from -∞ to 1. When the values for “Ens” and “r” are equal to one, the model 

prediction corresponds to the observed data. Similarly, MAE scales the average 

difference between the estimates and gauge observations and RMSE gives the 

magnitude of the average error while giving more weight to the larger values. 
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Additionally For the daily time series of precipitation, the qualitative evaluations are 

also made based on the categorical statistical indices.  

For evaluations of the daily estimated data, qualitative evaluation indices are used. 

These indices are derived by using the 2×2 contingency table (Table 2.2). The 2×2 

contingency table is used for deriving four indicators about how good is estimated data 

in detecting rain events, no events, misses and false-alarms by the Interpolation over 

the study area. Based on these four indicators, as shown in the table, several categorical 

statistical indices can be derived, including, accuracy (Ac), bias score or frequency bias 

index (FBI), probability of detection (POD), false alarm ratio (FAR, critical success 

index (CSI) and true skill statistics (TSS) (Wilks 1995, 2006). These are defined in the 

equations, 2.18 to 2.23.  

Table 2.2: Contingency table 2X2 

 

OBSERVED VALUES 

(GAUGE DATA) TOTAL 

YES NO 

ESTIMATED 

VALUES 

(INTERPOLATION-

ESTIMATES) 

YES 
-a- 

Hits 

-b- 

False Alarms 

Total-Yes 

Estimated 

NO 
-c- 

Misses 

-d- 

Correct negative 

Total-No 

Estimated 

TOTAL 
Total-Yes 

Observed 

Total-No 

Observed 
TOTAL 

 

a d
Ac

Total

+
=

   (2.18) 

a b
FBI

a c

+
=

+    (2.19) 

a
POD

a c
=

+    (2.20) 
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b
FAR

a b
=

+    (2.21) 

a
CSI

a b c
=

+ +    (2.22) 

( )( )

a b ad bc
TSS

a c b d a c b d

−
= − =

+ + + +
 

 (2.23) 

Results and discussion 

2.2.4 Precipitation vs elevation analysis. 

The interpolation methods employed during this study, as mentioned before, included: 

Nearest Neighbours (NN) (i.e., Thiessen polygon) and Inverse Distance weighting 

(IDW) along with four kriging alternatives, out of which Ordinary Kriging (OK) and  

Simple Kriging (SK),  used only the location and rainfall data for interpolation while 

the other two kriging methods: Kriging  with External  Drift (KED) and Simple Kriging 

with Local varying Mean (SKlm), in addition to location and rainfall data also 

incorporated external data (elevation) for deriving the estimating value at different 

spatial locations.  

The use of elevation data as an external variable is important because topography 

usually influence rainfall pattern through the so called orographic effects, ( i.e. 

increase in precipitation amounts with altitude on windward mountainsides,  due to 

the uplift of the  humid air masses, their adiabatic cooling and resulting condensation 

(Chow et al., 1988)). This orographic effect play a very important role in mountainous 

regions, so that places with higher elevation might be getting more precipitation, 

(Groisman et al., 1994; Sevruk, 1997; Sinclair et al., 1997) but at the same time this 

orographic effect too, will most probably be different at different places and distinct to 

each region (Ly, Charles, and Degre 2013).  

It was therefore, worthwhile to check the correlation between the observed 

precipitation data at different spatial locations and their respective elevation. The 

correlation results were very revealing about the spatial differences in the orographic 

effect over the study area. When the correlation was derived for precipitation data at 

all the observed locations as a single set versus the elevation, the results were not very 

promising as the averages of correlation coefficients were between 0.30 to 0.33, for all 
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the time aggregates and below par for the standard suggested by previous studies such 

as Goovaerts (2000 ), Asli and Marcotte (1995). On the other hand, when the study area 

was divided into somewhat geo -climatological regions and PCP data aggregates in 

each region were treated as a single set for checking of correlation coefficient of 

precipitation versus elevation, the correlation results were drastically improved. 

 

 

Figure 2.3: UIB (Pakistan), with hydro-climatological zones 

 

The precipitation data was aggregated at monthly, seasonal and annual scale while the 

the study basin (UIB) was divided into 4 sub-regions: 1) north western; 2) south 

eastern; 3) south central and 4) north central respectively (Figure 2.3). All these regions 

had enough climatological stations for detecting correlation except the central north 

region, which only had two climatology stations and was not considered for the 

correlation analysis. 

The results show that the correlation coefficients were very high for all the regions and 

at all time aggregates with best for south eastern region followed by central south and 

then north western region. Similarly the best result were achieved for the annually 

aggregates PCP data, follow by seasonal and then monthly, as was expected (Table 

2.3). 
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The average of correlation coefficients for the monthly rainfall data, across all the 

gauge stations in the study area based on regional correlation was 0.85 for mean-

monthly, 0.90 for mean-seasonal and 0.99 for annual. These results show a very high 

correlation between precipitation and elevation in different regions of the study area, 

which is not the case when the same study is carried out for the whole region as a unit 

because of the different hydro-climatological and topography dynamics specific to 

different parts to the study area. 

This correlation values were expected as the study area (upper Indus basin UIB) is very 

unique as three mountain ranges, two of which are the highest in the world, merge 

together in this region. This had resulted in formation of absolutely unique hydro-

climatological zones throughout the region.  

Table 2.3: Correlation of precipitation amount and elevation in different parts of UIB 

Time 

Aggregates  

Correlation coefficient for precipitation amount vs elevation 

in different regions of UIB 

North-

Western 

Central 

South  

South-

Eastern  

Average 

Regional 

Whole 

UIB 

Mean-Monthly 0.72 0.93 0.90 0.85 0.30 

M
o
n

th
ly

 

January 0.98 0.97 0.96 0.97 0.26 

February 0.77 0.93 0.98 0.89 0.25 

March 0.92 0.89 0.92 0.91 0.22 

April -0.88 0.99 0.84 0.32 0.00 

May 1.00 0.99 0.73 0.91 0.23 

June 0.96 0.86 0.99 0.94 0.43 

July 0.92 0.96 0.94 0.94 0.57 

August 0.55 0.93 1.00 0.83 0.45 

September 0.80 0.78 0.98 0.85 0.40 

October 0.67 0.93 0.90 0.83 0.31 

November 1.00 0.98 0.89 0.95 0.27 

December 1.00 0.99 0.67 0.88 0.21 

Mean-Seasonal 0.79 0.94 0.97 0.90 0.31 

S
ea

so
n
al

 Winter 0.97 0.97 0.98 0.97 0.15 

Spring 0.29 0.99 0.97 0.73 0.51 

Summer 0.92 0.91 0.99 0.94 0.35 

Autumn 0.99 0.90 0.94 0.94 0.25 

Annual 0.99 0.99 0.98 0.99 0.33 
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Figure 2.4: Trends and Correlation of Annual Precipitation vs Elevation (three sub regions) 

The same phenomenon can be seen in Figure 2.4 and Figure 2.5 also. There is 

distinctive precipitation pattern over different parts of the region, so that some regions 

have summer as the wet season while others the winter. This means that different 

regions inside the study basin show high mutual correlation and similarities, as well as 

distinct but definite orographic effect which may not be witnessed when all the study 

basin is considered as a whole.  

 

Figure 2.5: Trends and Correlation of Annual Precipitation vs Elevation (whole UIB) 

 

2.2.5 Cross validation results. 

The cross validation analysis included quantitative as well as qualitative indices. The 

quantitative cross validation was done for data aggregates at monthly, seasonal, annual 
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as well as daily time scale, while the qualitative cross validation was carried out only 

for data at daily time scale. 

2.2.5.1 Quantitative cross validation results 

The quantitative cross validation showed that SKlm performed better than other 

methods applied in the study for data aggregates at monthly, seasonal, annual time 

scale. The performance was better according to all indices including r, MAE, RMSE, 

and NSE. The method SKlm was followed by SK, OK, KED, IDW and NN in 

performance respectively. (Table 2.4).  

SKlm had the best average values for r (0.63), MAE (252.26), RMSE (319.15) and also 

NSE (0.16) for data at annual time aggregate, while also showed best values for these 

indices for data at seasonal and monthly time aggregate. NN (TP), on the other hand, 

at annual scale had the lowest r value (-0.34), highest MAE and RMSE (385.77 and 

504.06) and lowest and negative average NSE value (-1.19). NN (TP) had similar trend 

for monthly and seasonal estimates as well. The r, MAE, RMSE and NSE for the other 

methods ranged between these limits in a sequence mentioned in the previous 

paragraph.  

For the daily precipitation data the quantitative cross validation results (Table 2.5) 

showed similar results as were for the annual, seasonal and monthly time aggregates. 

Here too, SKlm outperformed all the other methods by far and was followed by SK, 

OK, KED, IDW and NN in performance, respectively (Table 2.4). Additionally, during 

these analysis, each method was also ranked according to its performance based on 

each index (r, MAE, RMSE and NSE), so as to get average rank (#) for each method 

based on all performance measures. These rankings also showed that SKlm had the 

best rank in all the indices and an average rank of 1.this was followed by SK which had 

an average rank of 2. The other methods were far behind with Ok having an average 

rank of 3.8, KED and IDW having a similar average rank of 4.5 while NN (TP) at the 

lowest average rank of 5.3. 
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Table 2.4: Cross validation results for precipitation interpolation at monthly, seasonal and annual time  

TP r MAE RMSE NSE 

Average-Monthly 0.40 32.19 48.89 -0.47 

January 0.35 30.99 46.30 -0.47 
February 0.45 37.77 53.92 -0.33 

March 0.56 40.10 54.52 -0.26 

April 0.38 53.60 73.63 -0.79 

May 0.14 33.17 46.09 -0.91 

June 0.45 27.68 43.90 -0.33 

July 0.78 27.78 47.59 0.45 

August 0.63 36.72 55.64 0.02 

September 0.43 25.65 36.17 -0.48 

October -0.02 22.32 35.12 -1.14 

November 0.33 21.48 33.48 -0.74 

December 0.33 29.03 46.47 -0.65 

Average-Seasonal 0.54 108.28 161.13 -0.57 

Winter 0.54 99.38 141.40 -0.59 
Spring 0.37 135.13 192.21 -0.81 

Summer 0.80 110.16 173.20 0.27 

Autumn 0.28 88.47 130.07 -1.16 

Annual -0.34 385.77 504.06 -1.19 
 

 IDW r MAE RMSE NSE 

Average-Monthly 0.42 28.27 42.82 -0.12 

January 0.36 27.76 41.89 -0.14 
February 0.48 33.69 49.59 -0.08 

March 0.56 36.10 50.64 -0.01 

April 0.42 43.89 60.45 -0.22 

May 0.22 28.49 39.20 -0.37 

June 0.46 25.05 39.17 -0.09 

July 0.79 24.74 42.20 0.54 

August 0.65 32.80 47.71 0.24 

September 0.43 22.22 30.60 -0.11 

October 0.00 19.27 30.87 -0.53 

November 0.29 19.22 29.49 -0.33 

December 0.35 26.04 40.98 -0.30 

Average-Seasonal 0.56 94.74 141.43 -0.14 

Winter 0.59 85.68 121.57 -0.14 
Spring 0.44 113.36 162.09 -0.31 

Summer 0.79 104.67 163.53 0.38 

Autumn 0.29 75.24 110.55 -0.50 

Annual 0.14 313.66 401.73 -0.38 
 

OK r MAE RMSE NSE 

Average-Monthly 0.34 27.62 41.98 -0.01 

January 0.38 24.82 37.99 0.02 
February 0.45 32.71 48.16 0.03 

March 0.49 34.10 46.77 0.05 

April 0.43 43.19 57.03 -0.09 

May 0.13 27.03 37.51 -0.18 

June 0.39 23.27 36.06 0.05 

July 0.73 28.79 52.04 0.42 

August 0.64 33.42 50.61 0.25 

September 0.25 21.98 30.71 -0.05 

October -0.13 18.06 27.86 -0.28 

November 0.03 19.42 28.69 -0.26 

December 0.35 24.63 37.75 -0.11 

Average-Seasonal 0.55 91.98 136.45 0.01 

Winter 0.59 77.49 110.55 0.08 
Spring 0.48 111.32 154.39 -0.15 

Summer 0.76 110.97 167.83 0.32 

Autumn 0.23 68.15 101.22 -0.20 

Annual 0.23 302.18 389.20 -0.25 
 

 SK r MAE RMSE NSE 

Average-Monthly 0.43 27.66 43.33 0.10 

January 0.56 24.79 37.81 0.15 
February 0.40 32.25 51.40 0.12 

March 0.51 34.82 47.56 0.10 

April 0.36 42.35 55.75 0.03 

May 0.45 23.37 32.50 0.10 

June 0.42 23.24 35.22 0.08 

July 0.52 36.78 63.57 0.22 

August 0.31 37.62 57.06 0.12 

September 0.41 21.80 30.36 0.04 

October 0.36 15.54 24.75 0.04 

November 0.36 16.82 25.02 0.06 

December 0.44 22.60 36.51 0.09 

Average-Seasonal 0.51 90.53 129.74 0.10 

Winter 0.55 81.14 112.22 0.08 
Spring 0.42 99.12 132.66 0.08 

Summer 0.62 120.50 170.31 0.20 

Autumn 0.39 61.38 90.16 0.03 

Annual 0.33 278.77 351.88 0.01 
 

KED r MAE RMSE Ens 

Average-Monthly 0.34 27.58 41.59 -0.11 

January 0.38 26.30 39.17 -0.04 
February 0.34 33.06 49.55 -0.06 

March 0.54 35.29 48.31 -0.03 

April 0.43 40.18 51.83 -0.02 

May 0.12 27.11 39.01 -0.30 

June 0.42 23.89 38.34 -0.06 

July 0.67 25.04 44.13 0.45 

August 0.58 31.54 47.42 0.23 

September 0.44 21.64 30.97 -0.14 

October -0.23 19.99 31.24 -0.55 

November 0.03 20.42 30.20 -0.45 

December 0.34 26.48 41.35 -0.30 

Average-Seasonal 0.52 94.05 147.00 -0.14 

Winter 0.48 85.92 121.49 -0.11 
Spring 0.51 107.68 154.98 -0.26 

Summer 0.78 106.19 182.09 0.28 

Autumn -0.18 76.40 120.43 -0.50 

Annual -0.38 340.32 475.16 -0.80 
 

 SKlm r MAE RMSE NSE 

Average-Monthly 0.64 25.90 37.40 0.24 

January 0.70 22.71 31.94 0.31 
February 0.61 29.23 41.77 0.30 

March 0.69 31.98 42.81 0.24 

April 0.49 40.30 54.37 0.09 

May 0.60 22.69 31.61 0.15 

June 0.71 22.37 31.05 0.28 

July 0.85 35.18 47.16 0.51 

August 0.76 34.31 45.47 0.40 

September 0.74 18.81 25.06 0.28 

October 0.51 15.07 23.93 0.10 

November 0.42 16.49 24.79 0.07 

December 0.54 21.69 34.14 0.13 

Average-Seasonal 0.66 84.57 118.35 0.22 

Winter 0.68 72.25 101.11 0.22 
Spring 0.59 94.63 128.97 0.15 

Summer 0.80 112.71 146.34 0.42 

Autumn 0.54 58.67 88.06 0.10 

Annual 0.63 252.26 319.15 0.16 
 

(NN-Nearest Neighbour, IDW-Inverse Distance Weighting, OK-Ordinary Kriging, SK-Simple Kriging, KED-Kriging with 

External Drift and SKlm-Simple Kriging with varying local mean) 
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Table 2.5: Cross validation results for precipitation interpolation at daily time step  

Method r # MAE # RMSE # 

NSE 

# 

Averag

e 

Rank value 

%positiv

e 

SKlm 0.54 1 1.711 1 4.06 1 0.13 87.19 1 1.0 

SK 0.35 2 1.719 2 4.42 2 0.03 71.61 2 2.0 

OK 0.11 6 1.833 3 4.83 3 -0.29 22.92 3 3.8 

KED 0.19 4 1.868 4 4.95 5 -0.46 21.03 5 4.5 

IDW 0.23 5 1.866 5 5.19 4 -0.49 20.85 4 4.5 

NN 

(TP) 
0.27 3 2.023 6 6.00 6 -0.91 18.64 

6 5.3 

 

Furthermore, for the daily estimates the NSE indices were also checked for percentage 

of positive values and here also SKlm outperformed the other methods with more than 

76% positive NSE values. Apart from SKlm, the only other method which had positive 

NSE values of more than 50% was SK. All the remaining methods showed very low 

percentage of positive NSE values, indicating that majority of the predicted estimates 

produced by these methods were worse off than using the mean of the “used 

precipitation data” as predicted estimates. 

2.2.5.2 Qualitative cross validation results 

The Qualitative cross validation results (Table 2.6) are based on six categorical indices 

including Ac, FBI, POD, FAR, CSI and TSS (details in section 2.3.4 and Table 2.2 ). 

A relative ranking was also given to the different interpolation method based on their 

performance according to these indices. The estimates generated by SKlm were also 

superior according to these indices with the best average rank (1.83). The remaining 

methods also performed in a similar fashion as for quantitative indices except for KED, 

which showed better qualitative results and was the third best method, slightly below 

SK (average rank of 2.83). OK and IDW had the identical average performance rank 

of 3.83.  

The lowest rank was obtained for NN method though it had the best frequency bias 

index (FBI). The FBI for SKlm and SK methods was the last in ranking, which on 

checking the estimates, reviled that the estimates produced by SKlm and SK methods 

had a lot more smaller events of negligible precipitation amounts present. This is not 

the case and do not usually happens naturally but the interpolation method may be 

extending a rain event further then its natural extent. Therefore it is advisable to 
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eliminate rainfall events, which are too low or below a specific limit (depending of the 

area and its precipitation patterns), probably assumed as “noise” produced by the 

inherent nature of the method.  

Among the other indices, SKlm method performance rank was 1st except for false alarm 

ratio (FAR), where it was second after IDW. Furthermore, SK method was the second 

in ranking after SKLm with having almost similar values for AC, FBI; POD and CSI 

while had much more false alarms (FAR =0.362). 

The overall results showed that SKlm could be a better option for interpolating 

precipitation data in the study area (Upper Indus Basin-UIB) since the estimated data 

produced by this method provided comparative better representation of precipitation in 

terms of magnitudes as well as occurrences. 

The performance of the multivariate methods was better than the univariate methods, 

as has been reported in scientific literature. The performance of SKlm method which 

was comparatively better than the other kriging methods, probably had additional 

advantage as its interpolation had been based on the local varying mean and not on the 

global mean, which is the usual case in the other kriging methods. In other words SKlm 

method ensured that during its application, the regional or local correlations were given 

a better representation. 

Table 2.6: Qualitative Cross validation results for interpolation methods  

Method 

Qualitative evaluation indices and their performance 

rank 
Averag

e 

Rank Ac # FBI # POD # FAR # CSI # TSS # 

SKlm 0.88 1 1.43 5 0.84 1 0.351 2 0.58 1 0.63 1 1.83 

SK 0.88 1 1.43 5 0.85 2 0.362 5 0.57 2 0.61 2 2.83 

KED 0.85 3 1.32 4 0.76 3 0.357 3 0.53 3 0.56 3 3.17 

IDW 0.85 5 1.14 2 0.70 5 0.337 1 0.50 5 0.54 5 3.83 

OK 0.85 4 1.28 3 0.76 4 0.359 4 0.52 4 0.56 4 3.83 

NN (TP) 0.77 6 0.99 1 0.56 6 0.387 6 0.40 6 0.43 6 5.17 
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Conclusion 

The interpolation methods employed during this study, for improving the spatial 

interpolation of the precipitation data (Nearest Neighbours (NN) (i.e., Thiessen 

polygon), Inverse Distance weighting (IDW) Ordinary Kriging (OK), Simple Kriging 

(SK),  Kriging  with External  Drift (KED) and Simple Kriging with Local varying 

Mean (SKlm)),  all had their own advantages and disadvantages, but SKlm proved to 

be the best suited for the study area. 

The quantitative cross validation showed that SKlm performed better than other 

methods applied in the study for data aggregates at monthly, seasonal, annual time 

scale. The performance was better according to all indices including r, MAE, RMSE, 

and NSE. The method SKlm was followed by SK, OK, KED, IDW and NN in 

performance respectively. 

The Qualitative cross validation results, based on six categorical indices (Ac, FBI, 

POD, FAR, CSI and TSS) with a relative ranking for the daily estimates, also showed 

similar pattern of performance. The estimates generated by SKlm were also superior 

according to these indices with the best average rank (1.83). The remaining methods 

also performed in a similar fashion as for quantitative indices except for KED, which 

showed better qualitative results and was the third best method, slightly below SK 

(average rank of 2.83). OK and IDW had the identical average performance rank of 

3.83. 

The overall conclusion is that SKlm could be a better option for interpolating 

precipitation data in the Upper Indus Basin-UIB, since the estimated data produced by 

this method provided comparative better representation of precipitation in terms of 

magnitudes as well as occurrences. 
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Chapter-3: Correction and informed regionalization of precipitation data 

in a high mountainous region (Upper Indus Basin) and its effect on 

SWAT-modelled discharge 

Abstract 

The current study applied a new approach for the interpolation and regionalization of 

observed precipitation series to a smaller spatial scale (0.125° by 0.125° grid) across 

the Upper Indus Basin (UIB), with appropriate adjustments for the orographic effect 

and changes in glacier storage. The approach is evaluated and validated through reverse 

hydrology, and is guided by observed flows and the available knowledge base. More 

specifically, the generated corrected precipitation data is validated by means of SWAT-

modelled responses of the observed flows to the different input precipitation series 

(original and corrected ones). The results show that the SWAT-simulated flows using 

the corrected, regionalized precipitation series as input are much more in line with the 

observed flows than those using the uncorrected observed precipitation input for which 

significant underestimations are obtained. 

Keywords: precipitation estimation; orographic correction factor (OCF); water 

balance; glacier mass balance; SWAT-hydrological model; Upper Indus Basin (UIB); 

reverse hydrology 

  

(Note: major part of the work presented in this chapter (chapter-2) is published in a 

peer reviewed journal article in “Water” (Khan and Koch 2018a)) 
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Figure 3.1: Schematic summary of the “Correction and Informed Regionalization” procedure for daily 

rainfall estimation 
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3.1 Introduction  

Water balance calculations and spatially distributed rainfall-runoff models require high 

resolution climatic datasets as primary input. The quality of climatic forcing input is 

certainly the most important factor capable of influencing the simulation results 

(Duncan et al., 1993; Singh et al., 1997; Andréassian et al., 2001; Kobold and Sušelj, 

2005; Leander et al., 2008; Rueland et al., 2010; Moulin et al., 2009), so that any errors 

in the input (climatic data) are amplified in the output (simulated hydrology) (Y.B. Liu, 

and F. De Smedt, 2004). Among the climatic forcing data, precipitation and 

temperature are the most vital climatic variables as they directly influence the 

catchment discharge (Obled et al., 1994) through direct runoff, evapotranspiration 

losses or the snow and glacier melt contributions.  

As precipitation is extremely variable in terms of  spatial and temporal distribution, 

over mountainous catchments, it is extremely challenging to assess its true spatial 

distribution, especially, when there is a limited spatial density of available gauging 

networks (RODDA, 1971, 1971),  and the then usually used “valley based” gauging 

networks are mostly unable  to capture the orographic influences. The problem can be 

further exacerbated when the precipitation dataset has quality issues or temporal 

discontinuities. The hydrological investigations in such mountainous catchments may 

therefore find “water imbalances”, with higher streamflow totals, in excess of 

precipitation-based estimates.  

The precipitation data for the Upper Indus Basin (UIB) also suffer from these problems 

and the sparsely located, often lower-altitude, in-situ observational network, is unable 

to provide precipitation time series with appropriate spatial, altitudinal and temporal 

coverage. This poses one of the major hindrances for carrying out hydro-

meteorological investigations and climate change impact studies in the UIB. The 

climate station network in the UIB has historically been comprised of very few low-

altitude, valley-based stations. Although the number of in-situ observational points has 

increased since the mid-nineties, with the installations of a few higher –altitude, 

automatic weather stations, the coverage is still very thin and the data less 

representative, especially, for different elevation zones. The available data also needs 

a lot of preprocessing, as it represents uncorrected raw precipitation readings, and, 

therefore, needs checking for quality issues and correction for losses or gaps. Similarly, 
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while most of the weather stations have become operational after the mid-nineties, 

long-term data is a rear commodity and only available at a limited number of locations.  

Owing to the complex orography of the UIB region and to the co-action of different 

hydro-climatic regimes (which affect the amounts, spatial patterns and the seasonality 

of precipitation), neither the sparse observed station data (or the gridded data products 

based on them)  nor the sensors-based data, fully represents the precipitation regime of 

the region (Yatagai et al., 2012; Palazzi et al., 2017; Wijngaard et al., 2017; Palazzi et 

al., 2013). Several studies have pointed out that precipitation in the HKH (Hindu Kush 

Himalayan) -  region exhibits large changes over short distances and has a considerable 

vertical gradient (Singh and Kumar, 1997; Dhar and Rakhecha, 1981; Dahri et al., 

2016; Pang et al., 2014; Hewitt, 2011; Wake, 1989). This also explains the fact that the 

average precipitation amounts over the UIB (based on the sparse and low-altitude 

climatic station network), are unrealistically low to be able to sustain the observed 

discharge at the basin outlet.  

These factors have led many researchers to find ways to assess methods for 

precipitation correction that may lead to a more realistic  water balance (Valéry et al., 

2010) in many basins and have also compelled a number of hydrological studies in the 

UIB region to use, in addition to the observed station data, a variety of other reference 

climate data from different sources, either directly or with prior modifications and 

adjustments (e.g. TRMM Data - (Immerzeel et al., 2009); modified APHRODIT - (Lutz 

et al., 2016), or modified WFDEI data - (Wijngaard et al., 2017;  etc).  

This study proposes a simple method to regionalize and correct precipitation data in 

the UIB through accounting for the orographic effect at a scale finer than the one 

covered by the stream-gauging network, by applying a new method based on a step-

wise correction and informed regionalization. This method consists of three steps:  1) 

Correction for systematic errors;  2) backward hydrology estimation to detect 

underestimation in the observed precipitation; and  3) interpolation/regionalization of 

the precipitation along with application of a correction factor.  

Although the corrected precipitation data generated in this way may not be  explicitly 

correct at a very fine spatial scale, it is expected to produce reasonably accurate 

precipitation data by  accounting for the orographic effect at gauged-catchment scale  

and should so probably be better than that produced by  other methods and, so, 
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especially suitable for use in hydrological modeling and simulations. Additionally, for 

the time- period before the installation of the new and denser climatic network (1961-

1996), precipitation data are reconstructed at the locations of the newer installations, 

guided by the station data collected after that period, prior to the application of 

regionalization and correction for the orographic effect. 

While the proposed correction method is applied to precipitation data in the UIB as the 

present study area, it can easily be replicated in any basin with apparent altitudinal 

orographic effects or shortages of long term data. 

Study area and data 

3.1.1 Study area-The Upper Indus River Basin (UIB) 

With a total length of about 2880 km and a drainage area of about 912,000 km2, the 

Indus River is one of the largest rivers in Asia, extending across portions of India, 

China, Pakistan and Afghanistan (Ali and Boer, 2007). The portion of the Indus basin 

upstream of the Tarbela Dam (Fig-3.2) comprises the upper Indus river basin (UIB). 

The length of the river until that dam is about 1150 km, and it drains an area of about 

165400 km2 as per our findings. 

Being a high-mountain region, the UIB contains the greatest area of perennial glacial 

ice cover (~15062 km2) outside the polar regions, with 2174 km3 of total ice reserves 

(Bajracharya and Shrestha, 2011). Some estimates (Arendt et al., 2015) show even 

greater glacier cover, reaching up to 12% of the UIB (above 19000 km2). The altitude 

within the UIB ranges from as low as 455 m to a high of 8611 m and, as a result, the 

climate varies greatly within the basin (Tahir et al., 2011).  

The summer monsoon has little effect on the basin,  as almost 90% is in the rain shadow 

of the Himalayan belt (Immerzeel et al., 2009). Except for the south-facing foothills, 

the intrusion of the Indian-ocean monsoon is limited by the mountains, so that its 

influence weakens north-westward (Bookhagen and Burbank, 2006). Subsequently, the 

climatic controls in the UIB are quite different from that in the Himalayas on the eastern 

side. In fact, over the extent of the UIB, most of the annual precipitation originates in 

the west, resulting from the mid-latitude western disturbances, and mostly in solid form 

during winter and spring (Wake, 1989; Hewitt, 2011; Ali et al., 2015a; Hasson, 2016). 

Occasional rains are brought by the monsoonal incursions to trans-Himalayan areas  
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(Wake, 1989; Ali et al., 2015b), but even during the summer months, the trans-

Himalayan areas do not derive all precipitation from monsoon sources (Karim and 

Veizer, 2002).  

Climatic variables are usually strongly influenced by topographic altitude. Thus the 

northern valley floors of the UIB are arid, with annual precipitation of only 100-200 

mm. These totals increase to 600 mm at 4400 m elevation, and glaciological studies 

suggest annual accumulation rates of 1500 to 2000 mm at 5500 m altitude (Wake, 

1989). 

The average snow cover area in the UIB changes from 10% to 70%, with a maximum 

of 70‒80% in the winter snow accumulation period (December to February) and  a 

minimum of 10‒15% in the summer snow melt period (June to September) (Tahir et 

al., 2011). Stream flow is generated by the combination of the storm runoff in the lower 

part of the upper Indus basin and the snow and glacier runoff from the higher parts of 

the UIB (Archer, 2003; Ali and Boer, 2007) Nearly half of the total annual flow in the 

Indus basin as a whole is contributed by the UIB, with 86-88% contribution during the 

summer season while only 12-14% during the winter season (Khan et al., 2015; Khan 

et al., 2017). 

Figure 3.2 Upper Indus Basin (UIB):=Main sub-basins, network of hydro-meteorological stations, and 

boundaries of mountain ranges and streams and tributaries of the upper Indus 
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3.1.2 Observed hydro-climatic data 

3.1.2.1 Observed precipitation data 

The precipitation data of twenty (20) meteorological stations (Fig-3.2), operative in the 

study area (UIB) were used in this study. Out of these stations, six (6) are operated by 

the Pakistan Meteorological Organization (PMD), while fourteen (14), relatively new 

stations are under the jurisdiction of the Water & Power Development Authority, 

Pakistan (WAPDA).  

The stations operated by PMD have long term precipitation records (1947 to date), but 

were not corrected for under-catch and occasional gaps and temporal discontinuities in 

the records. The recent PMD-station records, although fairly consistent, are all from 

low altitude stations, unable to represent precipitation regimes of higher altitudes. The 

other 14 climate stations are fairly new and are installed specifically to cover higher 

altitude regions, but only provide data for a shorter time period  from 1999-2008 (Table 

3.1).  

Table 3.1: Geographical attributes of the precipitation gauge network 

Description S. No. Station name Latitude 

(◦N) 

Longitude 

(◦E) 
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(m) 
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1 Burzil 34.916 75.90 4030 

2 Deosai 35.09 75.54 4149 

3 Hushe 35.42 76.37 3075 

4 Khot Pass 36.52 72.58 3505 

5 Khunjrab 36.84 75.42 4440 

6 Naltar 36.17 74.18 2898 

7 Ramma 35.36 74.81 3179 

8 Rattu 35.15 74.8 2718 

9 Shendoor 36.09 72.55 3712 

10 Shigar 35.63 75.53 2367 

11 Ushkore 36.05 73.39 3051 

12 Yasin 36.45 73.3 3350 

13 Zani 36.33 72.17 3895 

14 Ziarat 36.77 74.46 3020 
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) 15 Chillas 35.42 74.10 1250 

16 Astore 35.37 74.90 2168 

17 Bunji 35.67 74.63 1372 

18 Gilgit 35.92 74.33 1460 

19 Gupis 36.17 73.40 2156 

20 Skardu 35.3 75.68 2210 

For parts of the UIB outside Pakistan’s boundary, including the Shyok basin and the 

UIB upstream of Kharmong (Fig-3.2), we used the APHRODITE- daily gridded 

precipitation dataset for Asia which is based on a dense network of rain gauges. 
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(Yatagai et al., 2012). This data has a spatial resolution of 25 km2 and is available for 

the time period 1951-2007. 

3.1.2.2 Observed discharge data 

The daily river discharge and flow data in the study area is collected from Water & 

Power Development Authority, Pakistan (WAPDA). Data for a total of 14 hydrometric 

stations is available in the UIB, out of which data for 7 hydrometric stations (on the 

main river as well as its major tributaries) (Table 3.2, Figure 3.2) is used in this study.  

Table 3.2: Geographical and hydrological attributes of the hydrometric stations 

S.No. 
River / 

Tributary 
Station  

Area 

(km2) 

Mean discharge Elevation 

(m.a.s.l) 

Duration 

(years) (m3/s)  mm/y 

1 Astore River Doyan 3906 138 1115 1580 1999-2008 

2 Gilgit River Gilgit 12778 303 748 1430 1999-2008 

3 Hunza River Dainyor 13761 294 674 1420 1999-2008 

4 Shigar River Shigar 6934 200 937 2220 2001 

5 Indus River* Kachura 113745 1151 319 2180 1999-2008 

6 Shyok River Yugo 32935 410 393 2460 1999-2007 

7 Indus River Kharmang 70882  460 205 2500 1999-2007 

8 Indus River Besham Qila 165611  2425 462 600 1999-2008 

* the flow record at this gauge station were utilized to represent/validate outflows from Shigar basin, which had limited records. 

Methodology 

3.1.3 Relevant literature-Correction methods 

A range of methods (simple to very complex), have so far, been applied to improve the 

quality and coverage of precipitation data while trying to account as much as possible 

for the prevailing spatial and orographic variations. These methods can broadly come 

under two categories:  

➢ an interpolation or regionalization of point rainfall measurements  

➢ applying a “Doing Hydrology Backward (DHB)” (Kirchner’s methodology), 

estimating catchment‐averaged precipitation rates from streamflow 

fluctuations, measured at the catchment outlet. 

Both methodologies interpolation/regionalizing or correcting catchment-scale rainfall 

are extremely uncertain processes.  For the former this is due to  the spatial variability 

of rainfall fields and the complexities of orography, while for the latter (backward 
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hydrology), uncertainties are  faced due to the inherent nonlinearity  in the streamflow-

rainfall relationship.  

To choose which of the two approaches to follow is difficult. Apparently there have 

been a lot more attempts to use  interpolation/ regionalization of point rainfall than  the 

backward hydrology approach (e.g. Kirchner, 2009; Teuling et al., 2010). 

For the first approach, the  upward interpolation/regionalization of point rainfall 

measurements, many different techniques have been used over the past (Creutin et al., 

1988; Beek et al., 1992; Kurtzman and Kadmon, 1999; Shen et al., 2001; Kyriakidis et 

al., 2001; Buytaert et al., 2006; Stahl et al., 2006; Daly, 2006; Schuurmans and 

Bierkens, 2007; Carrera-Hernández and Gaskin, 2007). These techniques have been 

evaluated for performance, against data of different temporal scale and spatial coverage 

as well as for different regions, from having very simple and homogeneous terrain to 

those with highly complex and diverse topography. Nevertheless, their results and 

recommendations are as diverse as their application, which make a direct and 

conclusive comparison between the different variants of this method category difficult 

and impractical. In fact, it is very difficult to choose the method that could reproduce 

the climatic data distribution, closest to reality in diverse catchment specific terrains 

(Caruso and Quarta, 1998), because the interpolation method which will best perform 

for one specific area, varies as a function of the area, terrain, the spatial scale desired 

for mapping (Lanza et al., 2001), as well as the temporal duration and the nature of the 

climate variable to be interpolated (New et al., 2001).  

Overall the filling of spatial gaps through interpolation can be possibly done by  three 

groups of techniques,  i.e. empirical-,  statistical and geostatistical methods and 

function fitting (Xia et al., 1999).  

The empirical methods may include the arithmetic averaging, inverse distance 

interpolation (IDW)  (.e.g. Willmott and Robeson 1995) and “ratio & difference 

technique” (Tabony, 1983; Wallis et al., 1991; Luo et al., 2008).  

The statistical methods include, but are not restricted to principal component analysis 

& cluster analysis (Huth and Nemes̆ová, 1995), multiple regression (REG) (DeGaetano 

et al., 1995), Kriging methods (Cressie, 1993; Goovaerts, 1997; Goovaerts, 2000; Boer 

et al., 2001; Webster and Oliver, 2007; Luo et al., 2008; Chiles, 2012) and optimal 

interpolation (Bussières and Hogg, 1989).  
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Thin-plate spline technique is an example of the function fitting methods which is used 

to interpolate data (Eckstein, 1989; Hutchinson and Gessler, 1994; Luo et al., 1998; 

Boer et al., 2001; Vicente-Serrano et al., 2003).  

Additionally there are “other methods” which are specially developed for 

meteorological interpolation, using a combination of different methods, both 

deterministic and probabilistic (Sluiter, 2009). An example of this type can be the 

“Meteorological Interpolation based on Surface Homogenized Data Basis” (MISH), 

developed at the Hungarian Meteorological Service (Szentimrey et al., 2005). 

Though there is a range of methods in this category (simple to very complex and 

demanding) to choose from, the outputs from all of them carry huge uncertainties. 

The second approach, i.e. “DHB” or Kirchner’s Methodology, has mainly been used to 

infer the spatial and temporal patterns of evapotranspiration and precipitation at the 

gauged catchment scale, using measured streamflow fluctuations as input. This method 

has been reported to be effective in estimating catchment-averaged precipitation (e.g. 

Krier et al., 2012; Teuling et al., 2010; Valéry et al., 2010; Kirchner, 2009; Weingartner 

et al., 2007), but as it may not give distributed precipitation, any explicit regionalization 

of precipitation fields may need extra efforts or modeling (Immerzeel et al., 2015). 

Any of these techniques or strategy, which can be used for correction and 

regionalization of data, need calibration and validation by means of historical 

information, (Lanza et al., 2001), directly or indirectly, by evaluating the results and 

outputs of spatially distributed hydrological models.  

In the case of the interpolation method, when the study area has a dense enough 

coverage of available observations, the data is divided in to two sets, with one set used 

for interpolation and the other one for independent validation. When this is not the case 

and there are considerable spatial gaps in the data points, the comparison is usually 

done through cross-validation (Isaaks and Srivastava, 1989). In cross-validation, data 

at a gauge- point is removed temporarily, one at a time, and re-estimated from the 

remaining data. The estimated values are checked against the observed values to 

evaluate the accuracy of interpolation methods. These validation techniques can be 

further supplemented by an indirect validation, wherefore streamflow observations are 

used as reference for evaluating the results and outputs of hydrological simulation 

models. This kind of validation  needs more efforts, because the 
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correction/regionalization method needs to be combined with a spatially distributed 

hydrological model to evaluate the results of both combined (Schädler and 

Weingartner, 2002; Ranzi et al., 2003; Kling et al.; Weingartner et al., 2007; Valéry et 

al., 2009). Nevertheless,  in some cases (such as for the method proposed in this study) 

this combined approach  becomes the only viable validation option.  Although this 

method is more complex in terms of efficiency assessment,  it can provide more options 

to assess the results over a wider spatial and altitudinal range, depending on the 

availability of stream flow data (Valéry et al., 2010).  

3.1.4 Method used in the present study  

The informed spatial regionalization of the precipitation data in the UIB involves 

basically three main processes: 1) Pre-processing of the raw precipitation data (quality 

check & correction of systematic errors), 2) estimation of a catchment specific 

orographic correction factor (OCF) or precipitation laps rate (PLR) by “Doing 

Hydrology backward”, and 3) stepwise interpolation / regionalization (OCF adjustment 

of observed precipitation at catchment mean elevation, followed by simple kriging and 

finally an OCF readjustment of the interpolated data to target grid-average/point 

elevation).  These three steps are described in detail in the subsequent sub-sections. 

3.1.4.1 Correction of systematic errors 

The first step consists in the correction of systematic errors in the raw uncorrected 

precipitation data available for the UIB. This task serves to remove any systematic 

errors in precipitation measurements and to correct the possible precipitation under-

catch during snowfall, particularly, under windy conditions. For this purpose different 

methods recommended by the World Meteorological Organization (WMO), were 

reviewed, and the method  of (Ma et al., 2015) was selected as it requires  less observed 

parameters and has  also previously been applied in the study region. It should be noted 

though that, prior to application of the corrections for systematic errors, the observed 

precipitation dataset was checked for inhomogeneity and outliers. This correction 

method employs equations (eq 3.1 & 3.2) to account for wind-induced errors, wetting 

losses, evaporation losses and trace amounts. The equations suggested by the method  

(Ma et al., 2015;  Yang et al., 1998) are  as follows:  

 *( )Pc K Pm Pw Pe Pt= +  +  +  , and (3.1) 

  1/K CR=   (3.2) 
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where Pc is the ‘true, corrected’ precipitation, Pm, the measured gauge value, ΔPw , 

the wetting losses,  ΔPe,  evaporation losses, ΔPt ,  trace amount and K, the adjustment 

coefficient due to wind-induced errors, for which CR is the catch ratio (%), defined as 

a function of wind speed. The values of ΔPw, ΔPe, ΔPt and CR suggested by Ma et al. 

(2015) and Yang et al. (2001) and used in this study are given in Table 3.3. 

For allocating values for ΔPw, ΔPe, ΔPt and CR in the calculations, the precipitation 

was considered during 1) the winter months (DJF) as Snow, 2) the summer months 

(JJO) as Rain, and 3) spring and autumn (MAM and SON) as Mixed. 

Table 3.3: Values for ΔPw, ΔPe, ΔPt and CR used for calculations. 

Variable Snow Mixed Rain 

ΔPw 0.15 0.15 0.20 

ΔPe 0.10 0.30 0.30 

ΔPt 0.10 0.10 0.10 

CR 100/1.13 100/1.05 

Source: Ma et al. (2015)  

3.1.4.2 Estimating the “Orographic Correction Factor” (OCF) by Doing 
Hydrology Backward (DHB) plus Interpolation (Informed Regionalization 
(IR)) 

3.1.4.2.1 General approach 

The “Orographic correction factor” (OCF) is calculated based on the rearranged 

“hydrological/water balance equation” (eq-3.6 & 3.7). The calculation utilizes  five 

data variables, out of which data for three variables: mean annual catchment 

precipitation,  mean annual catchment discharge, and  catchment and gauge point 

elevation were available, whereas the other two variables required,  catchment mean 

annual change in glacier storage (mm) and catchment mean annual actual-

evapotranspiration, were estimated based on the relevant literature and gridded data 

products. The final OCF was though an adjusted version of the equation based version, 

which was computed based on the hydrological modeling calibration, until the 

simulated mass balance came to an acceptable match to the observed mass balances.  

3.1.4.2.2 The hydrological/water balance equation 

The hydrological/water balance equation (Mark and Seltzer, 2003) is as follows: 

       tQ P ET Gw g= − − − ,  (3.3) 
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where Qt is the total volume of water discharging from a catchment (per specified time 

period), and is equal to the volume of water entering the catchment as true precipitation 

(P) minus a change in storage and losses from the system. The latter  comprise of  losses 

by actual evapotranspiration (ET), aquifer / ground-water recharge (Gw) and losses or 

gains of glacier ice volume (Δg).   

As the losses  Gw, may be minimal  in comparison to the total discharge especially for 

large mountainous catchments and at an  inter-annual time step, the above equation can 

be simplified to: 

 t trueQ P ET g= − −
  (3.4) 

or  

 true tP Q ET g= + + 
  (3.5) 

By assuming  the true aerial precipitation Ptrue  to be equal to the observed precipitation 

Pobs plus the orographic under/overestimation OCF, one gets: 

 
( )t obs TQ P OCF ET g= + − −

.  (3.6) 

Basically the OCFT represents the under- or over estimation by the low- altitude 

average observed precipitation of the true areal precipitation over the gauged 

catchment.  

The OCF per unit elevation, OCFplapse, is  found by dividing OCF by the difference Δh 

in mean elevation of  the catchment and the observation network, i.e. by arranging eq-

3.6, one gets  

 

obs
plapse

Q ET g P
OCF

h

+ + −
=

  (3.7) 

One can also define  the orographic correction multiplicative factor, 
multiplicativeOCF , by 

dividing the true  precipitation Ptrue  by the observed precipitation Pobs: 

true
multiplicative

obs obs

P Q ET g
OCF

P P

+ −
= =   (3.8) 

In the presence of the water discharge data  from the system (Q), observed precipitation (Pobs) and 

elevation (Δh), only estimates of glacier mass balance (Δg) and evapotranspiration (ET) are required 

to calculate the OCF for each gauged catchment. The values for these parameters are estimated 
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based on  available literature values  for  gridded data sets for glacier mass balance and actual 

evapotranspiration, as detailed in the subsequent sub-chapters.  

3.1.4.2.3 Glacier mass balance (Δg) estimates 

Estimating the glacier storage change (Δg) in the different catchments of the UIB is a 

very difficult and uncertain task, because no consensus could be found within the 

available literature on either the amount of decrease in most of the southern and eastern 

parts or the possible increase (or decrease) in the northern or western parts of the HKH 

region.  

Much of the UIB spans over different mountain ranges, out of which the watersheds of 

Hunza, Shigar, and Shyok span the Karakoram mountains; Gilgit watershed cover the 

north-eastern Hindu Kush, while four watersheds (Astore, Shingo, Zanskar, and 

remaining part of the UIB upstream of Kharmong) are located across the Western 

Greater Himalayas. Therefore, the mass balance of the glaciers in these mountain 

ranges and the watersheds spanning over them is as diverse as their hydro-climatic 

regimes are different and hard to find out.  

Although the decreases or increases suggested by different studies may differ notably, 

many of the recent studies are consistent in pointing out a decreasing trend in the 

eastern and central Himalayas and  a steady or slightly increasing trend in the 

Karakorum and other adjoining ranges in the north and west. These claims are 

supported by other hydro-climatic factors, such as an increase in observed precipitation 

for winter and summer (Archer and Fowler, 2004; Tahir et al., 2016), the Karakorum 

anomaly validated by Gardelle et al. (2013), with the findings of a positive mass 

balance for the central Karakoram glaciers and less summer flows, in spite of a 

precipitation increase (Tahir et al., 2016).   

The snow cover change over different catchments in the UIB, derived based on 

statistics available at “HKH Snow Cover-web application” hosted by ICIMOD, is also 

in conformity with the claims of a stable to positive glacier mass balance in the 

Karakorum and a negative trend over the Himalayas (Fig-3.3). Other recent studies  

(Tahir et al., 2016; Paul, 2015; Rankl et al.; Gardelle et al., 2013; Kääb et al., 2012; 

Scherler et al., 2011; Gurung, 2011; Hewitt, 2007) indicate similar trends of glacier 

mass balance. These are summarized for a few recent studies in Table 3.4. 
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Figure 3.3: Snow cover change over four catchments in UIB from 2002 to 2010 (based on ICIMOD-

HKH Snow Cover-WebApp)   

 

Table 3.4: Estimated glacier mass balances (mwe y-1) in the published literature for different UIB 

regions and overlapping study periods 

Zone 

Brun et al 

(2017) 
*mwe yr-1 

Kääb et al. 

(2015) 

mwe yr-1 

Gardelle et al. 

(2013) 

mwe yr-1 

Kääb et al. 

(2012) 

mwe yr-1 

(2003-2008) (2000-2016) (1999-2008a/10b) (2003-2008) 

Karakoram -0.09 ±0.12 -0.03 ±0.14 
+0.11 ±0.14 (east) b 

+0.09 ±0.18 (west) a 
-0.03±0.04 

Hindu Kush -0.42 ±0.18 -0.12 ±0.14 +0.12 ±0.14 -0.20 ±0.06 

Spiti–Lahaul 

(Western 

Himalayas) 

-0.42 ±0.26 -0.37 ±0.15 +0.45 ±0.14 -0.38 ±0.06 

 *mwe: meter water equivalent 

Despite these agreements on the trends of net glacier mass change, there are huge 

differences between the studies regarding their absolute amounts.  These uncertainties 

are further exacerbated by the fact that different authors used different source data, 

different assessment periods and different procedures. To avoid some of these 

complexities, one of the recent studies, i.e. Gardelle et al. (2013), which is also in line 

with others (e.g. Tahir et al. 2016; Gurung et al., 2011; Scherler et al., 2011 etc), is 

selected as reference for glacier mass balance in different parts of the UIB, with the 

major results as outlined below:  

• For the western, northern parts of the UIB, namely, Hunza, Shigar the glacier mass 

balance are assumed to have a net positive trend (Gurung et al, 2011; Tahir et al., 
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2016) and are   allocated a value of +0.09 mwe yr-1 as proposed by Gardelle et al. 

(2013) for the western Karakorum.  

• The Gilgit watershed, though spanning over the northern end of the Hindukush range 

(bordering the western Karakoram) is assigned the same value of +0.09 mwe yr-1, 

because, as reported by Tahir et al. (2016), this watershed has more similarities with 

the climatic regime of the Karakoram region (Hunza basin), rather than the rest of 

the Hindukush area. 

• For the Shyok river basin, a snow cover change of +0.11 mwe yr-1 is assumed based 

on value given by Gardelle et al. (2013) for the east Karakorum.  

• For the region covered by the Astor basin and the parts of UIB downstream of 

Kharmong, except the aforementioned tributary catchments, the selection is  not 

straight forward, as some of the above studies  claim  a constant/slight increase in 

snow cover area in this region (e.g. Tahir et al., 2016), while others  suggest  a 

negative mass balance. Therefore, for the current study, the glacier mass balance in 

this region is taken as neutral, with no increase or decrease. 

• For the parts of UIB, upstream of Kharmong, which have experienced a consistent 

decrease in snow / glacier cover, according to most of the literature, a value of -0.45 

mwe yr-1 is assigned, based on the mean mass balance value Gardelle et al. (2013) 

for the Spiti-Lahaul region.   

The glacier mass balance amounts selected above  for the different regions are  

converted from meters water equivalent per year (mwe y-1) to glacier storage changes 

in millimeter depth (mm) (Table 3.5), before using them in the calculation for the 

orographic correction factor. 

Table 3.5: Catchment area and adopted glacier mass balance and evapotranspiration of gauged 

catchment in UIB.  

S. No. Catchment 
 Area  

(km2) 

Glacier Cover 

 (%) 

Elevation 

(m.a.s.l.) 

1Δg 

mwe  yr-1 

Δg 

mm yr-1 

2ET 

mm yr-1 

.1 Astore River 3906 13.5 ~4200 0 0 139 

2 Gilgit River 12778 6.4 ~4016 +0.09 5.85 120 

3 Hunza River 13761 27.7 ~4646 +0.09 24.99 96 

4 Shigar River 6934 30.4 ~4900 +0.09 27.27 30 

7 Indus Main** 24260 6.9 ~3150 0 0 197 

5 Shyok River 32928 23.6 ~4993 +0.11 25.96 40 

6 Kharmong* 70882 3.7 ~4690 -0.45 -16.82 123 

8 Whole UIB 165611 11.7 ~3676 +0.07 7.87 137 

* UIB upstream of Kharmong including Shingo, Zanskar; ** UIB downstream of Kharmong without main tributary 

catchment,  1Gardelle et al. (2013), 2 Esri (2018) 
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3.1.4.2.4 Evapotranspiration (ET) estimates: 

Observed actual evapotranspiration (ET) data are very rare commodity, even in easy-

to- access areas. This holds also for the UIB, where there is not much direct 

measurements available (Immerzeel et al 2015). For ET- estimations, especially in the 

UIB and elsewhere, too, most of the previous studies  relied on either temperature- 

based empirical relationships  or, in more recent times, on calculation algorithms 

utilizing data with different combinations of various ground- or sensors-based observed 

hydro-climatic variables (Zhang et al., 2010; Pelgrum et al., 2010; Zeng et al., 2012; 

Bastiaanssen et al., 2012; Cherif et al., 2015). A few studies suggested to address the 

uncertainties in the different ET- estimates by blending them to acquire an average 

trend (e.g. Immerzeel et al., 2015; etc.). 

Despite some improvements in the estimation techniques or the data used in these 

studies, the uncertainties in ET-estimates are huge, especially, for areas like the UIB, 

where the other available data also have huge uncertainties. For the UIB, most of the 

gridded evapo-transpiration products show very high average annual ET values, which 

appear unrealistic, when compared to the observed annual precipitation over the UIB 

of 350-400 mm yr−1 (~ 367 mm yr−1 based on the observed and APHRODITE 

precipitation data) (Table 3.7). 

The mean annual ET values, proposed by most of the available gridded products such 

as the "Global Average Annual Evapotranspiration, 1950-2000", data hosted at 

Databasin.org (Fekete et al., 2002), have very high average ETs over different 

catchments of UIB (~300-400 mm y-1). Similarly the ETvalues proposed by Immerzeel 

et al. (2015), based on four different available ET products, have a mean annual value 

of 359±107. These proposed mean annual ET values are probably too high to let any 

water left for runoff generation. 

The reason is that in the high-elevation mountainous catchments of the HKH, 

evapotranspiration only plays a minor role in the overall water balance and is generally 

less than 10% of the total hydrological budget (Bookhagen and Burbank, 2010). This 

also applies to the UIB where only the lower-altitude area may have higher ET 

contributions, while the high elevation sub-catchments may have only minor 

annual ET due to their low average temperatures. For example, in Hunza basin of the 

UIB, Garee et al. (2017) reported a model ET equal to 18% of the precipitation, and 

indicating even lower ET in the higher altitude catchments. Therefore, in UIB, which 

is also a a high mountainous basin and have a mean annual water discharge of around 
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462 mm/y, the ET in UIB should not amount to such high values, almost equal to the 

observed runoff. 

To solve this issues, ET products with relatively lower values were evaluated. one such 

ET data is the Esri_hydro “Average Annual Evapotranspiration” (Esri 2018), which is 

based on the MOD16 Global Evapotranspiration Product, and derived from MODIS-

satellite imagery by a team of researchers at the University of Montana, have 

comparatively lower ET- estimates, which match better the recommended values 

of  Bookhagen and Burbank (2010) or the ET-values reported by Garee et al. (2017). 

The MOD16- ET- data have a good resolution of 1 km2 and are available over the 

period 2000-2011. For this reason they are used here as reference- ET in the OCF-

calculation, and their values are also listed for the different UIB- catchments in Table 

3.5. 

3.1.4.3 Regionalization procedure - Step-wise interpolation 

The gauge-station precipitation records and the APHRODITE-precipitation were 

processed separately. 

The gauge-station-observed precipitation time series, after correction for systematic 

errors and quality check, was interpolated to a 0.125° by 0.125° grid in three steps.  

In the first step of this “regionalization/stepwise interpolation” process all the point-

observed data are adjusted for the mean catchment elevation as:  

                        target gauge target gauge( )*
*1000

plapseOCF
P P EL EL

wd
= + −  (3.9) 

where Ptarget  is the precipitation at target elevation (mm),  Pgauge  is the precipitation  

recorded at the gauge station (mm),  ELtarget is the elevation at the target point/grid,  

ELgauge is the elevation at the gauge station,  wd  is the average annual number of wet 

days; and OCFplapse (eq-3.8)  is the orographic correction factor, in terms of  the 

precipitation  lapse rate, for the catchment. 

In the second step, the data adjusted at the mean catchment elevation is  then 

interpolated using “Simple Kriging” (Goovaerts, 2000), to a 0.125° by 0.125° grid as 

well as SWAT-Model sub-basin centroids. A brief description of Simple Kriging 

method is given in Appendix-3.I in supplementary materials. 
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In the third step the interpolated data are readjusted from the mean catchment elevation 

to the grid elevation, using eq-3.9. 

For the APHRODITE data, the correction for orographic effect was done using the 

multiplicative correction factor OCFmultiplicative (eq-3.8), prior to interpolation using 

“Simple Kriging” (Goovaerts, 2000), to a 0.125° by 0.125° grid as well as SWAT-

Model sub-basin centroids, as discussed below. 

3.1.4.4 Validation of estimates precipitation by means of the SWAT hydrological 
model 

3.1.4.4.1 SWAT Model Description  

The Soil and Water Assessment Tool (SWAT) is a hydrological model developed for 

the US Department of Agriculture (USDA), Agricultural Research Service (ARS) by 

Dr. Jeff Arnold and collaborators. The SWAT- model is a continuous time (long-term 

yield), process-based semi-distributed model, capable of simulating hydrological 

processes in river basins/watersheds, based on specific information pertaining to the 

watershed, such as weather/climate, topography, soil properties, land cover, land use 

and management practices (Arnold et al., 1998; Srinivasan et al., 1998). In the SWAT-

model, a main river basin or watershed is partitioned into several sub-units called sub-

basins draining the tributaries into the stream network and the river-system. These sub-

basins are further divided into a series of smaller units, the co-called hydrological 

response units (HRUs), which are spatial uniform units, each representing a unique 

combination of soil, land-use and slope. The calculation and simulation of the various 

hydrological components is based on the solution of the fundamental water balance 

equation (eq. 3.3) wherefore these components which may include, in addition, 

sediment yield, and agricultural nutrients  are first evaluated  for each HRU and then 

routed and aggregated for the subbasin  and finally for the watershed. 

In the current study “ArcSWAT-2012”, which is an ArcGIS-ArcView extension and 

graphical user input interface for the SWAT-model, is used. The SWAT-input data 

employed here include: a void-filled, and hydrologically conditioned, 3 arc-seconds 

(=90x90m2)- spatial resolution digital elevation model (DEM) from Hydro-SHEDS 

(Lehner et al., 2008), FAO-UNESCO global soil map (FAO-UNESCO Digital Soil 

Map of the World, 2007) and “Global Land Cover Characterization (GLCC) at 1 km 

spatial resolution (U.S. Geological Survey (USGS), 2008). During the watershed 
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delineation process, the study area with a size of 165611 km2 was configured into 173 

sub-basins, divided further into a total of 2825 discrete HRUs.  

Because the goal of the use of the SWAT model is to ascertain and validate the 

precipitation IR- method of the previous section, weather/climate forcing on the model 

comprises three precipitation sets: 1) gauge-station-observed precipitation (1997-

2010),   2) reconstructed precipitation (1961-1996), and 3) corrected & regionalized 

precipitation (1997-2010). In all three cases, temperature data also required as input, 

are the same. 

3.1.4.4.2 Model Calibration and Validation setup 

The SWAT model was calibrated and validated against daily discharge individually for 

each of its 5 major tributaries (Hunza, Gilgit, Astor, Shigar and Shyok rivers), for parts 

of UIB (except the tributaries) inside Pakistan’s boundary and for the UIB (situated in 

India China and Nepal) covering the area upstream of the Kharmang gauge station. In 

cases of catchments, where inflow from the upstream catchment had to be accounted 

for, the observed discharge was used as inflow. 

The Sequential Uncertainty Fitting SUFI-2 algorithm (Abbaspour et al., 2007) of the 

SWAT-CUP program (Abbaspour, 2007) was used for parameter optimization during 

the calibration process.  

For the performance evaluation of calibration /validation results the “goodness of fit” 

statistics including the coefficient of determination (R2),  Nash Sutcliff efficiency (NS) 

and Percentage bias (PBIAS) are used which assess the simulated hydrological 

responses  against the observed flow data. 

Results 

3.1.5 Construction of orographically-corrected precipitation datasets 

The selected and finalized values for the glacier mass balances Δg and the actual 

evapotranspiration ET  (Table 3.5) are utilized in  eq-3.7 & 3.8 to derive the two kinds 

of catchment-specific orographic correction factors (OCF), namely, the  multiplicative 

correction factor OCFmultiplicative  and the  additive correction factor OCFlapse 

(representing the precipitation lapse rate per  1000 m elevation change). The former are 

derived for the uncorrected raw precipitation for both gauge- and APHRODITE- data 
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sets, while the latter is calculated only for the gauge station records, after correction for 

systematic errors.  

The additive correction factor OCFlapse  is applied at all the elevation ranges, wherefore 

it is  assumed that the precipitation increases  uniformly with  elevation and the 

correction factor is constant throughout the year. To further improve the 

regionalization, and with more data available, it would  also be possible to apply a range 

of catchment- or season- specific OCF’s  to generate desired vertical or temporal 

regimes of precipitation to match any empirical distributions of precipitation intensities 

in different elevation zones or seasons.   

3.1.5.1 True areal precipitation and OCF’s 

The details of the annual input data and the results obtained for the different OCF’s for 

the various UIB catchments are listed in Tables 3.6 and 3.7. The findings are in total 

conformity with conclusions of many previous studies, which claim that the gauge-

based data as well as the remotely sensed precipitation products are unable to represent 

the true areal precipitation in the UIB (Immerzeel et al., 2009; Yatagai et al., 2012; 

Palazzi et al., 2013; Lutz et al., 2016; Palazzi et al., 2017; Wijngaard et al., 2017). 

Table 3.6: Estimation of true precipitation (eq. 3.5) for each catchment of the UIB. 

Catchment 

Mean 

discharge 

Qt 

mm yr-1 

Change in 

glacier storage  

Δg 

mm yr-1 

Actual evapo- 

transpiration 

ET 

mm yr-1 

True precipitation  

true tP Q ET g= + +   

mm yr-1 

Astore River 1115 0 139 1254 

Gilgit River 748    5.85 120  874 

Hunza River 674 24.99 96  795 

Shigar River 937 27.27 30  994 

Indus Main** 623 0 197  820 

Shyok River 391 25.96  40  456 

Kharmong* 205 -16.82 123  312 

Whole UIB 462   7.87 137  608 

* UIB upstream of Kharmong including Shingo, Zanskar; ** UIB downstream of Kharmong without main tributary 
catchment 
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Table 3.7: Mean annual precipitation and different orographic correction factors (OCF) for the 

various catchments of the UIB 

Catchment 

Mean annual Precipitation OCFplapse
c 

per 1000m elev. 

(corrected  

Observed) 

OCFmultiplicative
a 

raw observed/ 

APHRODITE  

OCFmultiplicative
b 

(corrected –

observed) 
Raw observed /  

APHRODITE+  

Corrected+

+ observed   

True+++ 

(Estimated)  

(mm) (mm) (mm) (mm/km) (multipl) (multipl) 

Astor 581 788 1254 300 2.16 1.59 

Gilgit 265 473 874 620 3.30 1.85 

Hunza 360 493 795 320 2.21 1.61 

Shigar 341 509 938 190 2.75 1.84 

Indus Main** 343 481 820 380 2.39 1.71 

Shyok 140 -- 456 -- 3.25 -- 

Kharmong* 221 -- 360 -- 1.63 -- 

UIB (whole) 367 544 608 -- 1.66 1.12 

a applicable to raw gauge precipitation records,  
b applicable to gauge precipitation records already corrected for systematic errors,  
c applicable to gauge precipitation records already corrected for systematic errors as additive factor per 1000 meters 
* UIB upstream of Kharmong including Shingo, Zanskar; 

** UIB downstream of Kharmong without main tributary catchment,  

+ APHRODITE data is used only for Shyok and  Kharmong basins 
++ Observed gauge station records, corrected for systematic errors through eq-3.1 

+++ True areal precipitation estimated based on equation 3.5 

Table 3.6 shows that the mean OCF- corrected precipitation over the UIB for the 1999-

2008 period has a value of ~608 mm/year, i.e. it is considerably higher than the average 

uncorrected gauge station- and APHRODITE measured annual precipitation of 367 

mm/year, i.e. the latter is underestimated by ~166%. For some catchments in the UIB 

(Gilgit and Shyok), these underestimations of the true precipitation are even in excess 

of 300%.  

3.1.5.2 Spatial distribution of orographically-corrected precipitation datasets 

The final gridded precipitation generated after the step-wise interpolation to the 0.125o 

x 0.125o grid by simple Kriging, followed by the appropriate elevation correction with 

OCFlapse  at the target points is shown in the map of Fig 3.4a. Obviously the application 

of the elevation OCFlapse, while remaining true to the originally estimated mean 

precipitation for each catchment (Table 3.6), has added some diversity, as it produces 

a spatially distributed precipitation over UIB and its catchments with elevation-

dependent lapse gradients. For comparison the observed / APHRODITE interpolated 

precipitation distribution as well the difference between the two are shown in Fig 3.4 

b & c, respectively, with the latter witnessing clearly the underestimations of the 

observed / APHRODITE precipitation in most areas of the UIB.   
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Overall the corrected and regionalized precipitation in Fig 3.4a, reveals outstanding 

patterns of spatial and orographic distributions. Our results match well those of recent 

available studies of precipitation with respect to intensities, horizontal and vertical 

distribution as well as regional trends in the UIB, e.g. Lutz et al., (2016), although our 

precipitation values are slightly lower as his, as we have assumed a smaller ET rate 

over the UIB. The spatial distribution and trends obtained here are also in conformity 

with others (e.g. Wake, 1989; Ali and Boer, 2007; Hewitt, 2011; Hasson, 2016), such 

that over the extent of the UIB, the highest average annual precipitation is found in the 

west, due to the prevailing midlatitude western disturbances. The monsoonal 

contributions over the UIB are also in accordance with results of (e.g. Ali and Boer, 

Figure 3.4: Generated gridded climate data set (1999-2008)  for the UIB: ) mean annual regionalized 

precipitation (mm), b) mean annual observed precipitation (mm),   c) difference between 

regionalized and observed precipitation (mm). 
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2007; Bookhagen and Burbank, 2006; Wake, 1989), such that they act mostly in the 

southern fringes of the western Himalayas in the UIB, but are waning in the north and 

west  (Fig-3.4a).  

The strong relation between the topographic altitude and precipitation amount (Wake, 

1989) is also well accounted for by our results, with very high precipitation over the 

elevated zones of the Gilgit and Astore basins, and comparatively weaker orographic 

influences in the rain-shadow regions in the north or east. Resultantly, the north-

western parts of the UIB, which lie inside Pakistan’s boundary, show the highest mean 

annual precipitation, especially over the Gilgit and Astor river catchments, of above 

2000 mm/year. There is a gradual decrease in the mean annual precipitation to the north 

of these two catchments, with Hunza and Shigar having lower precipitation. A similar 

decreasing precipitation gradient is witnessed in the west-east direction of the UIB, so 

that the lowest mean precipitation is witnessed in the easternmost parts of the basin.  

3.1.6 Validation of the corrected precipitation against SWAT- simulated 
discharge  

To validate the final product of the proposed precipitation correction and 

regionalization method, the SWAT hydrological model was forced with the two 

different precipitation data series: (1) observed, gauge- and, (2) orographically 

corrected & regionalized precipitation, both for the time period 1999-2008. 

The goodness of fit statistics of the SWAT - simulated discharges for the two categories 

of precipitation input data are listed in Table 3.8, while the comparisons of simulated 

and observed discharges (hydrographs) are presented in Fig-3.5.  

The statistics as well as the visual fits for the SWAT model using the uncorrected gauge 

stations daily precipitation series show rather poor results, as both R2 and NS- values 

are very low, additionally, there is also a considerable amount of underestimation of 

the observed discharge across all the modelled catchments as measured by the PBIAS 

which range between -19.43% to as high as -72.87% (see Fig-3.5).  Although at the 

UIB main outlet, the values for R2 and NS are somewhat better (0.77 and 0.41, 

respectively), the PBIAS - underestimation is still - 45.36%. Of course, these poor 

modeled discharge results are not unexpected, as the input precipitation amounts of the 

gauge stations are unrealistically low (even lower than the measured discharges) and 

are, therefore, unable to sustain the really observed flows.   
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Table 3.8: Goodness of fit statistics for SWAT modelled discharges at various sub-basin outlets of the 

UIB for observed uncorrected gauge station- and corrected and regionalized precipitation 

as input for time period 1997-2008  

Goodness of fit 

                  Indices 

SWAT-simulated discharge for 

uncorrected gauge station  

precipitation  

SWAT-simulated discharge for 

corrected and regionalized 

precipitation  

Gauge station 

    (River) 
R2 NS PBIAS R2 NS PBIAS 

Doyan (Astor) 0.45 0.07 -54.68 0.77 0.76 12.40 

Gilgit (Gilgit) 0.60 0.03 -72.87 0.77 0.76 -12.80 

Dainor (Hunza) 0.39 0.19 -49.47 0.88 0.86 -0.50 

Shigar (Shigar) 0.11 -0.43 -40.28 0.75 0.73 2.30 

Kachura (Indus) 0.27 -0.05 -37.12 0.78 0.78 5.10 

Shatyal (Indus) 0.78 0.44 -41.75 0.89 0.89 3.10 

Yugo (Shyok) 0.27 0.22 -19.43 0.69 0.69 -5.60 

Kharmang (Indus) 0.42 0.06 -51.66 0.75 0.70 19.70 

Bisham Qila 

(Indus) 
0.77 0.41 -45.36 0.86 0.85 4.70 

 

That is why, when forced with corrected and regionalized precipitation, the SWAT- 

simulated daily discharges match the observed discharges much better, and this holds 

for all the monitoring points across the various tributary catchments (Fig-3.5). 

The goodness of fit statistics (Table 3.8) also show drastic improvements over those 

of the simulations forced with uncorrected gauge station precipitation series. For all the 

monitoring points in the UIB, the R2 are above 0.69 and go as high as 0.89. The NS- 

values are also on the higher side and range between 0.69 and 0.89. Overall, a R2 of 

0.86 and a NS of 0.85 is obtained at the basin outlet, which can be considered as very 

good results, especially, for hydrological simulations carried out at a daily time step. 

Furthermore, the PBIAS- values of the simulated discharges are also much lower than 

those of the first SWAT- simulations category, with maximum positive and negative 

biases of 12.4% and -19.7%., respectively. 

These results verify clearly the validity of the adopted methodology of precipitation 

correction and informed regionalization by accounting for orographic influences and 

regional patterns at the gauged catchments scale for use in hydrological modeling 

studies. 
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Figure 3.5: Comparison of SWAT- modelled flows with observed flows at different catchment outlets in 

the UIB when forcing the model with observed gauge station (left column) and corrected, 

regionalized (right column) precipitation.  
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Conclusions 

In this study we addressed the underestimation and low representation of the high-

altitude precipitation by the available gauge based records by doing hydrology 

backwards in conjunction with available cryosphere and hydro-climatic information. 

Despite certain uncertainties, our precipitation estimates are not only accounting for 

the orographic influences, but also for the glacial mass balance across the different 

catchments of the UIB. The corrected and regionalized data is therefore making it 

possible for hydrological investigations to properly close the water balance, which is 

unlikely to be achieved with the available observed gauge-based or gridded 

precipitation datasets. 

The estimations of the horizontal and vertical distributions as well as the magnitudes 

and intensities of the precipitation achieved by our correction- and informed 

regionalization approach are matching well those reported in the literature. 

Furthermore, the SWAT- hydrological simulations (doing hydrology backwards) using 

the corrected precipitation data matches the observed flow in the UIB even better than 

our expectations. 

Thus, whereas the SWAT- hydrological simulations using uncorrected observed 

precipitation show poor fit with the observed discharges, with values for R2 and NSE 

not greater than 0.77 and 0.41, respectively, and huge underestimations of the flows 

across all the investigated catchments of the UIB, with PBIAS– values of up to -72.87%, 

the situation is much improved when using the corrected precipitation datasets in the 

model. In these cases, simulated flows match the observed flows very well,  with R2 

ranging between 0.69 and 0.89, with a similar range for the NSE and, last but not least, 

small PBIAS– values ranging between 12.4% and -19.7%.  

The results of the present study show that major improvements in rainfall estimations 

in poorly gauged, high mountain regions, like the UIB, can be achieved by combining 

classical orographic correction methods with knowledge of the regional hydro-

meteorology and glacier mass balance at the gauged catchment levels (in case of 

glaciated catchments) and validating such a methodology by an additional hydrological 

model, in order to remove inconsistencies in and to close the hydrological water 

balance (doing backward hydrology). This multistep approach is not only less 

demanding in terms of computational or human resource requirements than the 
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methods involving advanced atmospheric physics or geostatistics, but can considerably 

improve the quality and representativeness of the precipitation data at a gauged 

catchment scale.  
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 Supplementary Materials  

App-3.I Simple Kriging Interpolation 

Kriging is a group of advanced geostatistical techniques, providing the best linear 

unbiased estimation of the unknown variable of interest at an unobserved location from 

observations of the random field at nearby locations. Basically it is a generalized form 

least-square regression technique allowing to account for the spatial dependence (i.e., 

semivariogram or covariance) among observations into spatial prediction. 

In Kriging methods, the random variable Z is decomposed into a trend (m) and a 

residual (e), where Z(x) = m(x) + e(x). All kriging estimators are but variants of the 

basic linear regression estimator Z *(xo) defined as: 

*

1

( ) ( ) ( ) ( )o o i i i

n

i

Z x m x Z x m x
=

 
 − = − (3.9) 

Where xo is the location vectors for estimation point,  xi is the location vectors for one 

of the neighbouring data points, n is the number of data points in local neighbourhood 

used for estimation of  Z *(xo), m(xo), m(xi) are the expected values (means) of Z*(xo) 

and Z(xi), and λi denotes the kriging weight assigned to datum z(xi) for estimation 

location xo; same datum will receive different weight for different estimation location 

The SK estimator is same as equation-5 where the estimation of weights differ then the 

OK. SK assumes the trend of the random variable is known and constant (m(x) = m).  

*

1

( ) ( )SK

o i i

n

i

Z x m Z x m
=

 
 − = −   (3.10) 

In this case the weights λi are obtained through solving the ‘‘Simple Kriging System’’ 

(Goovaerts, 2000) 

, ,

1

1,...,( ) ( ) ( )
i j i oj x x x x

n

o
j

for i nx C h C h
=

==   (3.11) 

Where C is the spatial covariance function between two points separated by distance h. 

In this case as the mean is constant, the covariance function (C) for Z(u) is the same as 

that for the residual component,( i.e. C(h) = CR(h) ), that is why we can write the simple 

kriging system directly in terms of C(h). 
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In the current study ArcGIS add in: “PCP_SWAT” was used to interpolate daily 

precipitation time series at six (6) to the fourteen (14) virtual stations via simple kriging 

method. The interpolation was carried out using ArcGIS add-in “PCP-SWAT” (Zhang 

and Srinivasan 2009) 

 

App-3.II Vertical and horizontal meteorological and cryspheric regimes in 

UIB (modified from Hewitt 2007) 
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Chapter-4: Temporal reconstruction of daily precipitation data at locations 

with short temporal coverage, followed by informed regionalization, 

to generate Long-Term daily gridded precipitation dataset for Upper 

Indus Basin (UIB). 

Abstract 

It is rare to find in-situ observational data, having appropriate spatial and temporal coverage in the Upper 

Indus basin (UIB). This study have tried to address these issues by temporal reconstruction of 

precipitation series where data were not recorded prior to mid-nineties, followed by regionalization of 

the precipitation series to a smaller scale across the basin (regular grid of 0.125° by 0.125°), while 

inducing adjustments for the orographic effect and changes in glacier storage. The reconstruction process 

involved interpolation of precipitation to virtual locations of the current dense observational network, 

followed by correction for frequency and intensity and adjustments for temporal trends at virtual 

location. The generated data was validated through evaluation of SWAT modelled response against the 

observed flows. The results showed that the daily simulated discharge from calibrated SWAT, when 

forced with reconstructed precipitation, is almost identical, to SWAT simulations forced with the 

reference precipitation data. 

Key words: Temporal Reconstruction, Orographic correction factor (OCF), Upper Indus Basin (UIB), 

SWAT-Hydrological Model, glacier mass balance, Water balance. 

 

Figure 4.1: Schematic summary of the “Temporal Reconstruction and Informed Regionalization” 

process for daily rainfall estimation. 
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4.1 Introduction  

High resolution climatic datasets are the primary input to spatially distributed rainfall-

runoff models and water balance calculations. The quality of input climatic data is for 

sure the most important factor capable of influencing the simulation results (Duncan et 

al. 1993; Singh and Kumar 1997; Andréassian et al. 2001; Kobold and Sušelj 2005; 

Leander et al. 2008; Rueland et al. 2010), so that any errors in the input are amplified 

in the output (the runoff simulations) (Liu Y.B. and De Smedt F. 2004). 

As precipitation is extremely variable over mountainous catchments, both spatially and 

temporally, assessing its true spatial distribution can be extremely challenging, owing, 

in most cases to the overly limited spatial density of gauging networks (RODDA 1971), 

and the inability of mostly, lower altitude gauging stations, to capture the orographic 

effect The hydrological investigations in such catchments may therefor find “water Im-

balances”, whereby streamflow totals exceed precipitation estimates. The problem is 

further exaggerated due to data quality issues, inhomogeneity or discontinuities in the 

temporal precipitation records. 

The precipitation data for the Upper Indus Basin (UIB) also suffer from these problems 

as well as from the unavailability of in-situ observational data. Thus, having 

appropriate spatial, altitudinal and temporal coverage is one of the major hindrances 

for hydro-meteorological investigations and climate change impact studies in UIB.  

Long-term observational precipitation data is absent in the high-altitude areas of the 

region, (Zhan et al. 2017; Sun et al. 2017; Ren et al. 2017) as the climate station network 

in UIB have historically comprised of very few low altitude valley based stations. 

Although there are growing observational efforts via installations of a number of higher 

altitude automatic weather stations since the mid-nineties, the coverage is still very thin 

and the data less representative, especially for different elevation zones. Furthermore 

the available data also needs a lot of preprocessing as it consists of uncorrected raw 

precipitation readings and needs checking for quality issues and correction for losses. 

Similarly, while most of the weather stations have become operational after the mid-

nineties, long-term data, needed for assessing local and regional hydro-climatology or 

climate change hydrological impacts, is a rear commodity and only available at limited 

gauge points.  
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Owing to the complex orography, extreme topographic and climate heterogeneity and 

strong horizontal and vertical gradients in the precipitation of the HKH region (Yanai 

and Li 1994; Qiu 2008; Yao et al. 2012; Sharma et al. 2016), neither the sensors based 

datasets nor the sparse observed station data or gridded data products based on them, 

fully represent the precipitation regime of the region (Yatagai et al. 2012; Palazzi et al. 

2013; Wijngaard et al. 2017) 

These factors have lead many researchers to find ways to assess methods for 

precipitation correction, that may lead to a more realistic water balance estimations 

(Valéry et al. 2010),  by using a variety of reference climate data from different sources, 

which have higher spatial or longer temporal coverage, either directly or with prior 

modifications and adjustments for hydro-climatic investigations in the UIB region, 

(e.g. modified APHRODIT - (Lutz et al. 2016), modified WFDEI data - (Wijngaard et 

al. 2017) and others).  

This study aims at generating a long (50 years) gridded precipitation dataset based on 

the available gauge station records of variable durations. To that  avail, we propose a 

simple method to construct long-term gridded precipitation dataset for UIB by 

generating precipitation time series through: 1) interpolation of the available recorded 

data, for locations in the present rain gauge network which are newer and had no rain 

gauge installation previously, i.e. for the time period 1961-1996; 2) correction for 

frequency, intensity and adjustments for temporal trends at the generated data at virtual 

location; and, finally 3) application of interpolation / informed regionalization method 

(Khan and Koch 2018a), to construct gridded precipitation dataset (0.125° by 0.125°) 

for the Upper Indus Basin. 

Study area and data 

4.1.1 Study area-The Upper Indus River Basin (UIB) 

The portion of Indus River that comprises the upper Indus river basin (UIB), with a 

logical lower boundary at Tarbela Dam (Fig-4.2), is about 1150 km long and drains an 

area of about 165400 km2 as per our findings. Being a high mountain region, the UIB 

contains the greatest area of perennial glacial ice cover (15062 km2) outside the polar 

regions of the earth, with 2173.52 km3 of total ice reserves (Bajracharya et al. 2015), 

which extends even further during the winter season. The altitude within the UIB 

ranges from as low as 455 m to a height of 8611 m and, as a result, the climate varies 
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greatly within the basin (Tahir et al. 2011a). The UIB span over Hindu Kush, 

Karakorum and Himalayan ranges (HKH) and draw its water mainly (over 50% - (Lutz 

et al. 2016)) from melting of the seasonal and / or permanent snow cover and glaciers 

in the HKH region (Archer 2003; Ali and Boer 2007; Immerzeel et al. 2009; Tahir et 

al. 2011b) 

Over the extent of the UIB, most of the annual precipitation occurs in the west, resulting 

from the midlatitude western disturbances and mostly in solid form during winter and 

spring (Wake 1989; Ali and Boer 2007; Hewitt 2011; Hasson 2016), whereas 

occasional rains are brought by the monsoonal incursions to trans-Himalayan areas 

(Wake 1989), but even during the summer months, the trans-Himalayan areas do not 

derive all precipitation from monsoon sources (Wake, 1989). The topographic altitude 

usually has a strong influence on the climatic variables in the UIB. This is evident by 

the arid nature of the northern valley floors, with annual precipitation of only 100-200 

mm, but with considerably higher totals, as the elevation increase, going up to 600 mm 

at 4400 m altitude. Similarly, different glaciological studies suggest even higher annual 

accumulation rates of 1500-2000 mm at elevations of 5500 m (Wake, 1989).  

The average snow cover area in the Upper Indus River Basin changes from 10% to 

70%, with a maximum 70‒80% in the winter (December to February) snow 

Figure 4.2: Upper Indus Basin (UIB): Main Catchments, Network of nydro-meteorological stations, 

streams and tributaries  
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accumulation period and a minimum 10‒15% in the summer (June to September) snow 

melt period (Tahir et al. 2011b).  

4.1.2 Observed hydro-climatic data 

4.1.2.1 Observed precipitation data 

The precipitation data of a total of twenty four (20) meteorological stations (Fig-4.2), 

operative in the study area (UIB) were used in this study, out of which six (6) stations 

are operated by the Pakistan Meteorological Organization (PMD), while fourteen (14) 

stations are under the jurisdiction of the Water & Power Development Authority, 

Pakistan (WAPDA). The stations operated by PMD have daily time step climate data 

available for longer periods (1961 to 2010 used in this study). Though the recent 

records are fairly consistent the stations operated by PMD are all low altitude stations, 

not representative of the higher altitudes precipitation in UIB. The remaining 14 climate 

stations, operated by WAPDA, are fairly new and are located at higher altitudes. These 

stations have data for a shorter time period (Table 4.1).  

4.1.2.2 Observed Discharge data 

The daily river discharge and flow data in the study area is collected from Water & 

Power Development Authority, Pakistan (WAPDA).   Data for a total of fourteen (14) 

hydrometric stations is available in the UIB. In this study, data from nine (9) 

hydrometric stations on the main river, including the outlet station, Bisham Qila, as 

well as its major tributaries was used. The available data covers a period of 39 years 

(1969-2008), with a mean discharge of 2420 m3/s for a drainage basin area of ~165611 

km2. 
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Table 4.1: Geographical attributes of the precipitation gauge network 

Station  

category 

S. 

No. 
Station 

name 

Duration used 

in this study 

(y) 

Latitude 

(◦) 

Longitude 

(◦) 

Altitude 

(m) 
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(W
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1 Burzil 12 34.906 75.902 4030 

2 Deosai 12 35.09 75.54 4149 

3 Hushe 12 35.42 76.37 3075 

4 Khot Pass 12 36.517 72.583 3505 

5 Khunjrab 12 36.84 75.42 4440 

6 Naltar 12 36.17 74.18 2898 

7 Ramma 12 35.36 74.81 3179 

8 Rattu 12 35.15 74.8 2718 

9 Shendoor 12 36.09 72.55 3712 

10 Shigar 12 35.63 75.53 2367 

11 Ushkore 12 36.05 73.39 3051 

12 Yasin 12 36.454 73.3 3350 

13 Zani 12 36.334 72.167 3895 

14 Ziarat 12 36.77 74.46 3020 

L
o

w
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e 
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(1
2
5

0
-2

2
1
0

 m
.a

.s
.l

) 

o
p
er

at
ed

 b
y

 P
ak

is
ta

n
 

M
et

eo
ro

lo
g

ic
al

 

D
ep

ar
tm

en
t 

(P
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15 Chillas 50 35.42 74.1 1250 

16 Astore 50 35.37 74.9 2168 

17 Bunji 50 35.67 74.63 1372 

18 Gilgit 50 35.92 74.33 1460 

19 Gupis 50 36.17 73.4 2156 

20 Skardu 50 35.3 75.68 2210 

Methodology 

For temporal reconstruction and informed spatial regionalization of the precipitation in 

the UIB, three main procedures were carried out prior to the final regionalization and 

orographic adjustment. These include: 1) Quality check & correction of systematic 

errors in the raw precipitation data; 2) temporal reconstruction of data (1961-1996) at 

locations where weather stations were not installed previously;  3) Finding the 

orographic correction factor (OCF) or precipitation laps rate by “Doing Hydrology 

Backward (DHB)”;  and 4) stepwise interpolation / regionalization (OCF adjustment 

of observed data at mean catchment elevation, simple kriging, PLR (adjustment of 

interpolated data to grid-average/point elevation). 

4.1.3 Correction of systematic errors 

The first step included correction of systematic errors in the raw precipitation data. As 

the observed precipitation data available for UIB is uncorrected raw observation, 

procedures were needed to remove any systematic errors in precipitation measurements 

and the possible precipitation under-catch during snowfall, particularly, under windy 
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conditions. For this purpose different methods recommended by the World 

Meteorological Organization (WMO), were reviewed, and the method based on the 

work of Ma et al. (2015) was selected as it required less observed parameters and had 

also previously been applied in the study region. It should be noted though, that 

observed precipitation data was checked for inhomogeneity and outliers prior to 

application of the corrections for systematic errors. 

This method employ equations to account for wind-induced errors, wetting losses, 

evaporation losses and trace amounts. The equation used in the method suggested by 

Ma et al. (2015) and Yang et al. (1998) is as follows: 

 *( )Pc K Pm Pw Pe Pt= +  +  +  , and (4.1) 

 1/K CR=   (4.2) 

where, Pc is the ‘true’ precipitation, Pm is the measured value by gauges,  ΔPw is 

wetting losses. ΔPe is evaporation losses, ΔPt is trace amount and K is the adjustment 

coefficient due to wind-induced error, for which CR is the catch ratio (%), defined as a 

function of wind speed. The values of ΔPw, ΔPe, ΔPt and CR suggested by Ma et al. 

(2015) and Yang et al. (2001) and used in this study are given in Table 4.2. 

For allocating values for ΔPw, ΔPe, ΔPt and CR during calculations, 1) the 

precipitation during the winter months (DJF) was considered as Snow, 2) during 

summer months (JJO) as Rain, while 3) during spring and autumn (MAM and SON) 

as Mixed. Additionally, prior to applying correction for the systematic errors, raw 

observed precipitation data was also pre-checked for inhomogeneity and outliers. 

Table 4.2: Values for ΔPw, ΔPe, ΔPt and CR used for calculations. 

Variable Snow Mixed Rain 

ΔPw 0.15 0.15 0.20 

ΔPe 0.10 0.30 0.30 

ΔPt 0.10 0.10 0.10 

CR 100/1.13 100/1.05 

Source: Ma et al. (2015)  

4.1.4 Temporal Reconstruction (TR) 

At 14 station locations in the UIB, climate data have been available for a shorter time, 

as there were no stations available before the mid-nineties there. The data-series at 

these locations, though they are short and may find less applicability in certain types of 
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studies, provide definitely a deeper understanding of the site / region specific orography 

as well as of the amounts, spatial patterns and seasonality of the precipitation there. 

Similarly, for the 6 locations where longer precipitation series (1961-1996) are 

available and which are spread throughout the region, their data provide a good 

indication of the seasonality and the spatial distribution of storm events across the basin 

as a whole. So basically, if precipitation data of these 6 stations is 

interpolated/extrapolated to the 14 locations (with shorter record periods), to form 

virtual stations, and then corrected (based on the shorter record periods),  a 

reconstructed precipitation time series can be derived for the past, with a reasonably 

accurate temporal sequence of rain event distribution (based on the 6 stations-data for 

1961-1996) as well as site-specific orography, amounts, spatial patterns and seasonality 

of precipitation (based on short-duration data at the same locations).  

Testing this idea involves three parts, where firstly, the daily precipitation data from 

1961 to 1996, at six (6) locations are interpolated via Simple Kriging to the fourteen 

(14) locations for which only short-duration data is available. This data is then 

corrected with a monthly scaling factor for the amount and frequency of rainfall by a 

method called Local Intensity Frequency Scaling (LIFS). 

4.1.4.1 Simple Kriging interpolation 

Kriging is a group of advanced geostatistical techniques, providing the best linear 

unbiased estimation of the unknown variable of interest at an unobserved location from 

observations of the random field at nearby locations. Basically it is a generalized form 

least-square regression technique allowing to account for the spatial dependence (i.e., 

semivariogram or covariance) among the observations into spatial prediction. 

In Kriging methods, the random variable Z is decomposed into a trend (m) and a 

residual (e), where Z(x) = m(x) + e(x). All kriging estimators are but variants of the 

basic linear regression estimator Z *(xo) defined as: 

 *( ) ( ) ( ) ( )

1

n
Z x m x Z x m xo o i i i

i

− = −
=

 (4.3) 

where xo is the location vectors for the estimation point,  xi is the location vectors for 

one of the neighboring data points, n is the number of data points in local neighborhood 

used for estimation of  Z *(xo), m(xo), m(xi) are the expected values (means) of Z*(xo) 
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and Z(xi), and λi denotes the kriging weight assigned to datum Z(xi) for estimation 

location xo.  

The SK-estimator is the same as the previous equation (eq-4.3), however, it is assumed 

that the trend of the random variable is known and constant (m(x) = m).  

 *( ) ( )

1

n
SKZ x m Z x mo ii

i

− = −
=    (4.4) 

In this case the weights λi are obtained through solving the ‘‘Simple Kriging System’’ 

(Goovaerts, 2000) 

( ) ( ) ( ) 1,...,, ,
1

n
x C h C h for i nj o x x x xi j i o

j

 = =
=

  (4.5) 

where C is the spatial covariance function between two points separated by distance h. 

In this case, as the mean is constant, the covariance function (C) for Z(x) is the same as 

that for the residual component ( i.e. C(h) = CR(h) ), that is why we can write the simple 

kriging system directly in terms of C(h). 

In the current study, the ArcGIS add-in “PCP_SWAT” for simple kriging (Zhang and 

Srinivasan 2009) was used to interpolate the daily precipitation time series of the  6 

long-record stations to the 14 short-record virtual stations.  

4.1.4.2 Local Intensity and Frequency Scaling (LIFS) 

The Local Intensity and Frequency Scaling method (LIFS) used here is a slightly 

modified version of the method suggested by Schmidli et al. (2006) for the downscaling 

of climate model predictor output.  This method corrects the generated precipitation 

series at the virtual stations by effectively matching them with the climatological wet-

day frequency and intensity of the observations.  

The LIFS-method consists of two steps. In the first step, at each virtual station, a wet-

day threshold for the mth - month “WDTP”  of a year (i.e. m=1,..,12) is determined from 

the daily interpolated precipitation series (1961-1996), such that the threshold 

exceedance matches the wet-day frequency of the observed precipitation series (1997-

2010) at the same location.   
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In the second step, a scaling factor is calculated from the wet-day intensities for each 

month by: 

 

,

, , ,

( )

(  given )

obs
m d

m V V P
m d m d m d

P
sf

P P WDT




=


  (4.6) 

This scaling factor for each month is applied to the daily time series of the virtual 

stations (above the threshold) to ensure that the mean of the corrected precipitation 

matches that of the observed precipitation, i.e. 
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          otherwisem
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V
m d

V
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P sf
P




=

  (4.7) 

In these equations  ,

obs

m dP  and ,

V

m dP  denote the daily precipitation  of the observations 

and of the virtual stations for a specific month  m, respectively,   indicates the long 

term average, ,

P

m dWDT  is the wet-days threshold for each month, and ( )

V

corP is the final 

corrected precipitation at the virtual station for the period 1961-1996. 

The local intensity and frequency scaling factor could be calibrated on a monthly, 

seasonal or annual scale. In the current study the precipitation series at the virtual 

stations are corrected for wet-day frequencies and intensities on a monthly scale. 

During this exercise, a total of 24 fitting parameters, i.e.12 ,

P

m dWDT  and 12 
msf  (one for 

each month of a year) are determined. 

4.1.4.3 Adjustment for trends in mean and occurrences (AfT) 

The 
msf  as well as the ,

P

m dWDT  are further adjusted at each virtual station, based on the 

difference / departure in the trends of the mean precipitation and wet-day frequency, in 

comparison to the reference period (1997-2008), and three time period segments (1961-

1972; 1973-1984; and 1985-1986), derived from the observed time series recorded at 

the 6 locations. The adjustment factors are derived as follows:  

 

   and   T T
mean WD

R R

P WD
AfT AfT

P WD
= =

 (4.8) 

where 
meanAfT  and 

WDAfT  are the adjustment factors for precipitation amount and the 

wet-days frequency, respectively, 
TP  and 

RP  are the mean precipitation during the target 
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period and the reference period, respectively, while 
TWD  and 

RWD  represent the 

corresponding number of wet days.  

For each virtual station, the adjustment factors used for precipitation means or wet 

day’s amount, is a “weighted average”, based on distance Δs of the three nearest 

observed locations, i.e:  
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=


  (4.9) 

Both the amount and the wet-day frequency of the observed precipitation are then 

multiplied by the corresponding adjustment factor (  .vertual stAfT ) for the different periods 

to get the final corrected target precipitation. 

4.1.5 Informed Regionalization-IR (orographic correction and step-wise 
interpolation) 

The observed (1961-1996) precipitation time series at the 6 locations and the 

reconstructed precipitation data sets at the 14 virtual stations are interpolated to a 

0.125°x0.125° grid in three steps. In the first step of this Informed Regionalization (IR) 

method, which consists of an orographic correction plus a stepwise 

interpolation/regionalization, all the observed time series are adjusted at the mean 

catchment elevation with an orographic correction factor OCF (eq-4.10).  

target gauge target gauge( )*
*1000

plapseOCF
P P EL EL

wd
= + −     (4.10) 

where 
targetP  is the precipitation at target elevation (mm); 

gaugeP  is the recorded 

precipitation at the gauge station (mm); 
targetEL  is the elevation at target point/grid; 

gaugeEL  is elevation at gauge station and OCF is the Orographic Correction Factor  (in 

terms of  precipitation  lapse rate) for the catchment (mm/km). The OCF’s are adopted 

from previous work (Khan and Koch, 2018a) and are given in Table 4.3. 

In the second step the data adjusted at mean catchment elevation is then interpolated 

using “Simple Kriging” (Goovaerts, 2000) to a 0.125°x0.125° grid. In the third step the 
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interpolated data is readjusted from the mean catchment elevation to the grid elevation 

according to the OCF using eq-4.10. 

Table 4.3: Mean annual precipitation and different orographic correction factors (OCF) for the 

various catchments of the UIB 

Catchment 

Mean annual Precipitation OCFplapse
c 

per 1000m elev. 

(corrected  

Observed) 

OCFmultiplicative
a 

raw observed/ 

APHRODITE  

OCFmultiplicative
b 

(corrected –

observed) 
Raw observed /  

APHRODITE+  

Corrected+

+ observed   

True+++ 

(Estimated)  

(mm) (mm) (mm) (mm/km) (multipl) (multipl) 

Astor 581 788 1254 300 2.16 1.59 

Gilgit 265 473 874 620 3.30 1.85 

Hunza 360 493 795 320 2.21 1.61 

Shigar 341 509 938 190 2.75 1.84 

Indus Main** 343 481 820 380 2.39 1.71 

Shyok 140 -- 456 -- 3.25 -- 

Kharmong* 221 -- 360 -- 1.63 -- 

UIB (whole) 367 544 608 -- 1.66 1.12 

a applicable to raw gauge precipitation records,  
b applicable to gauge precipitation records already corrected for systematic errors,  
c applicable to gauge precipitation records already corrected for systematic errors as additive factor per 1000 meters 

* UIB upstream of Kharmong including Shingo, Zanskar; 

** UIB downstream of Kharmong without main tributary catchment,  

+ APHRODITE data is used only for Shyok and  Kharmong basins 

++ Observed gauge station records, corrected for systematic errors through eq-3.1 

+++ True areal precipitation estimated based on equation 3.5 

4.1.6 Validation of output through the SWAT hydrological model 

Any of these techniques or strategies to be used for correction, reconstruction and 

regionalization of spatial time series data need calibration and validation by means of 

historical information (Lanza et al. 2001), directly or  indirectly, by evaluating the 

results and outputs of spatially distributed hydrological models. In the current study, to 

check the performance of the temporal reconstruction method, the indirect method 

looked to be the most viable validation option. 

During this study, two data products were obtained. As discussed, firstly the 

reconstructed precipitation at the 14 virtual stations (after processing through quality 

check & correction of systematic errors; interpolation to virtual points; and adjustments 

for intensity, frequency and trends), was further interpolated and regionalized to get the 

final gridded precipitation product. Therefore, the validation process during this study 

has also a two-step approach,  
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Step-1: The precipitation time series (1961-1996) obtained as an intermediate product 

at the 14 virtual stations, is evaluated firstly to check how good the generated data 

matches the seasonal cycles, means, extremes and frequencies of the observed data 

collected at these locations during 1997 to 2008; and secondly, how well the generated 

data at these 14 virtual stations depict the departure from the “means” in the region 

observed over the reconstruction period of 1961-1996. For evaluation and validation 

purpose, the 36- year-long reconstructed precipitation is divided into three (3) equal 

segments of 12 years each. 

Step-2: To validate the final product of the proposed IR- method, the calibrated Soil 

and Water Assessment Tool (SWAT)- hydrological model is  forced with the two 

precipitation data series, i.e. the reconstructed precipitation – 1961-1996 and the 

regionalized reference precipitation 1997-2008 and the  “goodness of fit” statistics of 

the simulated against the observed flow data assessed. The former include the 

coefficient of determination (R2), Percent bias (PBIAS) and the Nash–Sutcliffe 

efficiency (NS).  

4.1.6.1 SWAT model description 

The Soil and Water Assessment Tool (SWAT) is a hydrological model developed for 

the US Department of Agriculture (USDA), Agricultural Research Service (ARS) by 

Dr. Jeff Arnold. The SWAT- model is a continuous-time (long-term), process-based 

semi-distributed model,  capable of simulating hydrological processes, in river 

basins/watersheds based on specific information pertaining to the watershed, such as 

climate, topography, soil properties, land cover, land use and management practices 

(Arnold et al. 1998; Srinivasan et al. 1998).  

In the SWAT model, a river basin or watershed is partitioned into larger sub-units 

called sub basins draining into the stream network and the river-system. These sub-

basins are further divided into a series of smaller units called the hydrological response 

units (HRUs), which are non-spatial uniform units, each representing unique 

combinations of soil, land-use and slope. The various hydrological components of the 

hydrological cycle  - and for specific agricultural  applications of the model,  sediment 

yield  and nutrient cycles  -   are first computed by  solving the classical water balance 

equation for each HRU, and then routed and aggregated for the various sub basins and 

finally the whole watershed. 
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4.1.6.2 Model setup, calibration and validation 

In the current study “ArcSWAT-2012”, which is an ArcGIS-ArcView extension and 

graphical user input interface for the SWAT model is employed. The input data used 

for SWAT during this study include: a void-filled, and hydrologically conditioned, 3 

arc-seconds digital elevation model (DEM) from Hydro-SHEDS (Lehner et al. 2008); 

FAO-UNESCO global soil map (FAO-UNESCO 2007); and “Global Land Cover 

Characterization (GLCC) at 1 km spatial resolution (USGS EROS Data Center 2002). 

During the watershed delineation process, the study area was configured with 173 sub-

basins, divided into 2825 discrete HRUs. The total simulated watershed area in the 

current model has a size of 165611 km2.  

The weather/climate forcing for SWAT is comprised of the same inputs for all variables 

except for precipitation, in which case it consists of two sets: a) “reconstructed 

precipitation” (1961-1996);  and b) “corrected & regionalized” precipitation (1997-

2010). 

Before using it as a validation option for the IR-precipitation correction discussed 

above, the SWAT model was first calibrated and validated against daily discharge data 

at the basin outlet (Bisham Qila), through parameter optimization using the “Sequential 

Uncertainty Fitting” SUFI-2 algorithm (Abbaspour et al. 2007; Abbaspour 2015) of the 

SWAT-CUP program. For the evaluation of calibration /validation results, the 

goodness of fit statistics including coefficient of determination R2, percent bias 

(PBIAS) and Nash–Sutcliffe efficiency (NS) were computed. The whole schematic 

diagram of all the procedures followed is presented in Fig 4.1. 

Results 

4.1.7 Validation results-reconstructed precipitation at 14 stations 

The precipitation time series  obtained at the 14 virtual stations for the three time period 

(1961-1972, 1973-1984 and 1985-1996) as an intermediate product after the IR-

reconstruction procedure are evaluated for two aspects: 1) How well does the generated 

data match the seasonal cycle, means, extremes, and frequencies of the observed data, 

collected at these locations during 1997 to 2008; and 2) how well does the generated 

data at the 14 virtual stations depict the observed departure from the means in the region 

over the reconstruction period 1961-1996?  
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The results show a good match, as the generated precipitation time series at the 

corresponding locations not only has comparable seasonal cycles, means, extremes, 

and frequencies as the observed ones in the period 1997-2008 (Fig-4.3), but are also 

able to depict the departure trends of the mean annual precipitation observed over the 

region during the corresponding periods (Fig-4.4). 

 

 

 

Figure 4.4: Departure of mean annual reconstructed precipitation for the three  periods (1961-1972; 

1973-1984; 1985-1996) from  observed annual mean in the reference period (1997-2008)  

Figure 4.3: Validation results-Reconstructed precipitation at 14 virtual stations: seasonal cycle; mean 

annual precipitation; 99th percentile; probability of wet days; and intensity of wet days 
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The mean annual precipitation over the UIB is 726.28, 567.26 and 641.05 mm/a during 

the three (3) time periods 1961-1972, 1973-1984 and 1985-1996, respectively, which 

are all in a close range of the mean observed annual precipitation during the reference 

period (1997-2008). The 99th lower percentile of the average monthly precipitation for 

the reference period is with 21.41mm/month a bit on the higher side, in comparison to 

the reconstructed precipitation series (17.22mm/month, 15.18mm/month and 

16.82mm/month for the three periods, respectively), but still in an acceptable range. 

The frequency and intensity of wet-day also have minor differences for all periods, but 

are in close proximity of the values in the observed period (Fig-4.3). 

The reconstructed data at the 14 virtual stations follows also the same trend of departure 

from the reference periods’ mean annual precipitation, as is indicated by the observed 

data at the 6 station locations used for the interpolation. In particular, the virtual stations 

show departures of +15%, -10% and +1.4% from the mean reference period’s annual 

precipitation, whereas those at the 6 observed locations are 12%, 10.30% and 4% for 

the periods  1961-1972, 1973-1984 and 1985-1996, respectively (Fig-4.4). 

4.1.8 Validation results – SWAT modelled response 

The precipitation data series constructed at the 14 virtual stations for the time period 

(1961-1996) as an intermediate product are further processed, along with the observed 

time series  at the six gauge stations,  to generate a 0.125° x 0.125° grid of precipitation 

time series through the “Informed-Regionalization (IR)” methodology (Khan and 

Koch, 2018a), covering the whole UIB.  

The SWAT hydrological model, which had already been calibrated with the observed 

precipitation at the 14 stations for the reference period 1997-2008, was forced with the 

reconstructed precipitation of the period 1985-1996 and the modelled flows were 

assessed for “goodness of fit” with the observed discharges at different gauge points 

including the UIB outlet as well as at outlets from all the major tributary catchments 

inside UIB. The goodness of fit statistics obtained with the two datasets for the two  

periods are given in Table 4.4.  

The table indicates that the performance of the SWAT model in simulating the UIB 

hydrology during the reference period 1997-2008 is very good, with an overall  NS-

value (the most important one for streamflow simulations) of 0.85 for the monthly 

outflow at the basin outlet, and NS- values of 0.69 or above for the discharges at the 
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different tributaries’ outlets in the UIB.  For the SWAT- simulated flows forced with 

the reconstructed precipitation during the  period  1985-1996,  the three indices R2, NS 

and PBIAS at the different tributary catchments are almost identical or even better (NS 

of 0.88 at the basin outlet) as those obtained for the reference period.   

Table 4.4: Goodness of fit statistics for monthly SWAT-modelled discharge with reference precipitation 

(1997-2008) and reconstructed precipitation (1985-1996) used as input. 

Goodness of fit 

                    indices Reconstructed Precipitation (1985-1996) Reference Precipitation (1997-2008) 

Gauge Station 

(River) R2 NS PBIAS R2 NS PBIAS 

Gilgit (Gilgit) 0.76 0.59 -25.74 0.74 0.69 -18.15 

Dainor (Hunza) 0.88 0.82 -7.50 0.85 0.85 -2.58 

Doyan (Astor) 0.75 0.73 19.73 0.75 0.77 14.39 

Kachura (Indus) for Shigar 0.85 0.84 -4.35 0.80 0.81 7.54 

Yugo (Shyok) 0.68 0.52 -25.85 0.79 0.73 -12.90 

Kharmong (Indus) 0.75 0.75 2.67 0.79 0.79 19.80 

Bisham Qila (Indus) 0.88 0.88 -6.06 0.85 0.85 2.15 

 

Corroborating the statistical results of Table 4.4, the SWAT- simulated daily flows 

match also very well the observed discharges at the different streamflow gauge stations, 

both for the peaks as well as the low flows (Fig-4.5), and this holds for the (earlier) 

reconstruction and the (later) reference period.  

These results establish the validity of the reconstructed precipitation dataset as input in 

the SWAT-model as the so-simulated discharges depict all the temporal and spatial 

patterns observed in the flow regime of the UIB almost as good as the SWAT modeled 

flows for the reference precipitation. Thus, the simulated flows for all the evaluated 

catchments show a good visual fit with the observed flows, with a very good 

representation of the daily and monthly high and low flows as well as the seasonal 

cycle. The match of the simulated daily flows to the observed flows during the 

reconstructed period is as good as the match during the reference period, confirming 

the suitability of the generated data set also for applications at finer than the monthly 

temporal scale used here, such as daily or weekly time steps.  
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Figure 4.5: Comparison of SWAT modeled flows with observed flow at different catchment outlets in 

UIB for reconstructed and reference precipitation forcing: a) Gilgit (Gilgit River); b) 

Dainor (Hunza River); c) Kachura (Indus River); Astor (Astor River); Yugo (Shigar River); 

Kharmang (Indus River-upstream) 

 Reconstructed Precipitation (1985-1996) Reference Precipitation (1997-2008) 

a 

 

b 

c 

d 

e 

e 

f 
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4.1.9 UIB spatial distribution patterns of precipitation 

Maps showing the spatial distributions of the various precipitation sets and time periods 

across the UIB are illustrated in Fig 4-6.  

During the reference period (1997-2008), the distribution of the mean annual 

precipitation shows a distinct spatial pattern across the UIB (Fig-4.6a). The north-

western parts of the UIB, which lie inside Pakistan’s boundary, have the highest mean 

annual precipitation, especially, over the Gilgit and Astor river catchments, going  

above 1800 mm/year. There is a gradual decrease in the mean annual precipitation to 

the north of these two catchments, with Hunza and Shigar catchments having lower 

precipitation. A similar gradient is witnessed in the west-east direction, where a steady 

decrease in the mean annual precipitation from west to eastward direction across the 

whole UIB is visible, with lowest mean precipitation witnessed in the easternmost parts 

of the basin.  

 

Figure 4.6: Average annual precipitation over the UIB:-(a) reference precipitation (1997-2008); (b) 

reconstructed precipitation for 1985-1996; (c) reconstructed precipitation for 1973-198); 

and (d) reconstructed precipitation for 1961-1972. 
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The distributions of the mean annual precipitation across the UIB during the 

reconstructed periods of 1961-1972 (Fig-4.6d); 1973-1984 (Fig-4.6c); and 1985-1996 

(Fig-4.6b), show similar patterns as in the reference period 1997-2008, with only minor 

alterations.  

The spatial distributions of the reconstructed precipitation comply with the reported 

hydro-climatology of the region, whereby the mid-latitude western disturbances bring 

most of the annual precipitation during winter and spring, while originating and 

contributing maxima in the west, with a diminishing influence as they move eastwards 

(Wake, 1989; Ali et al., 2009; Hewitt, 2011; Hasson et al., 2016). The monsoonal 

incursions to the trans-Himalayan areas, which bring occasional rains (Wake 1989; Ali 

and Boer 2007), are also observed in the reconstructed precipitation, with higher 

amounts in the southern parts of UIB which are not lying in the rain shadows.  

Conclusions 

Sufficient spatial and temporal coverage of the available in-situ observational 

precipitation data is one of the major hurdles in accurately investigating the hydro-

meteorology of the Upper Indus Basin (UIB). This study endeavored to address these 

issues by constructing a long-term precipitation series at a regular grid of 0.125° x 

0.125°, using an IR-methodology.  Initial precipitation time series were generated at 

locations (virtual stations) where there was no precipitation data available prior to the 

mid-nineties, corrected and adjusted for frequency, intensity and temporal trends based 

on: 1) the observed precipitation during that reconstruction period as well as 2) the 

precipitation time series for recent years (1997-2008) available for these locations. This 

was followed by a regionalization of the precipitation series to a smaller scale across 

the basin on the 0.125°x0.125° grid mentioned, while inducing adjustments for the 

orographic effect and changes in glacier storage.  

The precipitation time series generated at the 14 virtual locations for the time period 

1961-1996 as an intermediate step show values for indices, such as mean annual 

precipitation, 99th percentiles, intensities and frequencies of wet days, in a similar 

range as the observed data for the period 1997-2008 at these locations. 

The final product (gridded precipitation at 0.125°x0.125° resolution) generated using 

this IR-methodology was further validated by evaluating the SWAT-modelled 
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streamflow responses against observed flows, for reference- (1997-2008) as well as 

reconstructed (1985-1996) precipitation forcing.  

The results show that the daily SWAT modelled discharges for the reconstructed- and 

the reference precipitation data are almost identical at all stream gauge stations 

evaluated. The low and high flows as well as the monthly and seasonal cycles during 

the reconstruction data period 1985-1996 are all depicted with similar accuracy as in 

the reference period 1997-2008. The spatial distribution pattern of the precipitation in 

the UIB during the reference period and as reported in literature, is also well 

represented by the reconstructed time series over the long past time period 1961-1996   

The reconstructed precipitation time series presented here as a final product is the only 

product that is based on the maximum available in-situ observations, supplemented by 

all available hydro-glaciological information of the UIB as well as on “SWAT-reverse 

based hydrology” of the observed flows in the basin. As such the data have already 

been checked for its suitability in studies involving hydrological modelling at monthly 

or daily time scale, and may also provide a valuable alternative for climate change- or 

hydrological impact studies.   
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Chapter-5: Selecting and downscaling a set of climate models for 

projecting climatic change for impact assessment in the UIB 

Abstract 

This study /chapter is focused on identifying a set of representative future climate 

projections for the UIB region. Although, there is now availability of increased number 

of GCM’s output in the CMIP5 archive, along with the on-going improvements in their 

process representations, still it is unavoidable to confront the issue of the large 

uncertainties about the future climate. This situation along with other factor such as 

time, human resources or computational constraints, make it imperative to sort out the 

most appropriate, individual or a small ensemble of, GCM’s for assessment of climate 

change impacts. The current study adopted a combination of some of these approaches 

and applied a step-wise shortlisting and selection of climate models based on a) range 

of projected change in mean, b) range of projected change in extremes, and c) skill in 

reproducing past climate. The procedure was applied for future climate projections 

over the Upper Indus Basin for two representative concentration pathways (RCPs), the 

RCP 4.5 and RCP 8.5. Based on the huge uncertainties reported in the GCM runs for 

UIB, all possible future extreme scenarios (Wet-Warm, Wet-Cold, Dry-Warm, Dry- 

Cold) were considered in addition to the selection of GCM representing the mean 

future climate change, with respects to both, change in projected means as well as 

extremes. This procedure made it possible to arrive at a limited number of climate 

models, out of which the final selection was carried through assigning ranks based on 

the weighted score for each of the mentioned selection criteria. The dynamically 

downscaled data for the selected GCM’s was acquired and further bias corrected and 

downscaled over UIB, for subsequent use in SWAT hydrological model. 

 

Keywords: GCM’s, RCM’s, RCP, Climate change, Climate model selection, Upper 

Indus Basin, CMIP5.  

 

 

(Note: major part of the work presented in this chapter (chapter-1) is published in a 

peer reviewed journal article in “Climate” (Khan and Koch., 2018b)) 
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5.1 Introduction 

Future climate projections provided by general circulation models (GCMs) can serve 

as the basic input for climate change impact studies on water resources. As the outputs 

from these general circulation models (GCMs) have only coarse spatial resolution and 

so are often not suitable as direct input to distributed or semi-distributed hydrologic 

models, they have to be downscaled in most cases, to appropriate (higher) resolutions. 

Such a downscaling can be done either through applying statistical downscaling 

methods or through dynamical downscaling via application of a regional climate model 

(RCMs), embedded in a larger GCM. 

Despite the availability of a large number of GCM’s output in the CMIP5 archive, and 

the on-going improvements in their process representations, issues of the large 

uncertainties about the future climate can still not be avoided up to date.  

The inherent uncertainties along with other factor such as time limitations, human 

resources availability or computational constraints, make it imperative to sort out the 

most appropriate, individual or a small ensemble of GCMs, suitable for downscaling 

and their subsequent use in assessment of climate change impacts.  

This aforementioned selection of GCM’s is not simple and straightforward, as there 

can be nearly an unlimited number of criteria and approaches, through which climate 

models can be evaluated for their skills and their suitability for specific purposes and 

regions. In most cases though, the selection may be based on a single- or a set 

criteria.  One approach may be to consider the total projected change by the GCMs, in 

the means and/or extreme of a climate variable and its location on the overall spectrum 

of projected future by all GCMs. Another approach may emphasize more on the 

success of GCM's, in simulating past climate for either the means, extremes, or 

seasonality (e.g. Pierce et al.., 2009; Biemans et al.., 2013) of the study 

region. Additionally there may be approaches based on some combination of the 

aforementioned approaches. The first approach which considers all the possible 

projected futures (stretching from warm and wet to cold and dry, or opting for the 

middle path of all the possible futures) becomes more relevant, especially in regions 

such as Hindu Kush Himalayas (HKH) and UIB, where GCMs/RCM’s have been 

reported to struggle in simulating past climate (Turner and Annamalai, 2012; Mishra, 

2015; Lutz et al., 2016a; Palazzi et al., 2013) and no individual model can be separated 

as superior in simulating the past climate in the HKH region, it is, therefore, important 
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to consider the full range of possible projected futures when focusing on assessments 

of climate change impacts.  

The criteria to be used for selecting the most appropriate model runs are also shaped 

based on their intended purpose or the region. Both these factors are important, as a 

different intended uses my require consideration of assessment based on totally 

different skills or variables, while the importance of a specific selection criteria may 

differ for different locations and topographically contrasting areas. Additionally, as all 

the available models may not be equally good for specific locations, regions or 

topographies, the need for assessment of the ability of climate models in reproducing 

the important processes in the study region becomes vital and essential. 

The current study is considering a combination of these approaches along with utilizing 

improved data for past climate in the Upper Indus Basin (UIB) (Khan and Koch 2018a) 

and assessment for models skill in simulating the seasonal cycle in the region.   

Material and methods 

5.1.1 Study area 

In the current study, the climate change model selection procedure has been carried out 

for the UIB which is spread over the Hindu-Kush, Karakorum and Himalayan ranges, 

and feeds the largest canal system in the world. This river basin is very important due 

to mainly two reasons, first: the irrigated-agriculture of Pakistan overwhelmingly 

depends on the inputs from this river basin, and second: the region is probably a climate 

change hot-spot (De-Souza et al., 2015; Nepal and Shrestha, 2015) with an extremely 

uncertain future hydro-climatology. The future scenario data from the selected models 

are intended to be used, after downscaling and bias correction, as input to the SWAT 

hydrological model for quantifying possible climate change impacts on the 

hydrological dynamics of the basin. 

Climatic variables are usually strongly influenced by topographic altitude. Thus the 

northern valley floors of the UIB are arid and warm, with an annual precipitation of 

only 100-200 mm. These totals increase to 600 mm at 4400 m altitude, and 

glaciological studies suggest annual accumulation rates of 1500-2000 mm at 5500 m 

height (Wake, 1989).  
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The UIB draws more than 50% of its water from melting of seasonal and permanent 

snow cover in the Himalaya, Karakoram and the Hindu Kush (HKH) mountains (Lutz 

et al., 2016a; Tahir et al., 2011; Ali and Boer, 2007; Archer, 2003; Immerzeel et al., 

2010). A rise in temperature in the UIB will, therefore, result in elevated melt rates 

with huge impacts on the timing and magnitude of the generated flows. This will not 

only lead to a higher average stream flow, but also to an increase in the occurrence and 

magnitude of extremes, especially, during high-precipitation events (Wijngaard et al., 

2017). There is also the possibility that the peak flows may shift to earlier months or 

other seasons, with a rise in temperature (Lutz et al., 2016a) in the UIB.  

Figure 5.1: Upper Indus Basin (UIB): Main Catchments, Network of meteorological stations, streams 

and tributaries 

All these facts make UIB a very sensitive region to possible climate change and is even, 

according to some (Kilroy, 2015) a climate-change “hotspot”. But despite the necessity 

of intensified investigations on different aspects of climate change and its possible 

implications, the task is hindered by the harshness of the environment and 

unavailability of representative data. The climatic data available in the UIB lacks 

suitable coverage, since the in situ meteorological observations in the UIB are sparse 

and mostly taken at valley stations. Furthermore, the complex orography of the UIB 

region also affects the amounts, spatial patterns and seasonality of the precipitation. 

Therefore, neither the sparsely observed station data and gridded data products based 

on them, nor the sensors-based data, fully represent the precipitation regime of the 

region (Palazzi et al., 2013).  
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5.1.2 Data used 

5.1.2.1 GCM’s Outputs 
In the IPCC 5th assessment report, four representative concentration pathways (RCPs) 

are normally used as basis for future climate modelling: one very high baseline 

emission scenario (RCP8.5), two medium stabilization scenarios (RCP4.5 and RCP6) 

and one mitigated scenario (RCP2.6). (Table 5.1) 

Table 5.1: Representative concentration pathways (RCPs), their radiative forcing, emissions (CO2 

equivalent and growth rate %) and temperature increase. 

Name Radiative forcing CO2 equiv. 

(p.p.m.) 

Temperature 

increase (°C) 

        Pathway CO2 emission 

growth rate % 

RCP8.5 8.5 Wm-2 in 2100 1370 4.9 Rising ≈2.5 

RCP6.0 
6 Wm-2 post 

2100 
850 3.0 

Stabilization 

without overshoot 
≈1 

RCP4.5 
4.5 Wm-2 post 

2100 
650 2.4 

Stabilization 

without overshoot 
≈1.5 

RCP2.6 

(RCP3PD) 

3 Wm-2 before 

2100, declining 

to 2.6 Wm-2 by 

2100 

490 1.5 Peak and decline ≈1.6 

Sourse: van Vuuren et al. (2011); Wayne (2013); Peters et al. (2013) 

  
 

The current study intends to include emission scenarios, covering a wider range of 

radiative forcing and future temperature anomalies, while remaining close to the 

reality, and considering RCP’s showing minimum differences with the 2005-onwards 

actual observed CO2 emission trend and growth rates. Keeping these prerequisites in 

mind, out of the four options,  the most benevolent RCP2.6 was not considered in the 

current selection, as it seems to be the least likely (van Vuuren et al., 2011; Lutz et al., 

2016b) and the mitigation effort implied by this RCP appears to be unfeasible under 

the current circumstances (Mora et al., 2013; Sanford et al., 2014), because it needs a 

sustained global CO2 - mitigation rate of around 3% per year, not a likely prospect, at 

least in the near future (Peters et al. 2013).  

Out of the remaining three RCP’s, the high baseline emission scenario (RCP8.5) and 

one medium-stabilization scenario (RCP4.5) were selected for the current study. 

RCP8.5 was included, because it covers the higher end of the radiative forcing as well 

as the temperature change and is also in line with the observed trend of around 3% in 
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the average annual CO2 emission growth rates for 2005-2012 (Peters et al., 2013; 

Sanford et al., 2014).  

For the medium-stabilization scenarios, both RCP4.5 and RCP6 are equally 

acceptable, but due to time constraints and because RCP4.5 shows a better match 

(≈1.5%) of the trends of the average annual CO2 emission growth rates for the period 

of 2005-2012 than RCP6 (≈1.0%) (Peters et al., 2013; Sanford et al., 2014), RCP4.5 

was picked along RCP8.5 for the GCM- selection procedure. 

Additionally, in the current study, only the available GCM- runs for the ensemble 

member r1p1i1 in the CMIP5 repository (Taylor et al., 2012) are included in the initial 

list. This is done, so as to keep open the possibility of using dynamically downscaled 

projections (driven by the selected GCM’s as boundary conditions) by Regional 

Climate Models (RCM’s), which in most cases have utilized  boundary conditions from 

the ensemble member r1p1i1 of the GCM’s.  

In the current study a total number of 42 available model runs (ensemble member 

r1p1i1) are evaluated for RCP4.5 and of 39 for RCP8.5. 

5.1.2.2 Extremes indices 

For the assessment of model runs for extremes, the ETCCDI extremes indices are 

utilized. The annual extremes of the daily CMIP5 data were acquired from the 

ETCCDI extremes indices archive (Peterson, 2005; Sillmann et al., 2013a), provided 

at the “Canadian Centre for Climate Modelling and Analysis”. This data was indirectly 

obtained and downloaded through the “KNMI Climate Explorer”, which is a web 

based research tool to investigate climate and climate change.  

5.1.2.3 Observed data 

The climate station network in the UIB has historically been comprised of only a few 

low-altitude, valley-based stations. Although the number of in-situ observational 

points has increased since the mid-nineties, with the installations of a few higher 

altitude automatic weather stations, the coverage is still very thin and the data is often 

not very representative, especially, for different elevation zones. Similarly, while most 

of the weather stations have become operational after the mid-nineties, long-term data 

is a rare commodity and only available at limited locations.  

Similarly, owing to the complex orography of the UIB region and to the co.action of 

different hydro-climatic, neither the sparse observed station data or gridded data 

http://www.cccma.ec.gc.ca/data/climdex/climdex.shtml
http://www.ec.gc.ca/ccmac-cccma/default.asp?lang=En
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products based on them, nor the sensors-based climatic datasets, fully represent the 

precipitation regime of the region (Yatagai et al., 2012; Palazzi et al., 2013; Palazzi et 

al., 2017; Wijngaard et al., 2017). Several studies have pointed out that precipitation 

and other climatic variables in the HKH region exhibit large changes over short 

distances and considerable vertical gradients (e.g. Dahri et al., 2016; Pang et al., 2014; 

Hewitt, 2011; Winiger et al., 2005; Weiers, 1995; Wake, 1989; and Dhar and 

Rakhecha, 1981) 

In the absence of long-term climate data with acceptable representation of UIB climate, 

most of the climate-change studies have relied on either the very thin climatic 

observation network records or the gridded datasets based on them. In all these cases, 

either the data have acceptable quality, but shorter duration, or have huge biases, 

especially, in case of precipitation in regions with higher altitudes. These biases are 

further amplified when this data is used as reference for  bias correction or downscaling 

of climate projections, making the results questionable.  

 

Figure 5.2: Reference climate data: a) Mean annual precipitation (mm), b) mean temperature- 

maximum (°C) and   c) mean temperature- minimum (°C) 

In the current study, therefore, a new long term climate dataset has been prepared. The 

work related to this new long-term gridded data product (Khan and Koch 2018a), is 

not included in this paper, but we have utilized this new dataset, instead of the readily 
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available global or regional gridded historical climate datasets, for bias correction, 

downscaling and assessment of the reliability of climate models for the simulations of 

the past climate in the region.  

This gridded precipitation-  and temperature data is derived, based on all the available 

in-situ observations available in the UIB, through reconstruction for the periods before 

the mid-nineties, interpolation and correction for the orography and elevation-induced 

effects guided by available data for runoff, actual evapotranspiration and  glacier mass-

balance (Khan and Koch 2018a). 

Methods 

5.1.3 Selection and shortlisting of GCM’s / RCM’s  

The full spectrum of GCM-projections is wide and attached with large uncertainties  

(Wilby et al., 2014; Pielke and Wilby, 2012; Stakhiv, 2011) and which cascades to even 

a larger spectrum when downscaled or translated in to possible impacts. Furthermore, 

the available future projections differ vastly from each other and may range from “very 

wet to drier” or very warm to colder future climate, so that the models can be 

categorized as representing either Warm-Wet, Warm-Dry, Cold-Wet and Cold-Dry 

corners of the full spectrum, in addition to the projections which are around the median 

tendency of future model projections.  

These issues have led to a lot of diverse views on how to select or use these climate 

model projections, or if at all, these climate models or their downscaled outputs should 

explicitly even be used, or should only be indirectly used instead as guides to generate 

a range of plausible scenarios, more suited for targeted impact studies and practical 

adaptation planning (Wilby and Dessai, 2010). 

In mountainous regions, such as the Upper Indus Basin (UIB), the issue of how to 

proceed with the climate change impact studies becomes more complicated, because 

not only may the uncertainties shown by the climate models for these regions even be  

greater (Sanjay et al., 2017; Mishra, 2015), but also because of the lower margin for 

error, as lives and livelihood of millions of people purely depend on the water resources 

generated in these basins. 

The usual approach of selecting results of a certain model or group of models or opting 

for a scenario with the mean trend of future projection may not be practical, as the full 
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range of possible future climatic conditions needs to be covered, in order to assess the 

full range of expected impacts, required for climate adaptation needs. 

As mentioned earlier, the selection of GCMs can be done following different 

approaches and may be based on a single- or a set of criteria. These approaches may 

include criteria such as: the total amount of change in mean and/or extreme of a 

projected climate variable; the success of a GCM in simulating the past climate for 

means or extremes; or maybe the skill in presenting the same pattern of tele-

connections that drive the climate of the study region, and so on.  

The current study adopts  a combination of some of these approaches and applies a 

step-wise shortlisting of climate models based on a range of projected change in the a) 

mean, b) extremes, and c) skill in reproducing past climate.  

5.1.3.1 Shortlisting based on changes in means 
As a first step, the total number of available model runs (ensemble member r1p1i1) for 

RCP4.5 (42) and RCP8.5, (39) were evaluated and shortlisted based on the change 

presented by them, in terms of the mean annual precipitation sum (ΔP) and the mean 

air temperature (ΔT), averaged across the UIB, between the simulated reference period 

historical data (1975-2005) and the late 21th- century projected data (2071-2100). The 

calculations were done using the web-based application “Climate Explorer” managed 

by the Royal Netherlands Meteorological Institute (KNMI) (http://climexp.knmi.nl).  

As our intention was to identify fewer model runs which best represent the four corners 

of the full spectrum, as well as the central and middle tendencies, we first determined 

the 10th, 50th and 90th percentile values of ΔP and ΔT for the entire ensemble 

considered for each RCP, to explore the extent of the full spectrum of the projected 

changes in temperature and precipitation under that RCP. This was followed by 

determining the four (4) closest projections to each of the corners as well as the centre 

of the spectrum. The total number of shortlisted model runs for each of the two RCPs 

amounted then to 20.  

Details of the different parts of the full spectrum considered during this study are as 

follows: 

a) the Dry-Cold corner, represented by the 10th percentile ΔP as well as 10th 

percentile value of ΔT;  

b) the Dry-Warm corner, represented by the 10th percentile ΔP but the 90th 

percentile value of ΔT;  

http://climexp.knmi.nl/
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c) the Wet-Cold corner, represented by the 90th percentile ΔP and the 10th 

percentile value of ΔT;  

d) the Wet-Warm corner, represented by the 90th percentile values for both 

ΔP as well as ΔT; and finally  

e) the median projected future climate, represented by the 50th percentile 

values of both ΔP and  ΔT 

The identification of the closest model runs to any corner point was done according to 

the procedure suggested by Lutz et al. (2016b). It should be noted that 10th and 90th 

percentiles were selected as the central points of the corners, rather than the maximum 

or minimum values, in order to avoid selection of any outlier projections. 

5.1.3.2 Ranking based on changes in climatic extremes 

To ascertain that preference will be given to those climate model runs that represent 

the full range of projected change in extremes, all the 20 shortlisted model runs, each 

for RCP4.5 and RCP8.5, were further scrutinized and ranked based on their projected 

changes in climatic extremes. To that avail, the ETCCDI indices (Peterson, 2005) 

(Table 5.2) were used to evaluate changes in climatic extremes for air temperature as 

well as precipitation. For the former, changes in the extremes were ranked and 

evaluated based on two indices: the warm spell duration index (WSDI); and the cold  

spell  duration index (CSDI), while for the latter,  consecutive dry days (CDD) and the 

precipitation due to extremely wet days (R99pTOT) were considered.  

The changes in these indices, averaged over the UIB and over  30 years, between the 

reference period (1975-2005) and the late 21th- century projections  (2071-2100), were 

calculated using the database available at the ETCCDI extremes indices archive 

(http://climexp.knmi.nl), constructed by Sillmann et al. (2013a); Sillmann et al. 

(2013b). 

Table 5.2: List of ETCCDI extreme indices used during the GCM- selection procedure: 

Meteorological 

variable 

ETCCDI index Description of the ETCCDI index 

Precipitation 

R99pTOT Precipitation due to extremely wet days (>99th 

percentile) 

CDD Consecutive dry days: maximum length of dry spell 

(P < 1 mm) 

Air Temperature 

WSDI Warm spell duration index: count of days in a span of 

at least 6 days where TX > 90th percentile  

CSDI Cold spell duration index: count of days in a span of 

at least 6 days where TN < 10th percentile  

http://www.cccma.ec.gc.ca/data/climdex/climdex.shtml
http://climexp.knmi.nl/
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Only the relevant index for the air temperature or for the precipitation was considered 

for each of the previously selected group of models (a set of four! initially shortlisted 

models for each corner or the centre), so that for the models in the Wet-Warm corner 

only the R99pTOT index for precipitation and the WSDI index for temperature were 

considered, because they were the only relevant indices, as R99pTOT indicates extreme 

precipitation events, while WSDI indicates warm spells (Table 5.2). The other two 

indices, i.e. CDD and CSDI, were not considered in this case, however, they were the 

only indices considered for models in the Dry-Cold corner. For each corner the relevant 

indices were given scores based on the ratio of the extreme index to the mean of that 

index, for all the four models in a corner. For example, in the wet-warm corner, the % 

change in R99pTOT for a single model is divided by the mean of the % change in 

R99pTOT for all the four models in that corner. The same procedure was applied for 

WSDI and, finally, both scores are averaged to obtain a final score.  

For each of the extreme index, a weighted score or rank (SkEI) was calculated, with the 

highest among the group getting the highest value of 1, while the others getting rank 

according to their difference to the highest value: 

 1 h t
EI

h

EI EI
Sk

EI

−
= −   (5.1) 

where Sk is the rank or skill score for the specific index “In”, h denotes the highest 

index value in a group and t denotes the target index to be ranked. 

Similarly, in case of the change in means, i.e. Δ T (°C) and Δ P (%), the ranking (Skm) 

was done based on the difference ΔT (°C) or ΔP (%) shown with the percentile value, 

relevant to that group,  

 

th

th

arg10, 50 or 90 percentile

10, 50 or 90 percenti e

m

l

(     ) (     )

(    )
1

 

t etT or P T or
S

P

T or
k

P

   

 

−
= −

  (5.2) 

5.1.3.3 Skill in reproducing reference climate  

The models were also evaluated for their skills in simulation the past climate during 

the reference period (1976-2005). The selected models simulations were compared to 

reference temperature and precipitation gridded dataset (Asim and Koch 2017) and 

were assigned skill scores. We did not use the same method for assigning skill score to 

temperature and precipitation. For assessing the performance of models in simulating 
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past temperature, the method we applied is adopted from Perkins et al. (2007). In this 

method the skill score for temperature is calculated based on the identification of 

similarities between PDFs of modelled data and the reference observed data. A metric 

is generated to calculate the cumulative minimum value of each binned value for the 

two distributions, which represent the common area between two PDFs. This skill score 

( TmpSk ) can be expressed as follows: 

 1

 minimum  ( ,  )
n

Tmp CM ObsSk Z Z=
  (5.3) 

where n is the number of bins used to calculate the PDF,  ZCM is the frequency of values 

in a given bin from the model while ZCM is the frequency of values in a given bin from 

the observed data. This skill score is 1, when there is a perfect match between simulated 

and the observed data, while a score of 0 means no similarities at all. The number of 

bins used in this study to generate the PDFs were 50. 

In case of precipitation, the skill score is calculated by a method proposed  by Sánchez 

et al. (2009) as the product of five skill functions, each assessing similarities between 

modelled and observed data, while covering different aspects of precipitation 

behaviour.  These five skill score functions for a particular model  j are listed below: 
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where ACMj and AObs are the areas below the climate model j`’ s simulated and the 

observed precipitation cumulative density function (PDF) curves, respectively, and A+ 

and A− are the fractional areas over (+) and under (−) the 50th percentile. P denotes the 

average annual precipitation over UIB and σ is the standard deviation of the probability 

distribution function.  

Each of the above factors, is intended to cover different aspects of the model probability 

distribution characteristics, so that the distribution as a whole is taken into account 

through the mean and the total area (eq-5.4 and eq-5.7); the smaller and higher 

precipitation amounts through the 50th- percentile limit (eq-5.5 and eq-5.6); while the 

shape of the distribution is defined through the variance (eq-5.8).  

These five factors are multiplied together to yield a single final skill score (SkPrec) for 

precipitation estimated by each model j: 

 1 2 3 4 5Prec j j j j jSk f f f f f=    
   (5.9) 

As a final step, all the rankings/scores, based on the changes in the means and in the 

extremes, as well as the skill scores for reproducing reference temperature and 

precipitation  are multiplied together to get the final overall skill or rank as follows: 

1   2  EI EI T P Temp PercFinal Skill Score Sk Sk Sk Sk Sk Sk =     
  (5.10) 

Under this skill score a higher value indicates better performance, while a lower value 

indicates otherwise. These skill scores can be further translated to simple ranking of 1 

to 4 for each group of climate models.  

The climate model selection procedure adopted in this study is in line with the approach 

and methods suggested by Lutz et al. (2016b); Perkins et al. (2007); and Sánchez et al. 

(2009), although with certain modifications in the evaluation criteria. For assessing the 

performance of models in simulating past temperature, the method applied is adopted 

from Perkins et al. (2007), while in case of precipitation, guidance is taken from 

Sánchez et al. (2009). A major difference from Lutz et al. (2016b), for  assessing model 

performances in simulating past climate, is the use of new long-term climate data set 

and an additional evaluation step for assessing model runs for their skill in reproducing 

the annual cycle of precipitation and temperature as well.  
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5.1.4 Downscaling and bias correction 

After the shortlisting and ranking of the GCM’s, the next step was to address the two 

primary issues inhibiting impacts studies: firstly, the coarse spatial scales represented 

by the GCM may not be as fine as required by regional and local-scale environmental 

modelling or impact studies, and secondly, the GCM’s raw output or their downscaled 

versions, are deemed to contain biases of certain magnitude, relative to the 

observational data, and therefore it had to bias corrected before further use in 

environmental modelling or impact studies. 

The downscaling can be done either through applying statistical downscaling methods 

or through dynamical downscaling via application of a regional climate model (RCMs). 

We decided to explore if any dynamically downscaled, RCM projections are available 

for the already shortlisted and ranked GCM’s. The Coordinated Regional Downscaling 

Experiment (CORDEX) has generated fine-scale climate projections for different 

regions of the world, out of which CORDEX-South Asia experiments cover the UIB 

region. We found that for four of the selected GCM’s at 1st rank and one GCM at 2nd 

rank, CORDEX-RCM model projections are available. These RCM- projections 

provide dynamically downscaled data at a resolution of ~ 50 km for all our selected 

GCM’s. The data for the relevant GCM-RCM combinations were downloaded, but 

needed further downscaling, as the scale was still not fine enough, and also needed to 

undergo bias correction, before further use in hydrological modelling. 

This downscaling and bias correction was achieved by the “Distribution Mapping 

method (DM) (Teutschbein and Seibert, 2012) and it was selected out of five different 

bias correction methods for the precipitation climate variable. These methods include: 

1) Linear scaling (LS); 2) Local intensity scaling (LIS); 3) Power transformation (PT);  

4) Distribution mapping (DM); and 5) Distribution mapping followed by Intensity & 

Frequency scaling (DM-IS).   

For the temperature the selection was made after evaluating the performance of the 

following three bias correction methods, namely, 1) Linear scaling (LS); 2) Variance 

scaling (VS); and 3) Distribution mapping (DM). Further details of these methods can 

be found in Teutschbein and Seibert, (2012). 

 The calibration and validation statistics, along with brief explanations, are provided as 

appendices (supplementary material: Appendix-A- Table-A1 & A2).  
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Results 

5.1.5 Selection of climate models 

5.1.5.1 Shortlisting of models: changes in climatic means 

The results of the initial shortlisting of the GCM-model runs are given in Fig 5.3 and 

Fig 5.4. In this step, only those GCM-runs were retained which showed minimal 

difference with the 10th, 50th  and 90th percentile values of Δ T (°C) and Δ P (%), so 

that, for each RCP, we were left with sets of 4 GCM runs at each corner and 4 in the 

middle, while the remaining model runs were not processed any further. In this way, a 

total of 20 model runs were selected for each RCP. 

It is worth mentioning that the range of projections for ΔT and ΔP for the RCP8.5 

model pool was much larger than for the RCP4.5 model pool. For the latter, more 

extreme RCP,  ΔP ranges  from -5.42 % to 19.56% while ΔT ranges from 1.26 °C to 

5.41 °C, while for the former (RCP4.5) these ranges are much higher, with ΔP ranging 

between -12.01% and 35.12% and  ΔT between 1.48 °C and 8.57 °C.  

Figure 5.3: Projected changes in mean air temperature (ΔT) and annual precipitation sum (ΔP) 

between 2071–2100 and 1971–2000 for all included RCP4.5 GCM runs. Blue crosses 

indicate the 10th, 50th and 90th percentile values for ΔT and ΔP. The model runs shortlisted 

during this step are indicated with red color. 
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The shortlisted GCM-runs were also ranked according to their differences with the 10th, 

50th or 90th percentile values in the respective corner or centre. This ranking was 

intended for use in the final selection step, so that the model runs, which show closest 

representation of the group of models or type of scenarios (Warm-Wet, Warm-Dry, 

Cold-Wet, Cold-Dry or the Median), get preference during the final selection. 

It should be noted the term Cold used in the “Wet-Cold” and “Dry- Cold” scenarios 

does not mean that the future temperatures will be colder than those of the reference 

period, but rather indicates that the warming will be less than that of the Warm 

scenarios.  Similarly, the term Dry, in the scenarios “Dry-Cold” and “Dry-Warm” is 

also only indicative of its comparative position, relative to other climate models.  

5.1.5.2 Ranking based on changes in climatic extremes 

The 20 shortlisted model runs for each RCP, were further scrutinized and ranked based 

on their projected changes in climatic extremes. The details of the projected changes in 

selected extreme indices are given in Table 5.3. The darker colours indicate the higher 

values while the lighter indicates lower values. These indices were given a weighted 

rank/score based on their difference with the highest value in the group of four model 

runs in a corner. 

Figure 5.4: Projected changes in mean air temperature (ΔT) and annual precipitation sum (ΔP) between 

2071–2100 and 1971–2000 for all included RCP8.5 GCM runs. Blue crosses indicate the 

10th, 50th and 90th percentile values for ΔT and ΔP. The model runs shortlisted during this 

step are indicated with red color.  
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In most cases the model run with the highest or the lowest changes in mean 

precipitation or temperature are coincided by the highest change in relevant extreme 

index as well. 

The index Δ R99pTOT (%) was evaluated to represent the “Wet” scenarios, while the 

Δ CDD (%) represented the “Dry” scenario. Similarly Δ WSDI (%) was considered for 

the “Warm” scenarios while Δ CSDI (%) for the “Cold” scenarios. In this way a set 

of two (2) indices out of the four (4), were evaluated for each of the scenario: Warm-

Wet; Warm-Dry; Cold-Wet; and Cold-Dry.  

The GCM runs were also ranked based on the weighted score calculated (eq-5.1) for 

the relevant extreme indices. Similar to the rank assigned based on means, this ranking 

was intended for use in the final selection step, so that the model runs, which show the 

largest changes in the extreme indices for each of the corner:  Warm-Wet, Warm-Dry, 

Cold-Wet or Cold-Dry, get preference during the final selection. Unlike the four 

corners, evaluation based on the extreme indices was not carried for the central or the 

mean scenario. The ranking and scores for means, extreme indices as well as the skill 

scores for simulating reference climate are presented in Table 5.4 and Table 5.5 for 

RCP4.5 and RCP8.5 respectively. 

5.1.5.3 Ranking based on changes in climatic extremes 

The 20 shortlisted model runs for each RCP, were further scrutinized and ranked based 

on their projected changes in climatic extremes. The details of the projected changes in 

selected extreme indices are given in Table 5.3. The darker colours indicate the higher 

values while the lighter indicates lower values. These indices were given a weighted 

rank/score based on their difference with the highest value in the group of four model 

runs in a corner. 

In most cases the model run with the highest or the lowest changes in the mean 

precipitation or temperature are coincided by the highest change in relevant extreme 

index as well. 

The index Δ R99pTOT (%) was evaluated to represent the “Wet” scenarios, while the 

Δ CDD (%) represented the “Dry” scenario. Similarly Δ WSDI (%) was considered for 

the “Warm” scenarios while Δ CSDI (%) for the “Cold” scenarios. In this way a set 
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of two (2) indices out of the four (4), were evaluated for each of the scenario: Warm-

Wet; Warm-Dry; Cold-Wet; and Cold-Dry.  

The GCM runs were also ranked based on the weighted score calculated (eq-5.1) for 

the relevant extreme indices. Similar to the rank assigned based on means, this ranking 

was intended for use in the final selection step, so that the model runs, which show the 

largest changes in the extreme indices for each of the corner:  Warm-Wet, Warm-

Dry, Cold-Wet or Cold-Dry, get preference during the final selection. Unlike the four 

corners, evaluation based on the extreme indices was not carried for the central or the 

mean scenario. The ranking and scores for means, extreme indices as well as the skill 

scores for simulating reference climate are presented in Table 5.4 and Table 5.5 for 

RCP4.5 and RCP8.5 respectively. 

Table 5.3: Percentage change in ETCCDI indices (R99pTOT, CDD, WSDI, and CSDI) along with 

change in mean Precipitation (Δ P %) and Temperature (Δ T °C), for all  corners/scenarios 

(Warm-Wet, Warm-Dry, Cold-Wet and Cold-Dry) and both RCP’s (RCP4.5 & RCP8.5)  

Projectio

n 
Model 

Δ R99pTOT 

(%) 

Δ CDD 

(%) 

Δ WSDI 

(%) 

Δ CSDI 

(%) 

Δ P 

(%) 

Δ T 

(°C) 

RCP 4.5 

Wet-

Warm 

CanESM2 29.0 -7.2 814 -96.2 13.0 3.6 

HadGEM2-ES 28.6 12.5 1002 -98.7 3.7 3.6 

MIROC5 76.4 -8.8 938 -96.3 12.1 4.0 

MIROC-ESM-

CHEM 
19.8 2.2 611 -89.9 6.7 3.8 

Wet-Cold 

bcc-csm1-1-m 45.3 -1.0 298 -87.6 5.0 2.2 

GFDL-ESM2M 42.4 -4.9 202 -61.6 4.9 1.8 

IPSL-CM5B-LR 32.2 -11.7 293 -81.6 5.2 2.0 

MRI-CGCM3 59.6 -7.5 471 -89.8 9.0 2.2 

Dry-

Warm 

ACCESS1-0 46.4 0.9 656 -92.1 3.47 3.5 

CMCC-CMS 61.9 7.1 454 -89.8 -3.35 3.6 

IPSL-CM5A-MR 54.5 12.0 604 -90.2 1.28 3.9 

MIROC-ESM 26.8 1.8 718 -97.0 2.41 4.2 

Dry-Cold 

CCSM4 4.8 -0.8 323 -92.0 4.54 2.4 

GFDL-ESM2G 16.2 -0.1 373 -70.9 2.14 2.2 

inmcm4 2.0 4.3 216 -48.9 -5.29 4.2 

MPI-ESM-LR 42.3 17.7 406 -89.1 -5.76 2.8 

RCP 8.5 

Wet-

Warm 

CanESM2 101.7 -12.3 1181 -97.3 18.5 6.7 

GFDL-CM3 9.7 -5.0 1426 -100.0 9.0 8.6 

MIROC5 257.2 -13.4 1640 -98.5 35.1 6.2 

MIROC-ESM-

CHEM 
28.5 14.5 1314 -100.0 6.6 7.6 

Wet-Cold 

GFDL-ESM2G 95.9 -1.0 668 -99.0 12.6 4.7 

GFDL-ESM2M 72.9 -3.1 1696 -95.5 13.5 4.2 

CNRM-CM5 68.6 -3.5 638 -96.1 14.1 4.1 

MRI-CGCM3 195.5 -12.6 1309 -98.4 24.1 4.6 

Dry-

Warm 

IPSL-CM5A-LR 94.5 23.3 1022 -97.6 -

12.0

1 

7.0 

IPSL-CM5A-MR 194.6 9.3 1358 -99.1 -2.95 7.1 

MIROC-ESM 9.5 4.4 1521 -100.0 0.06 7.3 

CMCC-CMS 143.9 18.8 985 -99.9 -2.26 6.0 

Dry-Cold 

MPI-ESM-LR 136.0 29.1 1067 -98.2 -4.49 5.2 

CCSM4 48.3 7.0 871 -99.5 0.86 4.6 

inmcm4 61.3 4.7 849 -85.9 1.48 4.1 

NorESM1-M 107.1 3.5 1010 -98.6 6.01 4.6 
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5.1.5.4 Ranking based on past performance  

After checking the model runs for their projected changes in means and extreme 

indices, they were finally evaluated for their skill in reproducing the reference 

precipitation and temperature data.  

Table 5.4: Weighted ranks for all shortlisted RCP4.5-GCM runs based on change in means (e & f), 

change in extremes (a,b,c & d) and  their skill scores for simulating reference precipitation 

and air temperature(g & h) 

Projection Climate Model 
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Wet-Warm 

CanESM2 0.38  0.85  0.97 0.63 0.79 0.36 0.57 2 

HadGEM2-ES 0.37  1.00  0.94 0.39 0.73 0.29 0.29 3 

MIROC5 1.00  0.94  0.95 0.72 0.81 0.38 1.93 1 

MIROC-ESM-CHEM 0.26  0.61  1.00 0.71 0.71 0.25 0.20 4 

Wet-Cold 

bcc-csm1-1-m 0.74   0.93 0.77 0.53 0.71 0.40 0.80 3 

GFDL-ESM2M 0.71   0.75 0.97 0.52 0.79 0.41 0.88 2 

IPSL-CM5B-LR 0.54   1.00 0.94 0.55 0.71 0.14 0.28 4 

MRI-CGCM3 1.00   0.90 0.82 0.96 0.78 0.35 1.91 1 

Dry-Warm 

ACCESS1-0  0.07 0.91  0.93 0.78 0.77 0.35 0.14 2 

CMCC-CMS  0.59 0.75  0.97 0.81 0.70 0.31 0.75 4 

IPSL-CM5A-MR  1.00 1.00  0.97 0.59 0.79 0.33 1.52 1 

MIROC-ESM  0.15 0.81  0.87 0.92 0.74 0.22 0.16 3 

Dry-Cold 

CCSM4  0.05  1.00 0.64 0.34 0.79 0.26 0.02 3 

GFDL-ESM2G  0.00  0.77 0.58 0.56 0.75 0.32 0.00 4 

inmcm4  0.24  0.53 0.89 0.76 0.66 0.35 0.20 2 

MPI-ESM-LR  0.98  0.97 0.75 0.72 0.75 0.32 1.23 1 

Mean 

NorESM1-M     0.94 0.58 0.79 0.43 1.83 1 

bcc-csm1-1-m     0.76 0.70 0.76 0.44 1.76 2 

GFDL-ESM2G     0.87 0.85 0.75 0.32 1.77 2 

CMCC-CMS     0.56 0.20 0.70 0.31 0.24 4 

The ranking for past performance utilized a new set of reference precipitation and 

temperature data (Khan and Koch, 2018a), averaged over the UIB. The skill scores 

were calculated following the procedure of Section 2.3.1.3, and are presented in 

columns g & h in Tables 5.4 and 5.5. For most scenarios, the same models performed 

better than the others for both RCPs, in simulating past climate.  

After allocating the skill score based on the past performance, the final skill scores and 

ranks were calculated by multiplying all the relevant skill scores allocated to each 

model run. The final ranks were allocated to each scenario, with the highest rank 

allotted to the model run with highest final skill score, and so on.  
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It is interesting to note that for the 4  scenarios, Warm-Dry, Cold-Wet, Cold-Dry and 

Median, for both RCP’s, the same GCMs get the highest skill scores and ranks. The 

only exception is the Warm-Wet scenario, where different models top the ranking.  In 

this scenario, for RCP4.5 the GCM “MIROC5” is at the top rank, followed by 

“CanESM2”, while for  RCP8.5, the ranking of these two GCMs is reversed. 

Table 5.5: Similar to Table 5.4. but for RCP8.5.  

Projection Climate Model 
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Wet-Warm 

CanESM2 0.40  0.72  0.93 1.00 0.79 0.36 0.76 1 

GFDL-CM3 0.04  0.87  0.80 0.48 0.71 0.39 0.04 3 

MIROC5 1.00  1.00  0.86 0.10 0.81 0.38 0.27 2 

MIROC-ESM-CHEM 0.11  0.80   0.94 0.36 0.71 0.25 0.05 3 

Wet-Cold 

GFDL-ESM2G 0.49   0.97 0.89 0.68 0.75 0.32 0.69 4 

GFDL-ESM2M 0.50   1.00 1.00 0.73 0.79 0.34 0.97 2 

CNRM-CM5 0.35   1.00 0.98 0.76 0.81 0.41 0.87 3 

MRI-CGCM3 1.00   0.98 0.90 0.70 0.78 0.35 1.65 1 

Dry-Warm 

IPSL-CM5A-LR  1.00 0.67  0.98 0.41 0.79 0.33 0.71 2 

IPSL-CM5A-MR  0.40 0.89  1.00 0.84 0.78 0.34 0.79 1 

MIROC-ESM  0.19 1.00  0.98 0.60 0.74 0.22 0.18 4 

CMCC-CMS  0.81 0.65  0.84 0.78 0.70 0.31 0.74 2 

Dry-Cold 

MPI-ESM-LR  1.00  0.86 0.73 0.96 0.75 0.31 1.42 1 

NorESM1-M  0.12  0.85 0.64 0.01 0.79 0.50 0.00 2 

CCSM4  0.24  0.84 0.64 0.48 0.79 0.26 0.13 4 

inmcm4  0.16  1.00 0.57 0.42 0.66 0.34 0.09 2 

Mean 

NorESM1-ME     0.93 0.91 0.79 0.50 3.34 1 

GFDL-ESM2G     0.95 0.09 0.75 0.32 0.21 2 

CCSM4_r1i1p1     0.93 0.13 0.79 0.26 0.25 2 

bcc-csm1-1     0.92 0.86 0.77 0.28 1.70 4 

5.1.5.5 Limitations of the model selection procedure 

In the previous section the step-wise shortlisting of the various climate models was 

based on range of projected change in a) mean, b) extremes, and c) skill in reproducing 

the past climate. Although the main aim of this approach was to combine the strengths 

of two different methodologies, i.e. the selection of the GCMs based on the properties 

of the full range of projections and the selection procedures based on past-performance, 

certain limitations are unavoidable and need to be discussed.  
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First of all, the analysis  considered only selected models based on the changes in the 

means and only the ensemble member r1p1i1, resulting in a reduced number of GCM 

runs for evaluation and possibly a smaller range of the climatic extremes. This may 

also have led to screening out, possibly the models which may have better past-

performance.  

Similarly, another issue is concerned with the scale at which the method was applied. 

During the shortlisting step and also during the evaluation of extreme indices, the 

projected changes or ETCCDI extremes indices were averaged over the entire UIB, 

which have the capability to decreased the spatial variation in projected changes.  

Additionally the weighting of different skill scores in this study also differed for the 

similar work, such as Lutz et al. (2016b). In our study, the final skill score was a 

combination of scores allocated for change in mean, change in extremes as well as 

performance in reproducing past climate. This may have reduce the chances of 

selection of the climate model with the best past-performance, but increase the chance 

of better spread of scenarios over the entire range while still taking past-performance 

as a key factor in selections. Our model selection approach also assumes that all the 

evaluated model runs, are independent of each other, which may not be the case as 

some models use same forcing and validation data or may share similar model code. 

(Knutti et al., 2013; Jun et al., 2008 etc.). 

Despite these limitations, the adopted approach made it possible for us to identify a 

limited number of model runs, representative of the full range of  future projected 

means and extremes while given due preference to models which perform better in 

simulating reference climate. 

5.1.6 Bias correction and downscaling of future climate scenarios 

The future climate projections of the selected climate models needed to be downscaled 

and corrected for biases, before further use in hydrological model simulation. 

Therefore, as a first option, all the dynamically-downscaled climate projections 

available for UIB were checked if any Regional Climate Model (RCM) projections 

were available, which have dynamically downscaled projections (Table 5.6) for the 

already shortlisted GCM, of first or second position in the ranking. We found that, for 

both RCP’s, the outputs of at least three (3) CORDEX-SA experiments were based on 

our selected GCM’s, ranking 1st in our study (IPSL-CM5A-MR_RCA4, MPI-ESM-
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LR_RCA4 and NorESM1-M_RCA4). The GSM CanESM2, which is at 2nd rank for 

RCP4.5 and at 1st for RCP8.5, has dynamically downscaled projections under 

CORDEX-SA experiments, “CanESM2_RegCM4-4. The output of one CORDEX-SA 

experiments (GFDL-ESM2M_RCA4) is based on GFDL-ESM2M, which is ranked at 

2nd position for both the RCP’s, in our study (Table 5.4 or 5.5).  

It was decided to utilize the available dynamically downscaled data for our selected 

GCM’s, ranked at 1st or 2nd positions in our study. Therefore, five CORDEX-SA 

experiments (Table 5.6), including IPSL-CM5A-MR_RCA4; MPI-ESM-LR_RCA4; 

NorESM1-M_RCA4; Can ESM2_RegCM4-4, and GFDL-ESM2M_RCA4 were opted 

for further processing and bias correction. These five GCM’s, have been dynamically 

downscaled by CORDEX, using two different RCMs (RCA4 and RegCM4). Their 

RCM outputs are at considerably finer scale (0.44º) then the source GCM’s. 

Table 5.6: List of CORDEX South Asia experiments for RCP8.5 and their CMIP5 forcing 

Nr Scenario Experiment Name–Short Form Driving AOGCM RCM RCM Description 

1 Wet-Warm CanESM2_RegCM4-4 CAN CCCma-CanESM2 (1st) RegCM4 

The Abdus Salam International 

Centre for Theoretical Physics (ICTP) 

Regional Climatic Model version 4 

(RegCM4; (Giorgi et al., 2012) 

2 Wet-Cold GFDL-ESM2M_RCA4 GFDL 
NOAA-GFDL-GFDL-

ESM2M (2nd) RCA4 

 

Rossby Centre regional atmospheric 

model version 4 (RCA4; (Samuelsson 

et al., 2011) 

3 Mean NorESM1-M_RCA4 NOR Nor-ESM1-M (1st) 

4 Dry- Cold MPI-ESM-LR_RCA4 MPI MPI-ESM-LR (1st) 

5 Dry-Warm IPSL-CM5A-MR_RCA4 IPSL IPSL-CM5A-MR (1st) 

 

5.1.7 Projected changes in temperature and precipitation 

The five (5) selected (CORDEX-SA) RCM outputs were further bias-corrected using 

the “distribution mapping technique” [42] for RCP4.5 and RCP8.5 for two sets of 

durations i.e. mid-century (2041-2070) and end-century (2071-2100). Major properties 

of the downscaled projections are given in Table 7, 

The downscaled projections show changes in temperature, ranging from 2.3 °C to 6.33 

°C for RCP4.5 and of 2.92 °C to 9.0 °C for RCP8.5. The downscaled and bias- corrected 

precipitation ranges from a minor increase of 2.2% for the drier scenarios to as high as 

15.9% for the wet scenarios.  Thus, both temperature and precipitation show increases, 
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as do the extremes, since the probabilities of the wet days are projected to decrease, 

while the precipitation intensities are projected to increase unanimously for both RCPs.  

Table 5.7: Future precipitation- and temperature projections from 5 GCM- models, 2 RCP’s and 2 

periods 

The spatial distribution of the projected future changes for precipitation and 

temperature across the UIB also show certain distinct trends. Thus, the precipitation 
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(Figure 5) over the mid-century (2041-2070) as well as the late century (2071-2100) 

reveals for all scenarios a remarkable decrease in the south-eastern parts of the basin, 

but an increase in the northeastern parts. This decrease/increase is particularly intense 

for the “Dry-Warm” and the “Median” scenarios over the late 21st century. 

The spatial distribution of the projected changes for in temperature (Figure 6) also 

shows similarities across all scenarios, with the northern and north-western parts of the 

basin exhibiting higher increases, while the eastern and southern parts experience a 

comparatively smaller temperature increase. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For RCP8.5, the projected temperature changes appear to be very high over the late 

21th century and this occurs under all scenarios, especially for the “Warm”   scenarios, 

with an almost uniform spread across the whole UIB. The projected temperature 
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Figure 5.5: Spatial distribution of projected precipitation change across the UIB over the mid (2014-

2070) and the late- (2071-2100) 21th century for 5 models and 2 RCP’s.  The figure is 

arranged in a tabular form where 1st and 2nd column represent projected change in 

Precipitation for RCP 4.5, for the mid-century (2014-2070) and the late-century (2071-

2100), respectively, while columns 3rd and 4th show the projected change in mid-century 

and the late-century precipitation for RCP 8.5, respectively. The rows represent the 

climate models used. 
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changes range for all RCP’s and the two 20th –century periods from a minimum 

increase of 3.76 °C (NorESM1-M_RCA4, RCP4.5, Period: 2041-2070) to a maximum 

increase as high as 10.4 °C (IPSL-CM5A-MR_RCA4, RCP8.5 and period: 2071-2100). 

 

Figure 5.6: Similar to Figure 5, but for the temperature changes. 

Conclusions 

It is essential to have representative future climate projections of appropriate quality 

for climate change impact studies, especially, in the water resource sector. Despite the 

availability of an increased number of GCM’s output in the CMIP5 archive, and the 

on-going improvements in their process representations, issues of large uncertainties in 

their future climate predictions cannot be avoided. This situation, along with other 

factors, such as time, human resources or computational constraints, make it imperative 

to sort out the most appropriate, individual or a small ensemble of GCM’s for a more 

reliable assessment of climate change impacts.  

The approach presented in the present study seeks the most suitable set of climate 

model runs, while considering not only the full ranges of projected changes in terms of 
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means and extremes by different climate models, but also their skills in simulating the 

past climate in a reference period.  

 

This selection procedure was applied for future climate projections over the Upper 

Indus Basin for two representative concentration pathways (RCPs), the RCP 4.5 and 

RCP 8.5. All available model runs for the r1p1i1 ensemble member of each GCM in 

the CMIP5 repository were included in the initial list. The total number of model runs 

available for RCP4.5 is 42 and 39 for RCP8.5.   

Based on the huge uncertainties reported in the GCM runs for the UIB, all possible 

future extreme scenarios  (Wet-Warm, Wet-Cold, Dry-Warm, Dry- Cold) were 

considered, in addition to the selection of GCMs representing the mean future climate 

change, with respect to both changes in the projected means and the  extremes. This 

procedure made it possible to arrive at a limited number of climate models, out of which 

the final selection was carried by assigning ranks based on the weighted score for each 

of the mentioned selection criteria.  

Finally, the precipitation and temperature time series of the selected GCM model runs 

were bias corrected and further downscaled to the scale of the reference data by means 

of a distribution mapping technique. The ensembles of the selected GCM runs for 

RCP4.5- and RCP8.5- scenarios show that the uncertainty of future climate in the study 

region is very large for the raw data as well as their downscaled versions.  

The downscaled projections indicate increases of the temperature ranging between 2.3 

°C and  9.0 °C and  changes for the precipitation that range, from a slight annual 

increase of 2.2%  under the drier scenarios,  to as high as 15.9% for the wet scenarios. 

Thus, for both temperature and precipitation, the future projections under all scenarios 

and both RCP’s only show increases in the mean annual values, with no negative trend.  

Moreover, for all scenarios, the future precipitation is projected to be more extreme, as 

the probability of wet days will decrease, while, at the same time, the precipitation 

intensities will increase unanimously.  

The spatial distribution of the downscaled predictors, namely, the precipitation, also 

shows distinct patterns across the UIB, such that this variable shows for all time 

periods/scenarios considered a distinct decrease in the south-eastern parts, but an 
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increase in the northeastern parts of the basin. This decrease/increase is particularly 

intense for the “Dry-Warm” and the “Median” scenarios over the late 21st century. 

 

Overall, the future climate of the UIB region remains very uncertain, which justifies 

the selection procedure proposed here to arrive at a wider range of possible climate 

scenarios that can then be further utilized and translated into a wider spectrum of 

climate change impact scenarios.  
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 Supplementary Materials  

App-5.I Description of bias correction Methods 

The current study evaluated five different methods for bias correction and downscaling 

of precipitation projections and three methods for temperature. The work mainly follow 

the methodology suggested by Teutschbein and Seibert, (2012), with an additional 

method for precipitation, which combine a method suggested by Teutschbein and 

Seibert, (2012) with a post processing frequency scaling step to ascertain that same 

ratio of wet days as possessed by “raw historical to raw-scenario” prevails in the 

“observed to correct scenario”. Most of the processing were carried out using the 

“CMhyd” (Climate Model data for hydrologic modeling) tool, by Rathjens et al (2016) 

available at “https://swat.tamu.edu/software/cmhyd/”.  

A brief overview of these methods is given in the following sections while for detail 

description of these methods. Teutschbein and Seibert, (2012) and Rathjens et al 

(2016), can be consulted. 

App-5.I.a Linear scaling of precipitation and temperature (LS) 

The linear-scaling method is based on work of Lenderink et al., (2007). It first generate 

monthly correction values, equal to the differences between observed and historical 

(present-day) simulated values. the method entails by definition, that the corrected 

GCM/RCM simulations agree perfectly with the observations, in their monthly mean 

values.  

In case of precipitation the correction factor is based on the ratio of long-term monthly 

mean observed and long-term monthly mean control/historical run data, While in case 

of temperature, the correction is done with the help of an additive factor based on the 

difference between the long-term monthly mean observed and long-term monthly mean 

control/historical simulation run data.  

App-5.I.b Local Intensity Scaling (LIS) 

The local intensity and frequency scaling method (LIS) used here is a slightly modified 

version of the method suggested by Schmidli et al., (2006), for Climate model 

downscaling. This method corrects adjusts the mean as well as both wet-day 

frequencies and wet-day intensities of precipitation time series, by effectively matching 

the climatological wet-day frequency and intensity  of the historical/control run with 

https://swat.tamu.edu/software/cmhyd/
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that  of the observer data, and then applying the same calibrated RCM precipitation 

threshold to adjust the future scenario. The LIS method consists of three steps. In the 

first step, at each point location, a wet-day threshold for the mth month “WDTP” is 

determined from the daily historical model precipitation series, such that the threshold 

exceedance matches the wet-day frequency at the same location in the observed 

precipitation series.  

In a second step, a scaling factor is calculated from the wet-day intensities for each 

month by: 
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In the third step, this scaling factor for each month is applied to the daily scenario time 

series (above the threshold) to ensure that the mean of the corrected precipitation match 

to that of the observed precipitation at these locations. 
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Here ,

obs

m dP  and ,

s

m dP  are daily precipitation values of the observations and the scenario 

run for a specific month respectively,   indicate the long term averages, ,

h

m dWDT  is 

the wet-days threshold for each month and ( )

s

corP is the corrected scenario precipitation.  

The local intensity and frequency scaling could be calibrated on a monthly, seasonal or 

annual scale. In the current study the precipitation series at the point locations were 

corrected for wet-day frequencies and intensities on a monthly scale. During this 

exercise, a total of 24 fitting parameters were determined, including 12 ,

h

m dWDT  and 

12 msf ,(one for each month). 

App-5.I.c Power transformation of precipitation (PT) 

Power transformation is a step forward from the linear scaling, as it does not only 

accounts for a bias in the mean but also allow for adjusting differences in the variance. 

To do this, a non-linear correction in an exponential form, (Leander et al., 2008), may 

be used to exactly apply adjustments to the variance statistics of a precipitation time 

https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0185
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series. In this correction each of the daily precipitation amount P is converted to a 

corrected P* using: 

P*=aPb 

In this case, the parameter b is estimated following Brent’s method (Brent, 1971), with 

a distribution-free approach on a monthly basis using a interval-centred, 90-day 

window. First, b is identified by matching the coefficient of variation (CV) of the 

corrected daily historical precipitation (Pb) with the CV of observed daily precipitation 

(Pobs) for each month m. The identified b, is than applied to correct the scenario series. 

The parameter b is determined iteratively, following Brent’s method (Brent, 1971). 

Whereby the CV of the corrected daily historical precipitation (P*) is matched with the 

CV of  the observed daily precipitation (P) for each month m.. This is done with a 

distribution-free approach on a monthly basis using a interval of 30 days before and 

after the considered month. The identified b, is than applied to correct the scenario 

series. In this way, the CV is only a function of parameter b according to:  

CV(P ) = function(b) 

After correction for variance, the data also subjected to the slandered liner scaling 

correction, explained above in section App-5.1a  

App-5.I.d Variance scaling of temperature (VS) 

Similar to power transformation, a corresponding stepwise approach to correct both the 

mean and the variance of temperature time series (without a power function), proposed 

by Chen et al., 2011a, Chen et al., 2011b, is adopted for variance scaling of temperature 

.  

1. In a first step, the means of the historical model simulated time series are 

adjusted by linear scaling (App-5.1.a), and standard deviations as well as means  

are calculated for both; 

2. In second step, the mean-corrected historical/control and scenario runs are 

shifted to a zero mean on a monthly basis; 

3. In third step, the standard deviations of the historical/control and scenario runs, 

with zero means, are scaled based on the ratio of standard deviations of observed 

and historical/control-run identified in step-1 

https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0050
https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0050
https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0060
https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0065
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4. Finally, corrected time series in step-3 are shifted back using the corrected mean 

derived in step-1 

By definition, this approach ascertains that the adjusted model historical/control run 

match with the mean and standard deviation / variance of the observed series. 

App-5.I.e Distribution mapping of precipitation and temperature (DM) 

The distribution mapping (DM), as mentioned here, correct the distribution function of 

simulated climate values to agree with the observed distribution function. This is done 

by generating a transfer function to shift the occurrence distributions of precipitation 

and temperature (Sennikovs and Bethers, 2009). This approach is also called 

‘probability mapping’, ‘quantile–quantile mapping’ or ‘histogram equalization’ etc. 

For distribution mapping of precipitation we assumed that the precipitation events 

follow The Gamma distribution (Thom, 1958), while in case of temperature, the 

Gaussian distribution (Cramér, 2016) is assumed to be the best fit. 

App-5.I.f Distribution mapping and Intensity/Frequency scaling of precipitation 

(DM-IS) 

This is a modified version of the distribution mapping (DM) method, in which the 

magnitudes and frequency of precipitation are adjusted once more after the DM, to 

ensure that the relation between raw historical and raw scenario run, in terms of 

frequency as well as magnitudes, is reflected in the observed and corrected scenario 

runs. 

The intensity and frequency scaling method (IS) used here is different than the one 

mentioned above (App-5.1b). This method adjusts the ratio of the means as well as 

wet-day frequencies of scenario run to the observed precipitation time series, by 

effectively matching these ratios in the model simulation from historical to scenario 

runs (raw). The IS method consists of three steps.  

In the first step, the ratio between wet-day frequencies of uncorrected scenario run to 

the uncorrected historical run (wdf-raw), as well as the ratio between wet-day frequencies 

of scenario run to the observed precipitation (wdf-corr) is calculated. 

 

,
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sc
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e raw

m d

his raw
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raw

d

wd
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wd

−

−− =
  (5.13) 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/distribution-functions
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/transfer-functions
https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0280
https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0320
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/normal-density-functions
https://www.sciencedirect.com/science/article/pii/S0022169412004556#b0080
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In second step, at each point location, a wet-day threshold for the mth month “ ,

DM

m dWDT ” 

is determined from the daily corrected scenario precipitation series, such that the 

threshold exceedance confirm that ratio of wdf-DM,obs match with that of wdf-raw.  

In the third step, a scaling factor is calculated from the wet-day intensities for each 

month by: 

 

,

, , ,

( )

(  given )

obs
m d

m s DM s DM DM
m d m d m d

P
sf

P P WDT



 − −
=

   (5.15) 

In the third step, this scaling factor for each month is applied to the daily scenario time 

series (above the threshold) to ensure that the mean of the corrected precipitation match 

to that of the observed precipitation at these locations. 
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  (5.16) 

Here ,
obs

m dP  and ,
s DM

m dP −
 are daily precipitation values of the observations and the DM-

corrected scenario run for a specific month respectively,  indicate the long term 

averages, ,
DM

m dWDT
 
is the wet-days threshold for each month and is the corrected 

scenario precipitation.  

In the current study the precipitation series were corrected for wet-day frequencies and 

intensities on a monthly scale. During this exercise, a total of 24 fitting parameters were 

determined, including 12 ,
DM

m dWDT  and 12 msf (one for each month). 
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App-5.II Calibration and validation statistics  for bias correction Methods 

App-5.II.a Observed precipitation vs Historical-GCM (IPSL) Calibration Period 

 Exceedance probability 
General statistics 

Calibration 
OB H-raw LS LIS PT γDM DM-IS 

A
st

o
r 

 

Mean (mm/d) 1.31 7.04 1.27 1.27 1.29 1.47 1.29 

Max. (mm/d) 118.2 113.4 25.1 28.0 94.0 128.5 89.6 

99th  Percentile 
(mm/d) 23.30 49.38 11.11 12.58 22.62 31.95 22.74 

Median (mm/d) 0.00 2.51 0.40 0.00 0.02 0.00 0.00 

Wet Days Prob. (d) 113.1 333.4 309.4 105.3 204.7 100.9 105.3 

Wet Days Intensity 
(mm/d) 3.94 7.13 1.55 4.27 2.29 4.98 4.21 

B
u
n

ji
 

 

Mean (mm/d) 0.44 6.08 0.44 0.44 0.45 0.50 0.45 

Max. (mm/d) 66.4 82.2 10.3 14.8 74.7 74.6 72.4 

99th  Percentile 
(mm/d) 10.15 40.10 4.08 6.18 8.88 13.18 9.41 

Median (mm/d) 0.00 2.34 0.13 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 44.83 342.8 296.4 43.73 146.7 43.57 43.73 

Wet Days Intensity 
(mm/d) 3.41 6.12 0.65 3.71 1.21 4.06 3.56 

C
h
il

as
 

 

Mean (mm/d) 0.46 7.05 0.47 0.47 0.47 0.52 0.47 

Max. (mm/d) 68.0 107.1 10.2 12.3 58.0 51.2 57.7 

99th  Percentile 
(mm/d) 9.42 51.62 4.17 5.16 9.13 11.96 9.16 

Median (mm/d) 0.00 2.00 0.12 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 76.83 323.4 276.3 72.93 152.9 72.23 72.93 

Wet Days Intensity 
(mm/d) 2.13 7.35 0.72 2.36 1.22 2.59 2.31 

G
il

g
it
 

 

Mean (mm/d) 0.39 6.10 0.39 0.39 0.39 0.45 0.39 

Max. (mm/d) 54.6 85.3 11.3 13.1 104.4 71.7 104.1 

99th  Percentile 
(mm/d) 8.30 42.35 3.87 4.67 7.57 10.96 7.70 

Median (mm/d) 0.00 2.03 0.10 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 75.40 334.4 280.3 72.07 136.0 63.27 72.07 

Wet Days Intensity 
(mm/d) 1.81 6.22 0.63 2.01 1.12 2.52 1.88 

G
u

p
is
 

 

Mean (mm/d) 0.61 4.70 0.57 0.57 0.57 0.63 0.57 

Max. (mm/d) 147.3 73.6 17.6 36.5 177.9 236.9 169.6 

99th  Percentile 
(mm/d) 16.50 33.90 5.76 11.87 11.41 16.04 12.77 

Median (mm/d) 0.00 1.39 0.11 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 30.17 334.9 294.6 28.73 128.6 28.47 28.73 

Wet Days Intensity 
(mm/d) 6.47 4.88 0.82 6.72 1.61 6.95 6.57 

S
k

ar
d
u
 

 

Mean (mm/d) 0.65 6.47 0.71 0.72 0.75 0.79 0.75 

Max. (mm/d) 82.0 96.9 24.2 34.0 113.7 128.4 109.6 

99th  Percentile 
(mm/d) 13.10 40.87 5.36 8.71 13.88 17.95 14.43 

Median (mm/d) 0.00 3.00 0.29 0.00 0.01 0.00 0.00 

Wet Days Prob. (d) 60.37 342.9 314.1 59.77 189.2 59.77 59.77 

Wet Days Intensity 
(mm/d) 1.31 7.04 1.27 1.27 1.29 1.47 1.29 
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App-5.II.b Observed precipitation vs Historical-GCM (IPSL)-Validation period 

 

 Exceedance probability 
General statistics 

Validation 
OB H-raw LS LIS PT γDM DM-IS 

A
st

o
r 

 

Mean (mm/d) 1.51 7.07 1.29 1.29 1.24 1.37 1.24 

Max. (mm/d) 100.3 129.4 25.7 28.6 89.5 91.6 88.9 

99th  Percentile 
(mm/d) 27.21 46.28 10.65 11.91 20.34 30.00 20.84 

Median (mm/d) 0.00 2.49 0.42 0.00 0.02 0.00 0.00 

Wet Days Prob. (d) 108.1 340.1 314.4 108.3 206.9 103.5 108.3 

Wet Days Intensity 
(mm/d) 4.62 7.09 1.55 4.24 2.21 4.62 4.05 

B
u
n

ji
 

 

Mean (mm/d) 0.40 6.05 0.45 0.44 0.43 0.48 0.43 

Max. (mm/d) 41.9 116.1 11.1 16.0 68.6 78.5 66.1 

99th  Percentile 
(mm/d) 8.87 38.45 4.07 6.22 8.80 13.10 9.17 

Median (mm/d) 0.00 2.43 0.14 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 69.5 346.5 299.7 44.1 148.1 43.9 44.1 

Wet Days Intensity 
(mm/d) 2.09 5.96 0.66 3.65 1.15 3.99 3.43 

C
h
il

as
 

 

Mean (mm/d) 0.51 7.11 0.48 0.48 0.46 0.49 0.46 

Max. (mm/d) 76.2 148.6 8.8 10.6 49.5 39.1 49.0 

99th  Percentile 
(mm/d) 12.70 49.73 4.38 5.34 8.96 11.84 9.04 

Median (mm/d) 0.00 2.11 0.12 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 63.1 328.4 279.5 76.0 156.0 75.5 76.0 

Wet Days Intensity 
(mm/d) 2.66 7.41 0.73 2.33 1.16 2.34 2.15 

G
il

g
it
 

 

Mean (mm/d) 0.38 6.12 0.40 0.40 0.40 0.45 0.40 

Max. (mm/d) 111.8 105.3 8.5 10.5 64.0 57.7 63.9 

99th  Percentile 
(mm/d) 7.69 41.81 4.11 4.86 8.00 11.54 8.05 

Median (mm/d) 0.00 2.08 0.10 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 78.0 338.7 283.8 72.2 138.1 64.3 72.2 

Wet Days Intensity 
(mm/d) 1.69 6.18 0.65 2.06 1.17 2.46 1.99 

G
u

p
is
 

 

Mean (mm/d) 0.46 4.76 0.59 0.60 0.60 0.65 0.61 

Max. (mm/d) 80.0 80.2 15.8 32.9 124.2 182.4 121.5 

99th  Percentile 
(mm/d) 8.80 34.60 5.59 11.97 13.10 17.85 14.35 

Median (mm/d) 0.00 1.46 0.12 0.00 0.00 0.00 0.00 

Wet Days Prob. (d) 65.7 339.0 299.2 29.9 131.9 29.4 29.9 

Wet Days Intensity 
(mm/d) 2.24 4.87 0.84 6.75 1.64 7.41 6.85 

S
k

ar
d
u
 

 

Mean (mm/d) 0.57 6.40 0.69 0.67 0.61 0.63 0.61 

Max. (mm/d) 80.30 69.36 10.94 16.36 53.42 62.14 53.82 

99th  Percentile 
(mm/d) 12.20 38.64 4.90 7.99 10.55 14.40 11.29 

Median (mm/d) 0.00 3.17 0.32 0.00 0.01 0.00 0.00 

Wet Days Prob. (d) 70.33 345.9
3 

318.3
3 

58.93 196.0
0 

58.93 58.93 

Wet Days Intensity 
(mm/d) 1.51 7.07 1.29 1.29 1.24 1.37 1.24 
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App-5.II.c Observed Temperature (minimum) vs Historical-GCM (IPSL) 

Performance Indices  

(°C) 

Calibration (TMN)  Validation (TMN) 

OB H-RAW LS VS DM  OB H-RAW LS VS DM 

 Astor 
Mean  4.1 -7.3 4.5 4.3 4.3  4.0 -8.5 3.3 3.5 3.5 

Maximum value  21.7 9.4 18.5 21.3 22.7  22.8 8.1 17.1 20.1 20.0 

Minimum value -17.7 -40.5 -26.2 -19.5 -19.8  -16.1 -36.9 -22.5 -18.9 -17.4 

90th Percentile 14.4 5.3 14.6 14.8 14.8  15.6 4.5 14.0 14.2 13.7 

10th Percentile -6.7 -22.6 -8.5 -6.6 -6.4  -7.2 -23.6 -9.5 -7.2 -7.0 

Median 4.2 -5.8 6.1 4.5 4.6  3.9 -7.6 4.2 4.0 3.7 

Standard Deviation 7.9 10.5 8.8 7.9 8.0  8.4 10.6 8.8 7.9 7.8 

 Bunji 
Mean  10.9 -9.2 11.7 11.6 11.6  11.8 -10.7 10.2 10.3 10.3 

Maximum value  33.3 7.6 26.5 31.5 35.4  32.2 6.1 25.0 30.7 30.6 

Minimum value -5.0 -42.3 -19.4 -6.9 -6.8  -9.9 -40.8 -16.3 -6.6 -6.1 

90th Percentile 21.4 3.8 22.5 23.7 23.8  23.9 2.4 21.1 21.6 20.5 

10th Percentile 0.3 -24.5 -1.4 0.6 0.6  0.1 -26.3 -2.9 0.0 0.1 

Median 10.8 -7.9 13.0 11.5 11.2  11.7 -9.7 11.2 10.5 10.2 

Standard Deviation 8.0 10.7 9.0 8.4 8.6  8.9 10.9 9.0 8.0 7.8 

 Chilas 
Mean  14.6 -5.2 15.4 15.2 15.2  14.0 -6.9 13.7 13.9 13.8 

Maximum value  33.9 10.9 31.2 35.9 38.8  34.2 9.6 29.9 34.9 35.0 

Minimum value -2.4 -43.6 -23.7 -5.3 -5.8  -12.8 -35.5 -12.4 -4.5 -3.6 

90th Percentile 27.8 7.2 27.6 28.6 29.1  27.8 6.0 26.4 27.0 26.3 

10th Percentile 2.8 -20.3 1.0 2.6 2.6  0.6 -22.1 -0.7 2.0 2.1 

Median 14.0 -3.3 16.8 14.5 15.1  13.9 -5.3 14.7 13.6 13.8 

Standard Deviation 9.3 10.4 10.0 9.6 9.8  10.1 10.6 10.2 9.4 9.2 

 Gilgit 
Mean  7.2 -8.0 8.4 8.2 8.2  7.8 -9.6 6.8 7.0 6.9 

Maximum value  27.2 9.6 22.6 25.5 29.4  29.4 8.0 21.0 24.6 25.4 

Minimum value -11.0 -42.2 -24.5 -12.2 -13.0  -10.0 -39.2 -20.8 -12.0 -11.2 

90th Percentile 16.7 5.2 18.4 18.7 19.1  18.3 3.9 17.0 17.3 16.5 

10th Percentile -3.0 -24.1 -4.5 -2.3 -2.6  -3.3 -25.4 -5.6 -3.1 -3.1 

Median 7.8 -6.4 10.1 8.6 8.5  8.3 -8.3 8.1 7.4 7.5 

Standard Deviation 7.5 11.0 8.6 7.8 8.0  8.2 11.1 8.6 7.6 7.4 

 Gupis 
Mean  5.8 -9.9 7.4 7.2 7.1  7.2 -11.5 5.7 5.9 5.9 

Maximum value  23.9 8.0 22.1 26.6 29.1  26.1 6.5 20.5 23.7 25.0 

Minimum value -12.3 -46.9 -26.8 -13.1 -14.6  -11.7 -43.6 -21.9 -12.2 -12.2 

90th Percentile 16.6 3.8 18.1 18.9 18.9  19.1 2.6 16.7 17.3 16.5 

10th Percentile -5.1 -26.4 -6.5 -4.3 -4.4  -4.4 -27.9 -7.9 -5.0 -4.8 

Median 6.0 -8.4 9.1 7.2 7.1  7.2 -10.6 7.0 6.3 5.9 

Standard Deviation 8.2 11.5 9.4 8.5 8.7  8.7 11.5 9.4 8.2 8.1 

 Skardu 
Mean  4.9 -10.1 5.7 5.8 5.6  5.2 -11.5 4.4 4.4 4.5 

Maximum value  26.5 6.1 20.0 23.2 26.1  26.0 5.2 19.2 22.3 22.7 

Minimum value -24.1 -41.5 -25.7 -20.7 -17.8  -22.4 -39.8 -22.5 -19.9 -19.2 

90th Percentile 15.9 2.7 16.8 17.9 17.1  16.7 1.8 15.9 15.8 15.5 

10th Percentile -6.7 -24.7 -8.2 -6.2 -6.4  -7.2 -26.0 -9.0 -7.1 -6.9 

Median 5.4 -9.4 7.0 6.4 5.8  6.1 -11.2 5.3 5.2 5.0 

Standard Deviation 8.8 10.5 9.6 8.8 9.1  9.2 10.5 9.5 8.7 8.6 
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App-5.II.d Observed Temperature (maximum) vs Historical-GCM (IPSL) 

Performance Indices  

(°C) 

Calibration (TMX)  Validation (TMX) 

OB H-RAW LS VS DM  OB H-RAW LS VS DM 

 Astor 
Mean  15.6 0.9 16.0 16.0 16.0  15.4 -0.1 15.0 14.8 14.9 

Maximum value  37.0 19.6 34.8 39.7 37.5  36.3 18.5 33.6 35.7 35.7 

Minimum value -6.1 -22.0 -9.4 -7.0 -6.8  -6.3 -21.6 -8.8 -5.2 -6.4 

90th Percentile 28.1 13.0 28.3 28.3 28.7  28.3 12.1 27.4 26.6 27.6 

10th Percentile 2.8 -10.2 2.8 3.2 3.0  2.8 -10.9 2.2 2.6 2.5 

Median 16.2 0.3 16.7 16.7 16.5  15.6 -0.5 15.9 15.2 15.6 

Standard Deviation 9.4 8.4 9.3 9.5 9.5  9.6 8.4 9.3 9.1 9.3 

 Bunji 
Mean  23.7 -0.4 24.6 24.6 24.7  23.9 -1.9 23.2 23.0 23.1 

Maximum value  43.3 17.5 43.3 49.3 49.3  45.6 16.9 42.1 44.1 44.2 

Minimum value 1.4 -23.9 -1.5 3.5 2.7  1.7 -23.0 0.0 3.5 3.6 

90th Percentile 35.8 12.1 37.1 37.6 38.0  37.8 10.4 35.4 35.0 35.8 

10th Percentile 11.1 -11.8 10.9 11.1 11.0  10.0 -13.0 9.9 10.4 10.3 

Median 23.9 -0.9 25.6 25.0 25.3  24.0 -2.1 24.4 23.5 23.8 

Standard Deviation 9.3 8.6 9.5 10.0 9.7  10.3 8.5 9.5 9.3 9.4 

 Chilas 
Mean  26.2 3.1 27.2 27.4 27.4  26.4 1.6 25.8 25.5 25.6 

Maximum value  47.7 20.8 46.6 53.9 50.2  47.1 20.0 45.5 49.1 49.1 

Minimum value 1.2 -20.4 0.4 1.4 3.8  2.8 -19.3 1.8 5.5 4.1 

90th Percentile 40.0 15.2 40.7 41.9 41.6  40.6 13.8 39.4 38.8 39.8 

10th Percentile 12.5 -8.0 13.1 12.9 13.0  12.8 -9.2 12.0 12.2 12.1 

Median 26.4 1.7 27.3 27.9 27.1  26.7 0.7 26.3 25.8 25.9 

Standard Deviation 10.4 8.5 10.2 10.8 10.5  10.4 8.5 10.2 10.1 10.3 

 Gilgit 
Mean  24.5 0.8 24.9 25.1 25.1  23.4 -0.7 23.5 23.3 23.4 

Maximum value  46.3 18.7 44.2 53.9 51.1  45.0 17.9 43.2 47.8 46.6 

Minimum value 3.0 -23.0 -2.1 2.1 2.2  1.1 -21.7 -0.4 3.4 3.0 

90th Percentile 37.8 13.2 37.8 38.9 39.0  37.8 11.8 36.5 35.8 37.0 

10th Percentile 11.0 -10.6 10.9 10.8 10.9  10.0 -11.8 9.9 10.2 10.2 

Median 24.7 0.0 25.7 25.4 25.4  23.3 -1.1 24.6 23.6 24.0 

Standard Deviation 24.5 0.8 24.9 25.1 25.1  23.4 -0.7 23.5 23.3 23.4 

 Gupis 
Mean  18.9 -0.7 19.6 19.7 19.7  18.4 -2.1 18.2 18.0 18.1 

Maximum value  41.1 18.4 39.1 48.9 45.1  41.1 16.1 37.2 42.8 40.8 

Minimum value -1.7 -24.2 -7.0 -4.5 -3.1  -5.0 -23.8 -5.8 -2.2 -2.2 

90th Percentile 32.7 12.0 33.1 34.1 34.4  32.8 10.4 31.6 31.0 32.1 

10th Percentile 5.5 -12.2 5.4 5.4 5.5  4.4 -13.4 4.3 4.9 4.7 

Median 18.8 -1.0 20.2 19.9 19.9  18.3 -2.1 19.2 18.2 18.5 

Standard Deviation 10.1 8.7 10.1 10.7 10.5  10.4 8.7 10.1 9.9 10.1 

 Skardu 
Mean  19.3 -2.2 19.9 19.9 20.0  17.8 -3.7 18.4 18.3 18.3 

Maximum value  40.6 15.1 38.8 46.0 42.4  40.0 14.3 37.4 41.5 41.0 

Minimum value -6.6 -25.5 -7.5 -4.3 -6.6  -7.0 -25.9 -6.8 -5.5 -6.0 

90th Percentile 33.0 9.8 33.5 33.7 34.8  32.0 7.7 31.5 31.6 31.9 

10th Percentile 5.0 -13.4 5.1 4.9 5.1  3.9 -14.7 3.8 4.4 4.0 

Median 19.8 -2.3 21.0 20.3 20.7  18.3 -3.6 19.7 18.7 19.2 

Standard Deviation 10.4 8.3 10.3 11.0 10.7  10.6 8.3 10.3 10.2 10.4 
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App-5.II.e Exceedance probability plots of observed Temperature and Historical-

GCM (IPSL), uncorrected and bias-corrected/downscaled with three 

methods (Astor, Bunji & Chilas) 

Calibration (TMN & TMX)  Validation (TMN & TMX) 

Astor 

 

 

 

Bunji 

 
 

 

 

 

Chilas 
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App-5.II.f Exceedance probability plots of observed Temperature and Historical-

GCM (IPSL), uncorrected and bias-corrected/downscaled with three 

methods (Gilgit, Gupis & Skardu) 

Calibration (TMN & TMX)  Validation (TMN & TMX) 

Gilgit 

 

 

 
 Gupis 

 

 

 

Skardu 
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Chapter-6: Impacts of climate change on the water availability, seasonality 

and extremes in the Upper Indus Basin (UIB) 

Abstract 

Projecting future hydrology for the mountainous, highly glaciated upper Indus basin 

(UIB) is a challenging task, because of  uncertainties in the future climate projections 

and issues with the coverage and quality of available reference climatic data and 

hydrological modelling approaches. This part of study attempts to address these issues 

by utilizing the semi-distributed hydrological model SWAT with  new climate datasets 

with better spatial and altitudinal representation (Chapter-4) as well as a wider range 

of future climate forcing models (GCM_REG) from the CORDEX- project (Chapter-

5), to assess different aspects of future hydrology (mean flows, extremes and seasonal 

changes). Contour maps for the mean annual flow and actual evapotranspiration as a 

function of the downscaled projected mean annual precipitation and temperatures are 

produced which can serve as a “hands-on” forecast tool of the future hydrology. The 

overall results of these future SWAT- hydrological projections indicate similar trends 

of changes in magnitudes, seasonal patterns and extremes of the UIB- streamflows for 

almost all climate scenarios/models/periods -combinations analysed. In particular, all 

but one GCM_REG- model – the one predicting a very high future temperature rise -  

indicate mean annual flow increases throughout the 21st century, wherefore, 

interestingly, these are stronger for the middle (2041-2070) than at its end (2071-2100). 

The seasonal shifts as well as the extremes follow also similar trends for all climate 

scenarios/models/periods – combinations, e.g. an earlier future arrival (in May-June 

instead of July-August) of high flows and increased spring and winter flows, with upper 

flow extremes (peaks) projected to drastically increase by 50 to >100%, and this with 

significantly decreased annual recurrence intervals, i.e. a tremendously increased future 

flood hazard for the UIB. For the future extreme low flows the situation is opposite, 

with lower than nowadays-experienced minimal flows occurring more frequently and 

having much longer annual total durations. 

Key Words: SWAT, Hydrological Modelling, Climate Change, Response Surface 

Modeling, Future Hydrology, Floods, Upper Indus Basin. 
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Figure 6.1: Schematic summary of the procedures for assessing impacts of climate change on the water 

availability, seasonality and extremes in Upper Indus Basin (UIB). 
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6.1 Introduction 

Large hydrological changes are expected in the coming decades throughout the world, 

mainly due to the changing climate with its  unequivocal rise in global temperatures 

(Milly et al., 2005; IPCC 2013. The latter  will result in an accelerated water cycle, 

accompanied by an increasing probability of the occurrence of extreme hydro-

meteorological events and, possibly, altered seasonal patterns in different regions of 

the world (Oki and Kanae, 2006; Kim et al., 2011). The hydrological impacts of climate 

change may vary considerably in magnitude, intensity and nature from one region to 

another, depending on its morphological  characteristics and topography (Abbaspour 

et al., 2009; Fowler et al., 2003; Kim et al., 2011). However, there is general agreement 

that the probability of the incidence of extreme events, such as floods and droughts, 

will  increase in most regions of the world IPCC 2013).  

Pakistan’s hydrological setup is not an exception to these possible adverse effects of 

climate change, but rather a climate change “hotspot” (Kilroy, 2015). During the last 

decade, Pakistan faced the worst droughts, storms and floods ever in its history. In 

addition, the rapid population growth and the associated land-use change will further 

add to these climate change- induced problems. Pakistan has an agriculture-based 

economy mainly dependent on irrigation through a vast network of barrages, 

diversions, and channels, largely fed by the surface water of the upper Indus River basin 

(UIB) (>44%)  (Tahir et al., 2011; Khan et al., 2015). Thus the inflow from the UIB 

provides the lifeline for the millions of downstream inhabitants.  Any future changes 

in either demand or supply will, therefore,  have huge implications (Lutz et al., 2016), 

not only for the irrigated agriculture and economy, but also to human life, infrastructure 

and wildlife.  The UIB  draws more than 50% of its water from the melting of seasonal 

and permanent snow cover in the Himalaya, Karakoram and the Hindu Kush (HKH) 

mountains  (Archer, 2003; Ali and Boer, 2007; Immerzeel et al., 2010; Tahir et al., 

2011; Lutz et al., 2016 ). A rise in temperatures in the UIB will so result in elevated 

melt rates with huge impacts on the timing and magnitude of the generated flows. This 

will not only lead to a higher average stream flow, but also to an increase in the 

occurrence and magnitude of extremes, especially during high-precipitation events 

(Wijngaard et al., 2017). There are also indications that the peak flows will  shift to 

earlier months or other seasons in the UIB (Lutz et al., 2016). 
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In general, the future precipitation is projected to increase in the UIB region (Khan and 

Koch, 2018b; Lutz et al., 2016; Rajbhandari et al., 2015; Forsythe et al., 2014), with 

the exception of a decreasing trend in some its northwestern parts (Khan and Koch, 

2018b; Wijngaard et al., 2017; Lutz et al., 2016). The temperature projections in the 

UIB region also show a continued, elevation-dependent warming over the 21st century. 

Hence, a larger temperature increase is expected in the mountains than in the 

neighboring plains and valleys of the UIB (Palazzi et al., 2017; Wijngaard et al., 2017; 

Mountain Research Initiative EDW Working Group, 2015).  

In the wake of these expected changes in temperatures and precipitation in the UIB, 

their impacts on the magnitudes and spatial variations of the projected stream flow 

changes in the basin need to be studied. In that regard, tt becomes extremely important 

to investigate the possible shifts in the hydro-climatological variables from the normal, 

in order to better plan and to adapt for the unavoidable, just because of the fact that the 

life of millions of people depend on these water resources.  

Several efforts have been made to study the hydrological impacts of climate change in 

UIB and adjoining basins. The aims and scope of these studies, though, differ vastly, 

as do their methodologies (models), key assumptions, and hydro-climatic reference 

data used.  Various studies have used different hydrological simulation models, such 

as the Snowmelt Runoff Model (SRM)  applied  by Tahir et al. (2011) and Immerzeel 

et al., (2009), UBCWM by Khan et al. (2015) and Hasson (2016) ,  Distributed 

Hydrological Model-DHM by Bocchiola et al. (2011), and the SPHY-model by 

Wijngaard et al. (2017) and Lutz et al. ( 2016). The climate data used in these studies 

also varied considerably, since the in situ meteorological observations in the UIB are 

sparse and mostly taken at valley stations, so that this data has a low spatial coverage 

and is barely applicable for higher altitudes. Furthermore, the complex orography of 

the UIB region also affects the amounts, spatial patterns and seasonality of the 

precipitation. Therefore, neither the sparsely observed station data and gridded data 

products based on them, nor the sensors-based data, fully represent the precipitation 

regime all cross  the region (Palazzi et al., 2013). This issue was reported in the 

literature (Yatagai et al., 2012; Palauizzi et al., 2017; Wijngaard et al., 2017) and further 

explored in a previous study of the authors (Khan and Koch 2018a) and confirmed  the 

non-representation or under-estimation of regional precipitation amounts, especially, 

for higher altitudes. In fact, these findings were able to unravel the mystery that the 
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estimated precipitation are unrealistically low to explain  the observed discharge from 

the UIB.  These problems  have compelled various studies to use, in addition to the 

observed station data, a variety of other reference climate data from different sources, 

either directly, or with some modifications and adjustments, e.g. TRMM Data 

(Immerzeel et al., 2009), modified APHRODITE (Lutz et al., 2016) and modified 

WFDEI data (Wijngaard et al., 2017).  

Similarly, the temporal and spatial scales of the hydrological aspects targeted by these 

studies also differ from each other. The temporal scales may range from daily, monthly 

to annual, while the spatial coverage may be confined to a single tributary (Tahir et al., 

2011), a single major river-basin (Lutz et al., 2016) or may cover multiple river-basins 

in the region (Wijngaard et al., 2017). Furthermore, the current and future hydrology 

has been assessed in terms of either mean flows, extremes or both. 

Another differentiating factor of these studies is the climate change projections used 

for simulating the future hydrology in the UIB. The source GCM’s/RCM’s as well as 

the methods used to bias correct and downscale future climate projections differ vastly 

such as RCP 4.5 and 8.5 from multiple GCM’s by Soncini et al. (2014), (Lutz et al., 

2016) and Wijngaard et al, (2017), PRECIS-RCM data by  Khan et al., (2017), 

Immerzeel et al. (2009) and Akhtar et al. (2008), and CCSM3 model  by Bocchiola et 

al.  (2011).  

This use of different data sources, procedure and modelling approaches have made each 

study a separate realization of the projected hydro-climatology in the UIB, each having 

considerable amount of uncertainties, induced at each processing- and simulation step. 

The most uncertain aspect of the future hydrology in the region, though, originates from 

the variations in precipitation projections between the different climate (GCM) models 

used (Immerzeel et al., 2013), leading to  notable differences amongst the results of  

various  hydrological impact studies. This exaggerated uncertainty not only diminishes 

the applicability of the projected hydrological scenarios to water resource planning and 

adaptation, but also causes the decision-makers to be sceptical of the projections of any 

such study.   

Despite these differences in the hydrological impacts of climate change in the UIB, the 

overall trends suggested by almost all studies are consistent in indicating increased 

future temperature, higher precipitation, increased streamflow, and more frequent and 
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intense extremes in these climate variables. This situation calls for a more reliable and 

practical assessment of the future hydrology in the UIB by minimizing the sources of 

uncertainties, covering a wider range of projected climate change and addressing 

multiple aspects of future hydrological change, especially, seasonal variations and 

extremes.  

In this context, the current study is an attempt to assess hydrology, investigation of 

mean flows, extremes as well as changes in seasonality in the  UIB  in the wake of 

possible climate change using the semi-distributed hydrological model, the  soil and 

water assessment tool (SWAT). To cater for the non-representativeness and reported 

underestimations of the precipitation amounts by all the available data products, the 

current study utilizes a new corrected climate dataset (Khan and Koch 2018a). 

Additionally, it will also employed a wider range of climate projection (bias-corrected 

for distribution and variance) to compensate for the uncertainties and variations 

between the different climate models’ results (Khan and Koch 2018b).  

Based on the above statements, the main objectives of this study are to: 

1. Minimize uncertainties in climate change hydrological impact study in the UIB 

by utilizing set of improved reference climate data for 

a.  calibration of hydrological model; and 

b. downscaling & bias correcting of climate models projections ; 

2. Simulate and project future flow regimes in UIB under five different climate 

change scenarios, using the SWAT hydrological model; 

3. Assess the impacts of climate change on the water availability, seasonality and 

extremes in the Upper Indus Basin (UIB) 

Materials and Methods 

6.1.1 Study area- the Upper Indus River Basin (UIB) 

The Indus River, one of the largest rivers in Asia, with a total length of about 2880 km, 

has a total drainage area of about 912,000 km2 which extends across portions of India, 

China, Pakistan and Afghanistan (Ali and Boer, 2007). The section of the Indus 

upstream of the Tarbela Dam, Pakistan (Fig 6.2), with a length of about 1150 km   

drains an area of what is called the UIB of approximately 165400 km2. 
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Being a high mountain region, the UIB contains the larges  area of perennial glacial ice 

cover (~15062 km2) outside the polar regions, with 2174 km3 of total ice reserves 

(Bajracharya and Shrestha, 2011). Some estimates (Arendt et al., 2015) show even 

greater glacier cover, attaining an area of up to 12% of UIB (above 19000 km2). The 

altitude of  the UIB ranges from as low as 455 m to a maximum of 8611 m and, as a 

result, the climate varies greatly within the basin (Tahir et al., 2011).  

The summer monsoon has little effect on the basin, as almost 90% of its area is located 

in the rain shadow of the Himalayan belt (Immerzeel et al., 2009). Hence, except for 

the south-facing foothills, the intrusion of the Indian-ocean monsoon is limited by the 

mountains, so that its influence weakens north-westward (Bookhagen and Burbank, 

2006). Subsequently, the climatic controls in the UIB are quite different from that in 

the Himalayas on the eastern side. In fact, over the extent of the UIB, most of the annual 

precipitation originates from the mid-latitude western disturbances and mostly in solid 

form during winter and spring (Wake, 1989; Hewitt, 2011; Ali et al., 2015; Hasson, 

2016). Occasional rains are brought in also by the monsoonal incursions into trans-

Himalayan areas (Wake, 1989; Ali et al., 2015), but even during the summer months, 

the trans-Himalayan areas do not receive  all precipitation from monsoon sources 

(Karim and Veizer, 2002).  

Climate variables are usually strongly influenced by topographic altitude. Thus, the 

northern valley floors of the UIB are arid, with an annual precipitation of only 100-200 

mm which increase to 600 mm at 4400 m altitude, and for higher elevations 

glaciological studies suggest annual accumulation rates of 1500 to 2000 mm at 5500 m 

(Wake, 1989). The average annual snow cover area in the UIB ranges from 10% to 

70%, with its minimum in the summer snow melt period (June-September) and its 

maximum in the winter snow accumulation period (December-February)   (Tahir et al., 

2011). 

Stream flow in the UIB is generated by the combination of  storm runoff in its  lower 

part  and  snow and glacier runoff in its  higher parts (Archer, 2003; Ali and Boer, 2007) 

Nearly half of the total annual flow in the whole Indus basin is contributed by the UIB, 

with a 86-88% contribution during the summer-  and of  only 12-14% during the winter 

season (Khan et al., 2015; Khan et al., 2017). 
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Figure 6.2:Upper Indus Basin (UIB extent, tributary catchments, major streams, stream gauge  

    stations and elevation details  

6.1.2 Data description 

6.1.2.1 Reference climate data 

The in situ meteorological observations in the UIB are sparse and mostly taken at valley 

stations with very low spatial coverage. In addition, very little data is available for high 

altitudes. Furthermore, the orography of the UIB region is complex, leading to co-

actions of different hydro-climatic regimes which affect the amounts, spatial patterns 

and seasonality of the precipitation.  

The reference precipitation data is combination of three sets of data: 1)  0.125° by 

0.125° gridded precipitation time series for the 1997-2008 period, generated through 

the “Informed-regionalization” methodology (Khan and Koch ,2018a) which in turn is 

based on a relatively dense observing  station network; 2) reconstructed precipitation 

time series for the time period of 1961- 1995 for the parts of the UIB inside Pakistan’s 

borders (UIB-Pak); and 3) modified and corrected  APHRODITE daily precipitation 

data available for the period 1961-2007 for parts of the UIB outside Pakistan’s borders.   

The improvement and correction of precipitation data has been done through a  

“Correction and Informed Regionalization (CIR)” approach (Khan and Koch 2018a). 

In the CIR- methodology, the precipitation data is first  quality-checked and corrected 
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for losses. Then it is improved for a better spatial coverage through geospatial 

interpolation, followed by incorporation of a sub-basin-specific “precipitation laps 

rate”, based on reported hydro-climatological data and the glacier mass balance 

dynamics in the UIB.  

The temperature data used is also a combination of the spatially interpolated version of 

the available observed station data (1996 onwards) with adjustments by the region- 

 

Figure 6.3: Reference climate data: a) Mean annual precipitation (mm), b) mean temperature- 

maximum (°C) and   c) mean temperature- minimum (°C) 

specific, elevation-dependent lapse rate. Using the observed monthly time series 

variations, the temperature data was extrapolated to reconstruct  missing data for the 

period  1961-1996 for the parts of UIB inside Pakistan’s border  (UIB-Pak) and  a 

modified and corrected version of APHRODITE data for the rest of the UIB outside 

Pakistan’s border. Fig. 6.3 illustrates maps of precipitation and temperatures for the 

UIB.  

6.1.2.2 Reference discharge data 

Daily river discharge data for a total of nine (9) hydrometric stations in the study area 

was collected from the Water & Power Development Authority, Pakistan (WAPDA). 

These hydrometric stations are located on the main river (Indus) as well as its major 
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tributaries (Table 6.1). It is important to note that as the population and human 

intervention in the UIB is minimal, the flow regime is almost undisturbed and natural. 

As a matter of fact, the central and eastern UIB, in particular, has hardly seen any 

human-induced influence on the rivers’ discharges; meanwhile there are only minor 

single-season streamflow diversions with minor  effects in the western UIB (Hasson et 

al., 2017; Khattak et al., 2011). 

Table 6.1: Geographical attributes of the hydrometric stations 

S.No. 
River /  

Tributary 

Station  

name 

Area 

(km2) 

Mean discharge 

(m3/s) 

Elevation 

(m.a.s.l) 

Duration 

(years) 

1 Astore River Doyan 3906.15 138 1580 1974-2010 

2 Gilgit River Gilgit 12777.89 303 1430 1970-2010 

3 Hunza River Dainyor 13761.15 294 1420 1966-2010 

4 Shigar River Shigar 6934.22 230 2220 1985-1998 & 2001 

5 Shyok River Yugo 32934.58 410 2460 1974-2010 

6 Indus River Besham Qila 165610.93 2425 600 1969-2010 

7 Indus River Shatial 156125.15 2222 980 1998-2007 

8 Indus River Kachura 113744.60 1151 2180 1970-2010 

9 Indus River Kharmong 3906.15 460 2500 1982-2010 

6.1.2.3 Selection of scenarios for future climate forcing  

To compensate for the uncertainties and variations between the different CMIP5 

coupled climate models’ (GCM) results, the current study adopts a wider range of 

future climate scenarios for two representative concentration pathways (RCPs), 

namely, RCP 4.5 and RCP 8.5 to force the SWAT- hydrological model.  

The selection of possible future climate scenarios was done through a stepwise 

procedure (Khan and Koch 2018b), whereby future projections for RCP 4.5 and RCP 

8.5 of  the r1p1i1 ensemble  from all climate models were  screened based on three 

criteria; 1) the range of projected change in the mean; 2) range of projected change in 

the extremes; and 3) skill in reproducing the past climate. The aim of this procedure 

was then to attain sets of four possible future extreme scenarios groups (Wet-Warm, 

Wet-Cold, Dry-Warm, Dry- Cold) for each RCP as well as of one scenario in each 

group, representing the mean future climate change over the UIB. Using this category 

approach made it possible to arrive at a limited number of climate models. The final 

selection of a model was then carried out by assigning ranks based on the weighted 

score for each of the mentioned selection criteria.  
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It is worth mentioning though, that the term Cold used in the “Wet-Cold” and “Dry- 

Cold” scenarios does not mean that the temperatures will be colder than that in the 

reference period, but rather indicates that the warming will be less as compared to the 

Warm scenarios.  Similarly, the term Dry, in scenarios “Dry-Cold” and “Dry-Warm” 

is also only indicative of its comparative position with respect to the other climate 

models. 

However, the future climate projections of the selected climate models needed to be 

further downscaled and corrected for biases, before using them in the SWAT model 

simulations. Therefore, as a first option, all the dynamically-downscaled climate 

projections available for UIB were checked if they were based on the already shortlisted 

GCMs, namely, those at first or second position in the ranking. It was found that the 

outputs of four CORDEX-SA experiments were based on the top–ranked GCM’s 

which were at 1st rank in our study (IPSL-CM5A-MR_RCA4, MPI-ESM-LR_RCA4, 

NorESM1-M_RCA4, CanESM2_RegCM4-4). The output of one CORDEX-SA 

experiments iGFDL-ESM2M_RCA4) had used a GCM ranked at 2nd position (Table 

6.2). The downscaling for these five GCM’s was done using two different RCMs 

(RCA4 and RegCM4). Their RCM outputs are at a considerably finer scale (0.44º) than 

those of the source GCM’s. 

Table 6.2: List of CORDEX South Asia experiments  representing the five climate scenario categories 

as discussed in the text 

No Scenario 
Experiment Name–Short 

form 
Driving AOGCM RCM RCM Description 

1 Wet-Warm CanESM2_RegCM4-4 CAN CCCma-CanESM2 RegCM4 

Abdus Salam International Centre 

for Theoretical Physics (ICTP) 

Regional Climatic Model version 4 
(RegCM4; (Giorgi et al., 2012) 

2 Wet-Cold GFDL-ESM2M_RCA4 GFDL 
NOAA-GFDL-GFDL-

ESM2M 

RCA4 
Rossby Centre regional atmospheric 
model version 4 (RCA4; Samuelsson 

et al., 2011) 

3 Mean NorESM1-M_RCA4 NOR Nor-ESM1-M  

4 Dry- Cold MPI-ESM-LR_RCA4 MPI MPI-ESM-LR  

5 Dry-Warm 
IPSL-CM5A-

MR_RCA4 
IPSL IPSL-CM5A-MR  

The five (5) selected (CORDEX-SA) RCM outputs for RCP4.5 and RCP8.5 are bias 

corrected for two future periods, i.e. mid-century (2041-2070) and end-century (2071-

2100) using the “distribution mapping technique” (Themeβl et al., 2012).  Major 

properties of the downscaled projections are given in Table 6.3. Detailed descriptions 

of the downscaled and bias corrected data can be found in Khan and Koch (2018b). 



 

180 

 

Table 6.3: Precipitation and Temperature projections from the 5 models of Table 6.2 for  2 RCPs and 

2 future  periods 

The spatial distribution of the projected changes in temperature and precipitation, 

across the UIB also exhibits certain distinct trends (Fig 6.4). Thus, the late-century 

(2071-2100) projected precipitation changes show a decrease in the south-eastern parts 

and an increase in the northeastern parts of the basin, and this holds for both RCPs. The 

spatial distributions of the projected changes in temperature show similarities for the 

two RCPs, but with a higher increase in the northern and north- western parts than in 

the eastern and southern part of the basin.  
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Figure 6.4: UIB- projected changes in precipitation and temperature over the late-century (2071-2100) 

obtained with  the 5 CORDEX-model experiments (see Table 6.2) under 2 RCPs.   

6.1.3 Hydrological modelling 

6.1.3.1 SWAT model description  

The SWAT- model is a continuous time (long-term yield), process-based semi-

distributed hydrological model developed for the US Department of Agriculture 

(USDA), Agricultural Research Service (ARS), by Dr. Jeff Arnold (Arnold et al., 

1998). It is capable of simulating long term impacts of any management, climate or 

vegetation scenarios on the hydrological processes, pollution transport, and sediment 

loading in river basins/watersheds (Arnold et al., 1998; Srinivasan et al., 1998).  In 

recent years, SWAT has been used more frequently,  especially, for the analysis of 

climate change hydrological impacts on stream flow and water yield (Kundu et al., 

2017; Cherie and Koch, 2013; Fereidoon and Koch, 2018). 
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To model the various physical/hydrological processes mentioned, SWAT requires 

specific information pertaining to the watershed such as weather, topography, soil 

properties, land cover, land use and management practices. 

In the SWAT- model, a river basin or watershed is partitioned into larger sub-units 

called sub basins draining into the stream network and the river-system. These sub-

basins are further divided into a series of smaller units, the hydrological response units 

(HRUs), which are non-spatial uniform units, each representing unique combinations 

of soil, land-use and slope. The calculations and simulations of hydrological 

components, sediment yield, and nutrient cycles are first carried for each HRU and then 

aggregated for the sub basins and routed through the watershed. 

The hydrological cycle simulated in SWAT is based on the water balance equation:   

( )
t

t 0 day surf a seep gw

i=1

SW = SW + R - Q - E - w - Q∑   (6.1) 

where, 𝑆𝑊0 and 𝑆𝑊𝑡 are the initial and final soil water content (mm H2O) on day i, t is 

time (days), 𝑅𝑑𝑎𝑦 is the precipitation amount reaching the soil surface on day i (mm 

H2O), 𝑄𝑠𝑢𝑟𝑓   is the surface runoff amount on day i (mm H2O), 𝐸𝑎 is the evapo-

transpiration on day i (mm H2O), 𝑤𝑠𝑒𝑒𝑝 represents the interflow on day i (mm H2O), 

and 𝑄𝑔𝑤 is the return flow or base flow to the channel on day i (mm H2O) (Neitsch et 

al., 2009). 

The simulated hydrological components in SWAT include infiltration, redistribution, 

evapotranspiration (ET), lateral subsurface flow, groundwater or return flow, surface 

runoff, ponds inflow and outflow, transmission losses and water yield (Arnold et al., 

1998). More detailed background and the theories of the SWAT-modelled  

hydrological process in can be found in (Neitsch et al., 2009). 

6.1.3.2 Spatial input data and SWAT model setup 

SWAT requires specific information pertaining to the watershed, such as topography, 

soil properties, land cover/land use, in addition to climate data and management 

practices in the basin.  

The topographic data was provided in the form of a hydrologically conditioned digital 

elevation model (DEM), acquired from the Hydro-SHEDS website. This DEM has a 
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resolution of 3 arc-seconds, is void-filled, and is a hydrologically conditioned product 

(Lehner et al., 2008), derived from the SRTM DEM (Farr et al., 2007).  

The soil data were obtained from the FAO-UNESCO global soil map version 3.6 

(FAO-UNESCO, 2007), which provides data for 5000 soil types comprising two layers 

(0–30 cm and 30–100 cm depth) at a spatial resolution of 5 km. For land use the “Global 

Land Cover Characterization (GLCC) at 1 km spatial resolution (USGS EROS Data 

Center, 2002) was used. 

The high-resolution DEM used in the study needed no pre-processing as it was already 

void-filled and hydrologically conditioned (Lehner et al., 2008) and therefore provided 

almost no inconsistencies during the stream network delineation. For the watershed 

delineation process “ArcSWAT-2012”, which is an ArcGIS-ArcView extension and 

graphical user input interface for the SWAT model, was used, choosing a threshold 

drainage area of 50000 ha  for the various sub-basins. The whole watershed outlet as 

well as the monitoring gauge stations were manually added, while sub-basin outlets 

were created by the software automatically, based on the given threshold. As a result, 

the study area was finally configured with 173 sub-basins which were further divided 

into 2825 discrete HRUs, based on the different soil and land-use classes, five (5) slope 

classes and ten (10) elevation bands. The total simulated watershed area in the current 

model is 165611 km2. 

6.1.3.3 Model calibration and validation setup 

The SWAT model was calibrated and validated against daily discharge data 

individually for each of its five (5) major tributaries (Hunza, Gilgit, Astor, Shigar and 

Shyok rivers), for parts of UIB (except the tributaries) inside Pakistan’s boundary and 

for UIB (situated in India China and Nepal) covering area upstream of Kharmong gauge 

station.   

The Sequential Uncertainty Fitting SUFI-2 algorithm (Abbaspour, 2015) of the SWAT-

CUP program (Abbaspour, 2015) was employed for parameter optimization. This 

algorithm is capable of mapping all uncertainties (parameter, inputs, conceptual model, 

etc.) in terms of parameter ranges as the procedure attempts to cover most of the 

measured data within the 95% prediction uncertainty (95PPU), which is calculated at 

the 2.5% and 97.5% levels of the cumulative distribution of all simulated output values. 

During this process, the user first assign tangible ranges to a set of calibration 



 

184 

 

parameters, where both (the ranges and the selection of calibration parameter) are 

guided by literature information, specific knowledge of the study area and the 

parameters’ sensitivity analysis. Once this  is done, sets of samples (as many as 

intended simulations) are drawn from the parameter ranges through Latin hypercube 

sampling, followed by the SWAT-model simulation, using each of the set, and 

processed to evaluate various  objective functions, as discussed below.  

To quantify the goodness of model performance, i.e. the objective function, for the 

selected ranges of  parameters in terms of calibration/ uncertainty levels, two indices, 

the P-factor and the R-factor are used. The P-factor denotes  the percentage of data that 

is bracketed by the 95PPU band (ranging from 0 to 1, where 1 shows that all the 

predictions are within the 95PPU Band), while the R-factor is the average width of the 

95PPU band divided by the standard deviation of the measured variable (0 to ∞, with 

0 indicating a perfect match) (Abbaspour et al., 2007; Yang et al., 2008; and Schuol et 

al., 2008). 

For the evaluation of the calibration /validation results, the SUFI-2 algorithm allows 

the user to select from a range of different objective functions, such as the coefficient 

of determination (R2), percent bias (PBIAS), Nash–Sutcliffe efficiency (NS) or Kling-

Gupta efficiency (KGE). The objective function can easily be reassigned in the post 

processing step if required (Abbaspur 2008). The current study used NSE as the main 

objective function for the calibration/validation, but the results were also evaluated 

based on R2, PBIAS and KGE as well as the P-factor and the R-factor.  

6.1.4 Assessment of changes in future hydrology 

The calibrated SWAT model is forced with the downscaled future climate projections 

for two  RCP’s (RCP 4.5 and RCP 8.5) of the five (5) selected CORDEX climate 

models (see Section 6.2.2.3)  For each scenario the future hydrology is assessed for 

general flow characteristics, seasonality, high & low flows, as well as extremes (return 

periods of extreme discharges) for two future periods, namely, mid-century (2041-

2070) and late-century (2071-2100).   

These future hydrological assessments include calculations of percentage  relative 

changes from the baseline period (1976-2005), for each of the hydro-meteorological 

variable computed.   These rates of change are calculated as: 
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                p re chaAbsol et Xg Xnu = −    (6.2) 

           

%      x 100
p r

r

Relative change
X X

X

−
=

  (6.3) 

where 
pX  and rX   denote the mean of the hydro-meteorological variable over the future 

projected and the reference period, respectively. 

The future changes in glacier/snowmelt contribution are estimated using the following  

modified hydrological balance equation proposed by  Mark and Seltzer (2003):   

        Qt = P – E – Gw + Δg               (6.4) 

according to which the total volume of water discharging from a catchment (per 

specified time period), Qt,  is equal to the volume of water entering the catchment 

(=Precipitation P) minus losses (i.e. evapotranspiration, E and aquifer/groundwater 

recharge Gw) plus changes in storage Δg  in the system which comprise loss or gain of 

glacier ice volume, with snow/glacier accumulation (+) and snow/glacier melt 

contributions (-).  

As the losses  Gw may be minimal in comparison to the total discharge, especially, for 

large mountainous catchments at an inter-annual time step, this term may be omitted in 

the equation above. Furthermore by substituting Δg with the changes in 

snow/glacier accumulation/melt contributions (+ΔGm or -ΔGm), one  gets: 

          Qt = P – E – (+/- ΔGm)                (6.5) 

In order to assess the future changes in the snow/glacier melt (ΔGm) contribution 

relative to that in the reference period, the above equation is rearranged as  

            ΔGm = ΔQt – ΔP + ΔE              (6.6) 

Similarly, future changes in the hydrological extremes are assessed in terms of the 

changes in the 1st and 99th percentiles of the flows, changes in the low- and high-flows, 

along with an analysis of the changes in recurrence intervals of extreme discharges, 

with return periods of 10, 15 and 30 years. These are calculated from a fitted Log-

Pearson III value distribution to the simulated flow-maxima for the reference- and the 

two future 30-year periods, 1976–2005, 2041–2070 and 2071–2100, respectively.  
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In addition to the above analysis, a 2nd order Response Surface Regression model 

(RSM) is applied to capture the interrelationship of mean annual “Flow” or “ET’ with 

mean annual precipitation and temperature for the projected future hydro-climatology. 

RSM- models are multivariate polynomial models, which utilize a set of mathematical 

equations to designate  relationship between the response (e.g. flow) and the 

independent variables e.g. temperature and precipitation (Yu et al., 2014). Along with 

the fitted model, contour plots, for the response variables “Flow” or “ET’ are   also 

generated. The RSM, in addition to giving an overview of flow/evapotranspiration 

responses for different temperature- and precipitation scenarios, is also usable for 

preliminary predictions of these hydro-meteorological variables under diverse future 

precipitation and temperature change.  The calculations and plot generation have been 

done utilizing the “Response Surface Analysis” (RSA) program of the NCSS software 

(NCSS)  (e.g. Kathleen M. Carley, Natalia Y. Kamneva, Jeff Reminga, 2004; Keshtegar 

et al., 2016). A brief description of RSM is provided in App-6.VIII. 

Results and Discussion 

6.1.5 Performance of the SWAT model (calibration-validation) 

For almost all tributaries included in the SWAT’s calibration process, the most 

sensitive calibration parameters turn out to be the ones related to snowmelt and 

groundwater and they are usually homogeneous across all the calibrated basins, i.e. 

there are only minor differences in the final best fitted ranges and values. A list of the 

calibrated parameters for the various tributary-basins is provided in Table A.6 (see 

Supplementary material, Appendix A).  

Results of the calibration and validation of the flow rates for the basin outlet at gauge 

station Bisham Qila are shown in Fig 6.5. One can notice that the SWAT-model is not 

only able to simulate most of the observed high and low flows at daily and monthly 

scales, but captures the seasonal variation of the discharge as well.  In fact, as listed in 

the figure and detailed in terms of the various performance statistical indicators (R2, 

NS- coefficient,  PBIAS and KGE) for all gauged stations at the tributaries outlets in 

Table 6.4,  the calibrated SWAT- simulations result in high NS , ranging from 0.69 to 

up to 0.86 for the flows at the tributaries’ outlets and between 0.70 and  0.89 at  other 

monitoring points. And this despite the fact that the UIB is a complex watershed to 

model, particularly, on the daily time scale, as it covers a very vast area with a huge 
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glaciated part and diverse hydro-climatic regimes, as well as very sparse observation 

data. Table 6.4 indicates furthermore that, similar to the calibration period,  the 

statistical results are also very good for the validation period. 

           

Figure 6.5: SWAT- simulated and observed UIB flow at Bisham Qila during calibration and validation 

periods 

Table 6.4: Goodness of fit statistics for whole (calibration/validation) period 

Gauge Station       (River) 
R2 NS PBIAS KGE Mean_sim (Mean_obs)  

(m3/s) 

p-factor r-factor 

Gilgit (Gilgit) 0.77 0.76 -12.80 0.81 341.83 (303.13) 0.71 0.65 

Dainor (Hunza) 0.88 0.86 -0.50 0.89 304.55 (303.09) 0.50 0.34 

Doyan (Astor) 0.77 0.76 12.40 0.80 120.77 (137.83) 0.68 0.49 

Shigar (Shigar) 0.75 0.73 2.3 0.86 224.63 (229.93) 0.50 0.82 

Yugo (Shyok) 0.69 0.69 -5.60 0.79 433.67 (410.80) 0.70 0.65 

Kharmong (Indus) 0.75 0.70 19.70 0.70 336.99 (419.87) 0.75 1.00 

Kachura (Indus) 0.78 0.78 5.10 0.82 1092.04 (1151.04) 0.63 0.50 

Shatyal (Indus) 0.89 0.89 3.10 0.88 2153.49 (2222.91) 0.68 0.34 

Bisham Qila (Indus) 0.86 0.85 4.70 0.85 2320.87 (2436.47) 0.58 0.34 

 

6.1.6 Future hydrology 

6.1.6.1 Approach  

The uncertainty in the UIB’s future climate is, evidently, also reflected in the SWAT- 

simulated projections of the future hydrology. However, as will be shown in the 

following sub-sections, a number of consistent patterns in the projected changes in 

UIB’s future hydrology can be observed across the range of scenarios applied. To that 

avail the calibrated SWAT model is forced with the downscaled future climate 

projections for the two RCP’s (RCP 4.5 and RCP 8.5) of the five (5) selected CORDEX 

Calibration Validation 
NSE 0.85 

R2 0.86 

PBIAS -4.7% 

KGE 0.85 

 

NSE 0.85 

R2 0.86 

PBIAS -4.0% 

KGE 0.85 
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climate models (see Section 6.2.2.3). As listed in Table 6.2 earlier, each of the five  

(CORDEX-SA) RCMs selected represents essentially a particular future climate 

scenario, including the four possible future extreme scenarios groups (Wet-Warm, 

Wet-Cold, Dry-Warm, Dry- Cold) for each RCP as well as of one scenario in each 

group, representing the mean future climate change over the UIB. For each scenario 

the future hydrology is assessed for general flow characteristics, seasonality, high & 

low flows, as well as extremes (return periods of extreme discharges) for two future 

periods, namely, mid-century (2041-2070) and late-century (2071-2100). The results 

are summarized, along with other hydro-meteorological variables and the glacier 

accumulation/melt (estimated with Eq. 6.6), both in absolute values and as relative 

changes compared with the historical reference period, in Table 6.5. The major features 

of this table are discussed in the subsequent sub-sections. 

 

6.1.6.2 General flow characteristics  

From Table 6.5 one can recognize that the projected changes in stream flow exhibit  

fairly consistent increase in the mid as well as late century for all future RCP/climate 

scenarios, except one, the Dry-Warm scenario (IPSL-MR-RCA4_RCP8.5 model), for 

which the simulation indicates a decrease in the mean daily flows (MDF) in both future 

periods. Apparently, in this Dry-Warm scenario, the increase in snow/glacier melt 

contributions to the flows (resulting from the obvious increase in temperature) is 

possibly balanced out and even surpassed by the decrease of  snow accumulation (due 

to less snowfall owing to increased temperatures and, therefore, less snow melt) and  

increased losses from  highly increased actual evapotranspiration (aET), which rises to  

196 mm and 247 mm for the mid and late-century, respectively, which for the latter 

represents more than a doubling from the aET- value in the reference period. In fact, 

for this Dry-Warm scenario  (IPSL_RCP 8.5_both periods), the possible increase in 

the  simulated future flows owing  to higher melting or precipitation seems to over-

compensated by as decrease caused owing to higher rates of aET (see shaded area in 

Table 6.5). 
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Table 6.5: Future SWAT- simulated hydrology (mean daily flows, low and high daily flow) and, climate 

variables (aET, precipitation and temperature) and glacier melt in absolute numbers and 

relative to the reference period, obtained with climate drivers of the selected CORDEX- 

GCM-Reg models under  two RCPs for two future periods .  
R
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Flow 
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LDF1    
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MDF7 
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(mm) 

Prec4 

(mm) 

Tmp5 

(ºC) 

ΔGm6 

(mm) 

Reference

→ 
2320 385 10540 442 115 524 1.40 Estimated 

value 

Model1↓ value % 

change 
value % 

change 
value % 

change 
value (mm) 
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value (mm) 
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0

4
1
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0
7

0
 

 

CAN 2635 13.6 215 -44 1164

2 

10 502 60 162 47 36 3.14 71 

GFDL 2866 23.5 205 -47 1401

3 

33 546 104 115 0 16 2.41 88 

IPSL 2540 9.5 241 -37 1114

2 

6 484 42 161 46 15 4.2 73 

MPI 2888 24.5 216 -44 1338

3 

27 550 108 117 2 12 2.64 98 

NOR 3002 29.4 224 -42 1409

2 

34 572 130 105 -10 12 2.36 108 

 

2
0

7
1
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1
0

0
 CAN 2762 19.1 243 -37 1257

0 

19 526 84 181 66 83 4.24 67 

GFDL 2722 17.3 172 -55 1304

0 

24 519 77 126 11 12 3.7 76 

IPSL 2556 10.2 233 -39 1194

3 

13 487 45 174 59 33 6.33 71 

MPI 2759 18.9 202 -48 1361

0 

29 526 84 137 22 13 4.11 93 

NOR 2759 18.9 220 -43 1233

0 

17 526 84 123 8 13 3.5 79 
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CAN 2690 15.9 240 -38 1185

0 

12 513 71 183 68 33 3.51 106 

GFDL 3010 29.7 212 -45 1571

1 

49 574 132 135 20 54 2.73 98 

IPSL 2273 -2.0 236 -39 1013

8 

-4 433 -9 196 81 8 4.91 64 

MPI 2802 20.8 227 -41 1273

9 

21 534 92 131 16 11 3.08 97 

NOR 3001 29.4 208 -46 1426

4 

35 572 130 119 4 31 2.92 103 

 

2
0

7
1
-2

1
0

0
 CAN 2528 9.0 231 -40 1194

4 

13 482 40 219 104 66 6.03 78 

GFDL 2957 27.5 231 -40 1388

4 

32 563 121 170 55 88 5.22 88 

IPSL 1685 -27.4 172 -55 8329 -21 321 -121 247 132 -22 9.0 33 

MPI 2715 17.0 212 -45 1295

0 

23 517 75 170 55 35 5.86 95 

NOR 2594 11.8 206 -46 1304

4 

24 494 52 169 54 24 5.23 82 

1 Models full names and scenarios: CanESM2_RegCM4-4 (Wet-Warm), GFDL-ESM2M_RCA4 (Wet-Cold),                       
  IPSL-CM5A-MR_RCA4 (Dry-Warm), MPI-ESM-LR_RCA4 (Dry- Cold), NorESM1-M_RCA4 (Mean); 
2 Mean Daily Flow, 3 Actual Evapotranspiration, 4 Precipitation, 5 Temperature, 6 Change in snow/glacier melt contributions,                            
7Annual flow accumulated over the UIB   

 

6.1.6.3 Response surface regression   

The above findings regarding the relationships of both  mean daily flow and aET with 

precipitation and temperature are explored further through “Response surface 

regression analysis/modelling (RSM)” (see Section 6.2.2.3). Contour plots of the two 

response surfaces for these two variables are illustrated in the two panels of Fig 6.6.  

Regarding the “Flow” contour plot (top panel), its pattern is in line with the earlier 

discussed quantitative flow results for the UIB in response to different climatic 

scenarios, namely, a steady flow increase with increasing future precipitation, as long 

as the future increase in temperature is less than  6ºC.  This is a clear indication of the 
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dominance of the snow accumulation and snow/glacier melting process over the 

influence of losses due to increased aET. However, when the projected temperature 

changes are above 5ºto 6ºC, the losses due to increased aET  become more dominant, 

so that the flow decreases almost linearly with increasing temperature, and this holds 

for any amount of mean annual precipitation.  

Similar behaviors are observable from the contour plot for “aET”  (bottom panel) 

where, up to a projected temperature increase of 5º to 6ºC, the change in aET is mainly 

affected by precipitation, whereas for temperature changes beyond the 5ºC mark, aET 

increases with a gradient of ~30 mm/oC  so that at 10-12 ºC, the aET –rate saturates a 

values  around 350mm/ year.  Interestingly, the changes of  aET  in the temperature 

range 5ºC  - 10ºC and the precipitation range 550-650 mm/year is similar for 1ºC 

change in temperature and 100 mm/year change in precipitation. In other words, in the 

named temperature range, an increase of aET by increasing the temperature by 1ºC is 

largely offset if the precipitation increases by 100 mm/year.  

Figure 6.6: Contour plot of UIB mean annual (out) Flow at gauge station Bisham Qila, (top) and  

of mean annual ET (bottom) for a range of future predicted temperature and precipitation scenarios 
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In summary of this sub-section, the generated contour maps of “Flow” (or “ET’) can 

also be used as an easy first guess or prediction of flow in the UIB under diverse future 

precipitation and temperature scenarios, especially, when advanced modeling and 

forecasting is not feasible 

6.1.6.4 Monthly flows and seasonal shifts 

The UIB SWAT- simulations show also changes in the future monthly and seasonal 

flows as indicated by the various panels of Fig 6.7. Thus one may note changes in the 

yearly cycle and shifts in the timings of the high- and low flow seasons, with similar 

trends, but different magnitudes for the different scenarios  

For RCP 4.5, and all model/future period combinations considered, there is a shift of 

around one month in arrival of the peak flows, which is projected to be in June instead 

of July in the reference period. Simulations for RCP 8.5 show a similar trend, though 

with an even larger the ahead-shift of up to two months. Also, for both RCPs and future 

periods, huge discharge increases are projected for the spring- and early summer flows, 

so that the rise of the hydrograph in the future will start in spring rather than in mid-

summer, as for the reference period. The flow magnitudes in the spring season are also 

significantly higher than in the reference period (2 to 3 times for RCP 4.5 and 3-5 times 

for RCP 8.5). Furthermore, for all scenarios/periods the future flow in autumn will be 

slightly increased. All these changes are most likely due to an increase in autumn or 

winter precipitation, leading to increased snow accumulation, and an earlier onset of 

snow/glacier-melt owing to rising temperatures. 

For the RCP8.5/late-century scenarios/periods, all five models project less increases 

and even a decrease for one model (IPSL) for the annual flows. The obvious reason is 

the higher rate of aET (Table 6.5), which negates the effect of increased precipitation 

and snow accumulation, so that for model IPSL which predicts less precipitation, the 

high aET induce considerable decreases in the average annual flows.   

Our results above, for the intra-annual- and magnitude changes of the flow, are in line 

with the projected hydrology of other studies  (e.g. Lutz et al., 2016; Soncini et al., 

2014; Ali et al., 2015).  Thus, a similar pattern of flows was reported by Lutz et al. 

(2016) for RCP8.5, namely, an earlier occurrence of higher-magnitude summer flows, 

particularly, in the mid-century and less so towards the end of the 21st  century. 
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Figure 6.7: Annual flow cycle projections of the 5 Models  in mid-  and late-century under RCP 4.5     (a 

& b) and  RCP 8.5( c & d).  
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6.1.7 Hydrological extremes  

Future changes in the hydrological extremes, i.e. low- and high flows are evaluated 

through their exceedance levels for different return periods (return period flow) as well 

as in terms of the 1st - and 99th - percentiles of the flows as listed in the previous Table 

6.5. For a better appreciation of the subsequent statistical frequency analysis, the 

hydrograph of the daily observed discharge at the UIB outlet station Bisham Qila is 

shown for the reference period (1976-2005) in Fig.6.8, with the various flow quantiles 

drawn in as horizontal lines. Noticeable are in particular the extreme peaks. 

The frequency histogram of the daily discharge is shown in Fig. 6.9 which hints of a 

strongly skewed extreme value distribution. Similar histogram behaviour is found for 

the annual maximum series used for the subsequent analysis of the return periods  

 

Figure 6.8: UIB discharge (1976-2005) at basin outlet (Bisham Qila), with hatched lines indicating 

mean, 1st percentile (LDF1) median (MDF50) and, 99th percentile (HDF99). 

 

Figure 6.9: Frequency histogram of UIB daily discharge at Bisham Qila station 
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6.1.7.1 Annual return period flows 

For the evaluation of the annual return period (recurrence interval T) flow,  exceedance 

probabilities (p=1/T) of fitted Log-Pearson III value distributions (e.g. Chow et al., 

1988)  to the  observed (for the reference period) and the SWAT- simulated future 

annual flow-maxima, using the various GCM_Reg- models’ climate projections for the 

different RCPs/future periods, are computed.   

The four panels of Fig. 6.10 show the annual return period flows obtained in this way, 

together with the ones for the reference period, for the four RCPs/future periods-  

combinations. Furthermore, the exceedance flows extracted for three return periods, 

i.e. 10, 15 and 30 years are listed in Table 6.6.  

.  

Figure 6.10:Annual exceedance flow for different  return periods projected by the 5 GCM_Reg  models 

for the mid-  and late century periods under RCP 4.5   (a & b) and  RCP 8.5( c & d,).  

a  b  

g  d  
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Table 6.6: Annual return period flow for 10, 15 and 30 year recurrence intervals and their relative 

changes for the different RCP//period/model combinations.  

R
C

P
 

T
im

e 
p

er
io

d
 Flow 10Yr RI  15Yr RI  30Yr RI  

Observed 12837 13260 13863 

Modelled Value 

(m3/sec) 

% 

change 
Value 

(m3/sec) 

% 

change 

Value 

(m3/sec) 

% 

change 

         

R
C

P
 4

.5
 2
0

4
1
-2

0
7

0
 CAN 19229 49.8 20042 51.1 21146 52.5 

GFDL 25019 94.9 26874 102.7 29681 114.1 

IPSL 21254 65.6 22584 70.3 24473 76.5 

MPI 23042 79.5 24504 84.8 26680 92.5 

NOR 19644 53.0 20356 53.5 21335 53.9 

        

2
0

7
1
-2

1
0

0
 CAN 21616 68.4 23009 73.5 25110 81.1 

GFDL 24120 87.9 25848 94.9 28335 104.4 

IPSL 21711 69.1 22995 73.4 24865 79.4 

MPI 23698 84.6 25722 94.0 28942 108.8 

NOR 20114 56.7 21474 61.9 23496 69.5 

         

R
C

P
 8

.5
 2
0

4
1
-2

0
7

0
 CAN 22183 72.8 23596 77.9 25780 86.0 

GFDL 26998 110.3 28897 117.9 31713 128.8 

IPSL 20709 61.3 22318 68.3 24842 79.2 

MPI 21655 68.7 22749 71.6 24289 75.2 

NOR 23351 81.9 24704 86.3 26619 92.0 

        

2
0

7
1
-2

1
0

0
 CAN 24073 87.5 25708 93.9 28174 103.2 

GFDL 26178 103.9 28012 111.3 30698 121.4 

IPSL 25740 100.5 28550 115.3 32840 136.9 

MPI 26507 106.5 28597 115.7 31691 128.6 

NOR 23840 85.7 25879 95.2 29057 109.6 

Both the figure and the table indicate remarkably more severe extreme discharges in 

the UIB compared to those in the reference period, in the mid-century and, depending 

in the model, often more so at the end of the century where exceedance flows are more 

than 100% higher than those in the reference period, particularly, for the more extreme 

RCP 8.5 scenario. 

The different exceedance flow graphs in Fig. 6.10 shows similar pattern. Basically, for 

all tributaries and the main channel, the highest water discharge levels occur during the 

coinciding melting season (see Fig. 6.7). Hence, the increases in the extreme return 

levels are essentially regulated by the projected climate/hydrology changes during 

those months, and are due to the higher snow/glacier melt owing to the projected 

temperatures increase and higher accumulation of snow during the preceding winter 

and spring, while coinciding with intense rainfall events which can considerably 

exacerbate the peak flows  (see column LDF99 in Table 6.5).  
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Table 6.6 indicates more quantitatively that the projected future peak flow magnitudes 

will increase between 50% and above 100% for the three annual return intervals 

investigated (10, 15 and 30 years). Similarly, for the even longer return periods of 50, 

100 and 200 years,  the peak flood amounts will more than double and this holds for 

all climate scenarios/periods/models (see Fig. 6.7). In other words, what has been a 30-

, 50-, 100- or even a 200- year flood event in the past reference period, will become a 

flood with a return period of 10 years or below, while a 10- or 20- year flood will be 

witnessed every 2 years in the future.  

This imminent future situation is very alarming, because even under the current flow 

regime, there are catastrophic flood events every 10 to 20 years, with catastrophic 

human and economic consequences. Thus, the projected increase in flood frequencies 

means that the UIB and, especially, its downstream basin are likely to witness more 

frequent and more intense flood events, unless appropriate flood protection measures 

are put into place. Other studies (e.g. Lutz et al., 2016) have reported similar future 

trends in  the projected extreme flows. 

6.1.7.2 High- and low flows 

For the analysis of various characteristics of the future low- and high- flows in the UIB, 

these have been defined here by the 1st  (LDF1) -  and 99th  (HDF99)-  percentile 

historical flow discharges, as shown in Fig. 6.5 and listed in Table 6.5 and which 

amount to threshold levels of 385 m3/s and 10,540 m3/s, respectively. In fact, the latter 

value corresponds roughly to a 2-year flood event for the reference period, as can be 

extracted from Fig. 6.10.    

The results of the SWAT-simulations obtained with the various 

scenarios/periods/models are summarized in Table 6.7. From this table one may notice 

similar future trends across all the assessed scenario combinations.  More specifically, 

compared with the low/high flow- values in the reference period (Table 6.7 and Fig. 

6.9),  the magnitudes of mean low flow troughs at the 1st - percentile have all decreased 

considerably (-13% to -19%), while the 99th - percentile high flows have all 

significantly increased (10% - 25%) high spell peaks  Similarly, the magnitudes of the 

longest low flow spells for all the future scenarios have huge increases (21% to 132%), 

as do the magnitudes of the longest high flow spells, which have increased for all, but 



 

197 

 

the Dry-Warm scenario/model (RCP-8.5/IPSL-MR-RCA4) which predicts a huge 

future temperature increase, but a precipitation decrease.  

Table 6.7: High and low flow spells, in terms of total number, longest event-  and mean durations 

(months) 

   High flow spells  Low flow spells 

R
C

P
 

D
u

ra
ti

o
n

 Flow HSNum HSLong HSMeanDur MHSPeaks LSNum LSLong LSMeanDur MLSTrough 

Observed
1 

23 12 4.7 11963 16 21 7 376 

 Modelled Value 
% 

change Value 
% 

change Value 
% 

change Value 
% 

change Value 
% 

change Value 
% 

change Value 
% 

change Value 
% 

change 

R
C

P
 4

.5
 

2
0

4
1
-2

0
7

0
 CAN 100 335 12 0 2 -59 12859 7 139 769 75 257 11 51 315 -16 

GFDL 108 370 47 292 4 -25 14130 18 109 581 109 419 15 112 311 -17 

IPSL 82 257 5 -58 2 -63 13510 13 119 644 79 276 8 21 323 -14 

MPI 110 378 42 250 3 -34 13596 14 95 494 95 352 16 127 312 -17 

NOR 108 370 59 392 4 -24 13439 12 100 525 81 286 15 109 320 -15 

 

2
0

7
1
-2

1
0

0
 CAN 97 322 21 75 3 -42 13683 14 134 738 53 152 9 27 320 -15 

GFDL 102 343 29 142 4 -24 13813 15 114 613 120 471 16 128 309 -18 

IPSL 77 235 10 -17 2 -53 14242 19 100 525 70 233 10 49 317 -16 

MPI 100 335 36 200 3 -27 13941 17 116 625 132 529 15 111 311 -17 

NOR 80 248 22 83 3 -33 13421 12 137 756 97 362 12 72 325 -14   

 

R
C

P
 8

.5
 

2
0

4
1
-2

0
7

0
 CAN 101 339 16 33 2 -57 13677 14 138 763 69 229 8 11 325 -14 

GFDL 106 361 75 525 4 -15 14746 23 105 556 81 286 12 67 315 -16 

IPSL 60 161 8 -33 1 -69 13612 14 119 644 73 248 8 17 326 -13 

MPI 106 361 37 208 3 -34 13663 14 109 581 112 433 12 76 313 -17 

NOR 116 404 70 483 3 -29 13520 13 91 469 88 319 12 77 319 -15 

 

2
0

7
1
-2

1
0

0
 CAN 94 309 12 0 2 -58 14447 21 115 619 53 152 9 30 316 -16 

GFDL 109 374 29 142 3 -37 14289 19 96 500 96 357 10 49 329 -13 

IPSL 30 30 3 -75 1 -70 16594 39 97 506 136 548 14 102 304 -19 

MPI 105 357 46 283 3 -33 13966 17 96 500 93 343 12 70 319 -15 

NOR 84 265 67 458 3 -44 13970 17 93 481 83 295 16 132 316 -16 

1 in the 30-years reference period 
2 Models full names and scenarios: CanESM2_RegCM4-4 (Wet-Warm), GFDL-ESM2M_RCA4 (Wet-Cold),                       
  IPSL-CM5A-MR_RCA4 (Dry-Warm), MPI-ESM-LR_RCA4 (Dry- Cold), NorESM1-M_RCA4 (Mean); 

 

The results for the future high flow spells with discharges above the 99% - threshold 

(10,540 m3/s) are in conformity with those of the previously computed projected return 

periods and flood magnitudes of floods (see Table 6.6), as the number of “high flow 

spells” have in most RCP/period/model- cases increased by more than 300%,   in 

comparison to the reference period (Table 6.7). However, the mean duration of these 

future spells is considerably shorter by -15% to -69%, though some of them will also 

be much longer. All this means that these more frequent “high flow spells” events of 

shorter durations, but with much higher peaks, i.e. flood concentration, will pose 

serious flood threats, as the present flood protection- and retention infrastructures in 

the UIB are not designed for such extreme future floods.  
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In a similar manner, the 1%- “low flow spells” (with troughs below 385 m3/s) are  also 

projected to change drastically, as indicated by the appropriate columns of Table 6.7. 

Thus, the table shows that the UIB is expected to have more frequent and longer “low 

flow spell” events, especially for “Wet-Cold”, “Dry- Cold” and “Mean” model 

scenarios for both RCP/future periods. Although the Wet-Warm and Dry-Warm 

model scenarios will also have more frequent “low flow spell” events, these will have 

comparatively shorter durations than the others - possibly because of the high melt 

water contributions owing to the high future temperatures in these Warm- scenarios - 

but will still be ways longer than those in the reference period.  

Conclusions 

Projecting future hydrology for the mountainous and highly glaciated UIB is a 

challenging task limited by many factors mainly due to uncertainties in the future 

climate projections, and issues with the coverage and quality of available reference 

climatic data and hydrological modelling approaches The current study has tried to 

investigate the impacts of future climate change on the hydrological behavior of the 

UIB during the 21st century, while compensating for and avoiding, as much as possible, 

the limiting factors, so that the usability of the results could be enhanced as a viable set 

of future hydrological predictions. 

To cater for the non-representativeness of available climatic data and reported 

underestimation of precipitation amounts by all available data products up-to-date, the 

current study utilized a new corrected climate dataset with a better representation of 

precipitation and temperature distribution with altitude. A 0.125° x 0.125° gridded 

temperature and precipitation time series for the 1997-2008 was utilized for the 

reference period. The precipitation data was improved and corrected through a  

“Correction and Informed Regionalization (CIR)” approach (Khan and Koch 2018a), 

whereby in addition to quality-checked and removing systematic errors, the data was 

improved for a better spatial coverage through geospatial interpolation, followed by 

incorporation of a sub-basin-specific “precipitation laps rate”, based on reported hydro-

climatological data and the glacier mass balance dynamics in the UIB. The temperature 

data used was also a spatially interpolated version of the available data (observed and 

APHRODITE), with adjustments by the region- specific, elevation-dependent lapse 

rate.  



 

199 

 

Similarly, to address the other major source of uncertainty in future hydrological 

investigations, namely, the one originating from the variations in precipitation and 

temperature projections between different climate (GCM/RCM) models, an 

incremental approach was adopted to select a wider range of future climate scenarios, 

representative of the full spectrum of future projected climates, to force the 

hydrological model simulations. To that avail, a step-wise shortlisting was carried out 

to select appropriate climate models for the UIB under two RCPs: RCP 4.5 and RCP 

8.5, based on the range of projected changes in means and extremes as well as their 

skills in reproducing the past climate. The finally selected future GCM/RCM climate 

projections represent dynamically downscaled climate predictions  from a set of 

GCM/RCM- models of the Coordinated Regional Downscaling Experiment 

(CORDEX) available for the study region and they were further statistically 

downscaled (bias-corrected) over the UIB, before utilizing them as climate forcing data 

in  the hydrological modelling. 

For hydrologically modelling task, the well-established, semi-distributed hydrological 

model “SWAT’ was used to simulate the future hydrology in the UIB. After rigorous 

calibration and validation of the model at multiple sub-catchment levels, the results 

were statistically assessed for different aspects, including mean flows, changes in 

seasonality and extremes. 

The uncertainty in the future hydrological projections was then addressed in three 

ways: 1) Using reference data with improved quality, coverage and representation,   2)  

employing the wide range of different climate scenarios as provided by the various 

CORDEX- GCM/RCM- models in the SWAT- model, and  so getting diverse future 

hydrological projections, and 3) utilizing the full set of hydrological predictions to 

generate fitted Response Surface Regression Models (RSM) and contour maps for the 

two response variables “Mean Annual Flow” and “aET”, as a function of the projected 

mean annual precipitation and temperature. These RSMs can be used as a “hands-on”, 

practical tool for preliminary forecast of the future hydrology in the UIB, under any 

temperature and precipitation projections, sourced from any climate model. 

The overall results of the study are promising, since, notwithstanding the fact that  there 

are considerable uncertainties in the projected future hydrology, almost all  

model/RCP-scenarios lead to similar future trends of increased flows and intensified 
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extremes. Thus, for all climate model scenarios under RCP 4.5, mean annual flows are 

projected to increase (relative to the 1976-2005 reference period) from 9.5%  - 29.4% 

for the mid-century (2041-2070) period, while for the late century (2071-2100) period 

a milder increase of only 10.2% - 19.1% is predicted. Similarly, all mean annual flow 

projections under RCP 8.5  - except those based on model IPSL-MR-RCA4 - show 

similar trends, with increases of 15.9% - 29.7% for the mid- and of only  9% - 27.5% 

for the late century.  Here again, model IPSL-MR-RCA4 represents an exception, as 

its climate drivers lead to a steadily decreased SWAT- simulated mean flow over  the 

whole 21st century.  

The seasonal shifts as well as the change in the extremes follow the same trends across 

all climate scenarios/models/period combinations analyzed. Hence, all projections 

show a future forward shift in the arrival of the peaks flows from, presently, July-

August to late spring - early summer (May-June) as well as an increase of the 

magnitudes of the spring and winter flows.  

The flow extremes are also projected to drastically intensify, with the high (peak) 

floods having 50 to >100% more magnitude, and tremendously decreased annual 

recurrence intervals, i.e. what has been something like a 100- year flood event or so in 

the past reference period, will become a flood with a return period of 10 years or even 

below in the future.  All this hints of a tremendously increased flood hazard for the UIB 

in the future. 

For the low flows,  more frequent and longer episodes with lower minimal flow values 

than those of the reference period are projected for all climate scenarios/models/period 

combinations, though these extreme alterations are somewhat milder for the  future 

Warm- scenarios, most likely due to  higher melt water contributions to the UIB flow 

discharge.  
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 Supplementary materials 

App-6.I Swat Model-Setup, Calibration and Validation 

App-6.I.a Spatial input data and SWAT model setup 

In the current study “ArcSWAT-2012”, which is an ArcGIS-ArcView extension 

and graphical user input interface for the SWAT-model, is used. The SWAT-

input data employed here include: a void-filled, and hydrologically conditioned, 

3 arc-seconds (=90x90m2)- spatial resolution digital elevation model (DEM) 

from Hydro-SHEDS (Lehner et al., 2008), FAO-UNESCO global soil map 

(FAO-UNESCO Digital Soil Map of the World, 2007) and “Global Land Cover 

Characterization (GLCC) at 1 km spatial resolution (U.S. Geological Survey 

(USGS), 2008). During the watershed delineation process, the study area with a 

size of 165611 km2 was configured into 173 sub-basins, divided further into a 

total of 2825 discrete HRUs. The major catchments of UIB, which were modeled 

separately during calibration and validation, included Gilgit, Hunza, Astor, 

Shigar, Shyok, while the remaining parts of UIB were divided in to three regions 

(1) parts of UIB upstream of Kharmong gauge station; (2) Parts of UIB between 

Kharmong and Shatyal gauge station; and (3) UIB downstream of Shatyal, up to 

Bisham Qila. (Fig-) 

App-6.I.b Model calibration and validation setup 

The SWAT model was calibrated and validated against daily discharge data 

individually for each of its five (5) major tributaries (Hunza, Gilgit, Astor, Shigar 

and Shyok rivers), for parts of UIB (except the tributaries) inside Pakistan’s 

boundary and for UIB (situated in India China and Nepal) covering area upstream 

of Kharmong gauge station.   

The Sequential Uncertainty Fitting SUFI-2 algorithm (Abbaspour, 2015) of the 

SWAT-CUP program (Abbaspour, 2015) was used for parameter optimization. 

This algorithm is capable of mapping all uncertainties (parameters, inputs, 

conceptual model, etc) in terms of parameter ranges, as the procedure attempts 

to cover most of the measured data within the 95% prediction uncertainty 

(95PPU), which is calculated at the 2.5% and 97.5% levels of the cumulative 

distribution of all simulated output values. During this process, the user first 

assigns tangible ranges to a set of calibration parameters, where both (the ranges 
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and the selection of calibration parameter) are guided by literature, specific 

knowledge of the study area and the parameters sensitivity analysis. Once this is 

done, sets of samples (as many as intended simulations) are drawn from the 

parameter ranges through Latin hypercube sampling, followed by SWAT model 

simulation using each of the set, and finally processed for the evaluation of the 

objective function, i.e. some normalized squared sum of the residuals between 

observed and simulated streamflow discharge (see below).  

To quantify the goodness of model performance for the selected ranges and 

parameter, in terms of calibration/ uncertainty levels, two indices P-factor and 

the R-factor were used. P-factor is the percentage of data that is bracketed by the 

95PPU band (range from 0 to 1, where 1 shows that all the prediction are within 

the 95PPU Band), while R-factor is the average width of the 95PPU band divided 

by the standard deviation of the measured variable (0 to ∞, with 0 showing perfect 

match) (Abbaspour et al., 2007; Yang et al., 2008; and Schuol et al., 2008). 

For evaluation of calibration /validation results, the SUFI-2 algorithm allow users 

to select from a range of different objective functions, such as R2, percent bias 

(PBIAS), Nash–Sutcliffe efficiency (NSE) or Kling-Gupta efficiency (KGE). The 

objective function can easily be reassigned in the post processing step if required 

(Abbaspur 2008). The current study used NSE as the main objective function, but 

the results were also evaluated based on R2, PBIAS and KGE of the 

calibration/validation results as well as the P- factor and the R-factor.  

Further information of SWAT setup as well as calibration & validation are given 

in App- to App- 
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App-6.II UIB extent, elevation and major catchments 

 

App-6.III UIB soil classes 

 

App-6.IV UIB Landuse classes 

  



 

208 

 

 

App-6.V SWAT model default parameter values and parameter ranges used 

in SWAT-CUP 

Parameter 

SWAT 

Component 

Description of the parameter 

Default 

Value 

Range 

SFTMP BSN Snowfall temperature. 1 -20 20 

SMTMP BSN Snow melt base temperature. 0.5 -20 20 

SMFMX BSN Maximum melt rate for snow during year (occurs on summer solstice). 4.5 0 20 

SMFMN BSN Minimum melt rate for snow during the year (occurs on winter solstice). 4.5 0 20 

TIMP BSN Snow pack temperature lag factor. 1 0 1 

SNOCOVMX BSN Minimum snow water content that corresponds to 100% snow cover. 1 0 500 

SNO50COV BSN Snow water equivalent that corresponds to 50% snow cover. 0.5 0 1 

ESCO BSN/HRU Soil evaporation compensation factor. 0.95 0 1 

EPCO BSN/HRU Plant uptake compensation factor. 1 0 1 

SURLAG BSN Surface runoff lag time. 4 0 24 

SHALLST GW Initial depth of water in the shallow aquifer (mm). 1000 0 50000 

DEEPST GW Initial depth of water in the deep aquifer (mm). 2000 0 50000 

GW_DELAY GW Groundwater delay (days). 31 0 500 

ALPHA_BF GW Baseflow alpha factor (days). 0.048 0 1 

GWQMN GW 
Treshold depth of water in the shallow aquifer required for return flow to 

occur (mm). 
1000 0 5000 

GW_REVAP GW Groundwater "revap" coefficient. 0.02 0.02 0.2 

REVAPMN GW Threshold depth of water in the shallow aquifer for "revap" to occur (mm). 750 0 500 

RCHRG_DP GW Deep aquifer percolation fraction. 0.05 0 1 

GWHT GW Initial groundwater height (m). 1 0 25 

GW_SPYLD GW Initial depth of water in the shallow aquifer (mm). 0.003 0 0.4 

OV_N HRU Manning's "n" value for overland flow. 0.15 0.01 30 

SLSOIL HRU Slope length for lateral subsurface flow. 0   

CH_N2 RTE Manning's "n" value for the main channel. 0.014 -0.01 0.3 

CH_K2 RTE Effective hydraulic conductivity in main channel alluvium. 0 -0.01 500 

ALPHA_BNK RTE Baseflow alpha factor for bank storage. 0 0 1 

SUB_SFTMP SNO Snowfall temperature. 1 -20 20 

SUB_SMTMP SNO Snow melt base temperature. 0.5 -20 20 

SUB_SMFMX SNO Maximum melt rate for snow during year (occurs on summer solstice). 4.5 0 20 

SUB_SMFMN SNO Minimum melt rate for snow during the year (occurs on winter solstice). 4.5 0 20 

SUB_TIMP SNO Snow pack temperature lag factor. 1 0 1 

CN2 MGT SCS runoff curve number f Variable 35 98 

SOL_K SOL Saturated hydraulic conductivity. Variable 0 2000 

SOL_AWC SOL Available water capacity of the soil layer. Variable 0 1 

SNOEB SUB Initial snow water content in elevation band. Variable 0 999999 

CH_S1 SUB Average slope of tributary channels. Variable 0.0001 10 

CH_L1 SUB Longest tributary channel length in subbasin. Variable 0.05 20 

CH_S2 RTE Average slope of main channel. Variable -0.001 10 

CH_L2 RTE Length of main channel. Variable -0.05 500 

TLAPS SUB Temperature lapse rate. 6 -10 10 

PLAPS SUB Precipitation lapse rate. 0 -1000 1000 

CH_K1 SUB Effective hydraulic conductivity in tributary channel alluvium . 0 0 300 

CH_N1 SUB Manning's "n" value for the tributary channels. 0.014 0.01 30 
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App-6.VI Calibrated parameters values for different catchments of UIB 

Basin (r-relative/v-replace)_Parameter_(slope class) Value Basin 
(r-relative/v-

replace)_Parameter_(slope class) 
Value 

A
st

o
r 

r__CN2.mgt -0.09 

K
ac

h
u

ra
/S

h
ig

ar
 

r__CN2.mgt 1.86 
r__OV_N.hru -0.09 r__HRU_SLP.hru 0.93 

r__PLAPS.sub 0.25 r__OV_N.hru 3.64 

r__SLSUBBSN.hru  __0-5,5-15 0.04 r__SLSUBBSN.hru  __0-5,5-15 2.87 
r__SLSUBBSN.hru  __15-30,30-50,50-9999 1.27 v__CH_K1.sub 0.76 

r__SOL_AWC(1).sol 0.25 v__CH_K2.rte -7.68 

r__SOL_K(1).sol -0.31 v__CH_N1.sub -0.17 

v__ALPHA_BF.gw 0.43 v__DEEPST.gw 2.29 

v__ALPHA_BNK.rte 0.25 v__GW_DELAY.gw 0 

v__CH_K2.rte 226.53 v__GW_REVAP.gw 0.1 
v__CH_N2.rte 0.22 v__GWQMN.gw 115.92 

v__GW_DELAY.gw 79.16 v__RCHRG_DP.gw -0.44 

v__GW_REVAP.gw 0.04 v__REVAPMN.gw 38.24 

v__SLSOIL.hru 74.1 v__SLSOIL.hru 0.23 

v__SNO50COV.bsn 0.59 v__SUB_SFTMP().sno 283.25 

v__SNOCOVMX.bsn 56.6 v__SUB_SMFMN().sno 0.31 
v__SUB_SMFMN().sno 1.65 v__SUB_SMFMX().sno 8828 

v__SUB_SMFMX().sno 5.56 v__SUB_SMTMP().sno 0.15 

v__TIMP.bsn -0.09 v__SUB_TIMP().sno 1556.62 

v__TLAPS.sub  -6.04  v__TLAPS.sub 

 

319.82 

 

G
il

g
it

 

r__CN2.mgt -1.42 

In
d

u
s 

m
ai

n
 (

u
p
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 o

f 
S

h
at

y
al

, 

w
it

h
o

u
t 

m
ai

n
 t

ri
b
u

ta
ri

es
) 

r__CN2.mgt -0.39 
r__PLAPS.sub -0.36 r__PLAPS.sub -0.33 
r__SOL_AWC().sol 6.63 v__ALPHA_BF.gw 0.32 

r__SOL_K().sol 5 v__ALPHA_BNK.rte 0.57 

v__ALPHA_BNK.rte 0.09 v__CH_K1.sub 87.1 

v__CH_K1.sub 0.49 v__CH_K2.rte 23.23 

v__CH_K2.rte -0.23 v__CH_N2.rte 0.13 

v__CH_N1.sub 0.13 v__GW_DELAY.gw 1.64 
v__CH_S1.sub 310.63 v__GW_REVAP.gw 0.15 

v__DEEPST.gw 0.25 v__GW_SPYLD.gw 0.23 

v__EPCO.hru 0.33 v__RCHRG_DP.gw 0.19 

v__ESCO.hru 245.35 v__REVAPMN.gw 187.13 

v__GW_REVAP.gw 0.23 v__SNO50COV.bsn 0.4 

v__RCHRG_DP.gw 78.77 v__SNOCOVMX.bsn 274.44 
v__REVAPMN.gw 0.82 v__SUB_SFTMP().sno 2.96 

v__SHALLST.gw 0.85 v__SUB_SMFMN().sno 2.22 

v__SLSOIL.hru 30.55 v__SUB_SMFMX().sno 3.7 

v__SUB_SMFMX().sno 0.44 v__SUB_SMTMP().sno -0.61 

v__SUB_SMTMP().sno 3918.08 v__SURLAG.bsn 1.46 

v__TLAPS.sub  12710.57  v__TLAPS.sub 

 

-8.92 
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u
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r__CN2.mgt -0.58 
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y
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r__CN2.mgt -0.5 
r__HRU_SLP.hru 0.7 r__PLAPS.sub -0.46 

r__OV_N.hru 0.18 v__ALPHA_BF.gw 0.33 

r__SLSUBBSN.hru  __15-30,30-50,50-9999 0.48 v__ALPHA_BNK.rte 0.49 

r__SOL_K().sol 0.61 v__CH_K1.sub 81.79 

r__TLAPS.sub 0.15 v__CH_K2.rte 24.47 
v__ALPHA_BF.gw 0.55 v__CH_N2.rte 0.14 

v__ALPHA_BNK.rte 0.77 v__GW_DELAY.gw 2.37 

v__CH_K2.rte 118.23 v__GW_REVAP.gw 0.15 

v__CH_N2.rte 0.29 v__GW_SPYLD.gw 0.21 

v__CH_S1.sub 7.45 v__RCHRG_DP.gw 0.16 

v__CH_S2.rte 0.01 v__REVAPMN.gw 242.37 
v__GW_DELAY.gw 23.69 v__SNO50COV.bsn 0.4 

v__SLSOIL.hru 74.35 v__SNOCOVMX.bsn 230.51 

v__SNO50COV.bsn 0.62 v__SUB_SFTMP().sno 3.03 

v__SUB_SFTMP().sno 3.14 v__SUB_SMFMN().sno 2.13 

v__SUB_SMFMN().sno 2.05 v__SUB_SMFMX().sno 3.48 

v__SUB_SMFMX().sno 3.54 v__SUB_SMTMP().sno -0.82 
v__SUB_SMTMP().sno 3.51 v__SURLAG.bsn 1.5 

v__SUB_TIMP().sno 0.84  v__TLAPS.sub 

 

-8.2 

 

K
h

ar
m

o
n
g
 

r__HRU_SLP.hru 0.16 

S
h

y
o

k
 

 

r__CN2.mgt -0.72 
r__SOL_K(1).sol -0.44 r__HRU_SLP.hru 0.00 

v__ALPHA_BF.gw 0.81 r__REVAPMN.gw 115.36 

v__ALPHA_BNK.rte 0.19 r__SLSUBBSN.hru  __0-5,5-15 -0.08 
v__CH_K2.rte 135.6 r__SLSUBBSN.hru  __15-30,30-50,50-9999 3.09 

v__CH_N2.rte 0.25 r__SOL_AWC().sol 0.95 

v__DEEPST.gw 16356.23 v__ALPHA_BF.gw 0.04 

v__ESCO.bsn 0.3 v__ALPHA_BNK.rte 0.26 

v__GW_DELAY.gw 32.08 v__CH_N2.rte 0.22 

v__GW_REVAP.gw 0.07 v__CH_S1.sub 1.16 
v__OV_N.hru 0.53 v__CH_S2.rte 1.02 

v__SFTMP.bsn -2.87 v__DEEPST.gw 3904.91 

v__SHALLST.gw 2537.33 v__GW_DELAY.gw 26.48 

v__SLSOIL.hru 196.01 v__GW_REVAP.gw 0.15 

v__SMFMN.bsn 1.43 v__GWQMN.gw 4639.57 

v__SMFMX.bsn 9.14 v__RCHRG_DP.gw 0.15 
v__SMTMP.bsn -1.83 v__SFTMP.bsn -4.48 

v__SNO50COV.bsn 0.5 v__SHALLST.gw 4961.73 

v__TIMP.bsn 0.68 v__SUB_SMFMX().sno 3.27 

v__TLAPS.sub -8.16 v__SURLAG.bsn 7.40 
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App-6.VII SWAT modeled flows and observed flow for calibration and 

validation periods, at different catchment outlets in UIB 

Gauge 

station 

(river) 

SWAT modeled flows and observed flow at different catchment outlets in 

UIB 

Gilgit 

(Gilgit) 

 

Danyor 

(Hunza) 

Doyan 

(Astor) 

Yugo 

(Shyok) 

Kharmong 

(Indus) 

Kachura 

(Indus) 

Shatyal 

(Indus) 

Bisham 

Qila 

(Indus) 
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App-6.VIII Response surface regression / methodology (RSM) 

Response surface regression / methodology (RSM) was developed by Box and 

collaborators in the 1950s (Gilmour, 2006), and its use has been widely reported in 

various texts (Bezerra 2008). RSM consists of a group of mathematical / statistical 

techniques which searches for relationships between two or more explanatory 

variables and a response variable. To achieve this objective, the system is described in 

terms of linear or higher-order polynomial functions while exploring different 

(modeling and displacing) experimental conditions, and fits the model function in a 

non-linear least squares procedure to the response variable. 

The NCSS program / software, which has been used in the current study, fits a 

polynomial regression model using cross-product terms of variables which can be 

raised up to the third power. NCSS then calculates the maximum or minimum of the 

response surface. The program also has an option in the variable selection feature that 

helps one to find the most parsimonious hierarchical model. 

In case of RSM, several strategies can be adopted during variable selection and model 

building in the regression analysis, such as: backward elimination, forward selection, 

stepwise, all possible regressions, and more. NCSS adopts a specific strategy in dealing 

with hierarchical models. The strategy may be outlined as follows: 

1. Begin with the most complicated model desired.  

2. Search through all terms, identify those that are not essential to maintain the 

hierarchical constraint on the model. The identified group of terms is available 

for removal.  

3. Check each of the available terms to find how much R2 is decreased if they are 

removed?  

4. Remove the term that decreases R2 the least. Return to step 2.  

5. If no available term can be identified that reduces R2 by an amount which is less 

than the specified cutoff value, the model selection procedure is terminated. 

Further details of RSM and NCSS can be found in Gilmour (2006); Bruns et al., (2006), 

and at the NCSS website in the reference list. 

 

 

https://www.sciencedirect.com/science/article/pii/S0039914008004050#!
https://en.wikipedia.org/wiki/Explanatory_variable
https://en.wikipedia.org/wiki/Explanatory_variable
https://en.wikipedia.org/wiki/Response_variable
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