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Zusammenfassung 
Der Klimawandel und deren Variabilität, wie z.B. die Dürre, wirken sich auf die Wasserressourcen und 

insbesondere auf die wertvolle Grundwasserressource aus, die im Iran mehr als 80% des Wasserbedarfs aller Bereiche 
(Landwirtschaft, Haushalt und Industrie) ausmacht. Es ist von größter Bedeutung, Anpassungsstrategien zur 
Bewältigung dieser Probleme zu finden, um ein nachhaltiges Wasserressourcenmanagement sicherzustellen. In dieser 
Hinsicht sind physikalisch basierte hydrologische Modelle gekoppelt mit Grundwassermodellen und datengesteuerte, 
maschinelle Lernalgorithmen von Vorteil, um solche Arten von komplexen und dynamischen hydrologischen und 
hydrogeologischen Systemen gerecht zu werden, insbesondere als Reaktion auf anhaltende Klimaänderungen, 
wiederkehrende Dürren und zunehmendem Bevölkerungswachstum. Die hier verwendeten Methoden wurden auf drei 
Fallstudien im Iran angewendet und innerhalb sechs wissenschaftlichen Artikeln veröffentlicht, die zum Zeitpunkt der 
Erstellung dieser Arbeit veröffentlicht oder in Überarbeitung waren. 

(1) Zur Identifikation und Vorhersage der Ausbreitung meteorologischer Dürreperioden und der 
Auswirkungen auf den Grundwasserspeicher in der Garbaygan-Ebene im Südosten Irans wurden Z-Standardwerte als 
meteorologischer Trockenheitsindex in das Finite-Differenzen-Modell zur Berechnung der dreidimensionalen 
gesättigten Grundwasserströmung (MODFLOW) integriert. Die Ergebnisse zeigten, dass selbst unter sehr feuchten und 
normalen Szenarien (größer gleich Jahresdurchschnitt der Langzeitniederschläge) die Grundwasserbilanz stets ein 
Defizit aufweist, wobei die Übernutzung des Grundwassers der entscheidende Faktor ist.  

(2) Die Auswirkungen des Klimawandels auf den Grundwasservorrat wurde unter Verwendung eines 
Niederschlag-Abflussmodells, des sogenennaten „Identification of unit Hydrographs And Component flows from 
Rainfall, Evaporation and Streamflow data (IHACRAS)“ vorhergesagt und mithilfe von Rezessionskurven 
Abflussganglinien im Einzugsgebiet im Nordosten Irans analysiert. Die Ergebnisse zeigen, dass der Abfluss sich im 
Vergleich zum Referenzzeitraum (1970-2010) für die vorgesehenen Zeiträume 2010-2039, 2040-2069 und 2070-2099, 
um 9, 44 und 66% verringert. Außerdem zeigen die Ergebnisse, dass der Grundwasservorrat sich gegenüber des 
Referenzzeitraums um 37, 52 bzw. 61% verringert. 

 (3) Um die fehlende Werte der Standrohrspiegelhöhen (als eines der Kalibrierungsziele) für die Kalibrierung 
und Validierung des anschließend entwickelten gekoppelten hydrologischen Oberflächen-Grundwassermodells zu 
berechnen, wurden Grundwassergleichenpläne mit „Singular / Multichannel Spectrum“ (SSA / MSSA) im Gharehsoo 
River Basin (GRB) mit dem Ardabil-Grundwasserleiter im Nordwesten des Iran durchgeführt.Das Ergebnis zeigt, dass 
MSSA wegen stärkerer zeitlicher als auch der räumlichen Korrelationen gegenüber SSA geeigneter zur Erstellung der 
fehlenden Standrohrspiegelhöhen ist. Darüber hinaus wurden die in dieser Studie verwendeten „eigentriples“ als 
sinusförmig ermittelt, was mit den saisonalen Schwankungen der Standrohrspiegelhöhen durch 
Grundwasserneubildung und -abfluss korrespondiert. 

(4) Das Ziel dieser Studie war der Aufbau eines gekoppelten hydrologischen Oberflächen-
Grundwassermodells mittels der neuesten Versionen von SWAT und MODFLOW-NWT (Newton-Raphson-Verfahren 
zur Verbesserung der Lösungen von Fragestellungen zur Strömung in ungespannten Grundwasserleitern), um die 
komplizierten und sporadischen Oberflächen-Grundwasser-Wechselwirkungen im GRB darzustellen. Die Ergebnisse 
zeigen, dass der Grundwasserabfluss aus dem Grundwasserleiter in Richtung des Flussnetzes (effluente Bedingungen) 
der vorherrschende Prozess gegenüber dem Wasseraustausch vom Fluss in den Grundwasserleiter (influente 
Bedingungen) ist. Außerdem zeigen die Ergebnisse, dass die meisten Nebenflüsse im GRB von in den letzten 
Jahrzehnten ganzjährig wasserführend mit der Zeit in ephemere bzw. intermittierende Flüsse umgewandelt wurden. 

(5) Herunterskalierung und später vorhergesagte Tagesniederschläge unter drei „Represantative 
Concentration Pathways“ (RCPs), 2.6, 4.5 und 8.5 wurde durch die Entwicklung eines hybriden Modells erreicht, das 
künstliche neuronale Netze (KNN), diskrete Wavelet - Transformation (DWT) und eine Bias-Korrekturmethode 
(Quantile Mapping (QM)) beinhaltet. Das Ergebnis zeigt, dass das hybride Modell ANN-DWT-QM in der Lage ist die 
Niederschläge zufriedenstellend zu simulieren und nachzubearbeiten, was immer noch eine gewaltige 
Herausforderung auf dem Gebiet der Klimatologie / Meteorologie darstellt.  

(6) Das entwickelte und erprobte SWAT-MODFLOW-NWT-Modell wurde dann bis zum Jahr 2099 mit täglich 
vorhergesagte Minimal-, Maximaltemperaturen sowie Niederschlägen mit RCPs, 2.6, 4.5 und 8.5 getestet, um den Effekt 
verschiedener Klimaszenarien und Wasserentnahmebedingungen auf die verschiedenen Wasserkompartimente im 
GRB zu untersuchen. Die Ergebnisse zeigen, dass der Grundwasserabfluss bzw. der Basisabfluss in Richtung der Flüsse 
stärker durch Klimaszenarien und Pumpbedingungen als durch die Grundwasserneubildung vom Flussnetzwerk zum 
Grundwasserleiter beeinflusst wird. Außerdem ergab die Untersuchung, dass im neben den Auswirkungen des 
Klimawandels die übermäßige Grundwasserentnahme ein Hauptgrund für den Verlust des Grundwasservorrats bzw. 
den Fall der Standrohrspiegelhöhen in diesem Grundwasserleiter ist. Des Weiteren zeigen die Ergebnisse eine 
Verringerung des Wasserdargebots für April mit RCP 2.6 im Zeitraum 2041-2070. 

Zusammenfassend lässt sich sagen, dass das vorgeschlagene gekoppelte hydrologische Modell im Untergrund 
ein solides Ergebnis zur Simulation und Vorhersage der Wasserhaushaltskomponenten und insbesondere der 
Grundwasser-Oberflächenwasser-Interaktionen auf verschiedenen räumlich-zeitlichen Skalen zeigt. Darüber hinaus 
kann die vorgeschlagene Methodik für zukünftige Studien als ein beispielhafter Ansatz mit hoher Aussagekraft zur 
umfassenden Bewertung der Auswirkungen des Klimawandels auf die Wasserressourcen betrachtet werden.   
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Abstract 

Climate change and variability, manifesting itself either in its extremes in terms of droughts or floods, 
impacts on different components of the hydrological cycle, i.e. the water resources, including groundwater 
resources, which is an invaluable source of water in Iran, affording more than 80% of the water demand for all 
sectors in that country, including agriculture, domestic, and industry. Thus, it is of paramount importance for 
ascertaining adaptation and alleviation strategies to cope with these anticipated climate stressors, in order to 
secure a sustainable water resources management. In this respect, physically based coupled surface-subsurface 
hydrological models and data-driven/machine learning algorithms can be an asset to address such types of 
complex and dynamic hydrological and hydrogeological systems, particularly, in response to the ongoing climate 
change, recurrent droughts/floods, and increasing population growth. The methodologies used here are applied 
to three Iranian case studies and the results obtained are being prepared for 6 promising research publications 
at the time of this writing.  

 (1) To identify and project how a wide range of meteorological drought severities/scenarios propagate 
through the groundwater system and impact upon the groundwater storage in the Garbaygan plain located in the 
southeastern area of Iran, standard Z-scores, as a meteorological drought index, were integrated into the Modular 
Three-Dimensional Finite-Difference Groundwater Flow (MODFLOW) model. The results indicate that even 
under very wet and normal scenarios (≥ annual average of long-term precipitation), the groundwater budget will 
not be recovered to a positive quantity, because groundwater over-utilization is found to be the determining 
factor, which means that groundwater scarcity is the major reason for the sharp drawdown and a negative 
groundwater budget. 

 (2) Climate change impacts on groundwater storage are projected using a rainfall-runoff model called 
Identification of unit Hydrographs And Component flows from Rainfall, Evaporation and Streamflow data 
(IHACRAS) in the light of analyzing the recession curves of streamflow hydrographs in the Bar watershed located 
in northeastern Iran. The results show that, compared to the reference period (1970- 2010), the streamflow will 
be decreased by 9, 44 and 66%, for the projected periods 2010-2039, 2040- 2069 and 2070- 2099, respectively. 
Also, the findings reveal that compared with the reference period the groundwater storage will be decreased by 
36.9, 52 and 61%, for the three projected periods, respectively. 

 (3) To impute substantial missing values of groundwater level (GWL) data (as one of the calibration 
targets) for the calibration and validation of the subsequently developed coupled surface-groundwater 
hydrological model, reconstruction of the GWL is carried out using Singular/Multichannel Spectrum Analysis 
(SSA/MSSA) in the Gharehsoo River Basin (GRB), with the enclosed Ardabil aquifer, located in northwest Iran. 
The results indicate that MSSA, taking advantages of both temporal and spatial correlations, outperforms SSA in 
the reconstruction and imputation of missing GWL data. Even more, the suitable eigentriples used in this study 
are found to be sinusoidal which correspond closely to the seasonal fluctuations of the GWL ensuing from the 
recharge and discharge periods. 

(4) A fully coupled surface-subsurface hydrological model by means of the latest versions of the Soil and 
Water Assessment Tool (SWAT) and MODFLOW-NWT (Newton-Raphson Technique to improve the solutions of 
unconfined groundwater-flow problems) model is set up to represent the intricate and sporadic surface-
groundwater interactions in the GRB. The results show that the groundwater discharge from the aquifer towards 
the river network (effluent conditions) is the dominant flux exchange, relative to the groundwater recharge from 
the river network to the aquifer (influent conditions). Also, the findings demonstrate that most of the tributaries 
across the GRB have been converted from a perennial regime to an ephemeral/intermittent system over the last 
decades. 

(5) Downscaling of daily precipitation in the GRB under three Representative Concentration Pathways 
(RCPs), 2.6, 4.5 and 8.5 as well as under eight-selected GCMs is carried out by means of a hybrid model employing 
Artificial Neural Networks (ANNs), Discrete Wavelet Transform (DWT) and a well-tested bias-correction method, 
namely, Quantile Mapping (QM). The results indicate that the proposed hybrid model, called ANN-DWT-QM, is 
able to quite satisfactorily simulate and post-process/bias-correct the precipitation, which is still a formidable 
challenge in the field of climatological/meteorological sciences.  

(6) The SWAT-MODFLOW-NWT model set up in chapter 4 is forced by daily projected minimum, 
maximum temperature as well as precipitation under RCPs, 2.6, 4.5 and 8.5, to identify the future response of 
different water resources compartments to these climate change scenarios and pumping conditions in GRB up to 
year 2100. The results illustrate that the groundwater discharge/baseflow towards the river network will be 
more impacted by the climate change scenarios and pumping conditions rather than the groundwater recharge 
from the river network towards the aquifer. The findings also reveal that, compared to the net impacts of climate 
change, groundwater over-exploitation is the compelling reason for the groundwater storage/head drawdown in 
this aquifer in the future. Furthermore, it is shown that the water yield will be falling, except for the month of 
April in the time slice 2041-2070 under RCP2.6. 

In summary, the proposed coupled surface-subsurface hydrological model with future climate drivers 
demonstrates a solid competency to simulate and predict the water balance components and, particularly, the 
surface-groundwater interconnection fluxes on different spatio-temporal scales now and in the future. As such, 
this methodology can be considered as a high-skill modeling approach for the comprehensive assessment of 
climate change impacts on all water resources compartments for future studies.  
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I.Projection of drought and climate change impacts on surface and groundwater 
resources 
 

Climate change and variability which manifest themselves in their extremes in terms of droughts 

or floods will alter regional hydrologic cycles and subsequently influence the quantity and quality 

of regional water resources. These adverse impacts are much worse in arid and semi-arid regions 

where they lead often to prolonged droughts and where, subsequently, the fragile balance 

between water supply and demand is deemed to be lost. More importantly, because of surface 

water scarcity in these regions/basins, groundwater resources accommodate a large fraction of 

water demand for different sectors, including agricultural, domestic, and industry. This occurs, 

particularly, during prolonged drought periods when a shortage of surface water resources 

evolves. On this matter, although the impacts of climate change and variability on surface water 

components have widely been investigated, this does not hold for groundwater resources and, 

more specifically, surface-groundwater flux interactions. Thus, for providing an effective water 

resources management and adaptation in order to cope with the ongoing climate change and 

recurrent drought effects, the key components of surface and subsurface hydrology should be 

characterized and quantified under a changing climate.  

  

To address this very important research question, developing and employing fully integrated 

mechanistic hydrological models representing a wide range of water resources compartments of 

a basin are of paramount importance. Recently, linking physically based hydrogeological and 

hydrological models, such as Modular Three-Dimensional Finite-Difference Groundwater Flow 

(MODFLOW) to the Soil and Water Assessment Tool (SWAT) has been gained popularity, although 

the parameterization, calibration, and uncertainty analysis of these types of models remain still a 

major challenge. In addition to developing physically based hydrological models, taking 

advantages of data-driven/machine learning algorithms such as Singular/Multichannel Spectrum 

Analysis (SSA/MSSA) (here for reconstruction and imputation of groundwater levels) and hybrid 

models like Artificial Neural Networks (ANNs) and Discrete Wavelet Transform (DWT) (in this 

study for daily downscaling and projection of precipitation) has vastly been receiving a lot of 

attention in the field of hydrology. 

  

In this respect, the present doctoral thesis aims to address important research questions 

regarding the projection of drought and climate change impacts on groundwater resources and 

surface-groundwater flux exchanges using a fully coupled physically-based surface-subsurface 

hydrological model, in conjunction with aforementioned data-driven and machine learning 

approaches.  

 

II.General research questions and dissertation set-up 

  

This PhD dissertation has been written in the format of collection of 6 papers to 

demonstrate the assessment of drought and climate change impacts on groundwater resources as 

well as their interconnection with the surface water, using physically based groundwater flow and 

coupled surface-subsurface hydrological models. 
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The specific research objectives of this doctoral thesis, where each of which corresponds to a 

separate publication, are as follow: 

 

•   Integration of standard Z-score, as a meteorological drought index, to the MODFLOW 

groundwater flow model, in order to analyze the groundwater budget under a wide range 

of meteorological drought severities/scenarios in the Garbaygan Plain, southeast Iran 

(Chapter 1). 

 

•   Assessment of groundwater storage in response to climate change scenarios by 

employing the rainfall-runoff model IHACRAS to simulate streamflow hydrographs whose 

recession is then modelled and analyzed under three future periods, namely 2010-2039, 

2040- 2069 and 2070- 2099 in the Bar Watershed, northeastern Iran (Chapter 2). 

 

•   Reconstruction of groundwater levels using SSA and MSSA in order to impute 

considerable missing values existing at the 25 piezometric stations to be employed as a 

calibration target for the subsequent coupled surface-subsurface hydrological model in 

the Ardabil plain/aquifer in northwestern Iran (Chapter 3). 

 

•   Employing a fully coupled hydrological model, the so-called SWAT-MODFLOW-NWT, in 

order to assess the spatio-temporal variability of surface-groundwater flux exchange in 

the Gharehsoo river basin (GRB) in northwestern Iran (Chapter 4).  

 

•   Development of a hybrid nonparametric algorithm for statistical downscaling of daily 

precipitation. Using the so-called model DWT-ANN-QM that is a hybrid of Artificial Neural 

Networks (ANNs), Discrete Wavelet Transform (DWT), and Quantile Mapping (QM), the 

daily historic (1978-2005) and future (2006-2100) precipitation under the three 

Representative Concentration Pathways (RCPs) 2.6, 4.5, and 8.5 and for 8 selected GCMs 

were projected for the Gharehsoo river basin (GRB) in northwestern Iran (Chapter 5). 

 

•   Future projection of climate change impacts and pumping scenarios on a wide variety 

of water resources components, particularly, on surface-groundwater fluxes exchange for 

three time slices 2013-2040, 2041-2070, and 2071-2099 under the aforementioned RCPs 

by means of the calibrated and validated SWAT-MODFLOW-NWT model in the GRB, in 

northwestern Iran (Chapter 6). 
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Chapter 1: Application of Groundwater Modeling to Predict Drought Impacts on Groundwater Resources in the Garbaygan Plain, Iran 

Abstract 

This study investigates the application of groundwater modeling for the understanding how 

meteorological droughts propagate through the groundwater system and how the latter responds 

in terms of storage and water levels. The study region is the Garbaygan plain, located in the 

southeastern area of Iran, where the farmlands are strongly dependent on irrigation by 

groundwater. Four meteorological drought scenarios, as defined by the standard Z-score index, 

the latter being computed based on precipitation data between 1993 and 2008, are considered, 

namely, a very wet situation, a normal, a moderate and a severe drought. Afterwards, a numerical 

groundwater model is set up, calibrated and validated on observed groundwater heads during 

that time period to estimate the groundwater storage and levels, wherefore the unknown aquifer 

recharge has then been one of the calibration targets. The latter is then used to set up a linear 

regression model between precipitation and recharge. The results indicate that even under very 

wet and normal years, as defined by the corresponding annual Z-scores, the groundwater budget 

will still be negative (over draft), which means that other factors, such as the increasing - and not 

well-known - groundwater over-exploitation may also be the origin of a groundwater drought. 

Finally, groundwater budgets and levels for the “future” year 2009 have been predicted for the 

four drought scenarios, using corresponding Z-score- estimated from annual rainfall in the 

regression equation to compute firstly the recharge and then using the latter to drive the 

groundwater flow model.  

 

Keywords: Groundwater drought, groundwater modeling, MODFLOW, Garbayagan plain, Iran 

 

1.1. Introduction 

Drought is a complex phenomenon, which involves different human and natural factors that 

determine the risk and vulnerability to drought. Although the definition of drought is very 

complex, it is usually related to a long and sustained period during which water availability 

becomes scarce. Drought can be considered a climatic phenomenon related to an abnormal 

decrease in precipitation (Vicente-Serrano & Lopez-Moreno, 2005). So, a decrease of precipitation 

is considered as the origin of drought. This results in a delayed reduction of runoff and storage as 

soil moisture or as free water, and eventually in an even more delayed reduction of groundwater 

flows and reserves. Depending on the choice of the form of water and its related variables of 

interest, drought is conventionally characterized as meteorological, hydrological or agricultural 

(Lglesias L, Garrote L, Cancelliere A, Cubillo F, & D, 2009). A hydrological drought leads to a 

significant decrease of the availability of water in the land phase of the hydrological cycle, e.g. 

streamflow (including snowmelt and spring flow), lake and reservoir levels, and groundwater 

levels. 
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Physically based, distributed hydrological models can be used as a tool to simulate the effects of 

drought on variables, like soil moisture and groundwater (Tallaksen, Hisdal, & Van Lanen, 2009). 

Groundwater response to a drought has a lag compared with other hydrological variables. 

Drought in groundwater systems is mainly analyzed by simulating groundwater recharge, 

discharge and hydraulic heads in response to a drought event, and the reaction of the system is 

evaluated by performance indicators (Mendicino, Senatore, & Versace, 2008). 

 

Many studies have been done to date on groundwater droughts and their effects on the different 

sections of hydrological cycle, but only a few studies have been carried out with a focus on the 

groundwater’s water budget. Also, hydrologists have attempted to provide a better understanding 

of groundwater droughts in terms of how meteorological drivers and, in particular droughts 

propagate through hydrological systems (Eltahir & Yeh, 1999; Li & Rodell, 2015; Panda, Mishra, 

Jena, James, & Kumar, 2007; Tallaksen et al., 2009). To that regard, Panda et al. (2007) have carried 

out a study to detect and quantify how the groundwater level fluctuate in the state Orissa (India) 

to figure out the combination impacts of droughts and anthropogenic pressure by means of the 

non-parametric Mann–Kendall statistical procedure. For that purpose, the pre- and post-monsoon 

groundwater table historical records measured in 1002 observation wells during the period 

1994–2003 were investigated. The findings indicated that the groundwater dropping as a result 

of rainfall reduction below the long-term average rainfall during dry years, high temperatures, 

and man-made pressure have not been even compensated through the recharge in wet years. 

Shahid and Hazarika (2010) investigated groundwater droughts in the northwestern districts of 

Bangladesh. Their results showed that groundwater scarcity is an every-year phenomenon in 

about 42% of the area the region, triggered also be the ever-increasing groundwater extraction 

for irrigation in the dry season and recurrent droughts which are the causes of the groundwater 

level drops in the region.  

 

Selecting drought indices related to the groundwater systems should be done carefully. Aquifers 

with a thick unsaturated zone may not be affected by dry conditions at all. On the contrary, 

karstified, shallow aquifers may respond quickly to a meteorological drought. In this type of 

aquifer, piezometers are a good tool to monitor the drought. Whereas hydrological droughts, i.e. 

streamflow droughts, have been greatly taken into consideration in the literature, groundwater 

drought analyses have not yet been gaining such popularity, though the studies of Mendicino et al. 

(2008), Yahiaoui A, Touaïbia B, and B (2009),Tallaksen et al. (2009), Fiorillo and Guadagno (2010), 

Fiorillo and Guadagno (2012), and Jang, Liu, and Chou (2012) are noteworthy in this regard. 

 

Since 1983 the water spreading project has operated in the application area, i.e. Garbaygan 

aquifer, it was expected that a good buffer/protection against drought conditions has been 

provided. Although, in initial years the groundwater head had been increasing due to considerable 

amount of artificial recharge which has been occurring, at the same time drilling new utilization 

wells all over the aquifer has been significantly augmented and as a result the positive impacts of 

the water spreading project have been neutralized by increasing the utilization wells from 20 to 

more than 80. More importantly, since drought is accounted for a recurrent phenomenon in Iran 

as a semi- arid region and owing to strong dependency of different sectors including agricultural, 

human and industry on the groundwater resources in this area, therefore, to propose an effective 

drought risk management plan for such an area, not only drought monitoring is required but also 

forecasting the impacts of drought should be taken into consideration. Above all, based on many 

studies conducted on drought in all over the world and also in Iran, they have mainly focused on 

monitoring and forecasting of meteorological droughts and as such groundwater drought 
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monitoring and forecasting particularly using groundwater flow modeling have been rarely dealt 

with. Thus, based on our best knowledge, no reference study is available till day on applying 

groundwater flow modeling uing MODFLOW (M. McDonald & Harbaugh, 1988) to forecast the 

groundwater drought. Therefore, in this paper, as the main objective of this research, the 

propagation of meteorological drought under natural situations through the groundwater system 

and forecasting of groundwater storage under different drought severities will be considered by 

constructing the groundwater flow model and analyzing historical data record of precipitation 

and groundwater level over the aquifer. The groundwater catchment where these analyses will be 

done is Garbaygan aquifer which is a plain located in Fars province, Iran. 

 

1.2. Material and methods 

1.2.1.  Study area 
 
The Garbaygan plain is situated in the southeast of Iran and covers an area of about 83 km2. 

Geographically, the area extends from 28 ° 35´ E to 28 ° 41´ E latitude and from 53    ° 53´  N to 53° 

57´ N longitude (see Figure 1.1). Geologically, this plain extends on an alluvial fan, where the 

major Bishe Zard and two other ephemeral streams enter the Garbaygan plain. Because of this 

ephemeral-stream system, surface- groundwater interactions play a considerable role in the area 

(Mar A.  Fatehi, 2000). The thickness of the alluvium varies from 19 to 58 meters, so that the 

transmissivity, - though the hydraulic conductivity of the alluvium may be more or less constant – 

varies spatially throughout the aquifer.  

 
Figure 1.1. Location of the Garbaygan plain, Iran, with aquifer area in green (Ghahari G., Hashemi 
H., & Berndtsson R., 2014). 
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Pumping tests performed in different parts of the aquifer, resulted in an average transmissivity 

and specific yield of 133.8 m2/day and 0.1, respectively. Because of the strong dependency of the 

(mostly irrigated) agriculture and domestic water users in the region on the groundwater 

resources which has led to considerable groundwater drawdowns in the area, a groundwater 

recharge/flood-spreading system, covering an area of 5.82 km2, was set up in 1983 (see lower 

panel of Figure 1.2). Many different geological formations can be found in this area, as it has been 

folded intensively during the Miocene-Pliocene period. The most important formation is the 

Quaternary alluvial (QA) which consists of sand, gravel and silt. Underneath lies the Agha Jary 

formation (AJ) which is the result of erosion mostly from Agha Jary in upper parts and deposited 

by rivers or streams in its lower part. Most of the Garbaygan plain is filled with this Agha Jary 

formation which consists of brown to gray, calcareous, sandstones and low weathering gypsum-

veined, red marls and siltstones (Miocene to Pliocene). The formation underlying the Agha Jary 

consists of gray marls and sandstones of Razak and Mishan formations. Due to tectonic forces, a 

few faults and joints had been created, especially in the limestone formations. Figure 1.2 

illustrates some details of geological conditions in this area.  

 

  
Figure 1.2. Geological map and the boundary condition of the aquifer (red: Neumann (no-flow)- 

condition; blue: Cauchy BC) and location of the water spreading project. 

 

 

Shur river 
(Gaining river)  
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The prevailing climate of the Garbaygan plain is of semi-arid type, with a perennial mean 

precipitation of 289 mm, wherefore the largest portion (80%) falls during fall and winter and only 

20% in spring and summer. The maximum and minimum temperatures in the study region change 

from 33.9°C to 6.4°C, respectively. The high maximum temperatures, in conjunction with arid 

conditions, necessarily, result also in a high amount of potential evapotranspiration of 2935 mm 

per year (Ghahari G., Hashemi H., & Berndtsson R., 2014). 

 

1.2.2.  Rainfall and groundwater level data 

 
Groundwater level hydrographs are often the most important source of information about the 

hydrogeological conditions of aquifers. The hydrograph pattern is governed by physical 

characteristics of the groundwater flow system, the rainfall pattern driving recharge, the 

interrelation between recharge to and discharge from an aquifer (L. J. E. Lee, Lawrence, & Price, 

2006), but not to the least, by other management options, such as extraction, irrigation and land 

use changes (Ferdowsian R & Pannell DJ., 2009; Piao & Kim, 2012).  

 

A propagating meteorological drought through a groundwater system, known as groundwater 

drought, is also detectable  by means of such a groundwater hydrograph, even though it is difficult 

to distinguish whether a groundwater level drop is not also due to over- abstraction (Shahid & 

Hazarika, 2010). 

 

To understand how groundwater levels fluctuate in response to the precipitation, the monthly 

groundwater table, based on a geospatial average of four piezometers across the region, has been 

plotted, together with the annual rainfall for 16 hydrological years beginning in October, 1992 and 

ending in September, 2008 in Figure 1.3. One can clearly notice from the figure a systematic 

decrease of the groundwater table since 1997, after the rainfall had started to decrease in that 

year. However, although the rainfall began to increase again in 2000, the groundwater levels 

continued to drop. This would mean that the possible increased rainfall recharge of the aquifer 

after that time is not enough to make up for ongoing groundwater depletion by augmented 

pumping in the first decade of the 20th century. 

 

 
Figure 1.3. Fluctuations of the groundwater levels along with the annual rainfall variability. 
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1.3.  Groundwater modeling 

1.3.1.  The MODFLOW groundwater model 

In this study, the groundwater system is simulated numerically by means of the well-known 

MODFLOW groundwater flow model (M. McDonald & Harbaugh, 1988). This model simulates 

groundwater flow in a multi-layer aquifer system in three dimensions using a block-centered 

finite difference approach, wherefore aquifer layers may be assumed to be confined, unconfined 

or a combination of the two. MODFLOW consists of a main program and a number of sub-routines 

called modules. These modules are activated to simulate specific features of the groundwater flow 

system, and are known as packages, e.g. the basic, block centered flow, recharge, 

evapotranspiration, wells, general head boundaries, river, drain, etc. In addition, various 

numerical solution techniques are available, such as the strongly implicit procedure (SIP), 

successive over relaxation (SOR), slice successive over relaxation (SSOR) and the preconditioned 

conjugate gradient (PCG) (M. P. Anderson, W. W. Woessner, & R. J. Hunt, 2015a; M. McDonald & 

Harbaugh, 1988; Mendicino et al., 2008). Here the well-proven SSOR-method is used. The partial 

differential equation solved by MODFLOW is the three-dimensional groundwater flow equation. 
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where h is water head [m]; Kx, Ky, Kz are the hydraulic conductivities [m/d] in x, y, z-directions, 

assuming that the coordinate system has been orientated in the direction of the principal axes of 

the conductivity ellipsoid; S is the storage coefficient of the aquifer and which depends on whether 

the aquifer layer is confined or unconfined; and W is a source/sink term [1/d].  

 

The groundwater flow equation (1), together with a specification of boundary- and initial head 

conditions at the model domain’s boundaries, constitutes – at least theoretically – a unique 

mathematical representation of the aquifer system (Chiang WH & Kinzelbach W., 1998). 

 

1.3.2.  MODFLOW- model setup 
 
For the MODFLOW- model setup, a one-layer unconfined aquifer in the study area is assumed 

which is discretized horizontally into 92 rows and 116 columns, i.e. a total of 10872 cells (M. Taie 

Semiromi, 2010), with the aid of a geographical information system (GIS), the use of which is now 

very common in applied groundwater modeling (Wang S et al., 2008). The cells are quadratic with 

a size of 100 m x 100m. As initial conditions head measurements from 8 observation points in 

1978 are used, as in that year the recharge and discharge conditions of the aquifer could still be 

considered natural (Figure 1.4) (Mar A.  Fatehi, 2000). According to other studies that have been 

done in the present study region, two types of boundary conditions (BC) are used (See Figure 

1.2), namely, Neumann no-flow BC’s in the southern, eastern and northern boundaries, which 

touch the rather impervious Agha Jary formation. At the western boundary - west of the Shur river 

-, which touches a swampy marsh area with a relatively stable water-holding capacity, a head-

dependent (Cauchy) BC is used, wherefore the driving head in the marsh is set to a constant, so 

that the swamp- groundwater flow-exchange adjusts accordingly, depending on the computed 

head in the aquifer (Allewijn, 1988). 
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Figure 1.4. Conceptual model of the aquifer containing spatial discretization, the top and bottom 
of layers, the hydraulic boundary (Shur river) and dominant groundwater flow direction. 
 

1.3.3.  Model calibration and validation 

 

The main purpose of the calibration step is to simulate the observed data as best as possible by 

adjusting the important hydraulic variables which characterize the groundwater system. These 

calibration parameters are the hydraulic conductivity, the specific yield (effective porosity) and 

the natural recharge of the aquifer. The model was initially calibrated for steady-state conditions, 

using 8 observation points including 4 contact springs (in such types of springs from which the 

groundwater comes out can be considered as the groundwater head) and 4 piezometers measured 

in April 1978 as calibration targets, as it can be expected that the recharge and discharge of the 

aquifer system at that time were still natural, given that the flood spreading groundwater recharge 

system was only constructed in 1983. The few known values of hydraulic conductivity and 

recharge were adjusted to find the best fit between simulated and measured heads at these 8 

observation points which are more or less evenly distributed across the aquifer (M. Taie Semiromi, 

2010). 

 

The model was subsequently calibrated for transient conditions, wherefore the specific yield is 

adjusted accordingly in order to mimic observed head variations in the 4 piezometers. As the 

historical 40-year record of the rainfall indicates a clear distinction of wet and dry periods in a 

year, each year was also divided into two stress periods, namely, for the 6-month wet period which 

lasts from December to May, and a 6-month dry period lasting from June to November (M. Taie 

Semiromi, 2010).  

 

With the transient groundwater head observations available between May, 1992 and November, 

2008 (see Figure 1.1), 33 stress periods were generated, out of which the first two third were 

used for the transient calibration, (May, 1992 to April, 2003), and the remainder (May, 2003 to 

November, 2008) served for the validation of the model (Marj A. Fatehi & Taie Semiromi, 2013). 
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1.3.4.  Prediction of groundwater levels and Z-score drought analysis 

 

To predict how the groundwater system reacts in response to external stresses like a 

meteorological drought, which is defined by the deficit of the rainfall amount in a given time 

period, compared with the average historical rainfall (taken over at least 30 years), the validated 

groundwater model was applied to predict the groundwater levels and storage under different 

drought conditions, as defined by a meteorological drought index.  

 

For the definition of meteorological drought index, the commonly used Z-Score CZi (Sivandi A. & 

Gharehdaghi H., 2014) is considered. Assuming that the precipitation data follows a Pearson Type 

III distribution the Z-Score does not require adjusting the data by fitting the data to the Gamma or 

Pearson Type III distributions. Because of this, it is speculated that Z-Score might not represent 

the shorter time scales as well as the SPI. The CZi for a particular month i is calculated by means 

of the Wilson–Hilferty cube-root transformation of this distribution as: 

 

𝐶𝑍𝑖 =
6

𝐶𝑠
(
𝐶𝑠

2
𝛷𝑖 + 1)

1

3
− (

6

𝐶𝑠
) + (

𝐶𝑠

𝜎
)                                                                                (1.2) 

 

where 𝐶𝑍𝑖  is an index indicating drought severity, 6 is the standardized deviation of the 

precipitation for the time series being considered for drought monitoring (monthly, seasonally, 

annually, and so on), Cs is the skewness coefficient of probability density function (PDF) which is 

calculated using Eq. 1.3 and 𝛷𝑖 is the same as z-scores which are expressed in terms of standard 

deviations (6) from their means (�̅�) calculated on basis of time series of precipitation being 

considered for the study (𝑃𝑖), i.e. monthly, seasonally, annually, and so on (Eq. 1.4). 

 

 𝐶𝑠 =
∑ (𝑃𝑖−�̅�)
𝑛
𝑖=1

3

𝑛∗𝜎
                                                                                                                        (1.3) 

  

Where 𝑛 shows the number of observation data in the time series of precipitation (monthly, 

seasonally, annually, and so on). 

 

 𝛷𝑖 =
(𝑃𝑖−�̅�)

𝜎
                                                                                                                          (1.4) 

  

By solving Eq. 1.4 for 𝑃𝑖, amount of precipitation for each of scenarios (Table 1.1) and in each time 

scale (monthly, seasonally, annually, and so on) can be computed through the following formula:  

 

 𝑃𝑖 = (𝛷𝑖 ∗ 𝜎) + �̅�                                                                                                                    (1.5) 

 

Figure 1.5 shows the empirical density histogram of the observed monthly rainfall data. One may 

notice clearly that the rainfall distribution differs much from a classical normal distribution, as it 

extends much to both extremes of the data range. Thus, the assumption of an extreme-value 

distribution, such as the Pearson III above, and, with it, the Z-score approach, appears to be 

warranted.  
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Figure 1.5. Empirical density histogram of the observed rainfall with fitted density kernel. 

 

Table 1.1 lists the 7 classes of the standard drought classification starting from “extremely wet” 

and ending at “extremely dry”. As these two extreme class members, occur only very infrequently, 

i.e. have very long return periods, they are not considered further in the subsequent analysis. 

Furthermore, a “moderately wet” class is left out, in order to better define distinguished separate 

classes with the available rainfall data and, similarly, of the MODFLOW-simulated groundwater 

levels and storage. Consequently only 4 drought classes are considered in the Z-score- analysis. 

To calculate the monthly precipitation corresponding to each scenario, firstly the mean of each 

drought class is computed which leads to a specific value making it possible to compare and to 

contrast all the other scenarios in the same situation and to define the upper and lower truncation 

levels of each scenario class in a clear way. Afterwards, using Eq. 1.5, with 𝛷 now denoting the Z-

score- value, the corresponding real precipitation limits are estimated for each drought scenario 

category of Table 1.1. 

 

1.3.5.  Rainfall-recharge relationship 

As the considered aquifer is recharged by (1) the diffuse recharge as a direct natural recharge by 

the rainfall and (2) artificial recharge induced by the floods entering the water spreading recharge 

project, two separate linear regression models are developed between the rainfall (explanatory 

variable) and the named two recharge processes (response variable) in the transient calibration 

and validation simulations steps, namely,  

 

𝑅𝑛𝑎𝑡 = −6.293 ∗ 10
−8 + 2.763 ∗ 10−7 ∗  𝑃                                                                               (1.6) 

 

𝑅𝑎𝑟𝑡  = 0.0643 + 1.524 ∗ 10
−5 ∗ 𝑃                                                                                        (1.7) 

 

where Rnat and Rart denote the natural and artificial recharge rate (m/day), respectively, and P 

(mm/Tstress) is the amount of the rainfall in the stress period Tstress of six months length. The 

regression Eqs. 1.6 and 1.7 result in coefficients of determination of R2 =0.76 and 0.65 respectively, 

i.e. good relationships between the rainfall and natural and artificial recharge are obtained. 

 

Subsequently, the precipitations calculated by Eq. 1.5 for each of the drought condition scenarios 

are imported into these regression models to compute the corresponding recharge rates which 

are then used further as inputs into MODFLOW, to predict the ensuing groundwater levels and 

storage under these scenarios. 
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Table 1.1. Drought classification scale by means of the Z- Score values. 
 

 

1.4. Results 

1.4.1.  Observed rainfall and groundwater level changes 

From the plot of the variations of the precipitation along with the fluctuations of the groundwater 

levels over the 16 hydrological years (Figure 1.3) and from an average 289 mm/year annual 

rainfall - calculated on the basis of a 40 years historical record, one can conclude that the rainfall 

amounts were normal or exceeded this average for only 4 years. Nevertheless, the groundwater 

table has been dropping since November 1996, even though it has increased before from March 

1992 through October 1996, as a result of the installation of the artificial recharge project at that 

time and also after rainfall increased again between 2001 and 2005. Hence, it can be inferred that 

the groundwater levels are not only controlled by the diffuse natural recharge, but also by other 

factors, like the groundwater over- abstraction rate which is not well known here. Thus the 

positive impacts of artificial recharge and increased diffuse recharge during the wet years have 

been largely offset by increased groundwater over- exploitations. 

 

1.4.2.  MODFLOW-simulations of the groundwater levels 

The results of the steady state and transient solutions of MODFLOW-calibration and validation are 

plotted in Figures 1.6-1.8 respectively. These figures indicate a good fit of the simulated heads 

against the observed heads in 8 observation points for the steady state solution in April 1978 and 

the same is true for the transient calibration in the modelled area, with an average RMSE of 0.70 

and 0.43 m and the coefficient of determination R2 varying from 0.63 to 0.96 and 0.57 to 0.95 for 

the calibration- and validation periods, respectively. Therefore, the results of the groundwater 

simulations can, overall, be considered as satisfactory, although in some months desirable 

calibration and validation fits were not achieved. This can mainly be explained by two major 

uncertainties, namely, firstly, to the many unregistered agriculture wells whose pumping data is 

not available and, secondly, the amount of artificial recharger entering the aquifer during periods 

of unrecorded floods that have occurred in the wake of storm events. 

 

1.4.3. Groundwater budget variation as a function of the Z-Score index  

To have a better idea about how the groundwater budget components have been changing over 

the time and, more importantly, to detect the time when the deficit, i.e. negative budget has been 

started, the simulated groundwater components including all discharging and recharging factors 

are listed in Table 1.2. One can clearly notice that the overall budget became negative from year 

1997 onwards and never reversed again since that time. 

 

Category Extremely 

 Wet 

Very  

 Wet 

Moderately  

  wet 

Near 

normal 

Moderately 

dry 

Severely 

 dry 

Extremely  

dry 

Z-Score   > 2.00 1.50 

 to 1.99 

1.00 

 to 1.49 

−0.99 

 to 0.99 

−1.00 

 to −1.49 

−1.50 

 to −1.99 

 < −2.00  

Value 

used 

…… 1.745 …… 0 -1.245 -1.745   …… 
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Figure 1.6. Observed and simulated Groundwater levels for steady state solution in April 1978 
(Marj A. Fatehi & Taie Semiromi, 2013(M. Taie Semiromi, 2010)) 
 

 
Figure 1.7. Comparison of observed and simulated groundwater levels in the transient calibration 
step (Fatehi Marj, Taie Semiromi, Kolahchi, & Mirnia, 2012; Marj A. Fatehi & Taie Semiromi, 2013). 
 

To understand how the groundwater budget responds to the annual precipitation variability, 

meteorological droughts defined by the Z-Score index are plotted parallel with the MODFLOW 

simulated groundwater budget variation (MMC) (Figure 1.9). 

 

From this figure, one may notice that the groundwater budget follows well the drought index and 

this finding is supported by a rather good R2 = 0.65 obtained for the following cubic polynomial 

regression model between the Z-score index and the water budget WB. 

 

𝑊𝐵 = −0.986 − 0.075 ∗ 𝑍𝑠𝑐𝑜𝑟𝑒 + 0.036 ∗ 𝑍𝑠𝑐𝑜𝑟𝑒2 + 0.272 ∗ 𝑍𝑠𝑐𝑜𝑟𝑒3                           (1.8) 
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Figure 1.8. Comparison of observed and simulated groundwater level in the transient validation 
step (Marj A. Fatehi & Taie Semiromi, 2013). 

 

Table 1.2. Annual groundwater budget components and the overall balance as simulated by 
MODFLOW. 
Year Natural 

recharge 

(MCM) 

Artificial 

recharge 

(MCM) 

Recharge from 

river network 

(MCM) 

Discharge from 

river network 

(MCM) 

Discharge from 

pumping wells 

(MCM) 

Overall 

groundwater budget 

(MCM) 

1993 18.53 0.10 43.03 -5.25 -32.03 24.37 

1994 16.12 1.29 37.25 -4.89 -32.04 17.73 

1995 16.06 0.50 37.13 -5.01 -35.53 13.14 

1996 13.17 0.87 30.44 -5.81 -37.22 1.45 

1997 13.76 1.58 31.79 -6.60 -45.45 -4.91 

1998 15.69 0.62 36.26 -5.52 -56.11 -9.04 

1999 15.54 0.82 35.91 -2.70 -65.63 -16.05 

2000 13.89 0.57 32.12 -0.95 -73.35 -27.70 

2001 19.90 1.10 46.00 -0.32 -75.05 -8.03 

2002 17.94 0.42 41.46 -0.22 -72.94 -13.34 

2003 19.44 0.60 44.92 -0.18 -75.97 -11.18 

2004 21.94 0.77 50.71 -0.14 -79.79 -6.50 

2005 22.28 1.02 51.50 -0.13 -74.76 -0.91 

2006 21.00 0.93 48.53 -0.12 -76.19 -5.72 

2007 19.52 0.71 45.11 -0.12 -77.24 -12.01 

2008 21.30 0.97 49.22 -0.12 -77.55 -6.17 

 

1.4.4.  Groundwater recharge prediction  

As explained, by using the Z-scores for the precipitation under the four considered drought 

scenarios (Table 1.1) in Eq. 1.5, the corresponding rainfall amounts are estimated which then are 

used in the two regression models (Eqs. 1.6 and 1.7) established in the transient calibration and 

validation MODFLOW simulations, to predict the natural and artificial recharge rates. These are 
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then imported into the model to predict the corresponding annual groundwater levels and 

budgets. The results are presented in Figure 1.9 which shows, somewhat expectedly, the more or 

less correlated course of the average annual Z-score and the groundwater budget. Strangely 

enough, the water budget is even not positive, i.e. a surplus is experienced, when enough rainfall, 

like in a very wet year (defined by the corresponding average Z- score- index of Table 1.1) is 

received. Indeed, it is evident that the groundwater budget was positive from 1992 until 1996, 

with the highest amount of 6.5 Mm3 obtained, due to some large floods diverted into the water 

spreading project in 1993. However, the water budget has been continuously decreasing since 

1997 and it did not even return to a stable, equilibrated state during the 2004 and 2005 water 

years which had high rainfall amounts (Figure 1.3) and, based on the average annual Z-scores 

during those years (Figure 1.9), are accounted for as wet years.  

 

The MODFLOW-simulations have then been extended by one year beyond the end of the 

observation time period 2008, to simulate how a particular “future” drought scenario (out of four, 

as indicated in Table 1.1) would affect the groundwater budget further in this subsequent year 

(2009). The results are plotted right of the vertical dashed line of Figure 1.9 and they indicate 

clearly that even under a most benevolent D1=very wet -2009-year scenario, a negative 

groundwater budget is obtained. The situation gets worse for the other three, drier scenarios D2, 

D3 and D4. 

 

1.5. Discussion and conclusions 

The analysis of the groundwater levels shows that after the installation of the groundwater 

recharge spreading system, these have been rising until October 1996, after which they have been 

dropping more or less monotonously. Generally speaking, in small aquifers made of sediments 

with rather high hydraulic conductivities, such as the Garbaygan aquifer, it is expected that 

groundwater should be influenced within a few months after strong rainfalls have been received.  

 

However, our data indicates that this is not the case here, as large precipitation amounts occurring 

during the very wet years 2004 and 2005 were not able to alter the groundwater level positively. 

In fact, the groundwater utilizations recorded annually by the Fars province water authority state 

that the number of groundwater wells used for agricultural irrigation had dramatically increased 

from only 20 wells before the set- up of the water spreading project to more than 86 wells in recent 

years, not even counting the many unregistered wells (Mar A.  Fatehi, 2000). 

 

As Shahid and Hazarika (2010), Marj A. Fatehi and Taie Semiromi (2013) have emphasized, the 

observed groundwater level drops in the study region are not only due to droughts, but also due 

to an ongoing overexploitation of groundwater resources there, which means that the 

groundwater droughts experienced here are mainly human-induced. 

 

Many studies proved that there is usually a lag time between a meteorological and a hydrological 

drought. The precipitations effects on groundwater levels in each aquifer are greatly variable, as 

the response of an aquifer to drought is strongly dependent on the type of aquifer, its hydraulic 

parameters (transmissivity, storage and specific yield), recharge, thickness of the saturated zone, 

flow paths and the size of the aquifer. 
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Figure 1.9.  Variations of the Z-score index and of the simulated groundwater budget over time, 

with the four colored bars on the right of the vertical dashed line representing water budgets 

(deficits) predicted for year 2009 which resulted from four drought severities (D1=very wet, 

D2=normal, D3=moderate drought and D4=severe drought), assuming one of the four associated 

drought scenarios of Table 1.1. 

 

Thus, aquifers with thick, deep unsaturated zones and large catchments are not affected much by 

short drought periods, e.g. (Mendicino et al., 2008; Shafaei, Adamowski, Fakheri-Fard, Dinpashoh, 

& Adamowski, 2016), so that the aquifer may still act as a source of fresh water during periods of 

scarcity. However, in the present case study, given the rather small size of the aquifer, with high 

values of the hydraulic conductivity, short lag times between the meteorologically-induced 

infiltration and the groundwater table fluctuations are experienced. Moreover, in some water 

years, no direct relationships between the drought index computed from the rainfall amounts and 

the groundwater budget could be seen. For example, for the very wet year 1996, the high-intensity 

precipitation (Figure 1.3) may have generating more runoff and so less effective infiltration so 

that the groundwater table did not react as one would expect.  

 

The MODFLOW-simulations predict that regardless of which of the four precipitation/drought 

scenarios is considered, the groundwater budget is still always negative and this holds even for 

very benevolent “very wet” year conditions. Therefore, the conclusion can be made that, in 

addition to the hydrological drought situation, the groundwater exploitation plays also a key role 

in the groundwater level drops. Thus, an appropriate groundwater management plan should be 

provided to effectively limit the groundwater utilization in the Garbaygan aquifer. In this regard, 

two practical and efficient methods are recommended. One would be to change the traditional 

irrigation system which is known to be poorly efficient as large parts of the pumped water are 

evaporated in this hot and arid region, and the other would be to set up other potential artificial 

recharge projects which, in turn, could be an economical method to also alleviate the negative 

impacts of the frequently occurring floods in this watershed. 
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Chapter 2: Prediction of Climate Change Impacts on Groundwater Storage by Analysis and Modeling of Hydrograph Recession Curves: Application to the Bar Watershed, Iran 

 

Abstract 

The term climate change denotes any long-term and often irreversible changes in weather 

conditions occurring on the long time-scale that may range from decades to thousands of years. 

There are different factors causing climate change and there have been numerous debates about 

them in recent decades, however, there is now the unequivocal consensus that its main cause is 

the increase in anthropogenic greenhouse gases. Climate change has strong impacts on the various 

components of the hydrological cycle, like runoff and groundwater resources. The aim of this 

study is to investigate climate change impacts on the groundwater stored above the discharge 

level by using groundwater depletion analysis in the Bar Watershed, Iran. To that avail, two of the 

GCM-models used in the various analyses of the Intergovernmental Panel on Climate Change 

(IPCC), Hadley Centre Climate model version 3 (HadCM3) and Coupled General Circulation Model 

(CGCM), have been used in conjunction with Long Ashton Research Station Weather Generator 

(LARS- WG) downscaling method to project the regional climate in the study regions under 

different future Special Reports on Emission Scenarios (SRES- emission scenarios). The results 

show that for SRES A2 the HadCM3/LARS-WG - predicted mean annual maximum and minimum 

temperatures will be increased equally by 1.1, 3.2 and 4.6 ◦ C and precipitation will be decreased 

by 16.4, 17.6 and 31.4 % during the projected periods 2010- 2039, 2040- 2069 and 2070- 2099, 

respectively, when compared to the past 1970-2010 reference period. In the subsequent step 

these 21th -century climate projection is used as input drivers to the rainfall- runoff model 

Identification of unit Hydrographs And Component flows from Rainfall, Evaporation and 

Streamflow data (IHACRAS) model to predict the future discharge of the Bar river. Annual future 

hydrographs are constructed which indicate that, compared to the 1970- 2010 reference period, 

the Bar river streamflow will be abated by 9, 44 and 66 %, during the projected periods 2010-

2039, 2040- 2069 and 2070- 2099, respectively. Finally, using annual hydrograph recession curve 

analyses, the future climate change impacts on the groundwater reserve above the discharge level 

are predicted. The results show that the groundwater storage will drop by 36.9, 52 and 61%, for 

the three named projected periods, respectively. 

 

Keywords: Climate change, recession curve analysis, groundwater reserve, Bar watershed, Iran 

2.1. Introduction 

Water is indispensable for life, but its availability at a sustainable quality and quantity is 

threatened by many factors, of which climate plays a leading role. The Intergovernmental Panel 

on Climate Change (IPCC) defines climate as “the average weather in terms of the mean and its 

variability over a certain time-span and a certain area”, and a statistically significant variation of 



Chapter 2 
 

37 
 

the mean state of the climate or of its variability lasting for decades or longer, is referred to as 

climate change. Nowadays, evidence is mounting that we are in a period of climate change brought 

about by increasing atmospheric concentrations of greenhouse gases, namely, carbon dioxide 

whose levels have continually increased since the 1950s. The continuation of this phenomenon 

may significantly alter global and local climate characteristics, including temperature and 

precipitation. Climate change can have profound effects on the hydrologic cycle through changes 

in precipitation, evapotranspiration, soil moisture, etc., all of which intractably connected to 

changing, i.e. rising temperatures. Thus, the hydrologic cycle will be intensified, leading to more 

evaporation and more precipitation. However, the extra precipitation will be unequally 

distributed around the globe and some parts of the world may even see significant reductions in 

precipitation or major alterations in the timing of wet and dry seasons (IPCC, 2007). Information 

on the local or regional impacts of climate change on hydrological processes and water resources 

are thus becoming more and more important (C. P. Kumar, 2012). Observational data and climate 

predictions provide abundant evidence that freshwater resources (both surface- and 

groundwater ) are vulnerable and may be strongly affected by climate change, with wide-ranging 

consequences for society and ecosystems (Bates, Kundzewicz, Wu, & Palutikof, 2008).  

 

The challenges of understanding climate-change effects on groundwater are unprecedented, 

because climate change may affect hydrogeological processes and groundwater resources directly 

and indirectly, in ways that have not been explored sufficiently (Dettinger & Earman, 2007; Koch, 

2008). The IPCC (2007) stated that a lack of necessary data has made it impossible so far to 

determine the effects of climate change on the magnitude and direction of groundwater change 

(Kundzewicz et al., 2007). According to Jorgensen and al-Tikiriti (2003), the effects of historical 

climate change on groundwater resources, which once supported irrigation and economic 

development in parts of the Middle East, is likely the primary cause of the declining of several 

cultures there during the Stone Age. 

 

Today, climate change may account for approximately 20% of projected increases in water 

scarcity globally (Sophocleous, 2004). As groundwater plays an increasingly important role in 

regional water supply, there is an urgent need to evaluate and understand climatic variability over 

the long term to better manage future groundwater resources, while taking into consideration the 

increasing stresses on those resources from population growth and industrial, agricultural, and 

ecological needs (Warner, 2007).  

 

Up to now, most studies of the assessment and prediction of climate change impacts on 

groundwater resources are based on recharge estimations under many ensembles of climate 

projections. In this case, since, climate change directly impacts the recharge and, indirectly, the 

groundwater head, the availability of sufficient piezometers is a prerequisite for carrying out such 

a research, but in many less developed countries, widespread measurements of the groundwater 

levels have not been financially and technically possible. Therefore, in the present research, a new 

technique is introduced to assess and predict climate change impacts on groundwater storage 

which consists in the use of historical stream flow records, i.e. data which is usually available for 

most catchments, even in a developing country like Iran. The other noteworthy point of this study 

is that with this approach impacts of climate change on both surface- and sub-surface hydrology 

on the watershed scale are investigated. More specifically, hydrograph recession curves generated 

for the Bar river, Iran, during the past (observed) reference period 1970- 2010 are compared with 

those simulated with the rainfall- runoff model Identification of unit Hydrographs And Component 

flows from Rainfall, Evaporation and Streamflow data (IHACRAS) driven with future downscaled 
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climate change predictions of the Hadley Centre Climate model version 3 (HadCM3)- and/or 

Coupled General Circulation Model (CGCM)- global climate models, in order to analyze the impacts 

of climate change on the future groundwater storage in that basin.  
 

2.2. Study area 

The study region is the Bar watershed, located in northeastern Iran, southwest of the Binalood 

Mountains, between 36° 27' to 36° 36΄ N latitude and 58° 40΄ to 58° 49΄ E longitude (Figure 2.1). 

The basin covers a surface area of 113.88 km2. Its landform is a typically mountainous landscape 

with an average elevation of 2226 m Above Mean Sea Level (AMSL) and an average slope gradient 

of 4.2 %.  

 

The climate of the watershed is of continental dry nature, with strong temperature variations 

between summer and winter and a mean annual precipitation of 330.4 mm, wherefore 80% of this 

amount falls in the fall and winter seasons (Tavasoli, S.H.R., & Moradi, 2010). 

 

2.3. Material and Methods 

Climate models are numerical tools for studying global, regional or local climate and its variability 

due to changing conditions on the Earth. They come in different forms, ranging from Simple 

Climate Models (SCMs) of the energy-balance type to Earth-system Models of Intermediate 

Complexity (EMICs) to comprehensive three-dimensional (atmosphere–ocean) general 

circulation models or global climate models (GCMs). GCMs are nowadays the most sophisticated 

tools available for the simulation of the current global climate and future climate scenario 

projections. Their physical and mathematical formulation usually take into account the behavior 

and interaction of the different compartments of the climate system in the biosphere, 

hydrosphere, cryosphere, atmosphere and geosphere. 

 

 
Figure 2.1. Geographical location of the Bar watershed on the map of Iran. 
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Since the development of the very early GCMs in the 1960s and 1970s, there has been considerable 

growth in the knowledge of climate processes and in the complexity of climate research. Over the 

last decades, not only has the spatial resolution of GCMs increased, but the physical processes 

incorporated into these models have been refined from simple precipitation rain and CO2- 

emissions to complex biogeochemical (including water vapor) feedbacks (Le Treut et al., 2007). 

Although such broad generalizations of projected climate change may be useful for comparing 

responses at a global scale, GCMs cannot provide information at scales finer than their 

computational grid (typically of the order of 100-200 km), and processes at these unresolved 

scales are important for local climate impact studies. Thus, the usefulness of the raw output from 

a GCM for climate change assessment in specific regions is limited. To bridge the spatial resolution 

gaps for GCMs to produce realistic local climate projections, downscaling techniques are usually 

applied to the GCM output. Different dynamic and statistical models have been developed in recent 

decades to downscale GCM outputs. The downscaling method that used in this study is the 

statistical Long Ashton Research Station Weather Generator (LARS-WG) model (Semenov, Brooks, 

Barrow, & Richardson, 1998) that uses the lengths of wet and dry day series, daily precipitation 

and daily solar radiation as inputs to generate stochastic realizations of the climate time series 

that represent the basic distributional properties of the observed or GCM-simulated - here the 

HadCM3- GCM has been used - time series in a reference (baseline) period. 

 

The similarity of these stochastic realizations with the reference series is then tested by various 

statistical tests, namely, the t-test for the monthly means and Chi-squared- and F-test for the 

distributional properties for solar radiation, precipitation, minimum and maximum temperature. 

Based on the downscaled HadCM3/LARS-WG climate for the observed reference period (1970- 

2010), 21th- century downscaled climate predictions for the study region using under SRES- 

(emission) scenarios A2 and B2 in the HadCM3 and A1 in the CGCM are carried out. 

 

2.3.1. Streamflow modeling using the IHACRES- watershed model 

The selection of an appropriate hydrological model depends on the objective and the data 

available. As more complex questions are asked, more complex models are needed. However, with 

increasing model complexity comes the cost of increasing uncertainty in the model predictions. 

The IHACRES model (Jakeman & Hornberger, 1993) is a hybrid conceptual-metric model, using 

the simplicity of the metric model to reduce the parameter uncertainty inherent in hydrological 

models, while at the same time attempting to represent more details of the internal processes than 

is possible for a metric model alone.  

 

Figure 2.2 shows the generic structure of the IHACRES model. It contains a non-linear loss module 

which converts rainfall into effective rainfall (that portion of the rainfall that directly contributes 

to the stream hydrograph, i.e. after subtraction of interception, infiltration and surface storage) 

and a linear module which transfers the effective rainfall to stream discharge. Further modules 

can be added, including one that allows the computation of groundwater recharge. The inclusion 

of a range of non-linear loss modules within IHACRES increases its flexibility to evaluate the 

effects of climate- and/or land use changes. The linear module routes effective rainfall to a stream 

through any configuration of stores in parallel and/or in series. Typically, either one store only, 

representing ephemeral streams, or two in parallel, allowing baseflow as well as quick flow to be 

represented, are used. Only rarely does a more complex configuration than this improve the fit to 

discharge measurements (Jakeman and Hornberger, 1993).  
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Figure 2.2. Generic structure of the IHACRES model, showing the conversion rainfall to 
streamflow. 
 

In this study, a 41- year long record of daily rainfall and temperature were imported into the 

IHACRES- model wherefore 34 years were used for the calibration and the remainder (7 years) 

for the validation of the Bar river streamflow. Finally, the downscaled future climate projections 

under different SRES are incorporated into the verified model, to predict future streamflow 

changes (Taei Semiromi, 2013; Taei Semiromi, Moradi, & Khodagholi, 2014). 

 

2.3.2. Calculation of groundwater storage from hydrograph recession curves 

Recession analysis of the falling limb – often after a major rain event - of the hydrograph of a 

stream or a spring that is in hydraulic connection with an aquifer is known as a simple but reliable 

technique to determine relevant aquifer parameters, namely groundwater storage (Brutsaert & 

Nieber, 1977; Kresic & Stevanovic, 2010). Recession analysis is based on an appropriate 

mathematical relationship between spring discharge Q and time t, which then allows to predict 

the discharge rate after a given period without precipitation and, so to calculate the volume of 

discharged water. However, ideal recession conditions require a long period of several months 

without precipitation that is rare in moderate, humid climates. Consequently, frequent 

precipitation events can cause various disturbances in the recession curve that may not be 

removed unambiguously during the analysis. It is therefore desirable to analyze as many recession 

curves from different years as possible. Larger samples then allow for a derivation of an average 

recession curve as well as the envelope of the minima which enables a more accurate 

quantification of the expected long-term minimum discharge (Tallaksen, 1995). 

 

Two well-known mathematical formulas that describe the discharge for the falling limb of a 

hydrograph and the base flow (see Figure 2.2) are that of Boussinesq (1904)  

 

Q (t) = Q0 / [1 + α (t − t0)] 2                                                                                                                                        (2.1) 

 

and that of Maillet (1905) (more commonly used)  

 

Q (t) = Q0 e-α (t−t0)                                                                                                                                                           (2.2) 

 

where t = time since the beginning of the recession for which the flow rate is calculated and t0 = 

time at the beginning of the recession, usually (but not necessarily) set equal to zero, for which Q= 
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Figure 2.3. Schematic recession curve showing how to estimate groundwater storage . 

 

Q0 [L3/T] and α [1/T] represents the recession coefficient, which depends on the aquifer’s 

transmissivity and specific yield (Szilagyi, Parlange, & Albertson, 1998).  

 

On a semilog-diagram the Maillet Eq. 2.3 defines a straight line with slope α: 

 

                     log Qt= log Q0 – 0.4343 * α * (t-t0)                                                                                   (2.3)  

 

from which α is easily computed (the factor 0.4343 enters when Q is expressed in m3/s and time 

in days. Base on the sketch of Figure 2.3 the groundwater storage is estimated as: 

 

                   V=V1+V2+…Vn= [Q1/ α1+Q2/ α2+Qn/ αn]                                                                                              (2.4) 

 

All annual hydrographs are then inspected to extract suitable recession curves for both the past, 

reference period and the future (up to year 2100) period - with hydrographs for the latter being 

predicted by the IHACRES model with input from the downscaled climate predictions. Then, using 

Eqs. 2.2 and 2.4, the annual groundwater storages in the Bar basin are estimated for the whole 

analysis period 1970-2100 (Taei Semiromi, 2013). 

 

2.4. Results and discussion 

2.4.1. Trend analysis of observed hydro-climate predictions 

To get an idea on possible recent hydro-climatic changes in the study region, a trend analysis of 

several observed hydro-climatic variables, i.e. river flow, rainfall, max and min temperatures, and 

sunlight hours for the reference period has been carried as a first step of the analysis, using the 

Mann-Kendall test (Hirsch, Slack, & Smith, 1982; Taei Semiromi, 2013) which tests the hypothesis 

H0: no trend in the time series against the alternative hypothesis H1: there is a trend. The results 

are, together with other relevant statistical parameters of these time series are listed in Table 2.1. 

Based on the p-values in the first column of the table, the H0 – hypothesis must be rejected, i.e. 

there is a significant trend (on the α= 0.05 significance level, i.e. p< α) for streamflow and hours of 

sunlight, whereas rainfall and, particularly, temperatures do not exhibit trends.  
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Table 2.1. Analysis of trends in observed (1970- 2010) hydro- climate variables and summary of 
statistics. 

Min Max Ave. SD p-value Variable 

0.12 1.7 0.62 0.32 0.002* River flow (m3/sec) 

150 505 319 108 0.051 Rainfall (mm) 

36.7 42.2 39 1.3 0.73 Max Temp. (oC) 

-10.4 -23.6 -15.2 3.2 0.94 Min Temp. (oC) 

2130 3196 2850 226 0.005* Sunlight (hours/yr) 

                                           *Hypothesis of no trend rejected 

 

2.4.2.  Comparison of observed and downscaled climate series for historic (1970-2000) 
 

In the subsequent step downscaled global climate model “predictions” for temperature and 

precipitation are compared with observed data for the past baseline period (1970-2010) (Taei 

Semiromi, 2013). Note that this reference period extends to - unlike to that used in most climate 

model predictions, where it is 1970-2000 (IPCC, 2007)- to a “future” year 2010, i.e. covers already 

10 years of “future” climate prediction, where the SRES- scenario of a climate model starts to kick 

in and may become discernable (Taei Semiromi et al., 2014; Taei Semiromi, Moradi, Khodagholi, 

& Tavasoli, 2013).  

 

Table 2.2 summarizes the results using various performance indicators, i.e. Percent Bias (PBIAS), 

Mean Absolut Error (MAE), Nash-Sutcliffe efficiency (NS), and R2 used commonly in climate and 

hydrological modeling studies (see Moriasi et al., 2007, for definitions), employing SRES A2, A1B 

and B2, in decreasing order of its anticipated future climate impact, in the GCMs. More specifically, 

for A2 and B2 the HadCM3-, and for A1B the CGCM-model, in conjunction with LARS-WG 

downscaling, turned out to be the best combinations and are presented here. From Table 2.2, it 

is inferred that, whereas the observed temperatures in the reference period are well predicted by 

the GCM/LARS-WG downscaling combination, as indicated by the high NS, R2 and a low RMSE, this 

is not the case for the precipitation. In fact, this shows also in the Standard Deviations (SDs) of the 

simulated time series which are underestimated for temperature and overestimated for the 

rainfall. 

 

This is particularly noticeable from Figure 2.4 which shows the observed and simulated variables 

on a monthly basis. Thus, the SDs of the simulated rainfall during the summer months are higher 

than the rainfall itself, i.e. the summer rainfall is not well predicted. However, as the summer 

precipitation in the Bar watershed makes up only 2% of the annual sum, this low prediction 

accuracy of the LARS-WG model for this season should not significantly affect the streamflow 

modeling and the subsequent recession analysis. Based on the results of Table 2.2, the most 

extreme SRES- scenario A2 will be used in the subsequent GCM/LARS-WG predictions of the 21th 

–century climate and its effect on the groundwater reserves. 

 

Table 2.2. Comparison of observed and downscaled GCM predictions for the reference period 
(1970- 2010). 

GCM SRES   Precipitation Temperature 

  PBIAS MAE NS R2 RMSE  PBIAS MAE NS R2 RMSE  

HadCM3 B2 -2.3 0.23 -0.32 0.01 4.11   0.78 0.10 0.94 0.82 4.20   

HadCM3 A2 9.44 0.83 0.01 0.02 3.56  -0.24 0.33 0.99 0.84 4.04  

CGCM A1 -0.44 0.35 -0.45 0.09 4.13  -0.51   0.06 0.79 0.73 4.52  
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Figure 2.4. Observed and LARS- WG downscaled monthly rainfall, min. and max. temperatures 
for the reference period. 
 

2.4.3. Predictions of the 21th –century climate  

Figure 2.5 shows the average monthly 21th- century LARS-WG downscaled predictions of 

maximum temperature and rainfall with the HadCM3-model under scenario A2 for the three 

periods 2010-2039, 2040- 2069 and 2070- 2099, relative to those of the 1970-2010 reference 

period. In agreement with IPCC (2007) maximum- (and minimum, not shown here) temperatures 

can be seen to dramatically increase and rainfall to decrease, namely, in the first six months of 

future years, whereas at the end of a year, in November and December, a slight increase of the 

precipitation is to be anticipated. Our findings are more extreme than those of Etemadi (2012) 

obtained for southeastern Iran where the receiving precipitation is attributed to other hydro-

meteorological fronts, namely from the Mediterranean and the Persian Gulf, while the major 

incoming rainfall in the present Bar watershed originates in Siberia. 

 

2.4.4. IHACRES- streamflow modeling for the 1970-2010 reference period 

Using the climate forcing of the 1970-2010 reference period the Bar river streamflow have been 

simulated by the IHACRES model, wherefore the daily data of rainfall and temperature and 

streamflow during 1970-2004 have been used for calibration and the remaining seven years for 

validation of the model. From Figure 2.6 it is clear that, despite its conceptual simplicity, IHACRES 

is able to simulate the streamflow with acceptable accuracy, as coefficients of determination R2 of 

0.75 and 0.60 (and corresponding values for the other statistical measures indicated in Table 2.1) 

have been obtained for the calibration- and validation periods, respectively. 

 

2.4.5. Streamflow recession analysis and groundwater storage 

Employing the GCM/LARS-WG projected climate variables for the periods 2010- 2039, 2040- 

2069 and 2070- 2099 in the calibrated IHACRES- model, future Bar- streamflow during these 

periods has been predicted. The results are shown in the left panel of Figure 2.7, from which one 

can see that the discharge of that river will be decreased by 50% in the second half of the 21th - 

century. Moreover, this reduction is more pronounced for the peak flows, such that in the period 

2070- 2099, the former will be lower by up to 1.5 m3/sec. Above all, compared to the baseline 

period, the volume of the flow will be abated by 9, 44 and 66 % during the aforementioned periods, 

respectively. 
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Figure 2.5. Relative variations - compared with the 1970-2010 reference period - of maximum 
temperature (left) and rainfall (right) projected by the HadCM3-model under scenario A2 for the 
future periods 2010-2039, 2040- 2069 and 2070- 2099. 
 

 
Figure 2.6. IHACRES- calibrated (left) and validated (right) streamflow of the Bar river for the 
1970-2010 reference period. 
 

As a result, the current stream regime, which is perennial, will be shifted to intermittent during 

the future months of July, August, September and October after year 2040. This is clearly a 

consequence of reduced future rainfall, rising temperature and, more importantly, an earlier 

seasonal spring snow melting which nowadays still sustains the river flow during the dry summer 

season. These findings are consistent with those of Jamali, Abrishamchi, Marino, and Abbasnia 

(2013). 

 

Finally, recession curves for the observed and predicted Bar river hydrographs for each year of 

the 1970-2099 analysis period have been extracted and, using the Maillet recession model (Eqs. 

2-4), the annual groundwater storages computed. These are shown in the right panel of Figure 

2.7. A linear regression line has been fitted to the storage values which, despite a low R2, has a 

consistent and statistically significant negative slope (p<0.05), i.e. a systematic decreasing trend – 

which is also supported by a Mann-Kendall trend test (p<0.05) (Hirsch et al., 1982) - of the storage 

over the whole 21th -century is obtained, so that, compared with the 1970-2010 reference period, 

the former is reduced by 37, 52 and 61% for the time periods 2010-2039, 2040- 2069 and 2070- 

2099, respectively.  
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Figure 2.7. IHACRES-simulated monthly Bar river streamflow (left panel) and annual recession-
computed groundwater storage (right panel) for the reference- and projected future periods. 

 

2.5. Conclusions 

There is a need to evaluate and understand climate variability over the long term to better plan 

and manage groundwater resources well into the future, while taking into the consideration the 

increasing stresses on those resources from population growth and industrial, agricultural, and 

ecological needs. To that regard, climate change impacts in the Bar watershed, Iran, have been 

analyzed with downscaled GCM predictions for the region. Using the predicted hydro-climatic 

variables in the IHACRES watershed model, past and future Bar streamflow has then been 

simulated and recession curves of the annual hydrographs analyzed. From this annual 

groundwater storages have been predicted. The results show that, unlike the hydro-climate 

variables, the groundwater reserves in the basin are – most likely due to a buffering effect of 

groundwater (Koch & Markovic, 2007)– less affected by the expected 21th- century climate change 

in the region. In conclusion, the present study indicates also that in areas where there is a lack of 

detailed groundwater information, recession analysis of streamflow records which are more 

readily available, is a viable tool for the assessment of climate change on the groundwater 

resources.  
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Chapter 3: Reconstruction of groundwater levels to impute missing values using singular and multichannel spectrum analysis: application to the Ardabil Plain, Iran 

 

Abstract 

Groundwater-level time series often have a substantial number of missing values which should be 

taken  into consideration before using them for further analysis, particularly for numerical 

groundwater flow  modelling applications. This study aims to comprehensively compare two data-

driven models, singular  spectrum analysis (SSA) and multichannel spectrum analysis (MSSA), to 

reconstruct groundwater-level  time series and impute the missing values for 25 piezometric 

stations in Ardabil Plain, northwest Iran.  The reconstructed groundwater-level time series are 

assessed against the complete observed groundwater time series, while the imputed values are 

appraised against the artificially created gap values. The results show that both SSA and MSSA 

demonstrate a solid competency in imputation and reconstruction of groundwater-level data. 

However, depending on the spatial correlation between the piezometers, and the most suitable 

probability distribution function (pdf) fitted to the time series of each  piezometer, the 

performance may vary from piezometer to piezometer. 

 

Keywords: Groundwater-level time series, imputation of missing values, reconstruction of 

groundwater level, singular and multichannel spectrum analysis, Iran 

 

2.1.  Introduction 

There is a worldwide consensus that groundwater is generally one of the most important sources 

for drinking water and irrigation (Asfahani, 2016; Jellalia et al., 2015; Lachaal, Bedir, Tarhouni, 

Ben Gacha, & Leduc, 2011; Mohammadi, Salimi, & Faghih, 2014; Thomas & Famiglietti, 2015; Zaidi, 

Nazzal, Ahmed, Naeem, & Jafri, 2015). Therefore, successful water resources management is 

strongly dependent on sustainable groundwater resources management (Amer, Ripperdan, 

Wang, & Encarnacion, 2012; Palazzo & Brozovic, 2014; X. Wu et al., 2016). However, to manage 

water resources appropriately requires the availability of long-term and high-quality 

groundwater data recorded at different spatial and temporal scales (Khalil, Panu, & Lennox, 2001; 

Zhou, Dong, Liu, & Li, 2013).  

 

To get a more or less continuous shape of a groundwater table, point-measured piezometric heads 

in an aquifer are usually interpolated and/or extrapolated through various geostatistical methods, 

whereby, depending on the method, the influence of neighbouring piezometers on the computed 

head in question may vary significantly. This means that a lack of information at a given 

piezometer may result in a severe distortion of the shape of the computed groundwater table (Dax, 

1985; Walker, Forsythe, Parkin, & Gowing, 2016). The same is true in the presence of erroneous 

data: it is important to remove and to substitute suspicious data by imputed values (Alley, Reilly, 

& Franke, 1999; Harvey, Dixon, & Hannaford, 2012).  
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When applying numerical groundwater models, the observed water levels are usually used in the 

calibration process and/or for setting initial and boundary conditions. To do so, the point-

measured groundwater-level data are transferred onto a mesh of cells, or elements of the 

discretization of the numerical model. Hence, missing observations can seriously affect the input 

to such a model (Nkiaka, Nawaz, & Lovett, 2016; Walczak & Massart, 2001). Additionally, it is well 

known that many poorly set-up groundwater models are quite unstable or ill-posed, which means 

that small changes in the input data and/or initial and boundary conditions may lead to large 

variations in the values of the targeting parameters in the calibration (i.e. the inversion process). 

This demonstrates, therefore, that missing (or erroneous) observations can produce large errors 

in the output of a model (Dax, 1985).  

 

A lack of data ensues from a variety of factors, such as temporary absence of observers, damaged 

monitoring equipment, or lack of financial resources (Adeloye, 1996; Gyauboakye & Schultz, 1994; 

Teegavarapu, Tufail, & Ormsbee, 2009). To cope with this problem, an important pre-processing 

operation, so-called ‘data refinement’ should be carried out (Adeloye, 1996; Adeloye, Rustum, & 

Kariyama, 2011; Mwale, Adeloye, & Rustum, 2012). In this regard, ‘gap’ values are tackled either 

by eliminating the vectors containing missing  samples, or by simply using some mean or zero 

substitution. Correspondingly, these types of refinement lead to the loss of a lot of information in 

most cases and, as such, they should not be considered (Gill, Asefa, Kaheil, & Mckee, 2007). 

Preferably, dealing with the missing data problem in some fashion is encouraged, although 

reproducing missing data might be an unpleasant and tedious task (Ball, 2003). Nonetheless, it is 

imperative that it is conducted carefully and as accurately as possible, because poor imputing of 

missing values may result in poor decisions being made (Bardossy & Pegram, 2014; Benzvi & 

Kesler, 1986).  

 

Missing data handling approaches can be classified in two broad classes: the first includes 

techniques that are based on discarding a portion of the sample, such as listwise deletion (J. Dixon, 

2008) and pairwise deletion (McKnight, McKnight, Sidani, & Figueredo, 2008), while the second 

class includes approaches that replace missing data with imputed values (Cheema, 2014). 

Concerning the imputation approaches, a wide range of techniques have been developed, such as: 

marginal mean imputation (Allison, 2002); regression approaches (T. H. Liu, Wei, & Zhang, 2018); 

autoregressive model imputation (Bashir & Wei, 2018); maximum likelihood expectation-

maximization (EM) imputation (S. H. Kim, Yang, & Ng, 2011); multiple imputation method (S. H. 

Liu, Chrysanthopoulou, Chang, Hunnicutt, & Lapane, 2019); hot deck technique (Srebotnjak, Carr, 

de Sherbinin, & Rickwood, 2012); dummy variable adjustment approach (Jones, 1996); zero 

imputation (McKnight et al., 2008); single random imputation (Z. H. Zhang, 2016); and last 

observed value carried forward (LOCF) model (Lachin, 2016). 

 

Depending on time series lengths, frequency and periods of gaps, availability of neighbouring data, 

period of the knowledge, expertise of the person dealing with the missing data, and physical 

conditions of the study area, one of the aforementioned techniques may be employed to impute 

gap values (Gyauboakye & Schultz, 1994; Harvey et al., 2012; World Meteorological Organization, 

2008). However, amongst the statistical methods, regression models can only be applied to 

reconstruct the data in cases where predictors are not missing (Adeloye, 2009; J. W. Kim & 

Pachepsky, 2010). Additionally, classical regression models typically analyse for one predictand 

(or dependent variable), so that for a large number of variables, the necessary creation of different 

predictive regression equations may be time-consuming (Miller, 2011; Wosten, Pachepsky, & 
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Rawls, 2001). Furthermore, when there are substantial continuous missing values, conventional 

gap-filling techniques, including regression and geostatistical methods such as kriging or inverse 

distance weighting (IDW), which are dependent on the availability of some neighbouring 

predictor variables, are not applicable (Dumedah & Coulibaly, 2011; Teegavarapu & 

Chandramouli, 2005). 

 

The above-mentioned limitations of traditional approaches to imputing missing data values have 

provoked a great deal of attention to data-driven models. Amongst these, singular spectrum 

analysis (SSA) and multi-channel singular spectrum analysis (MSSA) have recently gained 

popularity (Golyandina & Korobeynikov, 2014). The main concept behind SSA is the 

decomposition of the series of interest into several segments, which can be classified as trends, 

oscillatory and noise components (Golyandina & Korobeynikov, 2014; Golyandina, Nekrutkin, & 

Zhigli︠a ︡vskii,̆ 2001; Loève, 1977; Rodrigues & de Carvalho, 2013). The SSA approach essentially 

extracts information from short and noisy time series without prior knowledge of the dynamics 

affecting the time series (Schoellhamer, 2001; Vautard & Ghil, 1989). Both SSA and MSSA are 

based on the singular value decomposition (SVD) of a certain matrix created using the time series. 

Neither a parametric model nor stationarity-type conditions are required to be assumed for the 

time series. This makes these high-skill, data-driven techniques model-free and thus enables SSA 

and MSSA to have a very wide range of uses (Golyandina & Zhigli︠a ︡vskiĭ, 2013). Moreover, 

compared with autoregressive (AR) models, SSA does not demand an a priori model for trend or 

a priori knowledge of the number of periodicities and period values. Also, periodicities can be 

adjusted in different ways and, hence, the type of model – additive or multiplicative – is not 

essential to be taken into account (Hassani, Heravi, & Zhigljavsky, 2009). 

 

The SSA and MSSA approaches have been applied mainly for gap filling and short- and long-term 

forecasting in the fields of meteorology, hydrology and Earth sciences, such as: gap filling of 

sediment concentration (Schoellhamer, 2001; Shen, Peng, & Li, 2015); streamflow data 

imputation (Agac, Baydaroglu, & Kocak, 2015; Kondrashov, Feliks, & Ghil, 2005); filling in missing 

MODIS (Moderate Resolution Imaging Spectroradiometer) land products (Kandasamy, Baret, 

Verger, Neveux, & Weiss, 2013); gap filling of solar wind and interplanetary magnetic field data 

(Kondrashov, Shprits, & Ghil, 2010); 3D seismic data de-noising and reconstruction (Rekapalli, 

Tiwari, Sen, & Vedanti, 2017); short-term point and interval forecasts of daily maximum 

tropospheric ozone concentrations (Hansen & Noguchi, 2017); wind speed forecasting (Moreno 

& dos Santos Coelho, 2018); and simulation of water infiltration rate in response to a wide range 

of suspended solid sizes and concentrations (Majid Taie Semiromi & Ghasemian, 2018). 

Nevertheless, to the best of our knowledge, no reference study to date has applied SSA and MSSA 

to impute missing values in groundwater-level data.  

 

Thus, the objectives of this paper are firstly, to assess the performance of SSA and MSSA in the 

imputation of ‘missing values’ of 25 piezometric stations located in the Ardabil Plain aquifer, Iran, 

especially for the period December 1988 to March 1989 when no measurements are available. To 

that end, artificial missing values are created in a random manner, thereby allowing us to appraise 

the skill of SSA and MSSA against the observed values (the original values before being artificially 

removed). Secondly, we compare the competency of SSA and MSSA for reconstruction of the 

complete time series of 25 piezometric stations. 
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The study area and the piezometric datasets used are presented in sections 2 and 3, respectively. 

In Section 4, the data analysis methodology, i.e. the SSA- and MSSA- formulation for a continuous 

time series and the gap-filling procedure is discussed. In Section 5, we present the results of the 

application of SSA and MSSA to fill in gaps in the piezometric time series. We conclude with a 

summary of the results in Section 6. 

 

3.2.  Study area  

Ardabil Plain aquifer (38°30ʹ–38°27ʹN; 47°55ʹ–48°20ʹE), in northwest Iran, extends over an area 

of 1073 km2 (Figure 3.1a). There are two high mountain ranges, Alborz and Sabalan, which 

surround the Ardabil aquifer. The mean areal annual rainfall in the region amounts to 304 mm, 

with May and August being the wettest and driest months of the year, respectively (Ardabil 

Regional Water Authority, 2013; V. Nourani, Alami, & Vousoughi, 2015). With an average annual 

temperature of only 9°C, the Ardabil aquifer is known to be one of the coldest regions in Iran, as 

also witnessed by an average of 130 freezing days in a year (Vousoughi, Dinpashoh, Aalami, & 

Jhajharia, 2013). 

 

Geologically, the Ardabil plain was formed from Quaternary alluvial deposits which originate from 

the erosion and alteration of the surrounding mountains (Figure 3.1b). Based on the results of 

geophysical exploration and drilling logs, the aquifer has a thickness varying from 10 m to more 

than 200 m and is mainly composed of gravel, sand and a small amount of clay. In accordance with 

pumping tests conducted over the aquifer, the transmissivity of the aquifer ranges from 50 to 

2200 m2/d and the specific yield from 0.021 to 0.14. The dominant direction of groundwater flow 

is toward the northwest of the plain (K. Kord & Asghari Moghaddam, 2014).  

 

Demographically, based on the national census taken in 2011, 564 000 people live in the Ardabil 

Plain, inhabiting two major cities and 88 villages (Statistical Center of Iran, 2011). Agriculture 

makes up the principal occupation of the inhabitants in the area. Since 1980, the rapid expansion 

of Ardabil city, intense agricultural activity and some industrial activities have caused great stress 

on the Ardabil aquifer, as the average annual water consumption for the drinking, industrial and 

agricultural sectors amounts to 26, 4 and 177  106 m3/year), respectively, with 89% of this 

water supplied from groundwater (Ardabil Regional Water Authority (2013). The groundwater is 

supplied through 2622 active pumping wells, 36 qanats and 77 springs operating across the 

Ardabil Plain (K. Kord & Asghari Moghaddam, 2014). 

 

3.3. Groundwater level datasets 

In this study, monthly piezometric data from 25 observation wells/piezometers distributed over 

the Ardabil plain are considered (Figure 3.1c). These groundwater-level data, recorded from June 

1988 to the end of 2013, result – theoretically – in 307 discrete observations. However, the 

groundwater-level time series have missing data as a result of: (a) destruction and plugging of 

piezometers owing to flooding; (b) curiosity of the local people, leading to destruction of wells; 

(c) inaccessibility of piezometers in stormy and snowy weather, particularly during winters; (d) 

defective water-level meters and lack of financial resources for repair and renewal; and (e) 

complete drying-up of piezometers leading to failure to determine the groundwater level.  
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Figure 3.1. (a) Geographical location of Gharehsoo River Basin (GRB) in Iran; (b) geological map 
of the basin and Ardabil aquifer, (c) and geographical distribution of the selected piezometers on 
Ardabil aquifer. 
 

Above all, for unknown reasons, no groundwater levels were available in any of the 25 

piezometers for the period December 1988–March 1989. Table 3.1 lists the statistics of the data 

for each well and indicates that piezometers P56 and P46/P19 have the maximum and minimum 

number of gaps in their data series, respectively. 
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Table 3.1. Statistics of the piezometric stations with number and percentage of missing data for 
each piezometer, ordered from maximum to minimum. 

Piezometer N valid 
Missing 

Mean 
Standard 
 deviation N Percent 

P56 189 118 38.40 1319.13 13.64 

P16 208 99 32.20 1335.61 1.25 

P37 224 83 27.00 1432.29 1.57 

P15 226 81 26.40 1330.30 0.88 

P55 233 74 24.10 1314.69 1.86 

P23 239 68 22.10 1314.90 2.03 

P18 245 62 20.20 1333.60 4.95 

P28 251 56 18.20 1381.74 0.57 

P27 258 49 16.00 1417.11 1.81 

P36 261 46 15.00 1359.75 5.22 

P8 261 46 15.00 1336.08 2.00 

P13 262 45 14.70 1322.28 1.83 

P31 268 39 12.70 1315.43 8.60 

P25 271 36 11.70 1335.46 4.30 

P20 271 36 11.70 1313.80 1.89 

P35 273 34 11.10 1308.31 1.55 

P17 276 31 10.10 1361.94 0.49 

P53 280 27 8.80 1355.20 8.63 

P10 280 27 8.80 1370.04 0.38 

P5 283 24 7.80 1304.05 1.45 

P51 287 20 6.50 1313.61 10.51 

P38 289 18 5.90 1316.00 6.65 

P44 291 16 5.20 1317.12 0.59 

P46 292 15 4.90 1436.85 2.45 

P19 292 15 4.90 1304.97 0.67 

 

In this study, to identify how missing and non-missing values are distributed, the distribution, 

pattern and frequency of missing data was evaluated (shown in the Supplementary material, 

Figures 3.S1–3.S3). A missing data pattern refers to the configuration of observed and missing 

values in a dataset (Enders, 2010). To create such a pattern chart, the variables are first ordered 

from left to right in increasing order of missing values. Patterns are then sorted by the last variable 

(non-missing values first, then missing values), and then, by the second-to-last variable, and so 

on, working from right to left. This reveals whether the monotone imputation method can be used 

for the data, or, if not, how closely the data approximate to a monotone pattern. 

 

3.4.  Methodology 

3.4.1. SSA 

In this section, the outlines of the SSA and MSSA are explained and the procedure for 

reconstructing the groundwater-level series with temporal gaps is described. The primary 

objective of an SSA analysis is to decompose a time series into trend, cyclical, seasonal and noise 
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by means of an eigen-decomposition of the so-called trajectory matrix (M. A. R. Khan & Poskitt, 

2013; Majid Taie Semiromi & Ghasemian, 2018). 

To provide an accurate identification of the trends and seasonal periodicities (oscillations) in the 

groundwater-level series, analysis of the graphs of eigenvalues and the eigenvectors of the 

elementary components of the SSA decomposition are of paramount importance (Golyandina & 

Korobeynikov, 2014) (see Appendix I, Figures 3.S4–3.S7). More specifically, these time series 

components can be identified through inspection of the shape of an eigenvector imitating the 

shape of the time series component that produces this eigenvector.  

 

In the light of this decomposition, the initial/original time series can be reconstructed (Figure 

3.S5) up to a desired accuracy by adopting five consecutive methodological schemes: (a) 

embedding; (b)  singular value decomposition (SVD); (c) eigentriple grouping; (d) diagonal 

averaging; and (e) gap filling, as described briefly in the subsequent sub-sections.  

 

3.4.1.1. Embedding 

Assuming a real time series X = (x1, ..., xN) of length N and an integer number L (1 < L < N), defining 

a possible window length, to conduct the embedding, the initial time series is projected onto a 

sequence of lagged vectors of size L by creating K = N − L + 1 lagged vectors Xi (i = 1, .., K) which 

may be put together to form a trajectory matrix defining a one-to-one correspondence between 

the trajectory matrix of size L × K and the time series: 

 

𝑿 = [𝑋1: . . . ∶ 𝑋𝐾] = (𝑋𝑖𝑗)𝑖,𝑗=1
𝐿,𝐾

=

(

 
 

𝑥1 𝑥2 𝑥3 ⋯ 𝑥𝐾
𝑥2 𝑥3 𝑥4 … 𝑥𝐾+1
𝑥3 𝑥4 𝑥5 … 𝑥𝐾+2
⋮ ⋮ ⋮ ⋱ ⋮
𝑥𝐿 𝑥𝐿+1 𝑥𝐿+2 ⋯ 𝑥𝑁 )

 
 

                                  (3.1) 

 

This matrix has two main characteristics: (a) the rows and columns of X are subseries of the 

original time series, and (b) X has equal elements on anti-diagonals, i.e. it is a Hankel matrix.  In 

both SSA and MSSA applications, the window length L should be chosen appropriately to ensure 

that each L-lagged vector includes an essential part of the behaviour of the original series X = (x1, 

..., xN). Usually L is determined as L = N/2 by default, but by varying L, the dynamics of certain 

properties of the time series can be investigated (Golyandina & Zhigli︠a︡vskiĭ, 2013), as will be 

demonstrated later in the applications. 

 

3.4.1.2. Singular value decomposition (SVD) 

In the second step, a singular value decomposition (SVD) of the trajectory matrix X, or more 

specifically of the correlation matrix C = XXT, is made, i.e. X can be written as X = U S1/2 VT , where 

U and V are the left and right singular vectors and S1/2 is the diagonal matrix of the singular values 

of X, equal to the eigenvalue matrix S of C=XXT in decreasing order, λ1 ≥ ··· ≥ λL ≥ 0. With the SVD, 

X can be reconstructed as:  

 

𝑿 = ∑ √λ𝑖𝑖 𝑈𝑖𝑉𝑖
𝑇 = 𝑿𝟏 +⋯+ 𝑿𝑳                                                                                            (3.2) 
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The triple (√λi, Ui, Vi) is called ith eigentriple (ET) (Golyandina & Korobeynikov, 2014; Golyandina 

& Zhigli︠a ︡vskiĭ, 2013). 

 

3.4.1.3. Eigentriple grouping  

Based on the expansion (3.2), a separation of additive components of the original time series by a 

so-called eigentriple grouping is performed, by dividing a set of indices {1, ..., d} with d = max{j: λj 

≠ 0} into m disjoint subsets I1, ..., Im , i.e. X can be written additively as:  

 

𝑿 = 𝑿𝑰𝟏 +⋯+ 𝑿𝑰𝒎                                                                                                                   (3.3) 

 

If m = d and Ij = {j}, j = 1, ..., d, then the corresponding grouping is called elementary.  

 

3.4.1.4. Diagonal averaging 

After grouping the eigentriples, each matrix XIj of the grouped decomposition (3.3), with 

dimensions L  K, is transformed into a new series of length N by diagonal averaging along the 

anti-diagonals of XIk (see (Golyandina & Zhigli︠a ︡vskiĭ, 2013). By this procedure a new series �̃�(𝑘) =

(�̃�1
(𝑘), … , �̃�𝑁

(𝑘)) is constructed. Finally, the initial series (x1, ..., xN) is decomposed into a sum of m 

reconstructed series: 

 

𝑥𝑛 = ∑ �̃�𝑛
(𝑘)
 for 𝑛 = 1,… ,𝑁𝑚

𝑘=1                                                                                                (3.4) 

 
 

3.4.2. MSSA 

Multichannel singular spectrum analysis (MSSA), originally proposed by Broomhead and King 

(1986) to explain phenomena of nonlinear dynamics, is an extension of SSA for multidimensional 

(multichannel) time series and can be readily understood by stacking the 2D matrix slices of SSA 

for each individual time series along the third dimension of the channel axis, as illustrated by 

Figure 3.2. As such, MSSA is very similar to extended EOF. Like in SSA, MSSA allows one to 

decompose a time series into its spectral components and, therefore, to identify trends and 

oscillating pairs (Jolliffe, 2002). But in contrast to SSA, MSSA also takes cross-correlations 

between the different channels into account, so that MSSA can be understood as a combination of 

SSA and principal component analysis (PCA) (Rangelova, Sideris, & Kim, 2012; Zotov, Sidorenkov, 

Bizouard, Shum, & Shen, 2017).  

 

The main steps of MSSA are as follows. It should be noted that because of the different 

development histories of SSA and MSSA, the notation for channels and lags in the two methods 

differs somewhat. Here we follow the notation of Allen and Robertson (1996) (see Figure 3.2): 

 

a)   For an L-multichannel dataset with N observations Xli (l = 1, …, L; i = 1, …, N), similar to SSA, 

L slices of a data trajectory matrix Xl, (l = 1, …, L) of up to a maximum lag M of the lagged variables 

is formed:  
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Figure 3.2. Schematics of the distribution of multi-channel data for MSSA; axes of t, x, and s 
correspond to time-series length N, number of multi-channels L, and number of lags M, 
respectively. There are special cases in MSSA, namely for L = 1, MSSA becomes SSA, and for M = 1, 
MSSA becomes conventional PCA (Myung, 2009). 
 
 

𝑿𝑙 = 

(

 
 

𝑥l,1 𝑥l,2 . . 𝑥𝑙,𝑀
𝑥l,2 𝑥l,3 . . 𝑥𝑙,𝑀+1
 .  . . . .

𝑥𝑙,𝑁ˊ−1 . .  . 𝑥𝑙,𝑁−1
𝑥𝑙,𝑁ˊ 𝑥𝑙,𝑁ˊ+1 . . 𝑥𝑙,𝑁 )

 
 

 for 1 ≤ l ≤ L                                                                  (3.5) 

 

where N = N − M + 1 is the number of overlapping views of the series in channel l which 

corresponds to the window length in SSA. From Eq. 3.6 the total augmented trajectory matrix D of 

size (N × M L), is computed as: 

 

𝑫 = (𝑿1 + 𝑿2 +⋯𝑿𝐿)                                                                                                                 (3.6) 

 

b)   The SVD of D is calculated as follows: 

 

𝑫 = 𝜂𝑷𝐷𝛬𝐷
1/2
𝑬𝐷
𝑇 , 𝜂 = max (𝑁′, 𝐿𝑀)                                                                                           (3.7) 

 

where 𝜂 states a normalization element. The matrix 𝑷𝐷 consists of N orthonormal vectors, which 

are the spatio-temporal principal components that are also eigen-vectors of the lag-covariance 

matrix 𝑪𝐷
(𝑃)
= (𝐿𝑀)−1𝑫𝑫𝑇, whereas the matrix 𝑬𝐷 includes ML orthonormal vectors, the so called 

spatio-temporal empirical orthogonal functions (a time sequence of EOFs), that are the eigen-

vectors of the lag covariance matrix 𝑪𝐷
(𝐸)
= (𝑁′)−1𝑫𝑇𝑫. The eigen-spectrum entries 𝜦𝐷 =

𝑷𝐷
𝑇𝑪𝐷

(𝑃)
𝑷𝐷 = 𝑬𝐷

𝑇𝑪𝐷
(𝐸)
𝑬𝐷 are proportional to the data variance in the PCs (EOFs). 

 

c)   The spatio-temporal EOFs of no interest are removed: 

 

𝑫ˊ = 𝑫𝑬𝐷(𝑰 − 𝑲)𝑬𝐷
𝑇                                                                                                                      (3.8) 
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where K is a diagonal matrix with Kii = 0 if the ith EOF is retained and Kii = 1 if the ith EOF is 

removed. The matrix 𝑫ˊ =  𝑿ˊ1 𝑿ˊ2  … 𝑿ˊ𝐿 consists of the filtered/removed augmented time series 

for all variables. 

 

d)   Reconstruct the filtered data set 𝑿𝑙𝑖
𝑓
 containing the filtered series for each channel l that are 

calculated by averaging along the anti-diagonals of 𝑿ˊ𝑙, l= 1, L, similar to SSA (Golyandina & 

Korobeynikov, 2014; Golyandina et al., 2001). 

 

3.4.3. Gap filling methodology 

3.4.3.1. Theoretical approach 

The SSA gap-filling approach adopted for this study is based on the methodology developed by 

Kondrashov and Ghil (2006) and extended by Buttlar, Zscheischler, and Mahecha (2014). In this 

context, principally, the major periodic components of the time series are identified and 

interpolated into the gap positions in both SSA and MSSA methods. More specifically, this 

methodological approach consists of two main parts: (a) iterative estimation of gap data X(t) by 

virtue of the leading subset of reconstructed components (RCs), which are then adapted to update 

a self-consistent lag-covariance matrix; and (b) approximation of an optimal window length 

according to cross-validation and trial-and-error methods in order to minimize the discrepancy 

between the reconstructed and observed time series. 

  

In this study, the window lengths for SSA and MSSA are estimated by trial-and-error approach. 

Also, the type of grouping and the number of eigentriples have an important influence on the 

quality of the reconstructed time series and, accordingly, on the imputed gap values. As such, they 

are chosen on the basis of the dominant shape of the groundwater-level time series (groundwater 

hydrograph). 

 

The imputation procedure commences with subtracting the mean from the original dataset 

(calculated for each piezometric station individually) and setting the gap values to zero. The inner-

loop iteration begins with computing the leading empirical orthogonal function (EOF), E1, of the 

centred, zero-padded record (see Appendix I, Figures 3.S8 and 3.S9). The corresponding RC, R1, 

is then used to get non-zero values in place of the missing points. The new record’s mean, the 

covariance matrix and the EOFs are then recomputed by SSA (Kondrashov et al., 2010). The 

imputation of the gap values is repeated with a new approximation of R1, until the error rate, 

calculated according to the square sum of all data values between two subsequent inner iterations, 

attains less than a relative threshold, taken here as 1%. It is worth mentioning that, in this study, 

the procedure converged after less than 20 iterations. 

 

The goal of the outer-loop iteration is to distinguish the signal from the noise (see Figures 3.S8 

and 3.S9). For this purpose, E2 is first added to the reconstruction by virtue of the solution with 

data filled in by R1 and, then, the inner iteration is performed using two EOFs, until it converges 

as above. In the subsequent outer iteration, another EOF is added and so on. The iteration loop is 

terminated when K*< K modes (see Eq. 3.1) assigned as the signal have been processed, while 

higher ranked modes are viewed as noise (Kondrashov et al., 2010).  

 

https://en.wikipedia.org/wiki/Empirical_orthogonal_functions
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Likewise, for the multivariate data using MSSA, the gaps of the data are imputed mainly by the 

filtered time series of the continuous response channel, representing smooth modes of co-

variability captured by the multidimensional EOFs.  

 

3.4.3.2. General approach for Assessment of SSA and MSSA 

The degree of the goodness and efficiency of the various infilling techniques can be evaluated 

through artificially imposed gaps, although careful selection to reflect diverse conditions should 

then be taken into account, because this methodology is heavily reliant upon the nature of the 

time series when the gaps are established (Gyauboakye & Schultz, 1994). A substitute mechanism 

is to make a comparison between the reconstructed and the original complete time series, 

although a good performance does not necessarily support the idea that imputing the missing 

values could satisfactorily be performed as well (Elshorbagy, Panu, & Simonovic, 2000). To take 

advantage of both approaches, we apply two approaches to reproduce the groundwater level for 

the complete time series and to assess how these models impute the groundwater level for 

artificially induced gaps. 

 

3.4.4. Evaluation of SSA and MSSA performance using complete observed data 

To appraise the skill of the SSA and MSSA models in reconstructing the observed groundwater 

time series for each piezometric station, two statistical metrics, the coefficient of determination 

(R2) and the Nash-Sutcliffe efficiency (NS), were computed as follows: 

 

𝑅2 = (
∑ (𝑂𝑖−�̅�)(𝑃𝑖−�̅�)
𝑛
𝑖=1

√∑ (𝑂𝑖−�̅�)
2𝑛

𝑖=1  √∑ (𝑃𝑖−�̅�)
2𝑛

𝑖=1

)

2

                                                                                                (3.9) 

 

NS = 1 − (
∑ (𝑂𝑖−𝑃𝑖)

2𝑛
𝑖=1

∑ (𝑂𝑖−�̅�)
2𝑛

𝑖=1

)
 

                                                                                                                (3.10) 

 

where 𝑂𝑖 is the observed groundwater level, �̅�𝑖 is the average of the observed groundwater-level 

time series, and 𝑃𝑖 is the simulated/reconstructed groundwater level at time i. The value of R2 

varies from 0 to 1 (perfect fit) and signifies how much of the observed dispersion is explained by 

the simulation/reconstruction. The NS criterion ranges from –∞ to 1.0 (perfect fit), where NS < 0 

shows that the mean value of the observed series is a better estimator than that of the model.  

 
3.4.5. Cross validation analysis of artificially generated missing values 

Cross-validation is a conventional statistical technique to test the skill of a predictive model on 

parts of the data not used in the training of the model and, thus, helps to avoid over- or underfitting 

of the data (Kohavi, 1995). Unlike conventional model validation, where the model is trained with 

one part of the dataset and validated subsequently on the remainder of the dataset (i.e. requiring 

a sufficient number of data), cross-validation takes combinations of two-subset partitioned data, 

using one for training/calibration and the other for validation and checking the results by various 

goodness-of-fit measures. 
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Different variants of choosing combinations of training and validation subsets are used in cross-

validation analysis (Esmaeelzadeh, Adib, & Alahdin, 2015; Picard & Cook, 1984) and, among these, 

the k-fold cross-validation is probably the most widely used method (Arlot & Celisse, 2010). In 

this approach, the dataset is split into k equal-sized parts, where k–1 parts are used for training 

and the remaining k part is used for validation/testing. This process is repeated k times and, 

depending on the number of non-missing data (complete data) available for each piezometer, the 

number of data in each of 10 k-folds is different. To create the artificial gaps in the groundwater-

level series, we deployed a random number generation technique to randomly locate the positions 

of the groundwater-level data that should be removed for each piezometric station. Afterwards, 

we compared the imputed groundwater levels using SSA and MSSA with the observed data, which 

have been artificially removed, using NS as a goodness-of-fit metric. Ultimately, we illustrated the 

results using box-plots.  

 

3.4.6. Akaike information criterion (AIC) 

To ascertain the most suitable probability distribution function (pdf) type to which groundwater-

level time series of each piezometer fit, we computed the Akaike information criterion (AIC). We 

calculated this metric in order to identify whether there is a relationship between the selected pdf 

for each time series and the quality of imputed/reconstructed groundwater-level data. Using two 

measures that are also easily derived from the output of any statistics package, namely maximum 

likelihood and residual sum of squares (RSS) of the model, AIC can be calculated as follows: 

 

AIC = −2 ln(𝐿) + 2𝑘par                                                                                                    (3.11a) 

 

where L is the maximum likelihood function for the fitted model and kpar is the number of 

parameters in the model. As L is usually computed from a fit by classical nonlinear least squares 

analysis, Eq. 3.11a is practically modified to: 

 

AIC = 𝑛 [ln (
RSS

𝑛
)] + 2𝑘par                                                                                          (3.11b) 

 

where RSS is the residual sum of squares, i.e. (RMSE  n)2 of the model and n is the sample size 

(Symonds & Moussalli, 2011). In this case the value of kpar must be increased by 1 to reflect the 

variance estimate as an extra model parameter. Basically, the AIC ensures the concept of 

parsimony of a model by penalizing overfitting (decreasing the RSS), when increasing the number 

of fitting parameters kpar arbitrarily. 

 

3.5.  Results and discussion 

3.5.1. Statistical pattern characteristics of the observed data 

To gain an insight into the missingness of the groundwater level times series recorded in each 

piezometer, three pie charts exhibiting the overall missing values in piezometers (variables), 

observations (cases), and a general pie chart of all data (values) were produced (Figure S1) (IBM, 

2011). The variables chart illustrates that each of the 25 piezometric stations contains at least one 

gap value on a case (observation). The cases chart indicates that 282 out of 307 observations 

consist at the minimum one missing value in each piezometer. Finally, the values chart represents 
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that 1164 out of the theoretically total data, i.e. 6511 (307 × 25) that amounts to 15.17%, are 

missing. 

 

Also, we have discerned that the way missing data arranged within the dataset has led to emerge 

a certain pattern — the arrangement of the hole (missing) locations of the piezometers when they 

are charted. As illustrated in Figure 3.S2, each pattern fits to a group of cases representing the 

same pattern of incomplete and complete data. For instance, pattern 1 illustrates the cases that 

contain no missing values, whereas pattern 3 shows cases that include missing values for the 

piezometric stations 20 and 53 (P20 and P53). A dataset can potentially contain two number of 

variable patterns (IBM, 2011). In the current study, 177 patterns were detected within the 307 

cases (times) for the dataset. In case of existing a monotone pattern in the missing data, all missing 

and nonmissing cells in the chart will be contiguous where there no "islands" of nonmissing cells  
are seen in the lower right part of the chart and similarly no "islands" of missing cells can be found 

in the upper left portion of the chart (Little & Rubin, 2002). Thus, following this missing and 

nonmissing arrangements, the pattern of the missing values in the groundwater level time series 

recorded for 25 piezometric stations is to be monotone and correspondingly, they need to be 

imputed.  

 

Monotone missing data analysis have been greatly taken into consideration through the literature 

owing to reducing the mathematical complexity of maximum likelihood and multiple imputation 

and obviating the need for iterative estimation approaches (Enders, 2010; Little & Rubin, 2002). 

Moreover, the frequency analysis performed for the 177 detected different patterns (Figure 3.S2) 

demonstrates that most observations fall into 10 pattern categories (Figure 3.S3). For instance, 

as illustrated nearly 30% of the cases in the groundwater dataset show pattern 1, and the missing 

value patterns chart (Figure 3.S2) indicates that this is the pattern for cases with no missing 

values (Figure 3.S2). 

 

3.5.2. Principal Component Analysis (PCA) 

As the SVD of the trajectory- or covariance matrices is one of major steps of SSA and MSSA (see 

Eqs. 3.3 and 3.8), the results of the SVD can also directly be employed for a Principal Component 

Analysis (PCA) of the possibly correlated multivariate set of the p=25 piezometric time series. We 

forego a theoretical discussion of this widely used statistical tool and refer to e.g. (Jolliffe, 2002). 

Suffice to say that PCA consists in projecting the multivariate data in the direction of the axes 

(principal components) of a p-dimensional ellipsoid spanned up by the eigenvectors, with their 

lengths given by the associated singular- or (singular) eigenvalues. By virtue of this fact, variances 

of the data in the directions of short axes (small singular values) are small and may be omitted 

from the dataset.  

 

Figure 3.S4 a-d illustrates some results of the PCA of the piezometric data set. Figure 3.S4a 

shows the variance explained by the first three principal components, indicating that the 1st 

component alone explains 90% of the total variance of the data. Figure 3.S4b shows that the 

groundwater levels of piezometer P56 have the highest variability and for this reason they will be 

selected to illustrate SSA objects further down. Figure 3.S4c shows how each observation for all 

piezometers is represented by these three major principal components. Finally, Figure 3.S4d 

illustrates the contributions for six selected variables (piezometric series) to these three major 
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principal components in terms of the corresponding vectors and again how each observation is 

represented by these components. 

 

3.5.3. Cross-correlation and statistical significance between the piezometers  

To establish the performance of the cross-correlation of piezometric influences on the 

reconstructed/imputed groundwater-level time series, we computed a Pearson cross-correlation 

matrix (Figure 3.3a), which is further advocated by the statistical significance test (Figure 3.3b). 

One can see from Figure 3.3 that there are strong direct (0.7 to 1) and inverse (–0.5 to –1) 

correlations in nearly half of the piezometers, most of which fall between significance levels of 

0.01 and 0.05, while only a few signify a significance level above the predetermined value of α = 

0.05 (Figure 3.3b). 

 

3.5.4. Pdf-fitting of piezometric data histograms  

According to the applied nonlinear least squares approach obtained from the AIC, the most 

suitable pdf was identified for each piezometer (Table 3.2). Some of the results representing 

different types of pdf are illustrated in Figure 3.4. As show in Table 3.2, seven types of pdf were 

discerned: generalized extreme value (GEV), logistic, extreme value, Weibull, rectangular 

(uniform), Rician and t-location-scale. Of these, the rectangular (uniform) and GEV distributions 

are found to be the most frequent pdfs, fitted to 11 and 9 piezometric stations, respectively. 

 

 
Figure 3.3. (a) Pearson cross-correlation matrix for all piezometric stations, with (b) significant 
levels. Note that N/D in the diagonals denotes that the autocorrelation significances has not been 
defined. 
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Table 3.2. Fitted the most suitable PDF (based on AIC) for each piezometer. 
Piezometer  Fitted PDF AIC 

P5 Generalized extreme value (GEV) 998.70 
P8 Generalized extreme value (GEV) 1107.00 

P10 Logistic 258.50 
P13 Extreme value 1023.00 
P15 Generalized extreme value (GEV) 587.50 
P16 Rectangular (Uniform) 629.40 
P17 Weibull 372.90 
P18 Rectangular (Uniform) 1401.00 
P19 Rician 605.30 
P20 Generalized extreme value (GEV) 1055.00 
P23 Generalized extreme value (GEV) 941.70 
P25 Generalized extreme value (GEV) 1564.00 
P27 Rectangular (Uniform) 926.00 
P28 Generalized extreme value (GEV) 422.00 
P31 Rectangular (Uniform) 1814.00 
P35 Rectangular (Uniform) 955.30 
P36 T location-scale 1315.00 
P37 Rectangular (Uniform) 756.20 
P38 Rectangular (Uniform) 1798.00 
P44 Generalized extreme value (GEV) 503.00 
P46 Generalized extreme value (GEV) 1357.00 
P51 Rectangular (Uniform) 1984.00 
P53 Rectangular (Uniform) 1835.00 
P55 Rectangular (Uniform) 852.70 
P56 Rectangular (Uniform) 1431.00 

 

As shown later, an empirical histogram that deviates more from the normal distribution has led 

to a poorer performance of time series decomposition. Accordingly, a poorer performance of the 

gap-filling procedure, applied by means of SSA and/or MSSA, has been recorded (Linnik & 

Ostrovskii,̆ 1977), even though this is not the only controlling factor in that regard. 

 

3.5.5. Identifying optimal window length for SSA and MSSA 

As the most important parameters influencing the goodness-of-fit of the reconstructed 

groundwater levels, we identified the optimal window length (L) and eigentriple types for each 

piezometer. Theoretically, the total number of observations for each piezometer is 307; however, 

according to Table 3.1 and based on the percentage of missing data for each piezometer, this 

value varies from 189 to 292, and the effective value of L for each piezometer was between 100 

and 154 for SSA. However, the same does not hold for the window length (M) in MSSA. Indeed, it 

tends to be the smallest possible window length (e.g. M = 2) for most of the piezometers because 

in this method there are few complete lag vectors for large values of M in the given pattern of the 

series (Golyandina, Korobeynikov, Shlemov, & Usevich, 2015). Therefore, in an attempt to provide 

a more objective criterion for assigning window length, Golyandina (2010) analysed the 

suitability of the rule m = βN with β  0.5. Golyandina (2010) noticed that the use of a value of βb 

close to 0.5 will yield optimal signal–noise separation and recommended that L be selected close 

to one-half of the time series length in most cases. However, the results obtained by M. A. R. Khan 

and Poskitt (2013) could not corroborate the findings of Golyandina (2010), whose 

recommendation is based primarily on simulation evidence derived from time series constructed 

using deterministic trigonometric signals; M. A. R. Khan and Poskitt (2013) identified that the 

same procedure for estimation of the optimal window length does not apply to more general 

stochastic processes, where small values of L can be also optimal. 
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Figure 3.4. Histograms for the selected piezometers representing different types of probability 
distribution function (pdf) (see Table 3.2). 

 

Although many applications (Golyandina & Korobeynikov, 2014; M. A. R. Khan & Poskitt, 2013; 

Kondrashov et al., 2010; R. Wang, Ma, Liu, & Zuo, 2015) have identified the optimal window length 

as half of the time series length, to find an optimal window length for each of the piezometric 

stations, we assessed a range of window lengths (approx. 10% of the complete time series) that 

fall below and above half of the time series length. We used the root mean square error (RMSE) as 

an objective function to identify the window lengths appropriate for imputation of missing values, 

as well as the complete reconstruction of groundwater-level time series using both SSA and MSSA. 

For instance, as given in Table 3.1, a range of window lengths was evaluated for piezometers P56 

and P19, which have the highest and lowest percentage of missing values, respectively. 

Piezometer P19 contains 292 valid observations; therefore, theoretically (as recommended by 

several studies), the window length should be selected as 146, i.e. half of the time series length. 

 

Nevertheless, a range of window lengths that are below and above 146 was tested (Figure 3.5). 

As shown for P19, the optimal window length obtained for SSA can be 137, 148 or 157, based on 

the computed RMSE of 0.23. However, for the imputation and reconstruction using SSA for P19, 
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we used the window length that is closer to L = N/2, which is 148. Interestingly, the same does 

not hold for MSSA. As illustrated in Figure 3.6, the window lengths assessed for MSSA vary from 

2 to 9, while half of the time series length (N/2 =25/2) for MSSA is about 12. As shown in Figure 

3.6, the discrepancy, quantified via RMSE, between the observed and reconstructed time series 

for P19 increases monotonously from M = 2 to M = 9. Thus, we applied M = 2 to the MSSA model 

for imputation and reconstruction (Figure 3.6).  

 

Similarly, the same procedure was followed for piezometer P56, which contains the highest 

percentage of missing values (Table 3.1). Given the fact that the number of valid observations for 

P56 is 189, we tested a different number of window lengths that fall below and above half of the 

time series length (i.e. N/2 = 189/2), which vary from 81 to 105 (Figure 3.7). The lowest RMSE 

(1.11), was obtained for L = 103. Likewise, the window lengths assessed for MSSA ranged from 2 

to 9. As for P19, M = 2 delivered the lowest RMSE, thus indicating it as the optimal window length 

for MSSA (Figure 3.8).  

 

One should note that due to the fact that the valid length of observations (non-missing 

observations) of P19 is considerably longer than that of P56, a lower discrepancy, as quantified 

by RMSE of 0.23–0.32 for SSA and 0.12–0.35 for MSSA, was obtained for P19 compared with P56, 

where the RMSE is in the ranges 1.11–2.26 for SSA and 0.84–1.98 for MSSA.  

 

Based on the results, although the identified optimal window length varies at around half of the 

time series length for SSA, this is not the case for the MSSA, where the length of the time series is 

equal to the number of variables (25 in this study). This finding is corroborated by M. A. R. Khan 

and Poskitt (2013), who showed that the small window length, as is the case for MSSA in the 

current study, can even deliver a better performance. 

 
3.5.6. SSA decomposition of piezometric time series  

Figures 3S5–3S7 show the results of the SSA-decomposition of the groundwater level series for 

piezometer P46 containing the minimum percentage of missingness (see Table 3.1) using a 

window length L = 150, which is about ½ of the total length N of the series. In this regard, the 

groundwater level reconstructed by 6 eigentriples in elementary grouping step and 12 

eigenvectors in final grouping process are illustrated by Figures 3.S5 and 3.S6 respectively. Both 

Figures approve that the first eigentriple and eigenvector correspond to the trend, the other 

eigentriples contain high-frequency components and therefore are not related to the trend. The 

trend from Figure 3.S5 is closely reproduced by the first leading eigentriple and coincides with 

the first reconstructed component in Figures 3.S5 and 3.S5 for piezometric station P46. A full 

decomposition of groundwater time series measured in P46 is depicted by Figure 3.S6. As the 

time series is decomposed into trend, seasonality, and noise. Due to a noticeable groundwater 

drawdown in this piezometer, a trend can be easily detected by the skill of these data driven 

models. However, the selection of window length affects the extent to which can be the trend 

extracted (Golyandina & Korobeynikov, 2014). In addition, the groundwater fluctuations, 

representing mainly the recharge and discharge periods, are explained by detected seasonality. 

As indicated, SSA can satisfactorily distinguish signal and noise, sine waves with different 

frequencies, trend and seasonality (Golyandina & Zhigli︠a︡vskiĭ, 2013). 
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3.5.7. SSA/MSSA reconstruction of groundwater levels 

For reconstruction of the groundwater levels, firstly, comparison was made using a set of 

statistical criteria, namely R2 and NS (Table 3.3), calculated between the observed and 

reconstructed groundwater levels; secondly, these results were further supported by graphical 

comparison (see Figures 3.9–3.11).Concerning the graphical illustration, to clearly see where the 

missing values exist over the time series, the original/incomplete groundwater-level time series 

of each piezometric station is displayed in Figure 3.9. Based on the complete reconstruction of 

groundwater levels and missing values imputed for all of the piezometric stations, overall, both 

SSA and MSSA could quite sufficiently reproduce the groundwater levels; the obtained R2 and NS 

values tend towards 1 in nearly all the piezometric stations. In companion, MSSA outperformed 

SSA in terms of complete reconstruction of the groundwater levels, except for P13 and P36 where 

SSA could return a slightly better performance than MSSA (see Table 3 and Figures 3.10–3.11). 

Specifically, SSA delivered the best performance in P38 – the calculated R2 and NS are 0.99 and 

0.99, respectively – while we found a poor performance, delivered by SSA, in P15 with R2 and NS 

of 0.75 and 0.74, respectively. The same is not true for MSSA, as the best and worst matches 

between the observed and reconstructed groundwater levels are seen for P51 and P13, 

respectively. The R2 and NS calculated for P51 are 0.99 and 0.99, whereas these metrics computed 

for P13 are 0.81 and 0.81, respectively. Since MSSA is not only reliant upon temporal correlations 

but also takes spatial correlations into account, in evaluation of this method over SSA in each 

piezometer, this should be considered (Kondrashov & Ghil, 2006; Kondrashov et al., 2010). 

Therefore, it can be inferred from the matrix correlation (Figure 3.3a) that there is no strong 

correlation between P13 and the other piezometric stations, defined here as between 0.70 to 1 for 

direct correlation and between –0.7 and –1 for inverse correlation. Above all, in this time series, 

i.e. P13, the values are fitted to the extreme value distribution function (Table 2) which is only 

suitable for minimum values (Karian & Dudewicz, 2011) and, as such, the decomposition cannot 

be made as good as possible in comparison with a time series resembling a normal distribution. 

 

As mentioned earlier, the minor discrepancy found between the reconstructed and observed 

groundwater levels in P38 and P51 (using SSA and MSSA, respectively) demonstrates the impact 

of time series pdf type on the quality of the reconstruction. When both R2 and NS values tend to 1, 

that means not only the major fraction of the observed variance is explained by that of 

simulated/predicated values but also that the discrepancy between the observed and simulated 

values is very small. This was the case for the application of SSA and MSSA in the reconstruction 

of groundwater levels. Based on the results given in Table 3.3 and illustrated in Figures 3.10 and 

3.11, the reconstructed groundwater levels not only closely follow (mimic) the trend of the 

observed groundwater level but also closely match (subtle discrepancy) the observed 

groundwater levels. Ergo, both NS and R2 tend to be very close together and specifically close to 

1. Moreover, our findings show that, since recharge and discharge periods have had a seasonal  
impact on the groundwater level, the sinusoidal eigentriples could reasonably reflect these 

oscillations on filled gap values. Therefore, the structure and shape of the time series is very 

important to choose the suitable eigentriples (Appendix, Figure 3.S5). In this context, Plaut and 

Vautard (1994) found that a harmonic oscillation in a data series can be detected using three 

properties: (a) an eigen-pair (sine and cosine) of modes that explains almost identical amounts of 

variance; (b) the two corresponding EOF time sequences are somehow periodic and in 

quadrature; and (c) the associated principal component time series are in quadrature (Rangelova 

et al., 2012). 
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Figure 3.5. The selected window length, L (denoted by *) under SSA gap filling and reconstruction for P19 using objective function RMSE. 
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Figure 3.6. The selected window length, M (denoted by *) under MSSA gap filling and 
reconstruction for P19 using objective function RMSE. 
 

Table 3.3. Comparison of SSA and MSA in reconstruction of the groundwater-level time series for 
25 piezometric stations. 

 Piezometer 
SSA MSSA 

R-Squared NS R-Squared NS 

P5 0.93 0.93 0.98 0.98 

P8 0.83 0.83 0.97 0.97 

P10 0.80 0.79 0.90 0.90 

P13 0.86 0.86 0.82 0.81 

P15 0.76 0.75 0.89 0.89 

P16 0.92 0.90 0.93 0.92 

P17 0.83 0.83 0.90 0.90 

P18 0.98 0.98 0.99 0.99 

P19 0.81 0.81 0.93 0.93 

P20 0.97 0.97 0.98 0.98 

P23 0.98 0.98 0.98 0.98 

P25 0.80 0.79 0.96 0.96 

P27 0.95 0.95 0.99 0.99 

P28 0.77 0.77 0.90 0.90 

P31 0.99 0.99 1.00 1.00 

P35 0.83 0.74 0.99 0.99 

P36 0.97 0.96 0.97 0.97 

P37 0.98 0.98 0.99 0.99 

P38 1.00 1.00 1.00 1.00 

P44 0.87 0.86 0.97 0.97 

P46 0.96 0.96 0.99 0.99 

P51 1.00 1.00 1.00 1.00 

P53 0.99 0.99 1.00 1.00 

P55 0.95 0.95 0.99 0.99 

P56 0.99 0.99 0.99 0.99 

 

* 
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 Figure 3.7. The selected window length, L (denoted by *) under SSA gap filling and reconstruction for P56 using objective function RMSE. 
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3.5.8. Cross-validation analysis 

Validation of the models, i.e. SSA and MSSA, was undertaken using the k-fold cross-validation 

approach. As illustrated by box-and-whisker plots (Figure 3.12), depending on the piezometric 

station, the NS calculated for the observed data (the data removed artificially) and imputed values 

explains a great deal of the variation. However, one can see that, for most of the piezometers, there 

is a narrow degree of dispersion in terms of NS (≥ 0.5). Nevertheless, by considering the second 

quartile (the band inside the boxes showing the median), most of the NS values calculated for 

methods SSA and MSSA fall within 0.5 or higher. As indicated, the groundwater level is reproduced 

quite satisfactorily for the piezometric stations P37, P46, P51 (Figure 3.12a), while a large degree 

of dispersion is seen for piezometers P15, P28 and P53 (Figure 3.12b). Unlike the goodness-of-

fit results obtained from the reconstructed groundwater levels for the complete time series 

(Table 3, Figures 3.10–3.11), where MSSA showed a better performance, according to the cross-

validation results, half of the piezometers (P5, P13, P15, P16, P18, P23, P27, P31, P36, P37, P44, 

P46 and P55) using the SSA technique indicate a narrower range of NS and, accordingly, a higher 

agreement between the observed and imputed groundwater levels; in the rest of the piezometers, 

MSSA was able to fill the artificial gaps with a smaller degree of error. These results are in 

accordance with the pervious analysis in terms of performance of SSA and MSSA. For instance, 

MSSA could not produce better results for piezometers P13 and P36, the same as in the 

assessment part (see Table 3 and Figure 3.10). Given that the best and worst performance 

achieved from the reconstruction step (Section 5.3.1) differs from those obtained in this cross-

validation analysis, the best and worst degree-of-fit using SSA was found in P37 and P35, 

respectively, compared with P38 and P15, respectively in the reconstruction. With respect to 

applying MSSA in the validation step, we found the highest and lowest discrepancy was identified 

for P37 and P28, respectively, while the same in the reconstruction step was for P51 and P13, 

respectively. 

 

Figure 3.8. Original groundwater-level time series containing missing values represented by 
discontinuous time series in eight selected piezometric stations. 



Chapter 3 
 

69 
 

Figure 3.9. Comparison of the reconstructed groundwater levels (GWL) and gap values filled 
using SSA and MSSA models for eight selected piezometers. 
 

 

Figure 3.10. Reconstructed groundwater level using SSA and MSSA for 25 piezometric stations. 
 

Above all, since the artificially generated gaps are adjoined to the real (existing) gaps, leading to 

longer missing segments in some of the piezometric stations, neither SSA or MSSA could 

satisfactorily impute these consecutive missing values in comparison with the situations where 

the artificial gaps did not create long consecutive missing values. 
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Figure 3.11. Box-and-whisker plots for the assessment of SSA and MSSA methods in terms of 

Nash-Sutcliffe efficiency (NS) for artificial gap values induced during cross-validation analysis for 

each piezometric station: (a) minimum and (b) maximum variability of NS in the piezometric 

stations. 

 

3.6.  Concluding remarks 

In this paper, singular spectrum analysis (SSA) and multichannel singular spectrum analysis 

(MSSA) were applied to fill gaps that occurred, for different reasons, in the groundwater level 

values measured in 25 piezometric stations in Ardabil Plain, Iran. The results indicate that both 

SSA and MSSA are able to quite satisfactorily impute the missing values of groundwater level, 

although, due to on the spatial correlation observed between piezometers and the type of 

probability distribution function (pdf) fitted to each piezometer, the obtained performance is 

different for each piezometer. Thus, in piezometers where a strong relationship is found in terms 

of Pearson correlation and significance, the MSSA model can better reconstruct the groundwater 

level because it is greatly affected by spatial correlation. Also, interestingly, the type of pdf has a 

considerable impact on the performance of the methods. As a groundwater-level time series 

deviates from a normal/Gaussian distribution (e.g. extreme value distribution), a bigger 

discrepancy was detected between the reconstructed and observed groundwater-level time 

series. Conversely, we recognized that a stronger agreement exists between the reconstructed and 

observed groundwater-level time series for the piezometers whose time series is closer to the 

normal distribution functions (e.g. uniform distribution).  

 

In addition, our findings demonstrate that, depending on the applied method, the suitable window 

length can be different. Although the window lengths tend to be around half of the length of the 
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time series of each piezometer, this was not the case for MSSA, where smaller window lengths 

could deliver a better imputation and reconstruction. Also, the appropriate eigentriples used in 

this study were found to be sinusoidal, which is greatly in accordance with the seasonal 

fluctuations of the groundwater level in response to recharge and discharge periods. Cross-

validation analysis indicated that both methods could impute the groundwater level for artificially 

induced gaps very well in nearly all piezometers, even though overall, SSA yielded a better result 

in terms of NS (≥ 0.7) calculated for each piezometer. 

 

For prospective studies, it is proposed to compare these two methods with other data-driven 

models with the purpose of filling the gaps in groundwater-level time series. Moreover, in the light 

of the capability of SSA and MSSA to decompose the groundwater-level time series, differentiating 

the pumping effects from climatic stresses (e.g. drought events) on the groundwater-level trend 

and seasonality/periodicity can be of paramount importance for prospective investigations. 
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APPENDIX of Chapter 3 
 

 

 

 

Figure 3.S1. Overall distribution of missingness in all 25 piezometric stations (Variables) and the 
apportioned gaps throughout all observations (Cases) as well as the percentage of missing and 
complete data (Values). 
 

Figure 3.S2. Missing and non- missing patterns out of 307 observations for the 25 piezometric 
stations. 
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Figure 3.S3. Frequency of 10 mostly recognized patterns (Figure 3.S2) extracted from the missing 
and complete data. 
 

 

 
Figure 3.S4. Variance of the 25-variable multivariate piezometric data set explained by the first 
three principal components (a); boxplots of the variability of the groundwater heads in the 25 
piezometers (b), Contribution of the observations to the major three principal components(c), 
biplots of the three principal components and the score matrix for six selected piezometers 
(variables) , with the direction and length of the vectors indicating how each variable contributes 
to the three principal components in the plot and the points how each observation is represented 
by these three components (d). 
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Figure 3.S5. Initial reconstructed groundwater level for P46 using six eigentriples. 

 

Figure 3.S6. Reconstructed groundwater level in P46 using 12 leading eigenvectors. 
 

 



Chapter 3 
 

79 
 

 
Figure 3.S7. A full decomposition of groundwater level time series of P46 into trend, seasonality, 
and noise. 
 

 
Figure 3.S8. Cross validation analysis to identify optimal inner and outer iterations for P56. 
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Figure 3.S9. Cross validation analysis to identify optimal inner and outer iterations for P19. 
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Chapter 4: Analysis of spatio-temporal variability of surface–groundwater interactions in the Gharehsoo river basin, Iran, using a coupled SWAT-MODFLOW model 

Abstract 

Although groundwater and surface water are often treated as individual water compartments in 

hydrological cycle studies, they essentially originate from one source. Such a split approach restricts 

the optimal usages of these water resources in several water management applications. The present 

study aims to shed light on the complex interaction of surface-groundwater interactions in terms of 

groundwater recharge from drainage network towards the adjacent aquafer and conversely, 

groundwater discharge from the aquifer towards the drainage network in the Gharehsoo River Basin 

(GRB), with the enclosed Ardabil aquifer, located in northwest Iran. To that end, the Soil and Water 

Assessment Tool (SWAT); as the surface hydrological model; was fully coupled with the latest version 

of the Modular Three-Dimensional Finite-Difference Groundwater Flow (MODFLOW-NWT) 

(Newton-Raphson Technique to improve the solutions of unconfined groundwater-flow problems). 

The total study period 1978-2012 was split into two intervals for calibration (1988-2012) and 

validation (1978-1987). To facilitate and expedite the calibration of the coupled model, firstly we 

calibrated SWAT and MODFLOW-NWT independently against the observed streamflow and 

groundwater head time series, respectively. Afterwards, we recalibrated the coupled model SWAT-

MODFLOW. To link these two models, the surface and sub-surface water flow components are 

exchanged between the Disaggregated Hydrological Response Units (DHRUs) of SWAT with the 

MODFLOW-NWT’ grid cells. In addition, three more flow components are sequentially exchanged: 

the deep percolation from SWAT to MODFLOW-NWT, baseflow/groundwater discharge from 

MODFLOW-NWT to SWAT, and the river heads from SWAT to MODFLOW-NWT. The results of the 

application show that the coupled model satisfactorily, quantified by R2 ≥ 0.5, simulates streamflow 

and, particularly, groundwater heads. In fact, both observations and simulations indicate that, owing 

to an ongoing overexploitation of the aquifer, heads have decreased steadily over the studied period 

which has led to a parallel decline of the groundwater storage. Moreover, the analysis of the stream-

aquifer exchange flows indicates that groundwater discharge towards the stream-network (effluent 

conditions) is orders of magnitude higher than the opposite process (influent conditions), and as such 

many of the tributaries across the GRB have shifted from a perennial regime to 

ephemeral/intermittent system over the last decades. The provided and well-tested coupled model 

would be a viable asset to assess a wider range of plausible scenarios to identify most effective and 

practical water resources management schemes to recover the severely depleted surface water and 

groundwater resources of the GRB. 

 

Keywords: Surface-groundwater interactions, SWAT, MODFLOW-NWT, coupled modelling, Iran 
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4.1. Introduction 

Modelling surface-groundwater interactions is imperative to different sectors such as ecology, 

agriculture, and particularly, water resources management (Dages, Paniconi, & Sulis, 2012). It is also 

deemed to be one of the biggest challenges in modelling task (Irawan et al., 2015), as surface water 

and groundwater interplay in such a way that effects on each side will cause some consequences on 

the quantity or quality of the other (Fleckenstein, Krause, Hannah, & Boano, 2010; B. Zhang et al., 

2015). Analysing the spatio-temporal variability of surface and groundwater interaction  is usually 

conducted with the purpose of (1) investigating tolerability of streamflow discharge, groundwater 

storage, and aquatic species  to ongoing climate change (Waibel, Gannett, Chang, & Hulbe, 2013), 

groundwater  abstraction, or land use/land cover change (Bailey, Wible, Arabi, Records, & Ditty, 

2016); (2) improving the conjunctive use of surface water and groundwater (Sophocleous, 2002); 

(3) locating places prone to contamination for setting up possible protection plans such as 

elimination of pollutants in groundwater for instance in riparian zones; and (4) assessing the 

contamination risk of  surface water by adverse groundwater constituents like nitrate and 

phosphorus. 

 

Over the past decades, several hydrological models have been developed for the coupled simulation 

of surface and groundwater flows (Sulis et al., 2010) which are mostly based on interconnection of 

models developed for either one or the other compartments of the hydrological cycle (W. Bejranonda, 

Koch, & Koontanakulvong, 2013). Conventionally, the integration and coupling of surface and 

subsurface hydrological models have mostly been assessed against streamflow discharge, 

groundwater heads, and appropriate surface-groundwater exchangeable components as the 

calibration targets (W Bejranonda, Koontatakulvong, & Koch, 2007; Kalbus, Reinstorf, & Schirmer, 

2006). The Soil and Water Assessment Tool (SWAT) (J.G Arnold, Srinivasan, Muttiah, & William, 

1998) and the Modular Three-Dimensional Finite-Difference Groundwater Flow (MODFLOW) (M. G. 

McDonald, Harbaugh, & Geological Survey (U.S.), 1988) are among the most widely used surface and 

groundwater models, respectively (Guzman et al., 2015), to simulate joint interactions of surface and 

sub-surface hydrological processes (Guzman et al., 2015).  

 

Given the fact that SWAT is a quasi-distributed model and has its own simplified groundwater 

module (Jeffrey G. Arnold, Peter M. Allen, & Gilbert Bernhardt, 1993), the most important parameters 

such as recharge, hydraulic conductivity and/or transmissivity, specific storage, specific yield, and 

effective porosity can be assigned at a hydrologic response unit (HRU) level. Thus, depending on the 

size of an HRU and MODFLOW-grid cell, a large number of grids/cells can be covered by an HRU. 

Correspondingly, when SWAT-HURs are intersected with MODFLOW-grid cells, the spatial resolution 

of the exchangeable parameters including hydraulic parameters will be improved. Therefore, the 

possible outputs of the coupled model, particularly groundwater heads, can be better simulated 

according to a higher resolution and a better parameterization of recharge and the hydraulic 

parameters (N. W. Kim, Chung, Won, & Arnold, 2008). Hence, benefitting from a fully distributed 

groundwater flow model, i.e. MODFLOW can resolve this shortcoming of SWAT model in the light of 

greatly enhancing the resolution of input hydraulic and recharge parameters and subsequently, a 

better simulated output (e.g. groundwater head). 
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Concerning the proper stress-driving of a groundwater model, such as MODFLOW, the recharge rate 

is one of the most indispensable input parameters. As the latter is estimated in pre-processing 

calculations that are fraught with uncertainty, it should, therefore, usually be calibrated with other 

model parameters, namely the hydraulic conductivity, although a typical trade-off between the two 

is often encountered (Arlai, Koch, Munyu, Pirarai, & Lukjan, 2013). All these considerations lead to 

some uncertainty in the simulated groundwater flow results. 

 

Although the SWAT model has proven itself to be rather reliable in mimicking total streamflow, this 

is less the case when it comes to properly simulate the baseflow because a quite simplified 

groundwater module, in which the groundwater system is divided into a shallow and a deep aquifer 

(Neitsch, Arnold, Kiniry, & Williams, 2011), is implemented in the SWAT model for this purpose. More 

specifically, the SWAT-groundwater module functions on the basis of a linear-reservoir baseflow 

model, where the groundwater discharge/baseflow is proportional to the groundwater storage (J. G. 

Arnold & Fohrer, 2005; Y. Wang & Brubaker, 2014). Nevertheless, in spite of this deficiency, there 

have been numerous, generally, satisfactory simulations of groundwater discharge by SWAT for 

perennial streamflow conditions (Aizen, Aizen, Glazirin, & Loaiciga, 2000; J. G. Arnold, Muttiah, 

Srinivasan, & Allen, 2000). However, this has been less the case when it comes to reproducing 

groundwater discharge during dry seasons/periods (Kalin & Hantush Mohamed, 2006; Srivastava, 

McNair, & Johnson, 2006) which is most likely due to the simple shallow and deep aquifer 

partitioning in SWAT. In fact, it is the shallow aquifer which sustains the groundwater discharge 

(baseflow), while the deep aquifer contributes water to the rivers outside the watershed, and is thus 

not properly accounted for in the SWAT- hydrological budget (Jeffrey G. Arnold et al., 1993). 

 

MODFLOW simulates flow processes taking place at the continuum volume in the saturated zone 

represented by three-dimensional grids (groundwater domain) and hydrogeological properties. 

MODFLOW simultaneously solves the groundwater flow differential equation using the finite 

difference scheme, and links groundwater systems to other subsurface hydrological compartments 

(e.g. vadose zone, surface drainage, transport phenomena, etc.) by virtue of “packages” implemented 

using a gridded spatial discretization. Nevertheless, it cannot directly take into account hydrologic 

processes that take part in land surface or within the root zone. As a result, a prevailing approach is 

to assume lumped percolation fluxes as a fraction of precipitation, and then optimize the value during 

the calibration process. Even though the groundwater model, calibrated for recharge, can 

satisfactorily reproduce groundwater head, such a satisfactory simulation may be attributed to the 

right answer for the wrong reasons (Kirchner, 2006) because this method is not able to account for 

spatial variability of recharge rates due to varying land use, irrigation, and agricultural measures 

adopted over the land surface domain. Despite the fact that some bold attempts have been made to 

enhance recharge estimation in MODFLOW by involving unsaturated zone processes, i.e. 

Unsaturated-Zone Flow (UZF1) package (R.G. Niswonger, Prudic, & Regan, 2006), investigating 

management and climate change impacts on groundwater and groundwater-surface interactions 

faces with challenges even in the light of this model advancement. This is because MODFLOW does 

not simulate surface processes such as land–atmosphere interactions, infiltration and surface runoff, 

plant growth, and the impacts of management practices on agricultural systems. 
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 In addition, from a qualitative view, this method may not properly model the nutrients transport to 

the groundwater domain for the same reasons. Therefore, an integrated SWAT and MODFLOW is 

required to better spatially represent feedback fluxes within the land surface, unsaturated, and 

aquifer systems (Guzman et al., 2015). 

 

Benefiting from pros of SWAT and MODFLOW models while mitigating whose cons can be fulfilled 

when they are coupled in such a manner that flux exchanges between surface and subsurface 

hydrological domains can be plausibly characterized (Ke, 2014; N. W. Kim et al., 2008). Under the 

proposed approach, the functionality of the coupled model SWAT-MODFLOW will be not only greatly 

enhanced but also that will be extended, in comparison with when either model is independently 

used (Guzman et al., 2015). Considering a successful coupling approach, a wide range of applications 

would be efficiently possible such as (1) assessment of climate change and variability impacts on all 

water compartments of a basin (Brown & Funk, 2008); (2) enhancement of irrigation system analysis 

(Playan & Mateos, 2006); (3) identifying effective spatial planning (Scanlon, Reedy, Stonestrom, 

Prudic, & Dennehy, 2005); (4) advancing of groundwater fate and transport modelling; and (5) 

characterizing and quantifying the surface-groundwater flux exchange — which has been aimed for 

the contribution of the present study. 

 

To the authors’ best knowledge, previous developments and applications of SWAT-MODFLOW 

coupled models have focused mainly on the representation of the flux exchanges in basins where 

groundwater discharge and recharge occur under a perennial drainage network regime, while the 

applicability of such a coupled SWAT-MODFLOW model has not been assessed for basins where an 

intermittent/seasonal drainage network dictates how surface water and groundwater 

interconnection can take place. Under a seasonal/intermittent river system circumstance, 

interconnection of surface water and groundwater is highly sporadic and complex, thus 

characterizing and quantifying the water components of such basins, which are prevailing in arid and 

semi-arid regions, using a solid coupled hydrological model can lead to providing an effective water 

resources management strategy. Furthermore, as watersheds located in arid and semi-arid regions 

are highly vulnerable to recurrent and prolonged drought events as well as ongoing climate change 

impacts, a well-coupled and- tested hydrological model can make it possible to undertake assessment 

studies for devising effective adaptation strategies under a broad and plausible range of scenarios. 

 

In that regard, the newest versions of SWAT and MODFLOW-NWT, a Newton-Raphson formulation 

of MODFLOW-2005, which is particularly suitable for the solution of unconfined groundwater-flow 

problems where drying and rewetting of upper aquifer layers play a role (R.G Niswonger, Panday, & 

Motomu, 2011), as coupled in the SWAT hydrological model by Bailey et al. (2016) have been 

considered. 

 

 This new integrated model developed by Bailey et al. (2016) is superior over other previously 

developed coupled SWAT-MODFLOW model versions of Perkins and Sophocleous (1999); 

Sophocleous and Perkins (2000); Conan, Bouraoui, Turpin, de Marsily, and Bidoglio (2003); Menking, 

Syed, Anderson, Shafike, and Arnold (2003); Galbiati, Bouraoui, Elorza, and Bidoglio (2006); W 

Bejranonda et al. (2007); N. W. Kim et al. (2008); Chung, Kim, Lee, and Sophocleous (2010) Luo and 

Sophocleous (2011); and Guzman et al. (2015); because (1) it benefits from ‘Disaggregated 



Chapter 4 

85 
 

Hydrologic Response Units’ (DHRUs) instead of HRUs; (2) it has a well- structured HRUgrid mapping; 

(3) it is applicable to watersheds and groundwater aquifers that have different spatial sizes; and (4) 

it uses MODFLOW-NWT for solving problems involving drying and rewetting nonlinearities of the 

unconfined groundwater-flow equation, instead of the conventional groundwater flow model, 

MODFLOW-2005, which is known to perform poorly in such cases.  

 

In addition, typically, the calibration procedure of the coupled hydrological models, particularly 

previously developed SWAT-MODFLOW models, is usually started once the two models have been 

already coupled. As a result, the calibration scheme has become much more time-consuming and 

fraught with difficulties. To reduce the computational cost and to facilitate the calibration process, in 

this study, SWAT and MODFLOW model are first calibrated individually, and afterwards an add-on-

recalibration of the coupled model is performed. Moreover, in the present study, implication of 

separately calibrating SWAT and MODFLOW for screening the most suitable parameter(s) for the 

subsequent final coupled model calibration will be examined which has not been documented in the 

literature as of yet. 

 

Given the fact that the balance between the water supply and demand has been lost due to mainly 

population growth, intensification of irrigated agriculture practices, and recurrent drought and 

ongoing climate change impacts in the Gharehsoo River Basin (GRB) and whose enclosed aquifer 

namely Ardabil Aquifer in north-western Iran (Ardabil Regional Water Authority, 2013), proper 

characterising and quantifying the surface-groundwater interactions would be quite useful to 

advocate the future water resources managements plans taken into consideration by policy makers 

and corresponding authorities. Moreover, official statistics of groundwater utilization in Ardabil 

aquifer, provided by Ardabil Regional Water Authority (2013), indicate that the groundwater 

utilization has been considerably risen from 35 MCM in 1978 to 160 MCM in 2012 and subsequently, 

the depth to water has been widely varied accordingly. Therefore, the reciprocal flux exchanges 

between surface water and groundwater systems should have turned towards a highly complex 

situation in recent years.  

 

Based on these premises, the specific research objectives of the present studies are: (1) assessing the 

performance of the coupled SWAT-MODFLOW model to reproduce the observed streamflow 

discharges and groundwater heads in the study region; (2) analysing the spatial and temporal 

variability of the groundwater recharge and discharge from losing (influent) and gaining (effluent) 

streams, respectively in the GRB where an intermittent/ephemeral river drainage regime functions; 

(3) identifying the importance of separately calibrating SWAT and MODFLOW-NWT for screening 

suitable parameter(s) for the subsequent final coupled model calibration; and (4) apprising the 

current water resources management status of the basin in terms of groundwater storage and water 

yield. 
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4.2. Study area 

4.2.1. Geography 

The Gharehsoo River Basin (GRB), located in north-west Iran, covers an area of 4193 𝑘𝑚2 and 

extends between latitude 37° 46ʹ–38° 36ʹ N and longitude 47° 46ʹ–48° 42 ʹ E. An alluvial aquifer, the 

so-called Ardabil plain/aquifer with an area of 1073 𝑘𝑚2 possesses about one fourth of the basin 

(Figure 4.1) and its groundwater is the major water resource in the region. The average annual 

precipitation of the GRB is only 300 mm (V. Nourani et al., 2015) which falls mainly in the winter 

months from November until April. It is of great importance to provide a solid-coupled hydrological 

model for the GRB. Firstly, since the study area is located in a mountainous region, it is anticipated to 

be more vulnerable to global climate change, as it is the case for many mountainous areas of the world 

(e.g. the Andes and the Himalayas) (Hu, Maskey, & Uhlenbrook, 2013).  Secondly, as confirmed by 

IPCC (2013), in many mid-latitude and subtropical dry regions, as the GRB, mean precipitation will 

most likely decline. Subsequently, it will have enormous adverse impacts on the water availability in 

the GRB. For these reasons, characterizing and identifying spatio-temporal variations of surface-

groundwater interactions can lead to devise effective water resources management plans to cope 

with both the current increase in water resources consumptions due to population growth and future 

natural and man-made (e.g. climate change) activities on the water components of the basin. 

 

4.2.2. Hydrogeology 

Geologically, the Ardabil aquifer is composed of Quaternary alluvial deposits, namely gravel, sand, 

and a little amount of clay (Figure 4.2a), which is originated from erosion and alteration of the 

surrounding mountains. According to analysis of geophysical explorations and drilling logs, the 

aquifer thickness varies from 10 m to over 200 m. The estimated aquifer thickness in connection with 

results of pumping tests indicates that the aquifer transmissivities range from 50 to 2200 𝑚2𝑑𝑎𝑦−1, 

whereas the specific yields are between 0.02 and 0.14. The dominant direction of groundwater flow 

mimics that of the topography, i.e. is towards the northwest (Figure 4.2b) (K. Kord & Asghari 

Moghaddam, 2014).  

 

Since 1980, the rapid expansion of Ardabil city, intensive irrigated agricultural and more industrial 

activities have put much more stress on the Ardabil aquifer. Ardabil Regional Water Authority (2013) 

reported that the average water consumption for drinking, industrial and agricultural sectors in the 

region was 26, 4 and 177 (million 𝑚3𝑦𝑟−1), respectively, with 89% of the water supplied by 

groundwater through 2622 active pumping wells, 36 qanats and 77 springs operating in the Ardabil 

aquifer (K. Kord & Asghari Moghaddam, 2014). 
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4.3. Material and methods 

4.3.1. Development of the SWAT-MODFLOW-NWT coupled model 

The coupled SWAT-MODFLOW model, with the source codes of the two models, SWAT and 

MODFLOW-NWT, united as a single FORTRAN executable file, as developed by (Bailey et al., 2016), 

are used. This variant of coupled SWAT-MODFLOW appears to better represent the river-

groundwater interchanges than others, such as, for example, the recent SWATmf- integrated 

modelling framework of Guzman et al. (2015).  

 

 

Figure 4.1. Geographical location of Gharehsoo River Basin and landuse map of the basin imported 
to the SWAT model along with the locations of the outlets (denoted by “O”). 
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In the present integrated/coupled model, MODFLOW-NWT is called as a sub-module of SWAT, 

wherefore SWAT simulates the land surface and vadose zone, in-stream-, and soil domain processes, 

while MODFLOW-NWT models the three-dimensional groundwater flow including all sources 

(surface- and stream recharge) and sinks (pumping and stream discharge). 

 

As proposed by Bailey et al. (2016), the coupling of MODFLOW-NWT to SWAT is conducted through 

the permanent exchange of three variables, namely (1) deep percolation (water leaving the root zone 

considered as recharge) from SWAT to MODFLOW-NWT; (2) river head from SWAT to MODFLOW-

NWT; and (3) groundwater discharge (base flow) from MODFLOW-NWT to SWAT. The most 

important steps of the coupled model are sketched in the flowchart of Figure 4.4 and are described 

as follows: 

 

1) Owing to the fact that SWAT simulates the surface water processes at the (larger) HRU scale and 

MODFLOW-NWT at the (smaller) grid cell scale, in order to provide the appropriate interconnection 

between the two, the HRUs were disaggregated (called here DHRUs) using GIS-preprocessing 

operations in such a manner that each part of a specific HRU has a unique geographic location. These 

DHRUs are then intersected with the underlying grid cells of MODFLOW to make variable/flux 

exchanges possible between SWAT and MODFLOW-NWT. 

 

2) The SWAT-simulated deep percolation (recharge) is mapped onto the grid cells that fall within each 

DHRU which is then used as a driving recharge input into MODFLOW-NWT to compute the 

groundwater heads. It should be noted that simplifications assumed for vadose/unsaturated zone 

processes by most of hydrological models are resolved to some reasonable extent by SWAT model. 

Therefore, the percolation estimated by SWAT model represents net infiltration/recharge; because 

evapotranspiration that occurs within the unsaturated zone, (denoted by “REVAP” in SWAT) is 

subtracted from the total percolation computed by SWAT model. As a result, some portion of total 

percolation/gross recharge is trapped due to the unsaturated zone evapotranspiration as well as 

some fraction of the percolating water is kept by the matrix potential of the soil and ultimately the 

water leaving the root zone towards the groundwater level is recognized as net infiltration which 

will then feed MODFLOW-NWT model. 

 

The SWAT stream network is also intersected with the MODFLOW grid cells. Based on Darcy’s law, 

the hydraulic conductance and the difference between the groundwater head and river head dictates 

the direction and magnitude of the flow, i.e. groundwater discharge or recharge to and from the river 

network, respectively simulated by MODFLOW-NWT. When groundwater discharge occurs, its 

amount is added to the SWAT-simulated streamflow along the corresponding stream reaches, 

whereas groundwater recharge (streamflow loss) is subtracted accordingly. 

 

3) It should be noted that although SWAT model is also able to compute the evapotranspiration from 

the shallow groundwater system, this was not the case in this study because of the oversimplification 

considered in SWAT model concerning partitioning off the aquifer system into a shallow and deep 

aquifer. To that end, we set two parameters, used to estimate evapotranspiration from the shallow 

groundwater system in SWAT model, namely REVAPMN.gw and GW_REVAP.gw (see Table 4.2) in a 

manner to minimize the evapotranspiration estimated by SWAT from the groundwater.  
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Figure 4.2. Ardabil aquifer geological formation map (a), and groundwater flow situation map with 
aquifer boundaries to be used in the later groundwater flow model (b). 
 

Therefore, in the present study, the evapotranspiration from the groundwater was computed by EVT-

MODFLOW package, although overall, due to over-utilization of groundwater in GRB, depth to water 

has been markedly risen, thereby leading to decrease the influence of the groundwater 

evapotranspiration on total water balance, particularly in the recent decade of the simulation. 

Moreover, following groundwater evapotranspiration estimated by Ardabil Regional Water 

Authority (2013) (Table 4.3), we were able to check out the model’s output whereby to not allow the 

estimated values fall within an unreliable range. 
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Figure 4.3. Spatial discretization of the modelled area along with pumping wells, springs, qanats 

extracting water from the aquifer and positions of top and bottom of layers, and initial head (with 10 

times vertical exaggerations) with the two inlets representing vertical cross-sections along 

transverses A1-A2 and B1-B2.  

 

Although time scales for groundwater flow processes are usually much larger than those for surface 

water — usually taken as one day in SWAT — to guarantee proper and instantaneous coupling of 

surface and groundwater, the MODFLOW-module’s time step is also forced to be one day in the 

coupled SWAT-MODFLOW model. It is clear that because of this small-time step with an apparent 

redundancy and due to the fact that MODFLOW is an implicit back-ward-in-time integration code, 

overall execution times of the present SWAT-MODFLOW model can be prohibitive for routine 

modeling of this kind. For this reason, the automatic calibration procedures provided in SWAT, such 

as the Latin-Hypercube sampling methodology of the SWAT-CUP stochastic calibration procedure 

(Abbaspour et al., 2004; 2007), could only be applied at the expense of huge computation costs in the 

present application. 

 

Because of the mentioned computational difficulties with the full automatic calibration and 

validation of the total integrated SWAT-MODFLOW-NWT model, for the GRB these tasks are carried 

out in a three-step manner, where firstly and secondly SWAT and MODFLOW-NWT are calibrated 

and validated independently from each other, followed by, thirdly, by the calibration and validation 

of the integrated SWAT-MODFLOW-NWT model, employing information from the first two steps. 

Details of this consecutive calibration/validation exercise are provided in the following sub-sections. 

The required input data used for construction and calibration of the SWAT, MODFLOW, and the 

coupled model are described in the following sections.  
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Figure 4.4. Flowchart of modeling of surface-groundwater interactions in SWAT-MODFLOW-NW. 
 

4.3.2. SWAT-model calibration and validation  

The SWAT model of the GRB was constructed and simulated for 1978-2012, considering the first 

three years as a warm-up period which is the time required to get a reasonable initial hydrological 

state (Daggupati et al., 2015). The main input data required for the SWAT model consists of climate 

data, topography, soil, and landuse maps. The climate data which consists of precipitation and 

minimum and maximum temperature were collected on a daily basis from both synoptic meteorology 

stations of the Iran Meteorological Organization and climatology stations of the Iran Ministry of 

Energy (Ardabil Regional Water Authority, 2013). Soil, conditioned and corrected digital elevation 

model (DEM) and land use maps were obtained from the global soil map of the Food and Agriculture 

Organization of the United Nations (FAO, 1995), and U.S. Geological Survey (USGS) (Lehner, Verdin, 

& Jarvis, 2008), and Iran Forests, Range and Watershed Management Organization, respectively. By 
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overlaying these three layers, i.e. DEM, soil, and land use, 1778 HRUs were generated which yield 124 

sub-basins according to the DEM and the locations of the five outlets (see Table 4.2). 

 

As is common in calibration/validation exercises, the totally available time period was partitioned 

off into two intervals, namely 1988–2012 for calibration and 1978–1987 for validation. With regard 

to the available historical data record of the five outlets (See Figure 4.1), as listed in Table 4.1, the 

calibration was conducted for all of them, whereas the validation could only be performed for two 

outlets. 

 

Following recommendations made by the literature (Abbaspour et al., 2007; Daggupati et al., 2015; 

Faramarzi, Abbaspour, Schulin, & Yang, 2009), 17 parameters, particularly, groundwater variables 

(Table 4.2) were chosen for automatic calibration by means of the sequential uncertainty fitting 

(SUFI2) algorithm as a semi-automated inverse modelling technique for calibration, as well as 

sensitivity- and uncertainty analysis. Details of the methodology can be found in Abbaspour, Johnson, 

and van Genuchten (2004). 

 

In SUFI-2, the uncertainty is quantified by a set of simulations (here 500) which contain different 

parameter values taken from a set of calibrated parameter ranges. The output range capturing 95% 

of all simulations represents the uncertainty. This is referred to the 95% prediction uncertainty band 

(95PPU) (Abbaspour et al., 2004; Andersson, Zehnder, Wehrli, & Yang, 2012). The 95PPU is 

computed at the 2.5% and 97.5% levels of the cumulative distribution of an output variable obtained 

through Latin hypercube sampling. Coefficient of determination (𝑅2) (Eq. 4.1) was employed as the 

objective function, although Nash-Sutcliffe efficiency (𝑁𝑆) (Eq. 4.2) was computed with regard to the 

simulations obtained from applying (𝑅2) as the objective function.  

 

R2 = (
∑ (Oi−O̅)(Pi−P̅)
n
i=1

√∑ (Oi−O̅)
2n

i=1  √∑ (Pi−P̅)
2n

i=1

)

2

                                                                                                (4.1)  

 

NS = 1 − (
∑ (Oi−Pi)

2n
i=1

∑ (Oi−O̅)
2n

i=1

)
 

                                                                                                                     (4.2) 

 

where Oi indicates the observed discharge/groundwater level, O̅i shows the average of the observed 

discharge/groundwater level time series, and Pi states the simulated discharge/groundwater level at  

time i. R2 changes from 0 to 1 (perfect fit) and indicates how much of the observed dispersion is 

explained by the simulation. NS varies from -∞ to 1.0 (perfect fit) where NS< 0 represents that the 

mean value of the observed series is an even better predictor than that of the model (Nash & Sutcliffe, 

1970). More specifically, following a suggestion of Abbaspour et al. (2015), firstly the basin 

parameters (eight parameters), which are mostly recognized as water generating parameters (see 

Table 4.2), were calibrated and then fixed in the model, then, secondly, other variables (nine) for 

each of the five sub basins (outlet) namely groundwater variables (.gw), in order to facilitate the 

subsequent SWAT-MODFLOW calibration, were parameterized, calibrated, and validated, wherefore 

for the latter only two outlet stations could be used. 
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         Table 4.1. Characteristics of outlets considered for calibration/ validation. 

               aMain outlet of the basin (See Figure 4.1); bStations used for validation              

 

Table 4.2. SWAT-model parameters considered for the calibration. 
Parameter name Parameter description  

v__SFTMP.bsn  Snowfall temperature (C) 

v__SMTMP.bsn Snow melt base temperature (C) 

v__SMFMX.bsn Maximum melt rate for snow during the year (mm C-1day -1) 

v__SMFMN.bsn Minimum melt rate for snow during the year (mm C-1day -1) 

v__SNOCOVMX.bsn Minimum snow water content that corresponds to 100% snow cover (mm) 

v__SNO50COV.bsn Fraction of snow volume represented by SNOCOVMX that corresponds to 50% 

snow cover 
 v__TIMP.bsn Snow pack temperature lag factor 

v__SURLAG.bsn Surface runoff lag time (days) 

r__CN2.mgt SCS runoff curve number for moisture condition II 

v__ALPHA_BF.gw Base flow alpha factor (days) 

v__GW_DELAY.gw Groundwater delay time (days) 

v__GW_REVAP.gw Groundwater revap. coefficient 

v__REVAPMN.gw Threshold depth of water in the shallow aquifer for ‘revap’ to occur (mm) 

v__GWQMN.gw Threshold depth of water in the shallow aquifer required for return flow to occur 

(mm) 
r__SOL_AWC.sol Soil available water storage capacity (mm H2O/mm soil) 

v__ESCO.hru Soil evaporation compensation factor 

r__OV_N.hru Manning’s n value for overland flow 

 

As indicated in Table 4.1, the three outlets namely O 48, O 76, and O 105 drain 

ephemeral/intermittent tributaries and the other two, O 12 and O 95, probe more or less as perennial 

rivers, even though in the last decade (2000–2012) they have also been becoming ephemeral during 

the non- rainy seasons, due to an overall decrease of the groundwater discharge, i.e. baseflow.  

 

4.3.3. MODFLOW-NWT groundwater flow modeling  

4.3.3.1. Model-setup and specification of boundary conditions 

To construct the MODFLOW-NWT-model of Ardebil aquifer,  the study area (see Figures 1, 2 and 4) 

was discretized into a grid of 276 rows and 232 columns in north-south- and west-east- directions, 

respectively, with element size of 200×200 m. In the vertical direction only one layer representing 

the unconfined aquifer was modelled (Figure 4.4). Inasmuch as the distinctive stresses including 

discharge and recharge periods are basically applied to the Ardabil aquifer on a seasonal time scale, 

a stress period of 3 months (one season) was assumed, and the latter was then divided further into 

Outlet/station Subbasin Average of discharge (m3/s) Available time period 

Samiana,b O 12 4.35 1981-2012 

Nouran O 48 0.32 2001-2012 

Kouzeh Tepraghib 

 
O 76 0.67 1981-2012 

Yamchi 
 

O 95 2.09 1999-2012 

Shams Abad O 105 0.19 1987-2012 
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6 time steps, i.e. each with an length of 0.5 months, following the suggestions of M. P. a. Anderson, W. 

W. a. Woessner, and R. J. a. Hunt (2015), who indicate that for a division of a total pumping period 

into 6 time steps, the numerical solution agrees satisfactorily with the analytical solution.  

 

Boundary conditions of the model were assigned based on the geological formations encompassing 

the aquifer and the observed groundwater contour pattern (see Figure 4.2). Thus, flow/head 

boundary conditions were specified along most sections of the Ardabil aquifer boundary by means 

of the FHB-package, allowing the general attribution of no-flow, inflow, and outflow boundaries, as 

drawn in Figure 4.2b and Figure 4.4. More specifically, according to the shape of the groundwater 

contour map, drawn for the initial condition, groundwater inflow, outflow, and no-flow sections of 

the boundary were identified. Afterwards, with regard to head difference between two interval 

groundwater contours crossing the boundary and hydraulic conductivity of the porous material (see 

Figure 4.2a), the groundwater inflow and outflow are computed by means of Darcy’s law. It is worth 

mentioning that as the simulated groundwater heads are updated within each stress period, the 

calculated groundwater inflow and outflow are updated accordingly. In this respect, the north-west 

boundary of the aquifer was assigned as an outflow boundary where not only all surface water is 

drained out of the main outlet of the basin (O 12) (Figure 4.1), but where also groundwater outflow 

takes place. Some parts of the aquifer boundary which are in contact with impervious formations 

were discerned as no-flow, while parts of the pattern of the groundwater contours (see Figure 4.2b) 

hint of some groundwater inflow into the aquifer. In addition to specified flow boundaries, time-

variant specified heads (CHD-package), recognized as Dirichlet conditions were defined for boundary 

cells where historical observed groundwater heads are available, e.g. P18.  

 

As mentioned in Section 2, the largest amount of external stress on the Ardabil aquifer is originated 

from groundwater pumping by the huge number of farming wells as well as qanats, which has led to 

groundwater over-draft — mainly in the dry summer season — and that has increased from 35 MCM 

in 1978 to 160 MCM in 2012. This expansion in pumping was implemented in the groundwater flow 

model by augmenting the number of pumping wells from 600 at the beginning to 2400 at the end of 

the simulation period.  

 

Based on these specification of boundary conditions and stresses, various packages of the 

MODFLOW-core model were enabled in the present study, such as the basic, time-variant specified 

head (CHD), flow and head boundary (FHB), river, well (well-pumping, qanats and springs), recharge, 

evapotranspiration, head observation, upstream weighting (UPW), and Newton solver (NWT).  

 

The average groundwater heads for winter 1988 (January to March) was employed to represent the 

initial condition and the model was calibrated for that period to ensure a steady-state situation. To 

construct the groundwater flow model and in order to later prepare the input files required for the 

coupled model, the graphical user interface ModelMuse (Winston, 2009) was used. 

 

4.3.3.2. MODFLOW calibration and validation 

To calibrate parameters, having trustable and physically sensible initial values can noticeably reduce 

the calibration computational cost (Hill & Tiedeman, 2007). Thus, initial hydraulic parameters of the 
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aquifer, i.e. hydraulic conductivity, transmissivity, and storativity were extracted and interpreted 

from around 50 pumping tests (Ardabil Regional Water Authority, 2013) undertaken evenly across 

the Ardabil aquifer. Concerning the detailed investigation conducted on dominant sources and sinks 

of Ardabil aquifer (Table 4.3) by Ardabil Regional Water Authority (2013) and Abshileh Engineering 

Consulting Firm  (http://www.abshileh.com/), the obtained values were treated as initial inputs for 

the model set up which then further were refined within a hydrologically reasonable range during 

the subsequent trial-and-error-calibration procedure.  

 

The MODFLOW-NWT calibration/validation periods were treated identical to those of the SWAT, 

wherefore transient head observations of 38 and 35 piezometers were used as calibration and 

validation targets, respectively. Since the groundwater flow modelling using MODFLOW-NWT is not 

the central objective of the present study, details of the calibration/validation methodology, which 

was basically a trial and error approach, are omitted here . 
 

4.3.3.3. SWAT-MODFLOW-NWT calibration and validation of river-groundwater 
interchanges  
 

Once both SWAT and MODFLOW-NWT were individually calibrated and validated, the coupled 

SWAT-MODFLOW-model for the Ardabil aquifer (Figure 4.2) was set up, following the procedure 

described earlier and outlined in the flowchart of Figure 4.3. Given the fact that two-way flux 

exchange between the river network and the adjacent aquifer (Ardabil Aquifer) takes place through 

the bed and bank of the gaining and losing streams, success of the coupled model calibration depends 

largely on the proper quantification of this interaction. The direction and quantity of the flux are 

mainly ascertained by the difference between groundwater head and river stage and is also subject 

to the hydraulic conductance of the porous materials between the groundwater and river network 

domains.  

 

As this process is much determined by the value of the hydraulic conductance 𝐶𝑅𝐼𝑉𝑛, in the river-

aquifer boundary layer (specified in the MODFLOW-river package), calibration of this parameter is 

the major task here. To that avail, the rivers/streams, incised across the modeled area, were 

intersected with the MODFLOW grid cells, resulting in a total of 2581 reaches.  

 

Basis of the river-aquifer bed conductance calibration is the fundamental (Darcy’s law) equation 

describing the volumetric flow 𝑄𝑅𝐼𝑉𝑛 𝐿3𝑇−1 between a river section and the adjacent groundwater 

aquifer (M. G. McDonald et al., 1988).  

 

  𝑄𝑅𝐼𝑉𝑛 = 𝐶𝑅𝐼𝑉𝑛(𝐻𝑅𝐼𝑉𝑛 − ℎ𝑖,𝑗,𝑘)                                                                             (4.3) 

 

where 𝐶𝑅𝐼𝑉𝑛, the hydraulic conductance of the river-aquifer interconnection bed (𝐿2𝑇−1) is defined 

as 

 

 𝐶𝑅𝐼𝑉𝑛 =
𝐾𝑛𝐿𝑛𝑊𝑛

𝑀𝑛
                                                                                                     (4.4) 
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with 𝐻𝑅𝐼𝑉𝑛 represents the water head in the river at stream section n; ℎ𝑖,𝑗,𝑘 denotes the groundwater 

head in the grid element (i,j,k) in the adjacent aquifer; Ln is the length of the reach through the grid 

cell (i,j,k); Wn states the river width; Mn is the thickness of the riverbed layer; and Kn indicates the 

hydraulic conductivity of the riverbed material. 

 

As the conductance is adjusted during the calibration process, the groundwater discharge/recharge 

to/from the stream (GWQ) — taken as positive in the former case, which is the normal surface-

groundwater interchange process in the semi-arid study area here, and negative for the latter case 

— is altered which must be accounted for in the surface water balance, so that the water yield of the 

SWAT-model is modified in the SWAT-MODFLOW model to  

 

 Water Yield = SURQ + LATQ + TILEQ + GWQ                                                              (4.5) 

 

where SURQ is the surface runoff; LATQ is the lateral flow, TILEQ is tile drain flow, and GWQ the 

named groundwater discharge/recharge. This changing water yield affects the average river head, 

𝐻𝑅𝐼𝑉𝑛, along a reach section in Eq. 4.3, computed in SWAT, which in turn alters the groundwater-

stream discharge/recharge. Finally, as groundwater is (most likely) lost to the streams and extracts 

by the pumping wells, qanats, and springs, its amount of storage (GW) in the aquifer is reduced. 

Because of this importance, GW is also computed in the coupled model by multiplying the water-

saturated volume of the unconfined aquifer layer by its specific yield. 

 

4.4. Results and discussion 

4.4.1. SWAT parameterization, calibration and validation  

The final values of the basin parameters and the ranges of the parameterized-calibrated values as 

based on the 95PPU-criterion implemented in SUFI2 (Abbaspour et al., 2004) are listed in Table 4.4. 

It may be noted that while the calibrated CN-parameters for the sub-basins shown are close to the 

reference values, some of the calibrated groundwater parameters are further away from their default 

values, indicating again the inherent limitation of SWAT to properly model the groundwater 

compartment of the hydrological cycle (Srivastava et al., 2006). The present calibration of the SWAT-

model turned out to be here a rather big challenge for a small basin with ephemeral rivers, because 

many processes, i.e. agricultural and urban water consumption and so forth, should be taken into 

consideration in order to capture the uncertainties that may exist in the form of process 

simplification, processes not accounted for by the model, and processes in the watershed that are 

unknown to the modeler (Abbaspour et al., 2007). Thus, the calibration of the ephemeral rivers 

(outlets O 48, O 76, O 105 <0.5 𝑚3𝑠−1) and also of the perennial rivers with small magnitudes of 

discharge (outlets O 12 and O 95) was difficult to achieve. Nevertheless, as listed in Table 4.5, 

coefficients of determination 𝑅2>0.5 and 𝑁𝑆≥0.5 could still be obtained for the calibration periods. It 

is interesting to note from Table 4.5 that the SWAT- modeled streamflows, especially, for the main 

outlet of the basin (O 12, See Figure 4.1), agree even better with the observed ones for the validation 

period. 
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This may be because the early period of the streamflow time series set aside for the validation (1978-

1987) has not yet been much affected by man-made activities, such as land use changes, groundwater 

over-utilization, increasing of water consumption in agricultural, industrial, and domestic sectors, as 

it has been the case for the more recent calibration period (1988-2012), resulting in the groundwater 

discharge reduction over the time irrespective of the precipitation situation. Indeed, the observed 

and modelled streamflow hydrographs (Figure 4.5) indicate that, most likely, owing to a non-

availability of relevant data referring to the mentioned anthropogenic impacts on the natural 

behavior of the river regime, namely, the small magnitudes of streamflow, particularly, in the 

ephemeral rivers, the SWAT-model is not always able to capture all the streamflow variability over 

time. 

 

4.4.2. SWAT-MODFLOW-NWT calibration and validation 

The SWAT-MODFLOW calibration was carried out by comparison of simulated discharges and 

groundwater heads with observed ones and subsequent adjustment of the hydraulic conductances 

of the corresponding stream reaches. For example, the initial results of the coupled model showed 

that the simulated groundwater heads became quickly satisfactory, and the simulated streamflow 

reacted strongly to changes of groundwater discharge, i.e. the river bed conductance, allowing thus 

for a good calibration of the latter. Therefore, the calibration of SWAT-MODFLOW was achieved using 

adjustments made only to the hydraulic conductances, whereas several parameters contributed to 

independent calibration of SWAT and MODFLOW-NWT were left unchanged. Thus, it could be 

inferred that the individual calibration of such models can speed up the calibration process of a 

coupled model by adjusting fewer parameters, which in turn leads to less uncertainty. On the other 

hand, if a quite poor performance of a coupled model, assessed against streamflow and groundwater 

heads, is obtained during the first simulations, it demonstrates the necessity of a recalibration of each 

model independently before being coupled. 

 

Both the 𝑅2 and 𝑁𝑆 values (Table 4.5) and the hydrographs (Figure 4.5) indicate that, despite its 

higher complexity, the SWAT-MODFLOW integrated model did not improve simulating the 

streamflow. Thus, from the river regime’s point of view, one could draw the conclusion that for the 

proper simulation of the total streamflow here, since many of the tributaries of this basin are 

ephemeral and intermittent streams (Table 4.1) which in turn, means that only a small fraction of 

the total streamflow is sustained by the groundwater discharge (return flow or base flow), the 

coupled SWAT-MODFLOW model does not have an appreciable impact on the simulation of the 

streamflow at the various outlet of this basin.  

 

In this respect, other coupled SWAT-MODFLOW studies, e.g. W Bejranonda et al. (2007); N. W. Kim 

et al. (2008); Chung et al. (2010); Luo and Sophocleous (2011); Guzman et al. (2015) and Bailey et al. 

(2016), have shown an improvement of the modelled streamflow rather than using SWAT alone. The 

reason for this discrepancy can be attributed to application areas where these studies were 

conducted. We have found out that the aforementioned studies were undertaken in basins with 

perennial rivers whose major fraction of streamflow is contributed from groundwater 
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discharge/baseflow, while this is not the case in the present application area where the large portion 

of the streamflow is supplied by direct surface runoff. 

 

Table 4.3. Values representing prevailing sources and sinks active in Ardabil Aquifer used as the 
initial inputs to set-up and calibrate MODFLOW-NWT model (Ardabil Regional Water Authority, 
2013) 

Sources/recharge Volume 
(MCM) 

Sinks/discharge Volume 
(MCM) 

GW recharge - 
GW discharge 

(MCM) 
GW inflow 60.17 GW outflow 1.37 58.8 
Diffuse recharge  17.80 GW evapotranspiration 2.42 15.38 
Focused recharge 19.67 Baseflow 5.28 14.39 
Irrigation return flow 31.88 Farming well, spring, and qanat 155.46 -123.58 
Domestic and industry 
return flow 

19.95 — — 19.95 

Sum 149.47 Sum 164.53 -15.06 

 

Table 4.4. Values and ranges calibrated parameters in the basin and sub-basin levels. 

Basin parameter 
Final calibrated values for sub-basin 

12 48 76 95 105 

SFTMP.bsn 6.39 6.39 6.39 6.39 6.39 

SMTMP.bsn 6.54 6.54 6.54 6.54 6.54 

SMFMX.bsn 12.30 12.30 12.30 12.30 12.30 

SMFMN.bsn 9.39 9.39 9.39 9.39 9.39 

SNOCOVMX.bsn 58.60 58.60 58.60 58.60 58.60 

SNO50COV.bsn 0.14 0.14 0.14 0.14 0.14 

TIMP.bsn 1.00 1.00 1.00 1.00 1.00 

SURLAG.bsn 3.63 3.63 3.63 3.63 3.63 

Sub-basin parameters' final calibrated ranges for sub-basins' discharge to each outlet 

r__CN2.mgt a -0.18-0.31 -0.20-0.29 -0.20-0.29 -0.35-0.14 -0.12-0.17 

v__ALPHA_BF.gw b 0.40-0.67 0.59-0.99 0.29-0.48 0.16-0.27 0.58-0.79 

v__GW_DELAY.gw 185-310 216-361 250-416 270-450 336-455 

v__GW_REVAP.gw 0.09-0.15 0.03-0.05 0.03-0.05 0.03-0.05 0.10-0.14 

v__REVAPMN.gw 236-393 277-461 66-111 289-482 53-72 

v__GWQMN.gw 1497-2495 1020-1700 582-970 915-1525 1897-2567 

r__SO_AWC.sol -0.77-(-0.27) 0.11-0.61 -0.18-0.31 0.72-1.22 0.42-0.72 

v__ESCO.hru 0.02-0.04 0.45-0.75 0.85-1.42 0.52-0.86 0.68-0.93 

r__OV_N.hru 0.76-1.26 0.37-0.87 0.39-0.89 0.70-1.20 0.68-0.98 

Extensions bsn, mgt, gw, sol and hru refer to the SWAT file type where the parameter occurs. 
a The quantifier (r__) shows a relative change in the parameter as the current values is multiplied by 1 plus a 

factor in the given range 
b The qualifier (v__) indicates the substitution of a parameter by a value from the given range (Abbaspour et al., 

2007). 
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Table 4.5. Coefficients of determination R2 for SWAT- and SWAT-MODFLOW-NWT calibration of 
discharge at 5 outlets and validation at 2 stations. 

Station/outlet SWAT SWAT-MODFLOW-NWT 

 Calibration Validation Calibration Validation 
Samian / O 12 0.50 0.64 0.51 0.60 
Nourain/ O 48 0.63 ---- 0.63 ---- 
Kouzeh Tepraghi / O 76 0.50 0.34 0.49 0.33 
Yamchi/ O 95 0.68 ---- 0.67 ---- 
Shams Abad/ O 105 0.52 ---- 0.52 ---- 

 

 

 
Figure 4.5. Observed and simulated river discharge using SWAT- and SWAT-MODFLOW-NWT- 
models in calibration and validation steps for the five outlets which are covering the SWAT-
MODFLOW-NWT modelled area, i.e. the aquifer area. 
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Figure 4.6. Comparison of observed and simulated groundwater levels for: (a) the MODFLOW-NWT 
model during calibration; (b) SWAT- MODFLOW-NWT during calibration; (c) MODFLOW-NWT 
during validation; and (d) SWAT- MODFLOW-NWT during validation. 
 

However, the skill of the SWAT-MODFLOW integrated model becomes obvious, when the modelled 

groundwater heads are considered, as indicated by the various panels of Figure 4.6 and calculated 

𝑅2 and 𝑁𝑆, where the 68 observed and simulated groundwater heads are plotted across each other 

for both calibration (1988-2102) and validation (1978-1987) periods using either MODFLOW-NWT 

alone or the coupled SWAT-MODFLOW model. Figure 4.6 illustrates that both models could quite 

satisfactorily simulate the groundwater head (R2 and NS >0.9), surprisingly even better in the 

validation period. The advantage of the use of the coupled- over the separate model becomes even 

clearer from the groundwater head time-series plotted in Figure 4.7 for a few piezometers.  

 

One can notice that whereas the groundwater heads for piezometer P18 have been simulated quite 

satisfactorily by both the MODFLOW-NWT and the SWAT-MODFLOW models, this is not the case for 

P23, where the standalone MODFLOW-NWT- model performs poorly when compared with the 

coupled model. In conclusion of this section, the simulated groundwater heads, unlike the 

streamflow, have notably been improved using the coupled SWAT-MODFLOW model, which is most 

likely due to the use of more accurate spatially distributed SWAT-modeled recharge feeding the 

MODFLOW-NWT model, as also been indicated in a similar study conducted by Chung et al. (2010).  



Chapter 4 

101 
 

 
Figure 4.7. Observed and MODFLOW-NWT- and SWAT-MODFLOW-NWT- simulated groundwater 
heads for two piezometers for the calibration period. 
 

In the former case, this may be due to the fact that P18 is located at the aquifer boundary (see Figure 

4.2), and is used to define the CHD (time-dependent) boundary condition over that section of the 

aquifer boundary, whereas heads for P23, which is located in the center of the aquifer (Figure 4.2) 

are not affected by CHD. Even so, because of the passing of the highly spatialized SWAT-estimated 

recharge and the river heads to MODFLOW-NWT, together with the calibration of the hydraulic 

conductance, the observed groundwater heads at piezometer P23 are well simulated by SWAT-

MODFLOW, unlike the MODFLOW-NWT-standalone, which is able to mimic the fluctuations and the 

trend of the observed groundwater heads, but underestimates the latter systematically.  

 

This discrepancy for MODFLOW-NWT resulted most likely from (1) applying a certain percentage of 

the precipitation (7%) as recharge evenly distributed over the aquifer (lumped-estimated recharge) 

(Ardabil Regional Water Authority, 2013) and (2) using a fixed value for the river head in all stream 

reaches across the aquifer, owing to the non-availability of measured river head data in the GRB. 
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4.4.3. Spatial and temporal variability of surface- groundwater interactions 

The SWAT-MODFLOW-simulated surface-groundwater interactions are presented in Figure 4.8 in 

terms of the gaining (groundwater discharge/baseflow) and losing (groundwater recharge) stream 

reaches, marked by red and blue bars, respectively. Due to the overall extreme differences of total 

discharge to the streams (groundwater discharge) compared with total recharge towards the 

streams (groundwater recharge), the maximum of the red bars is 623 𝑚3𝑑𝑎𝑦−1, but only 0.5 

𝑚3𝑑𝑎𝑦−1 for the blues ones.  

 

Figure 4.8 illustrates that most tributaries in the modelled aquifer area act as losing (influent) rivers 

(blue bars) where groundwater is recharged by seepage of water through the beds and banks of the 

streams. However, the total amount of groundwater recharge towards the aquifer in these sections 

is still very low, unlike the groundwater discharge form the gaining reaches. The latter occurs mainly 

in the central area part of the river network and particularly, near the main outlet of the basin where 

the topography is nearly flat and groundwater heads are high and are close to the land surface. Here 

the river bed conductances are also very high, which in turn leads to more groundwater discharge 

towards the streams. A similar behaviour has been found by Baalousha (2012) in the flat plain 

Ruataniwha basin, New Zealand, i.e. in such a terrain, rivers gain much more water from the 

groundwater aquifer (effluent rivers) than they lose to the latter (influent rivers). When summing up 

all gaining and losing stream reaches separately along the stream network, a total average daily 

groundwater discharge of 63416 𝑚3𝑑𝑎𝑦−1 and of groundwater recharge of 81 𝑚3𝑑𝑎𝑦−1 is obtained, 

respectively. 

 

The annual accumulated computed groundwater discharges and recharges are illustrated in tandem 

with the precipitation over the calibration period 1988-2012 in Figure 4.9. One notices that while 

the groundwater discharges follow a more long-term monotonous behaviour, recharges to the 

stream reaches are more oscillating and follow nearly the variations of the annual precipitation 

pattern across the basin. This groundwater discharge towards the river network increased steadily 

from troughs, witnessed during the 1988-1991 drought period, and reached its maximum about two 

years after the precipitation came back to the normal condition and even reached a peak in 1993. 

Interestingly, after that time, groundwater discharge has been steadily decreasing, irrespective of the 

precipitation amount, most likely due to ongoing over-exploitation of the groundwater over the last 

three decades — from 35 MCM in 1978 to 160 MCM in 2012 (Ardabil Regional Water Authority 

(2013) —, resulting in concomitant strong head drawdowns (see Figure 4.7). 

 

This overall decrease of the SWAT-MODFLOW simulated groundwater discharge is also confirmed 

by both the observed and simulated streamflow at the five outlets, notably at the main basin outlet 

12 (Figure 4.5). Therefore, it can be noted that while the river network still behaved as a perennial 

system in the initial years of the simulation period, it has been converted more and less to an 

intermittent/ephemeral river system over the years, owing to the reasons given above. As mentioned 

earlier, the simulated groundwater recharge from the stream reaches in Figure 4.9b are more 

oscillatory and somewhat in phase —although delayed — with the precipitation variability (Figure 

4.9a). For instance, groundwater recharge reached its minimum in 1995 when a severe drought 

occurred.  
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Figure 4.8. Gaining (red bars, negative, groundwater discharge) and loosing (blue bars, positive, 

groundwater recharge) river sections in the SWAT-MODFLOW-NWT- model area with average daily 

rates for the calibration time period 1988-2012. The two ovals show the stream sections with the 

highest gains (red) and losses (blue). Note the large differences of the scales for the river gains 

(max=623 m3day-1) and losses (max = 0.37 m3day-1).  

 

On the other hand, in the relatively wet years 2000 and 2007, groundwater recharge increased again. 

The three panels of Figure 4.10 show the simulated variations of groundwater discharge, 

groundwater storage, and water yield, on a monthly scale.  
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Figure 4.9. (a) Annual precipitation with long-year average for the Ghrehsoo River Basin: (b) SWAT-
MODFLOW-NWT simulated total annual groundwater discharge/ recharge to/from the river 
network. Note the different scales for discharge and recharge. 
  

For the groundwater discharge (Figure 4.10a), one can clearly notice the seasonal, somewhat 

sinusoidal pattern, embedded in the long-term decreasing trend after 1994, as already mentioned. 

Because of the well-known inertia of the groundwater aquifer (Markovic & Koch, 2015), the 

computed groundwater storage (Figure 4.10b) reacts as a low-pass filter on a longer (annual) time 

scale within the earlier-indicated long-term decreasing trend. This in turn, should decrease the 

groundwater discharge to the stream network of the basin, and thus bring to a long-term drop of the 

water yield of the basin. 
 

However, the time series of the water yield in Figure 4.10c does not exhibits any particular trend to 

that regard. This may be associated with the reduction of groundwater discharge, which already has 

only a negligible contribution to streamflow, has largely been compensated by sufficient volumes of 

surface runoff and lateral flow in the SWAT-modelled surface compartment of the hydrological cycle 

during the last decade with normal precipitation condition. 
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Figure 4.10. SWAT-MODFLOW-NWT- simulated monthly oscillations of the groundwater discharge 
(a), storage (b), and water yield (c). 
 

4.5. Conclusions 

In the current study surface and groundwater interactions in the GRB were analyzed by an 

integration/coupling of the SWAT surface hydrological model with the MODFLOW-NWT 

groundwater flow model. By doing so, the first three goals raised in the introduction section could be 

achieved.  

 

Firstly, the results indicate that the coupled SWAT-MODFLOW model delivers more accurate 

groundwater heads than the MODFLOW-NWT standalone model. However, this is not necessarily 

true for the simulated streamflow where a better performance of SWAT-MODFLOW cannot be 

detected.  
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Secondly, it can be concluded that the independent calibration of each model (SWAT and MODFLOW) 

can expedite the calibration of the coupled model. This can be regarded as a convenient approach to 

overcome the computational difficulties with the automatic calibration of the coupled model.  

 

Thirdly, the analysis of the various simulated components of the hydrological cycle at the 

surface/subsurface interface shows that the groundwater discharge towards the stream network 

(gaining streams) is the dominant surface-groundwater interaction process in the GRB, whereas 

groundwater recharge from the rivers (losing streams) is up to three orders of magnitudes lower, 

which is due to the fact that the modelled area is located in a relatively flat plain where the 

groundwater heads are generally close to the surface.  

 

Moreover, the observed data indicate a sharp drop of the groundwater heads over the simulation 

period 1991-2012 which hints of an extreme over-exploitation of groundwater over the last two 

decades, which grew from 35 MCM in 1978 to 160 MCM in 2012. This has led to a concomitant steady 

decrease of the simulated groundwater storage over the years, which in turn has reduced inflow to 

the streams somewhat during the named period. However, the effect on the SWAT-MODFLOW-

simulated streamflow has overall still been minor, as surface water (runoff) to the stream network 

continued to be relatively high over the last decade, due to sufficient precipitation. Nevertheless, the 

seasonal hydrological behaviour of the river network has been shifted from a formerly mostly 

perennial to an intermittent/ephemeral river system. As most of the irrigation scheduling in the GRB 

and, specifically, the Ardabil aquifer operates within the non-rainy seasons, namely spring and 

summer, sustaining the streamflow during these non-rainy periods is crucial both for the 

environmental and agricultural needs.  

 

In conclusion, the present investigation indicates that, notwithstanding the augmented intricacies 

with the calibration of the coupled surface-groundwater flow model SWAT-MODFLOW model, the 

latter is able to provide a higher spatio-temporal resolution of the major surface-subsurface 

hydrological processes, which control the availability of water resources in a basin, than is possible 

by running either one of the two models alone. Therefore, the provided SWAT-MODFLOW model is 

able to assess the impacts of a wide variety of stresses acting on the surface-subsurface interface of 

the hydrological cycle, including climate and land use changes, groundwater over-draft, all of which 

exert uncertain and sometimes enormous pressures on the sustainability of water resources. Under 

these circumstances, the present coupled surface-groundwater hydrological model can be an 

effective tool for selecting appropriate proactive and reactive measures to mitigate such adverse 

impacts on the water resources in a basin, by providing a better management of the latter. 

 

One of the limitations of this study was found to be the calculation of flux interactions in the coupled 

model; the process which is quite time consuming especially for cases with long time span as in our 

study (25 years). In this study, SWAT-MODFLOW operated on a daily base requiring 17 hours for one 

single simulation. This made it impossible to apply an automatic calibration underlying an iterative 

procedure. We tried to partially overcome this problem by independent calibration of each model. 

However, due to importance of a high temporal resolution output (daily) in an expensive integrated 

modelling, the validity of coupled model and the uncertainty of parameters should be assessed and 

discussed in more details by taking advantage of uncertainty-based optimization algorithms. Future 
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studies can embed automatic calibration algorithms in the framework of SWAT-MODFLOW with 

specific features and possibilities to execute parallel simulations on clusters servers to accelerate the 

process of calibration. 
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Chapter 5: Development of a Hybrid Model of Discrete Wavelet Transform, Artificial Neural Networks, and Quantile Mapping for Statistical Downscaling of Daily Precipitation (An Application to the Gharhesoo River Basin, Iran) 

Abstract 

Downscaling of daily precipitation from Global Circulation Models (GCMs)-predictors at a station 

level, in arid and semi-arid regions especially, has remained a formidable challenge yet. The current 

study aims at proposing a nonparametric model that is a hybrid of Discrete Wavelet Transform 

(DWT), Artificial Neural Networks (ANNs), and Quantile Mapping (QM) for statistical downscaling of 

daily precipitation. We appraise the efficacy of the hybrid model at 12 weather stations across the 

Gharehsoo River Basin (GRB) in northwestern Iran. To that end, based on a step-wise statistical 

relationship established between the National Centers for Environmental Prediction (NCEP)-

predictors and the daily observed precipitation (1978-2005), the most felicitous predictor(s) at each 

station was identified. Given the respective historic and future (2006-2100) predictors of eight-

selected GCMs under Representative Concentration Pathway (RCP) 2.6, 4.5, and 8.5, a viable DWT-

ANN model was developed for each station. The drizzle effect and bias correction of the DWT-ANN-

historic/future projected precipitation were preformed using QM. The high-skill of DWT-ANN-QM 

was demonstrated using various evaluation metrics, including Taylor diagram, Quantile-Quantile 

plot, Empirical Cumulative Distribution Function, and wet/dry spell analysis. As compared to the 

observed wet/dry spells, the dry-spells were better simulated via DWT-ANN-QM rather than the wet-

spells in which the length and exceedance probability of spells were overestimated. Results indicated 

that the future precipitation across the GRB is anticipated to rise more or less under all of the GCMs. 

Seasonal spatial distribution of the middle future (2041-2070) precipitation illustrated that an 

increase for fall and winter, especially, is expected, whereas the future spring and summer 

precipitation are projected to be declined. Findings revealed that CNRM-CM5 and HadGEM2-AO were 

identified as the wettest and driest GCMs, respectively. Having been developed and tested in a semi-

arid basin, the efficacy of the proposed hybrid model should be further assessed in more humid 

climates. 

 
Keywords: Climate change, statistical downscaling of precipitation, discrete wavelet transform, 
artificial neural network, quantile mapping, Iran 
 
5.1. Introduction 

Changes in precipitation in a warming world due to anthropogenic climate change impacts will not 
be uniform across the globe. For example, whereas the high latitudes and the equatorial Pacific are 
likely to experience an increase in annual mean precipitation by the end of this century under the 
most extreme RCP (Representative Concentration Pathway) 8.5 scenario, the situation is more. 
intricate in the mid-latitudes of the earth. 

https://en.wikipedia.org/wiki/National_Centers_for_Environmental_Prediction
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Thus, in subtropical dry regions, the mean precipitation will likely decrease, while in wet regions it 

will increase again under this RCP (IPCC, 2014) 

 

The frequency of extreme precipitation events has also increased in many regions of the world over 

the recent past and will continue to do so in the future (IPCC, 2014). Such sustained future changes 

in the precipitation pattern may have profound consequences for both human society and the natural 

environment (Tryhorn & DeGaetano, 2011). Because of these already considerable changes in 

precipitation  patterns over the past decades, water resources managers and  planners in many 

regions have started to prepare and take measures to withstand or mitigate imminent changes in the 

climate conditions.  

 

The first step to doing this properly is to have accurate future climate predictions for a specific region. 

To that end, the so-called General Circulation Models (GCMs) are used. They are based on the theories 

underlying the atmospheric/oceanic physics. The GCMs simulation outcome is greatly affected by 

plausible realizations of future Greenhous Gas (GHG) concentrations (Sachindra, Huang, Barton, & 

Perera, 2014) and for that reason they are usually driven by emission scenarios, which include the 

former Special Report on Emission Scenarios (SRES), and the more recent Representative 

Concentration Pathways (RCPs) that range from the relatively mild RCP2.6 to the most extreme 

RCP8.5, where the number expresses the power of the forcing global radiation in 𝑊 𝑚2⁄ .  

 

However, while GCMs provide reasonable simulations of hydro-climate variables at global scales 

with grid sizes of 1-3 degrees (~100-300km), they still suffer from the resolution needed for 

generating local climate as required for water resources impacts studies at the watershed scale 

(Iizumi, Nishimori, Dairaku, Adachi, & Yokozawa, 2011; Mandal, Srivastav, & Simonovic, 2016). To 

overcome this inherent resolution limitation of most GCMs, the so-called downscaling techniques are 

used to derive predictand(s) at small scale from coarse-resolution predictors for being further used 

in local impact studies.  

 

Downscaling methods are widely classified as either dynamic or statistical. Dynamic downscaling is 

based on some sort of nesting a finer scale regional climate model (RCM) (from a few kilometers to 

as much as 50 km) within the large-scale grid of a GCM (Wood, Leung, Sridhar, & Lettenmaier, 2004) 

and drive the RCM with the boundary forcing of the parent GCM. The serious disadvantages of 

dynamic downscaling tools are high computational requirements,  model complications,  and their 

dependence on boundary conditions obtained from GCMs. Thefore, they are not as widely used as the 

class of statistical downscaling methods. The main assumption in statistical downscaling is that a 

stochastic or deterministic relationship, called a transfer model, exists between a GCM-predictor, e.g. 

geopotential height, moisture fluxes, sea surface temperatures, etc. and a local or regional predictand 

such as temperature and/or precipitation (Canon, Dominguez, & Valdes, 2011). Nonthless, the extent 

to which the derived transfer function’s skill may change when applied to future climate projections, 

which has been become a question of research (K. W. Dixon et al., 2016). Statistical downscaling is 

more adaptable and flexible owing to low computational demanding, simple modeling structure, and 

easy modifications for application at various locations.  
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Statistical downscaling techniques developed until now, recognized as perfect prognosis (‘‘prog’’; PP) 

algorithms, can be categorized into three groups: (1) classification/weather typing methods 

(Haberlandt, Belli, & Bardossy, 2015; Hay, Mccabe, Wolock, & Ayers, 1991; Hughes & Guttorp, 1994; 

Mehrotra & Sharma, 2010); (2) regression/ transfer function approaches (Kannan & Ghosh, 2013; D. 

Maraun et al., 2010; von Storch, Zorita, & Cubasch, 1993; Wilby, Dawson, & Barrow, 2002; Wilby, Hay, 

& Leavesley, 1999); and (3) weather generators (Caron, Leconte, & Brissette, 2008; Eum & 

Simonovic, 2012; King, McLeod, & Simonovic, 2015; Sharif & Burn, 2006; Wilks, 1999; Wilks & Wilby, 

1999). Among these PPs, regression/transfer functions model class, as epitomized in the well-known 

SDMS-software (Wilby et al., 2002; Wilby et al., 1999), is probably the most widely used downscaling 

model. In spite of its countless applications in climate impact studies, SDSM and other statistical 

downscaling methods, in general, have serious limitations when it comes to the downscaling of daily 

precipitation, requred as an input into almost all hydrological models, particularly with the purpose 

of local climate impact assessment on water resources. This is because daily precipitation exhibits 

spatio-temporal intermittence, highly skewed distribution, complex stochastic dependencies, and 

discrete characteristic reflected by wet and dry spells, particularly, in arid and semi-arid areas 

(Ramana, Krishna, Kumar, & Pandey, 2013). Additionally, precipitation is a highly uncertain and 

heterogeneous spatial phenomenon, occurring because of interwoven interactions between different 

climate variables. Thus, downscaling of precipitation is a challenging task, especially, when modelling 

the multisite rainfall which usually suffers from problems of inter-site cross-correlations is aimed 

(Singh, Kannan, & Timbadiya, 2016).  

 

Given the fact that the climate variables simulated by the numerical models as well as downscaled 

precipitation often show a distinct systematic deviation from the true observed climate, post 

processing of the climate model outputs in such a manner to match the observed climate is inevitable 

(Christensen, Boberg, Christensen, & Lucas-Picher, 2008). Recognized as a post processing approach, 

bias correction methods (BCMs) that fall into the category of model output statistics (MOS) have been 

developed over the last decade (Gudmundsson, Bremnes, Haugen, & Engen-Skaugen, 2012) and 

increasingly being used in climate impact studies (Emami & Koch, 2017; Fereidoon & Koch, 2018). 

 

The core methodology of this class of MOS is to apply some statistical transformations to the 

GCM/RCM predictors/outputs to correct for the named systematic biases. Even though bias 

correction methods have been criticized for being dependent on non-physical bases (Ngai, Tangang, 

& Juneng, 2017), various statistical adjustment techniques have been developed and fine-tuned over 

the recent years thus far, including the delta change model (Hay et al., 2000), multiple linear 

regression (Hay & Clark, 2003), local intensity scaling (Schmidli, Frei, & Vidale, 2006), monthly mean 

correction (Fowler & Kilsby, 2007), gamma-gamma transformation (Sharma, Das Gupta, & Babel, 

2007), fitted histogram equalization (Piani, Haerter, & Coppola, 2010), and quantile mapping (QM) 

(Ngai et al., 2017; Sachindra et al., 2014; Themeßl, Gobiet, & Heinrich, 2012). Particularly, the latter 

has demonstrated to be an effective bias correction approach, as it can be used for all types of 

statistical distributions and can successfully adjust the biases in the quantiles, the mean, as well as 

the standard deviation and, in case of precipitation, wet/dry-spell frequency (Fang, Yang, Chen, & 

Zammit, 2015). As such, QM appears to outperform other methods to effectively adjust the systematic 

biases of RCM and GCM-simulated precipitation (Z. S. Chen, Chen, & Li, 2013; Sun, Roderick, Lim, & 

Farquhar, 2011; Themeßl et al., 2012). Despite the fact that the viability of QM has been widely 
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reported in the literature, Douglas Maraun (2013) has asserted that the drizzle effect for areal means 

are overcorrected and area-mean extremes are overestimated as well as trends are affected by QM 

algorithm. 

 

There have been further developments regarding non-parametric statistical downscaling models 

over the last decades. Among the several conceptual and black box models developed over this 

period, hybrid Discrete Wavelet Transforms (DWT) and Artificial Neural Network (ANN)-based 

models appear to be the most promising for simulating hydrologic processes and specifically for 

precipitation forecasting (V. Nourani, Baghanam, Adamowski, & Kisi, 2014).  

 

Thus, nowadays, DWT has been gaining more attention as a versatile analysis tool, because of its 

capability to elucidate simultaneously both spectral and temporal information within a time-signal. 

Indeed, DWT resolves the basic drawbacks of classical Fourier analysis — which delivers only 

globally time-averaged frequency information (Markovic & Koch, 2005) by decomposing a time 

series into its sub-components at different scales (periods), producing a good local representation of 

the signal in both time and frequency domains, thereby providing further information about the 

structure of the physical process to be modelled (Partal & Cigizoglu, 2009).  

 

A step further is to combine DWT and ANN to a so-called hybrid DWT-ANN model that benefits from 

multi-scale signals as input data, thus providing a better forecast that would be possible with a single 

pattern input (Vahid Nourani, Alami, & Aminfar, 2009). A Wavelet-ANN hybrid model was firstly 

developed by Aussem, Campbell, and Murtagh (1998) for financial time series forecasting. For the 

purpose of rainfall prediction at different temporal scales, i.e. daily and monthly, Wavelet-ANN has 

been applied in some studies (Goyal, 2014; V. Nourani, Komasi, & Mano, 2009; Partal & Cigizoglu, 

2009; Shafaei et al., 2016). 

  

According to the author’s best knowledge, although DWT, ANN (e.g. Ahmed, Shahid, Haroon, & Xiao-

jun, 2015), and QM (e.g. Lafon, Dadson, Buys, & Prudhomme, 2013)  models have been already 

applied per se or in a coupled manner (e.g. DWT-ANN) to simulate as well as to bias correct the 

simulated/downscaled precipitation data, we propose a hybrid statistical downscaling model in 

which DWT, ANN, and QM are promisingly integrated. Thus, in the present study, the skill of the 

proposed hybrid model, henceforth referred as DWT-ANN-QM, in downscaling of the historic and 

future precipitation under eight-selected GCMs, including NorESM1-M, CNRM-CM5, CSIRO-Mk3-6, 

GFDL-ESM2G, GFDL-ESM2M, HadGEM2-AO, HadGEM2-ES, and MPI-ESM-MR will be assessed using 

various evaluation metrics. 

 

Application area is the Gharehsoo River Basin (GRB), in northwestern of Iran. In this river basin, 

heterogeneous wet and dry spells, accompanied by extreme precipitation events that make the 

precipitation time series deviate far beyond a gaussian distribution — an underlying assumption of 

many parametric statistical downscaling methods — so that classical statistical transformation 

techniques, e.g. Box-Cox, are not sufficient.  

 

There is an urgent necessity for climate impact and hydrological studies in the GRB. Firstly, inasmuch 

as the study area is located in a mountainous region, it is expected to be sensitive to global climate 
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change, as is the case for many mountainous areas of the world (e.g. the Andes and the Himalayas) 

(Beniston, 2003). Secondly, as stated by IPCC (2014), the average of the mean precipitation will most 

likely decrease in many mid-latitude and subtropical dry regions such as the GRB. This, in turn, will 

have enormous adverse impacts on water availability in the GRB (M. Taie Semiromi & Koch, 2020). 

As such, projections of precipitation under different emission scenarios are very important for 

proposing effective adaptation and mitigation strategies in the region. 

 

5.2. Study area 

The Gharehsoo River Basin (GRB), located in northwestern Iran, covers an area about 4193 𝑘𝑚2 and 

extends between latitude 37° 46ʹ-38° 36ʹ N and longitude 47° 46ʹ- 48° 42 ʹ E (Figure 5.1). As a semi-

arid region, dry and wet seasons of the GRB are in the periods of May through October and November 

through April, respectively. According to historical daily records collected from synoptic 

meteorology stations of the Iran Meteorological Organization and climatology stations of the Iran 

Ministry of Energy in the study area, 12 weather stations (Figure 5.1b), distributed over the basin 

for the reference period 1978-2005, were selected, which their statistics and geographical 

characteristics are listed in Table 5.1.  

 

The average annual precipitation in the GRB (Table 5.1) is about 305.90 mm that is the equal to 

about one-third of the world’s average precipitation that falls mainly in the winter months 

(November to April). According to the Köppen climate classification, the prevailing climate is cold 

and semi-arid (BSk). There have been increased negative impacts of droughts in the GRB in recent 

years, particularly, in the capital city, Ardabil (Ardabil Regional Water Authority, 2013), which has 

led the Ardabil Regional Water Authority to consider future impacts of climate change on the water 

resources towards effective adaptation and mitigation strategies for coping with the real threats on 

the water security of the region (Javan, Fallah Haghgoo Lialestani, Ashouri, & Moosavian, 2015). 

 

Table 5.1. Annual precipitation statistics at the selected weather stations for the reference period 

1978-2005. 

Weather 

station 

Latitude 

 (° N) 

Longitude 

(° E) 

Elevation 

(m) 

Minimum 

(mm) 

Maximum 

(mm) 

Average 

(mm) 

Standard 

deviation (mm) 

Abi Biglou 38.28 48.56 1348 89 430 262 79 
Ardebil 38.22 48.33 1335 189 534 299 83 

Gilandeh 38.31 48.37 1341 163 361 242 60 

Hir 38.08 48.51 1594 173 500 295 92 

Kouzeh 38.12 48.37 1402 120 357 235 65 

Lay 38.12 47.91 2038 195 580 356 95 

Namin 38.41 48.47 1405 270 439 336 55 

Nir 38.04 48.02 1623 226 715 368 121 

Pole Almas 38.16 48.20 1480 152 492 296 77 

Samian 38.37 48.25 1286 158 493 239 67 

Shams Abad 38.00 48.25 1534 170 642 318 126 

Yamchi Olya 38.04 48.50 1594 210 586 333 95 

 

https://en.wikipedia.org/wiki/K%C3%B6ppen_climate_classification
https://en.wikipedia.org/wiki/Semi-arid_climate
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Figure 5.1. Iran’s map (a), spatial distribution of the average precipitation for the reference period 

(1978-2005) (b), the digital elevation model (DEM) of the Gharehsoo River Basin (GRB) (c). 
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5.3. Methodology 

5.3.1. Large-scale GCM/NCEP- datasets 

In the current study, the climate predictors of eight GCMs, as listed in Table 5.2, including NorESM1-

M, CNRM-CM5, CSIRO-Mk3-6, GFDL-ESM2G, GFDL-ESM2M, HadGEM2-AO, HadGEM2-ES, and MPI-

ESM-MR from the newest version of the Fifth Assessment Report (AR5) of Intergovernmental Panel 

on Climate Change (IPCC) were employed to downscale the daily precipitation at 12 weather stations. 

These eight GCMs were chosen according to their better performance over Iran and the near 

neighbour countries such as Pakistan and Iraq and distant neighbour countries such as India (Afshar, 

Hasanzadeh, Besalatpour, & Pourreza-Bilondi, 2017; Babar, Zhi, & Fei, 2015; Latif, Hannachi, & Syed, 

2018; J. Y. Lee & Wang, 2014; Mahmood, Jia, Tripathi, & Shrestha, 2018; Prasanna, 2015; Salman, 

Shahid, Ismail, Ahmed, & Wang, 2018; Xuan et al., 2017).  

 

Considering that most of climate change impact assessments conducted in Iran, particularly those 

undertaken in the GRB (Javan et al., 2015), have benefited from large-scale predictors of the National 

Centers for Environmental Prediction and National Center for Atmospheric Research (NCEP/NCAR) 

reanalysis dataset 1 (Kalnay et al., 1996; Kistler et al., 2001), to draw a comparison between the 

results anticipated from this study with other studies undertaken in this region, we utilize this 

dataset on the eight-selected GCMs grid box (Table 5.3). NCEP-predictors are a global set of gridded 

weather data at a 2.5° by 2.5° horizontal resolution for the historic period available from 1948 until 

present. 

 

Due to the availability of the measured precipitation at the 12 weather stations for the period 1978-

2005, the NCEP-predictors for the same period was emaployed. All predictors have been 

standardized before being screened by subtracting the long-term mean and dividing by the long-term 

standard deviation (Z. Liu, Xu, Charles, Fu, & Liu, 2011). GCM-predictors for the historic period 1978-

2005 and future period 2006-2100 have been acquired from the CMIP5 data archive (https://esgf-

data.dkrz.de/projects/esgf-dkrz/). The first ensemble member (r1i1p1) of each of the models has 

been chosen in this study.  

 
Table 5.2. The GCMs used in this study and their properties. 

Model Modeling center Spatial resolution 
Data duration 

Historical RCP2.6 RCP4.5 RCP8.5 

NorESM1-M 
Norwegian Climate Centre 
(Norway) 

1.8947° × 2.5° 1948–2014 2006–2100 2006–2100 2006–2100 

CNRM-CM5 CNRM-CERFACS (France) 1.4008° × 1.40625° 1850–2005 2006–2100 2006–2100 2006–2100 

CSIRO-Mk3-6 CSIRO-QCCCE (Australia) 1.8653° × 1.875° 1850–2005 2006–2100 2006–2300 2006–2300 

GFDL-ESM2G NOAA GFDL (USA) 2.0225° × 2° 1861–2005 2006–2100 2006–2100 2006–2100 

GFDL-ESM2M NOAA GFDL (USA) 2.0225° × 2.5° 1861–2005 2006–2100 2006–2100 2006–2100 

HadGEM2-AO NIMR-KMA (South Korea) 1.25° × 1.875° 1860–2005 2006–2100 2006–2100 2006–2100 

HadGEM2-ES MOHC (UK) 1.25° × 1.875° 1859–2005 2006–2299 2006–2299 2006–2299 

MPI-ESM-MR MPI-M (Germany) 1.8653° × 1.875° 1850–2005 2006–2100 2006–2100 2006–2100 

 
 

 

https://esgf-data.dkrz.de/projects/esgf-dkrz/
https://esgf-data.dkrz.de/projects/esgf-dkrz/
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We used Climate Data Operator (CDO) program to remap the selected GCMs using a bilinear 

interpolation approach to match the resolution of the NCEP/NCAR reanalysis predictors. The new 

version of climate change scenarios is based on RCPs. The CMIP5-based scenarios produce a 

sustained combination of future population growth, technological advances, and socioeconomic 

parameters (K. E. Taylor, Stouffer, & Meehl, 2012). Three radiative forcing scenarios were used in the 

present study that consist of 1) RCP2.6 representing a rise in the radiative forcing to 2.6 (𝑊 𝑚2⁄ ) by 

year 2100, 2) RCP4.5, in which an increase of 4.5 𝑊 𝑚2⁄  will be expected, and 3) RCP8.5, representing 

8.5 𝑊 𝑚2⁄  rise in the radiative forcing, as will be experinced by the end of the century (Kouhestani, 

Eslamian, Abedi-Koupai, & Besalatpour, 2016). 

 

Thus, with the purpose of calibrating the proposed downscaling model, the potential NCEP-predictor 

set consisting of 26 atmospheric variables (Table 5.3) was employed to be later processed for 

selecting the most suitable predictor(s) at each weather station. As the size of the basin covers 

approximately one NCEP grid box, only one grid-point of the NCEP-predictors was required.  

 

Table 5.3. NCEP-reanalysis variables screened for the selection of appropriate predictors. 
Predictor Description Unit 

ncepmslpgl Mean sea level pressure  
 

* 

ncepp1_fgl Geostrophic airflow velocity near the surface  
 

* 

ncepp1_ugl Zonal velocity component near the surface  
 

* 

ncepp1_vgl Meridional velocity component near the surface  
 

* 

ncepp1_zgl Vorticity near the surface  
 

* 

ncepp1thgl Wind direction near the surface  
 

° N 
 

ncepp1zhgl Divergence near the surface  
 

* 

ncepp5_fgl Geostrophic airflow velocity at 500 hPa  
 

* 

ncepp5_ugl Zonal velocity component at 500 hPa  
 

* 

ncepp5_vgl Meridional velocity component at 500 hPa  
 

* 

ncepp5_zgl Vorticity at 500 hPa  
 

* 

ncepp5thgl Wind direction at 500 hPa  
 

° N 
 

ncepp5zhgl Divergence at 500 hPa  
 

* 

ncepp8_fgl Geostrophic airflow velocity at 850 hPa  
 

* 

ncepp8_ugl Zonal velocity component at 850 hPa  
 

* 

ncepp8_vgl Meridional velocity component at 850 hPa  
 

* 

ncepp8_zgl Vorticity at 850 hPa  
 

* 

ncepp8thgl Wind direction at 850 hPa  
 

° N 
 

ncepp8zhgl Divergence at 850 hPa  
 

* 

ncepp500gl 500 hPa geopotential height  
 

* 

ncepp850gl 850 hPa geopotential height  
 

* 

ncepprcpgl Total liquid plus solid precipitation  
 

* 

nceps500gl  500 hPa Specific humidity * 

nceps850gl  850 hPa Specific humidity * 

ncepshumgl Near surface specific humidity  
 

* 

nceptempgl Near surface air temperature  
 

* 

                                 Note: * denotes a dimensionless Z-score with mean zero and standard deviation one 
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5.3.2. Screening of the predictors 

Choosing the most suitable large-scale predictors is known as the most crucial step in all kinds of 

statistical downscaling approaches (Jin Huang et al., 2011; Wilby et al., 2002), this is the case for the 

downscaling of precipitation especially. According to recommendations of M. S. Khan, Coulibaly, and 

Dibike (2006), J. Huang et al. (2011), and Mahmood and Babel (2014), some major considerations 

should be considered while screening the potential predictors, including (1) the monthly percentage 

of variance explaining the locally observed precipitation; (2) physical interconnection between 

predictors and local precipitation; (3) the predictor’s capability to carry climate change information; 

and (4) accurate representation of the potential predictors by climate models. Screening the most 

suitable predictors, we have adopted the stepwise approach following Mahmood and Babel (2014): 

 

(1) A correlation matrix between a predictand at a weather station, i.e. precipitation and NCEP-

predictors (as listed in Table 5.3) was established and then highly correlated predictors, as indicated 

by a p-value < 0.05, were chosen and arranged in descending order. 

 

(2) The predictor with the strongest correlation with the predictand at a station, known as the 

Master/Super Predictor (MP/SP), was identified. 

 
(3) Each predictand as well as the MP was correlated with the remainder of the selected predictors 

to compute the partial correlation and correlation coefficients. Moreover, the correlation coefficients 

between individual selected predictors were computed. In this step, to calculate the partial 

correlation, depending on the number of the selected predictors, the following Equations (Eq. 1a and 

1b) were used: 

 

Partial correlation formula when there are two predictors (independent predictor, i.e. x and z as 

control predictor): 

 

rxy.z =
rxy−(rxzryz)

√(1−rxz
2 )(1−ryz

2 )
                                                                                                                             (5.1a) 

 

Partial correlation formula when there are more than two predictors: 

 

rxy.z1…zn =
Px,y

√Pxi × Pyi
                                                                                                                                (5.1b) 

 

where rxy.z1…zn  is partial correlation between x and y (predictand or dependent variable) in case of 

removing the correlation effects of the other independent variables or control predictors (z1… zn). 

Px,y is the inverse correlation between predictors x and y. Pxi and Pyi show the inverse correlations of 

x and y predictors with themselves, respectively (Baba, Shibata, & Sibuya, 2004). In the present study, 

at the weather stations with two selected predictors, the MP was used as a control predictor (Eq. 

5.1a) and then we calculated the partial correlation for the other predictor. The same was applied to 

the other predictor for computing the partial correlation of the MP. However, at the weather stations 

with more than two selected predictors, all predictors except one were considered as the control 
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predictors (Eq. 5.1b) whereby the partial correlation was calculated for the predictor of interest. This 

procedure was repeated for the other predictors. Thus, the partial correlations were computed for 

all selected predators.  

 

 (4) The predictors with high individual mutual correlation between 0.5 and 0.7, as suggested by 

Pallant (2007), were left out to eliminate any multi-collinearity.  

 

(5) Finally, the percentage reduction (PR) was calculated (Eq. 5.2) for identification of the second 

most suitable predictor.   

 

   PR = (
𝑃𝑟−R

R
) × 100                                                                                                            (5.2) 

 

where 𝑃𝑟 is the absolute partial correlation and R indicates the absolute correlation coefficient. 

 

This predictor has only a very small multi-collinearity with the MP. The third, fourth, and following-

order suitable predictor can then be ascertained by calculating PR for the remainder of the predictor-

set. Likewise to most applications of statistical downscaling methods, between one to three 

predictors have been identified to satisfactorily explain the predictand in calibration, while removing 

any existing multi-collinearity (Mahmood & Babel, 2013). The predictor set chosen in this way was 

then used as input into the DWT. 

 

5.3.3. Model development 

5.3.3.1. General concepts of wavelet analysis 

Wavelet analysis of a time signal is based on the wavelet transform (WT) which allows the 

decomposition of the signal into shifted and scaled versions of the original (mother) wavelet. The 

wavelet transform has gained great popularity in signal processing in all kind of scientific branches, 

including climatology and hydrology (eg. Markovic and Koch, 2005), since its conception in the 

1980’s (Grossmann and Morlet 1984) in nonstationary time series analysis (Adamowski and Chan 

2011; Partal and Kisi 2007). The big advantage of the wavelet transform (WT) over the classical 

Fourier Transform (FT) is its ability to simultaneously provide information on the frequency - or its 

inverse, the period or scale – content locally over time, while the FT provides frequency information 

only globally over the whole time length of the signal (Adamowski and Chan 2011). Although, before 

the advent of the WT, the short time Fourier Transform (STFT) has been often applied to resolve 

frequency components of the signal in time by sliding a window of fixed length along the time series, 

by virtue of Heisenberg’s principle, it does not have a good time resolution at high frequencies, i.e. 

just there where often the interest of the signal analysis lies. This shortcoming of the STFT is 

overcome by the WT, which uses long time windows at small frequencies (large scales) and short 

windows at high frequencies (small scales), by appropriate contraction/dilation of a mother wavelet, 

while still adhering to Heisenberg’s principle (Kumar and Foufoula-Georgiou, 1997). Moreover, this 

allows also the application of the WT on non-stationary signals and it may be another reason why the 
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wavelet transform has been used so often to explore, denoise and smoothen time series which aids 

in forecasting and other empirical analysis (Shirmohammadi et al. 2013). 

 

5.3.3.2. Continuous Wavelet Transform (CWT) 

A discussion of the discrete wavelet transform (DWT) starts usually with the introduction of the 

continuous wavelet transform (CWT) of a time series of x(t) which is defined as (Percival and Walden 

2006): 

  

𝐶𝑊𝑇(𝑎, 𝑏) =  ∫ 𝑥(𝑡) 𝜓𝑎,𝑏
∗ (𝑡)𝑑𝑡

+∞

−∞
= 𝑎−0.5  ∫ 𝑥(𝑡) 𝜓∗ (

𝑡−𝑏

𝑎
) 𝑑𝑡

+∞

−∞
                                      (5.3) 

 

where 

  

  𝜓𝑎,𝑏(𝑡) =  𝑎
−0.5𝜓(

𝑡−𝑏

𝑎
)                                                                             (5.4) 

 

are scaled (dilatated/compressed) (parameter a) or shifted (translated) (parameter b) versions of 

the so-called mother wavelet 𝜓(𝑡). Among the numerous wavelets available (Torrence and Compo 

1998), that can be either non-orthogonal or orthogonal, but which must satisfy the admissibility 

condition (its integral over time should be zero), to allow the convolution integral to exist, for 

hydroclimate applications the Morlet wavelet, which is essentially a modulated Gaussian, and 

Daubechies wavelets are probably the most widely used (Kumar and Foufoula-Georgiou 1997; 

Torrence and Compo 1998).  

 

Eq. (5.3) can be understood as a series of sweeps (propagated by the translation parameter b) for 

different scales of the wavelet over the time axis of the time series, and so sampling its frequency 

content at these scales (period) as a function of time. However, unlike the short term Fourier 

transform which has been used for that purpose before the inception of the wavelet transform and 

which has a fixed frequency and time resolution, the latter has the particular property that for high 

frequencies (low scales) there is good time localization, but poor frequency resolution, while for low 

frequencies (large scales) the time localization is poor, but the frequency resolution is good; such that 

in both situations the Heisenberg uncertainly principle of time and frequency resolution is not 

violated.  

 

Eq. (5.3) describes in functional space an inner (scalar) product, i.e. 𝐶𝑊𝑇(𝑎, 𝑏) = < 𝑥(𝑡), 𝜓(𝑡) > . By 

virtue of the admissibility- and completeness conditions, the signal x(t) can then be retrieved up to a 

certain precision as :  

 

   𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜓(𝑡) > |𝜓(𝑡) >𝑎,𝑏  =  ∑ 𝐶𝑊𝑇(𝑎, 𝑏) |𝜓(𝑡) >𝑎,𝑏                                      (5.5) 

 

Interestingly enough, although one distinguishes non-orthogonal and orthogonal/orthonormal 

wavelets, wherefore for the latter the reconstruction Eq. (5.5) simplifies significantly, making them 

particularly suitable for the multiresolution analysis (MRA) using the discrete wavelet transform 

(DWT) discussed below, although for the CWT non-orthogonal wavelets, just because of the 
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“redundant” time integration in Eq. (5.3), are heeded as the better choice, particularly, when the time 

series is noisy.  

 

The CWT in Eq. (5.3) is usually computed for a series of couple (aj, bk) of discrete scales aj and shift 

times bk, i.e. the CWT is sampled at these values, changing it to a wavelet series, which is the wavelet-

equivalent of the discrete Fourier transform. The scales aj are normally taken as powers of 2 of a 

fundamental scale, i.e. aj = a0 2j, (one octave) (j = 1,..,jmax), wherefore for a better scale resolution, one 

octave is further divided in a number nvoice of voices, i.e. aj = a0 2j/jv (jv = 1,..,nvoice). With the shift times 

bk also taken at values bk =k 2j , this may result in a large number of evaluations of the convolution 

integral (Eq. 5.3), making the computation of the CWT rather inefficient, in spite of the fact, that the 

fast Fourier transform is used twice, however, for each scale aj (Torrence and Compo 1998). Also, as 

the integration in Eq. (5.3) is still performed continuously over time, while the original time series 

x(t) is usually only available at discrete times ti which, by virtue of Shannon’s sampling theorem 

(Percival and Walden, 2006), put limits on the maximal frequency resolution, i.e. lowest scale, there 

is a lot of redundancy in the CWT computed in this way. 

 

5.3.3.3. Discrete Wavelet Transform (DWT) 

Based on the mentioned insufficiencies of the CWT, a discrete wavelet series of CWT (aj, bk), which 

for discrete, sampled time series is called a discrete wavelet transform (DWT), is used for practical 

purposes. In the DWT, the scales aj and shift times bk, in the mother wavelet 𝜓(𝑡) are taken as powers 

of 2, i.e. aj = 2j and bk = k 2j, i.e. are taken on a dyadic grid, so that the continuous wavelet of Eq. (5.6) 

becomes (Mallet, 1989):  

 

    𝜓𝑗,𝑘(𝑡) = 2
−
 𝑗

2𝜓(2−𝑗𝑡 − 𝑘),                                                                                   (5.6) 

 

which, plugged into Eq. 5.3 for the CWT, results in the definition of the DWT (Kim et al. 2013; Mallat 

2008; Percival and Walden 2006; Shoaib et al. 2016): 

 

   𝐷𝑊𝑇𝑗,𝑘(𝑡) = 2
−𝑗/2  ∫ 𝑥(𝑡) 𝜓∗ (

𝑡−𝑘2𝑗

2𝑗
) 𝑑𝑡

+∞

−∞
 ,   𝑗, 𝑘 𝜖 𝑍,                                                        (5.7) 

 

so that the reconstruction formula (Eq. 5.5) becomes  

 

   𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜓𝑗,𝑘(𝑡) > | 𝜓𝑗,𝑘(𝑡) >𝑗,𝑘  =  ∑ 𝐷𝑊𝑇𝑗,𝑘(𝑡) | 𝜓𝑗,𝑘(𝑡) >𝑗,𝑘 .                              (5.8) 

 

This equation is the basis of the multiresolution analysis (MRA) (Mallat 1989), which in the case that 

the mother wavelet  𝜓𝑗,𝑘(𝑡) belongs to a so-called tight frame of wavelet classes, which is the 

necessary and sufficient condition that it is orthonormal, i.e. < 𝜓𝑗,𝑘(𝑡), 𝜓𝑙,𝑚(𝑡) >=𝛿𝑗,𝑙(𝑡) 𝛿𝑘,𝑚(𝑡), 

allows for a finite decomposition of the signal x(t) into several filtered subsets  𝑥𝑗(𝑡) of increasing 

scales aj = 2j and, as the time shifts bk = k 2j also increase with scale, decreasing time resolution, in 

respect of Heisenberg’s principle. In this regard, the multiresolution decomposition of the sampled 
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signal based on Eq. (5.8) removes the redundancy of the CWT, while extracting in an optimal manner 

the features of the signal on a particular scale under the restrictions of the sampling theorem.  

 

For the  𝜓𝑗,𝑘(𝑡) to be admissible, i.e. orthonormal, in the MRA, it must satisfy the two-scale property: 

 

   𝜓(𝑡) = √2∑ 𝑔(𝑛)𝜓(2𝑡 − 𝑛)𝑛 ,                                                                             (5.9) 

 

i.e. the width and the location of the wavelet function at a scale j+1 are half of that at scale j. As such, 

the wavelet function 𝜓𝑗,𝑘(𝑡) can be understood as a series of high/band pass filters, or a filter bank 

(Figure 5.S1), with filter coefficients h(n) and which covers the whole frequency range of the signal, 

starting from the Nyquist sampling frequency (the lowest scale) down to a minimum frequency 

(highest scale). However, as the scale cannot go up infinitely, because the signal is time-limited or 

finite, the scale range is limited at a maximum j, leaving a remainder (with the lowest frequency) of 

the signal unresolved. This is where the so-called scaling function 𝜙(𝑡) comes into play, which is 

defined the same as the wavelet function 𝜓(𝑡), but derived from a father wavelet, orthonormal to the 

former and obeying also the two-scale property:  

 

   𝜙(𝑡) = √2∑ ℎ(𝑛)𝜙(2𝑡 − 𝑛),𝑛                                                                              (5.10) 

 

where h(𝑛) are the filter coefficients, which now describes a low-pass filter (Figure 5.S1). Because 

of the orthonormality of 𝜓(𝑡) and 𝜙(𝑡), the filter coefficients h(n) and g(n) are related to each other 

(mirror filter). 

 

The scaling function 𝜙𝑗,𝑘(𝑡) at scale j thus covers the lower part of the spectrum of the signal x(t), not 

yet attained by that scale j. Using the fundamental decomposition Eq. (5.8) over the finite range of 

scales and shift times, one obtains the equation for the complete decomposition of the signal x(t), for 

scales up to jmax: 

  

𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜙𝑗𝑚𝑎𝑥,𝑘(𝑡) > | 𝜙𝑗𝑚𝑎𝑥,𝑘(𝑡) >𝑘  + ∑ < 𝑥(𝑡), 𝜓(𝑡)𝑗,𝑘(𝑡) > |𝜓𝑗,𝑘(𝑡) >
𝑗𝑚𝑎𝑥
𝑗,𝑘 ,            (5.11) 

 

where the expansion coefficients (projections), 𝑎𝑗,𝑘 =< 𝑥(𝑡), 𝜙𝑗,𝑘(𝑡) >  and 𝑑𝑗,𝑘 =< 𝑥(𝑡), 𝜓𝑗,𝑘(𝑡) >, 

can be computed recursively (see Zare and Koch, 2018, for details).  

 

The first sum in Eq. (5.11) describes the coarse, high scale (low frequency) component of x(t), 

generated by the low-pass scaling function 𝜙𝑗,𝑘(𝑡) , i.e. represents the aj max - approximation of the 

signal at the highest decomposition level. The second sum consists of the low-scale, high frequency 

details dj of the signal, generated by the high-frequency/band pass wavelet functions 𝜓𝑗,𝑘(𝑡) (j=1,.., 

jmax). Thus, Eq. (5.11) can also be written as  

 

   𝑥(𝑡) = 𝑎𝑗𝑚𝑎𝑥 + 𝑑1 + 𝑑2 +. .  𝑑𝑗𝑚𝑎𝑥,                                                                             (5.12) 

 

By applying Eq. (5.12) recursively for different maximum scale levels (j =1,..,jmax), the multiresolution 

decomposition of the signal x(t) at that level, consisting of the approximation 𝑎𝑗  and the detail 𝑑𝑗 at 
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that level can be computed (Figure 5.S2). In the subsequent step j+1 this approximation 𝑎𝑗 is further 

decomposed into 𝑎𝑗+1 and 𝑑𝑗+1 , and so on, until level jmax is reached, with the low-frequency 

remainder of the signal then described by the term ajmax.  

 

Practically, the MRA by means of the DWT is performed by so-called subband coding (Vetterli and 

Herley 1992), which consists in running the signal x(t) through a cascade of low- and high/band pass 

digital filters, defined by the dyadically (power of 2) dilated and shifted scaling- and wavelet 

functions, respectively, and subsequent down-sampling of the time series by a factor of 2, due to the 

fact that the low-pass filtered series at level j+1 will have only half the frequency-bandwidth of the 

original one at level j. This results in a natural adaptation of the resolution of the filter, with a halving 

of the digital flops in the evaluation of the filtering (convolution) equation at the next higher scale, 

making subband coding computationally extremely efficient. It should be noted that filtering of 

signals with subband coding of cascade filters has an even longer history in signal processing than 

wavelets, and the latter in the form of the DWT represents only a special variant of it (Mallat 1989; 

Zare and Koch 2018). 

 

The selection of appropriate mother wavelet is of paramount importance to decompose the signal. 

On this matter, Daubechies and Morlet wavelet transforms are accounted for the most commonly 

used mother wavelets in engineering applications. Daubechies wavelets represent a good balance 

between parsimony and information richness; they generate homogeneous events over the signal 

and findings have shown that the most prediction models can clearly identify them (Benaouda et al. 

2006). In the current study, the Daubechies wavelet of order 4 (db4) has been selected.  

 

The decomposition level L = jmax is determined as (Nourani et al. 2009a) 𝐿 = 𝑖𝑛𝑡[log(𝑁)], where N is 

the time series length, respectively. In the current study N=10227, so L= 4 in Eq. (10), i.e. d1, d2, d3 

and d4 are then the details and a4 denotes the low-scale approximation of the time series at that level 

(see Figure 5.S1). These details and the approximation are then fed into the ANN-model. 

 

As an example, in Figure 5.S2 the multiresolution decomposition of the NCEP standardized specific 

humidity at 500 hPa between 1978-2005, as one of the selected predictors for the downscaling of the 

precipitation, is illustrated. One can clearly notice how high frequency noise is filtered out in the a4- 

approximation, which should make the calibration of the ANN-QM downscaling process easier.  
 

5.3.3.4. Artificial neural network model 

In this study, Multi-layer Perceptrons (MLPs), which have been widely considered as the simplest 

and most commonly used neural network architectures, was employed. MLPs can be trained using 

several learning algorithms. In the present study, the Levenberg–Marquardt (LM) or damped Gauss-

Newton method has been used. It has often been found to be superior compared to other nonlinear 

optimization methods, like the classical back-projection method (Kisi, 2004; 2007), although it needs 

more computer memory than other algorithms (Adamowski & Sun, 2010).  

 

When constructing an ANN model, the principal objective is to reach the optimum architecture of the 

ANN in a way that a satisfactory relationship between the input and output variables is obtained 
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(Mislan, Haviluddin, Hardwinarto, Sumaryono, & Aipassa, 2015). Deciding the number of layers and 

number of neurons in the hidden layers is then an important task of establishing the overall neural 

network architecture (e.g. Bishop, 1995).  

 

In account of this dichotomy, a compromise with the number of neurons in the hidden layers has to 

be made (Silverman & Dracup, 2000). There are several rule-of-thumb methods for determining the 

optimal number of neurons to use in the hidden layers (e.g. Bishop, 1995), such as (1) the number of 

hidden neurons should be between the size of the input layer and the size of the output layer; (2) the 

number of hidden neurons should be 2/3 the size of the input layer, plus the size of the output layer; 

(3) the number of hidden neurons should be less than twice the size of the input layer (Heaton, 2008). 

These three rules provide a starting point for good practice. Ultimately, the selection of an 

appropriate architecture, i.e. number of hidden layers and neurons for the neural network will come 

down to trial and error. In practice, in most ANN engineering applications, the number of hidden 

layers is one (Heaton, 2008) and this number was also used in this study. However, the number of 

neurons is more variable, as it depends also on the number of input signals used in the coupled DWT-

ANN model, as discussed below.  

 

5.3.3.5. Coupled wavelet and artificial neural network (DWT-ANN) models 

The coupled wavelet and neural network (DWT-ANN) model developed here is an ANN model that 

benefits from the sub-series components of the DWT-multiresolution analysis of the original selected 

climate predictors. The different DWT-ANN models were then created using the approximations (a) 

and details (d) of the decomposed selected predictors (signals) – as mentioned, ranging between 1 

and 3 at a weather station as input and the observed precipitation (predictand) as output (Figure 

5.S3). This means that with the decomposition at level 4 favored here (Figure 5.S1), 5 sub-signals, 

i.e. the a4 and the details d1, d2, d3 and d4 (see Eq. 9 in Supplementary) were generated. Accordingly, 

depending on the weather station, the number of inputs ranges from 5 to 15. The skeleton of the 12 

DWT-ANN models obtained conclusively for the different weather stations is described in Table 5.5.  

 

Likewise to other hydrological studies (e.g. Zare and Koch, 2018), for creating the training and 

validation sub-sets, the observed/historic period (1978-2005) at each weather station was randomly 

divided into two parts, namely a training set (70% of the historic period) and a validation set (30% 

of the historic period). The model was fit to the training set and the fitted model was used to simulate 

the responses for the observations in the validation set. The resulting validation set error rate is 

typically assessed using Mean Squared Error (MSE) (James, Witten, Hastie, & Tibshirani, 2013). In 

the light of benefiting from a long historical data record (e.g. 1978-2005), the developed DWT-ANN 

models can be adequately trained by capturing the extreme events that exist in the output layer (daily 

precipitation), implying that the extreme events for the future scenarios might be well projected 

accordingly. The 12 trained and validated DWT-ANN models were then forced with the 

approximations (a) and details (d) of the decomposed selected future predictors of the 8 GCMs, 

resulting in projecting the daily precipitation under the 8 GCMs at the 12 stations for the future 

period 2006-2100.  
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5.3.3.6. Bias correction using quantile mapping (QM) 

The biases  reflected in hydro-climate outputs of the GCMs and RCMs, principally the daily 

precipitation data usually have a positive bias in the number of wet days, which is caused by an 

excessive number of drizzle occurrences which then leads to a bias in the mean and the standard 

deviation (variability) and more importantly to an inability to reproduce extreme events (Lafon et 

al., 2013; Piani, Weedon, et al., 2010). Hence, in the present study, the biases reflected in the historic- 

and future-simulated/projected precipitation by the 12 DWT-ANN models were then bias-corrected. 

 

Amongst the several methods used to adjusting such precipitation-biases, the so-called QM is able to 

skillfully bias correct the mean, standard deviation, and wet-day frequency as well as quantiles (Fang 

et al., 2015). The QM model, viewed as a non-parametric bias correction approach, in principle can 

be applied to all possible distributions of precipitation without any underlying assumption regarding 

the precipitation distribution (Fang et al., 2015). This method is resulted from the empirical 

transformation (Themeßl et al., 2012) and has been viably utilized for bias correction of RCM-

simulated precipitation (Z. S. Chen et al., 2013; Sun et al., 2011; Themeßl et al., 2012). 

 

The practical formidable problem of QM is to find a good approximation (transfer function h) for 

projecting simulated climate predictors 𝑃𝑚 onto observed ones 𝑃𝑜 , i.e. (Piani, Weedon, et al. (2010) 

 

𝑃𝑜 = ℎ(𝑃𝑚)                                                                                                                     (5.13) 

 

Different methods have been provided in the literature to find an appropriate h (Gudmundsson et al., 

2012). The most commonly used technique to approximate h is to apply empirical cumulative 

distribution functions (ECDFs) to the two sets of predictors which hopefully can be described by 

some known parametric distributions. Since this is practically often not possible for different 

precipitation time series of a wide variety of climates (Gudmundsson et al., 2012; Themeßl, Gobiet, 

& Leuprecht, 2011; Wood et al., 2004), statistical transformations as an application of the probability 

integral transform (Angus, 1994) are employed to get the biased corrected simulated predictor of 

𝑥𝑚,𝑝(𝑡) for a time period, expressed as follow: 

 

    𝑥𝑚,𝑝(𝑡) = 𝐹𝑜,ℎ
−1{𝐹𝑚,ℎ[𝑥𝑚,𝑝(𝑡)]}                                                                                           (5.14) 

 

where 𝐹𝑜,ℎ and 𝐹𝑚,ℎ  are the CDFs of observed (𝑥𝑜,ℎ) and modeled (𝑥𝑚,ℎ) data, respectively for the 

historical (observation) period, denoted by the subscript h (Cannon, Sobie, & Murdock, 2015). Thus, 

the empirical CDFs are then estimated using tables of the empirical percentiles (Boe, Terray, Habets, 

& Martin, 2007) and linearly interpolating data in between percentiles. 

  

Given the fact that the empirical CDFs, estimated from the calibration set (1978-1996), were 

approximated by tables of empirical percentiles, following the procedure of Boe et al. (2007), the 

values falling between the percentiles were approximated using a cubic interpolation approach. 

Nevertheless, when the values of the projection scenarios (2006-2100), as simulated by DWT-ANN, 

were larger than the calibration values used to train the QM model, the maximum quantile of the 

empirical percentiles range, provided for the calibration period, was employed to correct these larger  
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Figure 5.2. Flowchart of the DWT-ANN-QM hybrid model for precipitation downscaling. 
 

amounts of precipitation for the projection period (Boe et al., 2007; Gudmundsson et al., 2012; 

Themeßl et al., 2012). This possibility can somewhat allow flexibility to the QM model to correct the 

values that are higher than those not seen during the calibration period. 

 

Afterwards, using the estimated parameters from the empirical QM transfer function (Eq. 5.14), the 

future (up to year 2100) DWT-ANN projected daily precipitation data is bias-corrected. It should be 

noted that since there are different statistical distributions of wet and dry spells for the different 

months of the year, this bias correction was repeated for each month, i.e. 12 times and was used for 

the corresponding future projections for that month. 
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To evaluate the skill of QM in bias correction of the DWT-ANN-simulated precipitation, the historic 

period was systematically split into two sub-sets, out of which two-third of the dataset (1978-1996) 

was used for the calibration purpose and the remainder (1997-2005) was employed for the 

validation. Nonetheless, to procure the parameters of QM for bias correction of the daily future 

projected precipitation under the 8 GCMs, we have trained QM using the whole reference period 

(1978-2005). 

 

The flow chart of the proposed methodology for simulation and prediction of daily precipitation, i.e. 

the working of the hybrid DWT-ANN-QM model is illustrated in Figure 5.2.  

 

5.4. Results and discussion 

5.4.1. Selection of GCM climate predictors 

The correlation coefficients, partial correlation, and the statistical significant level were utilized to 

identify the suitable GCM climate predictors. The predictors selected for the different climate stations 

are given in Table 5.4. As indicated, their number varies from one (e.g. Kouzeh) to two (e.g. Abi 

Biglou), and even three predictors (e.g. Gilandeh). Except for station Gilandeh, where the MP is 

nceps500gl (the 500 hPa specific humidity), for the other stations the MP is the total precipitation, 

namely ncepprcpgl. As listed in Table 5.4, apart from ncepprcpgl as the MP at almost all stations, 

nceps500gl, ncepp500gl, ncepp5_vgl, ncepp1_ugl, and ncepp5_zgl were recognized as second or third 

most suitable predictors, as given in order of occurrence with frequencies of 5, 3, 2, 1, and 1, 

respectively. 

 

5.4.2. Assessment of the DWT-ANN-QM model’s skill in downscaling of historic precipitation 
 

The performance of DWT-ANN-QM in simulating and bias correcting of the historic precipitation was 

evaluated using a variety of robust statistical methods. As listed in Table 5.5, the performance of 

DWT-ANN and DWT-ANN-QM models in both calibration/training and validation/test steps in 

simulating and bias correcting of daily precipitation at 12 weather stations and under the 8 GCMs are 

demonstrated. 

 

Given the fact that RMSE, the objective function used for assessment, is directly proportional to the 

magnitude of the precipitation at each station, one can notice that the maximum and minimum RMSE 

were found for the stations with the maximum (e.g. Namin, Nir, and Pole Almas) and minimum (e.g. 

Samian, Abi Biglou, and Hir) of the precipitation, on average (see Table 5.1). It should be noted that 

RMSE of DWT-ANN-simulated precipitation for both training and test subsets under all GCMs at all 

stations is smaller than that of DWT-ANN-QM-simulated and bias corrected precipitation. The reason 

for this is that the objective function through which DWT-ANN is trained is RMSE, while the same is 

not true for the DWT-ANN-QM model in which QM was coupled to DWT-ANN in order to bias correct 

the daily precipitation simulated by DWT-ANN. Therefore, a lower RMSE of DWT-ANN-simulated 

precipitation should not be seen as outperformance of DWT-ANN over DWT-ANN-QM. Due to the 
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high-skill post process implemented using QM, the mean, standard deviation, and drizzle effects, as 

well as quantiles of uncorrected/simulated daily precipitation were rigorously corrected.  

 

To better illustrate the skill of DWT-ANN-QM in downscaling of the historic precipitation, we 

employed the Taylor diagram (K. E. Taylor, 2001), enabling us to draw an comparison between the 

historic precipitation (1978-2005) and the downscaled precipitation resulted from the 8 GCMs at 

each weather station. As illustrated by Figure 5.3, all of the 8 GCM models manifested almost 

identical output, distributing within a specific region of the Taylor diagram. Nonetheless, based on 

the three statistics of the Taylor diagram, MPI-ESM-MR  outperformed the other GCMs at 4 weather 

stations, including Abi Biglou, Ardebil, Nir, and Shams Abad. The same holds for HadGEM2-AO at 3 

stations, including Gilandeh, Hir, and Namin. 

 

Similarly, NorESM1-M yielded a better result at two stations which are Kouzeh and Samian. CSIRO-

Mk3-6, GFDL-ESM2G, and HadGEM2-ES could surpass the other GCMs at stations: Lay, Pole Almas, 

and Yamchi Olya, respectively. The remainder of GCMs, namely CNRM-CM5 and GFDL-ESM2M could 

not prove superiority over all other GCMs at all stations. 

 

Table 5.4. Predictors selected for the 12 weather stations based on a statistical step-wise approach 

(see Table 5.3 for the descriptions of the selected predictors). 
Weather station Selected predictors Correlation Partial correlation PR P-value 

Abi Biglou 
ncepprcpgl 0.29 0.22 -23.36 0.00 

ncepp500gl -0.15 -0.12 -18.18 0.00 

Ardebil 
ncepprcpgl 0.38 0.31 -16.05 0.00 

ncepp5_vgl 0.18 0.12 -33.33 0.00 

Gilandeh 

nceps500gl 0.28 0.22 -18.79 0.00 

ncepprcpgl 0.20 0.15 -27.53 0.00 

ncepp500gl 0.13 0.11 -12.59 0.00 

Hir 
ncepprcpgl 0.34 0.28 -18.02 0.00 

ncepp1_ugl -0.15 -0.10 -31.44 0.00 

Kouzeh ncepprcpgl 0.18 0.13 -26.08 0.00 

Lay ncepprcpgl 0.16 0.12 -20.37 0.00 

Namin 
ncepprcpgl 0.30 0.23 -25.00 0.00 

ncepp5_vgl 0.17 0.13 -21.63 0.00 

Nir 
ncepprcpgl 0.28 0.22 -20.64 0.00 

nceps500gl 0.13 0.12 -7.29 0.00 

Pole Almas 

ncepprcpgl 0.21 0.22 7.54 0.00 

ncepp500gl 0.15 0.12 -20.51 0.00 

nceps500gl 0.24 0.14 -40.89 0.00 

Samian 
ncepprcpgl 0.26 0.20 -22.38 0.00 

nceps500gl 0.15 0.14 -3.89 0.00 

Shams Abad 
ncepprcpgl 0.29 0.20 -29.45 0.00 

nceps500gl 0.10 0.10 4.95 0.00 

Yamchi Olya 
ncepprcpgl 0.34 0.28 -16.91 0.00 

ncepp5_zgl -0.12 -0.12 -0.82 0.00 
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Afshar et al. (2017) drew a comparison among 14 GCMs across the northeast of Iran via 4 statistical 

metrics that consist of percent of bias (PBIAS), ratio of the root-mean-square-error to the standard 

deviation of measured (RSR), Nash-Sutcliffe model efficiency coefficient (NS), and 𝑅2. Their findings 

revealed that NorESM1-M and GFDL-ESM2G demonstrated a noticeable superiority over the other 

12 GCMs, while CSIRO-Mk3-6 and HadGEM2-ES showed unsatisfactory results. Therefore, our results 

are partially corroborated by the study of Afshar et al. (2017). Such a discrepancy can be attributed 

to two different prevailing climates of the northwest of Iran, where the GRB is located, and of the 

northeast of Iran. 

 

Compared with other state-of-the-art models for statistical downscaling, in particular the study 

conducted by Rashid, Beecham, Chowdhury, and Climatology (2016), in which continuous wavelet 

transform (CWT) was employed in conjunction with Generalized Additive Model in Location, Scale 

and Shape (GAMLSS), a higher 𝑅2 for both calibration (0.64) and validation (0.62) subsets was 

obtained. This is mainly ascribed to the fact that they forced the GAMLSS model with reanalysis 

NCEP/NCAR to downscale the historic period (1960-2010). Since the NCEP predictors resemble the 

observed data, GAMLSS could better simulate the historic precipitation. Whereas in the present 

study, we aimed at projecting the precipitation for future period, thus we derived the DWT-ANN-QM 

model with the selected historic predictors of the 8 GCMs which contain systematic bias. A 

meaningful comparison between these two models, however, can be only undertaken when both 

studies take advantage of the same dataset and application area.  
 
To pinpoint the skill of the QM algorithm in postprocessing the daily DWT-ANN-simulated 

precipitation, as driven by the 8 GCMs, in comparison with the daily historic precipitation, Quantile-

quantile (Q-Q) plot (Gibbons & Chakraborti, 2014) was deployed at each station and for both 

calibration (1978-1996) and validation (1997-2005) subsets. For the calibration period (Figure 5.4), 

the quantiles of the corrected precipitation lie essentially on the slope-one line (R2=1), irrespective 

of the GCM used, indicating that the distributions of observed on the one hand and that of the 8 GCMs 

on the other hand were practically identical. 

 

However, the quantiles of the uncorrected daily precipitation are highly deviated from the slope-one 

line (R2=1), indicating the viable effect of postprocessed made via QM (Z. S. Chen et al., 2013; Themeßl 

et al., 2012). For the validation period (Figure 5.5), the quintiles of the daily corrected precipitation 

are partial deviated from the 45 degree line, in particular for larger precipitation values, yet the R2 –

values are close to one, again suggesting a promising implication of the QM model. 

 

As displayed in Figure 5.5, a distinct deviation can be noticed for reproduction of the heavier 

amounts of precipitation for the validation set, as represented using a Q-Q plot. For instance, this 

deviation, irrespective of overestimation and underestimation, from the observed precipitation 

occurred somewhere between 15 to 20 mm (e.g. 20 mm in Abi Biglou; 15 mm in Yamchi Olya), thus 

implying the QM algorithm has not been well trained for heavier precipitation amounts within such 

as short subset of dataset (1997-2005). Owing to the fact that the GRB is located in a semi-arid region, 

occurrence of persistent precipitation events leading to a higher amount of precipitation is not 

dominant. As a consequence, the QM algorithm could not well correct the larger values of daily 

precipitation, in particular for such a short period of validation subset.  
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Table 5.5. Skeleton of the developed DWT-ANN models using DWT level-4 decompositions of daily 

precipitation at the 12 weather stations and the calculated-RMSE in both DWT-ANN and DWT-ANN-

QM model development stages in the training/calibration and testing/validation phases.  

Weather 
station 

ANN 
structure a 

Transfer 
 function  

GCM 
RMSE (mm) 
 DWT-ANN 
(training) 

RMSE (mm) 
 DWT-ANN 

(testing) 

RMSE (mm)  
DWT-ANN-QM 
(calibration) 

RMSE (mm)  
DWT-ANN-QM 

(validation) 

Abi Biglou 10-15-1 
Logsig b 

 

CNRM-CM5 2.54 2.60 3.29 3.47 
CSIRO-Mk3-6-0 2.54 2.43 3.27 4.17 

GFDL-ESM2G 2.53 2.81 3.26 3.95 
GFDL-ESM2M 2.54 2.39 3.28 4.64 
HadGEM2-AO 2.53 2.28 3.27 3.57 
HadGEM2-ES 2.53 2.28 3.22 3.78 
MPI-ESM-MR 2.54 1.90L 3.28 3.98 
NorESM1-M 2.53 3.03 3.26 3.67 

Ardebil 10-16-1 
Logsig 

 

CNRM-CM5 2.85 3.13 3.97 4.01 
CSIRO-Mk3-6-0 2.72 3.46 3.98 3.88 

GFDL-ESM2G 2.91 2.61 3.93 4.71 
GFDL-ESM2M 2.95 2.74 3.92 4.68 
HadGEM2-AO 2.80 3.06 3.95 3.60 
HadGEM2-ES 2.85 2.77 3.86 3.82 
MPI-ESM-MR 2.85 3.13 3.95 3.65 
NorESM1-M 2.66 3.02 4.02 4.31 

Gilandeh 15-14-1 Tansig c 

CNRM-CM5 2.97 3.03 3.86 3.63 
CSIRO-Mk3-6-0 2.74 2.60 3.81 4.28 

GFDL-ESM2G 2.72 2.87 3.74 4.25 
GFDL-ESM2M 2.74 2.60 3.75 4.79 
HadGEM2-AO 2.71 2.66 3.81 3.69 
HadGEM2-ES 2.70 2.90 3.73 3.79 
MPI-ESM-MR 2.64 2.91 3.79 4.07 
NorESM1-M 2.78 2.65 3.83 4.40 

Hir 10-16-1 Tansig 

CNRM-CM5 2.78 2.74 3.02 3.76 
CSIRO-Mk3-6-0 2.54 2.58 3.01 4.08 

GFDL-ESM2G 2.54 2.45 2.97 3.87 
GFDL-ESM2M 2.48 2.38 2.94L 4.16 
HadGEM2-AO 2.57 2.48 3.00 3.75 
HadGEM2-ES 2.49 2.26 2.97 3.72 
MPI-ESM-MR 2.52 2.53 2.95 3.67 
NorESM1-M 2.63 2.39 2.99 4.16 

Kouzeh 10-15-1 Tansig 

CNRM-CM5 2.86 2.51 3.37 4.27 
CSIRO-Mk3-6-0 2.73 2.68 3.42 3.83 

GFDL-ESM2G 2.71 2.47 3.40 3.88 
GFDL-ESM2M 2.61 2.75 3.45 4.31 
HadGEM2-AO 2.61 2.84 3.34 3.83 
HadGEM2-ES 2.67 2.70 3.39 3.86 
MPI-ESM-MR 2.69 2.42 3.42 3.85 
NorESM1-M 2.68 2.68 3.39 3.78 

Lay 5-12-1 Tansig 

CNRM-CM5 3.23 3.37 3.83 4.20 
CSIRO-Mk3-6-0 3.01 3.23 3.76 4.84 

GFDL-ESM2G 3.07 2.87 3.81 4.77 
GFDL-ESM2M 3.01 3.37 3.86 5.99 
HadGEM2-AO 3.09 2.84 3.68 4.33 
HadGEM2-ES 3.10 2.92 3.80 4.20 
MPI-ESM-MR 3.01 2.95 3.87 5.13 
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NorESM1-M 3.01 3.23 3.80 4.49 

Namin 10-15-1 Tansig 

CNRM-CM5 3.08 2.84 4.00 4.49 
CSIRO-Mk3-6-0 2.80 2.52 3.99 4.22 

GFDL-ESM2G 2.69 3.15 3.87 3.83 
GFDL-ESM2M 2.79 2.79 3.98 4.73 
HadGEM2-AO 2.81 2.90 3.90 3.81 
HadGEM2-ES 2.80 2.89 3.95 3.67 
MPI-ESM-MR 2.80 2.60 3.91 3.87 
NorESM1-M 2.84 2.85 3.97 4.26 

Nir 10-11-1 Tansig 

CNRM-CM5 3.73H 3.92 4.92 4.87 
CSIRO-Mk3-6-0 3.43 3.74 4.94H 5.21 

GFDL-ESM2G 3.39 3.56 4.81 5.25 
GFDL-ESM2M 3.43 3.80 4.92 5.63 
HadGEM2-AO 3.46 3.21 4.78 4.80 
HadGEM2-ES 3.53 3.42 4.83 4.79 
MPI-ESM-MR 3.52 3.22 4.90 4.62 
NorESM1-M 3.56 3.34 4.80 4.79 

Pole 
Almas 

15-16-1 Tansig 

CNRM-CM5 3.58 4.08H 4.87 5.07 
CSIRO-Mk3-6-0 3.44 3.63 4.87 4.91 

GFDL-ESM2G 3.51 3.21 4.77 4.68 
GFDL-ESM2M 3.49 3.56 4.88 6.42H 
HadGEM2-AO 3.51 3.15 4.78 4.46 
HadGEM2-ES 3.30 3.69 4.77 4.51 
MPI-ESM-MR 3.52 3.21 4.88 4.80 
NorESM1-M 3.36 3.41 4.84 5.60 

Samian 10-10-1 Tansig 

CNRM-CM5 2.65 2.68 3.45 3.48 
CSIRO-Mk3-6-0 2.51 2.32 3.50 3.86 

GFDL-ESM2G 2.61 2.38 3.42 4.04 
GFDL-ESM2M 2.57 2.11 3.45 5.23 
HadGEM2-AO 2.51 2.41 3.41 3.58 
HadGEM2-ES 2.46 2.86 3.39 3.44L 
MPI-ESM-MR 2.55 2.39 3.47 3.89 
NorESM1-M 2.45L 2.37 3.43 3.79 

Shams 
Abad 

10-11-1 Tansig 

CNRM-CM5 3.34 3.18 4.42 4.74 
CSIRO-Mk3-6-0 3.19 3.03 4.40 4.61 

GFDL-ESM2G 3.10 3.44 4.35 4.42 
GFDL-ESM2M 3.23 2.92 4.38 5.50 
HadGEM2-AO 3.15 2.92 4.25 4.21 
HadGEM2-ES 3.14 2.87 4.37 4.39 
MPI-ESM-MR 3.08 3.44 4.34 4.91 
NorESM1-M 3.21 3.18 4.39 4.84 

Yamchi 
Olya 

 
10-15-1 Tansig 

CNRM-CM5 3.59 3.40 4.37 4.16 
CSIRO-Mk3-6-0 3.26 2.92 4.30 4.64 

GFDL-ESM2G 3.14 3.14 4.23 4.56 
GFDL-ESM2M 3.16 3.13 4.31 6.17 
HadGEM2-AO 3.18 3.35 4.28 4.28 
HadGEM2-ES 3.20 3.23 4.25 4.25 
MPI-ESM-MR 3.20 2.99 4.30 4.88 
NorESM1-M 3.28 3.18 4.21 4.37 

Note: a ANN structure refers to the numbers of inputs, hidden neurons, and output, respectively. 
b and c refer to log-sigmoid and hyperbolic tangent sigmoid applied as the transfer functions. 
L and H denote the minimum and maximum RMSE obtained for the calibration/training and validation/test 
steps of the two model development stages, respectively. 
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Figure 5.3. Taylor diagrams for the monthly downscaled precipitation using DWT-ANN-QM for the 

historic period (1978-2005) at the 12 weather stations under the 8 GCMs. Note that for each GCM, 

three statistics are plotted: (1) the Pearson correlation coefficient (demonstrating similarity in 

pattern between the historic and GCM-downscaled precipitation) is associated with the azimuthal 

angle (dotted black lines); (2) the centered RMSE in the GCM-downscaled precipitation is 

proportional to the distance from the hollow circle on the x-axis identified as “observed” (red 

contours); and (3) the standard deviation of the GCM-downscaled precipitation is proportional to the 

radial distance from the origin (dotted blue contours). The observed/historic standard deviation at 

each station is represented by the hollow circle on the x-axis joining to the y-axis using a solid black 

contour. 

 

This deviation has been demonstrated by the partial GCMs overestimation at Ardebil, Gilandeh, Lay, 

Namin, Nir, Pole Almas, Samian, Shams Abad, and Yamchi Olya stations and similarly by the partial 

GCMs underestimation at Abi Biglou, Hir, and Kouzeh stations. 

 
In addition, as an inherent uncertainty of GCM outputs, tendency to overestimate wet days (Goddard 

et al., 2001; Nyunt, Koike, & Yamamoto, 2016) might be another reason why this apparent 

discrepancy between the observed and simulated-bias corrected precipitation has been identified for 

higher amount of the precipitation.  



Chapter 5 

134 
 

 
Figure 5.4. Q-Q plot of the daily observed, uncorrected (DWT-ANN), and corrected (DWT-ANN-QM) 

precipitation as driven by the 8 GCMs for the calibration period (1978-1996) at the 12 weather 

stations. 

 

As earlier mentioned, to hone the skill of QM for correction of the future projected precipitation 

(2006-2100) of DWT-ANN, we trained it using the complete historic period (1978-2005) instead, 

leading to capture more frequent heavier precipitation events while being trained.   

 

5.4.3. Assessment of the DWT-ANN-QM model’s skill in reproduction of empirical cumulative 
distribution functions (ECDFs) 
 
The empirical cumulative distribution functions (CDFs) of the daily historic precipitation, 

uncorrected daily precipitation, simulated by DWT-ANN, and the corrected precipitation, simulated 

by DWT-ANN-QM, were illustrated for the calibration (1978-1996) (Figure 5.6) and validation 

(1997-2005) (Figure 5.7) subsets. As illustrated by Figure 5.6, the ECDFs of the corrected 

precipitation for the calibration and validation periods as driven by the eight GCMs, imitate closely 

those of the historic period. As shown, all of the corrected ECDS are very well matched to the 

observed ECDF so that they can be hard distinguished from each other; this is especially the case for 

the precipitation amounts exceeding 15-20 mm.  
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Figure 5.5. As in Figure 5.4, but for the validation period (1997-2005). Note that R1-R8 denote the 

Pearson correlation between the quantiles of the observed precipitation (1997-2005) and that of the 

daily corrected precipitation (DWT-ANN-QM) as driven by the 8 GCMs for the same period. 

 
By contrast, the uncorrected ECDFs are partially deviated from the observed ECDFs. Therefore, the 

positive effect of the bias correction with the QM model is clearly demonstrated. Similarly, a 

comparison was drawn between the ECDFs of the historic precipitation and those of the projected by 

the precipitation driven by the eight future GCMs (Figures 5.S4-5.S6) under RCPs 2.6, 4.5, and 8.5. 

As shown in Figure 5.S4, an overestimation of the projected precipitation resulted from increasing 

the projected wet spells (Figure 5.8) relative to the historic precipitation can be seen under RCP2.6 

at all weather stations. The lowest discrepancy was found at Samian station, whereas the highest 

discrepancy was identified at Kouzeh and Gilandeh stations.  

 

Interestingly, Gilandeh, Kouzeh, and Samian stations indicated the lowest standard deviations (SDs) 

as calculated for the historic period (Table 5.1) amounting to 60, 65, and 67, respectively. 

Nonetheless, the best match was recognized for Samian (Figure 5.S4j). It that can be ascribed to a 

lower percentage reduction (PR) (Eq. 2) as listed in Table 5.4 for the two selected predictors rather 

than PR calculated for Kouzeh having one selected predictor and Gilandeh consisting of three selected 

predictors.  



Chapter 5 

136 
 

 
Figure 5.6. Empirical cumulative distribution functions (ECDFs) for the historic precipitation, 

historic-uncorrected of DWT-ANN and historic corrected precipitation of DWT-ANN-QM for the 

calibration period (1978-1996), as driven by the 8 GCMs at the 12 weather stations. 

 

The same holds for the ECDFs of the precipitation projected under RCP4.5 (Figure 5.S5). As 

displayed for RCP8.5 (Figure 5.S6), at all stations, due to a considerable increase in wet days and 

thus precipitation amounts, a longer tail for the projected ECDFs can be discerned. 

 

5.4.4. Assessment of the DWT-ANN-QM model’s skill in simulation of dry and wet spells 

Wet and dry spells analysis should also be taken into account for the assessment of the reliability of 

the proposed downscaling approach. Indeed, knowledge of the wet and dry spell lengths and 

frequencies are important in water resource planning and management, particularly, in countries 

relying on hydropower generation (She, Mishra, Xia, Zhang, & Zhang, 2016).  

 

Throughout the literature, several definitions of wet/dry spell lengths are given; in this study the 

maximum number of consecutive days with precipitation greater/less than 0.1 mm/day,  
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Figure 5.7. As in Figure 5.6, but for the validation period (1997-2005). 
 

recommended for arid and low precipitation regions (Pervez & Henebry, 2014), was considered as 

the threshold. 

 

In Figures 5.8 and 5.9, the empirical occurrence/exceedance probabilities of the dry/wet spell 

lengths (Kannan & Ghosh, 2013) were plotted, respectively, at each weather station for both the 

historic and the DWT-ANN-QM simulated-bias corrected daily precipitation under all historic GCMs.  

 

The general pattern of the curves is typical for some hydrological extreme distribution observed in 

both figures. One may notice that the dry spells were better reproduced relative to the wet spells, 

although an overall overestimation of the exceedance probability and the lengths of the spells were 

nearly witnessed under all GCMs. The greatest mismatch can be seen for CNRM-CM5 (e.g. Ardebil, 

Hir, Kouzeh, Namin, Yamchi Olya), CSIRO-Mk3-6 (e.g. Abi Biglou, Nir), and GFDL-ESM2G (e.g. 

Gilandeh). Similarly, as shown in Figures 5.S7-5.S9, an overestimation for the exceedance 

probability and the length of dry spells were projected for RCP2.6, 4.5 and 8.5, respectively. The 

discrepancy between the reproduced historic wet spells and that of GCMs are much higher (Figure 

5.S9). Likewise, the same holds for the reproduced historic wet spells and that of the projections 

under RCP2.6, 4.5 and 8.5 (Figures 5.S10-5.S12). The reason for this peculiar behavior, which has 
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also been reported in previous studies, particularly in arid or semi-arid regions with often short 

rainfall bursts (Hu et al., 2013; Hughes & Guttorp, 1994; Z. Liu et al., 2011), may be due to the very 

short temporal dependence/small lag-correlation of the more extreme precipitation process (Hu et 

al., 2013). 

 

In addition, as the precipitation tends to typify a Markov process (Katz, 1977) in which a short 

memory or low temporal dependency is represented, especially in arid and semi-arid regions where 

the dry-spells constitute quite longer length of a precipitation time series, thereby resulting in a 

higher occurrence probability. As a Consequence, the proposed hybrid model could surpass 

reproduction of the dry spells rather than wet spells owing to this considerable probability of 

occurrence, while there are a much higher systematic overestimation between the historic and 

simulated-bias corrected of the wet spell occurrence probability (Figure 5.9). This discrepancy can 

be also attributed to the poor skill of the QM model at correcting higher amount of precipitation 

because these events are exceptional, and thus cannot adequately train the parameters of the QM 

model. As a consequence, QM cannot properly increase the amount of precipitation for the extreme 

events of the DWT-ANN simulated precipitation, but only an increase in the number of the wet days 

can counterbalance the underestimated extreme events to ensure a mean and standard deviation as 

witnessed by the historic period. Thus, the skill of QM in correction of storm events typifying intrinsic 

characteristic of precipitation in arid and semi-arid regions should be carefully taken into 

consideration. 

 

In addition, as explained earlier for the mismatches witnessed for Figure 5.5, GCM outputs have a 

propensity to over predict wet spells (Goddard et al., 2001; Nyunt et al., 2016). Hence, the longer tail 

of the reproduced wet spell occurrence probability over that of the observed data in the present study 

may be explained by such an intrinsic uncertainty induced by the used GCMs. The poor performance 

of two statistical downscaling methods in simulation of wet spells, as compared by Z. Liu et al. (2011), 

has been also documented. 

 

5.4.5. Projection of future precipitation via the DWT-ANN-QM model 

We forced the DWT-ANN-QM model to downscale the future precipitation (2006-2100) with the 

selected predictors of the 8 GCMs under three emission scenarios RCP2.6, 4.5, and 8.5 at the 12 

weather stations. The results of the middle future projection (2041-2070), however, in comparison 

with historic period (1978-2005) are here presented (Figures 5.10-5.16) and thus the projections 

of the near and distant future (2006-2040 and 2071-2100, respectively) are provided in the 

Supplementary (Figures 5.S13-5.S18).  Moreover, to better spot the differences between the future 

scenarios and the historic precipitation, the averages of the annual projected precipitation at all 

weather stations and for all time slices under the 8 GCMs, relative to that of the historic period are 

provided in Table 5.6.  

 

Figures 5.10-5.12 illustrate, depending on the GCM, the future monthly precipitation can get 

increase or decrease relative to the historic period (1978-2005). These variabilities are much 

pronounced in wet seasons, i.e. from January to May. Overall, the average of the monthly precipitation 

will increase, particularly during wet months (e.g. November, December, January, and February)  
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Figure 5.8. Exceedance probability of the dry spells for the daily observed precipitation and historic 
simulated-corrected precipitation of DWT-ANN-QM as driven by the 8 GCMs. 
 

 
Figure 5.9. As Figure 5.8, but for the wet spells. 
 
under RCP2.6 at all stations (Figure 5.10). Under RCP4.5 (Figure 5.11) the averages of the monthly 

precipitation will be less raised rather than that of RCP2.6. Nonetheless, a benevolent increase in the 

monthly average of the precipitation is projected under RCP8.5 (Figure 5.12).  
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Figure 5.10. Averages of the monthly precipitation for the historic and the future GCMs-driven 

projections for the middle future (2041-2070) under emission scenario RCP2.6. 

 

The reason for this peculiar behavior could be attributed to higher temperatures usually anticipated 

under RCP8.5, which in turn can lead to a higher amount of evapotranspiration, resulting in more 

precipitable water in the atmosphere. 

 

Hence, it will cause more propensity for precipitation occurrence (Huang et al., 2014), counteracting 

the generally witnessed decline in the precipitation during the historic period in the GRB (Ardabil 

Regional Water Authority, 2013). 

 

Our findings are corroborated by Pendergrass, Knutti, Lehner, Deser, and Sanderson (2017) in which 

on basis of comparing RCP8.5 projections for the end of the 21st century with recent decades, 

precipitation variability rises 3–4% 𝐾−1 globally, 4–5% 𝐾−1 across land, and 2–4% 𝐾−1over ocean 

and is considerably robust on a range of time scales from daily to decadal. Furthermore, their results 

demonstrated that this increase in variability can be as high as the average of precipitation and lower  
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Figure 5.11. As Figure 5.10, but under emission scenario RCP4.5. 
 

than moisture and extreme precipitation as shown by nearly all models, areas, and time scales. The 

changes can be associated with rising in the atmospheric moisture, although it has been partially 

mitigated by weakening circulations. Thus, the discrepancy spotted between RCP4.5 and 8.5 in the 

current study can be attributed as a natural variability, even under a warmer climate. 

 

The spatial variability of the middle future projected precipitation under the 8 GCMs relative to the 

historic precipitation at a seasonal scale has also been illustrated by Figures 5.13-5.16. Overall, the 

average of winter precipitation will rise under most of the GCMs and scenarios, although a decline in 

the future winter of 2041-2070 is anticipated for CSIRO-Mk3-6 (RCP2.6), GFDL-ESM2G (RCP4.5), 

GFDL-ESM2M (RCP8.5), and at some areas of the GRB under GFDL-ESM2G (RCP8.5), GFDL-ESM2M 

(RCP2.6), and GFDL-ESM2M (RCP4.5) (Figure 5.13). The maximum increase of the future winter is 

to be expected for CNRM-CM5 (RCP8.5), whereas the maximum decline for the same season covering 

the whole basin is anticipated to occur for CSIRO-Mk3-6 (RCP2.6). 
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Figure 5.12. As Figure 5.10, but under emission scenario RCP8.5. 
 
The increase in the future precipitation, including the winter (September, December, January, 

February, March,) across the GRB has also been projected by Javan et al. (2015) in the light of 

employing the PRECIS (Providing REgional Climates for Impacts Studies) climate model and 

considering B2 as a SRES (Special Report on Emissions Scenarios) scenario. 

 

The future spring precipitation is expected to be diminished, rather than the historic spring period 

of 1978-2005, under 16 GCMs/scenarios combinations (8 GCMs × 3 RCPs), while a rise in the future 

spring precipitation has been projected under 8 GCMs/scenarios combinations (Figure 5.14).  

 

The maximum rise and decline have been witnessed for GFDL-ESM2G (RCP4.5 and 8.5, yet with a 

partial difference in spatial distribution (see Figure 5.14k-l)) and HadGEM2-ES (RCP8.5), 

respectively.  
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Figure 5.13. Spatial distributions of relative change of the winter mean precipitation for the future 

time slice 2041-2070 in comparison with the reference period 1978-2005 under the 8 GCMs. Note 

that a positive and negative percentage indicate an increase and decline of the future winter 

precipitation compared with the reference period, respectively. 
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Figure 5.14. As in Figure 5.13, but for spring. 
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Figure 5.15. As in Figure 5.13, but for summer. 
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Figure 5.16. As in Figure 5.13, but for fall. 
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In contrast to the future winter (Figure 5.13), the future summer precipitation is projected to be 

considerably reduced under 20 GCMs/scenarios combinations, though 4 GCMs/scenarios show a rise 

in the precipitation (Figure 5.15). The maximum reduction and increase relative to the historic 

summer period 1978-2005 are anticipated for CSIRO-Mk3-6 (RCP4.5) and HadGEM2-ES (RCP2.6), 

respectively. 

 

Compared with the historic precipitation of fall for the period 1978-2005, the future projected fall 

precipitation for 2041-2070 has been prognosticated to be increased and decreased under 16 and 2 

GCMs/scenarios combinations, respectively (Figure 5.16). Nonetheless, the future fall precipitation 

may increase or decrease, depending on the spatial distribution as projected for 6 GCMs/scenarios 

combinations, including NorESM1-M (RCP2.6), CNRM-CM5 (RCP8.5), GFDL-ESM2G (RCP2.6), 

HadGEM2-AO (RCP8.5), and HadGEM2-ES (RCP4.5 and RCP8.5). In general, compared to our spatial 

analysis conducted for the four seasons hinting a rise in the future precipitation on average, the 

results of a large scale spatial projection of future precipitation (2020-2050) undertaken by Terink, 

Immerzeel, and Droogers (2013) are counterintuitive. They used nine GCMs and SRES A1B reflecting 

two time slices (2020-2030 and 2040-2050) to project different hydro-climate variables, including 

precipitation across the Middle East and North Africa (MENA). Having statistically downscaled the 

precipitation in the light of the GCMs, they have found that under the aforementioned future periods 

the annual precipitation is anticipated to be reduced around 5 to 10% across the GRB.  

 

In order to devise effective water resources management strategies of the river basin for adaptation 

to the anticipated future climate change impacts, the average of the annual precipitation for the 

historic period (1978-2005) and for the three future time slices (2006-2040, 2041-2070, and 2071-

2100) under the 24 GCMs/scenarios combinations (8 GCMs × 3 RCPs), capturing a plausible range of 

uncertainty of the future precipitation are summarized in Table 5.6.  

 

According to the number of the values that are below the historic annual average at each station, 

denoted by “*”, the GCMs are ordered from the wettest to the driest: CNRM-CM5, GFDL-ESM2G, 

NorESM1-M, CSIRO-Mk3-6, GFDL-ESM2M, HadGEM2-ES, MPI-ESM-MR, and HadGEM2-AO. The 

wettest and driest scenarios under NorESM1-M are anticipated for RCP8.5 (2041-2070) and RCP8.5 

(2071-2100), respectively. For CNRM-CM5, the same can be seen under RCP8.5 (2071-2100) and 

RCP2.6 (2006-2040), respectively. Similarly, the wettest and driest scenarios under CSIRO-Mk3-6 are 

obtained under RCP4.5 (2071-2100) and RCP8.5 (2006-2040), respectively. Under GFDL-ESM2G, the 

wettest and driest scenarios are anticipated for RCP2.6 (2071-2100) and RCP8.5 (2071-2100). 

Likewise, the wettest and driest scenarios under GFDL-ESM2M are observed under RCP8.5 (2006-

2040) and RCP8.5 (2071-2100), respectively. For HadGEM2-AO, the wettest and driest scenarios can 

be expected under RCP4.5 (2071-2100) and RCP8.5 (2041-2070), respectively. Under HadGEM2-ES, 

the wettest and driest scenarios are expected for RCP8.5 (2071-2100) and RCP8.5 (2041-2070), 

respectively. Ultimately, the wettest and driest scenarios under MPI-ESM-MR are anticipated for 

RCP8.5 (2071-2100) and RCP8.5 (2041-2070), respectively. 

 

Corroborating our findings, the study performed by Modarres, Ghadami, Naderi, and Naderi (2018) 

indicated that some increases in precipitation, particularly maximum rainfall has been projected.  
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Table 5.6. Average of the annual projected precipitation (mm) for each of the future time slices, RCPs, and GCMs, relative to the average of the 

annual historic precipitation (1978-2005) at all weather stations. 

       Weather station        

 GCM Scenario Time slice Abi Biglou Ardebil Gilandeh Hir Kouzeh Lay Namin Nir 
Pole 

Almas 
Samian 

Shams 
Abad 

Yamchi Olya 

 Historic 1978-2005 262 298 242 295 235 356 336 368 296 239 318 333 

NorESM1-M 

RCP2.6 

2006-2040 269 337 326 315 252 402 
 

358 
 

398 
 

311 
 

253 
 

327 
 

312* 
 

2041-2070 256* 342 311 309 232 397 
 

364 
 

413 
 

302 
 

253 
 

328 
 

311* 
 

2071-2100 237* 287* 255 276* 231* 343* 
 

331* 
 

357* 
 

274* 
 

225* 
 

306* 
 

297* 
 

RCP4.5 

2006-2040 269 342 323 312 228* 410 
 

375 
 

408 
 

311 
 

267 
 

333 
 

301* 
 

2041-2070 285 349 318 328 236 
 

404 
 

383 
 

380 
 

352 
 

256 
 

359 
 

308* 
 

2071-2100 237* 324 323 310 214* 
 

390 
 

348 
 

409 
 

344 
 

233* 
 

332 
 

291* 
 

RCP8.5 

2006-2040 300 351 329 314 248 
 

416 
 

378 
 

385 
 

331 
 

258 
 

334 
 

305* 
 

2041-2070W 295 365 366 330 205* 
 

411 
 

385 
 

381 
 

334 
 

259 
 

357 
 

312* 
 

2071-2100D 220* 290* 281 289* 187 L 
 

312* 
 

315* 
 

352* 
 

262* 
 

183 L 
 

301* 
 

259 L 
 

CNRM-CM5 

RCP2.6 

2006-2040 D 220* 239 * 244 268* 227* 307* 293* 351* 253* 212* 278* 287* 

2041-2070 291 351 271 359 323 410 404 447 338 277 378 372 

2071-2100 293 333 256 336 301 385 409 432 305 264 399 375 

RCP4.5 

2006-2040 271 299 232* 312 285 331* 359 394 319 245 332 350 

2041-2070 274 303 248 323 280 368 391 436 317 279 339 382 

2071-2100 303 352 266 368 358 380 418 448 384 294 384 388 

RCP8.5 

2006-2040 274 285* 245 323 271 357 362 400 289 248 327 356 

2041-2070 273 326 241 326 296 367 400 405 306 256 367 349 

2071-2100W 311 386 256 383 346 402 448 496 367 309 395 429 

CSIRO-Mk3-
6 

RCP2.6 

2006-2040 295 348 266 321 288 364 369 399 344 288 349 396 

2041-2070 244 292* 233* 273* 208* 318* 310* 338* 274* 235* 297* 311* 

2071-2100 324 393 279 380 335 438 396 453 389 306 351 517 

RCP4.5 

2006-2040 237 279* 188* 255* 198* 322* 283* 318* 267* 194* 275* 323 

2041-2070 256 320 246 312 275 351* 340* 359* 308 231* 301* 392 

2071-2100W 369H 358 308 428H 387H 433 457H 485 385 324 349 527H 

RCP8.5 
2006-2040D 244* 261* 186 L 252* 203* 310* 287* 298 L 255* 193* 288* 309* 

2041-2070 306 340 248 353 335 376 411 437 317 269 322 455 
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2071-2100 336 372 295 392 303 382 409 414 360 301 319 476 

GFDL-
ESM2G 

RCP2.6 

2006-2040 296 344 261 326 278 406 362 426 320 298 382 377 

2041-2070 291 326 261 316 254 369 348 404 306 296 371 340 

2071-2100W 299 372 390H 391 305 443 377 512H 346 361H 424H 400 

RCP4.5 

2006-2040 296 366 300 364 294 404 364 445 345 296 369 384 

2041-2070 256* 315 282 325 270 369 300* 424 278* 301 342 332* 

2071-2100 280 312 267 311 259 368 333* 393 294* 288 374 338 

RCP8.5 

2006-2040 288 362 314 361 289 422 358 477 344 335 373 378 

2041-2070 253* 316 292 327 263 357 312* 409 293* 304 346 332* 

2071-2100D 218 L 256* 235* 269* 227* 306* 259 L 349* 225L 233* 325 283* 

GFDL-
ESM2M 

RCP2.6 

2006-2040 249* 284* 233* 289* 218* 360 340 392 286* 246 312* 353 

2041-2070 265 317 267 326 258 421 370 425 358 285 360 396 

2071-2100 282 309 254 305 231* 406 344 388 358 251 335 349 

RCP4.5 

2006-2040 297 331 283 346 251 457 393 454 400 306 398 436 

2041-2070 228* 278* 213* 283* 219* 348* 315* 345* 298 226* 293* 336 

2071-2100 260* 261* 248 291* 227* 395 326* 377 342 271 336 397 

RCP8.5 

2006-2040W 297 365 316 371 261 487H 400 455 405H 307 391 447 

2041-2070 260* 304 235* 288* 221* 388 326* 362* 327 255 317* 363 

2071-2100D 225* 233L 203* 265* 265 304 L 292* 334* 280* 242 274* 362 

HadGEM2-
AO 

RCP2.6 

2006-2040 292 322 235* 263* 233* 348* 337 370 275* 234* 299* 366 

2041-2070 300 345 244 264* 198* 323* 340 378 250* 239 312* 374 

2071-2100 315 327 256 272* 260 384 354 405 294* 261 320 393 

RCP4.5 

2006-2040 353 375 227* 275* 268 388 387 454 277* 270 358 426 

2041-2070 292 319 238* 293* 215* 320* 349 359* 243* 226* 322 363 

2071-2100W 359 386 263 287* 248 403 350 419 322 274 383 434 

RCP8.5 

2006-2040 254* 271* 222* 269* 203* 305* 313* 324* 243* 214* 278* 309* 

2041-2070D 261* 275* 219* 243L 195* 308* 296* 327* 236* 196* 266 L 319* 

2071-2100 363 364 232* 273* 267 358 312* 384 329 306 367 441 

HadGEM2-
ES 

RCP2.6 

2006-2040 260* 319 243 285* 233* 355* 366 367* 304 243 304* 335 

2041-2070 295 343 278 357 263 390 389 372 333 284 365 353 

2071-2100 270 320 276 341 255 423 360 367* 314 278 328 345 

RCP4.5 2006-2040 273 306 260 326 245 387 358 361* 301 266 332 326* 
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2041-2070 255* 280* 230* 295 202* 330* 301* 342* 281* 223* 289 335 

2071-2100 273 332 244 299 241 364 338 367* 305 285 339 349 

RCP8.5 

2006-2040 241* 279* 220* 281* 215* 328* 324* 326* 282* 234* 278* 316* 

2041-2070D 238* 286* 223* 284* 214* 322* 302* 339* 271* 228* 288* 324* 

2071-2100W 325 397H 302 396 324 465 399 450 383 320 392 402 

MPI-ESM-
MR 

RCP2.6 

2006-2040 250* 293* 251 309 240 358 336 354* 301 238* 310* 333 

2041-2070 278 319 280 333 249 368 370 378 333 240 351 355 

2071-2100 286 312 254 332 269 355* 351 380 294* 230* 331 336 

RCP4.5 

2006-2040 265 295* 259 296 244 358 321* 350* 309 229* 311* 318* 

2041-2070 298 305 276 329 259 376 352 343* 321 245 347 351 

2071-2100 261* 281* 246 298 251 331* 324* 329* 290* 208* 291* 313* 

RCP8.5 

2006-2040 250* 292* 223* 279* 220* 346* 309* 354* 276* 239 279* 317* 

2041-2070D 268 266* 246 295 253 310* 316* 321* 266* 200* 307* 302* 

2071-2100W 329 362 325 372 309 379 411 380 361 208* 330 369 

Note: The average of the precipitation for the historic period (1978-2005) is given in “bold” for all stations. * indicates the averages of the projected precipitation that are below that 
of the historic period.  L and H denote the lowest and highest average of the precipitation projected under all scenarios and the three-time slices at each weather station, respectively. 
D and W denote the driest and wettest scenario identified for each of the GCMs, respectively. 
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They projected the variability of the maximum daily rainfall across the north and North West of 

Iran for the future period 2020–2049 under 6 GCMs and two scenarios A2 and B1. Their results 

showed that a change between -16 to 7% under scenario A2 can be expected for this region. 

Similarly, depending on the used GCM, maximum rainfall can vary from -16 to 10% under 

scenario B1, compared to the reference period (1981-2010). 

 

5.5. Conclusions 

 

In spite of ongoing intensive research on developing of advanced statistical downscaling models, 

downscaling of global GCM-precipitation at local/station level, in arid and semi-arid regions 

especially, for climate change impact assessment studies has remained a formidable challenge. In 

the current study, we proposed a new nonparametric hybrid statistical downscaling model in 

which discrete wavelet transform (DWT), artificial neural network (ANN), and quantile mapping 

(QM) have promisingly been integrated to downscale the historic (1978-2005) and future (2006-

2100) daily precipitation in the Gharehsoo River Basin (GRB) in northwestern Iran at 12 weather 

stations.  

 

The proposed hybrid downscaling algorithm, DWT-ANN-QM, has been assessed by means of 

different statistical measures, including Taylor diagram (Figure 5.3), Q-Q plot analysis for both 

calibration and validation subsets (Figures 5.4-5.5), empirical cumulative distribution functions 

(ECDFs) for the calibration and validation subsets (Figures 5.6-5.7) and future periods (Figures 

5.S4-5.S6). In addition, the skill of DWT-ANN-QM was evaluated in terms of reproduction of dry 

and wet spells for both the historic (Figures 5.8-5.9) and future periods (Figures 5.S7-5.S12).  

 

Findings showed that the DWT-ANN-simulated precipitation was, to a great extent, improved due 

to the post processing implemented using the QM algorithm. As illustrated by the Q-Q plot 

(Figures 5.4-5.5), the QM model could deliver quite satisfactorily correction for the unseen 

data/validation set. Likewise, as indicated by Figures 6 and 7, one can clearly see how the ECDF 

of the simulated bias-corrected time series imitates that of the observed time series in 

comparison with the uncorrected/simulated time series.  

 

Despite the fact that the dry spells are satisfactorily reconstructed by the hybrid model, a 

systematic overestimation for the exceedance probability and the length of the wet spells can be 

noticed. This discrepancy can be associated with insufficient training of the QM model for 

correcting higher amount of precipitation because these events are exceptional. Thus, QM cannot 

properly augment the amount of precipitation for the extreme events of the DWT-ANN-simulated 

precipitation, but it only could counterbalance the underestimated extreme events in the wake of 

rising the number of the wet spells in order to ensure the same mean and standard deviation as 

witnessed for the historic period. Nonetheless, the skill of the hybrid model for reproduction of 

dry- and wet-spells should particularly be tested in regions with more humid climates where a 

higher temporal correlation/memory for the precipitation time series is expected. 

 

Overall, relative to the historic period (1978-2005), the average of winter precipitation will rise 

under most of the GCMs and scenarios (Figure 5.13), while under 16 GCMs/scenarios 

combinations a decline in the spring precipitation is expected. The more pronounced reduction 

in the future precipitation has been projected for summer under 20 GCMs/scenarios 
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combinations. Similar to the future winter, an increase in the future fall, relative to the historic 

period, under 16 GCMs/scenarios combinations has been prognosticated.  

 

Considering the numbers of GCMs/scenarios that fall below the historic average of precipitation 

at each station, CNRM-CM5 and HadGEM2-AO have been identified as the wettest and driest 

GCMs, respectively.  

 

In summary, based on the projections carried out by the proposed hybrid model ANN-DWT-QM, 

the future precipitation across the GRB will be more or less increased under all of the 8 GCMs. 

 

Due to that fact that the proposed nonparametric statistical downscaling model has been 

developed in a semi-arid climate, it should be evaluated further in other, more tropical and humid 

climate zones, where a higher temporal interdependency between precipitation events is 

expected. With regard to the GRB’s water resources management plans to cope with the future 

changing climate, since the irrigation operations are mainly scheduled during the summer, it is 

proposed that to retain flood water during the future-predicted wetter winter months by means 

of managed aquifer recharge systems, thus sustaining streamflow for the future drier spring and 

summer months. 
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Appendix of Chapter 5 
 
 

 
Figure 5S.1. Decomposition tree (filter bank) applied in the current DWT at 4 levels. h[n] and 
g[n] denote high and low pass filters, respectively, at the different sub-sampling levels. Note the 
inverted notations of h[n] and g[n] from those in the text. 
 

 

 
Figure 5S.2. 4-level wavelet decomposition of 1978-2005 NCEP- standardized specific humidity 
at 500 hPa, using the Daubechies' orthogonal (db4) wavelet. 
 

 

https://en.wikipedia.org/wiki/Ingrid_Daubechies


Chapter 5 

160 
 

 
Figure 5S.3. The architecture of discrete wavelet transfer coupled to multilayer perceptron 
(MLP) neural networks bearing one hidden layer (revised from Venkata Ramana et al. (2013)). 
 

 

 
Figure 5S.4. ECDFs of the historic and GCMs-driven projections for the daily precipitation under 
RCP2.6. 
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Figure 5S.5. As in Figure S4, but under RCP4.5. 
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Figure 5S.6. As in Figure S4, but under RCP8.5. 
 

 
Figure 5S.7. Exceedance probability of the dry spells for the historic and GCMs-driven 
projections under RCP2.6. 
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Figure 5S.8. As in Figure S7, but under RCP4.5. 
 

 

 
Figure 5S.9. As in Figure S7, but under RCP8.5.  
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Figure 5S.10. As in Figure S7, but for the wet spells. 
 

 
Figure 5S.11. As in Figure S10, but under RCP4.5. 
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Figure 5S.12. As in Figure S10, but under RCP8.5. 
 
 

 
Figure 5S.13. Averages of the monthly precipitation for the historic and GCMs-driven projections 
for the near future (2006-2040) under scenario emission RCP2.6. 
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Figure 5S.14. As in Figure S13, but for the distant future (2071-2100). 
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Figure 5S.15. As in Figure S13, but for the near future (2006-2040) and under RCP4.5. 
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Figure 5S.16. As in Figure S15, but for the distant future (2071-2100). 



Chapter 5 

169 
 

 
Figure 5S.17. As in Figure S13, but for the near future (2006-2040) and under RCP8.5. 
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Figure 5S.18. As in Figure S17, but for the distant future (2071-2100). 
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Chapter 6: How Do Gaining and Losing Streams React to Combined Effects of Climate Change and Pumping in the Gharehsoo River Basin, Iran? 

 

Abstract 

Projections of potential impacts of climate change and groundwater abstraction on gaining and losing 

streams, particularly in ephemeral river basins exhibiting sporadic and intricate flux exchanges, have 

remained largely unexplored. To fill this gap, we propose a promising modeling scheme based on the 

new fully integrated hydrological model SWAT-MODFLOW-NWT, calibrated and validated for 1978-

2012, to quantify the intertwined surface-groundwater interactions under a conjuncture of three 

climatic emission scenarios (RCP 2.6, 4.5 and 8.5) and two groundwater pumping variants: 

“pumping” (extending current groundwater utilization into the future) and “nonpumping” (assuming 

a complete cease of pumping in the future). By forcing the integrated model with future downscaled 

climate predictors of CanESM2 under the aforementioned RCPs for three time slices up to year 2100, 

projections of various water resources components for the Gharehsoo River Basin (GRB) in 

northwestern Iran were made. Results demonstrate that because of a general decrease of future 

precipitation, though with ups and downs across the total projection period, most of the surface and 

-subsurface budget quantities and fluxes are substantially affected. In particular, future groundwater 

discharge (baseflow) to the gaining streams will be more influenced by the pumping variant 

(increasing and decreasing for “nonpumping” and “pumping”, respectively) than the concentrated 

groundwater recharge from the losing streams (decreasing and increasing for “nonpumping” and 

“pumping”, respectively). Future water yield and groundwater storage will also diminish and, 

surprisingly, this cannot be alleviated by future “nonpumping”, indicating that groundwater 

overutilization is the compelling reason for the future water scarcity in the GRB, rather than climate 

change alone. 

Keywords: Losing streams, gaining streams, climate change scenarios, baseflow, 
concentrated groundwater recharge, pumping variants 

5.3. Introduction 

According to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC), 

“climate change over the 21st century is projected to reduce renewable surface water and 

groundwater resources in most dry subtropical regions (robust evidence, high agreement), 

intensifying competition for water among sectors (limited evidence, medium agreement)” (IPCC, 

2013). In fact, water resources have been affected by global change all over the world in a wide verity 

of unpredictable ways (Green et al., 2011; Mani et al., 2016).  
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Potential impacts of climate change on surface hydrological processes have been discussed in further 

details, but as emphasized by Bovolo, Parkin, and Sophocleous (2009); Green, Taniguchi, and Kooi 

(2007); Green et al. (2011); Holman 2006); Nistor and Mindrescu (2019); Nkhonjera and Dinka 

(2017), not many studies have drawn attention to impacts posed on the subsurface hydrological 

processes. 

 

Surface water resources are directly affected by climate change impacts, owing to changes in the 

major long-term hydro-climate variables, such as air temperature, precipitation, and 

evapotranspiration. However, groundwater resources are inextricably interwoven with the changing 

climate variables, thereby posing formidable difficulty in quantifying their potential impacts (P. 

Goderniaux et al., 2009; Jyrkama & Sykes, 2007; Sanderson & Curtis, 2016). Groundwater-resources 

response to climate change occurs directly through the flux exchange with surface water bodies, 

including lakes, wetlands, and river networks (Dwire, Mellmann-Brown, & Gurrieri, 2017; 

Goderniaux et al., 2011; P. Goderniaux et al., 2009; Jacek Scibek, Allen, Cannon, & Whitfield, 2007; 

Taviani & Henriksen, 2015; van Engelenburg et al., 2018; Yidana, Vakpo, Sakyi, Chegbeleh, & Akabzaa, 

2019). 

 

 Groundwater reaction to climate change effects takes place indirectly via the recharge processes 

(Bovolo et al., 2009; Crosbie, McCallum, Walker, & Chiew, 2010; Erturk et al., 2014; Gemitzi, Ajami, & 

Richnow, 2017; Ghazavi & Ebrahimi, 2019; Goodarzi, Abedi-Koupai, Heidarpour, & Safavi, 2016; 

Jyrkama & Sykes, 2007; Kahsay, Pingale, & Hatiye, 2018; Nassery & Salami, 2016; Riasati et al., 2012; 

J. Scibek & Allen, 2006; Shrestha, Bach, & Pandey, 2016; Smerdon, 2017). In addition, dependency on 

the groundwater consumption can be increased in the wake of less availability of surface water under 

a changing climate (Goodarzi, Abedi-Koupai, & Heidarpour, 2019). Furthermore, the interactions 

between climate change and groundwater may become even increasingly complex due to 

anthropogenic activities (Ashwell, Peterson, & Hendricks, 2017), such as land-use change (LUC) 

(Mohamed, Leduc, Marlin, Wague, & Cheikh, 2017; R. G. Taylor et al., 2013), and groundwater 

abstractions (W. Liu et al., 2020). 

 

The fluctuations of the flow in gaining and losing streams in a river network connected hydraulically 

to the aquifers are highly associated with the recharge variabilities (M. Taie Semiromi & Koch, 2019). 

In addition, since climate change produces major effects on the recharge rate, providing a reliable 

estimation of the latter necessitates simulation of the atmospheric, surface, and subsurface 

hydrologic processes, using a fully integrated mechanistic hydrological model (P. Goderniaux et al., 

2009).  

 

Recharge amounts can be estimated using a wide variety of techniques ranging from simple to 

complex approaches. These are conventionally classified as water budget-based methods (Tilahun & 

Merkel, 2009), groundwater modeling techniques (J. W. Chen, Kuo, & Lin, 2016), surface-water data-

based techniques (Meyboom, 1961), physical methods: unsaturated zone (Min, Shen, & Pei, 2015), 

physical methods: saturated zone (Varni, Comas, Weinzettel, & Dietrich, 2013), chemical tracer 

approaches (Wu, Wang, Zhang, Cui, & Zhang, 2016), and heat tracer methods (Taniguchi & Sharma, 

1993). Notwithstanding their differences, none of the aforementioned approaches can address flux 
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and feedback exchanges taking place between the surface and groundwater domains. Due to the fact 

that the meteoric infiltration (recharge) is reliant upon precipitation and evapotranspiration over 

the land surface, evapotranspiration within the vadose and saturated zones, and, ultimately, river-

aquifer interactions, this feedback becomes an inherent component of the water cycle.  Thus, to 

accurately quantify these processes, applying a fully integrated mechanistic hydrological model is 

inevitable. This is owing to the fact that the involved processes, including the flux feedback, can be 

simulated both simultaneously and separately. Taking into consideration either one part of the 

hydrological system, namely, surface water or groundwater, will yield unrealistic, inaccurate, and 

potentially unusable results in the context of climate change impact assessments (P. Goderniaux et 

al., 2009). 

 

Despite the big advantages of using fully integrated mechanistic models for the assessment of climate 

change impacts on the subsurface hydrological components, most studies have enjoyed employing 

simplified schemes thus far for such a purpose. For instance, Z. H. Chen, Grasby, and Osadetz (2002) 

investigated climate change impacts on a Canadian aquifer using a simple linear transfer function 

which connected the groundwater head fluctuations to the variabilities of precipitation and 

temperature. Obviously, these types of simplifications between recharge and groundwater head 

introduce considerable uncertainty. To reduce the latter created as a result of an independent 

assessment of surface and groundwater domains under a changing climate, fully coupled/integrated 

physics-based and spatially-distributed hydrological models have recently come to the fore (Taviani 

& Henriksen, 2015). Thus far, a number of fully coupled surface-subsurface hydrological models have 

been developed, such as HydroGeoSphere (Philip Brunner & Craig T. Simmons, 2012), CATHY 

(Camporese, Paniconi, Putti, & Orlandini, 2010), ParFlow (Maxwell, Chow, & Kollet, 2007), InHM 

(VanderKwaak & Loague, 2001), OGS (Kolditz et al., 2012), and SWAT-MODFLOW-NWT (Bailey et al., 

2016). In comparison with other integrated physic-based hydrological models, SWAT-MODFLOW-

NWT takes advantages of two models, namely, SWAT and MODFLOW-NWT, where either is the most 

commonly used model for surface and subsurface hydrological modeling, respectively. SWAT-

MODFLOW-NWT has been developed in a manner to produce a complementary ability for having the 

advantages of either of the two models, while overcoming the potential disadvantages when they are 

used individually (M. Taie Semiromi & Koch, 2019). Conventionally, surface and subsurface 

hydrological models have mostly been coupled with the aim of quantifying the interactions between 

a river network and its adjoining groundwater system (W Bejranonda et al., 2007; Kalbus et al., 

2006). 

 

Employing physically-based hydrological modeling approaches, taking into consideration both 

surface and subsurface processes in order to project the climate change impacts on surface-

groundwater interactions, has not been well documented as of yet.  To that respect, a few studies have 

investigated the interconnection between a groundwater system and a river network under a 

changing climate (Goderniaux et al., 2011; P. Goderniaux et al., 2009; Goderniaux, Brouyere, 

Wildemeersch, Therrien, & Dassargues, 2015; Saha, Li, Thring, Hirshfield, & Paul, 2017; Jacek Scibek 

et al., 2007). Moreover, a few works have explored the response of groundwater-dependent 

ecosystems, including wetlands, lakes, and riparian areas to climate change scenarios (Dwire et al., 
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2017; Havril, Tóth, Molson, Galsa, & Mádl-Szőnyi, 2017; Klove et al., 2014; Taviani & Henriksen, 2015; 

van Engelenburg et al., 2018). 

 

Although in previous studies climate change impacts on one of the compartments of surface water or 

groundwater has been projected, the climate change impacts upon the surface-groundwater 

interactions, as reflected in gaining (effluent) and losing (influent) streams, groundwater storage, 

and the ultimate product of the water cycle in a basin, namely, the so-called water yield, have not 

been assessed so far. In this regard, Jacek Scibek et al. (2007) studied groundwater heads and 

streamflow hydrographs under climate change- and groundwater pumping scenarios. However, they 

did not assess the impacts of climate change and pumping scenarios on the gaining and losing 

streams, where the flux exchanges between groundwater domain and river network (Alvarez-Villa, 

Cassiraga, & Sahuquillo, 2014; Baalousha, 2012). P. Goderniaux et al. (2009), Goderniaux et al. (2011) 

and Goderniaux et al. (2015) projected climate change impacts on surface and groundwater 

components using the HydroGeoSphere (HGS) model, a finite-element coupled surface-subsurface 

flow model (P. Brunner & C. T. Simmons, 2012). However, the central focus of these studies was to 

provide groundwater head and streamflow fluctuations under the Special Report on Emission 

Scenarios (SRES) A2 emission (medium-high) scenario. Thus, a spatio-temporal analysis of the 

climate change scenario on the surface-groundwater interactions represented by the gaining/losing 

streams in relation to their adjoining groundwater domain was not conducted. Notwithstanding the 

previous studies, Saha et al. (2017) explored the groundwater discharge/baseflow generated from 

gaining reaches under climate change scenarios A2 and B1 of SRES using a physically based and 

distributed model, i.e. Gridded Surface Subsurface Hydrologic Analysis (GSSHA). Although the 

baseflow supplied by the gaining streams was projected for 2020-2040 for different temporal scales, 

the spatial variability of this water component across the Kiskatinaw River Watershed in British 

Columbia, Canada, was not evaluated. In addition, the potential impacts of climate change on the 

concentrated groundwater recharge produced by the losing streams/reaches towards the shallow 

groundwater were not taken into consideration. 

 

Given the mentioned research gaps in the assessment of climate change impacts on surface-

groundwater interactions, in the current study, we introduce a new hybrid modeling scheme for a 

comprehensive assessment of climate change effects on different tangible components of the 

hydrological cycle, in particular, the surface-groundwater flux exchange. To that end, we will benefit 

from a recently developed and well-tested fully coupled hydrological model, namely, SWAT-

MODFLOW-NWT (Bailey et al., 2016; M. Taie Semiromi & Koch, 2019), in which the land surface 

processes, in-stream-, vadose zone-, and subsurface hydrological processes are efficiently and 

consistently coupled. In the light of using this coupled model, highly resolved spatio-temporal 

outputs of baseflow/groundwater discharge resulting from the gaining streams, as the conventional 

output of most hydrological models, in response to various climate change scenarios are projected. 

Additionally, the same projections are made for the losing streams where much of the groundwater 

recharge takes place. In addition to the surface-groundwater exchange processes, this model enables 

one to assess a wide range of other water resources components of a catchment, such as groundwater 

storage, total streamflow, and water yield in response to the climate change effects.  
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There is an urgent necessity for climate impact- and hydrological studies in the Gharehsoo River 

Basin (GRB), located in northwestern Iran where an intermittent/seasonal drainage network dictates 

a complex surface-groundwater interaction mechanism. Firstly, inasmuch as the study area is located 

in a mountainous region, it is expected to be more sensitive to global climate change (Huber, 

Bugmann, & Reasoner, 2005; Shi & Durran, 2014), as is the case for many mountainous areas of the 

world (e.g. the Andes and the Himalayas (Hu et al., 2013)). Secondly, as reported by IPCC (2013), in 

many mid-latitude and subtropical dry regions, such as the GRB, the mean precipitation will most 

likely decrease in the future. This will have, as a result, enormous adverse impacts on the water 

availability in the GRB. For these reasons, projections of spatio-temporal impacts of climate on a wide 

range of water resources components, particularly those supplied by gaining and losing streams 

under different emission scenarios, are very important for proposing effective adaptation and 

mitigation strategies in this region. 

 

Thirdly, the fragile balance between water supply and demand has recently been lost in the GRB and, 

supposedly, the ongoing climate change impacts will further worsen the situation. To that respect, 

Ardabil Regional Water Authority (2013) has expressed a need for climate change impacts 

assessment studies on the various water resources components of this basin. This is especially 

required in the GRB where the low-flows, as a highly transient flow, are dependent on the sporadic 

and intricate interactions between the shallow groundwater and losing/gaining streams. In fact, 

these low-flows can supply a major fraction of agricultural, industrial, and domestic consumptions 

for this basin, especially, during dry periods, i.e. summer. 

 

Thus, the objective of this study is aimed to advance our understanding of gaining and losing streams 

under climate change impacts by employing a fully integrated hydrological model, SWAT-

MODFLOW-NWT, as the latter can resolve several simplifications considered in previously 

mentioned studies. Above all, in this study, a recently developed state-of-the-art hybrid model 

employing Artificial Neural Networks (ANNs), Discrete Wavelet Transform (DWT) and Quantile 

Mapping (QM) is used for the downscaling of daily precipitation (M. Taie Semiromi & Koch, 2017). 

Moreover, this study makes use of the Second Generation Canadian Earth System Model’s (CanESM2) 

developed by Canadian Centre for Climate Modeling and Analysis (CCCma) climate projections which 

are available under three Representative Concentration Pathways (RCPs), namely RCP 2.6, RCP 4.5 

and RCP 8.5. Moreover, to distinguish man‐made effects from climate change impacts on surface‐

groundwater interactions, the projections will be made under two further variants, namely, (1) 

“nonpumping” variant (undisturbed system: assuming a complete cease of pumping in the future) 

and (2) “pumping” variant (disturbed system: extending the current groundwater utilization into the 

future). 

 

6.2. Application area 

6.2.1. Gharehsoo River Basin  

The Gharehsoo River Basin (GRB), situated in the northwest of Iran (Figure 6.1a), covers an area of 

4193 𝑘𝑚2. It is located between latitudes 37° 46ʹ-38° 36ʹ N and longitudes 47° 46ʹ- 48° 42 ʹ E (Javan 
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et al., 2015). Recognized as a semi-arid region, dry and wet seasons of the GRB span from May to 

October and November to April, respectively. Considering the historical daily records obtained from 

synoptic meteorology stations of the Iran Meteorological Organization and climatology stations of 

the Iran Ministry of Energy in the study area, the hydro-climate variables, including daily minimum 

and maximum temperature and precipitation of 12 weather stations (Figure 6.1b), distributed over 

the GRB for the observed period 1978-2005, were collected. The statistics and geographical 

characteristics of the selected weather stations are listed in Table 6.1. On average, the annual 

precipitation across the GRB is around 305.90 mm (Table 6.1), however, this average varies spatially 

from 267.11 mm for the plain area/aquifer of the basin to 357.36 mm in the mountainous zone 

(Figure 6.1b). The precipitation falls mainly in the cold months, i.e. November to April. According to 

the Köppen climate classification, the prevailing climate in this region is “cold and semi-arid” (BSk).  

 

6.2.2. Ardabil Aquifer 

The Ardabil plain/aquifer (38°30ʹ–38°27ʹ N and 47°55ʹ –48°20ʹ E), located within the GRB, covers an 

area of 1073 𝑘𝑚2 (Figure 6.1 a-d). The aquifer is encircled by two high mountains, Alborz and 

Sabalan. On average, the areal annual precipitation over the aquifer is about 270 mm, and the 

prevailing climate identifies May and August as the wettest and driest months of the year, 

respectively (Ardabil Regional Water Authority, 2013; V. Nourani et al., 2015). With an average 

temperature of 9° C, the Ardabil aquifer is known for being one of the coldest regions in Iran, as 

characterized by an average of 130 freezing days in a year (Vousoughi et al., 2013) (Table 6.2). 

Demographically, according to the national census conducted in 2011, the population of the plain is 

around 564,000 that inhabits two big cities, including the provincial city Ardabil, and 88 villages 

(Statistical Center of Iran, 2011). Farming is the major professional occupation in this plain. As a 

result of massive expansion of Ardabil city, developing irrigated agriculture and industrial 

developments, an increasing pressure on the aquifer has been exerted since the 1980s. The annual 

water consumption of the drinking, industrial, and agricultural sectors amounts to 26, 4, and 177 

million cubic meters per year (MCM/yr), respectively; out of which 89% is obtained from 

groundwater (Ardabil Regional Water Authority (2013). The groundwater supply emanates from 

2,622 active pumping wells, 36 qanats, and 77 springs operating across the Ardabil aquifer (K. Kord 

& Asghari Moghaddam, 2014). 

 

6.2.3. Hydrogeology and model boundary conditions 

Quaternary alluvial deposits resulting from the erosion of the Alborz and Sabalan mountains form 

the Ardabil plain (Figure 6.2a) (K. Kord & Asghari Moghaddam, 2014). In the light of geophysical 

surveys, pumping test analysis, and drilling logs undertaken for the Ardabil aquifer which can 

provide useful information on the structure of aquifer systems (Jellalia et al., 2015), the Ardabil 

aquifer is found to be composed of gravel, sand and a small fraction of clay. The aquifer can be divided 

into two layers, including a major uppermost unconfined aquifer, with a thickness varying from 20 

to 40 meters, and a tiny confined layer within its central part.  

https://en.wikipedia.org/wiki/K%C3%B6ppen_climate_classification
https://en.wikipedia.org/wiki/Semi-arid_climate
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Figure 6.1. Geographical location of the Gharehsoo River Basin (GRB) on Iran’s map (a), spatial 
variation of the precipitation averaged for the historic period and location of the meteorological 
stations considered in this study as well as the position of the aquifer/Ardabil plain on the basin (b), 
digital elevation model (DEM) of the GRB (c), and landuse/landcover map of the basin along with the 
drainage network pattern over the basin and the modeled area/Ardabil aquifer (d).  
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Table 6.1. Statistics of the precipitation recorded for the reference period 1978-2005 at 12 weather 
stations distributed over the GRB. 
Climate 

station 

    Latitude   

(° N) 

Longitude 

(° E) 

Elevation 

(m) 

Minimum 

(mm) 

Maximum 

(mm) 

Average 

(mm) 

Standard 

deviation (mm) 

Abi Biglou 38.28 48.56 1348.00 89.38 429.80 262.43 79.17 

Ardebil 38.22 48.33 1335.20 189.34 534.11 298.57 83.14 

Gilandeh 38.31 48.37 1341.00 163.00 361.00 241.72 60.19 

Hir 38.08 48.51 1594.00 173.03 499.50 294.66 91.80 

Kouzeh  38.12 48.37 1402.00 120.00 357.00 235.30 64.78 

Lay 38.12 47.91 2038.00 194.61 580.16 356.21 95.15 

Namin 38.41 48.47 1405.00 269.50 439.23 335.95 55.38 

Nir 38.04 48.02 1623.00 226.00 714.50 368.11 120.67 

Pole Almas 38.16 48.20 1480.00 152.00 492.00 296.41 76.60 

Samian 38.37 48.25 1286.00 157.61 492.50 239.09 67.23 

Shams Abad 38.00 48.25 1534.00 170.00 642.00 317.77 125.77 

Yamchi Olya 38.04 48.50 1594.00 209.79 

 

 

 

 

 

  

586.42 333.19 95.25 

 

Table 6.2. Same as Table 6.1, but for the min and max temperature. 

Climate 
station 

Latitude 
(° N) 

Longitude 
(° E) 

Elevation 
(m) 

Tmax/Tmin
 (° C) 

Minimum 
 (° C) 

Maximum 
(° C) 

Average 
(° C) 

Standard 
deviation (° C) 

Ardebil 38.22 48.33 1335.20 
T Max -12.00 39.80 15.43 9.49 

T Min -33.80 21.00 2.77 8.18 

Airport  38.33 48.42 1314.30 
T Max -11.18 38.34 15.00 9.09 

T Min -36.89 19.83 0.95 8.51 

Namin  38.42 48.49 1480.20 
T Max -8.23 47.93 15.14 10.32 

T Min -30.96 18.17 1.85 7.33 

Nir 38.04 48.03 1593.00 
T Max -13.60 39.65 14.60 9.75 

T Min -33.28 16.15 -0.27 7.37 

Sareyn 38.15 48.08 1658.30 
T Max -14.57 37.00 11.34 9.00 

T Min -28.66 23.52 4.60 7.80 

Note that although some of the stations’ names are similar in Tables 6.1 and 6.2, they have different 
geographical positions, as they are operated by two different authorities, i.e. Iran Meteorological Organization 
(IRIMO) and Iran Ministry of Energy. 

 

However, since these two layers are laterally hydraulically connected, isolating them from one 

another cannot be a plausible option, especially, when a surface-groundwater interaction 

investigation is aimed. Most of the pumping wells have been drilled through the unconfined aquifer, 

with only a small fraction penetrating into the lower layer which lies between a depth of 110 and 220 

m (M. Kord, Asghari Moghaddam, & Nakhaeei, 2013). The thickness of the alluvium gradually 

decreases from east to west. The greatest alluvial thickness of the aquifer, reaching to 220 meters 

and representing a thick saturated zone, composed mainly of coarse grain sediments, is located in 

the east and southwest parts of the plain/aquifer. The groundwater heads measured by the 
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piezometric stations, used for monitoring the qualitative and quantitative characteristics of the 

groundwater in the Ardabil aquifer, are employed to draw the groundwater contour map, as well as 

to delineate the flow direction (Figure 6.2b). The groundwater heads vary from 1529 to 1280 MSL 

(meters above mean sea level) and follow the prevailing topography (Figure 6.1c); therefore, the 

cardinal direction of the groundwater flow is towards the north-west of the plain (Figure 6.2b).  

 

To assign the hydraulic aquifer properties including specific yield (Sy) and transmissivity (T), 

pumping induced drawdowns at 40 observation wells/piezometers, distributed evenly across the 

aquifer, were used. Following Todd and Mays (2005), pumping wells having no observation wells 

were employed for the estimation of the transmissivity (T). Based on these pumping tests, the 

aquifer’s T was found to vary widely from 50 to 2200 m2/day and its Sy from 0.021 to 0.14 (M. Kord 

et al., 2013). 

 

The boundary conditions of the numerical groundwater flow model (MODFLOW-NWT, (R.G 

Niswonger et al., 2011) were assigned by respecting the geological formations encompassing the 

aquifer as well as the observed groundwater contour pattern (see Figure 6.2). To that end, flow/head 

boundary conditions were specified along most sections of the Ardabil aquifer boundary by means 

of MODFLOW’s FHB-package (Flow Head Boundary), thereby attributing in a general way no-flow, 

inflow, and outflow boundaries, as illustrated in Figure 6.2b. Groundwater inflow and outflow into 

the model domain were calculated using Darcy’s law and specified along the north-west boundary of 

the aquifer where not only all surface water is drained out of the main outlet of the basin (Samian 

station) (Figure 6.1b), but where also groundwater outflow occurs. Some sections of the aquifer 

boundary that are in contact with impervious formations were specified as no-flow, although, 

according to the groundwater contours (see Figure 6.2b), some inflow may enter the aquifer. Due to 

the fact that some installed piezometers are quite close to the aquifer boundary, time-variant 

specified heads (MODFLOW’s CHD-package) and recognized as Dirichlet conditions, were assigned 

at places where historical observed groundwater heads were available, e.g. P18 (Figure 6.2b). 

 

6.3. Methodology 

6.3.1. Constructing, calibrating and validating the SWAT-MODFLOW-NWT coupled model 

The coupled hydrological model employed for this study is the so-called SWAT-MODFLOW-NWT. The 

model is based on integrating MODFLOW-NWT (Newton-Raphson formulation of the Modular Three-

Dimensional Finite-Difference Groundwater Flow model of the eminent MODFLOW model of (M. G. 

McDonald et al., 1988)) (R.G Niswonger et al., 2011) ), with SWAT (Soil and Water Assessment Tool 

(J.G Arnold et al., 1998)), as developed by Bailey et al. (2016). For the purpose of coupling, the SWAT 

and MODFLOW-NWT models were independently constructed, calibrated, and validated against 

discharge measured at 5 hydrometric stations (Figure 6.1b) and groundwater heads recorded at 68 

observation wells (Figure 6.2b), respectively. Subsequently, a recalibration was made for the 

hydraulic conductance of the stream network, where the SWAT and MODFLOW-NWT models’ flow 

domains essentially meet. The finally coupled SWAT-MODFLOW-NWT model was constructed, 
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calibrated, and validated for the 1978–2012 time period, wherefore the first three years were 

considered as a spin-up period, to allow the water cycle to reach an equilibrium and thus to ensure 

an initial state (Daggupati et al., 2015). Therefore, the complete study period 1978–2012 was split 

into three sub- period 1978–1980, 1988–2012, and 1981–1987 for spin-up, calibration, and 

validation, respectively. The magnitude and direction of the flow between a gaining/losing stream 

and its adjacent groundwater domain are determined according to the MODFLOW’s River package. 

To that respect, SWAT calculates the stream depth based on Manning’s equation, assuming a 

trapezoidal shape for the reaches/streams, and the SWAT-estimated volume of flow (Neitsch et al., 

2011). Then, by adding the computed stream depth to the stream bed elevation extracted from the 

digital elevation model (DEM), the effective stream stage is calculated to be used in the SWAT-

MODFLOW-NWT model (Bailey et al., 2016). To parametrize the river-aquifer interaction of the 

coupled model and thus providing a high resolution of the spatial variability of this interaction, the 

river network was incised in the MODFLOW-grid cells using GIS operations. As a result, 2581 reaches 

were created. The magnitude and direction of flow, characterized in gaining and losing reaches, were 

determined using an adaption of Darcy’s law. 

 

    𝑄𝑅𝐼𝑉𝑛 = 𝐶𝑅𝐼𝑉𝑛(𝐻𝑅𝐼𝑉𝑛 − ℎ𝑖,𝑗,𝑘)                                                                                              (6.1) 

 

where 𝑄𝑅𝐼𝑉𝑛 (L3T−1) quantifies the volumetric flow between a reach and its adjacent aquifer (M. G. 

McDonald et al., 1988) and 𝐶𝑅𝐼𝑉𝑛 (L2T−1) is the hydraulic conductance of the reach’s bed material as 

calculated by   

 

   𝐶𝑅𝐼𝑉𝑛 =
𝐾𝑛𝐿𝑛𝑊𝑛

𝑀𝑛
                                                                                                   (6.2) 

 
where 𝐾𝑛 is the hydraulic conductivity of the reach’s bed material with thickness 𝑀𝑛, 𝐿𝑛 is the length 

of the reach through the grid cell (i,j,k) and 𝑊𝑛 represents the reach’s width. In integrated 

hydrological modeling, the river-aquifer interaction is normally parameterized using the river 

conductance 𝐶𝑅𝐼𝑉𝑛, as characterized via a head-dependent flux (Cauchy-type) boundary condition 

(Cousquer, Pryet, Flipo, Delbart, & Dupuy, 2017; Furman, 2008; Pascal Goderniaux et al., 2009). As a 

lump parameter, it cannot be measured at the field scale due its combination of different 

parameters/processes. Accordingly, it is calibrated using a history matching approach (Ebel, Mirus, 

Heppner, VanderKwaak, & Loague, 2009; M. G. McDonald et al., 1988; Rushton, 2007), wherefore the 

simulated variables such as groundwater heads and streamflow discharge are assessed against their 

observed values. Nevertheless, the finally calibrated values should be further checked out based on 

soft knowledge of the modeler (M. P. Anderson, W. W. Woessner, & R. J. Hunt, 2015b).  

In the present study, the hydraulic conductance of the reaches 𝐶𝑅𝐼𝑉𝑛 was calibrated using a trial-and-

error procedure, by minimizing the discrepancy between observed and SWAT-MODFLOW-NWT- 

simulated groundwater/streamflow discharge.  

 

Ultimately, the water yield as the final product of the river-aquifer flux exchange, surface runoff, 

lateral flow, and tile flow was calculated as:  

 

  𝑊𝑎𝑡𝑒𝑟 𝑌𝑖𝑒𝑙𝑑 =  𝑆𝑈𝑅𝑄 +  𝐿𝐴𝑇𝑄 +  𝑇𝐼𝐿𝐸𝑄 +  𝐺𝑊𝑄 −  𝑆𝑊𝐺𝑊                                                  (6.3) 
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Figure 6.2. Ardabil aquifer geological formation map (a), and groundwater flow direction map with 
aquifer boundaries to be used in the groundwater flow model (b) (following M. Taie Semiromi and 
Koch (2019)).  
 

where 𝑆𝑈𝑅𝑄 denotes the surface runoff/direct runoff, 𝐿𝐴𝑇𝑄 the interflow/lateral flow, 𝑇𝐼𝐿𝐸𝑄 the 

tile flow, 𝐺𝑊𝑄 the groundwater discharge(baseflow) generated from the gaining reaches, and 

𝑆𝑊𝐺𝑊 indicates the concentrated recharge towards the adjacent aquifer produced in the losing 

streams (Park & Bailey, 2017). It should be noted that in the application area, i.e. the GRB, there is no 

tile drainage system. Therefore, the term TILEQ in Eq. 6.3 was set to “zero” in this study. The details 

of the individual calibrations and validations of each model (SWAT, MODFLOW-NWT) and of the 

coupled one are described by M. Taie Semiromi and Koch (2019). In principle, this integrated 
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hydrological model affords a dynamic variable exchange between SWAT and MODFLOW-NWT. To 

that respect, firstly, the deep percolation/recharge estimated by SWAT is passed to MODFLOW-NWT; 

secondly, the river heads calculated by SWAT are fed to the River package (RIV) of MODFLOW-NWT; 

and thirdly, the computed groundwater discharge/baseflow of the gaining reaches is delivered to 

SWAT and, similarly, the concentrated groundwater recharge of the losing reaches computed by the 

River package (RIV) of MODFLOW-NWT is subtracted from the total streamflow (direct surface 

runoff +baseflow + lateral flow). A flowchart of the exchanged variables of the proposed coupled 

modeling as described is sketched in Figure 6.3a, with the details of the various methodological steps 

provided by Bailey et al. (2016) and M. Taie Semiromi and Koch (2019). 

 

6.3.2. Downscaling of hydroclimate variables 

In the present study, daily minimum and maximum temperature at 5 weather stations distributed 

across the GRB (Figure 6.1b) were downscaled using the well-known Statistical DownScaling Model 

(SDSM) (Wilby et al., 2002) which has found innumerable applications in climate change studies of 

the last two decades (Wilby & Dawson, 2013). The daily historical data records available at these 

stations representing the reference period fall within the 1978-2005 time period. Climate projections 

were available for RCP (Representative Concentration Pathways) 2.6, RCP 4.5 and RCP 8.5 up to year 

2100. These RCPs represent the range of GHG emissions reported in the wider literature well; they 

include a stringent mitigation scenario (RCP2.6), two intermediate scenarios (RCP4.5 and RCP6.0), 

and one scenario with very high GHG emissions (RCP8.5). 

 

After screening the predictors, based on the strongest correlations between various climate 

predictors (e.g. near-surface temperature, and mean sea level pressure) and observed weather 

variables (temperatures), depending on the weather station, between two and three predictors were 

selected to build the statistical transfer (regression) model. Observations of two-third of the 

reference period, 1978-1996, were used to calibrate the statistical model and remainder of the data, 

i.e. 1997-2005 was set aside to validate the model. Subsequently, the calibrated model was applied 

to the corresponding predictors of the Second Generation Canadian Earth System Model (CanESM2) 

model under the named RCPs to project min and max temperatures for the future. 

 

 The daily precipitation was downscaled for 12 weather stations (Figure 6.1b) using a state-of-the-

art hybrid statistical downscaling model that takes advantages of Artificial Neural Networks (ANNs), 

Discrete Wavelet Transform (DWT), and Quantile Mapping (QM) (M. Taie Semiromi & Koch, 2017). 

Using a stepwise regression procedure statistical relationships between the National Centers for 

Environmental Prediction (NCEP)-predictors and the daily precipitation at each station for the 

reference period 1978-2005 were established and the most suitable predictor(s) were screened, 

similar to above. Daily predictors of CanESM2 under RCPs 2.6, 4.5 and 8.5 were then employed to 

force the developed hybrid model for the future projection period 2006-2100. The coupled wavelet 

and neural network (DWT-ANN) model employs various sub-series components of the DWT-

multiresolution analysis of level 4 of the selected climate predictors at a weather station as input to 

train (calibrate) the model with respect to the observed precipitation (predictand) as output. 

Afterwards, the DWT-ANN-simulated daily precipitation was bias-corrected using the QM algorithm.  

https://en.wikipedia.org/wiki/National_Centers_for_Environmental_Prediction
https://en.wikipedia.org/wiki/National_Centers_for_Environmental_Prediction
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Figure 6.3. Methodology proposed for the projection of the various water resources components of the GRB using (a) the coupled model 
SWAT-MODFLOW-NWT, forced by (b) daily downscaled min and max temperature via SDSM model and (c) daily downscaled precipitation 
using DWT-ANN-QM model
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6.3.3. Projection of the effects of climate change scenarios and pumping variants on the 
various water resources compartments 

 

Once the daily maximum and minimum temperature and precipitation data were successfully 

downscaled, the coupled hydrological model, i.e. SWAT-MODFLOW-NWT was forced by the 

downscaled hydro-climate variables under six scenarios/variants (three × two ) including three 

RCPs 2.6, 4.5, and 8.5, with each of them applied to the coupled model under two groundwater 

utilization variants, namely, “pumping” and “nonpumping”. By doing this, one can differentiate the 

net impacts of climate change from that of groundwater overutilization. Given the fact that the 

Ardabil aquifer has been strictly regulated to not be further exhausted by new pumping wells 

(Ardabil Regional Water Authority, 2013), the number of pumping wells and the amount of 

groundwater extracted for the future projection period for the “pumping” variant were assumed 

to be as much as the last year of the hydrologic model simulation (2012), namely, 2622 wells, 

extracting a total of 160 MCM per year (K. Kord & Asghari Moghaddam, 2014). This pumping rate 

corresponds to an equivalent water height across the total area of the Ardabil aquifer of about 150 

mm, which is nearly 12 times higher than the total ground water recharge of 13 mm, 

demonstrating clearly the extreme overutilization of this aquifer. For the “nonpumping” variant 

on the other hand, all these wells were shut off in the hydrological model during the future 

simulation periods, in order to be able to separate out the hydrological effects due to groundwater 

pumping from those due to climate change. A similar approach was taken by Jacek Scibek et al. 

(2007) in their study of the impacts of climate change and pumping on surface-groundwater 

interaction in a Canadian watershed.  

 

Although the reference simulation period for the SWAT-MODFLOW-NWT model is 1978-2012, 

conventionally, the climate variables of the GCMs for the reference period are available to only up 

to year 2005. Accordingly, the projections are made from year 2006 onwards (e.g. 2006-2100). 

Since we already had the observed variables for the calibration and validation of the hydrological 

model up to 2012, we forced the coupled model by the downscaled variables (min and max 

temperature and precipitation) from 2013 onwards, i.e. 2013-2100, although the hydro-climate 

variables were projected for the future period 2006-2100. 

 

Finally, the spatiotemporal variability of the various water resources components of the GRB was 

extracted for three future time slices: 2013-2040 (near future), 2041-2070 (middle future), and 

2071-2099 (distant future) and under the six aforementioned climate scenario/pumping 

condition combinations. These water resources components include meteoric infiltration (diffuse 

recharge), baseflow emanating from the gaining streams, concentrated groundwater recharge 

contributed by the losing streams, baseflow index (amount of baseflow divided by amount of total 

streamflow), groundwater storage, and water yield as calculated by Eq. 6.3. It should be noted that 

since the coupled hydrological model produces these various output variables at a daily temporal 

scale, they were then aggregated and averaged to produce monthly outputs. 

 

6.4. Results and discussion 

6.4.1. Downscaling of min and max temperature 

The results of the SDSM- downscaled min temperature show (see Figure 6.4). that, in comparison 

with that of the reference period (1978-2005), a notable increase in min temperature, 
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particularly, during winter (e.g. January and February) will occur under all three emission 

scenarios (RCP 2.6, 4.5, and 8.5) wherefore (and not unexpectedly) this increase is more 

pronounced for RCP 8.5 and the distant future (2071-2100). Nevertheless, a minor decrease in 

min temperature is to be expected in September for all stations, except for Sareyn, for which the 

coldest days records on a national scale have been reported several times (Ardabil Regional Water 

Authority, 2013) On an annual scale, the lowest increases in the annual average of min 

temperature are projected for Namin station, ranging from 0.65 °C under RCP 2.6 and time-slice 

2006-2040 to 2.5 °C under RCP 8.5 and time-slice 2071-2100, while the highest increases in min 

temperature are projected for Sareyn station, ranging from 0.93 °C under RCP 2.6 and time-slice 

2006-2040 to 3.59 °C under RCP 8.5 and time-slice 2071-2100. 

 

Similarly, as illustrated by Figure 6.5, the downscaled future max temperature will be 

considerably raised at all stations and months, except for April. Similar to the downscaled min 

temperature, the max temperature will be dramatically increased when going from RCP 2.6 to 8.5 

and from the near future, 2006-2040, to the distant future, 2071-2100. On average, the lowest 

increases of the annual average of max temperature are predicted for Sareyn station, ranging from 

2.87 °C under RCP 2.6 and time-slice 2006-2040 to 8.54 °C under RCP 8.5 and time-slice 2071-

2100, while the highest increases in max temperature are observed for Nir station, ranging from 

3.65 °C under RCP 2.6 and time-slice 2006-2040 to 9.7 °C under RCP 8.5 and time-slice 2071-2100. 

On this matter, Javan et al. (2015) projected the mean temperature in the GRB for the distant 

future (2071–2100) by employing PRECIS (Providing Regional Climates for Impacts Studies) and 

considering B2 as a SRES (Special Report on Emissions Scenarios) scenario. Their findings 

revealed that the mean temperature will be raised 2–4°C in winter, 2–5°C in spring, 3–5°C in 

summer, and 2–4°C in autumn. Moreover, they found that the minimum and maximum 

temperature will occur in months January and July, respectively. Overall, their results are fairly 

consistent with the projections made in the present study for the distant future (2071-2100) 

under RCP 4.5. 

 

6.4.2. Downscaling of precipitation 

The daily precipitation projected by the DWT-ANN-QM model for the three future time-slices 

2006-2040, 2041-2070, and 2071-2100 under the three emission scenarios RCPs 2.6, 4.5, and 8.5, 

are illustrated in Figure 6.6. These projections manifest that, compared with the reference period 

(1978-2005),  the future precipitation will decrease under all three scenarios, particularly for the 

wet season, i.e. from January to May for climate stations Shams Abad, Namin, while less reductions 

at station Ardebil under all three RCPs, and even a precipitation increase is to be expected during 

the dry period, i.e. June to September at some stations, such as Hir and Shams Abad. This projected 

rise in precipitation in future wet seasons over the GRB has also been corroborated by Javan et al. 

(2015) under the SRES scenario B2 as their findings show that the precipitation will be increased 

for the future period (2071-2100) for the months January, February, March, September, and 

December. Moreover, our results indicate further that the reduction in the monthly precipitation 

under the extreme RCP 8.5 is surprisingly less than that projected under RCP 4.5. 

 

This peculiar behavior can be associated with a higher perceptible water supply of the atmosphere 

resulting from a higher temperature increase under RCP 8.5 than RCP 4.5 (Huang et al., 2014). 

Overall, the precipitation will decrease in the near future (2013-2040), then it will rise in the 

middle future (2041-2070), and again decrease in the distant future (2071-2100).  
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Figure 6.4. Monthly projected minimum temperature under RCP 2.6, 4.5, and 8.5 over three-time 
slices 2006-2040, 2041-2070, and 2071-2100 with that of the reference period (1978-2005) at 5 
weather stations. 
 

In Table 6.3 the estimated average of the annual precipitation for the reference period (1978-

2005) and three future periods (2006-2040, 2041-2070, and 2071-2100) under RCPs 2.6, 4.5 and 

8.5 are listed. The numbers in the table corroborate Figure 6.6, i.e. for most of the weather 

stations the average annual precipitation will decrease for the three future time periods, relative 

to the historic one. As indicated by a “*” in Table 6.3, some minor increases are also expected for 

stations Lay, Nir, Namin, Samian, Shams Abad, and Yamchi Olya for the time span 2041-2070 

under RCP 2.6; for station Lay for the same period under RCP 4.5; and for stations Abi Biglou, 

Ardebil, Kouzeh, Nir, and Yamchi Olya for the time slice 2071-2100 under RCP 8.5.  
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Figure 6.5. Same as Figure 6.4, but for maximum temperature. 
 

A climate study conducted by Terink et al. (2013), using nine GCMs under SRES A1B, 

demonstrated that the annual precipitation will decline by 15–20% for the majority of countries 

across the Middle East and Northern Africa for the two future periods 2020-2030 and 2040-2050,  

which appears to confirm the reduction witnessed in the present study, namely, a 12% 

precipitation decline over the GRB, on average. Nonetheless, in some studies, by contrast, a rise in 

the future precipitation has been reported. For instance, Modarres et al. (2018) projected the 

variability of the maximum daily rainfall across the North and North West of Iran for 2020–2049 

using six GCMs under the two scenarios A2 and B1. In particular, their results suggest the 

projected precipitation to vary from -16 to 7% under scenario A2, compared with the reference 

period (1981-2010). Likewise, depending on the GCM used, the future maximum rainfall may 

change from -16 to 10% under scenario B1, relative to the reference period. 
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Table 6.3. Average of the projected annual precipitation for the reference- and the three future 
periods under the three RCPs.  

Station Base period (mm)       RCP2.6 (mm)  RCP4.5 (mm) 
 

RCP8.5 (mm) 
  1978- 

 2005 
2006-
2040 

2041-
2070 

2071-
2100 

2006-
2040 

2041-
2070 

2071-
2100 

2006-
2040 

2041-
2070 

2071-
2100 

Abi Biglou 262 194 227 206 198 221 190 209 230 270* 

Ardebil     298      249 277 255 249 270 249 267 282 299* 

Gilandeh 241 198 213 196 190 196 186 206 191 204 

Hir 295 272 287 278 274 279 271 273 277 290 

Kouzeh  235 188 228 191 183 210 190 172 211 243* 

Lay 356 313 364* 314 310 358* 317 227 256 317 

Namin 336 318 354* 335 324 336 324 228 236 260 

Nir 368 332 399* 356 334 366 354 279 319 379* 

Pole Almas 296 234 273 243 234 263 257 252 282 343 

Samian 239 202 239* 211 202 223 216 175 194 233 

Shams Abad 318 281 324* 292 285 311 299 210 240 271 

Yamchi Olya 333 301 343* 310 313 328 300 269 269 333* 

Note “*”  indicates the projected precipitation exceeding the average of the annual precipitation for the 
reference period (1978-2005).  
 
 
 
 
 
 
 
  

 

 
Figure 6.6. Monthly averages of the projected precipitation at the 12 weather stations under RCPs 

2.6, 4.5, and 8.5 for the three-time slices 2006-2040, 2041-2070, and 2071-2100, in comparison 

with the reference period (1978-2005). 
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6.4.3. Projection of diffuse recharge under the various climate change scenarios 

The SWAT-MODFLOW-NWT- estimated monthly recharge (deep percolation) over the GRB for the 

reference simulation period (1978-2012), the projected near future (2013-2040), middle future 

(2040-2070), and distant future (2071-2099) periods under RCPs 2.6, 4.5, and 8.5 are represented 

in Figure 6.7. One can notice that the recharge will be increased for months of January to April 

(mostly winter season) for all three future time periods under RCPs 2.6 and 4.5, while such an 

increase is only expected for January, February, and April for the middle and distant futures under 

RCP 8.5. However, in the rest of the months, the recharge will be nearly the same as that of the 

reference simulation period (e.g. July to October, except for the distant future period 2071-2099) 

or will decline (e.g. March and May under RCP 8.5). In addition to these future changes of the 

magnitudes of the recharge, Figure 6.7 shows further that its timing will most likely also be 

changed, due to an anticipated winter warming (Woldeamlak, Batelaan, & De Smedt, 2007). Thus, 

one can notice from the figure that, whereas the maximum recharge occurs in March during the 

reference simulation period, it will be retarded and moved to April, and this holds for all three 

future time periods and the three RCPs.  

 

Figure 6.7. SWAT-MODFLOW-NWT- estimated monthly diffuse groundwater recharge for the 
historic simulation period (1981-2012) with the projected diffuse groundwater recharge under 
RCPs 2.6, 4.5, and 8.5 for the three time slices 2013-2040, 2041-2070, and 2071-2099. 
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It is interesting to note that this one-month retardation of the future maximum recharge occurs 

despite the fact that the projected precipitation (see Figure 6.6), will decrease in April, 

irrespective of the future time-slices and emission scenarios considered. However, as a result of 

the notable projected increase in the min and max temperature for the future winters (see Figures 

6.4-6.5), and due to the fact that a major fraction of the precipitation is received and stored as 

snow, particularly in the mountainous region of the basin (Ardabil Regional Water Authority, 

2013), an earlier hillslope snowmelt runoff and, correspondingly, and earlier recharge may be 

expected (Hayashi & Farrow, 2014). In this study, in contrast, the maximum recharge is projected 

to be shifted to one month later, i.e.  April. This happens because a major portion of the 

precipitation, as the main driver of the hydrological cycle (J. G. Arnold, P. M. Allen, & G. Bernhardt, 

1993), is evapotranspirated during the winter season, owing to the considerable projected rise in 

the min and max temperature. However, as Figures 6.4-6.5 indicate, the temperature will not be 

raised in the future months of April, so that more water for the diffuse recharge will be available 

during that month. 

 

6.4.4. Projection of surface runoff under the various climate change scenarios and pumping 
variants 
 

The SWAT-MODFLOW-NWT- predicted climate change impacts on direct runoff/surface runoff 

shown in Figure 6.8 demonstrate that for all three future periods and all three emission scenarios 

RCP 2.6, 4.5, and 8.5 this hydrological quantity will considerably decline compared to that of the 

historic (reference) simulation period (1978-2012) and this hold for both (“pumping” and 

“nonpumping”) variants. As illustrated in the figure, this reduction in the surface runoff is more 

(expectedly) pronounced when going from RCP 2.6 to 8.5 as well as from the near future (2013-

2040) to the distant future (2071-2099). However, the pumping variants exert no effect on the 

magnitude and timing of the surface runoff. Interestingly, similar to the projected recharge above 

(see Figure 6.7), the maximum predicted surface runoff will shift from March to April, for the 

same reasons as discussed earlier.  

 

Indeed, surface runoff is partitioned from the same driver (effective precipitation) of the 

hydrological cycle, with the latter  predicted to be majorly reduced during the future winter 

seasons owing to a projected large rise in the min and max temperature during that period. And 

as a non-significant change in the temperature is projected for April, less evapotranspiration is 

expected, so that, in turn, a larger fraction of the precipitation – which was shown to decrease 

under all emission scenarios and all time-slices in April (see Figure 6.6) – may partition off into 

runoff during that month. This peculiar behavior may be ascribed to some counterbalance of the 

non-significant changes in the min and max temperature and the projected reductions in the 

precipitation. In addition, given the fact that, on average, 24, 25, 37, and 67% of the total 

precipitation is received as snow at Ardebil, Samian, Nir, and Lay stations, respectively (Ardabil 

Regional Water Authority, 2013), and, owing to an increase in the precipitation projected for the 

winter for most time-slices and emission scenarios, the stored snow will start melting in warmer 

months (e.g. April). Accordingly, this can further increase the occurrence of the maximum surface 

runoff, witnessed for April. 
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Figure 6.8. SWAT-MODFLOW-NWT- estimated monthly surface runoff for the historic (1981-
2012) and the three future periods 2013-2040 (a) and (d); 2041-2070 (b) and (e); and 2071-2100 
(c) and (f) under the three RCPs 2.6, 4.5 and 8.5,  for the two pumping variants (“nonpumping” (a-
c) and “pumping” (d-f))  
 

These results are to be contrasted with the statements of the review of (Huber et al., 2005) and of 

the Canadian watershed study of Jacek Scibek et al. (2007) who found that an earlier snowmelt 

and, correspondingly, an advanced hydrograph peak generally arises in mountainous regions in 

the wake of global climate change. Unlike the findings of this study, Jacek Scibek et al. (2007) also 

discovered that a noticeable increase in winter discharge will occur in future climate scenarios, 

most likely due to an increase of rain and snowmelt volumes during the winter season under a 

warmer climate 

 

6.4.5. Projection of the gaining streams’ reactions to the various climatic scenarios and 
pumping variants 
 

Due to the fact that the coupled hydrological model SWAT-MODFLOW-NWT has greatly enhanced 

the estimation of the baseflow/groundwater discharge and since the baseflow generally sustains 
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the river flow, particularly during dry periods in semi-arid regions like the GRB, an understanding 

of the impacts of climate change on this portion of the total streamflow is of paramount 

importance. As baseflow is essentially related to groundwater flow, which, in turn, is strongly 

affected by external stresses, like pumping, the net impact of the latter on baseflow needs to be 

investigated and separated from that of climate change. Thus, in the following the baseflow is 

analyzed for the two variants of SWAT-MODFLOW-NWT- models, i.e. “nonpumping” and 

“pumping”.  

 

The results, shown in Figure 6.9 a-c, indicate that for the “nonpumping“ model variant , for all 

future time-slices and all of emission scenarios the baseflow will be substantially increased, 

irrespective of the reduction and increase obtained earlier for the precipitation and the min and 

max temperature, respectively. However, the same is not true for the “pumping" model variant, 

since in that case the baseflow will markedly decrease under all emission scenarios and time-

slices, except for the ”near future”, when such a baseflow decline cannot be detected.  

 

Such a great sensitivity of the baseflow to the two pumping-variants (and much less to the 

emission scenario) can be expounded by two important factors: (1) since the modeled 

area/Ardabil aquifer is a plain (see Figure 6.1c) where the groundwater level is close to the land 

surface, even a slight change of pumping (and less so of climatic) stress can exert a big influence 

on the groundwater heads (Melo & Wendland, 2017); (2) the groundwater draft from the Ardabil 

aquifer has dramatically expanded from 35 MCM in 1978 to 160 MCM in 2012, (corresponding to 

a water height of 150mm, that is, about 15 times the present-day total diffuse annual groundwater 

recharge of 10mm/a), thus reversing the current groundwater utilization into the “nonpumping” 

variant (describing an undisturbed system in which the utilization is satisfied by natural springs 

only) which will lead to a rise of the groundwater heads and, as a result, to an increased discharge 

contribution from the groundwater towards the gaining streams, albeit of a reduction (by -12% 

on average) in the precipitation and an increase in the min and max temperature.  

 

In Figure 6.10 the monthly time series of the historic and projected baseflow under the three 

emission scenarios and the two pumping variants are provided, in addition. First of all, one can 

notice from the three panels of the different RCPs (2.6, 4.5, and 8.5) that the differences in the 

baseflow time series are minor, which indicates that the impacts of the emission scenarios on the 

hydrological quantity are more or less also negligible. However, there are systematic differences 

between the two pumping variants. For the “nonpumping” variant, one can notice a discontinuous 

jump of the baseflow in year 2013, showing the immediate reaction of the system, once the 

pumping stress is shut-off. From that time onwards, there is monotonous increase of the baseflow, 

up to about year 2030, and a steady decline thereafter until the end of the future projection period 

(year 2100), demonstrating the “kick in” of long term climate change.  

 

This general course of the baseflow holds also for the “pumping” variant - assuming the current 

groundwater utilization volume of 160 MCM up to year 2100 -, though its runs with a more or less 

parallel decrement from its “nonpumping” counterpart.  
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Figure 6.9. Similar to Figure 6.8, but for the SWAT-MODFLOW-NWT-estimated monthly 

groundwater discharge (baseflow). 

 

However, under this “pumping” variant, climate change appears to have a measurable effect on 

the baseflow towards the gaining streams only from about year 2045 onward. All this is a 

consequence of the fact that the groundwater heads will fall on account of the balance lost 

between the total groundwater recharge and discharge. Accordingly, owing to Darcy’s law 

implemented in the MODFLOW’s RIV package (Eq. 6.1), the concentrated groundwater discharge 

contribution towards the gaining streams will be reduced in the wake of a decline of diffuse 

groundwater recharge, ensued, in turn, from the reduction of the projected precipitation and the 

rise of the projected min and maximum temperature. Previous studies (Bovolo et al., 2009; 

Crosbie et al., 2010; Crosbie et al., 2013; Erturk et al., 2014; Gemitzi et al., 2017; Ghazavi & 

Ebrahimi, 2019; Goodarzi et al., 2016; Jyrkama & Sykes, 2007; Kahsay et al., 2018; Karian & 

Dudewicz, 2000; Moeck, Brunner, & Hunkeler, 2016; Nassery & Salami, 2016; Riasati et al., 2012; 

Rosenberg et al., 1999; J. Scibek & Allen, 2006; Shrestha et al., 2016; Smerdon, 2017; Stoll, 

Franssen, Barthel, & Kinzelbach, 2011; Thampi & Raneesh, 2012) have broadly linked climate 

change- induced precipitation changes to spatiotemporal variabilities of groundwater recharge. 

However, whereas there is an unequivocal rise in temperature due to the global warming, the 

projected recharge could increase or reduce, depending on how precipitation reacts to climate 

change effects (Jyrkama & Sykes, 2007). 
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Figure 6.10. SWAT-MODFLOW-NWT- simulated historic and projected monthly time series of 

groundwater discharge (baseflow) to the river network (gaining streams) under the three 

emission scenarios RCP 2.6 (a) , 4.5 (b), and 8.5 (c), and the two pumping variants (“pumping” and 

“nonpumping”). Note that the noticeable breaks in 1988 of the historic period result from a three-

year spin up period (an adjustment process for the model to reach an ‘optimal’ state, where 

internal stores such as groundwater storage move from the estimated initial condition to an 

‘optimal’ state (Kim et al. 2018)) considered before running the calibration and validation periods 

of the coupled model.  

 

To characterize in more detail how the baseflow, relative to the surface runoff and lateral flow, 

will react to the climate change impacts, we calculated the so-called baseflow index  BI =baseflow 

/ (surface runoff + lateral flow + baseflow) for the two pumping variants, using these SWAT-

MODFLOW-NWT- simulated variables for the historic and projected periods. The results shown 

in Figure 6.11 indicate that for both pumping variants, under all three emission scenarios, the 

future baseflow index will be considerably increased for all months, except for April. Moreover, 

similar to the previously projected timings of the recharge and surface runoff (one month delay 

in the maxima of these two variables, relative to the reference simulation period) and, unlike the 
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findings of Jacek Scibek et al. (2007) who revealed a one-month-earlier peak discharge, the timing 

of the maximum baseflow index is also projected here to be shifted by one month, namely from 

August in the historical period to September in the future. This shift may be attributed to the 

projected maximum monthly max temperature witnessed in future August (see Figure 6.5), but 

reduced min temperature in future September (see Figure 6.4). 

 

 This spectacular rise of the projected baseflow index, in comparison with that of the reference 

simulation period, can be associated with the notable decline of the projected direct surface runoff 

(see Figure 6.8) which makes up the substantial fraction of the total streamflow in comparison to 

the baseflow and lateral flow. As such, due to the fact that the surface runoff appears in the 

denominator of the BI-definition s index, a smaller surface runoff contribution, projected under 

the different climate change scenarios here, will deliver a bigger baseflow index. Furthermore, 

since the baseflow appears in both numerator and denominator of the BI formula and, owing to 

the fact, that both surface runoff and lateral flow are basically not influenced by either of the two 

pumping variants (see Figure 6.7), the baseflow index, in turn, will not be affected neither by the 

latter, and this is exactly what is seen in Figure 6.11. 

 

 
Figure 6.11. Similar to Figure 6.8, but for the monthly baseflow index computed from the 
appropriate SWAT-MODFLOW-NWT- estimated hydrological budget quantities (see definition in 
the text). 
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6.4.6. Projection of the losing streams’ reactions to the climatic scenarios and pumping 
variants  
 

Similar to the gaining streams in the previous section, the reactions of the losing streams to the 

different climate change scenarios and pumping variants are shown in Figure 6.12 by the time 

series of the concentrated groundwater recharge, produced under influent conditions from the 

losing streams. These graphs indicate that there is a noticeable difference of this quantity between 

the historic and the projected period, particularly under emission scenarios RCP 4.5 and 8.5. 

However, , compared with the baseflow of the gaining streams of the previous section, the 

concentrated recharge of the losing streams here is (1) more than an order of magnitude smaller 

and (2) less affected by the two pumping variants, i.e. “nonpumping” and “pumping”. This can be 

attributed to the fact that the depth to the water table is very shallow in most parts of the Ardabil 

aquifer, thus allowing for more groundwater contribution towards the river network (effluent 

conditions), so that influent conditions from losing streams rarely occur (M. Taie Semiromi & 

Koch, 2019). Such influent conditions take place mainly across the southern part of the aquifer at 

locations where a considerable depth to water table has been established due to groundwater 

overutilization (see Figure 6.2b) (M. Taie Semiromi & Koch, 2019).  

 

Moreover, as discussed in Section 6.4.4, the projected surface runoff will decrease under the 

different climate scenarios considered (see Figure 6.8), which indicates that less water will be 

available to be recharged over the banks and bed of the losing streams to the groundwater. 

Surprisingly, in contrast to the projected rise of the baseflow under the “nonpumping” variant in 

the previous section (see Figure 6.10), Figure 6.12 shows that the concentrated groundwater 

recharge from the losing streams will slightly drop in the future under this “nonpumping” variant. 

This can be ascribed to an overall future rise of the groundwater table, expected in this case. Under 

this circumstance, as the groundwater heads rise, according to the river-groundwater interaction 

formulation of Darcy’s law (Eq. 6.1), the direction of the exchange flow will be reversed, so that 

some losing streams become gaining ones. In addition to these future temporal assessments of the 

river-groundwater interactions above, the spatial variability of the losing and gaining streams 

across the study region will be analyzed in the subsequent section. 

 

6.4.7. Projection of the spatial variability of the gaining and losing streams under the 
different climatic scenarios and pumping variants 
 

One of the distinct advantages of the current SWAT-MODFLOW-NWT coupled hydrological model 

over previously developed separate surface- and groundwater flow models is that the former is 

capable to produce high- resolution outputs of the surface-groundwater flux exchanges. According 

to the flow directions between the 2581 reaches/streams and the adjacent aquifer, obtained by 

overlaying the MODFLOW-grids of the groundwater domain and the river network and (M. Taie 

Semiromi & Koch, 2019) (Figure 6.1d), we identified 922 and 1659 gaining and losing streams 

for the historic period, respectively.  However, the results of the SWAT-MODFLOW-NWT- spatially 

variable projections shown in Figures 6.13-6.15 for the three climate scenarios, RCP 2.6, 4.5 and 

8.5, respectively, illustrate that these numbers for the gaining and losing streams will vary widely 

in the future, depending on the climatic scenario and the pumping variant considered.  

 

Thus, for RCP 2.6 (Figure 6.13), one can notice that under the “pumping” variant, the maximum 

daily baseflow yielded by the gaining streams (effluent conditions) will be increased from 622.71 
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Figure 6.12. Similar to Figure 6.10, but for the concentrated groundwater recharge from the river 
network (losing streams).  
 

𝑚3 𝑑𝑎𝑦⁄  for the historic period (red bars) to 709.29 𝑚3 𝑑𝑎𝑦⁄  for the time-slice 2041-2070 (the 

period for which the precipitation is expected to rise) (green bars). Meanwhile, for the “pumping” 

variant, although there is still an increase of the future maximum daily baseflow, the latter is only 

about half of that for the “nonpumping” variant (from 622.71 𝑚3 𝑑𝑎𝑦⁄  to 673.98 𝑚3 𝑑𝑎𝑦⁄ ), which 

indicates that pumping reduces clearly the discharge of the groundwater aquifer to the gaining 

streams.  

 

The barplots of Figure 6.16 condense the numbers of the spatial variability maps above by 

quantifying the total groundwater discharge/recharge to/from the river network for the three 

emission scenarios and the two pumping variants. For example, the panel of Figure 6.16b shows 

that, in spite of the aforementioned increases of the future maximum daily baseflow, the total 

amount of daily groundwater discharge (i.e. the baseflow) across the study region will slightly and 

continuously drop for the future time slices for the “pumping” variant, irrespective of the RCP.  
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Figure 6.13. Magnitude and spatial variability of the historic and projected surface-groundwater 
interactions under the emission scenario RCP 2.6 and “pumping” and “nonpumping” variants for 
three-time slices 2013-2040, 2041-2070, and 2071-2099. 

 

Nonetheless, the same does not hold for the “nonpumping” variant (Figure 6.16a) where the 

projected total average daily baseflow will grow from its historic amount of 63416 m3/day to 

values higher than 70000 m3/day, depending on the time-slice, but irrespective of the RCP 

emission scenario. This increase witnessed for the future maximum daily baseflow (groundwater 

discharge) under the projected climate change in the study region under “nonpumping” is most  

 

 



Chapter 6 

199 
 

 

Figure 6.14. Similar to Figure 6.13, but for RCP 4.5. 
 

likely a result of the more frequent extreme precipitation events that are to be expected in the 

wake of the global warming predicted over most mid-latitude land masses and across wet tropical 

regions (a global-scale intensification of heavy precipitation) (IPCC, 2013). This will lead, 

consequently, to more diffuse surface-to-groundwater recharge, giving rise, in turn, to a shallower 

groundwater table, thus intensifying the groundwater discharge contribution (baseflow) towards 

the river network, i.e. the gaining streams.  
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Figure 6.15. Similar to Figure 6.13, but for RCP 8.5. 
 

This is particularly true for the Ardabil aquifer, where the depth to the water table is already very 

shallow nowadays (Ardabil Regional Water Authority, 2013), so that the groundwater residence 

time of discharge to the streams will be quite short (Modica & Buxton, 1998). Similarly to the 

gaining streams above, the spatial distribution of the concentrated maximum groundwater 

recharge (influent condition) of the losing streams taking place over the bed and bank of the 

streams is illustrated in Figures 6.13-6.15 by the blue and brown bars for the historic and future 

period, respectively.  
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Figure 6.16. Historic and future (for the three time slices as indicated) projected daily total 
groundwater discharge (top panels) and recharge (bottom panels) to/from the river network 
under the three climate emission scenarios (RCPs) for “ nonpumping” (left panels) and “pumping” 
(right panels) variant.  
 

One can see from the size of these bars, that neither the climatic scenario nor the pumping variant 

exerts a noticeable influence, unlike of what has been observed for the baseflow of the gaining 

streams. 

 

On the other hand, as shown by the two lower panels of Figure 6.16, the total daily volume of the 

concentrated groundwater recharge from the losing streams over the whole aquifer will, however, 

significantly differ for the three RCP emission scenarios and the two pumping variants. Thus, 

whereas for the “nonpumping” variant, the future total stream-groundwater recharge is more or 

less the same as that of the historic period, - though somewhat diminished for the most extreme 

RPC 8.5 climate scenario -, the opposite is true for the “pumping” variant, where this quantity 

increases by up to ~20%, namely for the distant future time slice (2071-2100). Nevertheless, in 

spite of a much higher number of losing streams (1659), rather than 922 for the gaining streams 

above, the concentrated groundwater recharge from the losing streams is about three orders of 

magnitude smaller than the groundwater discharge to the gaining streams (baseflow).  

 

This is due to the fact that both the hydraulic conductance and the head differences between the 

losing streams and the adjacent groundwater aquifer are generally rather small (Irvine, 

Cranswick, Simmons, Shanafield, & Lautz, 2015), namely in the eastern, flatter topography of the 

GRB. Thus, the maximum daily concentrated-groundwater recharge from the losing streams of 

about 0.4 m3/day, projected under RCP 2.6 and “pumping” for the middle future (2041-2070), 

takes place mainly across the western part of the aquifer (see Figure 6.13d). 

 
According to the precipitation rise projected under RCP 2.6 for the time-slice 2041-2070 (see 

Figure 6.6), a growth in the hillslope surface runoff and, thus, more water to the river network is 

to be expected. But, on the other hand, the impacts of the higher precipitation on the runoff 
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generation for the scenario and time-slice considered may be masked by the unequivocal 

temperature rise projected for the GRB (Figures 6.4 and 6.5). 

 

This may be the reason that no noticeable changes can be spotted for the concentrated 

groundwater recharge from the losing streams, with the projected maximum concentrated 

groundwater recharge differing only by 0.35 to 0.40 𝑚3 𝑑𝑎𝑦⁄  (see Figures 6.15a and 6.13d). 

Under the “pumping” variant, as an increased groundwater head drawdown is to be expected, the 

head differences between the losing river’s stage and the groundwater table will be increased, so 

that the concentrated groundwater recharge will grow. For that reason, the latter will occur under 

the “pumping” variant. Likewise, the projected daily average of the concentrated groundwater 

recharge volume over the whole aquifer, in relation to that of the historic period, is also 

anticipated to increase under the “pumping” variant, regardless of the climatic scenarios 

considered (Figure 6.16d). As expected, the concentrated groundwater recharge from the losing 

streams will fall noticeably under the “nonpumping” variant, and its minimum will take place 

under RCP 8.5 (Figure 6.16c). On the other hand, it may be possible that some of the losing 

streams will convert into gaining streams under the “nonpumping” variant, when a rise in the 

groundwater heads may occur again. 

 

In conclusion of this section, it has been shown clearly that the groundwater contribution, i.e. the 

baseflow towards the gaining streams is to be recognized as the dominant surface-groundwater 

interaction process for the GRB also in the future, extending and detailing the corresponding 

findings of M. Taie Semiromi and Koch (2019) for the historic period. 

 

6.4.8.  Projection of groundwater storage under the various climatic scenarios and 
pumping variants  
 

In Figure 6.17 the climate change impacts on the temporal evolution of the groundwater storage 

of the aquifer are shown for the different RCPs and the two pumping variants. These time series 

indicate that under all three climatic scenarios and for both the “nonpumping” and the “pumping” 

variant, groundwater storage will monotonously decrease in the future, though with a gentler 

slope than what is observed for the historic period. Surprisingly, even for the “nonpumping” 

variant, one can see an ongoing reduction of the groundwater storage in the future, and this 

occurs, despite the fact that groundwater depletion, that has been occurring on account of a 

dramatic overutilization in the recent past (Ardabil Regional Water Authority, 2013; M. Taie 

Semiromi & Koch, 2019), should have been reversed to a large extent under this “nonpumping” 

variant. Thus, by comparing the curves for the two pumping variants in Figure 6.17, one can 

conclude that the unsustainable groundwater utilization in the GRB is the determining factor for 

the observed decrease of the groundwater storage there for the “nonpumping” variant, 

exacerbated, moreover, by climate change impacts that add even more pressure on the system.  

 

Therefore, for this “nonpumping” variant, one can clearly notice that even by assuming an 

undisturbed system ensured by eliminating the abstraction performed by the 2622 farming 

pumping wells extracting around 150 MCM water per year, the initial condition of the first year of 

the historic simulation period, i.e. 1980, cannot be recovered even at the end of the projection 

period in year 2099. In accordance with the findings of this study, Kirby et al. (2016) affirmed that 

the future planned irrigation developments in five main regions of Bangladesh can have  a larger 

impact on the water balance components than the projected climate change itself.  
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Figure 6.17. Historic and future projected time series of monthly groundwater storage under the 

emission scenarios RCP 2.6 (a), 4.5(b) and 8.5(c), and the two pumping variants. The noticeable 

breaks in 1990 in the historic period result from the discontinuous transition of the three-year 

spin-up period to the calibration period of the SWAT-MODFLOW-NWT model. 

 

This is also the case in the present study here, as one cannot distinguish any difference in the 

groundwater storages projected under the three climatic emission scenarios (RCP 2.6, 4.5 and 8.5) 

depicted in the three panels of Figure 6.17.  

 

This insensitivity may be explained by the only minor contribution of the diffuse surface-to-

groundwater recharge (meteoric infiltration), amounting to only 17.8 MCM equal to only 11% of 

the total water budget) (Ardabil Regional Water Authority, 2013; M. Taie Semiromi & Koch, 2019). 

In addition, in the wake of the earlier projected precipitation decreases (see Figure 6.6) which 

turned out to be rather similar for the three RCPs considered, the future diffuse surface-to-

groundwater recharge will not only become also smaller, but also induce more or less equal 

groundwater storages for these three climate emission scenarios. 
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6.4.9. Projection of water yield under the various climatic scenarios and pumping variants 
 
Ultimately, we calculated the future total monthly water yield (defined in Eq. 6.3) of the GRB as 

the final product of all surface- and sub-surface hydrological contributions, including their 

interactions, extending the work of M. Taie Semiromi and Koch (2019) who estimated the water 

yield in the GRB only in the historic reference period. In this way the impacts of the different 

climate change scenarios and of the pumping variants on the future water yield can be assessed. 

 Figure 6.18 illustrates that under all of three RCPs and for both pumping (“nonpumping” and 

“pumping”) variants the future monthly water yield is anticipated to fall beneath that of the 

historic period, except for the month of April in the time-slice 2041-2070 under the (rather 

benevolent) RCP 2.6, for which an increase in the precipitation has been found earlier for half of 

the stations in the GRB (see Table 6.3). Similar to the future projected surface runoff and recharge 

(see Figures 6.8 and 6.9, respectively) the timing of the maximum water yield will, in relation to 

the historic period, also be shifted to one month later, owing to the fact that the major fraction of 

the water yield emanates from the surface runoff which experiences the same fate. 

 

It can be further noticed from the various panels of Figure 6.18, and even more clearly from the 

time series of the monthly water yield depicted in Figure 6.19 for the different RCPs / pumping 

variants, that as expected, the magnitude of the average monthly water yield will generally decline 

when going from the rather benevolent RCP 2.6 to the most extreme RCP 8.5 climate scenario. 

Strangely, no future increase of the average water yield under the “nonpumping” variant can be 

detected, although some sporadic and irregular bursts of the water yield can take place (Figure 

6.19).  

 

To explain this kind of peculiar behavior, one should be reminded that, even though an 

appreciable rise of the baseflow, as one of the major contributors to the water yield, has been 

found earlier under the “nonpumping” variant (see Figures 6.9 and 6.10), baseflow generally 

constitutes only an insignificant fraction of the total streamflow in the GRB. This is because the 

flow regime of the GRB represents an intermittent/ephemeral system, particularly over the last 

decade (2000-2012) (M. Taie Semiromi & Koch, 2019), when baseflow contributed to streamflow 

only in a sporadic and irregular way. In other words, GRB’s river system characterized originally 

by a perennial system has been converting into an intermittent system due to a depletion of the 

groundwater aquifer with a subsequent drop of the groundwater table, i.e. decreasing head 

differences with the adjacent gaining streams.  

 

Furthermore, and bore importantly, as surface runoff (but not lateral flow), as the main 

constituent of water yield (see Eq. 6.3), was shown earlier (see Figure 6.8) to be not be affected 

by any of the two pumping scenarios, it is of no surprise that the latter will not impact the average 

future monthly water yield neither. Nonetheless, in conclusion of this section, as the surface runoff 

will generally diminish in the wake of the climate change projected for the various RCP emission 

scenarios (see Figure 6.8), less water will be yielded in the future than in the historic period as 

well. And, counterintuitively, this future adverse situation cannot be remedied neither by shutting 

off the groundwater pumping wells, as the latter was shown to have no effect on the future 

projected (decreasing) surface runoff (see Figure 6.8) which, in turn, will lead to the diminished 

future water yield seen in Figures 6.18 and 6.19.  
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Figure 6.18. Similar to Figure 6.8, but for the SWAT-MODFLOW-NWT- estimated monthly water 

yield (Eq. 6.3) for the various combinations of historic and future time periods, RCPs and pumping 

variants.  

 

6.5. Summary and Conclusions 

Most water resources studies carried out to-date have been directed towards predicting the 

potential impacts of future climate change on surface water hydrology, while less attention has 

been paid to such impacts on groundwater hydrology. And even less as of yet are researches 

geared towards a better understanding of the net effects of climate change on the fate of gaining 

and losing streams in a watershed/aquifer, as this requires a coupled, more complex approach to 

the intertwined surface- and subsurface hydrological compartments.  

 

In the light of this scarcity of appropriate studies regarding this topic, the present study aims, 

therefore, to shed light on the different processes acting in both the surface- and subsurface water 

compartment, including, in particular the complex hydrological interactions of the surface and 

groundwater domain, as they are mainly reflected by the processes taking place in losing and 

gaining streams. This task is achieved through the application of the fully coupled surface- 
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Figure 6.19. Similar to Figure 6.17, but for the monthly total water yield of the GRB.  
 

subsurface hydrological model SWAT-MODFLOW-NWT to the Gharehsoo River Basin (GRB), with 

the enclosed Ardabil aquifer, located in northwest Iran. This coupled hydrological model was 

forced with downscaled climate predictors (scenarios) under three representative concentration 

pathways (RCPs), namely RCP 2.6, 4.5 and 8.5 up to year 2100, dividing the whole simulation 

period in a reference historic period (1978-2012) and three future time slices 2013-2040, 2041-

2070, and 2071-2100. Furthermore, to distinguish the influence of the prevalent groundwater 

overdraft in the GRB on the gaining and losing streams from that of climate change, we also run 

the climate-forced coupled hydrological model under two future pumping variants, i.e. 

“nonpumping” (assuming a shut-off of all groundwater extraction at the end of the historic period) 

and “pumping” (assuming an ongoing of the average groundwater extraction of the recent past 

also in the future).   

 

First of all, the results of temperature downscaling indicate a significant rise in monthly min 

temperature, particularly during winter (e.g. January and February) under all climate scenarios, 

wherefore this increase will become more tangible for RCP 8.5 and the distant future (2071-2100) 
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time slice. In contrast, for the future months of September a minor decrease in min temperature 

is observed for all stations, except Sareyn.  

 

Similarly, the prediction of monthly maximum temperature demonstrates a considerable future 

increase for all the months, except April, at all weather stations. Similar to the downscaled min 

temperature, the max temperature will also soar dramatically when going from RCP 2.6 to 8.5 and 

from the near future, 2006-2040, to the distant future, 2071-2100. Overall, the lowest increases 

of the annual average max temperature of 2.87 °C under RCP 2.6 and time-slice 2006-2040 to up 

to 8.54 °C under RCP 8.5 and time-slice 2071-2100 are projected for Sareyn station, whereas the 

greatest increases of 3.65 °C under RCP 2.6 and time-slice 2006-2040 up to 9.7 °C under RCP 8.5 

and time-slice 2071-2100 will occur at Nir station.  

 

The projections of the precipitation using a recently developed hybrid model DWT-ANN-QM of 

the authors (M. Taie Semiromi and Koch (2019) point out that the daily precipitation under RCP 

2.6, 4.5, and 8.5, will, relative to the reference period (1978-2005), slightly decrease for the 2006-

2040 time slice, slightly increase for 2041-2070, and decrease again for 2071-2100, resulting 

overall in an average decrease of about 12% across the GRB by year 2100. Interestingly, this 

percentage reduction of the precipitation will be more under RCP 4.5 than under RCP 8.5, owing 

most likely to the fact that the higher temperatures anticipated for the later than the former RCP 

will bring about higher evapotranspiration, i.e. more water vapor into the atmosphere and, thus, 

there will be a higher propensity for precipitation under RCP 8.5. On the other hand, for all RCPs, 

the monthly precipitation will increase in the future months of the wet period (December-

February), meanwhile for all other months a decrease, except under RCP 8.5 and somehow 4.5, is 

expected. 

 

Using these downscaled climate predictors in the SWAT-MODFLOW-NWT coupled hydrological 

model, the various water budgets components of the surface-subsurface compartment of the 

hydrological cycle (surface runoff, diffuse surface-to-groundwater recharge, baseflow, etc.) were 

projected into the future. For example, regarding the diffuse groundwater recharge, due to the 

projected rise in the precipitation during the future winter, an increase of this quantity, relative 

to the historic period, will also occur across all future periods considered, 2013-2040, 2040-2070 

and 2071-2099), and this holds for all three RCPs (2.6, 4.5 and 8.5). In the other dry season months 

(e.g. July to October), the diffuse groundwater recharge will be the same as that of the historic 

period (except for the distant future period 2071-2099), because the soil water content will be 

very low during that season, so that even in case of a storm event, most of the infiltrated water 

will be trapped due to the very high matric potential of the soil, hence inhibiting diffuse 

groundwater recharge. However, the latter is expected to decrease in some future months, such 

as March under RCP 8.5 and May under all three RCPs. In addition to the change of the magnitude 

of the recharge, its peak will also be shifted from March to April owing to the anticipated future 

winter warming.  

 

The SWAT-MODFLOW-NWT coupled surface-groundwater model analysis of the GRB of Taie 

Semiromi and Koch (2019) indicates that the major source of the groundwater recharge for the 

Ardabil aquifer in the recent past is the concentrated recharge generated from the losing streams, 

corroborating previous qualitative estimations of (Ardabil Regional Water Authority, 2013; M. 

Taie Semiromi & Koch, 2019). In contrast, the rate of the present-day meteoric groundwater 

recharge (diffuse recharge) is with only ~10 mm/a (see Figure 6.7 and Taie Semiromi and Koch 



Chapter 6 

208 
 

(2019), for details) rather low, due to 1) the prevailing semi-arid climate with only ~270 mm/a 

precipitation which leads to a very high soil matric potential in most of the seasons, so that a major 

fraction of the total infiltration (gross recharge) is retained in the vadose zone, which, in turn, 

leaves less water for the deeper net groundwater recharge; 2) the build-up, impervious surface 

area of Ardabil city, the capital of the same province, covers a noticeable fraction of the aquifer’s 

total area (around 70 km2), so that diffuse surface-to-groundwater recharge is almost negligible.  

To quantify the range of uncertainty of the estimated groundwater recharge rate for this aquifer, 

(Healy, 2010) suggested that this hydrological variable should be evaluated using different 

approaches. Although, on average,  89% of the total water consumption in the GRB is supplied 

from groundwater resources (K. Kord & Asghari Moghaddam, 2014), knowledge of the Ardabil 

aquifer’s hydrogeological characteristics, including recharge rate, suffers from a lack of detailed 

exploration. Thus, our study here can be considered as a supporting research task in that regard 

that is can enhance the understanding of the various hydrological processes controlling the 

interaction of the surface- and sub-surface water compartments in the GRB. 

 

The SWAT-MODFLOW-NWT- predictions of the future climate change impacts on the surface-

groundwater interactions demonstrates that the baseflow generated from the groundwater 

discharge to the gaining (effluent) streams will be more influenced by the climate scenario and 

the pumping variant than is the case for the concentrated groundwater recharge from the losing 

(influent) streams.  

 

In particular, the future fate of the baseflow depends tremendously on the pumping variant used 

in the model. Thus, whereas for the “ nonpumping” variant (shutting off all wells after year 2013) 

the baseflow will significantly increase in the future - though tapered noticeably by adverse effects 

of climate change (less precipitation) in the distant future time period 2071-2099 -, the opposite 

is true for the “pumping” variant (which assumes that the groundwater utilization for the whole 

projection period (2013-2099) will remain the same as that of the last year of the historic period, 

2012), i.e. a notable ongoing decrease of the baseflow is obtained under all RCPs, again more 

strongly in the distant future period.  

 

These projected changes of the baseflow affect also the future baseflow index (BI), though, 

because of its definition (ratio of baseflow to surface runoff), somewhat differently as baseflow 

itself. Thus, BI rises spectacularly in the future, irrespective of the pumping variant employed. This 

is due to the dominant effect of the surface runoff (in the denominator of the BI- equation) which 

will strongly decrease in the future due to climate change (decreasing precipitation), and this is, 

of course, not affected by the pumping variant. 

 

In contrast to the high sensitivity of the future baseflow to the two pumping variants, this does 

not hold for the concentrated groundwater recharge produced by the losing (influent) streams 

First of all, the total amount of concentrated recharge in the GRB is up to nearly two orders of 

magnitude smaller than the previously discussed concentrated discharge (baseflow). This is due 

to the fact that since most of the area of the modeled Ardabil aquifer is a rather flat plain where 

the groundwater table is near the land surface, positive head difference towards the river gage 

heights are produced, which leads to the sizable generation of baseflow. Furthermore, inasmuch 

as the future surface runoff was shown to be considerably abated under the different climate 

forcing scenarios, less streamflow will also be available within the river network for the 

concentrated groundwater recharge from possibly losing streams. It is interesting to note that, in 
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contrast to the strong future projected augmentation of the baseflow under the “nonpumping” 

variant, the future concentrated groundwater recharge of the losing streams will be slightly 

reduced, because the future groundwater table is expected to fall less under this “nonpumping” 

variant and due to an additional small future increase of the diffuse surface-to-groundwater 

recharge (see Figure 6.7), which could cause a reversal of the head gradient between the river 

and the unconfined upper aquifer layer, so that, eventually, a losing stream (influent conditions) 

may switch to a gaining stream (effluent conditions). 

 

In addition to the temporal assessment of the climate change and pumping impacts on the losing 

and gaining streams, we investigated also their spatial variability. On this subject, the results 

illustrate that the maximum daily baseflow originating from all the gaining streams will rise under 

all three climatic emission scenarios (RCPs) as well as for the two pumping variants, for instance, 

from 622.71 m3/day for the historic period to 709.29 m3/day (in the upstream, hilly sections of 

the GBR) for time slice 2041-2070 (during which an increase of the precipitation is projected) 

under RCP 2.6 and “nonpumping”. In spite of these sporadic and local increases, the future total 

daily baseflow will slightly decrease for the “pumping” variant, and this holds for all three RCPs. 

On the contrary, for the “nonpumping” variant the daily baseflow of 63415 m3/day obtained for 

the historic period will soar to values higher than 70000 m3/day, depending on the time slice, but 

irrespective of the RCP emission scenario. 

 

Regarding the spatial variability of the concentrated groundwater recharge from the losing 

streams, similarly to its future temporal reactions to the climate change scenarios and the 

pumping variants mentioned earlier, only a low sensitivity of this parameter can be seen in the 

corresponding maps, unlike for the baseflow. Nevertheless, the future total daily volume of the 

concentrated groundwater recharge for the whole aquifer will considerably change under the 

various combinations of emission scenarios and pumping variants. Despite the fact that the 

number of losing streams (1659), is much higher than that of the gaining streams (922), the 

concentrated groundwater recharge from the former is up to two orders of magnitude smaller 

than the groundwater discharge to the latter. The maximum of the “little” groundwater recharge 

from the losing streams of only 0.4 m3/day will occur over the western part of the Ardabil aquifer 

during the middle future (2041-2070), under RCP 2.6, and for the “pumping” variant. And 

dissimilar to the baseflow, the future total daily concentrated groundwater recharge volume over 

the aquifer, is anticipated to rise under the “pumping” variant, irrespective of the RCP- emission 

scenarios. For the “nonpumping” variant, on the contrary, the future total concentrated 

groundwater recharge from the losing streams will drop considerably, due to a lesser falling of 

the groundwater heads and the additional impact of a slightly increased future diffuse surface-to-

groundwater recharge (see Figure 6.7), that forces some of the losing streams to be converted to 

gaining streams. 

 

Regarding the groundwater storage projected under the various climatic emission scenarios and 

the two pumping variants, the results point out that the unsustainable present-day groundwater 

abstraction (continued into the future in the “pumping” variant) is the real agent driving for an 

ongoing drawdown, i.e. groundwater storage decrease, in the future, even if the 2622 farming 

pumping wells that extract around 150 MCM water per year are completely shut off after the end 

of the historic period (2012). And not only that, the initial groundwater storage that existed in the 

initial years (initial condition of the simulation) of the historic period (e.g. 1980) cannot even be 

recovered, as the small absolute amount of the future diffuse groundwater recharge, albeit slightly 
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increasing from historic 10mm/a to future 11mm/a, for RCP 2.6 and 4.5 (though not for RCP 8.5, 

because of less precipitation and higher evapotranspiration) (see Figure 6.7), is not able to 

replenish the depleted aquifer. 

 

In conclusion, the delicate balance between the total groundwater recharge and discharge for the 

Ardabil aquifer in the predevelopment has been irrevocably lost over the last two decades and 

will continue do so even more in the future, accentuated by the adverse impacts of climate change 

(reduced precipitation in the near future, together with a small degree of diffuse surface-to-

groundwater recharge in the GRB). 

 

Eventually, the effects of the different climate emission scenarios and pumping variants on the 

total water yield of the GRB are determined. The results show that for both pumping variants, this 

quantity will drop for all future months, except for April in time-slice 2041-2070 under the 

(benevolent) RCP 2.6, the time period for which an increase in the precipitation is projected. 

Surprisingly, “nonpumping” does not noticeably improve this adverse future water yield situation. 

This is, because the major fraction of the water yield is contributed by the surface runoff in the 

GRB and, for this reason, the same findings as for the latter are obtained for the water yield as 

well, i.e. a shift of its apex from historic-time March to due future-time April. Overall, less water 

will be available in the GRB in the future than in the historic period, wherefore, expectedly, this 

adverse effect will be the strongest for the most extreme RCP 8.5 climate emission scenario. 

Although the results of the present study indicate that by combining a complex semi-distributed 

surface water model (SWAT) with a 3D groundwater model (MOFLOW-NWT) significant 

enhancements in the understanding of the interaction of surface- subsurface hydrological 

processes can be achieved, there are several remaining, general and particular issues yet, that 

should be addressed in further studies.  

 

First of all, one concern is the general uncertainty attributed to the parametrization, parameter 

estimation and to the observations required for setting up, driving and evaluating a hydrological 

model need (Y. Liu & Gupta, 2007; Wagener & Gupta, 2005). This is particularly true for integrated 

hydrological models, such as SWAT-MODFLOW-NWT used here which requires a large number of 

input parameters related to the land surface-, vadose zone-, and groundwater domain- 

hydrological processes, many of which could only be prescribed here in an ad-hoc, experience-

based manner (Bailey et al., 2016; M. Taie Semiromi & Koch, 2019). Thus, in spite of our awareness 

of the ensuing uncertainties in the simulated surface-groundwater interactions, and so impacting 

the overall water balance in the study basin (GRB) region, such a general uncertainty analysis has 

not been performed in the present study. Suffice to say here that the hydraulic conductance of the 

stream-aquifer interface (river banks and bottom beds) appears to have a pivotal role in that 

regard. Secondly, since future climate change scenarios are also faced with large uncertainties, the 

effects of latter on the surface-groundwater interactions should also be investigated. Thirdly, 

future land-use and land-cover changes (LULCC), not considered in the present study, although 

certainly being subject to change by year 2100, will have additional implications for the water 

resources budget of the GRB. The most recent SWAT-model version allows to implement updated 

LULCC during the ongoing simulation (Moriasi et al., 2019) and future investigations should take 

this into consideration.  

 

With these reservations, the water resources results obtained for the GBR in the present study 

should be seen more as trends, rather than exact predictions. Notwithstanding these caveats, as 
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the climate change impacts on the water components were projected under both current 

(historic) groundwater utilization (“pumping”) and “nonpumping” variants, the here proposed 

fully coupled surface-subsurface hydrological model, that is, SWAT-MODFLOW-NWT, can make it 

possible to estimate the maximally sustainable groundwater utilization amount. Consequently, 

the adverse impacts of future climate change on the water resources can be alleviated.  

 

The influence of most likely occurring future increments of the groundwater demand was not 

considered in the current study, because Ardabil Water Authority has prohibited further 

groundwater utilization from the Ardabil aquifer for the purpose of recovering the ongoing sharp 

groundwater head drawdown. Ergo, model adjustments to that regard are recommended in future 

studies, since there is no doubt that the groundwater demand will rise in the future, not only due 

to a shortage of surface water (triggered by a decrease in precipitation and increase in 

temperature), but also due to population growth as well as expanded irrigated agriculture. 

 

Although the findings of the present study may not be comparable to other hydrogeomorphic 

regions in the world because temperature and, particularly precipitation vary spatially to a large 

extent over the globe, our proposed hybrid modeling scheme can successfully be applied to any 

other study region for future water resources management and planning in the wake of different 

anthropocentric and hydroclimate stressors, provided that GCMs and/or RCM-climate predictors 

under different GHG emission scenarios are available which are, however, new sources of 

uncertainty. 
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