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Abstract
Food and water security will be a great future challenge due to the growth of population and unsustainable water usage. The
renewable water resources in the MENA region including Iran, are expected to decline. This situation is exacerbated by the
increasing demands and the rising climate variability in the wake of global climate change affecting adversely the available water
resources. This thesis research attempts to evaluate the impacts of climate change and water demands on the hydrological and
environmental characteristics of the Zarrine River Basin (ZRB), the headwater of Lake Urmia of Iran, which has been desiccating
in recent years, being so on the brink of an environmental disaster, together with the Boukan Dam operation and then
recommends some adaptation strategies, in order to balance properly the future water resources and demands in the ZRB. This
thesis is divided in 6 chapters structured as 5 individual papers with the following contents:
1- In the first Chapter a general introduction of the thesis is given and the research area and study objectives are described.
2- In Chapter 2 the ZRB’s water resources response to the impacts of a changing climate, with emphasis on Boukan dam’s future
inflow, are simulated up to year 2029 by means of the basin-wide hydrologic model SWAT. The future projections of precipitation
and temperature extracted from MPI-ESM-LR-GCM (RCP 2.6 and 4.5) and HADCM3-GCM (SRES A2 and B2) output, respectively,
are downscaled using Quantile Mapping (QM) bias-correction and SDSM, respectively. From two variants of QM employed, the
Empirical-CDF-QM model decreases the biases of the raw GCM- precipitation the most. The SWAT- model is then calibrated and
validated with historical (1981-2011) ZR-streamflow, using the SWAT-CUP- automatic program. The subsequent SWATsimulations for the future 2012-2029 period indicate a reduction of the inflow to Boukan Dam as well as of the overall water yield
of ZRB for all SRES/RPC- scenarios. In summary, based on these predictions and the expected increase of water demands, the
ZRB is likely to face a water shortage in the future, with a water yield decrease between -23% and -36%, unless some adaptation
plans are implemented for a better management of the water resources in the region.
3- Modeling the hydrologic responses to future changes of climate is important for improving adaptive water management. In
Chapter 3 the impacts of future climate change signals on various hydro-climatic variables in the ZRB are assessed. To that avail,
two SD-methods, SDSM and ECDF non-stationary Quantile Mapping (QM), are used to downscale the climate variables of min.
and max. temperatures and precipitation for the near (2020-2038), middle (2050 to 2068) and far (2080 to 2098) future periods
for three RCP emission scenarios. The performances of the downscaling methods are compared to each other for a past “future”
period (2006-2016), and the QM is found to be better and is so selected in the subsequent SWAT- Zarrine-streamflow simulations,
with the model calibrated and validated for the reference period (1991-2012). The impacts of climate change on the hydrologic
response of the river basin, specifically, the inflow to the Boukan reservoir, the reservoir dependable water (DWR) supply are
then compared for three RCPs in the three future periods, assuming (1) the “current” consumptive demand to be continued in
the future and (2) a more conservative “recommended” one. A systematic future shortage of the available water is obtained for
case (1) which can be mitigated somewhat for (2). Finally, the SWAT- predicted ZRB outflow is compared with the Montanabased estimated environmental flow of the ZR. The latter can successfully be sustained at good and fair levels for the near and
middle future periods, but not so for the summer months of the far future period, particularly, for RCP85.
4- The operating policies of a reservoir dam depend on the upstream river’s inflow. As the latter may be affected by impacts of
climate change which, in turn, may alter the water supply, studies to this regard are of utmost importance to ensure the
sustainable development of the future water resources in the area. In Chapter 4, firstly the calibrated rainfall-runoff model SWAT
is used to predict the various hydrological components of the ZRB for the historical and future periods until 2049, using
downscaled input precipitation and temperatures of three RCP-scenarios captured from one of the projections of the CMIP5GCM ensemble, the CESM1-CAM5-model. The streamflow scenarios are then employed in the MODSIM water management
model to simulate the present-day and future water resources of the basin and to determine the optimal operation of the Boukan
Dam, based on some prioritization of the water allocation. Finally, the impacts of climate and demand changes on the dam
operation are evaluated by comparing future and historical MODSIM- simulated average water budget and supply/demand ratio
(SDR) for the three CESM-model scenarios which show that the region will face more intensive water shortages.
5- The future water management policies in the study region should move toward more efficient and sustainable operating water
supply systems, instead of just building new infrastructures. To evaluate such policies, in Chapter 5 an integrated hydro-economic
tool is developed to integrate water supply and economic aspects of the Zarrine river basin and its irrigation network, supplied
primarily from water of the Boukan dam. In this new model the future optimal water policies are investigated considering the
hydrological, environmental and economic impacts of climate change, together with the land use change i.e. the agricultural crop
patterns. The central concept of the hydro-economic model is that the water supply will be a function of the economic benefits
for the water demanders, while respecting water resources system constraints. In the first step within the model, the surface
and groundwater resources, especially, the inflow to the Boukan dam as well as the potential crop yields are simulated by SWAT,
driven by GCM/QM-downscaled climate predictions under three climate RCPs for three future 21th – century periods. While in all
9 RPC/period- combinations consistently higher temperatures are predicted, the precipitation pattern are much more versatile,
leading to corresponding changes in the future water yields. Using the MODSIM- water management tool, the SWAT- simulated
water available is then optimally distributed across the different irrigation plots within the ZRB, while adhering to various
environmental/demand priority constraints. MODSIM is subsequently coupled with the CSPSO-tool to optimize (maximize) the
agro-economic water productivity (AEWP) of the various crops and, subsequently, the net economic benefits (NEB), using the
crop areas as decision variables, while respecting various crop cultivation constraints. Adhering to political food security
recommendations for the country, three variants of cereal cultivation area constraints are investigated. The results indicate
considerably-augmented AEWPs, leading to a future increase of the annual NEB of ~16% to 37.4 Million USD for the 65%-cereal
acreage variant, meanwhile, the irrigation water required is reduced by ~38%. This NEB- rise is achieved by augmenting the total
future crop area in the ZRB by about 47% - indicating some deficit irrigation - wherefore most of this extension will be cultivated
by the high AEWP- yielding crops wheat and barley, at the expense of a tremendous reduction of alfalfa acreage. Though covering
today only small base acreages, depending on the future period/RCP, tomato- and, less so, potato- and sugar beet- cultivation
areas will also be increased significantly.
6- In Chapter 6 temperatures and precipitation in the ZRB, predicted under RCP 4.5 and RCP8.5 for three 19-year-long future
periods (2030, 2050 and 2080) by the HadGEM2-ES_RCA4, selected as the most suitable GCM-RCM model combination from the
Coordinated Regional Downscaling Experiment (CORDEX) ensemble, are bias-corrected using the two step QM- method and then
employed as input to the SWAT model to simulate the future ZRB water resources and, namely, the Boukan-reservoir inflows.
Subsequently, the reservoir operation/water demands in the ZRB are modeled with the MODSIM water management tool for
two water demand scenarios, WDcurrent and WDrecom, which represent the current and a more sustainable water demand scenario,
respectively. The reliability of the dam’s water supply for different water uses in the study area is then investigated by computing
the supply/ demand ratio (SDR). The results show that, although for WDrecom the SDRs are generally higher than for WDcurrent , the
SDRs are all < 1, i.e. future water deficits still prevail. Finally, the performance of the water supply system is evaluated by means
of risk, reliability, resiliency, vulnerability and maximum deficit indices and combining these to estimate its Sustainability Group
Index (SGI). The findings indicate that, compared with the historical period, for both water demand scenarios, WDcurrent and
WDrecom, the average SGI will be decreased significantly for each RCP, namely, for the more extreme RCP85 scenario. However,
as expected, the SGI- decrease for WDrecom is less than that of WDcurrent, indicating indeed the advantage of implementing this
more sustainable water demand scenario.
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Zusammenfassung

Nahrungsmittel- und Wasserversorgungssicherheit sind große Herausforderungen für die Zukunft aufgrund des
Bevölkerungswachstums und des unnachhaltigen Wasserverbrauchs. Für die Wasserressourcen in der MENA-Region,
einschließlich Iran, wird ein starker Rückgang erwartet. Diese Situation wird noch verschärft durch steigende Anforderungen
zufolge zunehmender Klimaschwankungen, wodurch die verfügbaren Wasserressourcen z.T. negativ beeinflusst werden. Diese
Arbeit zielt darauf ab, die Auswirkungen des Klimawandels und der steigenden Wasserdargebots-Anforderungen auf den
hydrologischen und ökologischen Zustand des Zarrine River Basin (ZRB), im Oberlauf des Urmia-Sees, Iran, zu quantifizieren.
Letzterer ist in den letzten Jahren immer weiter ausgetrocknet und steht an der Schwelle einer Umweltkatastrophe. Zudem
werden für den Betrieb des Boukan Staudammes Anpassungsstrategien empfohlen, um die genannten Anforderungen im ZRB
erfüllen zu können. Die Dissertation ist, basierend auf 5 eigenständigen Publikationen, in 6 Kapitel wie folgt unterteilt.
1- Im ersten Kapitel wir eine allgemeine Einführung in die Dissertation gegeben, das Forschungsgebiet und die Ziele der
Forschung beschrieben.
2- In Kapitel 2 werden die Auswirkungen eines sich verändernden Klimas, mit Fokus auf den zukünftigen Zufluss des BoukanStaudamms, bis in das Jahr 2029 simuliert. Die Projektionen von Niederschlag und Temperatur wurden jeweils aus den
Projektionen MPI-ESM-LR-GCM (RCP 2.6 und 4.5) und HADCM3-GCM (SRES A2 und B2) extrahiert und unter Verwendung der
Quantil-Mapping (QM) - Bias- Korrektur, respektive SDSM, herunterskaliert. Von den zwei verwendeten QM-Varianten, reduziert
das empirische CDF-QM-Modell die Verzerrungen der Rohniederschläge am meisten. Das SWAT hydrologische Model wird dann
mit historischem (1981-2011) ZR-Abfluss, unter Verwendung des SWAT-CUP-Programms, automatisch kalibriert und validiert.
Die nachfolgenden SWAT-Simulationen für den zukünftigen Zeitraum 2012-2029 ergeben, dass der prognostizierte Klimawandel
für alle SRES/RCP- Szenarien zu einer Verringerung des Abflusses zum Boukan-Staudamm, sowie des gesamten Wasserdargebotes
im ZRB führt. Zusammenfassend wird das ZRB auf der Grundlage der Vorhersagen und des zu erwarteten Anstiegs des
Wasserbedarfs in Zukunft mit Wasserknappheit konfrontiert sein, da das Wasserdargebot zwischen -23% und -36% sinken wird,
sofern nicht einige Anpassungspläne für ein besseres Management der Wasserressourcen umgesetzt werden.
3- Hydrologische Modellierung im Zeichen des Klimawandels ist wichtig für die Evaluierung von WassermanagementAnpassungsstrategien. In Kapitel 3 werden die Auswirkungen zukünftiger Klimasignale auf die hydro-klimatischen Variablen im
ZRB quantifiziert. Dazu werden die beiden SD-Methoden, SDSM und die ECDF- nicht stationäre Quantile Mapping (QM) Methode
verwendet, um GCM- Klima- Prediktoren für Temperaturen und Niederschlag für die nahe (2020-2038), mittlere (2050-2068) und
ferne (2080-2098) Zukunft für drei RCP-Emissionsszenarien herunter zu skalieren. Die Modellgüte der „Downscaling“ -Methoden
wird verglichen, wobei die Prediktoren der QM- Methode als besser befunden und somit in der nachfolgenden ZR-AbflussSimulation mittels des SWAT-Models ausgewählt werden, wobei letzteres für den Referenzzeitraum (1991-2012) kalibriert und
validiert wird. Die Auswirkungen des Klimawandels auf die Hydrologie des Einzugsgebiets, insbesondere des Abflusses zum
Boukan Reservoir werden dann für drei RCP/Perioden unter der Annahme eines (1) „aktuellen“ Wasserbedarfes, der in Zukunft
so fortgesetzt wird und (2) konservativere "empfohlenen" Wasserbedarfs. Als Ergebnis wird ein systematischer Wassermangel
für den Fall (1) erhalten, der für (2) etwas abgemindert werden kann. Schließlich wird der durch SWAT-vorhergesagte ZRB- Abfluss
mit dem Montana-basierten geschätzten Abfluss des ZR verglichen. Letzteres kann für die nahen und mittleren Zukunftsperioden
erfolgreich auf einem guten Niveau gehalten werden, nicht jedoch für die Sommermonate der fernen Zukunftsperiode,
insbesondere für RCP85.
4- Das Betriebsmanagement eines Staudamms in einem Flusseinzugsgebiet hängt vom Abfluss des oberstromigen Flusses ab. Da
letztere von den Folgen des Klimawandels betroffen sein kann, was wiederum die Wasserversorgung verändern kann, sind
diesbezügliche Studien von größter Bedeutung, um die nachhaltige Entwicklung der zukünftigen Wasserressourcen in einem EZG
sicherzustellen. In Kapitel 4 wird zunächst das kalibrierte Einzugsgebietsmodell SWAT verwendet, um die verschiedenen
hydrologischen Komponenten des ZRBs für historischen und zukünftigen Zeiträume (bis zum Jahr 2049) vorherzusagen, wobei
Eingangsniederschlag und -temperaturen von drei RCP-Szenarien aus einer der Projektionen des CMIP5-GCM-Ensembles, das
CESM1-CAM5-Modell verwendet werden. Die Abfluss-Szenarien werden dann im MODSIM-Wassermanagementmodell benutzt,
um die aktuellen und zukünftigen Wasserressourcen im EZG zu simulieren und den optimalen Betrieb des Boukan-Staudamms,
basierend auf einer gewissen Priorisierung der Wasserzuteilung zu bestimmen. Schließlich werden mittels SWAT-MODSIMSimulationen die Auswirkungen von Klima- und Wasserbedarfsänderungen auf den Staudammbetrieb durch die Berechnung
mittlerer Wasserversorgung / -bedarfs- Verhältnisse (SDR) für die drei CESM- RCPs- Szenarien evaluiert.
5- Zukünftiges nachhaltiges Wassermanagement muss in Richtung effizienter und nachhaltiger Wasserversorgungssysteme,
anstatt neuer Infrastrukturen, gehen. Zur quantitativen Bewertung solcher Management Strategien wird in Kapitel 5 ein neues
integriertes hydroökonomisches Modell entwickelt, um die wirtschaftlichen Aspekte der durch den, insbesondere des BoukanStaudammes, limitierten Wasserversorgung über sein großes Bewässerungsnetz im EZG zu simulieren. Das zentrale Konzept des
neuen Modells ist, die Wasserversorgung als Funktion des wirtschaftlichen Nutzens, des Wasserbedarfs und der
Wasserrestriktionen zu optimieren. Im ersten Baustein des Modells werden die verfügbaren Oberflächen- und
Grundwasserressourcen, insbesondere der Zufluss zum Boukan-Staudamm, sowie die potenziellen Ernteerträge verschiedener
landwirtschaftlicher Früchte mittels des SWAT- hydrologischen Modelles simuliert, wobei dieses durch GCM/QMherunterskalierte Klimaprognosen unter drei Klima-RCPs für drei zukünftige Perioden des 21. Jahrhunderts angetrieben wird.
Während in allen 9 RCP/Perioden- Kombinationen höhere Temperaturen vorhergesagt werden, sind die Niederschlagsmuster
vielseitiger, mit entsprechenden Veränderungen der zukünftigen Wassererträge. Im zweiten Baustein des Modells wird mittels
des MODSIM-Wassermanagement-Tools das zur Verfügung stehende SWAT-simulierte Wasser dann optimal auf die
verschiedenen Bewässerungsflächen im ZRB verteilt, unter Einhaltung verschiedener umwelt- und bedarfsorientierter
Bedingungen. MODSIM wird anschließend mit dem CSPSO- Optimierungsmethode gekoppelt, um die agro-ökonomische
Wasserproduktivität (AEWP) der verschiedenen Nutzpflanzen und infolgedessen den Netto- wirtschaftlichen Nutzen (NEB) zu
optimieren (maximieren), mit den Anbauflächen als Entscheidungsvariablen, unter Respektierung verschiedenen
Anbaubeschränkungen. In Anlehnung an politische Empfehlungen zur Ernährungssicherheit des Iran, werden drei Varianten der
Einschränkungen der Getreideanbauflächen untersucht. Die Ergebnisse weisen auf deutlich erhöhte AEWPs hin, was zu einem
zukünftigen Anstieg der jährlichen NEB von ~16% auf 37,4 Mio. USD für die 65% - Getreideanbaufläche Variante führt, während
gleichzeitig das erforderliche Bewässerungswasser um ~38% reduziert wird. Dieser NEB-Anstieg wird erreicht, indem die gesamte
künftige Anbaufläche im ZRB um 47% erweitert wird - was auf eine Defizitbewässerung hindeutet – wobei der größte Teil dieser
Erweiterung durch die hohen AEWP-ertragreichen Nutzpflanzen Weizen und Gerste, auf Kosten einer enormen Verringerung der
Alfalfa-Fläche, bewirkt wird. Abhängig von der zukünftigen RCP/Periode sollten auch Tomaten- und etwas weniger Kartoffel- und
Zuckerrüben- Anbauflächen, die derzeit nur kleine Anbauflächen bilden, signifikant erhöht werden.
6- In Kapitel 6 werden die zukünftigen Temperaturen und der Niederschlag mittels des HadGEM2-ES_RCA4 GCM/RCM Modelles,
welches sich als das am besten geeignete GCM/RCM- Modell des koordinierten regionalen Downscaling-Experiments (CORDEX)
herausgestellt hat, unter RCP 4.5 und RCP8.5 für drei zukünftige Perioden (2030, 2050 und 2080) , der zweistufigen QM-Methode
zunächst Bias-korrigiert. Diese „downscaled“ Prediktoren werden dann im SWAT- Einzugsgebietsmodell verwendet, um das
zukünftige Wasserdargebot im ZRB und insbesondere des Boukan- Reservoir-Zuflusses zu simulieren. Anschließend wird der
Speicherbetriebs-/Wasserbedarf im ZRB mit dem MODSIM-Wasserwirtschaftstool für zwei Wasserbedarfsszenarien, WDcurrent
und WDrecom, modelliert, die, respektive, das aktuelle und ein nachhaltigeres Szenario repräsentieren. Die Zuverlässigkeit der
Wasserversorgung des Staudamms für verschiedene Wassernutzungen im Untersuchungsgebiet wird anschließend durch die
Berechnung des Angebots/Nachfrageverhältnisses (SDR) untersucht. Die Ergebnisse zeigen, dass, obwohl für WDrecom die SDRs im
Allgemeinen höher sind als für WDcurrent, diese alle < 1 sind, d.h. zukünftige Wasserdefizite bestehen bleiben werden Schließlich
wird die Leistungsfähigkeit des Wasserversorgungssystems anhand von Risiko-, Zuverlässigkeits-, Elastizitäts-, Vulnerabilitätsund Maximaldefizitindizes bewertet und für die Schätzung des Sustainability Group Index (SGI) kombiniert. Die Ergebnisse deuten
darauf hin, dass für beide Wasserbedarfsszenarien WDcurrent und WDrecom,, der durchschnittliche SGI für alle RCPs signifikant
gesenkt wird, namentlich für das extremere RCP85- Szenario. Wie erwartet, ist der SGI- Rückgang für WDrecom jedoch geringer als
der von WDcurrent, was in der Tat auf den Vorteil der Umsetzung dieses nachhaltigeren Wasserbedarfs-Szenarios hinweist.
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CHAPTER 1
1 General introduction and research framework
1.1 Research background
Food and water security is addressed as a great challenge in the future years due to the rapid
growth of population and unsustainable water usage. In many arid or semi-arid regions of the
world including the Middle East and North Africa (MENA) region, which is the most waterscarce region on the earth, the renewable water resources per capita in is expected to be
declined and the environmental water flows will be likely dissatisfied due to the overallocation of human water uses, particularly for agricultural use.
This situation may be intensified by the rising trend in long-term climate variability and
droughts due to global climate change where the available current water resources and bodies
will be adversely affected, which may result in some hydro-climatic disasters with severe
losses for the vulnerable natural systems and communities. Therefore, the first inevitable task
to prepare ourselves is to identify the climate variations, followed by a prediction of the future
hydro-climatic conditions and so, eventually, to be able to define adaptation plans that can
mitigate the mentioned negative impacts on water supply systems.
The major objective of water decision makers is to allow for a sustainable access to safe
drinking water for most of the people and then to satisfy the remaining significant
consumptive water users with equitable water policies that take into account the
environmental and non-consumptive demands. However, decision making is usually done
based on a hydrologic short-term micro-scale counting of the water resources, which neglects
the complex variations in water system sectors.
To remedy such an unsatisfactory situation, the concepts of sustainable water management
are used nowadays as a comprehensive adaptation tool to soften the negative effects of
climate and agriculture unsustainable development. The next step which allows integrating
water equity and sustainability concepts by using an interdisciplinary strategy on the river
basin scale with a comprehensive systematic point of view is then the so-called sustainable
river basin management. The latter is mostly carried out using the help of economic hydroclimatic models on the basin scale.
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To avoid food insecurity and undernourishment, future agricultural production will have to
rise faster than population growth. Improvements will thus have to come from sustainable
intensification of agricultural productivity on existing arable land that makes effective use of
land and water resources without damaging them in the long run. In contrast, in most river
systems excessive exploitation for agricultural development and low efficiency of surface
water use in the headstream regions have led to a marked decrease in the water supply to the
mainstream, with the consequence that essential water rights such as environmental or
domestic water uses are failed to be met. Therefore, land use change as main cause of water
scarcity should be evaluated to monitor the water and land resources changes altogether.
Moreover, climate change impacts should also be evaluated for sustainable water
management, as the former will not only reduce available water resources, but also increase
the demands by crops, as higher temperatures will lead to elevated evaporation rates. Thus,
modeling of water resources system and optimization of the water uses with a sustainable
river basin management in the wake of climate changes should be emphasized as a tool for
the development of future water decision making, in order to improve the reliability and
resilience of water supplies, considering the physical, hydrologic and economic constraints of
water and land resources, with the final objective to improve the supply of future growing
demands.
With the above background at hand, this research proposal gears to evaluate the impacts of
climate change on the hydrological and environmental characteristics of the Zarrine River
Basin (ZRB) located in northwest Iran and then develop a decision-making model in order to
optimize the operation policies and water management strategies in order to balance properly
the future water supply and demands.
Hence an integrated hydro-economic model for water resources decision making is developed
that allows managing the water resources systems with a sustainable approach, as an
adaptation tool, in order to minimize the total losses due to climatic disasters and
unsustainable development in the crop cultivated areas.

1.1.1 Sustainable management of the water resources
The water is the basic element and vital need of the life on the earth which the adequate
availability of water in quantity and quality, is an inevitable condition for sustainable
2

development. Sustainable water resource systems are considered to be those that designed
and managed to fully provide the present and future objectives of society, if they can meet
the needs of society over the lifetime of the infrastructure so long as also maintaining the
long-term supply of their, hydrological, environmental, and ecological integrity. In other
words, the concept of sustainable water management emphasizes the need to satisfy the
changing demands of the long-term future as well as the present without system degradation.
It is also important to couple system engineering principles with ecosystem requirements in
terms of the water stressors such as climate change and water uses in order to operationalize
the sustainable water management principles.

1.1.2 Hydro-economic models
The sustainable development policies and global climate change are related to the decisionmaking water management with a complex relationship, as the all characteristics of the water
resources system need to be considered in parallel with water demand of various users.
Therefore, the implementation of sustainable water management can be done through the
integration of technical, socio-economic, environmental, hydrological and social modules of
water resources system.
Hydro-economic modeling is a state-of-the art model that have emerged as an outstanding
tool for executing the integrated water resources management (IWRM) concepts. These
solution-oriented models can be used to appropriate insights and new strategies about how
to best optimize the sustainable water management strategy. The strength of hydroeconomic tools lies in its capacity to assess holistically key components of water management
system on the large scales within a unified approach based on a complex programming
approach. The hydro-economic tools can be generally distinguished into compartment
modeling or holistic modeling approaches. The holistic modeling approach combines the
hydrologic and economic modules in an integrated model which the water demand and water
supply are solved simultaneously, whereas the hydrological and economic models are run
individually but have a data exchange connection.
The integrated hydro-economic model used in this study is a holistic modeling approach on a
river basin scale, which the individual modules (hydrological, economic) are integrated using
simulation and/or optimization methods. A review of hydro-economic modeling approaches
are investigated in McKinney et al. (1999) and Harou et al. (2009).
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1.2 Research objectives
The main objective of the research proposed can be stated as follows:
-

To develop an optimization model as a hydro-economic model presenting the possible
future scenarios for managing water supply and demand of the ZRB considering climate
change impacts and sustainable water resources management principles.

The specific objectives then are:
-

To analyze the impacts of climate change variations on the surface runoff and available
water resources of the river basin using a hydrological model that also includes an analysis
of the conjunctive water uses.

-

To allocate the available water resources fairly to the future water stakeholders
employing a sustainable approach that is based on the results of a constrained
optimization problem, wherefore the objective function is the economic cost-benefit of
the water uses and the constraint is the sustainability of the water resources.

-

To mitigate the negative impacts of climate change and agricultural unsustainable
development on future water resources and environment.

1.3 General description of the research area
Lake Urmia used to be ranked as the largest saline lake in the Middle East and one of the
largest saltwater lakes of the world. However the area of the lake has gradually decreased in
the past decades and it is assessed as a highly endangered ecosystem, which is similar to the
Aral Sea, on the verge of a major environmental and ecological disaster. The Lake Urmia Basin
(LUB) area is around 51,000 km2, which is 3.15% of that of the whole country, and % with
around 3.7 million population located in the West Azarbaijan, East Azarbaijan and Kurdestan
provinces. The volume of surface water in the lake basin dominates 7% of the total surface
water in Iran. This basin has an arid to semi-arid climate classification.
To support the agricultural development plans, the area under irrigated areas around the lake
has increased over seven times during the last 15 years to around 510,000 ha of irrigated land
with 33 modern and traditional irrigation networks in the basin. These drastic land cover
changes along with climate change put extra pressure on the basin's water resources and have
4

Figure 1.1. The historical changes of the Lake Urmia during 1984 to 2014 (derived from Google Earth).

caused a decline in the inflow to the lake which from 1995 has been accelerated dramatically
as can be seen in the satellite images of the lake in Figure 1.1. This situation has continued to
exacerbate with the occurrence of a persistent drought since 2000 which has also seriously
worsen the hydrological status of the LU basin accompanied with the increased salinity and
widespread desertification. The reported irrigation efficiency is quite low, about 38% for the
areas irrigated by the surface water resources from the dam and the river, and 50% for the
areas using groundwater resources, which is lower than average of the developing countries
(45%) for the surface water due to the non-modern irrigation methods and systems. The lowefficient irrigated land is increased between 1976 and 2013.
As the Zarrine River with 300 km the length of main channel, is the main inflow source of the
Lake comprising 41% of the long term inflow and adjacent arable lands are situated along the
river, its catchment is the most important catchment of the Lake Urmia. Thus, this research is
proposed to study the Zarrine River Basin (ZRB) in order to prevent the happening of disasters
with a lot of environmental, social and economic damages. It is located between 45° 46‘ E to
47° 23‘ W longitude and 35° 41‘ S to 37° 44‘ N latitude, forms the southern sub-basin of the
LUB and covers an area of about 12,000 km2. The ZR itself has a total length of about 300 km
and most of its course is within a mountainous area. The ZRB belongs to the Lake Urmia
hydrologic basin which is one of the six main basins in Iran. The basin covers an area of about
12,000 km2 including parts of Kurdestan, and the West and East Azarbaijan provinces.,
wherefore the larger portion is mountainous and the smaller one is rather plain with the
elevation varying from 1264 to 3297 m. The Miandoab, Shahindej, Tekab and Saghez are the
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Figure 1.2. Location of the Lake Urmia, Zarrine River Basin and Boukan Dam together with dryfarming
and irrigated croplands.

four big cities of the basin. The climate of this region varies from semi-wet cold or wet-cold
class in the mountain areas but it changes to semi-dry in the vicinity of LU. The average annual
temperature varies between 8 and 12 C while the rainfall in the basin varies annually
between 200 mm/yr in the lower catchment area and 800 mm/yr in the mountains. The
maximum observed snowfall is recorded mostly in the south and west of the basin and the
snow height varies from 5–63 mm/yr on average.
The Boukan Reservoir is the most important and largest operating dam of the basin, with a
gross storage capacity of 760 million m3 (MCM) and a live storage capacity of 654 MCM. Its
water is used for agricultural irrigation and the supply of drinking water (110 MCM/yr)
including 158 MCM/yr for the Tabriz city as the 6th biggest city of Iran. The agricultural areas
within the basin cover a total area of 74,318 ha, all irrigated by groundwater and surface water
resources, including from the Boukan Reservoir, as the crop-growing season of the basin is
mostly during the dry season lasting from mid-spring to mid-autumn.
The major land cover of the basin is 45% dry land, 37% pasture and 14 % forest. The main
crops of the study area contain wheat, barley, alfalfa, potato, tomato, sugar beet, and apple.
The location of the Lake Urmia, ZRB and Boukan Dam are shown in Figure 1.2 together with
dry farming and irrigated croplands.

1.4 Research questions and thesis outline
This research has tried to answer the following main questions:
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-

What is the current and future conditions of the available water resources in the ZRB i.e.
the inflow of the dam based on the possible climate variations?

-

What is the impacts of the climate change on the water supply system of the ZRB,
particularly the operation of the Boukan Dam?

-

How can manage the water supply and demand of the ZRB sustainably?

-

How can be the crop pattern and irrigation plan of the future period to optimize the crop
production and agricultural water use of the ZRB considering the projected climate change
and crop production scenarios?

This dissertation consists of six chapters. After general introduction in the first chapter, the
other chapters are developed based on the five research articles which two of them are
published in peer-reviewed journals and the others are in press.
This research is done using two different sets of the observations for the weather data i.e. the
daily minimum and maximum temperatures and precipitation which the first set is provided
by Ministry of the Energy (MOE) (1977- 2012) and the second one is gathered from Iranian
Meteorological Organization (IRIMO) for the synoptic stations (1987- 2012). The MOEobservations are applied in the first two chapters namely Chapter 2 and Chapter 3 and the
IRIMO- observed data which seems to be more reliable and widely used in the other studies,
are employed in the other chapters, Chapter 4 to 6. The connection among research chapters
are also described in the simplified flowchart of Figure 1.3.
In Chapter 2 the water availability of ZRB and particularly the inflow of the Boukan Dam, are
simulated under various climate change scenarios using Quantile Mapping and classic SDSM
downscaling models.
In Chapter 3 the hydrological and environmental impacts of climate change are assessed using
two statistical downscaling methods, the SDSM model combined with a trend-preserving bias
correction technique, and a two-step updated quantile mapping method (QM). Then the
future weather projections are coupled with a SWAT hydrologic model to assess the water
balance and environmental water flows of the ZRB for three future periods up to 2089.
In Chapter 4 the impact of changing climate on inflows and operation of the Boukan Dam in
the ZRB is investigated using the basin-wide hydrologic model (SWAT), in conjunction with a
water management model (MODSIM).
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Figure 1.3. The simplified flowchart of the connection between the chapters.

In Chapter 5 an integrated hydro- economic model is developed as an agricultural water
management tool using a combination of SWAT and MODSIM models with the Constrained
Stretched Particle Swarm Optimization (CSPSO). The crop patterns and corresponding
irrigation plan are presented for different crop production and climate scenarios (RCPs).
In Chapter 6 the future weather predictions are employed using a downscaled CORDEX-RCM
model, bias corrected using the ISI-MIP method for the next 80 years. Then the weather
predictors are employed as hydrologic drivers to the river basin model (SWAT) to simulate the
future reservoir inflow changes. The reservoir operation is also modelled using a water
management model, MODSIM. Finally the system performance of dam and supplied water
are evaluated using the Sustainability index and reliability assessment.
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CHAPTER 2
2 Modeling the Impact of Climate Change on Water Availability in the
Zarrine River Basin and Inflow to the Boukan Dam, Iran

ABSTRACT. The impacts of climate change on the water availability of Zarrine River Basin (ZRB), the
headwater of Lake Urmia, in western Iran, with the Boukan Dam, are simulated under various climate
scenarios up to year 2029, using the SWAT hydrological model. The latter is driven by meteorological
variables predicted from MPI-ESM-LR-GCM with RCP 2.6 and 4.5 scenarios (precipitation) and HADCM3GCM with SRES A2 and B2 scenarios (temperature), and downscaled with Quantile Mapping (QM) biascorrection and SDSM, respectively. From two variants of QM employed, the Empirical-CDF-QM model
decreased the biases of raw GCM- precipitation predictors particularly strongly. SWAT was then
calibrated and validated with historical (1981-2011) ZR-streamflow, using the SWAT-CUP- model. The
subsequent SWAT-simulations for the future period 2012-2029 indicate that the predicted climate
change for both RPCs will lead to a reduction of the inflow to Boukan Dam as well as of the overall
water yield of ZRB, mainly due to a 28% and 31% future precipitation reduction for RCP 2.6 and RCP
4.5, respectively, with a concomitant reduction of the groundwater baseflow to the main channel.
Nevertheless, the future runoff-coefficient shows a 1% and 3% increase, as the - 4% and -12% decrease
of the surface runoff is overcompensated by the named precipitation decrease. In summary, based on
these predictions, together with the expecting increase of demands due to the agricultural and other
developments, the ZRB is likely to face a water shortage in the near future as the water yield will
decrease by -23% and -36%, unless some adaptation plans are implemented for a better management
of water resources.

Keywords: Climate change, Statistical downscaling, Quantile-Mapping, SWAT, Water yield, Iran’s Lake
Urmia
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2.1 Introduction
Fresh water uses are expected to increase significantly in the coming years, owing to
population growth, increased urbanization and agricultural development.

The

Comprehensive Assessment of Water Management in Agriculture reveals that one in three
people in the world is already facing sever water shortages (CA, 2007). This holds particularly
for the Mediterranean and arid climate zone across the northern hemisphere. For example,
recent NASA satellite studies reveals that parts of the arid Middle East region and western
Iran lost freshwater reserves rapidly over the past decade, which means that Iran will be
facing a serious and protracted water shortage (Voss et al., 2013). This water scarcity is
aggravated by increased climate variability due to global climate change reflected by droughts
with drying lakes and rivers, declining groundwater resources and deteriorating water quality
in the country (Madani, 2014).
As global warming is expected to intensify in the 21st- century, further hydro-climatic
disasters, namely, water scarcity in the form of droughts, are to be anticipated. Since climate
change impacts will not only reduce the available water resources, but also increase the water
demands by crops, i.e. will negatively impact agricultural production (Punkari et al., 2014), the
first unavoidable step to prepare affected societies for this water shortage and to evaluate
these adverse water resources impacts is the identification of the climate variations, followed
by a prediction of the hydro-climatic conditions for the future.
Numerous publications deal with the assessment of regional climate change impacts on
available water resources there (e.g. Abbaspour et al., 2009; Blanc et al., 2013; Emami and
Koch, 2018). However, fewer studies focused on the evaluation of streamflow changes, let
alone to apply the further step which is to manage the available regional water resources
under changing future climate scenarios (Tegegne et al., 2013; Ashraf Vaghefi et al., 2014).
The novelty of this research lies in transferring the large scale GCM- based climate signals to
the local hydrologic cycle changes and in predicting the future hydrological components and
the available water resources of a river basin in a semi-arid region from the simulation of the
inflow to a main reservoir.
With the above background at hand, this paper gears to assess the impacts of climate change
on the hydrological characteristics of the Zarrine River Basin (ZRB) with the Boukan Dam
10

located in northwest Iran. The Zarrine River (ZR) is the main inflow source of Lake Urmia, which
is the largest inland wetland of Iran and the largest lake in the Middle East (Pengra, 2012). In
fact, recent publications (e.g. AghaKouchak et al., 2015) indicate that the Aral Sea syndrome
desiccates also Lake Urmia - located in the vicinity of the present study region-, so that the
area of this Iranian lake has decreased by around 88% in the past decades. In fact, Lake Urmia’s
water body which has an international importance based on the Ramsar convention has been
diminishing steadily since 1995. Based on these facts, it has been argued that the current
condition of Lake Urmia necessitates immediate action to avoid an environmental and
ecological disaster. The significant shrinkage in the lake's surface area is not only due to
prolonged droughts in recent years, but also a consequence of the aggressive regional water
resources development plans, unsustainable agricultural activities, anthropogenic changes of
the system and upstream stakeholder competition over water in the upstream areas, i.e. the
ZRB (Emami and Koch, 2018).
In the present study future GCM climate predictions of temperatures and precipitation under
different climate scenarios are downscaled for use as input in a hydrologic watershed model
(SWAT) to simulate the ZRB’s water resources response to the impacts of a changing climate.
Particular emphasis will be laid on the prediction of the Boukan Dam’s future inflow changes,
as this reservoir stores much of the region’s surface water for satisfying the various water
needs there.

2.2 Study area
The ZRB, located between 45° 46‘ E to 47° 23‘ W longitude and 35° 41‘ S to 37° 44‘ N latitude,
forms the southern sub-basin of the Lake Urmia catchment and covers an area of about 11,000
km2 (see Figure 2.1a). The ZR itself has a total length of about 300 km and most of its course
is within a mountainous area. The ZRB belongs to the Lake Urmia hydrologic basin which is
one of the six main basins in Iran. Up to recent times the ZR flowed directly into Lake Urmia,
however, with the more recent drying trend, the lake has retreated by about 30 km from the
river’s mouth. The reservoir system in the ZRB contains three operating dams and one
diversion dam, together with 24 hydrometrical stations. The ZR’s headwaters pour out from
the Kurdestan Chelchshme Mountains, pass through deep valleys in northern direction and
flow into the Lake Urmia. The main branches of the ZR are named Chamkhorkhore,
Saghezchay and Saroghchay. The first two join near Pol-gheslagh and then Saroghchay joins
11

Figure 2.1. Map of the Lake Urmia basin (Iran) with the ZRB as the major sub-basin and further
delineation of the sub-basins with gauge station outlets (a) together with DEM and (b) landuse cover
of the ZRB (c).

them at the most important dam of the basin, the Boukan reservoir dam, the only dam located
on the Zarrine River and serving with a storage capacity of 650 MCM much of the region’s
needs of potable and agriculturally used water. The discharge of the dam continues to flow
towards the North, while intersecting the three rivers Joshatosofla, Ajorlochay and
Ghoorichay. Then the river enters the Norouzloo diversion dam and finally discharges into
Lake Urmia. The region's climate is mostly characterized as semi- wet cold or wet- cold in the
mountain areas with annual precipitation of up to 800mm/yr, but changes to semi- dry in the
vicinity of Lake Urmia where the precipitation is only about 200mm/yr. The major land cover
of the basin is 45% dry land, 37% pasture and 14 % forest (see Figure 2.1c). The ZRB is rather
prone to flooding and devastating floods have occurred there in recent years, especially, in
the beginning of the spring, when snow met in the mountain areas of the basin occurs.
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2.3 Materials and methods
2.3.1 Hydrological simulation model SWAT
2.3.1.1

Theoretical concepts of the SWAT-model

The Soil and Water Assessment Tool (SWAT) is a physically-based integrated semi-distributed
hydrological model that has originally been developed to mainly simulate the impacts of land
management practices in large and complex watersheds (Nietsch et al., 2011). However,
SWAT is also an efficient simulator of hydrology and water quality, so that it has increasingly
being used to investigate climate change impacts on agro-hydrological systems (Jha et al.,
2004; Abbaspour et al., 2009). In such applications, SWAT’s meteorological input drivers are
usually downscaled climate predictors from GCM-models.
The watershed to be modeled is partitioned further into sub-basins to represent the largescale spatial heterogeneity of the research area, and each sub-watershed is divided further
into a set of HRUs (Hydrologic Response Units) which are a particular combination of land
cover-, soil- and management- areal units. For each HRU in a sub-basin, the soil water content,
water and sediment yield, crop growth and the land management practices are simulated and
then aggregated, based on the watershed slopes, reach dimensions, and the other physical
characteristics of the sub-basin. The streamflow of the sub-basins are estimated using the
modified Soil Conservation Service (SCS) curve number method, routed by classic methods,
and then accumulated consequently through the river basin.
The simulated hydrological variables of the SWAT model are evapotranspiration, surface
runoff, percolation, groundwater return flow, snowmelt, flow from shallow aquifers to
streams, lateral subsurface flow, and channel transmission losses. The model inputs for the
land- and other routing phases of the hydrologic cycle can be categorized as climate,
hydrology, land cover, nutrients, pesticides and management practices. Required climate
inputs for SWAT are min. and max. daily temperatures and precipitation as the ultimate
climate drivers of the runoff process. The most important hydrologic and land cover model
inputs include the physical characteristics of the watershed and sub-basins, i.e. soil type, land
slope, slope lengths, Manning’s n-values (roughness coefficient) and characteristics of the
surface water bodies. The remaining categories mentioned are not considered in this study
and are thus not further discussed.
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2.3.1.2

Model setup.

The required data for the SWAT-modelling were gathered from several sources. The network
of rivers and the sub-basins of the watershed was delineated using the Digital elevation model
(DEM) of the Iranian surveying organization, with a spatial resolution of 85 m (Figure 2.1b),
and the land use map of the watershed, with a resolution of 1000 m and 10 land use classes
(see Figure 2.1c) was obtained from MOJA (2007). The soil map of the watershed was
extracted from the FAO digital soil map of the world, with a spatial resolution of 10 km, and
includes 8 types of soil with two layers for the study area. The land management practices and
irrigation plans of the crops in ZRB are defined based on Ahmadzadeh et al. (2015).
The climate input data contain daily precipitation of 21 stations obtained from the Iran
Ministry of Energy (MOE), from which 7 representative stations (excluding other stations with
longer and continuous data gaps) are selected, as shown in Figure 2.2. It should be noted that
the model will assign precipitation for each sub-basin only from the nearest rain gauge to its
centroid. In addition, because of a lack of temperature observations, GCM- predicted (on a
0.5o x 0.5o grid) daily max. and min. temperatures obtained from the Climate Research Unit
(CRU) (http://www.cru.uea.ac.uk/) for the nearest 7 grid points (CRU stations) around or in
the watershed over a period of 36 years (1977–2012) are used (see Figure 2.2a). River
discharge data for 7 hydrometric stations, located at the outlets of the most important and
effective sub-basins of the SWAT model (see Figure 2.2b) were obtained from MOE for the
same period, whereas the reservoir’s monthly outflow was gathered from the IWRM
Company.
2.3.1.3

Calibration, validation and sensitivity analysis.

The recently developed SUFI-2 (Sequential Uncertainty Fitting) embedded in the SWAT-CUP
(Calibration and Uncertainty Program) (Abbaspour et al., 2004; Abbaspour, 2015) was used
for the calibration (parameter optimization), and sensitivity study of the SWAT-model. In SUFI2/SWAT-CUP, users can investigate different objective functions and treat input data as near
random parameters, i.e. model input parameters are expressed as ranges, accounting for all
sources of uncertainties, due to parameter-, conceptual model-, input-, measured data- and
other errors. In this method a meaningful set of ranges is initially assigned to the calibrating
parameters and then a set of samples are drawn from the ranges using Latin hypercube
scheme, which divides the parameter ranges uniformly into N intervals (number of iterations)
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Figure 2.2. (a) Map of selected weather and hydrometric stations in the ZRB-SWAT model (precipitation
(PCP) and temperature (TMP); (b) selected GCM points and grid-box of the MPI-ESM-LR.

and randomly samples the values within the interval for each parameter. The uncertainty is
quantified at the 2.5% and 97.5% levels of the cumulative frequency distribution of the
simulated outputs which is referred to as the 95% prediction uncertainty (95PPU) (Abbaspour,
2015; Koch and Cherie, 2013). Thus the SUFI-2 algorithm differs from the classical
deterministic Parameter Solution (ParaSol) method (van Griensven et al., 2014), used hitherto
in most applications of SWAT (Gassman et al., 2007).
The quality of the fit of the model output, namely, streamflow, to the observed one is also
measured in SWAT-CUP by various quantities, such as the NSE, R2 (coefficient of
determination) and RMSE (root-mean-square error) and a somewhat less used quantity, bR2.
The latter takes, in addition to R2, also the slope b of the regression line between observed
and simulated predictions into account, and has been promoted by Krause (2005) as an
effective measure. The performance of the model in terms of uncertainties is also evaluated
using the P-factor (percentage of the observed data enveloped by the 95 PPU band) and the
R-factor (the average width of the band) indices. The P-factor varies from 0 to 1, with 1 the
ideal value, whereas for the R-factor, a value around 1 is optimal.
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2.3.2 Climate change scenarios and predictions
2.3.2.1

GCM-selection

For assessing climate change impacts on water resources and possible subsequent planning
and management adaptation strategies, the important future meteorological drivers, i.e.
precipitation and temperatures, of the hydrological processes in the study basin must be
determined. This is usually done by employing downscaled predictors of a Global Circulation
Model (GCM) (Abbaspour et al., 2009; Themeßl et al., 2011).
Here the Hadley center’s HadCM3-GCM’s (2.5o x 3.75o grid) coarse predictors for daily min.
and max. temperatures for a 24-year period, 2006-2029, with the extreme emission scenario
(SRES) A2 (promoting further regional economic development) and the more benevolent B2
(with emphasis on an ecologically sustainable development) were used. This GCM output has
been chosen for further downscaling, owing to (1) previous experiences with downscaling of
climate predictors, also in Iran, (Massah et al., 2006; Emami, 2009; Samadi, 2010) and (2) to
the long available predictor period (1977 to 2012).
For precipitation, several GCM model outputs were tested against the observed precipitation
and, finally, one of the 5th -Coupled Model Intercomparison Project (CMIP5) - GCM model
outputs, namely, the recent 1.86o x 1.87o grid MPI-ESM-LR (ECHAM-6) GCM of the MPI
Hamburg under the (benevolent) radiative forcing scenarios RCP 2.6 as a very low forcing level
scenario and the (intermediate) emission scenarios RCP 4.5 as medium stabilization scenario
(van Vuuren et al., 2011) were employed. Representative Concentration Pathways (RCPs) is
the latest generation of scenarios, named according to their radiative forcing target level for
year 2100, relative to pre-industrial values, and usually taken as +2.6, +4.5, +6.0, and +8.5
W/m2 in climate model predictions
Note that for the selected model in the CMIP5 ensemble this domain contains three grid boxes
of which the bottom corner of each box is marked with a red circle as representative GCM
points in Figure 2.2b (nearest-neighbor interpolation). Therefore, the zonal averages of
precipitation within the selected domain were extracted from output of the GCM. However,
since the spatial resolution of these two GCMs is not fine enough for a regional analysis, the
coarse-grid information of GCM’s must be downscaled on to a finer grid.
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2.3.2.2

SDSM- and QM - downscaling of climate predictors

For the downscaling of the temperatures the well-known Statistical Downscaling Model
(SDSM) (Wilby et al., 2002) was used, as previous publications (Wilby and Dawson, 2013;
Emami and Koch, 2018) confirmed suitable performance of the SDSM for the temperature
downscaling. SDSM is a transfer- or multiple linear regression model which employs a few
selected large-scale atmospheric predictors of the parent GCM to predict a climate variable
on the local scale, once the regression model has been calibrated on observed local climate
variables.
On the other hand, because of well-known problems of the SDSM with the downscaling of
intermittent precipitation (Wilby et al., 2002; Hessami et al., 2008), the more-recentlycoming-to-the-fore Quantile Mapping (QM) bias correction technique, which has been found
to do better for this climate variable than the other methods mentioned (Themeßl et al., 2011;
2012; Miao et al., 2016), was employed for the downscaling of precipitation. QM has shown
to be an effective method for removing some GCM- predictors biases with almost little
computational expense (Piani et al., 2010; Themeßl et al., 2011; 2012; Miao et al., 2016) and
appears to deliver much better correlations with the observed predictands (precipitation) at
the high resolution local scale.
The basic idea behind QM- bias correction is to adjust the future climate predictors of a GCM
by the error encountered by the GCM, when trying to predict the local climate observations
in the historical reference period, i.e. the bias. QM has evolved since its inception more than
a decade ago from simple distribution mapping under the assumption of stationarity of
historical and future predictor series to variants that release this assumption (Li et al., 2010).
In the original traditional QM- method the adjusted (corrected) future predictor value for a
̇
particular month 𝑥̃𝑚−𝑝. 𝑎𝑑𝑗𝑢𝑠𝑡
of the original future value (quantile) 𝑥𝑚−𝑝 is found by inverting

the cumulative distribution function (CDF) 𝐹𝑚−𝑐 of the current GCM-predictor series with the
CDF 𝐹𝑜−𝑐 of the observed (current) series, i.e.
−1
̇
𝑥̃𝑚−𝑝. 𝑎𝑑𝑗𝑢𝑠𝑡
= 𝐹𝑜−𝑐
(𝐹𝑚−𝑐 (𝑥𝑚−𝑝 ))

(2.1)
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where x is the climate variable of interest, either observation (o) or model (m) for the current
climate (c) in the reference period, or future projection period (p) and F is the CDF and F-1 is
its inverse.
As mentioned, the underlying assumption in the application of Eq. 2.1 that the climate variable
of interest has a similar future distribution as that of the reference period and the form of this
CDF, i.e. its variance and skew remains the same in the future, but only its mean, defining the
bias, is allowed to change, whereas the mean may change and is then adjusted as part of the
bias correction. On the other hand, because climate variables’ time series are often
nonstationary,

this assumption has been put into question by Milly et al. (2008) and,

consequently, Li et al. (2010) proposed an improved QM-method, called equidistant CDF
matching (EDCDFm), wherefore the bias corrected values are computed as:
−1
−1
̇
(𝐹𝑚−𝑝 (𝑥𝑚−𝑝 )),
(𝐹𝑚−𝑝 (𝑥𝑚−𝑝 )) − 𝐹𝑚−𝑐
𝑥̃𝑚−𝑝.𝑎𝑑𝑗𝑢𝑠𝑡
= 𝑥𝑚−𝑝 + 𝐹𝑜−𝑐

(2.2)

However, this method may provide some negative values for the bias-corrected variable
which is unacceptable for the precipitation. For remedy, Miao et al. (2016) proposed a
modified nonstationary CDF-matching (CNCDFm) technique, wherefore Eq. 2.2 is replaced by:

𝑥̃𝑚−𝑝.

𝑙(𝑥) ,
̇𝑎𝑑𝑗𝑢𝑠𝑡 = ( 𝑔(𝑥) ,
0
,

𝑙(𝑥) > 0
𝑙(𝑥) < 0
𝑥𝑚−𝑝 = 0

(2.3)

With
−1
−1
𝑙(𝑥) = 𝑥𝑚−𝑝 + 𝐹𝑜−𝑐
(𝐹𝑚−𝑝 (𝑥𝑚−𝑝 )) − 𝐹𝑚−𝑐
(𝐹𝑚−𝑝 (𝑥𝑚−𝑝 )),

(2.4)

and
𝑔(𝑥) = 𝑥𝑚−𝑝 ×

−1 (𝐹
𝐹𝑜−𝑐
𝑚−𝑝 (𝑥𝑚−𝑝 ))

(2.5)

−1 (𝐹
𝐹𝑚−𝑐
𝑚−𝑝 (𝑥𝑚−𝑝 ))

Based on the equations above, the bias correction of the monthly precipitation by means of
the CNCDFm- method comprises then the following steps which were coded in the MATLAB©
programming environment:
Firstly, the monthly precipitation for each grid box and each month of the year of the 36 years
(1977–2012) long dataset is calibrated and then validated by a repeated cross validation
process for 30 times, using two non-parametric conversion function options, namely, the
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Empirical Cumulative Distribution Function (ECDF), as advocated by Themeßl et al. (2011) for
quantile mapping, and the Kernel Density Function (KDF) to estimate the CDFs and the inverse
CDFs for the precipitation data for each month of the year (e.g. January, .., December) (Miao
et al., 2016). For the calibration of the QM-model 20 years out of 36 years of monthly
precipitation sampled (i.e. 1977 to 1996) and the 16 years as the rest of the period (i.e. 1997
to 2005) are used for the validation of the model. This procedure is repeated 30 times and the
average of the bias correction success rate and percentage of the improvement of the biases
computed.
Secondly, the best validated option is then selected to assess the biases of the raw GCM series
and the corrected values after the bias correction by computing the QBt – index, for different
percentiles (25%, 50% and 75%), of the corresponding CDF. QBt is defined as (Mehran et al.,
2014):
∑𝑛
𝑖=1𝑃𝐶𝑃𝑚𝑜𝑑𝑒𝑙 | (𝑃𝐶𝑃𝑚𝑜𝑑𝑒𝑙 ≥𝑡)
𝑖=1𝑃𝐶𝑃𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 | (𝑃𝐶𝑃𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 ≥𝑡)

𝑄𝐵𝑡 = ∑𝑛

(2.6)

where the 𝑃𝐶𝑃𝑚𝑜𝑑𝑒𝑙 and 𝑃𝐶𝑃𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 are the quantiles of the monthly precipitation of the raw
GCM and the observed series of the validation period above the threshold t, i.e. the percentile
level (25%, 50% and 75%). Obviously, the QBt index is equal to 1 when there is no bias in the
prediction, whereas a value above or below 1 indicates that the amounts of the precipitation
above the specific threshold are overestimated or underestimated, respectively.
Thirdly, the daily future precipitation of the future period at each station is predicted from the
average of 10 ensembles created based on the validated model of the previous step. The
ensembles are generated based on the statistics of the monthly (bias-corrected) precipitation
time series using a two-state first-order Markov chain process for (Wilks, 2006; Mhanna and
Bauwens, 2012), wherefore four different transitions dry-dry dry-wet, wet-wet and wet-dry,
denoted by the observationally determined

transition probabilities p00, p01, p11, p10,

respectively, are possible. Using this approach, the synthetic daily time series xt (t=1,..30,31)
for a particular month is generated, beginning at day 1 with x1, either dry (=0) or wet (=1),
depending on whether a random number drawn from a uniform [0,1] distribution is less than
the stationary, long term probability π1 of the occurrence of precipitation, which in turn
depends on p01 and p11 (Wilks, 2006; Mhanna and Bauwens, 2012). The situation of the
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subsequent day (t=2) and further on depends then on the value of a new random number,
relative to these two transition probabilities p01 or p10, respectively.
Finally, the synthetic daily wet-and-dry series for a month is scaled to get the appropriate biascorrected daily precipitation amounts of the wet days, while making sure at the same time
that the monthly aggregated GCM-predicted precipitation amounts are guaranteed.
It should be noted that the precipitation and temperature downscaling models are calibrated
and validated for different periods, i.e. 1977 to 2005 and 1977 to 2012, respectively, as the
outputs of their parent GCM models are available for these periods. This means that the
downscaling simulations are done for the overlapping period of the related GCM predictors
and of the historical observed data.

2.4 Results and discussion
2.4.1 SWAT-CUP sensitivity analysis
The results of the SWAT-CUP sensitivity analysis of the simulated river discharge carried out
for each sub-basin and with initially 7 general parameters for the basin and 15 effective model
parameters are listed in Table 2.1 and Table 2.2 in ranked order, following mostly previous
studies of one of the authors (Emami, 2009). Then the sensitivity analysis is performed
hierarchically sub-basin-wise from the utmost upstream sub-basin (11) down to the outlet of
the total basin, using the other 11 most sensitive model parameters (p-value less than 0.05).
It is interesting to see from Table 2.1 that the most sensitive general parameters are snowmelt
parameters, which is a consequence of the Urmia watershed being surrounded by mountains,
so that about one third of ZRB’s water is meltwater from snow cover which prevails in the
mountains over up to six months in the winter season.
Other than that, the ranking in Table 2.2 indicates that the most sensitive parameter of the
model is CN2, the Initial SCS runoff curve number for moisture condition II which is of no
surprise, as it affects the surface runoff changes directly. The default values of the curve
numbers are given in the SWAT model based on the land covers and soil types and which have
some uncertainties. The other sensitive parameters can be classified in three hydrological
groups, and soil parameters, channel routing, and groundwater. Thus, the moist bulk density
of the soil (SOLˍBD), base flow alpha factor for bank storage (ALPHAˍBNK) and the threshold
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depth of water in the shallow aquifer required for return flow (GWQMN), are the most
sensitive parameters of the three named groups, respectively.
Table 2.1. Ranks of the most sensitive general parameters of the basin with their final calibrated values.
Rank

Parameter

Final value

Rank

Parameter

Final value

1

SFTMP.bsn

1

5

SMFMX.bsn

7.95

2

SMTMP.bsn

0.5

6

SMFMN.bsn

0.73

3

SNO50COV.bsn

0.3

7

SNOCOVMX.bsn

463.9

4

TIMP.bsn

0.71

Table 2.2. Ranks of the most sensitive input parameters for the different sub-basins

These sets of effective parameters of the model are considered for the sensitivity analysis
separately for the eight groups of sub-basins (see Figure 2.1a), which the sub-basin 11 is the
first and sub-basins1 and 2 assumed as the last group and finally the most sensitive ones are
selected for the final model calibration based on their interactions (as shown in Table 2.2).
Finally, it should be noted that the streamflow is also sensitive to some other parameters such
as LAT_TTIME and HRU_SLP, but they are estimated in the model based on physical conditions
and are kept as defaults.

2.4.2 SWAT-model calibration and validation
Using SUFI-2 algorithm of SWAT-CUP, the SWAT- model was calibrated on the ZRB streamflow
for the 1991-2012 and validated for the 1981-1990 period. To that avail the 11 most sensitive
parameters (the non-starred parameters in Table 2.2) were optimized for the 8 groups of sub21

basins from the upstream outlets (sub-basin 9, 10, 11) to the main outlet of the basin
(subbasin 2) starting with some initial ranges, which are based on previous studies (Emami,
2009; Ahmadzadeh et al. 2015) and the knowledge of the basin. The minimum and maximum
allowable value of each parameter are also considered in the calibration and validation
procedures based on the SWAT model documentation (Arnold et al., 2012a). Then several
iterations with about 500 simulations each were performed to determine the distribution and
the 95%- prediction uncertainty of the objective function (misfit between observed and
modeled streamflow).
For the validating the calibrated SWAT model, the first 4-years of the available data (19771981) are used for the warm-up of the model and the final value or range of the parameters
calculated in the calibration procedure, are applied in the SWAT model and the performance
indices of the results are evaluated for the next 10 years. It should be also noted that the first
10 years are selected for the validation in order to balance the dry-wet years of the calibration
and validation period, as Arnold et al. (2012b) suggested that both wet and dry periods should
be included in both the calibration and validation periods.
The statistical results of the optimized objective (misfit) functions for the six hydrometric
stations at the outlets of the specified sub-basins of Figure 2.1a in terms of R2, NS and the bR2
are listed in Table 2.3 for the calibration- and the validation period. Based on these numbers,
particularly bR2 as the most important parameter highlighted in bold in Table 2.3, the fit of
the model to the data (streamflow) can be considered as quite satisfactory for both the
calibration and the validation period (Figure 2.3). The final value/range obtained for the
adjusted calibration parameters is given in Table 2.2, wherefore the range reflects the values
obtained for the 8 different groups of sub-basins, and calibration parameters superscribed by
(*) denote a constant value determined for the whole basin.
Table 2.3. Statistical measures for the SUFI-2 - optimized objective functions for calibration and
validation periods for various sub-basin outlet stations together with the uncertainty measures (Pfactor and R-factor).
Outlet #

Station

2
4
7
8
9
11

Nezamabad
Chooblooche
Sarighamish
Boukan Dam
Safakhaneh
Sonateh

Average

P-f*
0.90
0.82
0.92
0.79
0.85
0.86
0.86

R-f*
1.1
1.0
1.2
1.4
1.1
1.1
1.2

Calibration
R2
NS
7.02
0.65
7.60
0.30
7..0
0.55
7.06
0.72
7..6
0.40
7..4
0.42
0.68
0.51

bR2
0.66
0.60
0.67
0.58
0.62
0.63
0.63

* P-f and R-f stands for P-factor and R-factor of the model.
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P-f*
0.8
0.9
0.7
0.8
0.8
0.6
0.8

R-f*
1.4
1.1
1.4
1.4
1.2
1.7
1.4

Validation
R2
NS
0.57
0.51
0.66
0.55
0.63
0.45
0.60
0.50
0.59
0.45
0.55
0.44
0.60
0.48

bR2
0.50
0.56
0.52
0.54
0.55
0.30
0.50

Nezamabad Station

Boukan Dam Station

Figure 2.3. Observed (solid line) and simulated (dashed line) hydrographs for outlet station 8 measuring
inflow to the Boukan Dam (bottom panel) and the main basin outlet station 2, Nezamabad (top panel).

2.4.3 SDSM- downscaling of HADCM3- historical temperatures
Based on a cross-correlation analysis of the HADCM3- temperature predictors with the
observed historical daily temperatures, the three highest correlating predictors, ncep_mslp
(mean sea level pressure), ncep_shum (near surface specific humidity) and ncep_temp (mean
temperature at 2m) were selected in the SDSM- regression model for the downscaled
prediction of the min. temperature, whereas the two predictors ncep_p500 (500 hPa
geopotential height) and ncep_temp were employed for the max. temperature.
Figure 2.4 and Table 2.4 show the statistical results of SDSM- downscaled predictions of these
two temperature predictands after monthly aggregation for both the calibration (1977-2000)
and the validation (2001-2012) period at the CRU grid points. One can notice a very good
agreement between observed and downscaled monthly variables, though this holds
somewhat less for the min. temperature in the validation period. This visual impression is also
corroborated by the rather high, respective, low values for the coefficient of determination,
R2 and the standard error (SE) of the calibrated and validated model listed in Table 2.4.
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Figure 2.4. Observed and simulated min. (upper panels) and max. (lower panels) monthly temperatures
for calibration (left panels) and validation (right panels) periods at 452255t.

Table 2.4. R2 and SE of SDSM- downscaled monthly min. and max. temperatures for historical
calibration and validation periods.

It should be noted that the ECDF- QM method was also tested with temperature predictors
from the MPI-ESM-LR GCM model, but turned out lower model performance than SDSM in
the validation period (R2=0.38 and SE=6.85 against R2=0.72 and SE=1.86). This is the reason
for using SDSM for temperature downscaling above.
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2.4.4 QM-downscaling of MPI-ESM-LR precipitation predictors
For the validation of the two QM-downscaling variants employed, i.e. ECDF and the KDF,
procedures, 10 series realizations of cross validation were carried out for 20 years, randomly
selected between years 1977 and 2005, and then evaluated using the quantile bias (QBt)
parameter for different percentiles t on the monthly aggregated data (see Eq. 2.6). Table 2.5
shows the results obtained for the two QM-variants. One may notice that while the raw GCM
(MPI-ESM-LR)- predicted precipitation mostly overestimates the observed one (QBt>1), - with
the exception of the more extreme 75% percentile, where GCM’s are usually known to
underestimate the real precipitation - KDF- and ECDF- bias corrected precipitation
underestimate it slightly (QBt<1), however, with the ECDF- QBt values closer to 1, i.e. this
QM-variant works better than the other one. Based on these results, only the ECDF-QMvariant is further applied in the subsequent analysis.
The effects of the ECDF- QM application on the historical precipitation are shown at the
meteorological station Nouroozloo as an example in Figure 2.5. Corroborating the results of
Table 2.5, one may notice that while the raw GCM precipitation overestimates the observed
one, the ECDF – biased corrected comes much closer to the latter. Similarly good results
(0.75<QBt<1) are obtained for other stations, but not shown here.
Using the underlying procedures of the ECDF- QM-method, as epitomized by Eqs. 2.1 to 2.5,
the future monthly MPI-ESM-LR- precipitation- predictors under radiation forcing scenarios
RCP 2.6 and RCP 4.5 for years 2006 to 2029 were bias-corrected. Figure 2.6 shows the
empirical CDFs of the observed, raw historic GCM, raw future GCM of the RCP 4.5 scenario
and the bias-corrected future GCM precipitation for months of March and December at the
Nouroozloo precipitation gauging station. Again, the previously mentioned overestimation of
the historic precipitation by the raw GCM-predictions is clearly noticeable which leads to a
Table 2.5. Precipitation quantile bias (QBt) as a function of the percentile obtained with the raw GCM,
KDF and ECDF- QM variants.
Percentile
25%
50%
75%
Average

QBt
Raw GCM
1.48
1.35
0.86
1.23

KDF
0.69
0.57
0.46
0.57
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ECDF
0.96
0.87
0.79
0.88

Figure 2.5. Monthly observed and QM- downscaled (bias–corrected with ECDF and KDF) precipitation
at Nouroozloo station for the calibration period 1977 to 1996.

Figure 2.6. Empirical CDF for daily precipitation for observed, reference raw GCM (1977-2005), future
raw GCM for the RCP4.5 climate scenario (2006-2029) and QM- bias-corrected data at Nouroozloo
station for March and December.

corresponding “downward” correction of the future raw GCM- predictions. Similar results
were obtained for other stations and other months and are not presented here.
Finally daily precipitation values were generated from the monthly biased corrected data for
the two RCP -scenarios by means of the stochastic Markov-chain approach for the sequence
of wet and dry days in a month and random drawing from the appropriate ECDF and scaling
to get the correct precipitation amount (see Section 2.3.2). With this procedure, 10 stochastic
realizations of future daily precipitation were generated which will be further processed for
use as input in the SWAT- model in the following section.
Figure 2.7 shows the future (2006-2029) bias-corrected monthly precipitation series
generated from the average of the 10 realizations, together with the raw future GCMprecipitation, for scenario RCP2.6 for the station Nouroozloo. In agreement with Figure 2.6,
one can clearly notice again that the QM- bias corrected monthly precipitation is consistently
lower than the raw GCM-data.
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Figure 2.7. Future (2006-2029) raw GCM- and bias corrected monthly precipitation series for scenario
RCP2.6 for Nouroozloo station.

2.4.5 SWAT future dam inflow simulations for various climate scenarios.
For the simulation of future streamflow in the ZRB and, particularly, of the inflow to the
Boukan Dam, three possible representative future precipitation series for each RCP scenario,
RCP 2.6 and 4.5, called hitherto PA, PB and PC, were selected from the aforementioned
realization-set of 10 QM- stochastically generated daily precipitation series. The PA- scenario
has the less predicted rainy days, the PC- scenario the most, and the PB- scenario represents
the 10-realizations average.
The precipitations predicted in this way for the two RCP-scenarios (2.6 and 4.5) were then
inputted as drivers into the previously calibrated SWAT- model, together with the downscaled
min. and max. temperatures for the two SRES-scenarios A2 and B2 (named here TA and TB),
resulting in a total of 12 possible climate scenarios, to predict the future reservoir dam inflow.
Figure 2.8 shows the SWAT-simulated future inflow variations to the Boukan Dam for these
12 climate scenarios. Comparing the future streamflows predicted for the different scenarios,
one may recognize that the trends are more or less the same, though different extreme values
may arise. In general, the future predicted inflows are larger for the more extreme RCP 4.5
(bottom panels) than for RCP 2.6 (top panels).
The same holds for the responses to the two temperature scenarios where the inflows are
larger for the more extreme A2- than the mild B2- scenario. On the other hand, within each
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Figure 2.8. SWAT-simulated future monthly inflows at Boukan Dam for 12 climatic scenarios, i.e. RCP
2.6 (top panels) and RCP 4.5 (bottom panels) for precipitation, and two SRES- temperature scenarios,
A2 (TA) (left panels) and B2 (TB) (right panels) and three precipitation scenarios (PA, PB, PC, see text
for details).

RCP-group the inflows are approximately the same for the three assumed future precipitation
realizations, PA, PB and PC.
While the predicted Boukan Dam inflow differences for the 12 climate scenarios appear to be
only minor, this is not the case when comparing the future dam inflow with the historical one,
as illustrated in Figure 2.9 for the average of the 6 variants for each of the two RCP-scenarios.
This figure shows that, compared with the historical streamflow of the late 20th – century that
of the 2006-2029 time period has decreased remarkably, meanwhile the decreasing trend in
the observed period will be changed to a constant trend in the future period.
The above predicted changes of the future inflow to the Boukan Dam, the major water supply
reservoir in the ZRB, will have significant adverse implications on the water supply in the basin,
requiring various adaptation strategies, especially, for agriculture, such as reduced or more
efficient irrigation, or even changing the crop patterns, as has been indicated by e.g. Fereidoon
and Koch (2017) for another, similar agriculturally used basin in Iran.
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Figure 2.9. Monthly observed (historical), simulated (historical) and future predicted inflow into the
Boukan Dam based on average of RCP 2.6 and RCP 4.5 climatic scenarios (see text), together with trend
lines for the historical and future predicted periods.

The various water balance parameters for the whole ZRB, which are either input to SWAT
(precipitation) or simulated, are presented in Table 2.6 as averages of the 6 variants for each
of the two climatic scenarios, RCP 2.6 and RCP 4.5, together with those obtained for the
historical reference period. One will notice from the Table 2.7 that, in comparison with the
validation period (1981 to 1990), precipitation (rainfall plus snowfall) will decrease gradually
by 28% and 31% for the two RCP’s, respectively. For the snowmelt, the reductions are with
41% and 44% even more tremendous. Relative to the later calibration period (1991 to 2012),
the reduction of future precipitation will be 11% less for both RCPs, while snowmelt will be
19% and 18% less for RCP 2.6 and 4.6 scenarios, respectively. The decreasing average of
snowfall and sublimation also agree with the reducing trend of snowmelt in the predicted
scenarios. Evapotranspiration (ET) shows also a decreasing trend in the future years, with the
latter being, somewhat expectedly, stronger for RCP 4.5 than for RCP 2.6, whereas the shallow
aquifer recharge is also reduced for both RCPs, though somewhat less for RCP 4.5.
The future declining trends in the above mentioned parameters will have direct consequences
on the three important routing contributors, surface runoff (SWQ), lateral subsurface flow
(LWQ) and groundwater inflow (GWQ) which make up (minus the transmission losses,
TLOSS) the streamflow in the main channel, i.e. the water yield WYLD, as framed by the red
line in Table 2.6.

Thus, when compared with the historical period, these three flow

components will be significantly lower in the future for the two RCP scenarios and, with it, the
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Table 2.6. Annual SWAT-modeled water balance components for the ZRB for the historical reference
period (1981-2012) (validation (1981-1990), calibration (1991-2012), and average) and the averages of
the 6 variants for each of the two climatic scenarios, RCP 2.6 and RCP 4.5 for the future period (20122029). Red line bordered cells mark the flow contributions to the total water yield (streamflow).
Historical Period

Water Balance components (mm)

Validation

Calibration

RCP 2.6

328.2
(-23%)*
12.9
Snowfall
145
118.3
131.7
(-30%)
29.9
Sublimation
38.5
38.5
38.5
(-22%)
62.2
Snowmelt
105.9
79.7
92.8
(-33%)
97.8
Shallow
174.2
148.4
161.3
(-39%)
Aquifer Recharge
0.7
Deep
1.4
1.1
1.3
(-46%)
213.3
Evapotranspiration
254.8
253.5
254.2
(-16%)
46.1
+ SWQ
61.7
42.5
52.1
(-12%)
19.7
+LWQ
29.7
25.2
27.5
(-28%)
59.9
+GWQ
133.2
101.0
117.1
(-49%)
1.3
-TLOSS
2.3
1.8
2.1
(-38%)
124.4
=WYLD
222.3
166.9
194.6
(-36%)
Runoff Coefficient (RC)
15%
12%
14%
15%
*The percentage in the parentheses shows the relative difference with the average of the
period.
Precipitation

454.6

393.1

RCP 4.5

Average
423.9

313.0
(-26%)
84.9
(-36%)
25.7
(-33%)
58.8
(-37%)
102.7
(-36%)
9.9
(-15%)
195.5
(-23%)
49.9
(-4%)
23.6
(-14%)
77.4
(-34%)
1.2
(-43%)
149.7
(-23%)
17%
historical

total water yield, which decreases by 36% and 23% for RCP 2.6 and 4.5, respectively. In fact,
this reduction is mostly due to the large drop of the groundwater contribution (GWQ) to the
main stream which is by 34% to 49% on average.
The ratio of the surface runoff SWQ to the liquid precipitation plus snowmelt defines the
surface runoff coefficient RC (Merz and Blöschel, 2009). It is predicted to have on average a
slight increase which is more in RCP 4.5 (from 15% and 12% in validation and calibration
periods to 15% and 17% in RCP 2.6 and RCP 4.5, respectively), as the liquid precipitation plus
the snowmelt (denominator of the RC-ratio) will have a stronger reduction by 23% to 25%
than the average surface runoff with only a 12% and 4% decrease for RCP 2.6 and RCP 4.5,
respectively. Based on the values in Table 2.6 one may also notice that, despite the fact that
the surface runoff and, consequently, the inflows to the Boukan Dam will decline by 25% and
19% for the two RCP’s, respectively, compared to the validation period 1981-1990, but
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increase by 8% and 17% in comparison with the later calibration period 1991-2012 for the two
RCPs, because of the decreasing evapotranspiration and losses.
In summary, the impacts of climate change on the water balance of the ZRB will overall be
negative, as the available freshwater resources will be diminished for the two future climate
scenarios investigated. Based on these predictions, there is a higher likelihood of a future
water scarcity in the ZRB, unless some adaptation strategies are implemented, e.g.
construction of new hydraulic storage facilities and/or changing agricultural crop pattern that
are more prone to resist water scarcity.

2.5 Conclusions
The impacts of a changing climate on inflows in the Boukan Dam and on general water
availability in the Zarrine River Basin (ZRB) were investigated, using the basin-wide SWAThydrologic model, driven by GCM- climate predictors, downscaled by the statistical
downscaling method (temperatures), and a nonstationary CDF-matching Quantile Mapping
(QM)- bias correction technique (precipitation).
SWAT was first calibrated and validated satisfactorily for six available discharge stations
around the basin, one by one, for the historical reference period 1981-2012 and then used to
predict future hydrological basin parameters, namely, streamflow (water yield) up to year
2029. Input precipitation to the model is based on MPI-ESM-LR model from CMIP5 GCM
simulation results for RCP 2.6 and RCP 4.5 scenarios, downscaled by QM with two variants,
Kernel Density Function and Empirical CDF (ECDF). Owing to the better performance of the
latter, the QM-ECDF variant was applied to the raw GCM-precipitation in the study area and
turned out to be able to significantly reduce the biases of the latter. Input temperatures to
the SWAT- model were predicted using SDSM - a hybrid of multiple linear regression and
stochastic weather generator- downscaled predictors of the HADCM3 GCM.
To evaluate the impacts of future climate variations on water availability in the ZRB, the SWATpredicted hydrological changes were investigated, i.e. water balance components, including
the weather inputs, precipitation, snowfall and snowmelt and evaporation, and three main
routing contributors, surface water, lateral flow and groundwater to the water yield as the
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net available water resources in the basin are compared for the historic (reference) and future
periods under RCP 2.6 and RCP 4.5 climate scenarios.
The results of this analysis indicate that the impacts of future climate change on the water
balance in the ZRB will generally be negative in the recent future period 2012-2029, as the
long-term river discharge and with it the inflow of the Boukan Dam, the major water reservoir
in the basin, will decrease, particularly, for RCP 2.6. This holds also for the total water yield of
the watershed which will decrease by -23% (RCP 4.5) and -36% (RCP 2.6), as rainfall, lateral
flow and groundwater baseflow, in particular, to the main channel diminish. Notwithstanding,
the future runoff coefficient shows a slight 1% (RCP 2.6) and 3% (RCP 4.5) increase, as the
future precipitation decreases more (~-30%) than the surface runoff (~-5%).
Thus, considering these predicted future drops of the available water resources, together with
a concurrent future increase of the water demand, due to further agricultural- and other
development plans for the ZRB, the necessity of an adaptation plan to mitigate these negative
impacts of climate change on the ZR-streamflow, as well as on Lake Urmia with its fragile
ecosystem. The adverse situation could be further exacerbated by the possible emergence of
more climate extremes, as indicated for similar other basins in Iran by e.g. Abbaspour et al.
(2009); Fereidoon and Koch (2017).
Based on the research proposed here, a case for further studies can be provided to deal with
water management and decision making on the basin scale in Iran, in order to better respond
to changing future water availability with some adaptation plans. The modelling approach
used in the present study could be used for a high-resolution analysis of water resources
system and further as a base tool for managing available freshwater resources with a
sustainable and optimal river basin management approach, such as MODSIM (Fereidoon and
Koch, 2017). Moreover, as it has been shown in the present study that groundwater plays a
significant role in the total water yield of the basin, a better understanding of the
characteristics of the groundwater system in the basin should be obtained which could be
achieved by coupling the SWAT- surface water model with a groundwater model, such as
MODFLOW, as done by Taie Semiromi and Koch (2017) in a similar basin in the region.
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CHAPTER 3
3 Evaluation of Statistical Downscaling/Bias Correction Methods to
Predict Hydrologic Responses to Climate Change in the Zarrine River
Basin, Iran.

Abstract: Modeling the hydrologic responses to future changes of climate is important for improving
adaptive water management. In the present application to the Zarrine River Basin (ZRB), with the major
reach being the main inflow source of Lake Urmia, firstly future daily temperatures and precipitation
are predicted, using two statistical downscaling methods: the classical statistical downscaling model
(SDSM), augmented by a trend-preserving bias correction, and a two-step updated quantile mapping
method (QM). The GCM- input to SDSM are climate predictors of CANESM2-GCM under RCP45- and
RCP85- emission scenarios, whereas that to the QM is provided by the most suitable of several CMIP5
GCMs under RCP60, in addition. The performances of the two downscaling methods are compared to
each other for a past “future” period (2006-2016) and the QM is found to be better and so it is selected
in the subsequent ZR streamflow simulations by means of the SWAT hydrological model, calibrated and
validated for the reference period (1991-2012). The impacts of climate change on the hydrologic
response of the river basin, specifically, the inflow to the Boukan Reservoir, the reservoir dependable
water (DWR) supply are then compared for the three RCPs in the near (2020-2038), middle (2050-2068)
and far (2080-2098) future periods assuming (1) the “current” consumptive demand to be continued in
the future and (2) a more conservative “recommended” one. A systematic future shortage of the
available water is obtained for case (1) which can be mitigated somewhat for (2). Finally, the SWATpredicted ZRB outflow is compared with the Montana-based estimated environmental flow of the ZR.
The latter can successfully be sustained at good and fair levels for the near and middle future periods,
but not so for the summer months of the far future period, particularly, for RCP85.

Keywords: Statistical downscaling; Quantile mapping bias correction; SWAT hydrological model;
Dependable water release; Zarrine River Basin of Iran
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3.1 Introduction
Climate predictions of General Circulation Models (GCMs) indicate a profound variability of
future precipitation and temperatures in terms of trends and extremes which, eventually, will
increase the likelihood of severe and irreversible impacts on the ecosystem, including rivers
and lakes [1]. Historical observations over the last century have also confirmed the impacts of
a changing climate, as the average surface temperature increased globally by about 0.74 °C
between 1905 and 2005 where, moreover, the globally averaged warming rate has almost
doubled over the last 50 years, 1965 to 2005 [2]. This global warming trend will most likely
continue in the near future, owing to the ongoing current emissions of greenhouse gases [3].
As climate change has direct and indirect impacts on the hydrologic cycle, studies to that
regard are of utmost importance for securing the future sustainability and appropriate
management of water resources in a region (e.g. [4,5]).
The pressures of climate change on hydrology and water availability, in particular, are
especially high in countries across the Middle East and North Africa (MENA) region, including
Iran, as the most water- scarce regions in the world, not to the least, due to high population
growth [6] which leads to increasing water demand while facing, at the same time, often poor
water resources management. Because of this situation, countries like Iran are highly
vulnerable to the impacts of climate change [7], including a higher frequency of natural
disasters and food insecurity.
Regional hydrological climate change impact studies need a fine-scale spatial resolution of the
hydro-climatic parameters which can be provided through downscaling of GCM-output, and
so bridge the gap between the large-scale climate parameters of the GCM- models, the
predictors, and the catchment-scale of local hydro-climatic variables, the predictands.
Several statistical downscaling (SD) methods are available for that purpose and have been
used in regional climate impact studies (e.g. [8-10]). In a SD method it is assumed that the
derived empirical relationships between the raw GCM- outputs (predictors) and the local past
observational climate data (predictands) are also valid for the future [11]. The success of a SD
method is dependent on the quality of the data used for calibration, selection of the effective
predictors, and the choice of the empirical transfer function [8]. This holds particularly for the
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prediction of rainfall, which is often known to be unsatisfactory, when the classical Statistical
Downscaling Model is used (e.g. SDSM [12,13]).
Furthermore, to achieve a better water management it is vital to have a steady and
dependable water supply for different water uses. For the reservoir operation the dependable
water supply is defined as “the reservoir dependable water release (DWR)” which is the
maintainable yield of water that can be released in a guaranteed manner over a certain time
period, without shortages to the reservoir system and the regional environmental
requirements [14].
With this background, in the present study the impacts of future climate change signals on
the hydro-climatic variables are assessed for the Zarrine River Basin (ZRB) in northwestern
Iran. To that avail, two SD methods, the classical SDSM [15] and the non-stationary Quantile
Mapping (QM) method, with an empirical cumulative distribution function (ECDF) transfer
function [10], have been used to predict downscaled climate variables of minimum and
maximum temperatures and precipitation for the near future (2020-2038), middle future
(2050 to 2068) and far future (2080 to 2098) for different Representative Concentration
Pathways (RCP) emission scenarios. These RCPs are a set of four new pathways adopted by
the Intergovernmental Panel on Climate Change (IPCC) and describe four different 21 st century trajectories of GHG emissions and atmospheric concentrations, pollutant emissions
and land use [3]. The ensuing climate parameters are then used as drivers in the basin-wide
hydrologic simulation model, the Soil and Water Assessment Tool (SWAT), to assess the future
hydrology and the available water resources of the ZRB - with emphasis on the prediction of
the DWR of the Boukan Dam and the outflow of the basin to the Lake Urmia (LU), which has
been desiccating enormously in recent years and is on the brink of a significant environmental
disaster [16], - as well as the inflow of the Boukan Dam which is supplying most of the
agricultural irrigation- and potable water demands of the region.

3.2 Study area
The ZRB is the most important catchment and the main inflow source of the LU, the largest
salt-water lake in the Middle East and Iran, and which has been shrinking in recent decades.
The ZRB, with a total area of 12,025 km2, is located in the southern part of the lake basin,
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Figure 3.1. Map of the ZRB in the northwestern Iran (a), the basin configuration of SWAT with climateand streamflow gauging stations (b), and selected GCM grid cells for the QM model (c)

between 45° 46‘E to 47° 23‘W longitude and 35° 41‘S to 37° 44‘N latitude and includes parts
of Kurdistan, and the West and East Azarbaijan provinces, with the four big cities Miandoab,
Shahindej, Tekab, and Saghez (see Figure 3.1.a). The main channel of the Zarrine River has a
total length of about 300 km and most of its course is within a mountainous area. The region's
climate varies from semi- wet cold or wet- cold in the mountain areas to semi- dry in the
vicinity of LU and the annual rainfall in the basin varies between 200 mm/yr in the lower
catchment area and 800 mm/yr in the mountains. The snow height varies from 5 to 63 mm on
average wherefore the maximum snowfall is observed mostly in the south and west of the
basin.
The Boukan Reservoir is the most important and the biggest operating dam of the basin, with
a gross storage capacity of 760 million m 3 (MCM) and a live storage capacity of 654 MCM. Its
water is used for agricultural irrigation and the supply of drinking water demands (110
MCM/yr). The agricultural areas within the basin cover a total area of 74,318 ha, all irrigated
by groundwater and surface water resources, including from the Boukan Reservoir, as the
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crop growing season of the basin is mostly during the dry season lasting from mid-spring to
mid-autumn.

3.3 Materials and methods
3.3.1 Climate change scenarios and predictions
Even though global climate models (GCM) may run at increasingly high resolutions in the
future, i.e. could serve by themselves as dynamical down scaling models, present-day climate
impact studies still require some classical downscaling. For the simulation of the future water
availability of the ZRB, as well as of the Boukan Reservoir inflow and of the environmental flow
to LU, climate predictors for minimum and maximum temperatures and precipitation of
several GCM- models are downscaled, and the corresponding predictands inputted
subsequently to the hydrological model, SWAT. More specifically, two downscaling models,
the well-known SDSM model, and an updated two-step quantile-mapping (QM) method of
bias correction, are employed to that avail and their results will be compared to each other
for selecting the best predictions of the future climate from a wider range of climate change
scenarios.
3.3.1.1

Selecting the CMIP5 GCM model

An assessment of the future impacts of climate change is much dependent on the projections
of the climate model used. The first step of the selection of one (or more) appropriate GCM
model is based on the availability of the data, the climate scenarios and the grid resolution of
the model for a particular region. In a second step the performances of suitable GCM-models
are compared to each other using different statistical approaches (e.g. [17,18]).
For use in the SDSM downscaling method, the GCM’s output data archive contains two sets
of 26 large scale atmospheric variables: observed/assimilated climate data of the NCEP/NCAR
reanalysis project and future atmospheric predictors. In this study the Canadian Earth System
Model (CanESM2) with a latitude x longitude grid resolution of 2.81° × 2.81° has been selected,
as it is the only GCM model from the Climate Model Intercomparison Project Phase 5 (CMIP5)
archive whose daily large- scale atmospheric predictors can be directly fed into SDSM, as well
as the 1961-2005 assimilated prediction data of the reanalysis project. In addition, the future
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predictor datasets (two RCP emission scenarios, RCP45 and RCP85 for 2006-2100 period)
taken from the Canadian Climate Data and Scenarios Center http://ccds-dscc.ec.gc.ca are
employed The SDSM methodology is then applied three times in a similar manner to the
maximum and minimum temperature and the rainfall at the six synoptic climate gauges
located in the watershed (see Figure 3.1.b).
For the application of the QM downscaling method, the performances of six different GCMmodels from the CMIP5- archive (some of the available GCMs have different grid resolutions
and sources, as listed in Table 3.1) over the ZRB are analyzed for different RCP-scenarios and,
using a multi-criteria scoring approach (e.g., [19]), the most suitable GCMs are selected. More
specifically, the past-performance of a GCM, i.e. its ability to simulate the climate of the
reference period in the study region is assessed, based on six performance indicators, namely,
system bias (B) (ideally close to 1 [20]), correlation coefficient (r), (ideally close to 1),
normalized root mean square error (NRMSE) (ideally close to 0) , quantile biases (QBt) (ideally
close to 1 [20]) at 25th, 50th and 75th percentile thresholds of the observations. These terms
are defined in Eqs. (3.1 to 3.4) (e.g. [19,20]):
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where oi and pi are the observed and predicted GCM weather data and o̅ and 𝑝̅ are their
averages, respectively, t is the threshold (e.g. 25th percentile) and n is the number of years in
the reference period.
The raw climate data for the analysis were taken from DKRZ (https://esgf-data.dkrz.de ). It
should also be noted that other GCM models of CMIP5 archive were excluded from the
analysis, due to either a lack of available data or to similarity of the grid resolution or the
source. The schematic of the grid cells for the selected GCMs for use in the QM-method is
shown in Figure 3.1.c.
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Based on this approach, the climate predictors of the first four models (CESM-CAM5 to
MIROC5) of Table 3.1 are employed for further QM-downscaling, using RCPs 45, 60 and 85.
The most benevolent RCP26 scenario is excluded from the scenarios, as there is general
agreement in the scientific community that it is practically impossible to be reached in the
near future (e.g. [21,22]). In fact, the current CO2 emissions have globally been tracking
marginally even above the RCP85 scenario over the past three decades (1980 to 2010), but
could still be pulled down by sustained mitigation from the major emitters, to make the three
emission scenarios feasible [23].
3.3.1.2

SDSM statistical downscaling model

Downscaling techniques are divided into two main groups: Statistical and dynamical. In
situations where low–cost, rapid assessments of localized climate change impacts are
required, statistical downscaling is currently still the most effective method
For assessing regional impacts of climate change, a hybrid of multi-linear regression (MLR)
and stochastic weather generator (SWG) methods, as implemented in the well-known SDSM
model [15,24], is used for downscaling the daily minimum and maximum temperatures and
the precipitation, using the coarse-resolution CMIP5- CanESM2- GCM predictors (see Section
3.1.1). In the SDSM- downscaling procedure, a regression equation is developed between a
few selected large-scale atmospheric predictors and the local scale predictands at the
meteorological synoptic stations, using the efficient dual simplex algorithm. These large-scale
relevant predictors are selected, based on correlation analyses and scatter plots, and also
considering the physical sensitivity between selected predictors and relevant predictands for
the region.
Ideally, predictor variable candidates should be physically and conceptually sensible with
respect to the predictand and accurately modeled by the GCM. For downscaling rainfall, in
particular, it is also recommended that the selected predictors should describe atmospheric
circulation properties, such as thickness, stability and moisture content. However, in practice,
the choice of predictor variables is constrained by data availability from the GCM archives.
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Table 3.1. Details of the GCM-models of the CMIP5 project used here for QM-downscaling.
GCM Model

Atmospheric grid

RCP
45

RCP
60

RCP
85

Source

Latitude

Longitude

CESM- CAM5

0.942

1.25

National Science Foundation, Department of
Energy, National Center for Atmospheric Research,
USA

CCSM4

0.942

1.25

National Center for Atmospheric Research, USA

MRI- CGCM3

1.121

1.125

Meteorological Research Institute, Japan

MIROC5

1.401

1.406

CNRM-CM5

1.401

1.406

CMCC-CM

0.75

0.75

Atmosphere and Ocean Research Institute,
University of Tokyo, Japan
Centre National de Recherches Meteorologiques,
France
Centro Euro-Mediterraneo per I Cambiamenti
Climatici, Italy

Specifically, the structure and operation of SDSM includes five distinct tasks: (1) preliminary
screening of potential downscaling predictor variables; (2) assembly and calibration of SDSM;
(3) synthesis of ensembles of current weather data using observed predictor variables; (4)
generation of ensembles of future weather data using GCM-derived predictor variables; and
(5) diagnostic testing/analysis of observed data and climate change scenarios.
The setup and calibration- validation of the SDSM model is done here using the SDSM decision
support tool (version 4.2) (see Wilby and Dawson (2007) [24], for details). However, because
of systematic differences between downscaled and observed temperatures, as an additional
step a trend-preserving bias correction method [25], has been applied.
3.3.1.3

Updated Quantile Mapping (QM) Bias correction technique

The raw GCM- climate predictors are generally subjected to biases in both the amount and
the frequency of a climate variable, when compared to local climate variable for a reference
period. As mentioned, this holds particularly for precipitation. In view of these deficiencies, a
new class of statistical downscaling methods, so-called quantile mapping (QM) bias-correction
methods have been proposed in recent years (e.g., [26]) which appear to do a better job than
classical SDSM in predicting local climate.
The fundamental basis of all bias-correction methods is to quantify possible biases by
comparing the distribution of the GCM- simulated climate predictors with that of the local
observed variables in the historical reference period. Moreover, the main assumption in the
application of the classic QM is the stationarity of the biases and other distributional
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properties, i.e. variance and skewness, i.e. these parameter should be the same for the
reference- and the future periods, whereas only the mean of the distribution may change [27].
As there is now enough evidence that the statistics of the climate variables will not be
necessarily stationary, non-stationary Quantile Mapping (QM) bias-correction techniques
have recently been proposed [28,29] which demonstrated to be more effective tools for
decreasing the bias of GCM-predictors than the earlier stationary QM- methods.
In this study a two- step updated version of the non-stationary QM method is employed. In
the first step, the classical trend-preserving bias correction method [25] is applied to correct
the GCM- monthly biases of temperatures and precipitation. For the temperature an additive
correction constant 𝐶𝑇𝑗 defined for each month of a year (j=1 to 12), defined as
𝐶𝑇𝑗 =

𝑂𝐵𝑆
𝐺𝐶𝑀
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−∑𝑛
𝑖=1 𝑇𝑖
𝑖=1 𝑇𝑖

(3.5)

𝑛

𝐺𝐶𝑀
is applied resulting in corrected values 𝑇̃𝑖,𝑗
of the temperature
𝐺𝐶𝑀
𝐺𝐶𝑀
𝑇̃𝑖,𝑗
= 𝑇𝑖,𝑗
+ 𝐶𝑇𝑗 ,

(3.6)

whereas for the precipitation a multiplicative factor 𝐶𝑃𝑗 defined as
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is applied, i.e. the corrected precipitation is
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= 𝑃𝑖,𝑗
× 𝐶𝑃𝑗 .

(3.8)

In the second step a new updated quantile mapping method is used to correct the daily biases
of the climate variable in each month of the year. The modified non-stationary CDF-matching
(CNCDFm) technique and equidistant CDF matching (EDCDFm) [26,29] are used, respectively,
for the bias correction of the daily precipitation and temperatures (minimum and maximum).
For further details of the QM method the reader is referred to Emami and Koch (2017a) [10].
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3.3.2 Integrated hydrological simulation model, SWAT
The SWAT model is a physically-based semi-distributed interdisciplinary river basin model that
has proven to a be a very efficient tool for assessing quantity and quality of surface water
resources for a different range of scales and conditions all over the world [30,31]. In recent
years the SWAT hydrological model is increasingly being used to investigate the impacts and
responses of climate change on the hydrologic cycles and water resources in various regions
[32-34], including in Iran [10,13,35]. In such applications, the meteorological driver inputs to
SWAT are usually downscaled climate predictors from GCMs.
In the following two sub-sections the set-up and the methodology of the calibration and
validation of the SWAT-model for the ZRB study region is summarized.
3.3.2.1

SWAT- model setup and process simulation

In the first step of the SWAT-model setup for the ZRB, the basic required inputs include the
Digital Elevation Model (DEM), the river stream network, land-use and soil maps all of which
were prepared with the ArcGIS interface of SWAT (ArcSWAT). To represent the large-scale
spatial variability of the watershed, the model area is divided into sub basins which are further
partitioned into a set of HRUs (Hydrologic Response Units) representing unique combinations
of land use-, and soil- and management practices. In this study the spatial variability of the
watershed is modeled in the SWAT model using 11 sub-basins (as shown in Figure 3.1.b) and
908 HRUs.
The SWAT model requires quite a large number of input parameters and data which were
gathered from different sources. The DEM (a) was produced by the Iranian surveying
organization and has a spatial resolution of 85 m. The land use map of the watershed,
reflecting the situation in year 2007, was obtained from the Agricultural Statistics and the
Information Center of the Ministry of Agriculture. It has a resolution of 1000 m and delineates
10 land use classes, indicating that the major land cover of the basin is 45% dry land, 37%
pasture and 14 % forest (see Figure 3.2.b). The soil map of watershed was extracted from the
FAO (Food and Agriculture Organization) digital soil map of the world (see Figure 3.2.c) at a
spatial resolution of 10 km and includes 8 types of soil with two layers for the ZRB study area.
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Figure 3.2. DEM (a), classified land-use map (b), and FAO- based soil map of the ZRB (c).

The main crops in the study region contain wheat, barley, alfalfa, potato, tomato, sugar beet,
and apple. The current applying irrigation efficiency is about 38% for the areas irrigated by the
surface water resources from the dam and the river, and 50% for the areas using groundwater
resources [36].
The climate input data required to drive the SWAT model include daily maximum and
minimum temperatures and daily precipitation of six synoptic stations located in or close to
the ZRB (see Figure 3.1.b) were obtained from the Iranian Meteorological Organization
(IRIMO) over the period of 1987 to 2015. Missing data in the records were filled using the
Inverse Distance Weighting (IDW) interpolation method which has been found in [37] as an
efficient method to that avail.
The other climate drivers of the hydrologic cycle including solar radiation, wind and relative
humidity are generated by the weather generator of the SWAT (WGEN) from the monthly
averages, because of the unavailability of daily data. Also, daily streamflow data of six gauging
stations of the Zarrine River (see Figure 3.1.b), required for the calibration and validation of
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the hydrologic model, were obtained for the period 1987 to 2012 from the Iran Ministry of
Energy. Using the above mentioned data sets, SWAT solves the water balance equation for
the land phase of the hydrological cycle on a daily time step by routing the accumulated water
through the different sections of the surface and sub-surface compartments of the water cycle
to the major stream tributary, based on the spatial characteristic for each HRU and aggregated
for each sub-basin. [31,38]. The various simulated hydrological outputs of the SWAT- model,
in physical process order, include then snowmelt (prevalent in the northern mountain areas
of the ZRB), evapotranspiration (computed using the Hargreaves method), surface runoff
(computed using the modified Soil Conservation Service (SCS) Curve Number (CN) procedure),
lateral subsurface flow (the fast component of surface water infiltration), return flow from
shallow aquifers (from percolated water) to the streams, deep groundwater recharge from
both percolation and the shallow aquifer (= loss for the streamflows) and, eventually, the
accumulated streamflow (=water yield) (routed along the stream-section using the
Muskingum method), after subtraction of stream transmission losses.
3.3.2.2

Calibration and Validation

Although numerous publications deal with the calibration and validation of the SWAT-model,
these two steps remain still challenging tasks, given the large number of input- and
hydrological “tuning” parameters required to run the model [31]. The procedures to do this
properly vary from the classic manual calibration by trial- error to the automated complex and
global optimization algorithms, such as Shuffled Complex Evolution (SCE), Particle Swarm
Optimization (PSO) or Genetic Algorithm (e.g. [39]).
In this study a semi-automated approach, the stochastic Sequential Uncertainty Fitting version
2 (SUFI-2) algorithm, embedded in the SWAT-CUP decision-making framework [40] is
employed for calibration and uncertainty analysis of the SWAT- model. This procedure has
been widely used in recent SWAT- related publications [10,38].
In SUFI the input parameters of the SWAT- model are expressed as ranges to be treated as
random variables, accounting for all possible sources of uncertainties. As initial parameters,
default values and/ or determined parameters from the manual calibration or deduced
parameters from the literature are taken. Then the most effective parameters are defined
based on the sensitivity analysis of the SWAT-CUP. In this study a sub-basin-wise sensitivity
analysis is done hierarchically from the last streamflow gauging station in the upstream
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sections (sub-basin 11, Sonnateh station) down to the outlet of the total basin (sub-basin 2,
Nezamabad station).
The SUFI-2 procedure assigns an uncertain range to each parameter in each HRU and each
sub-basin which will then be improved iteration by iteration. The best parameter ranges of
the model are then found using the 95%- prediction uncertainty (95PPU) of the objective
function which is a measure of the goodness of the fit of the model to the observed
streamflow. Different kinds of objective functions can be used in SUFI-2/SWAT-CUP,
wherefore it has been indicated in [41], that, for a reliable calibration and validation of the
model, a combination of different efficiency criteria, such as the R2 (coefficient of
determination), the Nash–Sutcliff efficiency (NSE) and bR2 , should be considered.

3.3.3

Reservoir dependable water and environmental water rights

The main objective of a sustainable water management planning is to provide a minimal
dependable water supply for all stakeholders. To do this properly in a water-deficient region,
like the ZRB, the reservoir releases must meet the potential demands, even during extreme
drought periods, i.e. the capacity of the former must be sufficiently high. To that regard enters
the criterion of “the reservoir dependable water release (DWR)” which is the maintainable
yield of water that can be released in a guaranteed manner over a certain time period, without
shortages to the reservoir system and the regional environmental requirements [14]. These
reservoir releases are simulated by the reservoir module of the SWAT model and an average
annual release rate for the different future periods/scenarios is then computed and compared
with the currently projected water demands in the ZRB - which, in decreasing order of priority,
are potable (Pot), industrial (Ind), environmental (Env) and agricultural (Agr) demands [36] as well as with a recommended alternative of reduced future demands [42]. The statistical
analysis of the flow changes for the different future periods/scenarios is done for three
percentiles (25th, 75th and 90th) and the long-term average.
Furthermore, the environmental water demands of the Zarrine River, as the main source of
LU, are calculated using the Tennant (Montana) method [43] at two levels, “fair or degrading”
and “good”. In this method a relationship between habitat suitability and the proportion of
the river streamflow allocated to satisfy the environmental demand is assumed, with the
former defined from 20% (fair condition) to 40% (good condition) in spring and summer (April
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to September) and from 10% to 20%, respectively, for autumn and winter (October to March),
as recommended by Tennant (1976) [43] and also used in MOE (2014) [36].

3.4 Results and discussion
3.4.1 SDSM- downscaling of precipitation and temperatures
3.4.1.1

Calibration and validation of the SDSM model

The SDSM- downscaling model is calibrated on observed data for the 13-year period 19871999 and validated for the 5-year period 2000-2005. Summaries of the statistical results for
the calibration and validation of the model for the two (min and max) temperatures and the
precipitation, using the Standard Error (SE) and the Coefficient of Determination (R2) as
performance indicators, are listed in Table 3.2 and Table 3. 3, respectively.
Based on the results in the two tables, the derived predictor-predictand relationships are
considered quite satisfactory, though the performance of the SDSM model is better for the
min. and max. temperatures than for the precipitation, for which the biases are still
considerable (a well-known common deficiency of the SDSM- method [44]). For that reason
the latter is corrected in an additional step using the trend-preserving (ISI-MIP) bias correction
method [25], somewhat similar to the QM, but with different CPj correction factors in Eqs. 3.3
and 3.4.
Table 3.2. Statistical performances (based on SE and R2) of the SDSM- model, for min. and max.
temperatures in calibration and validation periods for the different climate stations in ZRB.
Tmp Max.
Station

CAL

Tmp Min.
VAL

CAL

Effective Predictors

VAL

R2

SE

R2

SE

R2

SE

R2

SE

St1

0.77

2.1

0.94

2.8

0.63

2.1

0.90

2.6

St2

0.80

1.7

0.96

2.4

0.75

1.7

0.94

2.2

St3

0.79

1.9

0.95

2.7

0.60

2.9

0.81

3.5

St4

0.81

1.7

0.96

2.3

0.63

2.4

0.87

2.9

500hPa Geopotential
850hPa Specific humidity
1000hPa Specific humidity
Air temperature at 2m
850hPa Specific humidity
1000hPa Specific humidity
Air temperature at 2m
500hPa Geopotential
1000hPa Specific humidity
Air temperature at 2m
500hPa Geopotential
850hPa Specific humidity
1000hPa Specific humidity
Air temperature at 2m

St5

0.78

1.8

0.96

2.4

0.65

2.1

0.91

2.5

500hPa Geopotential
850hPa Specific humidity
1000hPa Specific humidity
Air temperature at 2m

St6

0.82

1.7

0.95

2.8

0.71

1.7

0.90

2.6

500hPa Geopotential
850hPa Specific humidity
1000hPa Specific humidity
Air temperature at 2m
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Table 3.3. Similar to Table 3.2, but for the precipitation.
CAL

Station

R2

VAL
SE

R2

Effective Predictors

SE

St1

0.33

4.8

0.35

3.2

St2

0.28

4.7

0.26

2.6

St3

0.3

6.3

0.30

3.6

St4

0.26

2.7

0.20

2.0

St5

0.25

5.3

0.28

3.1

St6

0.49

2.7

0.15

2.8

500hPa Meridional wind component
500hPa Geopotential height
850hPa Divergence of true wind
500hPa Specific humidity
Total precipitation
500hPa Meridional wind component
850hPa Divergence of true wind
500hPa Specific humidity
Total precipitation
500hPa Meridional wind component
850hPa Divergence of true wind
Total precipitation
1000hPa Divergence of true wind
500hPa Specific humidity
850hPa Specific humidity
Total precipitation
1000hPa Divergence of true wind
500hPa Specific humidity
850hPa Specific humidity
Total precipitation
500hPa Specific humidity
850hPa Specific humidity
Total precipitation

Table 3.4. Performance skill scores of the selected GCM models of CMIP5 for the max and min
temperatures with the average score highlighted in bold.
Factor

Model
CESM-CAM5
CCSM4
MRI-CGCM3
MIROC5
CESM-CAM5
CCSM4
MRI-CGCM3
MIROC5
CESM-CAM5
CCSM4
MRI-CGCM3
MIROC5

B

NRMSE

R

Quantile bias (QBt)

25th
50th
75th
25th
50th
75th
25th
50th
75th
25th
50th
75th

CESM-CAM5

CCSM4

MRI-CGCM3

MIROC5

St1
0.83
0.88
0.90
1.53
0.68
0.64
0.30
1.85
0.76
0.78
0.96
0.80
0.92
0.98
1.03
0.96
1.02
1.09
0.95
1.00
1.07
1.39
1.34
1.34

St2
1.02
0.91
0.67
1.14
0.61
0.59
0.43
1.14
0.76
0.78
0.95
0.80
1.04
1.05
1.08
0.93
0.80
1.03
0.79
0.85
0.93
1.09
1.07
1.07

St3
1.72
1.70
1.89
3.05
1.74
1.57
1.21
5.03
0.76
0.78
0.96
0.81
1.39
1.34
1.32
1.37
1.34
1.35
1.41
1.36
1.35
1.99
1.76
1.64

50

St4
2.30
2.17
2.05
2.80
2.05
1.90
1.27
4.69
0.75
0.77
0.96
0.80
1.63
1.50
1.43
1.50
1.43
1.40
1.47
1.38
1.36
1.80
1.62
1.52

St5
1.97
1.93
2.47
3.38
2.09
1.96
1.68
5.86
0.73
0.76
0.94
0.77
1.38
1.29
1.26
1.40
1.33
1.33
1.54
1.43
1.40
1.90
1.66
1.57

St6
1.03
0.94
0.87
1.16
0.66
0.63
0.27
1.30
0.74
0.76
0.94
0.78
1.07
1.07
1.09
0.96
1.00
1.05
0.91
0.95
1.00
1.10
1.08
1.08

Skill Score
2
4
3
1
2
3
4
1
4
3
1
2
2
2
3
3
3
2
4
4
4
1
1
1

Final Score
2.5
3.0
3.3
1.2

Figure 3.3. CDFs of the GCM-raw and observed min temperatures for station St 2 in the calibration
and validation period compared with the bias-corrected min. temperature in the validation period
for months in March (a) and July (b).

3.4.2 QM-downscaling of temperatures and precipitation
3.4.2.1

Selecting the GCM model for QM

Using the set of the first four GCM’s of Table 3.1 as eligible candidates for GCM- selection,
their output of climate predictions are compared with the corresponding observations at the
six weather stations of the basin (see Figure 3.1.b) in the time period 1987-2005 and, based
on their skill performances, the GCM-models are ranked accordingly. The results of the scoring
analysis for the average of the two temperatures (min. and max. temperature scores were
very similar) and for the precipitation are summarized in Table 3.4 and Table 3.5, respectively.
For the temperature, the assigned skill (rank) score (=4 for the model with the best
performance) varies from 1 to 4 and for the precipitation from 1 to 6. The final skill score of
each model is calculated as the average of the six scores (statistical factor, as listed in the first
column of the Table 3.4) and enumerated in the last column. Based on these average skill
scores, the climate predictors of the CESM- CAM5 and MRI-CGCM3 models are selected as the
best choice for the QM- downscaling of the future precipitation and temperatures,
respectively.
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Table 3.5. Similar to Table 3.4, but for the precipitation.
Factor

B

NRMSE

r

Quantile bias (QBt)

3.4.2.2

25th
50th
75th
25th
50th
75th
25th
50th
75th
25th
50th
75th
25th
50th
75th
25th
50th
75th

Model
CESM-CAM5
CCSM4
MRI-CGCM3
MIROC5
CNRM
CMCC-CC
CESM-CAM5
CCSM4
MRI-CGCM3
MIROC5
CNRM
CMCC-CC
CESM-CAM5
CCSM4
MRI-CGCM3
MIROC5
CNRM
CMCC-CC
CESM-CAM5

CCSM4

MRI-CGCM3

MIROC5

CNRM

CMCC-CC

St1
0.94
1.23
1.51
0.77
0.94
1.48
1.25
1.43
1.57
1.05
1.11
1.65
0.29
0.25
0.35
0.36
0.43
0.40
0.94
0.95
0.98
1.23
1.21
1.22
1.51
1.45
1.43
0.77
0.75
0.73
0.93
0.95
0.97
1.49
1.56
1.56

St2
1.04
1.27
2.11
1.58
2.14
1.13
1.19
1.31
1.95
1.55
2.14
1.52
0.29
0.28
0.40
0.34
0.29
0.05
1.00
0.95
0.92
1.24
1.16
1.10
2.08
1.88
1.74
1.55
1.48
1.40
2.07
1.95
1.83
1.13
1.11
1.06

St3
0.81
0.95
1.23
0.68
0.83
1.34
1.26
1.32
1.34
1.15
1.13
1.77
0.28
0.23
0.29
0.31
0.42
0.03
0.80
0.81
0.86
0.95
0.94
0.94
1.22
1.15
1.08
0.68
0.65
0.63
0.82
0.83
0.84
1.34
1.35
1.28

St4
1.47
1.76
2.45
1.91
3.13
2.01
1.62
1.87
2.56
1.90
3.35
2.42
0.23
0.24
0.31
0.32
0.37
0.04
1.46
1.47
1.44
1.76
1.73
1.67
2.46
2.37
2.23
1.90
1.84
1.74
3.10
3.04
2.87
2.03
2.05
1.94

St5
0.93
1.09
1.42
1.10
1.81
1.42
1.30
1.40
1.40
1.20
1.70
1.83
0.25
0.19
0.33
0.30
0.42
0.01
0.92
0.95
1.02
1.09
1.10
1.11
1.41
1.35
1.29
1.09
1.05
1.01
1.78
1.73
1.66
1.43
1.47
1.42

St6
1.02
1.24
1.61
1.21
1.63
0.86
1.11
1.31
1.50
1.27
1.62
1.40
0.42
0.31
0.35
0.32
0.30
0.04
1.00
0.95
0.92
1.23
1.16
1.09
1.59
1.44
1.31
1.18
1.12
1.06
1.58
1.48
1.38
0.87
0.84
0.80

Skill score
6
4
2
5
1
3
6
4
3
5
1
2
4
2
5
3
6
1
6
6
6
4
4
4
2
2
2
5
5
5
1
1
1
3
3
3

Final Score
5.7
3.7
2.7
4.7
1.8
2.5

Calibration and validation of the QM model

After applying the CTj and CPj correction factors (j= 1 to 12, number of months in a year; n=19,
total number of years) in Eqs. 3.5 to 3.7, the monthly biases of the GCM- simulated climate
variables are removed and then the QM-model is calibrated and validated for each month of
the year on the daily timestep during the period of 1987 to 2005, with 1987-1998 as the
calibration- and the remainder as the validation period. This is done for each of the six climate
stations. The CDFs of the min. temperatures resulting from the various bias corrections steps,
as epitomized in Eqs. 3.4 and 3.6, are shown representatively for St 2 station for months March
and July in the two panels of Figure 3.3. Corresponding plots for the max. temperature at St 4
station for January and October are presented in Figure 3.4.
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Figure 3.4. Similar to Figure 4.3, but for max. temperature at station St 4 for months
January (a) and October (b).

Figure 3.5. Similar to Figure 4.3, but for the precipitation at station St 3 for months
May (a) and December (b).
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One may notice from the two figures how the CDFs of the bias-corrected min. or max.
temperature (Bias Correctd_Val) are very similar to the CDFs of the observed data during the
validation period (Obs_Val), which clearly indicates that the performance of the QM model in
correcting the biases for the min. and max. temperature is also quite satisfactory.
It should also be noted that the CDF of the bias-corrected variable in the calibration period is
not shown in the figures, as it approximately overlaps with the CDF of “obs_Cal”, as it should
be. Following the descriptions of Eqs. 3.3 and 3.4, the precipitation is downscaled/biascorrected by the QM-method in a similar manner. In analogy to the previous figures, the two
panels of Figure 3.5 show the results of the calibration and validation of the precipitation at
station St 3 for months May and December. One can notice that the QM- downscaling model
performs well in the validation period, as the CDF of the bias-corrected precipitation (Bias
Correctd_Val) fits the CDF of the observed precipitation (Obs_Val) quite well.

3.4.3 2006-2015 projections of temperatures and precipitation
As the historic observed climate data at the synoptic stations (Figure 3.1.b) were only available
from 1987 to 2015, the reliability of the GCM/SDSM/QM- predicted min. / max. temperatures
and precipitation for the period 2006-2015 is evaluated by comparing them with the observed
data. To that avail, the goodness of fit measures, Coefficient of determination (R2), Standard
error (SE) and Index of agreement (IA) (defined as (1 - standardized RMSE (Eq. 3.3)) and so
varying between 0 and 1 [45]) are computed for each climate station and the range of values
is presented for the various combinations of downscaling methods /RCP-scenarios for the
average of the min. and max. daily temperatures and the daily precipitation in the three plots
of Figure 3.6. One may notice from these plots that the efficiency of the QM- and SDSMmethods is overall satisfactory, but the QM performs clearly much better than SDSM in the
2006-2016 evaluation period.

3.4.4 Future projections of temperature and precipitation
Employing the various combinations of downscaling methods/scenarios as presented in
Figure 3.6, the future climate is predicted for three future periods: near (2020-2038), mid
(2050-2068) and far (2080-2098).
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Figure 3.6. Goodness of fit measures (R2 (a), SE (b) and IA (c)) of downscaled average daily temperatures
(tmp) and daily precipitation (pcp) between 2006 and 2015, obtained with the various SDSM/QM/RCP
combinations used.

In Table 3.6 the relative changes (∆) of the future predicted (average min/max) temperatures
and precipitation, relative to the historical period (1987-2005), are listed for all downscaling
methods/scenarios/periods combinations. As for the temperature changes in the Table 3.6,
in agreement with the general trend of the RCP scenarios, they are all positive and increase
from RCP45 to RCP85, going beyond the 4°C postulated globally by year 2100 for the latter
[46]. This holds particularly for the SDSM- predicted average temperature change of 6.21°C
which appears to be unrealistically pessimistic.
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The situation is even more versatile for the SDSM- predicted precipitation changes. Although
a global precipitation increase is likely in the future, it will not be uniform regionally [3]. Thus,
it is expected that dry regions get drier and wet regions wetter [47]. The global mean
temperature predicted for RCP85 will be nearly 3°C higher than of RCP45 by year 2100, but all
climate scenarios predict an increase of the precipitation by the doubling of radiation forcing
in RCP85, relative to RCP45. So according to the fluctuating trend of the historic precipitation
in the ZRB, with even some dry years in the time-period 1998-2002, it may be expected that
in some future periods/scenarios the precipitation will also decrease. That contradicts
obviously with the SDSM- predicted precipitation, but is more consistent the QM-precipitation
in a sensible manner.
As mentioned earlier, the classical SDSM- method is often deficient in the downscaling of the
precipitation [44], and for this reason a trend-preserving bias correction of the SDSM
downscaled precipitation has been included here. However, Figure 3.7 shows that, although
this add-on improves the predicted precipitation slightly, the observed precipitation is still
significantly overestimated. It should also be noted that the better resolution of the GCM
models employed in the QM- method (CESM- CAM5 and MRI-CGCM3) than that of the SDSMmethod (CanESM2) may also be the reason for the better performance of the former.
Table 3.6. Relative changes compared with the observed period (1987-2005) of mean air temperature
(oC) and precipitation (%) for the three future periods (near, mid, far) using the various downscaling
model/scenarios.
Model

Future Period
Near

SDSM

Mid
Far
Near

QM

Mid

Far

Scenario

∆TMP (oC)

∆PCP (%)

RCP45
RCP85
RCP45
RCP85
RCP45
RCP85
RCP45
RCP60
RCP85
RCP45
RCP60
RCP85
RCP45
RCP60
RCP85

1.39
1.58
2.58
3.83
3.25
6.21
0.61
0.75
1.18
1.4
1.51
2.85
1.63
2.2
4.7

8%
15%
12%
22%
13%
29%
-4%
4%
3%
15%
3%
17%
-3%
13%
-19%

56

Figure 3.7. Bias factor (B) of the SDSM- predicted precipitation at the various climate stations for RCP45
(a) and RCP85 (b) before and after application of trend-preserving bias correction in SDSM.

3.4.5 Calibration and validation of the SWAT model.
Firstly, the initial parameters of the calibration are defined using the SWAT default parameters
and information from a previous study of the authors [10]. Then the sensitivity analysis is done
by means of the SWAT-CUP automatic procedure and the 24 most sensitive parameters of the
SWAT model determined. The results are listed in Table 3.7.
To determine the optimal range of the named 24 model parameters, an initial uncertain
range is given globally for each parameter, which is then fine-tuned in the calibration
employing the SUFI-2 optimization algorithm hierarchically sub-basin-wise from the utmost
upstream sub-basin (11) outlet down to the main outlet of the basin (sub-basin 2 outlet). We
forgo a discussion of the details of the calibration results and refer to Emami and Koch (2017a)
[10]. Suffice to say that the SCS curve number (CN2), the groundwater delay time and the
moist bulk density of the soil turned out to be the three most sensitive parameters.
The SWAT- simulated monthly inflow to the Boukan Dam (the discharge at the outlet of subbasin 8) and the main outflow of the basin (the discharge at the outlet of sub-basin 2, station
Nezambad) are compared with the observed records in Figure 3.8 for the calibration (19982012) and validation period (1991-1997). It should be noted that the calibration and validation
are done on the monthly scale, because of the unavailability of daily data. Also, the first 4
years of the validation period (1987-1990) are used for the warm-up of the SWAT model.
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Table 3.7. The most sensitive ranked SWAT input parameters used for the different sub-basins.
Rank

Parameter
Name

Dimension

Final Value/
Range

Rank

Parameter
Name

Dimension

Final Value/
Range

1

CN2.mgt

dimensionless

59-90

13

ALPHA_BNK.rte

days

0.10-0.77

GW_DELAY.gw

Day

5-28

14

SNOCOVMX.bsn1

mm

116

0.95-1.54

15

SOL_Z(1).sol

mm

281-392

SNO50COV.bsn

dimensionless

0.57
7.22-14

2
3

g/cm

SOL_BD(1).sol
1

3

4

GW_REVAP.gw

5

RCHRG_DP.gw1

dimensionless

0.014

17

SOL_K(1).sol

mm/hr

6

REVAPMN.gw

mm H2O

1-450

18

TIMP.bsn1

dimensionless

0.57

7

ALPHA_BF.gw

1/day

0.03-0.75

19

GWQMN.gw

mm H2O

750-3514

20

CH_N2.rte1

dimensionless

0.016

21

SMTMP.bsn1

°C

1.08
0.05

8

ESCO.hru

9

SFTMP.bsn1

dimensionless

dimensionless
°C

0.037

16

1

0.51-0.99
1.93

10

CH_K2.rte1

mm/hr

0.5

22

GW_SPYLD.gw1

m3/m3

11

SHALLST.gw

mm

943-5000

23

SMFMX.bsn1

mm H2O/°C-day

7.95

24

SMFMN.bsn1

mm H2O/°C-day

0.73

12

SOL_AWC(1).sol

mm H2O/mm

0.14-0.24

1

Values of these parameters are the same or assumed to be the same for the whole basin

(a)

(b)

Figure 3.8. Calibration and validation of the SWAT model for the streamflow at Boukan Dam
station (a) as inflow of the dam and at Nezamabad Station as the main outlet of the basin (b).
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Figure 3.9. Statistics of the simulated inflow of the dam in the historical (1991-2012) period and the
three future (near, mid and far) periods in terms of the 25th, 75th, 90th percentiles and the average.

Figure 3.8 shows that the performance of the SWAT simulation for both calibration and
validation period is quite satisfactory, although some peaks are underestimated which is
mainly because of the occurrence of the some dry years with low precipitation, especially,
during 1998-2002. Quantitative statistical measures of the SWAT- calibration and validation
of the streamflow at the outlet stations of the six sub-basins (see Figure 3.1.b) are presented
in Table 3.8 in terms of the coefficient of determination (R2), Nash Sutcliffe (NS) and the
weighted bR2 (Coefficient of determination multiplied by the slope of the regression line
between simulated and observed streamflow values). Again, all efficiency criteria are within
the acceptable range, with the NS, as the most prominent measure, ranging between 0.5 and
0.7.
Table 3.8. Statistical measures for the SUFI-2 – optimized objective functions for calibration and
validation periods for various sub-basin outlet stations.
Streamflow Station

Calibration

Validation

R2

NS

bR2

R2

NS

bR2

Nezamabad

0.7

0.69

0.47

0.65

0.62

0.48

Chooblooche

0.50

0.48

0.40

0.56

0.43

0.44

Sarighamish

0.65

0.65

0.50

0.60

0.55

0.47

Boukan Dam

0.85

0.72

0.51

0.77

0.65

0.48

Safakhaneh

0.57

0.55

0.45

0.59

0.49

0.40

Sonateh

0.72

0.67

0.56

0.77

0.75

0.70

Average

0.67

0.63

0.48

0.67

0.58

0.50
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3.4.6 Climate change impacts on the ZRB hydrology and water resources
3.4.6.1

SWAT-simulated future stream inflow to the Boukan Dam

The QM- downscaled temperatures and precipitation predicted under the three RCPs for the
three future periods 2020-2038 (near), 2050-2068 (mid) and 2080-2098 (far) are employed as
input drivers in the calibrated and validated SWAT-model to evaluate the impacts of possible
climate change on the hydrologic cycle and water balance of the ZRB. Emphasis is here on the
estimation of the inflow to the Boukan Dam as the main water infrastructure of the region
and at the origin of the environmental outflw of the basin entering the LU.
In Figure 3.9, the statistical measures of the SWAT- simulated streamflow predictions at the
inlet of the Boukan Dam obtained for the various QM/RCP/periods are compared with those
of the simulated inflow of the dam during the historical period. One can notice that the low
(25th percentile) quantile of the dam inflow will decrease for all future scenarios, whereas the
high (75th percentile) and the extreme high (95th percentile) inflow quantile are more likely
to increase in the future scenarios, except for the RCP85- scenario in the far future (20802098) period. Up to the end of the mid future period (year 2068), the annual average of the
inflow to the dam will be slightly increasing for all, but for RCP45 (near future), for which it is
more likely to decrease. However, one can expect that this increase of available water will not
cover that of the also increasing demands (see Table 3.10), due to expanded agricultural and
other development plans. Moreover, later in the far future, there will be a gradual decreasing
trend for RCP45 and RCP85 again, though less so for RCP60, so that the water shortage in the
study area will be further exacerbated.
In summary, based on Figure 3.9, one can conclude that the inflow to the Boukan Dam is
generally decreasing in the low- and average quantile range of the streamflow by year 2100,
whereas high and extremely high-flow ranges exhibit slight increases by that time.
3.4.6.2

SWAT- predicted future water balance parameters for the ZRB

The main SWAT- predicted ZRB- water balance parameters for the historical and the three
future periods are listed in Table 3.9. One can notice from the table that the input
precipitation (PCP) exhibits a wide range of change, varying from a -19% decrease (RCP85, far
future) to a +17% increase (RCP85, middle future), together with a very slight growth of the
average. Notwithstanding, the future predicted snowmelt (SNM) and the soil water change
(∆SW) will decrease remarkably on average, while the evapotranspiration (ET) is rising, i.e.
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altogether, there will be an unfavorable trend for the available renewable water resources in
the ZRB. In fact, this can also be seen directly from the estimated streamflow in the main
channel, called water yield (WYLD) - which is equal to the sum of the surface runoff (SURQ) +
groundwater recharge to the reach (GWQ) + lateral subsurface flow (LATQ) – which will
decrease by -5% (RCP60) and -17% (RCP85) on average over the three future horizons.
Generally, Table 3.9 indicates that the future impacts of climate change on the hydrological
cycle in the ZRB will be non-uniform, depending on the different future periods/RCP scenarios.
The RCP45, RCP60 and RCP85 can be called as the “worst case” scenarios of the near, middle
and far future periods, respectively, whereas for the middle future and the other two periods
(near and far future) RCP45 and RCP60, respectively, will be the “best case” scenarios. From
the table one may also deduce that if one proceeds “as usual” (without taking climate
mitigation policies), the available surface and groundwater resources of the ZRB will decline
more and more (-28% for SURQ and -21% for GWQ for RCP85) on average over the three
future periods.
Table 3.9. Future (three periods) SWAT-predicted water balance parameters for the ZRB in comparison
with the historical parameters for the three different RCP scenarios.

RCP60

RCP85

RCP45

RCP60

RCP85

RCP45

RCP60

RCP85

RCP45

RCP60

RCP85

Average

RCP45

Far Future

Historical

Middle Future

Water Balance
Parameter
1

Near Future

PCP

392

-5%

4%

3%

15%

3%

17%

-2%

13%

-19%

3%

7%

1%

SNM

58

5%

36%

-36%

-5%

-16%

-38%

-41%

-57%

-83%

-14%

-12%

-52%

ET

290

5%

3%

6%

10%

7%

19%

25%

36%

14%

13%

16%

13%

∆SW1

17

-90

-28

-100

-61

-41

-33

-84

-46

-106

-78

-38

-80

SURQ

46

-13%

13%

-24%

11%

2%

2%

-37%

-24%

-63%

-13%

-2%

-28%

GWQ

84

-18%

5%

-2%

15%

-2%

4%

-46%

-32%

-67%

-17%

-10%

-21%

LATQ

38

-16%

-8%

21%

21%

3%

24%

-11%

13%

-26%

-3%

3%

5%

WYLD

168

-16%

4%

-2%

15%

1%

7%

-36%

-20%

-57%

-12%

-5%

-17%

Difference of the averages of the soil water (mm) stored in the profile during the simulation period.
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3.4.6.3

Future dependable reservoir water release (DWR)

The annual dependable water releases (DWR) or safe yields of the Boukan Dam for the
different future period/ RCP scenarios are determined by summing up the corresponding
SWAT-simulated average monthly dam releases over the corresponding prediction period
/scenarios.
The results are shown in the three panels of Figure 3.10. One may notice from the figure that
the seasonal climate cycle in the region is clearly reflected in the variation of the dam’s water
release. Furthermore, the smallest and largest differences of the future dam releases to the
historical ones will be in the medium- and far future periods, respectively. Regarding the
effects of the different RCPs, the average monthly dam releases will have a slow positive
(RCP45 and RCP85) or negative (RCP60) change, when going from the near to the middle
future period; however, the monthly DWR decrease strongly for the far future period. For the
latter, there will be also much less seasonal variation of the dam water release than has been
for the historical period, due to the higher future summer precipitation.
It should also be noted that in the above calculation of the future monthly DWR - as the SWATestimated evaporation from the reservoir seems to be underestimated and is quite low
compared with the estimated values extracted from MOE (2014) [36] - the SWAT-estimated
evaporation of the dam has been corrected with a historical correction factor, based on the
MOE-reported average evaporation value of 59.4 MCM/yr in the historical period.
Summing up the monthly DWR of Figure 3.10, the annual DWR of the reservoir are obtained.
The results are listed in Table 3.10 for the different future periods/RCP-scenarios and are to
be compared with the corresponding total demands [36,42]. Two kind of future demand
scenarios are assumed in Table 3.10) Current, based on predictions of up to year 2042 [36],
considering a continuation of the current trends for the potable and industrial demands,
together with the agricultural development plans, population growth and other
characteristics of the region up to that time and linearly extrapolated for the middle and
future periods; 2) Recommended, based on the recommended scenario of the potable and
industrial predicted demands [36], together with a decreased agricultural demand, based on
new executive strategies of demand management recommended by the Urmia Lake
Restoration Committee [42]. The details of the projected demands are presented in Table 3.11
based on different water use categories for the three future periods.
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Figure 3.10. SWAT- simulated average monthly dam water releases for near (a), middle (b) and far (c)
future periods/ scenarios in comparison with the historical (observed) water releases.
Table 3.10. Comparison of the future dependable water release (DWR) of the reservoir with the present
and future water demands assuming two development plans.
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Table 3.11. Division into the water use categories of the projected demands for the three future
periods.
Water category

Near future

Middle future

Far future

Demands
(MCM/yr)

Pot

Env

Ind

Agr

Pot

Env

Ind

Agr

Pot

Env

Ind

Agr

Current

229

383

20

656

300

383

34

656

442

383

20

656

Recommended

212

383

18

348

277

383

18

348

407

383

16

348

These strategies include an increase of the irrigation efficiency, better river bed and bank
management, deficit irrigation, improvement of the Zarrine irrigation network and
completion of irrigation secondary networks with surface and modern techniques. This is
mostly a consequence of the high evaporation from the Boukan Reservoir (see Table 3.9) and
the ensuing reduction of the dam’s outflow into the ZRB. Although the future situation
appears to be more positive for RCP60, for none of the RCPs investigated, can the projected
future water demands be met, particularly, for the far future period, when the percentage
ratio of DWR to demand is only 43% for RCP45 and even 24% for RCP85 for the “current”
demand option.
On the other hand, for the “recommended” demanding option, these numbers go up to 57%
and 31%, respectively, i.e. the water shortages will be decreased by 14%, respective 7%, by
year 2100. It is interesting to see that for the near and middle future the recommended water
demands can be fully supplied (100%), with exception of the near future/RCP45 scenario,
where the water demand is only satisfied by 95%.
Therefore, it is clear that not only the further agricultural development plans of the Boukan
Dam should be stopped, but that the current agricultural demands should be reduced by 30%
to 40% by

implementing the executive strategies of the MOE (2016) [42] demand

management. In addition, the primary consumptive demands (potable and industrial) should
be altered from a continuation of the current trends of MOE (2014) [36] to the recommended
scenario of MOE (2016) [42], otherwise the ZRB will face a more water-scarce future.
3.4.6.4

Future monthly environmental water demands of the ZR

As the environmental flow is a non-consumptive demand and comes back to the river, for
securing the river water rights, it is necessary to control the latter at the most downstream
point of the basin, i.e. the outlet of the basin. The monthly environmental water demands of
the ZR, which eventually will also affect LU, are calculated using the Tennant (Montana)
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method (see Section 3.3.3) for “fair” and “good” levels and compared with the SWATsimulated environmental water flow for the three future periods/RPCs in the three panels of
Figure 3.11. As can be seen from the top and middle panels of that figure, for the near and
middle future periods the environmental rights will be satisfied at both “fair” and “good”
levels for all RCPs, whereas in the far future period (bottom panel), the river discharge will not
meet the environmental demands at “fair” and “good” suitability levels during months March
to June for the extreme RCP85 scenario and fails also to supply the demands in April and May
for scenario RCP45. However, the demand is at least satisfied at the “fair” level for the middle
future/RCP45 scenario. In contrast, for the more benevolent far future / RCP60 scenario, the
regulated environmental flow will be satisfied at both “good” and “fair” levels.

Figure 3.11. Monthly environmental water flows for the near (a), middle (b) and far (c) future periods
together with the environmental water demand of the ZR at fair and good levels.
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In conclusion of this paragraph, the supply of the future environmental demands of the ZR
entering the LU is overall satisfactory, but it will be of some concern in the far future.

3.5 Summary and conclusions
In this study the hydrological and environmental impacts of climate change are assessed using
two different statistical downscaling methods, the well-known SDSM model, but combined
here with a trend-preserving bias correction methodology, and the two-step updated quantile
mapping method (QM). Temperature and precipitation predictors of the CANESM2-GCM are
employed for SDSM and of a set of CMIP5-GCMs for use in QM is evaluated employing a skill
score multi-criteria method. Eventually, CGCM3 and CESM-CAM5 are found to be the most
suitable ones for QM downscaling of temperatures and precipitation, respectively.
Both downscaling models are calibrated and validated for min. /max. temperatures and the
precipitation for the 1987-2005 historic base- and the “future” 2006-2015 period. As the QMpredictands do better here than the SDSM-ones, the QM- future climate scenarios are
selected for further evaluation of the hydrological impacts of climate change on the water
resources of ZRB and the operation of the Boukan Dam.
To do this, the integrated hydrologic model SWAT is calibrated and validated quite satisfactory
on streamflow records at various gauging stations for the 1991-2012 observation period, using
the SUFI-2 algorithm. Then the model is run for the QM-predicted climate variables under
RCP45, RCP60 and RCP85 scenarios for three future periods (near, middle and far future).
The results show that, compared with the historical period, the inflow of the Boukan Reservoir
and the main water balance parameters of the ZRB will have mostly negative trends,
especially, in the far future (2080- 2098) period. Furthermore, low and mean quantiles of the
flow entering the reservoir will decrease in the future periods, whereas the high and extreme
high flows will slightly increase. The future surface runoff, groundwater contribution to the
main reach and the total streamflow will also decline on average. Although water yield and
reservoir- inflow will increase slightly in the middle (2050-2068) period, they will fall gradually
again in the future (2080- 2098), especially, for RCP45- and RCP85- scenarios.
Next, the annual dependable water release (DWR) of the Boukan Reservoir is calculated and
compared with the expected future demands. Two scenarios for the latter are investigated,
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wherefore the first is the continuation of the “current” policies and the second is a new
“recommended” demand management scenario. The SWAT-DWR predictions indicate that for
the “recommended” scenario all demand types will be successfully fulfilled in the near and
middle future periods (up to year 2068), whereas for the “current” scenario there will be a
significant water shortage in this period, especially for RCP45 and RCP85. In fact, for the far
future, the water supplied from the reservoir is alarmingly low for RCP45 and RCP85, as it will
not be able to meet fully even the most essential demands (potable, industrial and
environmental) for both demand scenarios.
Finally, the SWAT-predicted outflow of the basin and the Montana-based environmental
rights of the Zarrine River are compared. The results demonstrate that the environmental flow
can be successfully supplied at both “good” and “fair” levels for the near (2020-2038) and
middle (2050-2068) future periods. Nevertheless, the river discharge cannot meet the rights
for RCP45 at a good level and for RCP85 at “good” and “fair” levels during the summer months
in the far future years.
In conclusion, the results indicate that the future impacts of a changing climate in the ZRB will
be diverse for different periods and scenarios, with a high likelihood of shrinkage of the
available freshwater resources in the basin, with adverse effects on LU, particularly, in the far
(2080-2098) future period. Despite the fact that for the earlier future periods (near and
middle) an increase of the water resources, i.e. precipitation, streamflow and the DWR in
some scenarios/periods is predicted, the surface and soil water losses from
evapotranspiration as well as evaporation from the Boukan Reservoir, in conjunction with a
projected surge of the demands, will more likely counteract this positive effect. This holds
particularly when the “current” demand operational policy is perpetuated in the future. In
contrast, by implementing instead the more conservative recent MOE- “recommended”
demand strategy, water shortages can be avoided, at least up to the middle (2050-2068)
future period. Finally, it may be noted that enactment of further greenhouse reduction
policies (mitigation) could be very effective for the conservation of water resources in the ZRB
as well, as the results clearly show that the intermediate emission scenarios, RCP45 or RCP60,
will have less future adverse hydrological effects than the high emission scenario, RCP85.
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CHAPTER 4
4 Evaluating the Water Resources and Operation of the Boukan Dam in
Iran under Climate Change

Abstract:

The operating policies of a reservoir dam in a river basin are dependent on the

upstream river’s inflow. As the latter may be affected by impacts of climate change which, in turn, may
alter the water supply for the various stakeholders in the basin, studies to this regard are of utmost
importance to ensure the sustainable development of the future water resources in the areas. Here
we present the case study of the Boukan Dam, located on the Zarrine River, highlighted as the main
inflow source of Lake Urmia, which is the largest inland wetland of Iran and the largest lake in Middle
East. Firstly the calibrated rainfall-runoff model SWAT is used to predict the various flow components
of the Zarinne River for the historical and future periods until 2049, using downscaled input
precipitation predictors of three RCP-scenarios captured from one of the projections of the CMIP5-GCM
ensemble, the CESM1-CAM5-model. These streamflow scenarios are then employed in the MODSIM
water management model to simulate the present-day and future available water resources of the
basin and to determine the optimal operation of the Boukan Dam, based on some prioritization of the
water allocation for the various water use sectors in the basin. Finally, the impacts of climate and
demand changes on the dam operation are evaluated by comparing future and historical MODSIMsimulated average water budget and supply/demand ratio (SDR) for the three CESM-model scenarios.
In summary, the results show that the region will face more intensive water shortages in the future,
owing to climatic change and increasing demands.

Keywords:

Climate Change, SWAT, MODSIM Water Management Model, Reservoir Dam

Operation, Lake Urmia, Iran
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4.1 Introduction
Climate change can worsen an already existing water shortage as an additional pressure factor
in some regions of the world, as it may lead to increased rainfall variability and global warming
(Bates et al., 2008). Specifically, the Western Asia and Middle East countries, such as Iran,
which have already been experiencing a fragile arid or semiarid environment over many
decades, are most vulnerable to a changing climate, not to the least due to increasing
population pressure requiring more agricultural food production (Abbaspour et al., 2009). It
is thus of no surprise that the unsustainable development of agricultural demands in Iran has
intensified the already existing water crisis there as an external driver.
As water resources become further stressed due to the impacts of climate change and
increasing demands, it is of a strategic importance to evaluate the various components of the
water resources system, such as the efficiency of reservoir dams, in order to detect the
appropriate operation strategies to mitigate such hydrologic changes.
Although many studies investigated the impacts of climate change on the water cycle (i.e.
Abbaspour et al., 2009), fewer studies have focused on the evaluation of the water supply of
a river basin due to the impacts of climate change (Emami, 2009; Ashraf Vaghefi et al., 2015).
The wetland of Lake Urmia, as the largest inland wetland of Iran and the largest lake in the
Middle East, which is mainly fed by the head waters of the Zarrine River, has been
tremendously diminishing in recent years which may lead to some drastic socio-ecological
repercussions in that region (Aghakouchak et al., 2015). Thus it seems undeniable that the
water supply system of the lake freshwater resources and also the unsustainable development
of the region should be adjusted to allow for the restoration of the lake and so, hopefully, lead
to a decrease of the water stress in the basin region (Emami and Koch, 2017).
In a recent previous study of the authors (Emami and Koch, 2017), QMAP (quantile mapping)downscaled precipitation from a projection of the CMIP5- project for a particular climatic
scenario has been employed, together with SDSM- downscaled temperatures of the HADCM3
GCM-model, as input drivers for the Soil and Water Assessment Tool (SWAT), a widely used
distributed rainfall- runoff watershed model (Neitsch et al., 2001), to simulate the streamflow
changes of the river basin and the inflow of the dam.
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The present study, as a continuation, will use this calibrated SWAT-model to predict the flow
components in the historical and future periods until 2049, based on three new RCP-scenarios
of precipitation captured from the latest projections of CMIP5-GCM ensemble with a better
atmospheric grid resolution. This predicted streamflow will then be employed in the water
management model MODSIM to simulate the present-day and future available water
resources of the basin and the best operation of the dam in the wake of upcoming climate
change in the basin.

4.2 Description of the study area
The Zarrine River Basin (ZRB), with an area of about 11,000 km2, is located in the southern
part of Lake Urmia in west Azerbaijan province (Figure 4.1) between 45° 46‘ E to 47° 23‘ W
longitude and 35° 41‘ S to 37° 44‘ N latitude. The river basin system contains 24 hydrometrical
stations and there is one operating dam on the Zarrine River, Boukan Dam, as the biggest and
most important dam of the basin, together with the diversion dam, Nouroozloo, located
downstream. The average annual temperature in the ZRB varies between 8 and 12 C and the
rainfall is situated in the range of 200 - 850 mm/a.

4.3 Materials and methods
4.3.1 Downscaling of climate predictors from GCM-RCP projections
For the future prediction of the precipitation, daily predictors from five available GCM-models
from the CMIP5 project series, based on their good spatial resolutions and output availability,
are captured for three RCP scenarios (2.6, 4.5 and 8.5) for a 35 year period, 2015 to 2049.
These GCM-predictors are then downscaled with a non-parametric quantile mapping model
(Gudmundsson et al., 2012), using robust empirical quantiles (Package QMAP in the R©software environment) and provided by the “ccafs-climate” data portal (Navarro-Racines and
Tarapues-Montenegro, 2015), are assessed and then the best fitted model with the lowest
biases is selected for generating the future downscaled precipitation predictors for further
hydrological modelling. The QMAP downscaling method removes the systematic bias of all
statistical moments of the distributions of the raw GCM-predictors compared with those of
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Figure 4.1. Map of the ZRB in Iran (a), with sub-basins and location of climatic stations (b) and selected
outlets(c).

the historical observations. Of course, likewise to all statistical downscaling methods, it is
assumed also in this method that the historical biases will be the same in the future.
Historical and future minimum and maximum daily temperatures, also previously used in the
concurrent study of Emami and Koch (2017), are SDSM- (Wilby et al., 2002) downscaled
predictors from the Hadley center’s HADCM3 GCM-model, as employed in the IPCC Fourth
Assessment Report (AR4) for the extreme emission scenario (SRES) A2 (promoting further
regional economic development) and the more benevolent B2 (with emphasis on an
ecologically sustainable development). For further details the reader is referred to Emami and
Koch (2017).

4.3.2 SWAT-hydrological modeling and MODSIM water resources decision
modeling
Using the downscaled climate predictors of previous section in the hydrologic model SWAT,
streamflow and other relevant hydrological parameters of the ZRB, namely, the inflow into
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the Boukan Dam are simulated for the three climate (RCP) scenarios. Details of the setup and
calibration and validation of the SWAT-model used, with some minor differences from the
present application, are discussed in Emami and Koch (2017). The model sub-basins, location
of the climatic stations and selected outlets are presented in Figure 4.1.
In the subsequent, final step, the river basin (water resources) decision model, MODSIM
(Labadie, 1995), is applied to assess the impact of future predicted climatic change on the dam
operation and water supply by incorporating the output of the previously modelled SWATstreamflow as input drivers into this model.
MODSIM simulates the optimal water allocation in a river basin through a sequential solution
of the following generalized network flow optimization problem, namely, a minimization of
the water allocation costs, for each time period, under the constraint that the mass balance
all over the network is satisfied. Mathematically this optimization problem can be cast in the
following form:
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ℓ𝜖𝐴 𝑐ℓ 𝑞ℓ

(4.1)

subject to:
∑ℓ𝜖𝑂𝑖 𝑞ℓ − ∑𝑘𝜖𝐼𝑖 𝑞𝑘 = 𝑏𝑖𝑡 (𝑞)𝑓𝑜𝑟 𝑎𝑙𝑙 𝑛𝑜𝑑𝑒𝑠 𝑖𝜖𝑁

(4.2)

𝚤ℓ𝑡 (𝑞) ≤ 𝑞ℓ ≤ 𝑢ℓ𝑡 (𝑞)𝑓𝑜𝑟 𝑎𝑙𝑙 𝑙𝑖𝑛𝑘𝑠 ℓ𝜖𝐴

(4.3)

where A is the set of all links in the network; N is the set of all nodes; Oi is the set of all links
originating at node I (i.e., outflow links); li is the set of all links terminating at node i (i.e., inflow
links); 𝑞ℓ is the integer valued flow rate in linkℓ; 𝑐ℓ is the cost weighting factor, or priority
number per unit flow rate in linkℓ; 𝑙ℓ𝑡 and 𝑢ℓ𝑡 are the lower and upper bound on flow in link
ℓ at time t.

4.4 Results and discussions
4.4.1 Downscaled climate variables
To predict the future daily precipitation the QMAP- downscaled outputs of five GCM-models
of the CMIP5- project are evaluated for the historical period 1977 to 2005, using the quantile
bias (QBt), defined as the ratio of the downscaled monthly precipitation to that of the
observed one above a specified percentile t, wherefore the 5%, 50% and 75% percentiles are
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Table 4.1. Statistical evaluation of the QMAP-downscaling precipitation performance of five selected
CMIP5- GCM-models under climate scenario RCP2.6 for relative to the observations. Best model is
highlighted in green.
MPI_ESM_MR

MRI_CGCM3

NIMR_HADGEM2

Ghara Papagh

CESM1_CAM5

Saeendezh

CCCMA_CANESM2

Noroozloo

QBt

Rostaman

NIMR_HADGEM2

Darre Panbedan

MRI_CGCM3

Choobloocheh

MPI_ESM_MR

Alasghol

CESM1_CAM5

R2

CCCMA_CANESM2

Statiscal

Paramet

Station

0.29

0.45

0.39

0.39

0.42

25%

1.00

1.00

0.99

0.99

0.98

RMSE

43.5

36.1

37.1

36.1

35.7

R2

0.41

0.51

0.43

0.35

0.52

RMSE

35.7

30.1

32.4

34.6

29.2

R2

0.41

0.42

0.37

0.38

0.40

RMSE

35.8

35.2

36.3

36.5

34.6

R2

0.33

0.43

0.34

0.35

0.35

RMSE

64.1

56.0

59.2

58.3

57.9

R2

0.32

0.45

0.38

0.30

0.45

RMSE

33.0

29.0

30.5

32.7

28.5

R2

0.32

0.43

0.43

0.27

0.42

RMSE

33.6

29.1

28.6

32.6

28.2

R2

0.40

0.45

0.45

0.32

0.33

RMSE

22.3

21.0

20.7

22.5

22.9

50%

0.82

0.81

0.81

0.79

0.78

75%

0.56

0.66

0.58

0.60

0.62

25%

1.00

1.00

0.99

1.00

0.98

50%

0.82

0.84

0.82

0.79

0.83

75%

0.70

0.70

0.61

0.59

0.61

25%

0.99

0.99

1.00

1.00

0.98

50%

0.83

0.84

0.82

0.84

0.79

75%

0.69

0.66

0.66

0.60

0.60

25%

1.00

1.00

1.01

1.01

0.97

50%

0.82

0.82

0.80

0.80

0.80

75%

0.60

0.62

0.61

0.57

0.54

25%

1.00

1.00

0.99

1.01

0.98

50%

0.80

0.84

0.83

0.78

0.81

75%

0.62

0.67

0.60

0.56

0.63

25%

1.00

1.00

0.99

1.00

0.99

50%

0.83

0.81

0.84

0.78

0.80

75%

0.61

0.71

0.68

0.56

0.60

25%

1.00

1.00

0.99

0.99

0.97

50%

0.83

0.84

0.82

0.82

0.78

75%

0.65

0.68

0.63

0.52

0.53

usually used (Mehran et al., 2014). In addition the root mean square error (RMSE), and the
coefficient of determination (R2) are computed as further performance criteria. The results
are listed in Table 4.1 for the RCP2.6 scenario. Similar tables were set up for the other two
RCPs, 4.5 and 8.5, and are not shown here.
As can be seen from the Table 4.1, CESM1_CAM5 (Community Earth System Model (CESM)
with RCP #1 = RCP2.6, with the Community Atmosphere Model (CAM), version 5) has overall
the best performance. As this holds also for the RCP4.5 and 8.5 precipitation scenarios, output
of the model CESM, i.e. CESM1, CESM2 and CESM3, are used in the later hydrological analysis.
The results of Table 4.1 indicate that for all GCM-models the quantile bias QBt of the
downscaled precipitation is decreasing numerically from values close to 1 at at the 25%
quantile to values QBt <1 at higher (50 and 75%) quantiles, i.e. the downscaled precipitation
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underestimates the observed one during the historical period, particularly, for extreme
precipiation. Nevertheless, as all seven stations have R2 -values between 0.42 and 0.51 and
RMSE between 21-56mm/m for the CESM1-model scenario, the recorded historical
precipitation in the region is rather well mimicked by the downscaled one. It should be noted
that because of its high resolution (0.94o x 1.25o), all three CESM-model precipitation variants
have lower bias and better performance than the MPI-ESM-LR model used previously by
Emami and Koch (2017) for precipitation downscaling in the ZRB.

4.4.2 Impact of climate change on inflow of the dam and reservoir operation
For evaluating the impact of climate change on dam operation, the downscaled climate
variables are applied to the calibrated SWAT-model to simulate the future inflow of the dam
changes in the time period of 2019 to 2049, as the downscaled predictions of the CMIP5scenario models CESM1/2/3 start from 2015 and the SWAT- model uses a warm-up period of
4 years.
Figure 4.2 shows the SWAT-simulated inflow of the dam for the historical and future time
periods using the downscaled precipitation of the scenario-models CESM1, CESM2 and
CESM3. Each of the latter were run with both A2- and B2- temperature scenarios – with only
minor differences - and the average of two computed for the final evaluation of the dam’s
inflow as shown in the figure. One can notice from Figure 4.2, that the future inflow of the
more extreme CESM2- model scenario is lower than that of CESM1 (as well as CESM3). On the
other hand, the inflow fluctuations of CESM1 are stronger than those of the other two models.
Compared with the average annual streamflow into the dam of the historical reference period,
that of the future CESM1- and CESM3- scenario will be increased by 33 and 14%, respectively,
but reduced by 8% for the CESM2- scenario. Moreover, the average maximum monthly inflow
will increase by 3% for CESM1, but will decrease by 27 and 3% for CESM2 and CESM3,
respectively.

4.4.3 MODSIM simulated optimal water allocation
Finally, the water management of the Boukan Dam for optimal water allocation in its
downstream areas are modelled by means of MODSIM, using the schematic water network
structure as sketched in four panels of Figure 4.3 and the SWAT-simulated streamflow to the
dam and from the tributaries along the Zarrine River as input.
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Figure 4.2. Observed and SWAT- simulated streamflow (inflow of the Boukan Dam) for historical period
1981- 2012(top) predicted inflows of the dam for CESM1( RCP2.6), CESM2 (RCP4.5) and CESM3
(RCP8.5), with linear trend (bottom).

Figure 4.3 depicts the various SWAT-MODSIM simulated annual, cumulative inflow and
outflow water volumes for the different demand categories - which are in order of decreasing
priority: potable (Pot), industrial (Ind), environmental (Env), fishery, agricultural (Agr)
demands and filling the reservoir - along the ZRB- network for the historical (1981 to 2012)
and the three future (2019 to 2059) CESM-model scenarios, discussed previously.
Also indicated are the average annual water demands for the corresponding simulation
periods, wherefore values of the future demands, which sum up to a total increase of 21% mainly due to a doubled drinking water demand, and a 5% agricultural demand growth,
together with a gradual increase of water demands in other sectors (Fesenduz fishery and
Legzi pumping transfer) - were taken from Iran ministry of Energy administration reports.
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Figure 4.3. MODSIM- water use network of the ZRB starting with the Boukan Dam and ending at Lake
Urmia, with annual volumes (MCM) of different water demand sectors and MODSIM-simulated
supplies for historical (top) and future period for climate prediction scenarios of CESM1, CESM2 and
CESM3.

Assumptions in all these MODSIM-models include constant removal from the - already
nowadays stressed - groundwater aquifers and, depending on the agricultural section, a 5 to
10 % return flow from irrigation demands to the subsurface.
The MODSIM- simulated annual water budget numbers indicated in Figure 4.3 for the
different water sectors for the historical period and the three future model scenarios unveil
that on average the future available water resources predicted with the CESM1- (RCP2.6) and
CESM3 (RCP8.5) scenarios will increase, but decrease for the CESM2 scenario (RCP4.5). More
specifically, the inflow and outflow of the dam in the CESM1 and CESM3 scenarios will rise by

80

Figure 4.4. Barplots of the total ZRB- water annual demands (MCM/a), the corresponding MODSIM –
simulated supply and the corresponding supply/demand ratio SDR (in percent) for the various water
use sectors, as for the historical and the three future climate scenarios.

33% and 14%, respectively. For CESM1, the inter-basin flows will, in addition, also increase by
28%, while they will experience a 3% decrease for CESM3. In contrast, for the CESM2-model
scenario, inflow and outflow of the dam as well as the inter-basin flows will all fall by 9%.
The separate water demand/supply components along the ZRB network as depicted in Figure
4.3 and discussed above, are accumulated for the totality of the ZRB in Figure 4.4 From these
values the ratio of water supply to demand, SDR, has been computed and listed as well. Thus,
one can notice from Figure 4.4 that the total basin SDR in the various water use sectors will
be decreased in the future as follows: For potable water, it will decline from historic 97% to
future 83-86%, depending on the scenario; for the agricultural demands it will drop from 68%
to 43-58%; and for other types of demands it will dip by 19%, while SDR of the environmental
water rights will drop by 3% - 13%.
In conclusion, all three climate scenarios investigated, indicate growing water resource
deficits in the ZRB in the future, with the CESM2- scenario showing the strongest and CESM1
the weakest adverse effects. And because increasing water demands are another significant
contributing factor to this upcoming water crisis, there will be the necessity for limiting the
development of future demands and/or having recourse to an alternative water planning,
such as a hedging rule or a deficit irrigation plan for the region.
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4.5 Conclusions
The impact of changing climate on inflows and operation of the Boukan Dam in the ZRB is
investigated using a basin-wide hydrologic model (SWAT), in conjunction with a water
management model (MODSIM). The hydrological model is driven by downscaled (quantile
mapping) climate predictors from the CESM_CAM5 GCM, with three future scenarios, RCP2.6,
RCP4.5 and RCP8.5. Although both the RCP2.6- and RCP8.5- scenario models predict an
optimistic increase of the future available water in the basin, this increase cannot cover the
future growth of the demands. Very pessimistic is the RCP4.5 – scenario model which predicts
even a decrease of the future inflow to the Boukan Dam. This peculiar result may hint of some
uncertainties in the GCM model prediction of the precipitation.
The water allocation optimization results by means of MODSIM using the historical
prioritization of the various water use sectors, together with a gradual increase of the
demands, indicate an endangerment of the water supply for the drinking water sector and of
the environmental rights, as the most important priorities; with the water crisis further
exacerbated by the development of agricultural and other demands.
This study also shows that the add-on of a water management model to a hydrological model
results in a powerful simulation tool that is able to serve for sustainable river basin
management and the output can be used further to support better water decision making
systems.
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CHAPTER 5
5 Agricultural Water Productivity-Based Hydro-Economic Modeling for
Optimal Crop Pattern and Water Resources Planning in the Zarrine
River Basin, Iran, in the Wake of Climate Change

Abstract: For water-stressed regions/countries, like Iran, improving the management of
agricultural water-use in the wake of climate change and increasingly unsustainable demands
is of utmost importance. One step further is then the maximization of the agricultural
economic benefits, by properly adjusting the irrigated crop area pattern to optimally use the
limited amount of water available. To that avail, a sequential hydro-economic model has been
developed and applied to the agriculturally intensively used Zarrine River Basin (ZRB), Iran.
In the first step, the surface and groundwater resources, especially, the inflow to the Boukan
Dam, as well as the potential crop yields are simulated using the Soil Water Assessment Tool
(SWAT) hydrological model, driven by GCM/QM-downscaled climate predictions for three
future 21th-century periods under three climate RCPs. While in all nine combinations
consistently higher temperatures are predicted, the precipitation pattern are much more
versatile, leading to corresponding changes in the future water yields. Using the basin-wide
water management tool MODSIM, the SWAT-simulated water available is then optimally
distributed across the different irrigation plots in the ZRB, while adhering to various
environmental/demand priority constraints. MODSIM is subsequently coupled with CSPSO
to optimize (maximize) the agro-economic water productivity (AEWP) of the various crops
and, subsequently, the net economic benefit (NEB), using crop areas as decision variables,
while respecting various crop cultivation constraints. Adhering to political food security
recommendations for the country, three variants of cereal cultivation area constraints are
investigated. The results indicate considerably-augmented AEWPs, resulting in a future
increase of the annual NEB of ~16% to 37.4 Million USD for the 65%-cereal acreage variant,
while, at the same time, the irrigation water required is reduced by ~38%. This NEB-rise is
achieved by augmenting the total future crop area in the ZRB by about 47%—indicating some
deficit irrigation—wherefore most of this extension will be cultivated by the high AEWPyielding crops wheat and barley, at the expense of a tremendous reduction of alfalfa acreage.
Though presently making up only small base acreages, depending on the future period/RCP,
tomato- and, less so, potato- and sugar beet-cultivation areas will also be increased
significantly.
Keywords: agro-economic water productivity; hydro-economic modeling; CSPSO-MODSIM;
net economic benefits; optimal crop pattern; climate change; Zarrine River Basin; Iran
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5.1.

Introduction

Food and water security will pose a great challenge in the near future due to rapid growth
of population and often unsustainable water usage. The renewable water resources per capita
in the Middle East and North Africa (MENA), as the most water- scarce regions of the world,
are expected to decline from 750 to 500 m3 by 2025, while the water withdrawals will increase
by up to 50% [1].
Natural and anthropogenically induced climate change will act as an additional external
driver threatening the future food security by exacerbating the water shortage, and,
concomitantly, the decrease of crop production, as temperatures and irrigation water
requirements increase [2]. All of this holds particularly for the Middle East, including Iran,
where groundwater reserves diminish at an alarming rate [3].
Improving the management of agricultural water use is of utmost importance, as irrigation
water uses account for 70% of the global freshwater withdrawals, particularly due to the fact
that the irrigated areas have dramatically increased in the 20th century, providing now about
40% of the world’s food [4,5]. In addition, agriculture has also an important role in the
economy, in terms of the Global Gross Domestic Product (GDP), especially in developing
countries, although its share has been decreasing over the last twenty years [6]. Thus for Iran
the GDP contribution of agriculture decreased from 23 to 9% [7], although the irrigated lands
increased by 17% between 2003 and 2008 [8], confirming the low economic productivity of
agriculture. Moreover, about 90% of the food demands are derived from agriculture supplies
in Iran, but with a cost of exploitation of 92% of the available freshwater resources [5], which
indicates that the economic agricultural return on water use is outstandingly low in Iran.
The agricultural production will also need to be increased globally by 70% up to year 2050,
due to a 40%-projected population increase [9]. The situation is even worse for developing
countries where the food production should be doubled by that time [10]. FAO predicts that
only 10% of the global production growth (21% in developing countries) can be achieved by
agricultural land expansions with the remainder coming from crop yield enhancements [11].
For a long-term sustainable water resources management for agriculture it is important to
quantify and evaluate the possible impacts of climate change scenarios on the future water
availability and crop production potentials. Previous publications evaluated the impacts of
climate change on the water resources using hydrologic simulation models that are based on
GCM-predictions [12,13]. These and numerous other studies indicate that climate change will
have undeniable impacts on the hydrology, namely, streamflow changes in a basin, which
ultimately affects the water availability there.
For example, the impacts of climate change on the crop yield, food security, and crop water
demands in sub-Saharan Africa and the North China Plain are investigated by Chijioke et al.
[14] and Mo et al. [2], respectively, using different crop prediction and simulation models.
These studies show that climate change may have either beneficial or harmful effects on the
crop extent and productivity in irrigated or rain-fed agricultural lands. Other recent studies
focus on the analyses of the impacts of a changing climate and agricultural demands on the
water management and crop production [15,16] and indicate that climate change will lead to
hydrologic changes and thus alter crop yields and crop water productivity (CWP), so that some
adaptation strategies are required.
Over recent years, many publications on optimizing crop pattern and water allocation to
maximize crop productions and economic benefits and to enhance the agricultural water
management have appeared. A multi-crop planning (MCP) optimization model that is based
on a nonlinear programming (NLP) algorithm was utilized for cropping pattern and water
allocation by Bou-Fakhreddine et al. [17] to maximize the net financial return. Firstly, two linear
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formulations and a relaxed version were established from the NLP and then the MCP problem
is solved by implementing two meta-heuristic algorithms, Simulated Annealing (SA) and
Particle Swarm Optimization (PSO). Fazlali and Shourian [18] also optimized water allocation
by considering optimum cropping pattern for the Arayez plain in Iran, using the Shuffled Frog
Leaping Algorithm coupled with MODSIM model [19] and employing irrigations depths and
cultivation areas as decision variables. However, the authors did not consider the CWP index,
impacts of climate change, and management of the conjunctive water uses. In fact, few of these
issues have been addressed by Fereidoon and Koch [20] who employed a MODSIM-LINGOPSO algorithm to maximize the economic benefits of Karkheh Dam in Iran, in terms of water
allocation for agriculture, under the impact of future climate change. The authors separated the
optimization into a three-stage procedure, wherefore first the MODSIM allocates the available
water of Karkheh Dam, with its inflow being simulated by the SWAT-hydrological model.
Then, a linear optimization to maximize the crop yields in response to different assumed levels
of available water is carried out, and, finally, a PSO algorithm is used to maximize the economic
return.
The purpose of the current research is to jointly optimize the crop pattern and irrigation
planning under climate change- and cropping pattern scenarios and so to maximize the net
economic agricultural benefits and increase the crop production, altogether considering the
constraints of limited available water resources. This objective is achieved by using an
integrated hydro-economic model that consists of a combination of the CSPSO (Constrained
Stretched Particle Swarm Optimization) method and MODSIM water management and
planning model as a simulation-optimization approach.
The research area is the Zarrine River Basin (ZRB) belonging to the basin of Lake Urmia
(LU), which has been shrinking tremendously over the recent decades. The impacts of climate
change scenarios on the water resources and the crop production will be evaluated while
considering the crop pattern scenarios for the irrigated croplands using the available water
supply sources, namely, the Boukan Dam as the most important water management
infrastructure of the region, as well as inter-basin discharges from river reaches and
groundwater shallow aquifers.
To simulate the basin’s water resources, i.e., the inflow of the Boukan Reservoir, interbasin
flows, groundwater recharges, and other hydrologic variables of the ZRB in response to the
changing climate, future (up to year 2098) downscaled climate predictors (min. and max.
temperatures, precipitation) are taken from the recent study of Emami and Koch [13], and
entered into the river basin hydrologic model, SWAT, which is firstly calibrated and validated
for the discharge and then for the crop yields by adjusting the crop parameters and crop water
requirements. Next, a water planning and management simulation model is prepared, using
MODSIM for managing the conjunctive agricultural water uses (Q) in the river basin, by
respecting the water-distribution priority constraints imposed for the basin as a whole. The
model is then adjusted to allocate the available water to the major crop arable areas of the ZRB
based on the crop water productivity (CWP) and the net economic benefit (NEB) of the crop
production, both of which are combined in an index of agro-economic water productivity
(AEWP). Finally, to enhance the crop production and the economic efficiency of the MODSIMrecommended water management policy, a Constrained Stretched Particle Swarm
Optimization (CSPSO) algorithm is developed and fully coupled with the MODSIM in order
to maximize the total NEB of the ZRB as the objective function and, consequently, the crop
production, based on the AEWP- and Q-combination. The optimal arable crop areas and
corresponding irrigation schedules are determined while using this CSPSO-MODSIM
simulation-optimization model under the constraints of arable areas for the irrigation plots and
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three different cereal crop pattern scenarios when considering three impact scenarios of climate
change (RCP45, 60, and 85) for three future periods (near, middle, and far).

5.2.
5.2.1.

Study region and data
The Zarrine River Basin

The Zarrine River is the main inflow source of the LU, the largest inland wetland of Iran
which used to be the largest lake in the Middle East before it dwindled significantly in recent
decades, with detrimental effects on the surrounding ecosystems of the lake. The Zarrine River
Basin (ZRB) is located in northwestern Iran, south of LU between 45°46′ E to 47°23′ W longitude
and 35°41′ S to 37°44′ N latitude (see Figure 5.1). The total length of the main channel is about
300 km and most of its course stretches through a mountainous area. The basin covers an area
of about 12,000 km2, including parts of Kurdestan and the West and East Azarbaijan provinces,
wherefore its larger portion is mountainous with an elevation of up to 3297 m and the smaller
one is rather plain with an elevation going down to 1264 m. The big cities of the basin are
namely Miandoab, Shahindej, Tekab, and Saghez.
The climate of the region varies from semi-wet cold or wet-cold in the mountain areas to
semi-dry in the vicinity of LU. The average annual temperature varies between 8 and 12 °C
while the annual precipitation (rain and snow) in the basin varies between 200 mm/year in the
lower catchment area and 800 mm/year in the mountains. The maximum snowfall is recorded
mostly in the south and west of the basin with snow heights varying from 5 to 63 mm/year.
The Boukan Dam/Reservoir is the largest operating dam of the ZRB, with a gross storage
capacity of 760 Million m3 (MCM) and a live storage capacity of 654 MCM. 51% of its water is
used for agricultural irrigation and the remainder for the supply of drinking and industrial
water and environmental rights (826 MCM/year totally).

.
Figure 5.1. Map of the Zarrine River Basin (ZRB) with the Boukan Dam and the climate and
streamflow stations.
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Figure 5.2. Locations of irrigated croplands of the ZRB, Rahimkhan (RK) plain and the Boukan Dam.

The agricultural areas within the basin cover a total area of 74,318 ha, all irrigated by both
groundwater and surface water resources, including water from the Boukan Reservoir, as the
crop-growing season there is mostly during the dry months between spring and autumn.
The current applied irrigation efficiency is about 38% for the areas that are irrigated by the
surface water from the dam and the river, and 50% for the areas using groundwater resources;
all numbers that are lower than the averages of most developing countries (45%) and
developed countries (60%) [21], indicating a non-efficient use of surface water due to outdated
irrigation methods and systems with a large loss of water through evaporation and seepage.
However, advanced irrigation technologies that enhance the irrigation efficiency, can have
negative effect on river flow, as a higher efficiency rarely decreases water consumption, which
are usually associated with a reduction in recoverable return flows and an increase in crop
yields and crop transpiration [22,23].
It should also be noted that the area of irrigated land has been increased by 36% from 1976
to 2013 [24], and this in spite of a catastrophic 88% decrease of the LU surface and ensuing
environmental and ecological crises.
The irrigated croplands of the ZR Basin are demonstrated in Figure 5.2, including the
current irrigated croplands of the ZRB (green) and the future agricultural development plan of
ZRB, namely Rahimkhan (RK) Plain (light green) located in the downstream of the Boukan
Dam.
The main agricultural crops of the ZRB as well as the RK include alfalfa (ALFA), apple
(APPL), barley (BARL), potatoes (POTA), sugar beet (SGBT), tomatoes (TOMA), and wheat
(WWHT), and these are the ones that are considered in this study.
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5.2.2.

Data

The data needed for this study in the ZRB is gathered from different available sources.
Most of the data is required for the set-up of the SWAT-hydrologic model, namely, various
geospatial maps and hydro-climate time series.
The Digital Elevation Map (DEM) with a spatial resolution of 85 m was produced by the
Iranian surveying organization. The land-use classification map of the basin, demonstrating
the situation in year 2007, was obtained from the Agricultural Statistics and the Information
Center of the Ministry of Agriculture [25] and it has a resolution of 1000 m and distinguishes
10 land use classes. The soil map of the watershed was extracted from the Food and Agriculture
Organization (FAO) digital soil global map, with a spatial resolution of 10 km of and eight
types of soils within two layers.
The daily climate input data includes maximum and minimum temperatures and
precipitation over the period of 1987 to 2015 and was obtained from the Iranian Meteorological
Organization (IRIMO) for six synoptic stations that were located in or close to the ZRB (see
Figure 5.1). Missing data in the records were filled in using the inverse distance weighting
(IDW) interpolation method. As the daily data for other climate variables, including solar
radiation, wind, and relative humidity, were unavailable, they were generated using the
weather generator (WGEN) module of SWAT model based on monthly averages of the
synoptic stations of Iran.
Daily streamflow data for six gauging stations of the Zarrine River (Figure 5.1) were
obtained from the Iran Ministry of Energy for the period 1987 to 2012.
The crop and irrigation data, namely, crop irrigation sources, planting, irrigation and
harvesting dates, or water demands were taken from Ahmadzadeh et al. and MOE [22,26]. The
observed crop yields are gathered from MOA [25] and the additional economic crop data were
gathered from SCI and MOA [27,28].
5.3.
Methodology: development of an integrated hydro-economic model for optimal
water management and crop pattern
5.3.1. Basic concepts of an optimal hydro-economic model
Generally, the greater the water-use productivity and economic efficiency, the lower are
the conflicts over scarce water resources and the additional financial and environmental
burdens in an agriculturally exploited basin, like the ZRB. Enters the fundamental concept of
hydro-economics, which stipulates that water demands can be represented as value-sensitive
water demand functions, so that water-uses at different locations and times have varying
economic benefits [29]. The next step is then to set up a hydro-economic model, which is a
solution-oriented model for investigating the water management tradeoffs and improving the
economic efficiency of water allocation by incorporating the economic value of agricultural
water in the heart of the water management model. This model represents a spatially
distributed water resources system, infrastructure, management options, and economic values
comprehensively [29]. In the third and final step, such a hydro-economic model may be applied
to simulate agricultural crop pattern strategies, with the goal to find that optimal multi-crop
pattern that somehow maximizes the economic crop profits, while adhering to the various
constraints of the limited water resources, hydrology, and various environmental regulations.
Mathematically, this amounts to the set-up of a classical constrained (nonlinear) optimization
problem, wherefore (1) the forward problem, i.e., the objective or cost function, is computed by
the hydro-economic model, simulating the hydrological constraints by classical hydrological
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models, and (2) the minimization of that objective function is done by some kind of an
optimization routine (e.g., [20]).
In this section, an innovative hydro-economic model for the ZRB is developed using such
a simulation-based optimization approach to coordinate multiple factors, including water
allocation, crop production pattern, and economic gains. More specifically, the optimization
problem is defined as a constrained optimization (CO) problem which searches for the optimal
allocation of irrigated crop pattern under the constraints of the limited water resources and
other demands that should be satisfied. Eventually, the objective of the optimization search
algorithm is to maximize the agro-economic productivity, i.e., the economic net benefit of a
crop per unit water use, given that the latter is limited in the study region and it may be even
more so in the future under the impacts of imminent climate change there [13].
The decision variables of the optimization are the cultivated areas of major crops for a
particular, politically given combination of required crop distribution and agricultural demand
regions. The constraints of the optimization algorithm in this study are defined based on the
allowable range of arable areas and cereal crop pattern limits (for more details see Section 5.3.8).
5.3.2.

Modules of the CSPSO-MODSIM integrated hydro-economic model

The individual modules (hydrological, water management, agro-economic) of the hydroeconomic model are developed in this research while using different simulation models (GCM,
QM, SWAT, MODSIM) that were bound together with an optimization method (CSPSO). The
flow chart of the connection of the models and processes in the integrated hydro-economic
model is presented in Figure 5.3, from which the main steps are retrieved as follows:
-

-

Predicting climate change weather scenarios using CMIP5-GCMs predictors that are
subsequently downscaling by QM.
Simulating the future hydrologic changes and crop yields with the calibrated SWAT river
basin hydrological model using the QM climate projections as input drivers.
Setting up the basin-wide water management and planning module, MODSIM, to allocate
the future agricultural water uses that are based on environmental/demand priority
constraints.
Optimizing the crop arable areas and the related irrigation schedule using the agricultural
water productivity- based hydro-economic model, CSPSO-MODSIM.

Details of each of the above modeling steps are described in the following sub-sections.
5.3.3.

Predicting future climatic scenarios by updated quantile mapping

Regarding the projections of future climate change scenarios, they are mostly taken from
Emami and Koch [13] who used several climate models (GCMs) of the CMIP5 archive [30], as
mentioned in the fifth IPCC report [31] to select the most suitable one based on a climate
model’s skill to simulate the past climate in terms of minimum and maximum temperatures
and precipitation. For assessing the impacts of climate change on the regional scale, the climate
predictors of the selected GCM models were then downscaled using a recently-coming-to-thefore statistical downscaling method, namely, QM (Quantile Mapping) [32,33], which proved to
have better prediction performances than the more commonly used classical statistical
downscaling model (SDSM). We forego a detailed description of the QM-downscaling method
and refer the reader to [13].
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Figure 5.3. Flowchart of the Constrained Stretched Particle Swarm Optimization (CSPSO)-MODSIM
hydro-economic optimization model.

In the first step of the QM method, the monthly biases of the future GCM-simulated
climate variables between year 2020 to 2098 are removed while using a trend-preserving bias
correction, namely, the ISI-MIP approach [32]. In this approach, the GCM-simulated
temperatures (min. and max.) are corrected applying an additive correction factor CTj and for
the precipitation and a multiplicative correction factor CPj to each month of a year (j = 1, …, 12)
of the GCM-simulated precipitation. In the second step a new, updated quantile mapping
method [33] is used to correct the daily biases of the temperatures and precipitation in each
month (e.g., all Januaries) using EDCDFm and CNCDFm CDF-(cumulative distribution
function) matching methods, respectively. Emami and Koch [13] proved that these QMvariants perform better than other statistical downscaling methods in removing biases in the
GCM-climate predictors for the study region by delivering much better correlations with the
observed predictands (temperatures and precipitation) at the high-resolution, local scale, and
of all this without almost no extra computational costs.
5.3.4. SWAT-simulation of the hydrological processes in the agricultural watershed
5.3.4.1. Model setup and calibration
The Soil Water Assessment Tool (SWAT) model is a physically-based, river basin-scale,
time continuous simulation model that operates on a daily time step. Although this model has
originally been developed to mainly simulate the impacts of land management practices in
large and complex watersheds [34], it is widely used as a long-term rainfall-runoff model and
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efficient hydrologic simulator of water quantity and quality, so that it has increasingly being
used to investigate climate change impacts on agro-hydrological systems [12,35].
The SWAT model requires quite a wide range of input data, as described in Section 5.2.2.
To represent the large-scale spatial heterogeneity of the study basin more precisely, the SWAT
modeled domain, i.e., the major basin, is divided into several sub-basins, which are usually
delineated with the help of the topographic DEM using the ARCSWAT extension of ARCMap
program. Then, each sub-basin is parameterized using a set of HRUs (Hydrologic Response
Units), which are based on a unique combination of soil and land cover and management. For
the SWAT-model of the ZRB, 11 sub-basins with a total of 908 HRUs have been defined.
After the parameterization of the SWAT-model’s input data entries is done by using the
stochastic sequential uncertainty fitting version 2 (SUFI-2) optimization algorithm, embedded
in the SWAT-CUP decision-making framework [36]. Various kinds of objective functions as
measures for the goodness of the fit of the modeled to the observed streamflow are available
in the SUFI-2 algorithm, wherefore Krause et al. [37] indicates that for a reliable calibration and
validation of the model, a combination of different efficiency criteria, such as the coefficient of
determination R2, the Nash–Sutcliff efficiency coefficient NSE, and bR2 (b is the slope of the
regression line between observed and simulated streamflow), should be considered.
In the present application, the calibrated input parameters of the model have been taken
from Emami and Koch [13], where further details of the calibration/validation as well as of the
model setup are presented. Basically, the optimal range of model input parameters was
determined hierarchically sub-basin-wise, from the utmost upstream sub-basin (11) outlet
down to the main outlet of the basin.
Based on the SUFI-sensitivity analysis, 24 model parameters were shown to be sensitive
parameters for affecting the stream discharge, out of which the SCS curve number (CN2), the
groundwater delay time (GW_DELAY), and the moist bulk density of the soil (SOL_BD) turned
out to be the three most sensitive variables. With these optimized parameters, good fits of the
modeled to the observed discharges were obtained at the six streamflow stations (sub-basin
outlets) for the calibration (1998–2012) and the validation (1991–1997) periods, with average R2
> 0.7, NSE > 0.6 and bR2 > 0.5, which, according to the classification that was proposed by
Moriasi et al. [38], is considered to be satisfactory. As the SUFI-computed uncertainty of the
calibrated model that is quantified by the P- and the R-factor (see [13,39]) has average values
of R > 0.75 and P close to 1, there is enough confidence in the calibrated SWAT-model for the
ZRB.

5.3.4.2. Predicting the impacts of future climate change on the hydrologic cycle
It is important to evaluate the hydrologic responses to future changes of climate for
improving adaptive water management, as the variability of precipitation and temperature in
terms of trends and extremes will eventually increase the likelihood of severe and irreversible
negative impacts on the ecosystem, including lakes and rivers. To that avail, the future
downscaled climatic scenarios i.e., the QM-bias corrected predictions of the minimum and
maximum temperatures and precipitation are employed as weather input drivers of the
calibrated basin-wide hydrologic simulation model, SWAT. As a result, the future hydrologic
cycle and the available water resources of the ZRB under the climate change can be assessed,
especially the input of the dam, the Inter-basin discharge of the river reaches, the groundwater
recharges and the withdrawals of the shallow aquifers.
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5.3.4.3. Crop yield simulation and calibration of the potential crop yield
The SWAT model is also capable of simulating crop productions and yields efficiently, as
has been shown in many publications (e.g., [40,41]). To do this in the ZRB, the current
management operations of the various crops there are specified initially in the SWAT model,
together with the corresponding planting and harvesting dates and the irrigation sources,
based on information that was given by Ahmadzadeh et al. [22]. The crop yields for seven major
crops in the ZRB are then calibrated by adjusting a set of effective parameters in the model,
until the averages of the simulated crop yields of the basin match those of the observed ones
(gathered from MOA [25]) in a reasonable manner. These simulated crop yields are then
extracted from the SWAT file output.hru to represent the potential crop yields of the ZRB. The
reservoir characteristics, irrigation losses and essential demands are considered through the
water use management (.wus) and reservoir (.res) SWAT- data files.

5.3.5.

Agro-economic water productivity and net economic benefit

For a better management of the future water resources in a water-scarce region, such as
the ZRB, it is necessary to make the water supply- and/or the irrigation system as efficient as
possible in economic and water resources perspectives. Because of the competition of the
different stakeholders for the scarce freshwater resources in the region, not only for agriculture,
a paradigmatic policy shift is required from (a) maximizing productivity per unit of area to (b)
maximizing productivity or economic value per unit of consumed water [42], as both the
irrigated agriculture’s land base and the water supplies are continuously being depleted and
reallocated, in order to produce even more agricultural crops. To achieve this policy shift, the
net benefits of the water used, should be enhanced by prioritizing more economic efficient
crops i.e., higher productivity per unit of water, while the water use should be constrained to
the allocated water resources for agricultural water-use.
The crop-water productivity CWPc (kg/m3) is defined as the ratio of amount of crop yield
that is produced Yc (kg/ha) to the amount of water applied per unit crop area Qc (m3/ha) during
the crop’s production [43]. The next step is then to define the agro-economic water productivity
AEWPc (USD/m3) as the ratio of net total economic value of crop NEBc (USD) to the total amount
of water Qtc (m3) supplied under the priority constraints that were provided by MODSIM (see
following subsection) [44]:
AEWPc = NEBc/Qtc = [(Pricec × Yc − Costc) × Ac]/Qtc = (Pricec × Yc − Costc)/Irrc

(5.1)

where Pricec (USD/kg) is the selling price of the crop, Costc (USD/ha) is the total production
costs of the crop, Ac (ha) is the crop cultivation area, Irrc = Qtc/Ac (m) is the irrigation water
height, and the other variables are as defined above.
Based on the definitions above, optimizing the water resources allocation can be an
important measure for increasing agro-economic water productivity AEWPc in areas where the
water is scarce like ZRB. In this study, a water management model for deficit irrigation is
developed to determine the allowable agricultural water, which at the first stage the potable,
industrial, and environmental water demands (essential demands) are supplied according to
their higher priorities as a constraint and then the remaining available water will be allocated
to the agricultural water-uses, i.e., different crop demands based on their AEWPs. Finally, for
boosting the net economic benefits NEBc as the ultimate objective of this study, the combination
of agro-economic water productivity AEWPc and total allocated water Qtc is maximized
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through an optimization algorithm. As in Equation (5.1), the Pricec and Costc are constant for
each crop, the total crop economic benefit will also be increased.

5.3.6.

MODSIM water resources management and planning module

The MODSIM simulation model is a generalized river basin network model for
developing basin-wide strategies of short-term water management, long-term operational
planning, drought contingency planning, water rights analysis, and conflict resolution between
different water users [19,45]. This model has enjoyed widespread application across the world
to simulate operations, as mentioned [20,46–48].
The core idea behind MODSIM is to represent a complex river basin system by a flow
network consisting of coupled sequences of nodes and links, with the former symbolizing
storage components, such as reservoirs and aquifers, points of inflow, demands, diversions,
and river confluences, and the latter representing river reaches, pipelines, canals, and streamaquifer interconnections defining stream depletions from pumping and return flows from
seepage and other water applications. Further network elements of the model consist of
unregulated inflows, reservoir operating targets, consumptive and instream flow demands,
evaporation and channel losses, reservoir storage rights and exchanges, and stream-aquifer
modeling components. In addition, various surface and ground water resources with their
inter-relationships can be represented by highly nonlinear, non-convex, or discontinuous
equations [49]. Details on how each of the components is modeled and calculated in the model
can be found in Fredericks et al. [19].
The model sequentially solves a linear optimization problem within the confines of mass
balance throughout the network over the planning period by means of a highly efficient
network flow optimization (NFO) algorithm solved with the Lagrangian relaxation algorithm
RELAX-IV [50]. More specifically, the following constrained flow optimization problem is
solved for each time interval (t = 1, …, T) over the planning horizon:
∑𝑘∈𝐴 𝑐𝑘 𝑞𝑘
Minimize
(5.2)

subject to:
∑𝑘∈𝑂𝑖 𝑞𝑘

−

∑𝑘∈𝑂𝑖 𝑞𝑘 = 𝑏𝑖𝑡 ;

𝑓𝑜𝑟 𝑎𝑙𝑙 𝑛𝑜𝑑𝑒𝑠 𝑖∈𝑁

𝑙𝑘 ≤ 𝑞𝑘 ≤ 𝑢𝑘 ; 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑙𝑖𝑛𝑘𝑠 𝑘 ∈ 𝐴

(5.3)
(5.4)

where A is the set of all links in the network; N is the set of all nodes; qk is the integer valued
flow rate in link k; ck are cost weighting factors, i.e., the water right priorities per unit flow rate
in link k; bit is the (positive) gain or (negative) loss at node i at time t; Ii the set of all links
terminating at node i (inflow links); Oi the set of all links originating at node i (outflow links);
and, lk and uk are lower and upper bounds, respectively.
The cost factor ck for accounting for active storage and demand links priorities are
generally calculated while using the following formula:
ck=-(50000-10*PRk)
(5.5)
where PRk is the integer priority ranking that ranges between 1 and 5000 for the reservoirs or
the demands, where the negative sign states that high-rank nodes (1, 2, etc.) are given more
weights in the minimization of the cost function (Equation (5.2)).The cost factor may also
include economic factors that are defined in this study for the crop demand links as the cost of
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the crop water supply (ccc) based on the agro-economic water productivity index AEWPc
(Equation (5.1)), i.e., ccc = −AEWPc, which means that more water should be allocated to a crop
that provides more economic benefits than others for the same amount of water supplied.
The schematic network of the MODSIM ZRB model with the various demand nodes are
represented in Figure 5.4. These demand nodes can be categorized into four groups: (1) the
network of the dam croplands (ZRB), suffixed _ZRB, (2) the future development croplands of
the RK, suffixed _RK, (3) the crop demands supplied from the reach, suffixed _rch, and (4) the
demands supplied from the groundwater aquifers, wherefore two aquifer storages are defined
cumulatively for the upstream-, suffixed _gwup, and downstream, suffixed gwdown areas of
the Boukan Dam. The conjunctive water uses, i.e., surface- and groundwater irrigation are
linked by connecting the river network nodes and the shallow aquifer storages with the
corresponding demand nodes. Other non-agricultural water demands include the potable
demand of Boukan and Tabriz (about 60% of its potable demand) cities, the industrial demands
of the dam, the Legzi water transfer, the other agricultural water rights, the environmental
rights of the Boukan Dam, and the LU environmental water demand.
The hydrologic inputs for the MODSIM-model are captured from the flow results of the
SWAT model, including the inflow of the dam, the river discharges and the inter-basin flows
(the inter-basins 7-3 and 2-1 describe the generated water in sub-basins 7 to 3 and sub-basins 2
to 1, respectively), the storage of the shallow aquifers, the recharges (GW_Rchg), the
contributing flows to the surface water and the drainage (GWQ + Drainage). The different types
of the water demands, water transfers (such as the transfer to the RK Plain from the Simineh
River), the return flows from the agricultural water use (about 10% to the same source,
groundwater aquifers or the Zarrine River) are all initially defined based on values that are
given by MOE [25] and the irrigation and water requirements of the various crops and
irrigation losses are adjusted based from provisional values of Ahmadzadeh et al. [22]. The
MODSIM ZRB simulation model is customized on the MODSIM 8.5 platform using the custom
coding module in VB.NET routine, with further details being provided in Section 5.3.8.

Figure 5.4. Schematics of the MODSIM model for the ZRB with related demand nodes, separated
into three demand area groups, as indicated by the corresponding suffixes.
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5.3.7.

Constrained Stretched Particle Swarm Optimization (CSPSO) Search algorithm

The Particle Swarm Optimization (PSO) method that was proposed first by Kennedy and
Eberhart [51] is a stochastic evolutionary social behavior-based optimization algorithm for
solving nonlinear global optimization problems in an efficient way. The main idea behind the
development of the PSO is social sharing of information among individuals of a population in
nature (the flock or swarm), in order to provide an evolutionary advantage for all individuals
to move towards some optimum [52–54].
A PSO model consists of a number of N particles (the swarm) moving around in the Ddimensional search space, with each particle representing a possible solution to a numerical
problem. In this D-dimensional search space, the actual location of the i-th particle (i = 1, …, N)
can be represented by a D-dimensional vector of position Xi = (xi1, xi2, …, xiD) and the position
change (velocity) by another D-dimensional vector Vi = (vi1, vi2, …, viD). The best candidate
solution that is the best previously visited position of the particles of the swarm is denoted as
Pi = (pi1, pi2, …, piD).
Assuming that the g-th particle is the best and denoting the iteration by the superscript n,
the swarm is manipulated according to the following two equations [55,56]:
𝑛+1
𝑛
𝑛
𝑛
𝑛
𝑛
) + 𝑐2 𝑟2𝑛 (𝑝𝑔𝑑
𝑣𝑖𝑑
= 𝜒 (𝜔𝑛 𝑣𝑖𝑑
+ 𝑐1 𝑟1𝑛 (𝑝𝑖𝑑
− 𝑥𝑖𝑑
− 𝑥𝑖𝑑
))

(5.6)

𝑛+1
𝑛
𝑛+1
𝑥𝑖𝑑
= 𝑥𝑖𝑑
+ 𝑣𝑖𝑑

(5.7)

𝜔𝑛 =

(𝜔𝑚𝑎𝑥 −𝜔𝑚𝑖𝑛 )∗𝑛

(5.8)

𝑛𝑚𝑎𝑥

𝑣 𝑚𝑖𝑛 ≤ 𝑣𝑖𝑑 ≤ 𝑣 𝑚𝑎𝑥

(5.9)

where d = 1, …, D, with D the number of decision variables; i = 1, …, N, with N the size of the
swarm; r1, r2 are uniformly distributed random numbers in [0, 1]; n = 1, 2, …, the iteration
number; c1, c2 acceleration coefficients that are, respectively, the cognitive and social
components of the particle velocity, representing the impact of self-knowledge and the
collective effect of the population; χ a constriction parameter that is employed, alternatively to
the inertia parameter 𝜔 to limit the velocity to the range [𝑣 𝑚𝑖𝑛 , 𝑣 𝑚𝑎𝑥 ].
By incorporating a recently proposed technique called Function Stretching into the
classical PSO, Parsopoulos and Vrahatis [53] arrived at the SPSO method, which has the
capability to alleviate the attractions of local minima of the objective function and so to rise the
success rates for finding a truly global solution of the problem.
The basic idea of SPSO is to use a two-stage transformation of the original objective
function f(x), which can be applied immediately after a local minimum 𝑥̅ of the function f(x)
has been detected, defined as follows:
𝐺(𝑥) = 𝑓(𝑥) + 𝛾1 ‖𝑥 − 𝑥̅ ‖(𝑠𝑖𝑔𝑛(𝑓(𝑥) − 𝑓(𝑥̅ )) + 1)
(5.10)

𝐻(𝑥) = 𝐺(𝑥) + 𝛾2

𝑠𝑖𝑔𝑛(𝑓(𝑥)−𝑓(𝑥̅ ))+1

(5.11)

𝑡𝑎𝑛ℎ(𝜇(𝐺(𝑥)−𝐺(𝑥̅ )))

where γ1, γ2, and μ are arbitrary user-defined constants. The first transformation stage, G(x)
elevates the function f(x), eliminating so most of the local minima, whereas the second stage,
H(x) stretches the neighborhood of 𝑥̅ upwards, as it assigns higher function values to those
points. The location of the global minimum is left unchanged, as both stages do not alter the
local minima located below 𝑥̅ .
Further details of the implementation of the of CSPSO-methodology and its extension for
solving the constrained optimization (CO) problem of the maximization of the net economic
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benefit of the total cultivated crops in the area under the constraints of limited water resources,
water right priorities, and crop area limitations are present in the following sub-section.
5.3.8. Optimizing the net economic benefit with the CSPSO-MODSIM model
5.3.8.1. Formulation of the constrained optimization problem
The ultimate objective of the hydro-economic optimization model is to maximize the
economic productivity of the sum of all the crops in an irrigation plot under the constraints of
limited water resources and crop areas available. By summing up Equation (5.1) for all cmax
crops, the objective function is:
𝑐𝑚𝑎𝑥
(5.12)
𝑍 = 𝑁𝐸𝐵𝑡 = ∑𝑐𝑚𝑎𝑥
𝐴𝐸𝑊𝑃𝑐 ∗ 𝑄𝑐𝑡
𝑐´=1 (𝑃𝑟𝑖𝑐𝑒𝑐 ∗ 𝑌𝑐 − 𝐶𝑜𝑠𝑡𝑐 ) = ∑𝑐=1
(with the notations as given for Equation (5.1), so that the final optimization problem can be
stated, as follows:
Maximize Z <=> Minimize (−Z)
(5.13)
wherefore, for application of classical optimization (minimization) routines, like CSPSO, the
objective function Z is replaced by its negative.
This, yet unconstrained optimization formulation will be extended to a constrained one
by adding appropriate constraints, as discussed below:
First of all, the actual crop yield Yc entering Equation (5.12) is dependent on the amount
of irrigated water available, which, in turn, depends on the actual water allocation (simulated
by MODSIM). Thus, if the irrigation water amount applied, Qc, is less than the crop water
requirement, WRc, the actual crop yield, Yc, will not reach its potential (maximum) crop yield
Ymaxc. This is epitomized by the following FAO-equation for the water production function
[57]:
𝑌𝑐 = 𝑌𝑚𝑎𝑥𝑐 × (1 − 𝐾𝑦𝑐 × (1 − 𝑄𝑐 ⁄𝑊𝑅𝑐 ))
(5.14)
where Ymaxc is the potential crop yield, estimated by SWAT as mentioned earlier, WRc is the
crop water requirement, 𝑄𝑐 is the MODSIM-simulated allocated irrigation water, Kyc is a FAObased yield response factor describing the effect of a reduction of irrigation water on the crops
yield losses, with values being gathered from Steduto et al. [58]. The crop water requirements
WRc were determined using NetWat software from CropWat application series of the Iranian
Water Directive (IWD) that was developed by the Iran government for estimating the effects of
future climate change [59]. Equation (5.14) shows clearly that unless the crop water
requirement WRc is fully met by irrigation water Qc, the actual crop yield Yc will be less than its
potential crop yield Ymaxc.
The second kind of constraints for the optimization problem (14) model arises then firstly
from the fact that the sum of all croplands cannot exceed the total arable area of the irrigation
plot, i.e.,
∑7𝑖=1 𝐴𝑍𝑅𝐵𝑖 ≤ AtZRB
(5.15)
∑7𝑖=1 𝐴𝑅𝐾𝑖 ≤ AtRK

(5.16)

∑2𝑖=1 𝐴𝑟𝑐ℎ𝑖 + ∑5𝑖=1 𝐴𝑔𝑤𝑖 ≤ Atup

(5.17)

where AtZRB = 684.2 km2, AtRK = 125 km2, and Atups = 250 km2 are the future total arable areas
supplied by the Boukan Dam irrigation network (ZRB), of the RK plain and of the agricultural
areas upstream of the dam, respectively, according to the SWAT-land use map and based on
information of MOE [25]. The sums in Equations (15)–(17) run over seven different areas, as
this is the number of the major crops cultivated in the region, which are, in alphabetic order,
alfalfa, apple, barley, potatoes, sugar beets, tomatoes, and wheat, although the apple croplands
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are assumed to be constant to current cultivated areas because it is irreplaceable as orchard and
have very low economic value.
Further constraints that are varied later in the modelled scenarios pay attention to the fact
that a high-benefit (low water costs) crops cannot be solely cultivated over the whole ZRB, but
there are constraints on areas attributed to the various crops, not to the least to satisfy the
population’s food demands. More specifically, for each arable crop an allowable range of area
size Ac is defined, wherefore the maximum values are taken from MOE [25] and for the
minimum areal sizes two alternatives are investigated. In both of them, denoted as Smin 1 and
Smin2 in Table 5.1, the minimum areas devoted to the two cereals (barley, wheat) of the Boukan
Dam network plot (BARL_ZRB and WWHT_ZRB) are set to the current arable area, whereas
for the other crop/area demand nodes, the minimum is assumed to have (1) no limitation (=0)
for Smin1, and (2) 60% of the maximum arable area for Smin2. Based on these two numbers, the
corresponding areal sizes for the different crops have been computed for the different irrigation
plots and listed in Table 5.1.
Finally, as the production of cereal crops, i.e., barley (BARL) and wheat (WWHT) has
strategic importance in the ZRB as well as for Iran overall, three cereal crop pattern scenarios
are considered further in this study, namely, that the sum of the cropland areas devoted to
barley (ABARL) and wheat (AWWHT) will be a portion X of the maximum-minimum range above
the minimum areas, i.e.,
ABARL + AWWHT ≥ Amin + X × (Amax − Amin)
(5.18)
where X is the limiting production factor of the cereal crop pattern scenario and is set to,
respectively, X = 0.35, 0.5, and 0.65 for the three scenarios investigated, and Amin and Amax are
the sum of the area limits of the different demand plots for the two crops (barley and wheat)
(Table 5.1).
Table 5.1. Area constraints (km2) for the two minimal-area scenarios (Smin1 and Smin2)
devoted to the different crops for the three irrigation demand areas (ZRB, RK, and upstream
areas of the Boukan Dam).
Crop/Area Name
ALFA_ZRB
APPL_ZRB *
BARL_ZRB
POTA_ZRB
SGBT_ZRB
TOMA_ZRB
WWHT_ZRB
APPL_RK *
ALFA_RK
BARL_RK
POTA_RK

Amin
Smin1 Smin2
0.0
19.9
109.2
64.5
64.5
0.0
10.9
0.0
21.6
0.0
14.5
237.6
237.6
0.0
0.0
13.2
0.0
14.2
0.0
3.0

Amax

Crop/Area Name

154.2

SGBT_RK
TOMA_RK
WWHT_RK
APPL_gwdown *
ALFA_gwup
POTA_gwup
SGBT_gwup
TOMA_gwup
BARL_rch
WWHT_rch

166.0
35.6
35.6
59.3
415.1
22.0
23.6
5.1

Amin
Smin1 Smin2
0.0
3.0
0.0
5.1
0.0
36.5
2.1
0.0
14.2
0.0
3.3
0.0
3.3
0.0
5.5
0.0
15.3
0.0
38.4

Amax
5.1
8.4
60.8
23.7
5.5
5.5
9.1
25.6
63.9

* As apples turn out to have a very low economic value, areas of apple orchards are not further varied.
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5.3.8.2. Integration of MODSIM and CSPSO algorithms
To solve the optimization problem, Equation (5.13), which is subject to the four constraints,
Equations (5.15)–(5.18), by means of the CSPSO method, a penalty function method is used
(e.g., Parsopoulos and Vrahatis [54]). The latter allows for converting a constrained
optimization problem to an unconstrained optimization one by adding the constraints as a
weighted penalty to the objective function (Equation (5.13)) in the form:
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 (−𝑍 + ℎ × ∑𝑛𝑐
(5.19)
𝑖=1 𝑃𝐹𝑖 )
where nc is the number of constraints, PFi is the penalty factor of i-th constraint (Equations
(5.15)–(5.19)), which takes the binary values 0 or 1, depending on whether the constraint is
satisfied or violated, respectively, and h is the static penalty weighting factor value, which is
found to be 1,000,000 by trial and error based on a convergence analysis as well as PSOliterature recommended values.
Other parameters to be specified in the various CSPSO-equations of the previous subsection are taken in agreement with recommended literature values as (e.g., [54,55]): N = 40
(swarm size), n = 500 (maximum iteration number); c1 = 1.2 and c2 = 0.8 (acceleration
coefficients), γ1 = 5000, γ2 = 0.5, µ = 10E-10 (three constraints of function stretching) and χ = 1
(constriction parameter).
Finally, to arrive at the CSPSO-MODSIM integrated hydro- economic model (see Figure
5.3), the MODSIM water management tool is embedded in the CSPSO-optimization method as
an inner layer of the iteration process. Thus, in the first iteration, the search algorithm generates
the decision variables of the arable crop areas that should meet the ranges specified in Table
5.1. In the next step, the water demands and their priorities are designated to the MODSIM
model based on the initial irrigation depth (estimated with SWAT) and the AEWPs (Equation
(5.1)). Then, the optimal irrigation depths of the crops are estimated in MODSIM using
Equations (5.2)–(5.4), with flow inputs from SWAT. The actual crop yields are predicted using
Equation (5.14) and returned to the CSPSO model, together with the optimal irrigation depths,
to calculate the fitness/penalty function, Equation (5.19). This procedure, coded in the
MATLAB© environment, is repeated for each iteration of the CSPSO, using the swarmintelligence, until the penalized objective function converges to the maximum net economic
benefit of the total crop production in the three irrigation plots. Usually, after 400–500
iterations, no noticeable further improvement in the objective function was obtained.
5.4.
5.4.1.

Results and discussion
Historical and future climate projections

The min. and max. temperatures—as well as the precipitation- predictors of the CGCM3—
and the CESM-CAM5 GCM from the CMIP5-GCMs archive were found, respectively, by virtue
of the skill score multi-criteria method, to be the most suitable climate predictors and used then
for further QM-downscaling. This task was carried out for three RCP-scenarios (RCP45, RCP60,
and RCP85).
The QM-downscaling model was calibrated and validated for each month of the year (e.g.,
January) for the time periods 1987–1998 and 1999–2005, respectively. The validation of the
model was considered satisfactory, as the CDFs of the bias-corrected min/max temperatures
and precipitation fit the CDF of the corresponding observed variables. In addition, the
reliability of the QM-downscaled predictors was also evaluated by comparing them with the
observed data for the period 2006–2015, using the goodness of fit measures coefficient of
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determination (R2), standard error (SE), and index of agreement (IA), which are summarized
for the three RCPs that were investigated in Table 5.2 (for further details see [13]).
Table 5.2. Goodness of fitness measures of the QM-model for the different RCPs for the time
period 2006–2015.
Climate Variable

Temperature

Precipitation

Statistical Measure
R2
SE
IA
R2
SE
IA

RCP Scenario
RCP45 RCP60 RCP85
0.81
5.80
0.91
0.23
24.2
0.68

0.88
3.75
0.95
0.31
21.1
0.81

0.78
6.10
0.88
0.19
23.5
0.63

Figure 5.5 shows the spatial distributions of the observed/QM-downscaled average
annual temperatures and precipitation in the ZRB for the historical reference period (1987–
2015).
GCM/QM-downscaled climate predictions for three RCP scenarios (RCP45, RCP60, and
RCP85) are shown for three future periods, near (2020–2038), middle (2050–2068), and far
future (2080–2098), in Figures 5.6–5.8, respectively. One may notice from these figures that the
trends in all future RCP-scenarios are approximately the same, such that, as compared with the
historical references period (see Figure 5.5), both the temperature and the precipitation are
mostly increased.

Observed/bias-corrected predictors
Figure 5.5. Spatial distributions of average 1987–2005 observed/bias corrected precipitation (left) and
temperatures (right) in the ZRB.

In particular, for the near future period (Figure 5.6), RCP45- and RCP60-scenarios turn out
to be wetter than RCP85, with RCP45 having at the same time a moderate temperature rise,
RCP60 practically no temperature rise, and RCP85 exhibiting a rather high temperature
increase.
For the middle future period (Figure 5.7), and as compared with the near future period
(Figure 5.6), the RCP45-scenario will be drier again, going hand in hand with a small
temperature rise, whereas RCP60 will become wetter while temperature will rise moderately.
For RCP85, the trend is straightforward, with both a temperature and precipitation increase.
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Near Future

2020–2038

Figure 5.6. Spatial distributions of average precipitation (top) and temperature (bottom) in the
ZRB during the near future period (2020–2038) for three RCPs.

2050–2068

Middle Future

Figure 5.7. Similar to Figure 5.6, but for the middle future period (2050–2068).

Finally, the far-future period (Figure 5.8) must be highlighted as most critical, as, when
compared with the middle-future period (Figure 5.7), on one hand, the temperature increases
another 3% to 14%, and, on the other hand, the precipitation decreases by another 4% to 22%,
depending on the RCPs, with RCP85, as the most extreme, at the upper ends of these ranges.
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2080–2098

Far Future

Figure 5.8. Similar to Figure 5.6, but for the far future period (2080–2098).

5.4.2.

Climate change impacts on the hydrology of the ZRB

To evaluate the future climate impacts on the hydrology of the ZRB, the calibrated SWAT
model was driven by the QM-downscaled GCM-temperatures and precipitation predictors of
the previous section to simulate, among other hydrological components, the inflow to the
Boukan as the major irrigation water reservoir in the ZRB. The annually aggregated SWATmodelled inflow hydrograph of the Boukan Dam over the historical and future predicted
periods under the three RCPs, together with their linear trend lines, is presented in Figure 5.9.

Figure 5.9. Annual Soil Water Assessment Tool (SWAT)-simulated inflow to the Boukan Dam
in the historical (1991–2012) and the three future periods, for the three RCPs, together with
corresponding linear trend lines.
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One may notice from the figure that there is a consistent decreasing inflow trend over the
whole, i.e., historic and future time periods, though the trend is stronger for the former—where
the inflow has decreased by a factor of two from a maximum of ~2000 MCM/year in the 1990s
to less than 1000 MCM/year at the present time—than the latter. Also, the negative trend is
more pronounced for the more extreme RCP85 climate scenario than for the other two, RCP45
and RCP60.
In addition, the results of the statistics of the average annually accumulated of the SWATsimulated monthly inflow to the Boukan Dam, starting from the minimum over various
percentiles to the maximum, together with the resulting water balance components, surface
runoff (SWQ), lateral subsurface flow (LWQ), groundwater inflow (GWQ), and water yield
(WYLD = SWQ + GWQ + LWQ), are presented for the three future periods under the three RCPs
in Table 5.3.
Table 5.3. Statistics of the inflow of the Boukan Dam, basin water balance components, total
water demand (WD) (MCM/year), and WaSSI-index for historic and future periods under
different RCPs, with % -values denoting relatives to the historic reference period.

Statistics of Dam Inflow

Basin Parameter

Scenario
Min

25th

Mean

Perc *

Far

Middle

Near

Historic

75th

Max

SWQ

GWQ

LATQ

WYLD

WD

WaSSI

Perc *

154

704

990

1217

2213

553

1010

457

2020

1375

0.68

RCP45

−29%

−49%

−9%

−18%

66%

−13%

−18%

−16%

−16%

1288

0.76

RCP60

>100%

−16%

29%

39%

49%

13%

5%

−8%

4%

1288

0.61

RCP85

64%

−9%

21%

62%

27%

−24%

−2%

21%

−2%

1288

0.65

RCP45

27%

23%

44%

67%

22%

11%

15%

21%

15%

1373

0.59

RCP60

2%

−41%

23%

47%

54%

2%

−2%

3%

1%

1373

0.67

RCP85

58%

−8%

35%

62%

31%

2%

4%

24%

7%

1373

0.64

RCP45

19%

−36%

−23%

−14%

−30%

−37%

−46%

−11%

−36%

1501

1.16

RCP60

54%

−29%

−2%

12%

−6%

−24%

−32%

13%

−20%

1501

0.93

RCP85

19%

−36%

−25%

−14%

−30%

−63%

−67%

−26%

−57%

1501

1.73

* Perc stands for percentile.
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5.4.3.

Crop yield simulation

As a major ingredient of the CSPSO-MODSIM crop pattern optimization model, the
potential and actual crop yields of the major crops in the ZRB must be correctly known as these
simulated and adjusted in the iterative optimization process, based on the prioritized water
allocation and while using the FAO Equation (5.14) for the crop yield.
To simulate the crop production processes with the SWAT model, firstly the scheduled
irrigation management operations are entered in its management module (.mgt). The most
important management operations include planting, irrigation operation, and harvest
operation, for which the needed data has been taken from Ahmadzadeh et al. and MOE [22,25],
i.e., the irrigation operations are defined for the HRUs with the major crops and using their
monthly crop water requirements (WRc), in terms of their irrigation depths, listed for the seven
crops in Table 5.4. These crop water depths are then later employed in the FAO equation,
together with the available, prioritized water allocation Qc, to update the actual crop yield in
the CSPSO-MODSIM model iteration process.

Table 5.4. Monthly crop water requirements for the major crops in the ZRB and their irrigation
intervals.
Month

Monthly Crop Water Requirement (mm)
ALFA

APPL

BARL

POTA

SGBT

TOMA

WWHT

April

-

-

-

-

200

-

-

May

270

310

260

115

300

-

360

June

270

310

260

350

300

210

360

July

270

310

-

350

300

210

-

August

270

310

-

350

300

210

-

September

270

310

-

350

300

210

-

Sum

1350

1550

520

1515

1700

920

720

Irrigation interval (days)

15

15

10

10

10

10

10

The crop yields are computed in the SWAT-model, based on crop parameters that are
specified in the crop.dat input file. A set of initial crop yield effective parameters, as described
in Table 5.5, are adjusted based on literature values [22,60] and fine-tuned during the
calibration/sensitivity analysis of the model to minimize the residuals of observed-simulated
annual crop yields. The resulting final values of the crop parameters are also listed in Table
5.5. The SWAT-simulated crop yields are later applied as potential crop yields, Ymaxc in the
FAO Equation (5.14), as it was found that the amount of irrigation water dispersed to a crop
was more than compensating its crop water need so that the crop yields remained the same
when an unlimited source of irrigation water was applied.
Using the calibrated crop parameters, the crop water requirements and the irrigation time
scheme, as specified in Tables 5.4 and 5.5, the average crop yields over the time period 1987–
2012 are simulated and compared with the observed average crop yields in the ZRB. The
regression—and the bar—plot of Figure 5.10 indicate that the SWAT-model simulates the
observed actuals crop yields—which as mentioned are in fact potential crop yields, Ymaxc—in
a satisfactory manner.
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Table 5.5. List of effective crop yield parameters adjusted in the SWAT-calibration process.
Final Calibrated Value

BARL

POTA

SGBT

TOMA

WWHT

Definition
APPL

Dimension

ALFA

Parameter

BLAI

m2/m2

Maximum potential leaf area index

5.0

5.5

3.4

4.5

5.0

4.5

4.0

HVSTI

Dimensionless

Harvest index for optimal growing
conditions

0.7

0.6

0.3

1.15

2.0

1.4

0.4

DLAI

Dimensionless

Fraction of growing season when leaf
area begins to decline

0.99

0.99

0.60

0.90

0.92

0.95

0.5

FRGRW1

Dimensionless

Fraction of the plant growing season
corresponding to the 1st point on the
optimal leaf area development curve

0.02

0.1

0.15

0.15

0.05

0.15

0.05

LAIMX1

m2/m2

Fraction of the maximum leaf area index
corresponding to FRGRW1

0.01

0.4

0.01

0.10

0.05

0.50

0.05

FRGRW2

Dimensionless

Fraction of the plant growing season
corresponding to the 1st point on the
optimal eaf area development curve

0.15

0.5

0.45

0.30

0.5

0.35

0.45

LAIMX2

m2/m2

Fraction of the maximum leaf area index
corresponding to FRGRW2

0.95

0.95

0.95

0.95

0.95

0.95

0.95

Tbase

°C

Minimum (base) temperature for plant
growth

20

20

25

22

18

22

20

Topt

°C

Optimal temperature for plant growth

4

7

0

7

4

10

0

EXT_COEF

Dimensionless

Light extinction coefficient

0.57

0.65

0.65

0.65

0.65

1.0

0.65

BIO_E

Kg·m2 (ha·MJ)

Radiation-use efficiency or biomassenergy ratio

16

50

35

45

30

60

30

For the economic analysis of the crop productions, various crop economic values
including the guaranteed selling price by the government, production costs, crop yields, crop
areas, irrigation depths, and potential AEWP of the seven major crops in the ZRB, gathered
from [26,27] and listed in Table 5.6, are required. The table includes also potential future crops
to be discussed later.
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Figure 5.10. SWAT-simulated and observed average annual crop yields for 1987–2012. (Left panel)
Linear regression; (Right panel) bar chart.

From Table 5.6 one may notice that the average total potential AEWPc for the current cropareas situation is about 0.37 USD/m3, excluding APPL, grown in orchards and which are, for
that reason, not considered in the multi-crop optimization and just applied as a demand node
in the MODSIM model. In fact, APPL has a negative AEWPc, which means that its production
cost is more than its selling price. In contrast, TOMA and WWHT have the highest—and BARL
and POTA the lowest—yet positive agricultural economic water productivities AEWPc. If all
the crop water requirements can be fulfilled completely and the potential crop yields be reached,
the potential economic net benefit of the six crops (except APPL) will be ~32.2 Million USD, but
with an expense of 735 MCM total water use.
Table 5.6. Current selling prices, production costs, crop yields, crop areas, crop water requirements
and initial agro-economic water productivity (AEWP) of the presently cultivated major crops as well
as of potential future crops in the ZRB.
Present Crops Used
Specification
Price
(USD/kg)
Cost (USD/ha)
Potential crop
yield (kg/ha)
Area (km2)
WRc (mm)
AEWP
(USD/m3)

Potential Future Crops

ALFA

APPL

BARL

POTA

SGBT

TOMA

WWHT

Canola

Pistachio

Saffron

0.21

0.07

0.25

0.13

0.06

0.14

0.32

0.5

7

1750

978

5501

420

1144

643

2056

503

323

4020

7250

7499

23,627

2660

14,235

22,970

21,391

3619

1331

650

5

217
1350

111
1550

65
520

11
1515

22
1700

14
920

237
720

653

500

300

0.04

−0.25

0.05

0.05

0.04

0.10

0.09

0.10

0.11

0.21

5.4.4. Maximization of future net benefits under different cultivation-area constraints
5.4.4.1. Approach
In this section the CSPSO-MODSIM hydro-economic algorithm is executed under the two
minimum arable cultivation-area constraints (Smin1 and Smin2, see Table 5.1) and three
different possible levels of cereal production rates (X = 50%, 35%, and 65%) to find the most
suitable crop pattern, i.e., the one providing the average annual maximum net economic
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benefit, NEBt. This is done for the three RCP climate scenarios and the three (near, middle, far)
future target periods.
The models starts by firstly ascribing initial values for 18 decision variables, i.e., the
cultivated areas (Ac) of the 6 = 7-1 major crops (the apple demand node is excluded, because an
orchard cannot be replaced by other crops) in each of the three demand areas (see Figure 5.4)
(3 × 6 = 18 variables)—depending on the ranges of the individual crop areas for the two
minimum area scenarios (Smin1 and Smin2), as specified in Table 5.1.
In the subsequent step, the MODSIM model is run, starting with the initial agricultural
water productivities, AEWPc (Equation (5.12)), based on the current conditions (see Table 5.6).
Then, the allocated water for each crop is captured from the MODSIM model under the
different, and, while using the FAO Equation (5.14), the actual crop yield, the actual AEWP,
and the main objective function Z, i.e., the total NEBt (Equation (5.12)), is estimated (updated)
and the process repeated as part of the iteration scheme of the CSPSO-MODSIM process,
wherefore the decision variables (crop areas) are adjusted based on the CSPSO-swarm
information, until the maximum (=negative minimum) net annual economic benefit (=total
NEBc) (averaged over the simulation horizon and based on the allocated water supply) will be
reached.
5.4.4.2. Optimal future net annual economic benefits NEBt and AEWP
Results for the optimal future annual economic benefits NEBt obtained for the two
minimum arable cultivation-area constraints (Smin1 and Smin2) under the various
scenarios/time periods are shown in Table 5.7, wherefore, for simplification and strategic
implications, the results in each group have been averaged over all three future time periods.
As can be seen from the table, for the Smin1—minimum crop area scenario, for both of the
Smin1 and Smin2—minimum crop area scenarios, the 65%- rate for cereal production is
recommended over the total future period (up to year 2100) and this holds for all three RCPs
and it is also in line with the increasing food demands of the country. However, as in the Smin1scenario the minimum cultivated area for all non-cereal crops is set to zero (see Table 5.1), such
a drastic extension of the cereal cultivation area might not generally be acceptable and will
more likely increase the social dissatisfaction of the farmers and stakeholders in that region.
In contrast, for the Smin2-scenario, the optimal NEBt turns out to be quite higher than for
the Smin1-scenario. Therefore, the results of Smin2 are favored here, and for this reason they
only will be discussed further in the following paragraphs. Thus, one may notice from the table
that the total optimal NEBts will be particularly high for the medium-emission scenarios, RCP45
and RCP60, with an annual net income of ~35.3 and 37.4 Million USD, respectively, which is
up to 16% higher than the average potential net economic benefit of the historical period (=32.2
Million USD, see Table 5.6), whereas for the high-emission scenario, RCP85, there will be no
production gain.
Moreover, the highest annual economic benefits of the recommended crop patterns are
expected to be in the middle future period, and this holds for all three RCPs, whereas the least
crop production gain will be in the far future period, 2080–2098, as expected.
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Table 5.7. Optimal Z (=total annual NEBt)—values (Million USD) for three kinds of cereal productionrates (X = 35%, 50% and 65%) under the two minimum arable cultivations areas constraints (Smin1 and
Smin2) for three future periods and three RCPs.

RCP85

RCP60

RCP85

Selected

RCP60

RCP45

Near
Middle
Far
Average
Near
Middle
Far
Average
Near
Middle
Far
Average

29.8
35.1
29.9
31.6
30.0
36.8
32.7
33.2
30.1
35.7
20.4
28.7

32.4
37.4
31.0
33.6
34.7
38.2
34.1
35.7
32.7
37.7
20.6
30.3

34.3
39.6
31.8
35.3
36.2
40.3
35.5
37.4
35.7
40.1
22.1
32.6

X = 65%

RCP45

X 65%

32.2
37.1
29.8
33.0
34.4
36.7
34.6
35.2
32.1
38.8
20.3
30.4

Future
Period

X 50%

29.7
34.3
28.4
30.8
32.4
33.6
31.0
32.3
29.4
33.9
18.5
27.3

RCP

X 35%

27.2
32.0
27.2
28.8
27.2
30.2
29.3
28.9
27.1
32.1
18.4
25.9

Selected

X 65%

Near
Middle
Far
Average
Near
Middle
Far
Average
Near
Middle
Far
Average

X = 65%

Future Period

X 50%

RCP

Smin2

X 35%

Smin1

In Table 5.8, the results for the now-on considered Smin2—scenario are analyzed further
in terms of the average optimal total AEWP for the six major crops of the ZRB and total
agricultural supplied water Q per year. As can be seen from this table, for the selected scenario
Smin2, the total AEWP is with 0.37 USD/m3 the highest for the 65%- rate cereal-production
scenario. Interestingly, for RCP85 the total AEWP will be the highest, i.e., it will have the lowest
required water supply. This confirms that the algorithm will increase the AEWPs in the case of
future water shortage. In fact, the total agricultural supplied water Q in this selected 65%scenario will be decreased from the current 735 MCM/year (see explanations for Table 5.6) to
517 MCM/year for RCP45 and RCP60, and to 426 MCM/year for RCP85.
However, if the ultimate agricultural crop cultivation objective were to be shifted from
maximum economic value to minimum agricultural water use, the 35% and 50% cereal
production- rate scenario should be selected, respectively, for the near-middle and far future
periods, which means that the “water-hungry” cereal production areas should not be extended
that much.
Table 5.8. Total annual water use Q and average optimal total (for all crops considered) AEWP for
the three cereal production-rates under the Smin2—cultivation scenario for three future periods and
three RCPs.
RCP

RCP45

RCP60

RCP85

Future Period
Near
Middle
Far
Average
Near
Middle
Far
Average
Near
Middle
Far
Average

Total Q (MCM/year)
X = 35% X = 50% X = 65%
434
489
487
529
600
588
456
488
477
473
526
517
537
576
589
470
487
471
511
492
491
506
518
517
524
502
499
528
504
525
240
242
253
430
416
426
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Average Total AEWP (USD/m3)
X = 35%
X = 50%
X = 65%
0.41
0.40
0.44
0.40
0.37
0.41
0.39
0.38
0.40
0.40
0.38
0.42
0.34
0.36
0.40
0.47
0.47
0.48
0.38
0.42
0.45
0.39
0.41
0.44
0.35
0.39
0.43
0.41
0.45
0.50
0.51
0.51
0.52
0.40
0.44
0.46

5.4.4.3. Optimal simulated future optimal crop pattern for crop-area constraint scenario Smin2
For a proper appraisal of the simulated future optimal crop pattern proportions, the
historical ones, retrieved from a current land-use map of the region, are presented in the two
pie-charts of Figure 5.11 for the Boukan Dam network demand area (_ZRB) and the dam
upstream demand area (_gwup and _rch) (see Figure 5.4, for notations). As the RK-Plain is
assumed as a developing agricultural demand only for the future, it is not considered here.
These pie-charts indicate that the major crops in the ZRB are, in descending order, WWHT,
ALFA, BARL, SGBT, TOMA, and POTA.
The future optimal crop pattern proportions of the ZRB basin obtained under the 65%
cereal production-rate/crop-area constraint scenario Smin2 are presented for the three future
time periods in three pie charts of Figures 5.12–5.14 for RCP45, RCP60, and RCP85,
respectively. Comparing visually these pie charts with the historic ones of Figure 5.11, the most
striking feature is that the blue pie wedge, representing the ALFA crop area, will be diminished
tremendously in favour of the (orange/yellow) cereal wedges, and this holds for all future time
periods/scenarios, which, obviously, is a consequence of the low agro-economic water
productivity, in conjunction with a high water consumption of the ALFA crop.

Figure 5.11. Current/historic crop pattern of the Boukan Dam (downstream) network- (left pie) and
the dam upstream demand area (right pie) in km2.

Figure 5.12. Optimal crop pattern for RCP45 for the three future periods: the near (left panel),
middle (middle panel) and far (right panel) future in km2.
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Figure 5.13. Similar to Figure 5.8, but for RCP60.

Figure 5.14. Similar to Figure 5.11, but for RCP85.

The pie charts of Figures 5.11–5.14 are quantified more clearly in Table 5.9, which lists the
percentile optimal arable areas (Ac) of the six crops considered for the three irrigation plots in
the ZRB, i.e., the 18 decision variables of the CSPSO-MODSIM model. Several conclusions can
be drawn from the inspection of the multitude of numbers in the table.
First of all, the total future arable area is, when compared with its historical value of 632
km2, increased to up to 900 km2, depending slightly on the future period and the RCP assumed,
with the lowest extension of 36% being recommended for the far future/RCP60- and the near
future/RCP85-time/RCP-, but of about 45% in the near future/RCP45- and the middle
future/RCP85-scenarios.
Secondly, most of this arable area increase is made up by an extension of the cultivation
areas of the two cereals, namely, WWHT, with ∆Ac = 203 km2, i.e., nearly a doubling from its
historical value, and, less so, of BARL, with ∆Ac = 53 km2, in line with their importance as
strategic crops in the ZRB. In fact, this is not surprising, as these cereals have, as compared with
the other crops considered, rather low crop water demands, which, together with their relative
high prices, lead to high AEWPs, particularly, for WWHT (see Table 5.6).
Thirdly, there is a tremendous reduction of the total ALFA crop area of more than −30%.
This is the reason why, for fulfilling the demands of the alfalfa production in the region, Naraqi
et al. [61] recommended to cultivate alfalfa in the riverside of Aras River, which is more suitable
for this crop, and then transport it to the feeding stocks.
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Crop

Table 5.9. Optimal crop areas (km2 and %, relative to those of the historical period) for the Smin 2scenario under the 65% cereal area constraint for the three irrigation plots (see Figure 5.4), the three
future periods/RCPs.
Irrigation
Plot

ALFA

Boukan_down 1
RK plain
Boukan_up 2
Total crop
Area

BARL

Boukan_down
RK plain
Boukan_up
Total crop
Area

POTA

Boukan_down
RK plain
Boukan_up
Total crop
Area

SGBT

Boukan_down
RK plain
Boukan_up
Total crop
Area

TOMA

Boukan_down
RK plain
Boukan_up
Total crop
Area

WWHT

Boukan_down
RK plain
Boukan_up
Total crop
Area

Total arable area

RCP45

Historic

152
0
66
217
65
0
6
71
11
0
3
14
22
0
1
23
14
0
2
16
237
0
54
291
632

RCP60

RCP85

∆Ac*

Near

Mid

Far

Near

Mid

Far

Near

Mid

Far

117
22
24
163
−25%
70
24
26
119
68%
21
5
6
31
121%
30
5
6
40
74%
54
8
9
71
344%
389
56
54
500
72%
925
46%

77
22
24
122
−44%
65
24
26
114
61%
11
5
6
22
57%
36
5
6
46
100%
59
8
9
77
381%
415
61
38
514
77%
895
42%

115
19
24
157
−21%
74
18
18
110
55%
32
5
6
43
207%
33
5
6
44
91%
27
7
9
43
169%
360
60
57
476
64%
873
38%

131
13
24
167
−23%
99
22
26
147
107%
17
5
6
27
93%
36
5
6
46
100%
25
8
9
42
163%
377
59
38
474
63%
904
43%

106
22
24
152
−30%
71
15
26
112
58%
11
5
6
22
57%
36
5
6
46
100%
43
8
9
61
281%
415
58
38
512
76%
905
43%

91
19
24
133
−33%
82
19
23
123
73%
12
5
6
23
64%
36
5
6
46
100%
29
8
9
47
194%
380
56
52
487
67%
860
36%

57
21
24
103
−53%
79
14
26
119
68%
12
5
6
23
64%
35
5
6
45
96%
59
8
9
77
381%
415
42
38
496
70%
862
36%

144
22
24
189
−13%
80
24
25
128
80%
11
5
3
19
36%
25
5
6
36
57%
18
8
9
36
125%
406
59
38
504
73%
912
44%

120
17
24
161
−26%
97
24
26
147
107%
11
5
6
22
57%
36
5
6
46
100%
27
8
9
45
181%
392
55
38
486
67%
906
43%

−67
−31%

53
75%

12
84%

21
91%

39
247%

203
70%
262
41%

* ∆Ac: difference of the average crop acres (in km2 or in %) over the future periods and of those of
the historic period. 1 Irrigation plot downstream of the dam; 2 Irrigation plot upstream of the dam.

Fourthly, also significantly augmented by several 100%, though from a small base acreage,
are the TOMA—cultivation areas, essentially, for the same reasons as for the cereals above.
Somewhat smaller acreage increases, though still a doubling of the trifling base values, are
experienced for the POTA and SGBT crop areas, namely, for the wetter RCP45- and RCP60scenarios, with more water becoming available then.
5.4.4.4. Optimal future crop water irrigation depths under crop-cultivation scenario Smin2
The average annual crop water irrigation depths IRRc applied, in % relative to the crop
water demands WRc, of the historic reference period (see Table 5.4) for the optimal crop pattern
under area limitation constraints Smin2 are listed in Table 5.10 for the three future periods
under the three RCPs. The table indicates that for the note of the future periods and RPCs is
the irrigation water supplied that is able to satisfy the crops water demand for the historic
period. In fact, the overall crop water demands are supplied on average by only 44–81% for
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RCP45, 48–90% for RCP60, and 25–73% for RCP85, i.e., the future water resources in the basin
are too limited to support the agriculture up to its full potential. The table shows also that
relative to the crop water demands of the reference period, for the future periods these are
satisfied less for alfalfa and barley than for the other crops, wherefore wheat- and potato-crop
water demands are supplied at the highest rates.
Table 5.10. Average annual crop water irrigation depths IRRc supplied in %, relative to the crop
water demands WRc of the historic reference period (Table 5.4) (in mm/year) for the optimal crop
pattern under Smin2—constraint for the future periods under the three RCPs.
Period

RCP

Historic
RCP45
Near
RCP60
RCP85
RCP45
Middle RCP60
RCP85
RCP45
Far
RCP60
RCP85

ALFA
1350
51%
67%
69%
72%
48%
59%
69%
59%
36%

BARL
520
59%
57%
66%
78%
57%
65%
66%
65%
25%

POTA
1515
53%
90%
65%
76%
68%
63%
65%
63%
51%

Crop
SGBT
1700
58%
62%
60%
71%
61%
68%
60%
68%
38%

TOMA
920
44%
82%
49%
62%
55%
69%
49%
69%
51%

WWHT
720
68%
81%
73%
81%
65%
69%
73%
69%
27%

Based on the annual percentages of Table 5.10, the future the optimal irrigation depths
(IRRc) are estimated on the monthly scale by multiplying the monthly crop water requirements,
WRc of Table 5.4 by the corresponding percentage factors. As an example, the results are listed
for the scenario RCP45 and the middle future period in Table 5.11.
Table 5.11. Optimal monthly irrigation water applied (mm/month) for the different crops for RCP45
in the middle future (2050–2068) period.
Month
April
May
June
July
August
September
Sum
Irrigation interval (days)

5.4.5.

ALFA
181
181
181
181
181
905
15

BARL
148
148
296
10

Crop
POTA SGBT
124
104
186
315
186
315
186
315
186
315
186
1364
1054
10
10

TOMA
172
172
172
172
688
10

WWHT
292
292
584
10

Implications and concluding remarks

Interestingly, in connection with the afore-mentioned agro-econometric predictions for
the ZRB, it has been recommended by the Lake Urmia Restoration Committee [62] to decrease
the agricultural demands of the LU basin by about 40%, based on new executive strategies of
demand management to avoid an imminent ecological and environmental disaster of the lake
and the surrounding ecosystem. In fact, such a reduction of the future agricultural water
irrigation is approximately found here, as, following Table 5.10, about 62% of the total
agricultural demands of ZRB can be supplied for the RCP45 and RCP85 scenarios.
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The recommended LU-disaster mitigation strategies [62] include an increase of the
irrigation efficiency, better river bed and bank management, deficit irrigation, improvement of
the Zarrine irrigation network, and completion of irrigation secondary networks with surface
and modern techniques, and last, but not least, suggestions to replace some high waterconsuming crops, like sugar beet and potato, with some less consuming ones, such as canola
or sorghum.
Moreover, an increase of the crops’ AEWPc can be generally also achieved by adopting
proven agronomic and water management practices, such as deficit irrigation or modern
irrigation technologies (e.g., pressured systems and drip irrigation). Furthermore, to improve
the economic yield one may need to (a) switch from low- to high-value crops, for example, from
apple to pistachio, (b) lower the costs of inputs (labor, water technologies), and (c) attempt to
get multiple benefits of the irrigation water, e.g., using (cheaper) recycled wastewater [62].
However, these adaptation strategies may have some further impacts that should be
investigated, e.g., wastewater recycling will adversely increase the total water depletion.
It has also been proposed by Naraqi et al. [61] to replace parts of the low economic-value
field crops and orchards with crops of higher economic benefits of less water use, such as
canola, pistachio, or saffron. The initial AEWPc and other economic characteristics of these
crops are also listed in Table 5.6 [26,27] and one can notice that these are indeed several times
higher than the AEWPC of the ZRB major crops (see Table 5.6) analyzed heretofore. It may also
be recommendable to develop further greenhouse vegetable cultivations.

5.5.

Summary and conclusions

In this paper, a complex, integrated hydro-economic model is developed as a crop pattern
and irrigation planning tool consisting of a sequential combination of QM-climate
downscaling, SWAT-hydrological modelling, MODSIM optimal water allocation, and a
Constrained Stretched Particle Swarm Optimization (CSPSO) optimization search algorithm
for maximizing the economic benefits of a multi-crop cultivation pattern. More specifically, the
ultimate objective is then to optimize the future crop pattern of the major crops in the ZRB and
their crop water irrigation depths in terms of net total economic benefits of the crop production,
while considering the impact scenarios of the climate change and the cereal crop pattern
scenarios.
To do this, climate change in the ZRB is first predicted using a statistical downscaling
method, two- step updated QM (Quantile Mapping) bias correction technique that is based on
the most suitable GCM outputs for the min./max. temperatures and precipitation namely
CGCM3 and CESM-CAM5 of CMIP5 archive to assess the impact scenarios of the climate
change (RCP 4.5, 6.0, and 8.5) in three 19-years future periods (near, middle, and far). In the
next step, the downscaled weather variables are applied to the calibrated and validated basinwide hydrologic model, SWAT, to simulate the future available water resources including the
reservoir inflow and hydrologic changes. The crop yield potentials are also simulated using the
SWAT model with applying the irrigation depths based on their monthly crop water
requirements and adjusting the crop parameters.
According to the predicted impacts of climate change, RCP60 an RCP85 are expected to
have the highest increase and decrease, respectively, of the inflow to the Boukan Dam. For all
RCPs, the Boukan Dam inflow will be increased in the near and middle future, in comparison
with the minimum and the mean historical dam inflow, except for RCP45 in the near future,
whereas it is predicted that they will decrease by 2% to 23% for the far future period. The lowest
available water resources are predicted for the far future regarding rather low precipitation
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and high temperature, especially for RCP85, which has the highest decrease of freshwater. The
performance of the SWAT model for the streamflow and the crop yield simulation is quite
satisfactory. The ratio of water demand across the water supply, i.e., the WaSSI (water stress)
indices of the ZRB-simulated scenarios are predicted to be higher than the historical period for
the near and medium periods, while the highest water stress is expected for the far future
period.
To set up a water planning simulation module, the MODSIM model is then customized to
allocate the available water based on priority constraints set for the ZRB. Finally, the CSPSOMODSIM hydro-economic simulation-optimization model is developed by coupling this
customized MODSIM model with a Constrained SPSO optimization algorithm, wherefore the
objective function is here the total net economic benefit (NEBt)—which basically is the product
of the total agro-economic water productivity (AEWPt) and the total amount of water supplied
Qt-under the constraints of different cereal crop pattern scenarios and the total arable areas
existent for the three irrigation plots considered, i.e., the Boukan Dam downstream irrigation
network, the plot upstream of the dam, and the RK plain. A penalty function method is
employed to convert the constrained optimization problem to an unconstrained one, which can
then be solved while using the classical SPSO algorithm.
The results of the application of the hydro-economic CSPSO-MODSIM model indicate that
the optimal total net economic benefit (NEBt) from all major crops in the ZRB basin (not
including APPL, which is grown in orchards and cannot easily be altered over the short run)
can be improved by appropriate adjustments of the different crop cultivation areas from that
of the historical period (32.2 Million USD), to 35.3 and 37.4 Million USD for the two medium
emission scenarios RCP45 and RCP60, respectively, but remain invariant for the extreme
RCP85 (32.6 Million USD), though with an average reduction of the agricultural water use Q
of 38%.
This overall increase of the future maximal NEBt is based on optimal crop pattern areas as
decision variables that hint of a significant extension of the total arable area from its historical
value of 632 km2 to up to 900 km2, i.e., a relative increase that varies, depending on the future
period/RCP, between 36% and 46% and so helps to guarantee the food security in the ZRB.
Moreover, the strongest average increases of acreage of about 75%, amounting to an extension
of approximately 250 km2, are reserved for the strategic crops BARL and WWHT, owing to the
65%-devoted areal model constraint for these cereals and also to their rather high estimated
AEWPs and low water demands Q.
However, this large extension of the two cereal acreages is made primarily at the expense
of the crop area for ALFA, which, because of its low AEWP and rather high water demand, will
be decreased by more than 30% in the future, so that it becomes economically more efficient to
import portions of that crop from a neighbour catchment, such as the Aras River Basin.
POTA-, SGBT-, and TOMA-crop areas, in particular, will, relative to their historic values,
also be also tremendously increased, though less in absolute numbers than those of the cereals
above. In this vegetable group, the TOMA share of crop pattern exhibits the largest extension
of about 250%, owing to its high water productivity (AEWP) and this holds for all three RCPs
investigated. For the wetter RCP45- and RCP60-scenarios, the POTA- and SGBT-crop areas
will, because of more available water, be doubled as well. On the other hand, for the most
extreme RCP85-scenario, BARL- and SGBT-areal shares will augment by an average 85%,
whereas the POTA-acreage will then have the lowest percentile increase of only 50%.
Thus, in summary, to improve the total net income from agriculture in the ZRB, it is
recommended to replace the high-consuming water and low agro-economic water productivity
crops, such as ALFA, APPL, and SGBT with crops of less water demand and higher economic
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benefits that, in addition to the other major crops of the ZRB investigated here (BARL, WWHT,
TOMA, POTA) could be some new region-specific crops, such as canola, saffron, and pistachio,
which all have high absolute selling prices and relatively high AEWPs.
In conclusion, the sequential SWAT-MODSIM-CSPSO hydro-economic optimization
model developed here turns out to be an efficient tool for quantitative studies of agricultural
economics and water resources management, namely, in semi-arid basins with agricultural
cultivation under deficit irrigation. Moreover, by driving the model by future climate
predictors, climate change impacts on agricultural productivity can be evaluated, and the latter
eventually be optimized under the vagaries of climate change. Using a model, as the one
proposed here, will allow water resources authorities and other stakeholders, not only in
agriculture, to find the most suitable regional water- and land management strategies and
optimal land-use planning scenarios for future years.
As a caveat, though, it may be noted that the accuracy of the present hydro-economic
optimization model could be improved by implementing more sophisticated crop yield
forecasting methods, such as to allow the estimation of different crop-yield response factors
Kyc for each stage of the crop growth; optimization of the crop production function; and,
consideration of all the spatial and temporal changes of land use classes and their related water
demands in the model.
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CHAPTER 6
6 Sustainability Assessment of the Water Management System for the
Boukan Dam, Iran, using CORDEX- South Asia Climate Projections

Abstract: The present study aims to quantify the future sustainability of a water supply
system using dynamically-downscaled regional climate models (RCMs), produced in the
South Asia Coordinated Regional Downscaling Experiment (CORDEX) framework. Case
study is the Boukan dam, located on the Zarrine River (ZR) of Urmia's drying lake basin, Iran.
The different CORDEX- models are evaluated first for their performance in predicting the
temperatures and precipitation in the ZR basin (ZRB). The climate output of the most suitable
climate model under RCP 4.5 and RCP8.5 is then bias-corrected for three 19-year-long future
periods (2030, 2050 and 2080) and employed as input to the SWAT river basin hydrologic
model to simulate the future Boukan reservoir inflows. Subsequently, the reservoir
operation/water demands in the ZRB are modeled with the MODSIM water management tool
for two water demand scenarios, WDcurrent and WDrecom, which represent the current and a more
sustainable water demand scenario, respectively. The reliability of the dam’s water supply for
different water uses in the study area is then investigated by computing the supply/ demand
ratio (SDR). The results show that, although for WDrecom the SDRs are generally higher than
for WDcurrent , the SDR are all < 1, i.e. future water deficits still prevail. Finally, the performance
of water supply system is evaluated by means of risk, reliability, resiliency, vulnerability and
maximum deficit indices and combining these to estimate its Sustainability Group Index
(SGI). The findings indicate that, compared with the historical period, for both water demand
scenarios, WDcurrent and WDrecom, the average SGI of each RCP will be decreased significantly,
namely, for the more extreme RCP85 scenario. However, as expected, the SGI- decrease for
WDrecom is less than that of WDcurrent, indicating indeed the advantage of implementing this
more sustainable water demand scenario.
Keywords: Water supply system, Vulnerability and risk, Sustainability assessment, Climate
change, CORDEX, SWAT, MODSIM, Zarrine river basin, Boukan Dam, Iran.
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6.1

Introduction

The growing population rate and the limitations of available water resources as an
undeniable vital factor for human’s survival will increase the likelihood of water scarcity in
future years. This holds particularly for countries located in areas with arid and semi-arid
climates, namely, in southwest Asia, such as Iran. In that country, in addition, inefficient
agriculture, together with mismanagement and ongoing thirst for development, have led there
to a looming water crisis in recent years [1]. As evidence, based on GRACE (Gravity Recovery
and Climate Experiment) satellites data [2], NASA found that large parts of the arid Middle
East region and western Iran lost freshwater reserves rapidly over the past decade. This
situation is exacerbated by the rising trends in climate variability, due to global climate change,
with the effect that the available current water resources and bodies in Iran will adversely be
affected in the near future [3] which, eventually, may result in some hydro-climatic disasters,
with severe losses for the vulnerable natural systems and communities. Therefore, the first
inevitable task to prepare possibly affected regions for such adverse events, is to identify the
recent-past- as well as the future climate variations and assess the water scarcity risk, followed
by a prediction of their effects on the future hydrology and, so, to be able to define adaptation
plans that can mitigate the mentioned negative impacts on water supply systems.
In several previous studies [4-6] , the impacts of a changing climate on available water
resources and hydrological conditions have been investigated in three river basins located in
Central Italy, Kenya and Burkina Faso respectively, using regionally downscaled climate of
GCM projections, i.e. RCM-predictors, including the COordinated Regional climate
Downscaling EXperiment (CORDEX) project [7] as climate drivers in hydrologic models,
particularly, the world-wide used Soil and Water Assessment Tool (SWAT), a comprehensive
integrated river basin model [8]. As an important further option for future water resources
management under the impacts of climate change, water management and planning models,
such as MODSIM-DSS or WEAP (Water Evaluation And Planning system), which are capable
of simulating various characteristics and features of water resources in a river basin, can be
coupled with the hydrologic model SWAT. Such a methodology has been investigated in some
studies [9,10], where it has been found that such an approach is an invaluable tool for hydroclimatology predictions to support long-term water resources management and planning.
Numerous studies dealt with the impacts of climate change on streamflow and available
water resources in Iran (e.g. [11,12]), wherefore in some of these [3,13] the SWAT-model was
applied. Most of these researchers concluded that climate- and, subsequently, hydrological
variables will experience significant, adverse changes in the future in the wake of climate
change. This applies particularly to regions of Iran with already present-day vulnerable
situations of water availability. Current studies show that this situation will become worse,
especially, in the drier regions, where more prolonged droughts will occur, but also, in contrast,
there will be other regions that will experience more frequent and more intensive floods
[3,13,14]
Loucks [15] suggested that the sustainability of water systems can be assessed by use of
various statistical measures, i.e. reliability, resiliency, and vulnerability (RRV), all of which are
summarized in a sustainability index (SI). The author defined reliability as the probability of
success in a system (when water demands are supplied sufficiently), resilience as the recovery
speed of a system from a failure condition, and vulnerability as severity degree of a failure
condition. Karamouz et al. [16] also introduced a threefold approach for estimating the
sustainability level of supply and demand for the Aharchay river basin. In one of these
approaches, a simulation model, WEAP, was utilized to estimate reliability, resiliency,
vulnerability and maximum deficit for a river basin to determine a group sustainability index
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based on Sandoval-Solis et al. (2011). Veldkamp et al. [17] suggested a risk-based water scarcity
assessment approach, based on probabilistic methods to deal with variability and extremes,
and applying a Gamma distribution to estimate water scarcity conditions at the global scale
under historic and future conditions, by incorporating multiple climate change and population
growth scenarios.
The present study uses bias-corrected [18] CORDEX RCM- climate predictors as input to
the SWAT-model for streamflow and water resources predictions in the vulnerable Boukan
watershed, located upstream of the Boukan Reservoir within the Zarrine River basin in the
northwest Iran. The ensuing SWAT- hydrological predictions are then evaluated by the water
management and planning model MODSIM. Finally, the water supply reliability of the study
area and the sustainability of the reservoir operation system are assessed using the
aforementioned performance indices, including reliability, resiliency, vulnerability and
maximum deficit measures, together with the impact of the demand management scenarios.
Using this cascade-methodology, the hydrologic impacts of climate change, namely,
streamflow and water resources as well as the subsequent management strategies for
mitigation will be analysed in detail. An important objective of this study is then to improve
the efficiency of future water use under climate change conditions in the study region and
assess the water scarcity risk. Moreover, the output obtained from this analysis can be used
further to support better decision systems for water resources planning in the watershed.
6.2
6.2.1

Study Area and data
Zarrine River Basin

The Zarrine River basin (ZRB) is located in the southern part of the Lake Urmia, between
45° 46‘ E to 47° 23‘ W longitude and 35° 41‘ S to 37° 44‘ N latitude. The river has a length of
about 300 km and its basin covers an area of 12,000 km 2, wherefore the larger portion is
mountainous and the remainder is rather plain. The basin belongs to the Lake Urmia
hydrologic basin with the major reach being the main inflow source of Lake Urmia, as shown
in Figure 6.1a. The Lake Urmia water body itself, which has an international importance based
on the Ramsar convention, has been diminishing steadily since 1995.
The ZRB contains several dams where the biggest and most important operating dam is
the Boukan Dam, and a diversion dam, Nouroozloo, located in its downstream. The Boukan
reservoir has a gross storage capacity of 760 million m3 (MCM) and a live storage capacity of
654 MCM with the annual adjustable water volume of around 624 MCM. Its water is used for
agricultural irrigation and the supply of drinking and industrial water demands in the region
with the amounts of 787, 169 and 5 MCM/yr respectively.
The region's climate is mostly characterized as semi- wet cold or wet- cold, but changes to
semi- wet cold or wet- cold in the vicinity of Lake Urmia. The average annual temperature
varies between 8 and 12 C, while the rainfall on the ZRB is in the range of 200 - 850 mm.
The major land cover of the ZRB is 45% dry land, 37% pasture and 14 % forest. The
agricultural areas within the basin cover a total area of 74,318 ha, all irrigated by groundwater
and surface water resources, including from the Boukan reservoir, as the crop growing season
of the basin is mostly during the dry season lasting from mid-spring to mid-autumn.
Nevertheless, the basin is rather prone to flooding and there have been devastating floods there
in recent years, especially, in the beginning of spring.
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Figure 6.1. Map of the ZRB in northwestern Iran (a), together with the basin configuration of the SWATmodel, with climate- and streamflow gauging stations (b).

6.2.2

Data

The data required for this research in the ZRB is detailed in Table 6.1, with their sources.
Digital Elevation Map (DEM), land-use, and soil classification maps were used to delineate the
SWAT- modelled ZRB-watershed and to identify the stream reaches. Climate input data of the
model consists of daily maximum and minimum temperatures and daily precipitation over the
period of 1987 to 2015 for six synoptic stations located in or close to the ZRB, while monthly
streamflow data for six gauging stations of the ZRB was available for the period 1987 to 2012.
Table 6.1. Data and their sources used in the hydrologic analysis of the ZRB.
Data Type

Resolution

Source

Description

Digital
Elevation Model
(DEM)

85 m

Iranian surveying
organization

Elevation, overland, channel slopes
and lengths

Land use map

1000 m

Iranian Ministry of
Agriculture, MOA

Land use classifications

Soil map

10 km

Global FAO digital soil
map

FAO-UNESCO classifications

Climate data

Streamflow data

6 stations
(s. Figure
6.1b)
7 stations
(s. Figure
6.1b)

Iranian meteorological
organization
Ministry of Energy, Iran

122

Daily precipitation , maximum and
minimum temperatures
Monthly river discharge of the
stations at outlets the main subbasins

For the future climate scenarios, predictors of the CORDEX-regional climate models
archive (see following section, for details) were gathered from the Centre for Climate Change
Research
at
the
Indian
Institute
of
Tropical
Meteorology
website:
http://cccr.tropmet.res.in/home/data_cccrdx.jsp.
6.3

Materials and methods

6.3.1

Generation of downscaled climate projections

Global Climate Models (GCM) climate predictor data are frequently used to explore
climate change impacts for a limited spatial region, but as their spatial resolutions is usually
coarse, varying from around 1 to 3 degrees, they are needed to be downscaled on a finer scale
for regional and local climate variations estimations. This is mostly done by some kind of a
statistical downscaling technique, e.g. SDSM ([19,20]) which works overall well for
temperatures, but less so for precipitation ([21]), so that that for the latter the Quantile
Mapping (QM) bias correction technique [22,23] has come to the fore, and it has also been used
in the previous climate impact study in the ZRB by [18].
However, in the present study, a so-called dynamical downscaling approach based on the
CORDEX dataset (Coordinated experiments for projections of regional climate change) [24], i.e.
output from a high-resolution regional model (RCM) driven by various driving GCMs is used.
Iran is located in more than one CORDEX domains, with the most adequate in Region 6, namely
WAS (South Asia) and in Region 13, namely MNA (Middle East North Africa—MENA).
Mousavi et al. [25]investigated the applicability of these two CORDEX domains for climate
predictions over Iran and found that the WAS- dataset has better agreement with the
observational data. This dataset was also applied in the drought analysis study across Iran [26].
Based on the above findings, the WAS dataset with rotated poles and at a resolution of 0.44° x
0.44° (WAS-44) is also used to generate the climate predictors in the present study.
Table 6.2. List of WAS-44- CORDEX GCM-RCMs combinations with their labels used in the present
study and the most suitable model found in bold.

Driving GCM

CCCmaCanESM2

CNRM-CERFACSCNRM-CM5

CSIRO-QCCCECSIRO-Mk3-6-0
ICHEC-EC-EARTH
MIROC-MIROC5

RCM
IITMRegCM4
SMHIRCA4
IITMRegCM4
SMHIRCA4
IITMRegCM4
SMHIRCA4
SMHIRCA4
SMHIRCA4

CORDEX
RCM
abbreviation
CanESM2RegCM4
CanESM2RCA4
CNRMRegCM4
CNRM- RCA4
CSIRORegCM4
CSIRO- RCA4
ICHEC- RCA4
MIROCRCA4
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Driving
GCM
IPSL-IPSLCM5A- LR
MOHC-Had
GEM2-ES
MPI-M-MPIESM - MR
NCC-Nor
ESM1-MR
NOAAGFDLGFDLESM2M

RCM
IITMRegCM4
SMHIRCA4
SMHIRCA4
IITMRegCM4
SMHIRCA4
SMHIRCA4
IITMRegCM4
SMHIRCA4

CORDEX
RCM
abbreviation
IPSL- RegCM4
IPSL- RCA4
HadGEM2RCA4
MPI- RegCM4
MPI- RCA4
NorESM1RCA4
NOAARegCM4
NOAA - RCA4

The available experiments for the WAS-44 dataset consist of 16 GCM-RCM CORDEX
combinations, i.e. ten CMIP5- archive GCMs as driving models and two RCMs , regCM4 and
RCA4, all taken from the websites of the Indian Institute of Tropical Meteorology (IITM) and
of the Swedish Meteorological and Hydrological Institute (SMHI) and are listed in Table 6.2.
6.3.2
6.3.2.1

Hydrologic simulation model SWAT
General description of the SWAT- model

The Soil and Water Assessment Tool (SWAT) [29,30] is a physically-based, semidistributed, time-continuous rainfall-runoff simulation model that operates on a daily time
step. The hydrology and water quality processes taking place in a watershed can be simulated
in a computationally efficient manner at various spatial scales. SWAT was originally developed
to assess the impacts of land use and management changes on water supplies, sediment and
nutrient transport and pesticide fate in large-scale catchments [8]. However, over the last
decade this model has also been used frequently to investigate climate change impacts on agrohydrological systems. This is usually done by using meteorological time series from
downscaled future predictions of GCMs (e.g.[18]) or RCMs [31,32] including ones from the
CORDEX project, as climate drivers of the SWAT-model.
SWAT simulates various components of the hydrological cycle, i.e. the surface runoff,
percolation, lateral subsurface flow, channel transmission losses, evapotranspiration and
groundwater return flow. Model inputs include the physical characteristics of the watershed
and its sub-basins, such as soil type, land use, land slope, slope lengths, lengths and widths of
the surface water bodies, Manning’s n-values and last, but not least, precipitation and
temperature as the ultimate climate drivers of the various runoff processes [30].
The runoff volume is estimated with the modified SCS-curve number method. The
watershed’s concentration time is evaluated using Manning’s formula, considering both
overland- and channel flow. SWAT uses a storage routing technique to predict the flow
through each soil layer in the root zone. Downward flow occurs when the field capacity of a
soil layer is exceeded and the layer below is not yet saturated.
In the distributed SWAT-model configuration the major watershed is divided further into
sub-basins, as can be seen for the ZRB in Figure 6.1.b. To represent the large-scale spatial
heterogeneity of the study area, each sub-watershed is parameterized further by a series of
HRUs (Hydrologic Response Units) which are a particular combination of land cover-, soiland management- areal units. The soil water content, surface runoff, nutrient cycles, sediment
yield, crop growth and the management practices are simulated for each HRU and then
aggregated for the corresponding sub-basin by a weighted average. Physical characteristics,
such as watershed slope, reach dimensions, and the meteorological/climatic data are
considered for each sub-basin. Estimated streamflow obtained for each sub-basin is then routed
and accumulated accordingly through the river system to provide the final outlet discharge to
be used for the calibration and validation of the model.
6.3.2.2

SWAT- model setup and calibration-validation

Using the data categories listed in Table 6.2, the SWAT model was set up with the help of
ArcSWAT 2012, an extension in the ARCGIS, and subsequently calibrated and validated for
the available data period 1991–2012. Here we rely on the originally calibrated SWAT-model for
the ZRB of Emami and Koch [18] who calibrated and validated the model using the stochastic
Sequential Uncertainty Fitting version 2 (SUFI-2) algorithm of the SWAT-CUP program [33]
which has been widely used in recent SWAT- related studies. In SUFI the input parameters of
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the SWAT-model are expressed as ranges to be treated as random variables, accounting for all
possible sources of uncertainties. As initial parameters, default values and/ or determined
parameters from the manual calibration or deduced parameters from the literature are taken.
Then the most effective parameters are defined based on a sub-basin-wise sensitivity analysis
which is done hierarchically from the last streamflow gauging station in the upstream sections
(sub-basin 11, Sonnateh station) down to the outlet of the total basin (sub-basin 2, Nezamabad
station).
To simulate the impacts of climate change on the surface water runoff, the future (20062099), biased-corrected precipitation- and temperature- predictions of the top-ranked CORDEX
GCM- RCM- combination (HADGEM2-RegCM4) under the two widely used emission
scenarios, RCP45 and RCP85, are used as hydrological drivers in the calibrated SWAT-model.
6.3.3

Water management and planning model MODSIM

6.3.3.1

Theoretical basis of the MODSIM modeling approach

MODSIM-DSS is a general river basin management model that can be used as a decision
support system. Originally developed by Dr. John Labadie of Colorado State University in the
mid-1970, it has been applied since then in numerous complex river basin systems, such as the
Poudre River Basin in Colorado [34]; lower Nile River basin [35]; Guiem River Basin in South
Korea [36]; Karkheh River Basin [10] and Zarrine River Basin [37] in Iran, mainly, for
developing basin-wide strategies for short-term water management, long-term operational
planning, drought contingency and climate change adaptation planning. Other applications
include the analysis of water rights and resolving conflicts between urban, agricultural, and
environmental interests [38].
The main idea behind MODSIM is that a complex river basin system can be represented
by a network flow system consisting of a range of nodes and links. The nodes symbolize storage
components, such as reservoirs and aquifers, as well as points of inflow, demand, diversion,
and river confluence. The links connecting the nodes represent river reaches, pipelines, canals,
and stream-aquifer interconnections defining stream depletions from pumping and returns
flows from seepage and surface water applications. These nodes and links in MODSIM do not
only represent the physical components of a river basin system, but may also be utilized to
symbolize artificial and conceptual elements, like reservoir operating targets, consumptive and
in-stream flow demands, evaporation and channel losses, reservoir storage rights and
exchanges, and stream–aquifer interaction components [39].
Once the conceptual network is constructed, a highly efficient network flow optimization
(NFO) algorithm is employed in MODSIM, providing solutions that simulate the optimal
allocation of water in a river basin, according to water availability under various water rightsand other priority constraints. Basically the following constrained optimization is solved in
MODSIM for each time step of the planning period:
Minimize ∑𝑘∈𝐴 𝑐𝑘 𝑞𝑘

(6.1)

subject to:
∑𝑘∈𝑂𝑖 𝑞𝑘

−

∑𝑘∈𝑂𝑖 𝑞𝑘 = 𝑏𝑖𝑡 ;

(6.2)

𝑓𝑜𝑟 𝑎𝑙𝑙 𝑛𝑜𝑑𝑒𝑠 𝑖∈𝑁

𝑙𝑘 ≤ 𝑞𝑘 ≤ 𝑢𝑘 ; 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑙𝑖𝑛𝑘𝑠 𝑘 ∈ 𝐴

(6.3)

where A is the set of all the arcs or links in the network; N is the set of all nodes; qk is the integer
valued flow rate in link k; ck are c the cost - or weighting factors, or priorities per unit of flow
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rate in link k; bit is the (positive) gain or (negative) loss at node i at time t; Ii the set of all links
terminating at node i (inflow links); Oi the set of all links originating at node i (outflow links);
and lk and uk are lower and upper bounds on flow in link k, respectively. Once the terms in Eqs.
6.1 to 6.3 have been specified for a particular watershed, the constrained optimization problem
is solved with the Lagrangian relaxation algorithm RELAX-IV [40].
The cost factor ck for accounting for active storage and demand links priorities are
generally calculated using the following formula:
(6.4)

ck=-(50000-10*PRk)

where PRk is the integer priority ranking which ranges between 1 and 5000 for the reservoirs
or the demands, as discussed below.
6.3.3.2

Setup of the MODSIM network and demand scenarios for the ZRB

Sustainable water management has been defined by Mays [41] as a strategy that can meet
the current water demands for all water users, without impairing the future water supply,
while maintaining at the same time the environmental and hydrologic integrity [42]. This
means that, in general, the potable and environmental demands should be highlighted with
the highest priority, with lower-- ranking industrial and water agricultural needs be limited
correspondingly to amounts which will not compromise the future sustainable water supply.
Based on these ideas, the water demands in the MODSIM network of the ZRB, shown in
Figure 6.2, are categorized into present and future development types, wherefore the former
describes a continuation of the demands for the historical period as authorized officially by the
Iran Ministry of Energy and the latter encompasses secondary, additional demands that are
expected to arise in the wake of ongoing future development plans, as discussed in Emami and
Koch [18] and MOE [43]. The irrigation losses and Legzi water transfer nodes are also classified
as present agricultural demands. In summary, the water uses in the basin network system
downstream of the Boukan Dam contain, in order of decreased supply priority for future
conditions: (1) present potable, (2) environmental flow of dam, (3) environmental flow entering
Lake Urmia, (4) present industrial, (5) present agricultural, (6) future development potable, (7)
future development industrial (8) future development agricultural and, last but not least, (9)
filling of the reservoir [18,37].
Furthermore, as one goal of the present study is to analyze how different future
projected water uses in the ZRB can be sustained by the available water supply in the wake of
climate change, the flow components of the MODSIM model are mainly driven by the inflow
of the Boukan Reservoir, captured from the earlier mentioned simulations of the SWAT- model
for different climate scenarios.
Following these statements, two water demand scenarios, called hereafter WDcurrent and
WDrecom (recommended) will be simulated by MODSIM, using the projected SWAT-simulated
inflow to the Boukan Dam. The WDcurrent- water demand scenario extends the current water
policies, such that it assumes a continuing development of the ZRB- water supply projects for
potable, industrial and agricultural demands. The WDrecom- water demand scenario, on the
other hand, is a sustainable water management scenario, wherefore demand management
strategies are implemented based on the recommended scenario of potable and industrial
predicted water demands [43], together with a decreased agricultural demand, including
application of pressurized irrigation and improvement of the irrigation networks of ZRB
[18,28].
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Figure 6.2. MODSIM- conceptualized network system for the Boukan Dam and the ZRB- watershed.

6.3.4

Assessment of the water supply system performance, reliability, resilience and vulnerability

Various performance criteria are employed in the present study to assess the water
management policies of a water supply system and to enable the comparison of alternative
policies. The performance of the system can be evaluated by an analysis of a time series of a
particular representative parameter, 𝑋𝑡 (for example, water demand deficit), with time t = 1,..,T
with T the total time horizon inspected. More specifically, a system performance index to
identify a satisfactory condition (S) versus an unsatisfactory (U) condition of the system can be
defined based on some threshold values in the representative time series, 𝑋𝑡.
In this study the water demand deficit is used as the system performance variable, 𝑋𝑡, and
which is defined as:
𝐷𝑒𝑓𝑡𝑖 = {

𝐷𝑒𝑚𝑡𝑖 − 𝑆𝑢𝑝𝑡𝑖
0

𝑖𝑓 𝐷𝑒𝑚𝑡𝑖 > 𝑆𝑢𝑝𝑡𝑖
𝑖𝑓 𝐷𝑒𝑚𝑡𝑖 ≤ 𝑆𝑢𝑝𝑡𝑖

(6.5)

where 𝐷𝑒𝑓𝑡𝑖 , 𝐷𝑒𝑚𝑡𝑖 and 𝑆𝑢𝑝𝑡𝑖 are water deficit, total water demand and water supply of the ith user at time t, respectively. Thus, 𝐷𝑒𝑓𝑡𝑖 =0 defines the threshold of the indicator state to change
from a satisfactory (S) to an unsatisfactory (U) condition, or vice versa.
The most widely used indices for system sustainability assessment are Reliability,
Resilience, and Vulnerability, also abbreviated as RRV, firstly introduced by Hashimoto et al.
[44]. Based on these three indices, and the deficit index above, Loucks [15] then proposed a
summary index of sustainability index (SI) to measure the sustainability of water resources
systems, and which for the i-th user is defined as:
𝑆𝐼 𝑖 = [𝑅𝑒𝑙 𝑖 × 𝑅𝑒𝑠 𝑖 × (1 − 𝑉𝑢𝑙 𝑖 ) × (1 − 𝑀𝑎𝑥. 𝐷𝑒𝑓 𝑖 )]0.25
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(6.6)

where 𝑅𝑒𝑙 𝑖 , 𝑅𝑒𝑠 𝑖 , 𝑉𝑢𝑙 𝑖 and 𝑀𝑎𝑥. 𝐷𝑒𝑓 𝑖 are reliability, resiliency and vulnerability and maximum
deficit, respectively. These four performance criteria have also been used in previous studies
of this kind [16,45].
Reliability, 𝑅𝑒𝑙 𝑖 , is the probability (percentage of time) that the water demand is fully
supplied, namely, the ratio of the numbers of times 𝐷𝑒𝑓𝑡𝑖 = 0 to the total number of time
intervals, N:
𝑅𝑒𝑙 𝑖 = 𝑃𝑟𝑜𝑏(𝑋𝑡 ∈ 𝑆) = (

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝐷𝑒𝑓𝑡𝑖 =0
𝑁

)

(6.7)

From the reliability index, 𝑅𝑒𝑙 𝑖 , the opposite, i.e. the risk of the system which is the
probability of failure during a period can be directly calculated as:
𝑅𝑖𝑠𝑘 𝑖 = 𝑃𝑟𝑜𝑏(𝑋𝑡 ∈ U) = (1 − 𝑅𝑒𝑙 i)

(6.8)

Resiliency, 𝑅𝑒𝑠 𝑖 , describes how the system is likely to recover from a failure status. It can
be interpreted as the probability that a successful period follows a failure period which means
the number of times that 𝐷𝑒𝑓𝑡𝑖 = 0 is followed by 𝐷𝑒𝑓𝑡𝑖 > 0, normalized by N, as above:
𝑅𝑒𝑠 𝑖 = 𝑃𝑟𝑜𝑏(𝑋𝑡+1 ∈ 𝑆|𝑋𝑡 ∈ 𝑈) = (

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝐷𝑒𝑓𝑡𝑖 =0 𝑓𝑜𝑙𝑙𝑜𝑤𝑠 𝐷𝑒𝑓𝑡𝑖 >0
𝑁

)

(6.9)

Vulnerability, Vuli, is the expected value of deficits (the sum of the deficits 𝐷𝑒𝑓𝑡𝑖 , divided
by the deficit period (number of times 𝐷𝑒𝑓𝑡𝑖 > 0 )) and then divided again by the annual water
demand of the i-th water user, 𝐷𝑒𝑚𝑡𝑖 , to make it dimensionless:

𝑉𝑢𝑙 𝑖 =

∑
𝐷𝑒𝑓𝑖𝑡
𝐷𝑒𝑓𝑖𝑡 >0
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝐷𝑒𝑓𝑖𝑡>0
𝑖
∑𝑁
𝑡=1 𝐷𝑒𝑚𝑡

(6.10)

(
)
The maximum deficit, 𝑀𝑎𝑥. 𝐷𝑒𝑓 𝑖 , if it occurs, is the worst-case annual deficit, max
𝑖
), divided again by the annual water demand, to make it dimensionless:
(𝐷𝑒𝑓𝐴𝑛𝑛𝑢𝑎𝑙
𝑖
𝑀𝑎𝑥( 𝐷𝑒𝑓𝐴𝑛𝑛𝑢𝑎𝑙
)

𝑀𝑎𝑥. 𝐷𝑒𝑓 𝑖 = (

𝑖
∑12
𝑡=1 𝐷𝑒𝑚𝑡

)

(6.11)

All these five indices vary between 0 and 1.
Finally, the Sustainability by Group (SGI) is defined as the weighted average of
sustainability indices with the relative weights calculated according to their water demands.
So, the SGI for the group of demands is expressed as follows:
𝑆𝐺𝐼 = ∑𝑖=𝑘
𝑖=1

𝐷𝑒𝑚𝑖
𝐷𝑒𝑚𝑇

× 𝑆𝐼 𝑖

(6.12)

where 𝑆𝐼 𝑖 is the sustainability index (Eq. 6.6) for the i th water user, with an annual water
demand of 𝐷𝑒𝑚𝑖 , and 𝐷𝑒𝑚𝑇 is the total water demand. In this study k=8 eight demand indices
for, namely, the domestic (present, future), environmental (dam and lake), industrial (present,
future) and agricultural (present, future) users are considered, with their weights equal to their
relative volumes of water demands.
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6.4
6.4.1

Results and discussion
Selection of the best CORDEX RCM for climate prediction in the ZRB

For the selection of the best, or most suitable CORDEX RCM from the set of 16 eligible
CORDEX RCM’s of Table 6.2 for later prediction of the future climate conditions in the ZRB,
their past-performances, i.e. their ability to simulate the monthly aggregated climate
observations of the reference period (1987-2005) is evaluated first, using the skill score multicriteria method [18], which is based on four performance indicators, namely, system bias (B) (=
ratio of the GCM- simulated variables to the observed ones, and ideally close to 1), coefficient
of determination (R2), (ideally close to 1), normalized root mean square error (NRMSE) (ideally
close to 0) and NSE (ideally close to 1), from which a total skill score for simulating
temperatures and precipitation (=16 and =1 for the models with the best and worst
performances, respectively). These terms are defined as follows:
∑𝑛 (𝑝 )

𝑖
𝐵 = ∑𝑖=1
𝑛 (𝑜 )

𝑅2 =

(6.13)

𝑖

𝑖=1

∑𝑛
̅)×(𝑝𝑖 −𝑝̅ )
𝑖=1(𝑜𝑖 −𝑜

(6.14)

2
̅)2 ×√∑𝑛
√∑𝑛
𝑖=1(𝑜𝑖 −𝑜
𝑖=1(𝑝𝑖 −𝑝̅ )
2

𝑛

√∑𝑖=1(𝑝𝑖 −𝑜𝑖 )

𝑁𝑅𝑀𝑆𝐸 =

𝑅𝑀𝑆𝐸

𝑁𝑆𝐸 = 1 −

𝑜̅

=

𝑛

(6.15)

𝑜̅

2
∑𝑛
𝑖=1(𝑝𝑖 −𝑜𝑖 )
𝑛
∑𝑖=1(𝑜𝑖 −𝑜̅)

(6.16)

where oi and pi are the observed and predicted GCM weather data and o̅ and 𝑝̅ are their
averages, respectively and n is the number of months (=228) in the reference period.
The results of the scoring analysis for the 16 GCM-RCM combinations (see Table 6.1) with
regard to the predictions of temperatures and precipitation in the reference period and
averaged over all observing stations are summarized in Table 6.3. As can be seen from the
table, the GCM-RCM combination of HADGEM2 – RCA4 has the best performance i.e. the
highest skill score of 14.5. Therefore, the climate predictions of this model are considered for
further analysis.
6.4.2

Bias correction of the best CORDEX RCM- climate predictors

In the subsequent step the temperature- and precipitation- predictions of the (best)
HADGEM2- RCA4 model are bias-corrected by applying the ISI-MIP trend-preserving method
[27]. The results of this exercise are listed in terms of the B- and NRMSE indices before and
after the bias correction in Table 6.4. One can notice that, on average, the monthly biases of the
two climate predictors at the various climate stations are decreased considerably through the
application of the ISI-MIP method, namely, by 30% and 19% for the biases B and of 54% and
58% for the NRMSE for temperatures and precipitation, respectively. Furthermore, for the
individual stations, both B and NRMSE are in an acceptable range, with B > 0.8 and NRMSE <
0.17 for the precipitation and B > 0.99 and NRMSE < 0.11 for the min. and max. temperatures.
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Table 6.3. Statistical performances of available CORDEX-GCM-RCM models of WAS-44 and
the resulting skill score for precipitation and temperature, with the best model highlighted.

2.09
1.78
1.15
2.07
1.80
1.64
1.59
1.29
1.74
1.87
1.62
1.64
1.61
1.68
1.73
1.72

0.08
0.08
0.06
0.16
0.13
0.08
0.01
0.15
0.02
0.08
0.12
0.14
0.23
0.17
0.12
0.11

0.28
0.48
0.63
0.33
0.42
0.57
0.65
0.38
0.60
0.46
0.07
0.11
0.13
0.08
0.06
0.06

1
10
11
3
6
13
8
15
9
2
7
12
14
16
5
4

B

0.61
0.61
0.68
0.59
0.55
0.56
0.68
0.66
0.70
1.40
0.73
0.92
1.06
1.01
1.00
0.79

R2

NSE

Score

NSE

NRMSE

R2

Score

1.32
0.95
0.59
1.40
1.13
0.89
0.74
1.29
1.03
1.20
0.80
1.08
1.16
1.02
1.02
1.06

Temperature

NRMSE

CNRM-RCA4
ICHEC- RCA4
IPSL- RCA4
MIROC-RCA4
MPI- RCA4
NOAA- RCA4
CanESM2- RCA4
HADGEM2RCA4RCA4
NorESM1CSIRO- RCA4
CanESM2RegCM4
CNRM
- RegCM4
CSIRO- RegCM4
IPSL- RegCM4
MPI- RegCM4
NOAA- RegCM4

B

Overall score

Precipitation

CORDEX
GCM- RCM
model

0.50
0.36
0.33
0.33
0.39
0.45
0.56
0.34
0.30
3.34
0.93
1.04
1.14
1.09
1.08
0.88

0.91
0.89
0.90
0.90
0.90
0.88
0.92
0.90
0.89
0.90
0.93
0.92
0.93
0.91
0.92
0.91

0.51
0.74
0.78
0.79
0.69
0.59
0.40
0.78
0.82
0.61
0.36
0.22
0.13
0.16
0.19
0.26

8
5
16
12
3
1
10
14
15
2
13
11
6
4
9
7

4.5
7.5
13.5
7.5
4.5
7
9
14.5
12
2
10
11.5
10
10
7
5.5

Table 6.4. Effects of bias-correction of precipitation and temperatures based on B- and NRMSEindices before and after application of the ISI- MIP method.
Climate
variable

Bias
correction
Before

Precipitation
After

Before
Temperatures
After

6.4.3

Measure

St1

St2

St3

St4

St5

St6

B

0.69

0.71

0.70

0.60

0.68

0.71

NRMSE

0.36

0.34

0.44

0.36

0.24

0.23

B

0.85

0.92

0.86

0.80

0.84

0.94

NRMSE

0.15

0.13

0.17

0.16

0.14

0.13

B

0.68

0.30

0.91

0.94

0.83

0.50

NRMSE

0.23

0.22

0.29

0.23

0.16

0.15

B

1.00

1.00

0.99

0.99

0.99

1.00

NRMSE

0.09

0.07

0.11

0.10

0.08

0.07

Future projections of temperatures and precipitation

The HADGEM2-RCA4-, ISI-MIP trend-preserving biased-corrected mean annual
temperature and precipitation obtained for three future periods: 2021-2039, 2041-2060 and
2071-2089, abbreviated in short with 2030, 2050, and 2080, respectively, under two RCPemission scenarios, RCP45 and RCP85, are compared with those of the historical period in the
corresponding boxplots of Figure 6.3.

130

Figure 6.3. Box (whisker) plots of predicted mean annual temperature (bottom) and precipitation
(top) for the historical period (1987-2012) and three future periods under the two RCPs .

As generally expected, the annual temperature (lower panel) will increase between 2030
and 2080 and this increase is, naturally, more intense for the more extreme RCP85 than for
RCP45. However, the average (median ) temperature is likely to experience a slight decrease
compared to the historical period, especially, in the 2030 period.
Also, as is typical for GCM-precipitation predictions (top panel), their ranges become
wider, as one projects more into the future, and this holds particularly for RCP85, wherefore
large extremes of low and high annual flows are to be expected in the far-future (2080) period.
Compared with the median precipitation for the historical period, there will be an overall slight
decrease of that variable for RPC85, in particular, for the three future periods considered.
6.4.4
6.4.4.1

SWAT- predictions of historic and future inflows of the dam and interbasin flows
SWAT- calibration and validation of historical streamflow

To predict the inflow of the Boukan Dam and the interbasin flows of the ZRB in the wake
of climate change, the integrated basin-wide hydrologic model, SWAT is calibrated and
validated using SWATCUP-SUFI2 for the time periods 1991-1997 and 1998-2012, respectively.
The first 4 years of available data (1987-1990) are used as warm up- period.
The inflow of the dam which corresponds to the discharge of the Zarrine River at the outlet
of sub-basin 8 (see Figure 6.1), is compared to the observed records in Figure 6.4. One may
notice from the Figure 6.4 that the performance of the model in hydrologic simulation is rather
satisfactory, although most of the peak-flow events are underestimated, especially, in the
validation period. One reason for this is possibly the occurrence of the some irregular dry years,
particularly, for the 1998-2002 period. Additionally, there is the tendency of the SWAT- model

131

to underestimate the flow in the wet season due to inaccurate estimation of soil moisture
conditions then (Qui et al., 2012).
To assess the performance of the SWAT- model, the ranges of the quantitative statistical
measures for the streamflow are calculated at the outlet stations of the six sub-basins (see
Figure 6.1b) for both calibration- and validation periods and presented in terms of the
coefficient of determination (R2), Nash Sutcliffe (NS) and the weighted bR2 in Figure 6.5. One
may notice that all efficiency criteria are within their acceptable ranges, according to the
classification proposed by Moriasi et al. [46] , wherefore the NS, as the most prominent
measure, ranges between 0.5 and 0.7.

Time

Figure 6.4. Simulated and observed Boukan Dam inflow for calibration and validation periods.

Figure 6.5. Ranges of goodness of fit measures R2, NSE, bR2 for the outlet stations of the six subbasins for calibration- and validation periods.

As another measure of the SWATCUP-SUFI2- model’s performance, the two
uncertainty indices, P-factor and R-factor, are also estimated for the optimized objective
functions (misfits of observed and modelled streamflow at the various gauge stations). They
are listed in Table 6.5. One can notice that the P-factors, which indicate the percentage of
observed streamflow enveloped by the calibrated/validated ones simulated under the
uncertain parameter ranges, are mostly higher than 70%, whereas the R-factors, measuring the
ratio of the width of the 95PPU- envelop, relative to the standard deviation of the data, are
hovering around 1, i.e. values that characterize a satisfactory calibration/validation of the
model. For further details of the calibration and a discussion of the most sensitive parameters
the reader is referred to [18,28].
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Table 6.5. SWATCUP-SUFI2 P- and R- factor uncertainty indices for calibration and validation
for the different streamflow gauge stations.

Station

6.4.4.2

Calibration
P-factor
R-factor

Validation
P-factor
R-factor

Nezamabad

0.85

1.15

0.80

1.23

Chooblooche

0.78

1.28

0.76

1.33

Sarighamish

0.69

1.34

0.67

1.34

Boukan Dam

0.89

1.13

0.84

1.22

Safakhaneh

0.72

0.98

0.75

1.10

Sonateh

0.67

1.33

0.65

1.40

Average

0.77

1.20

0.75

1.30

SWAT- simulation of future streamflow

The statistics of simulated annual inflow to the Boukan Dam are compared for the
historical and future scenarios in the box plots of Figure 6.6. As can be seen, between the
historical- and the 2030 period the average (median) dam inflow has almost doubled for the
RCP45 scenario, whereas for RCP85 it has slightly decreased over this time.
In addition, the RCP45-2030 and RCP85-2050 have the biggest ranges of maximum and
minimum dam inflow, while the RCP45-2050 and RCP85-2080 have the most narrow ones.
Furthermore, the low (25th percentile) and high (75th percentile) quartiles of the dam inflow
will increase in all future periods for RCP45, but decrease for RCP85, except for the high
quartile of the 2050- period, when it will increase .
In summary, the future annual inflow will, on average, be almost constant under the
“climate mitigation” scenario (RCP45 case), but will fluctuate more under the “no mitigation”
scenario (RCP85 case), such that it increases firstly from the 2030 to the 2050 period and then
halves gain to the 2080 period.

Figure 6.6. Box (whisker) plots of the historical and future predicted annual Boukan Dam inflows.
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6.4.5

Assessment of supplied water (SDR) under different climate and demand management
scenarios

To assess the reliability of the future Boukan Dam water supply, the supply/demand ratio
(SDR) is calculated for the different RCPs/future periods, assuming two water demand
scenarios, i.e. (1) WDcurrent - scenario which is a continuation of the current water policies, and
(2) WDrecom - scenario which describes the recommended water policies as a more sustainable
water management scenario. The SDRs are computed for each of the into 8 demand categories
of the ZRB for the present and future (development) types, with the priority orders, as
explained in Section 6.3.2, namely, potable, environmental, industrial and agricultural water
uses, with future demands in lower order.
The SDR- results obtained for the WDcurrent - scenario for each of the 8 user categories are
presented in Table 6.6. In this scenario, the total water demand from the Boukan Dam is
assumed to gradually increase from 1408 MCM/yr for the historical period to 1826, 1910 and
2038 MCM/yr in the 2030, 2050 and 2080 future periods, respectively, attributed to the 8
different categories, as indicated in the table. The SDRs listed reveal how much of the
requested demand is met in each of the user categories for the different RCPs/future periods.
From the table one can notice, among other things, that the future available water resources
will meet the present potable demands completely, except for RCP85 in the 2030 and 2050
periods, when there will be a 19% to 21% water shortage. Both the environmental flow for the
dam and the LU will be supplied in the range of 77-98%, though somewhat less for the extreme
RCP85 scenario.
The supplied water for the other demands, including industrial and agricultural demands,
are acceptable for RCP45 in the 2030- and 2050- periods, but less so, in the 2080 period and,
again, with a higher degree of water scarcity experienced for RCP85 than for RCP45. Finally,
the last row of Table 6.6 shows that the total future water demands will, in general, be satisfied
by ratios ranging only between 62-93%.
Table 6.6. Annual water demands for historical and future periods (2030, 2050 and 2080) with
the 8 categories in decreasing order and the simulated supply/demand ratio (SDR) for these
future periods under RCP45 and RCP85 for the WDcurrent water demand scenario.
SDR (%)

Demand (MCM)
RCP45

Demand category

RCP85

Historic

2030

2050

2080

2030

2050

2080

2030

2050

2080

Pot

Present

163

163

163

163

100%

99%

99%

81%

78%

98%

Env

Dam

378

378

378

378

96%

97%

84%

82%

77%

84%

Env

Lake

262

262

262

262

98%

97%

96%

92%

92%

96%

Ind

Present

5

5

5

5

97%

100%

81%

67%

63%

81%

Agr

Present

594

787

787

787

92%

87%

57%

48%

42%

57%

Pot

Future

-

60

130

272

90%

87%

69%

62%

54%

69%

Ind

Future

-

15

29

15

92%

91%

74%

63%

60%

74%

Agr

Future

-

150

150

150

86%

76%

40%

35%

30%

40%

1408

1826

1910

2038

94%

92%

75%

66%

62%

75%

Total/Average

Hence, these results clearly demonstrate that the anticipated climate change in the ZRB,
in conjunction with the WDcurrent - scenario projected increase of the future water demands, will
lead to a significant shortage of the water resources there.
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On the other hand, for the more sustainable water management scenario WDrecom
recommended by MOE [43] the situation looks more positive, as shown in Table 6.7. Here the
SDR-differences with those of the WDcurrent scenario are additionally presented. For this WDrecom
- scenario, the supplied water from the Boukan Dam is expected to increase to 1697, 1763 and
1891 MCM/yr in the 2030, 2050 and 2080 future periods, respectively, i.e. much less than is
assumed for WDcurrent. In this WDrecom - scenario, not only the future potable and industrial
demands, but also the agricultural demands, will be decreased slightly by assuming that the
irrigation efficiency in the ZRB can be increased from 38% to 49%, by implementing pressurized
irrigation systems [27].
As shown in Table 6.7, although the SDRs of the future industrial demand category is
decreased slightly for RCP85, compared with that of WDcurrent (Table 6.6), for the other demand
types, the water supply reliability is improved noticeably, particularly, for RCP45, in the 2080
far future period, wherefore the SDRs reach values of 89%, 97%, 86% and 83% for the potable,
environmental, industrial and agricultural demands, respectively. Although improvements
are also obtained for RCP85, they are not enough to fully compensate the water deficits which
still amount to 57%, 89%, 56% and 34% in these four demand types, respectively.
In summary, the MODSIM- simulated future water supplies obtained under the impacts
of climate change in the ZRB are not enough to satisfy the assumed water demands of either of
the two water demand scenarios, i.e. neither the extreme WDcurrent - nor the more benevolent
WDrecom – scenario. This means that the future additional categorical water demands (future
potable, future industrial and future agricultural) should be further limited, using some
demand management executive strategies, in order to avoid future irrecoverable losses in
human life and ecosystems.
Table 6.7. Similar to Table 6.6, but for WDrecom water demand scenario. Also shown are the
percentile difference of the SDRs with those of WDcurrent .
SDR (%)
Difference to SDR (WDcurrent)

Demand (MCM)

Demand
category

RCP45
Historic

2030

2050

2080

Pot

Present

169

163

163

163

Env

Dam

378

378

378

378

Env

Lake

262

262

262

262

Ind

Present

5

5

5

5

Agr

Present

594

695

695

695

Pot

Future

-

42

108

238

Ind

Future

-

13

13

11

Agr

Future

-

133

133

133

1408

1697

1763

1891

Total/Average

135

RCP85

2030

2050

2080

2030

2050

2080

100
%
0%
99%
3%
100
%
2%
98%
1%
94%
2%
93%
3%
93%
1%
91%
5%

100
%
1%
100
%
3%
100
%
3%
100
%
0%
92%
5%
92%
5%
92%
1%
86%
10%

100
%
1%
97%
13%
100
%
4%
99%
18%
90%
33%
89%
20%
86%
12%
83%
43%

83%
2%
91%
9%
97%
5%
68%
1%
51%
3%
69%
7%
61%
-2%
41%
6%

81%
3%
89%
12%
97%
5%
64%
1%
47%
5%
57%
3%
56%
-4%
34%
4%

100
%
2%
93%
9%
98%
2%
85%
4%
64%
7%
73%
4%
69%
-5%
50%
10%

96%

95%

93%

70%

66%

79%

2%

4%

18%

4%

4%

4%

6.4.6

Evaluating risk and vulnerability of the water supply system performance

Using Eqs. 6.8 and 6.10, respectively, the weighted average risk of the ZRB water supply
system/reservoir operation and the weighted average vulnerability of the various demand
stakeholders are computed - using the individual values as listed in Table 6.8 exemplary for
the WDrecom – scenario /RCP45/2030period - for the two water demand scenarios WDcurrent and
WDrecom.
The results are depicted in Figure 6.7 and show clearly that both risk of the water supply
system and the average vulnerability are remarkably higher for the (more extreme) RCP85than for RCP45- scenario. Moreover, for RCP85, both indices exhibit a similar behavior, i.e. a
higher degree of risk goes hand in hand with more vulnerability, whereas for RCP45 this is not
the case, since, although the risk of the reservoir system is quite low, the average vulnerability
of all water demand stakeholders is still high. This curious behavior is most likely a
consequence of the more erratic formula for the vulnerability (Eq. 6.8) and than of that for the
risk (Eq. 6.10).
However, Figure 6.7 reveals also that, compared with the WDcurrent - demand scenario,
WDrecom reduces noticeably both the risk and the vulnerability, particularly for RCP45. For
RCP85, the system is still vulnerable and has a high risk , particularly in the 2030- and 2050
periods, whereas for RCP45 the system will be relatively vulnerable, though without water
supply risk in the 2080- period.
In the subsequent step the overall performance of the ZRB water supply system is assessed
using Sustainability Group Index (SGI), as defined in Eq. 6.12 and the associated variables
defined in the previous Eqs. 6.6 to 6.11. These variables are computed for each water use
category, with the results also listed in Table 6.8 for the WDrecom – scenario /RCP45/2030period.
Similar results would be obtained for the other WD-scenario /RCP/periods combinations.
Table 6.8. ZRB- water supply system performance based on the RRV- indices and the ensuing SIs,
for the various water uses and the final total SGI for the WDrecom – scenario /RCP45/2030period.
The last column lists the normalized weights wi = 𝐷𝑒𝑚𝑖 /𝐷𝑒𝑚𝑘 entering the SGI-equation (6.12).

i

Demand name

Risk

SI=[Rel × Res × (1-Vul) × (1-max.Def)]0.25
Vul

Rel

Res

max.Def

SI

w

1

Pot_Boukan_Present

0.08

0.05

0.92

0.91

0.36

0.84

0.22

2

Pot_Tabriz_Present

0.07

0.01

0.93

0.97

0.29

0.89

0.15

3

Irr_Loss

0

0

1.00

0.98

0.00

0.99

0.02

4

Env_Boukan

0.05

0.08

0.95

0.94

0.10

0.93

0.10

5

Env_LakeUrmia

0

0.04

1.00

0.98

0.02

0.98

0.09

6

Ind_Present

0.07

0.09

0.93

0.92

0.43

0.82

0.02

7

Pump_Legzi

0.05

0.1

0.95

0.97

0.18

0.91

0.01

8

Agr_WR_Present

0.06

0.13

0.94

0.92

0.89

0.29

0.08

9

Agr_Present

0.09

0.13

0.91

0.91

0.78

0.63

0.29

10

Agr_Future

0.07

0.08

0.93

0.91

0.50

0.79

0.01

11

Pot_Future

0.01

0.08

0.99

0.97

0.08

0.95

0.00

0

0

1.00

0.98

0.99

0.97

0.01

0.07

0.08

12

Ind_Future

Weighted average
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SGI= Sum (w x SI) = 0.79

WDcurrent

WDrecom

Figure 6.7. Weighted- average vulnerability and risk for the different RCP/periods for water
demand scenario WDcurrent (top panel) and WDrecom (bottom panel).

Using this procedure, the SGI indices for all RCPs/periods are calculated for both the
WDcurrent and WDrecom -water demand scenarios. The individual results, together with the future
period averages of each RCP are listed in Table 6.9.
As can be seen from the table, compared with the historical period, for both water demand
scenarios, WDcurrent and WDrecom, the average SGI of each RCP will be decreased significantly,
namely, for the more extreme RCP85 scenario. However, as expected, the SGI- decrease for
WDrecom is less than that of WDcurrent, indicating indeed the advantage of implementing this more
sustainable water demand scenario. Whereas for RCP45 the system performance is best for the
2050 future period, it is at that time the worst for RCP85, though it improves again for the latter
in the 2080 period, owing to the high SDR found previously for that RCP/period (see Table
6.7). Nevertheless, although for all RCP/period- combinations, the SGIs are systematically
higher for WDrecom than for WDcurrent, unless some adaptation strategies and policy changes to a
lower emission scenario are implemented, the water sustainability in the ZRB will deteriorate
tremendously in the future.

RCP45/
2050

RCP45/
2080

RCP45average

RCP85/
2030

RCP85/
2050

RCP85/
2080

RCP85average

WDcurrent

RCP45/
2030

Water demand
scenario

Historic
period

Table 6.9. SGI- index of the water supply performance for WDcurrent and WDrecom water demand
scenarios for the historic- and the different RCPs/periods. Also shown are the averages of each RCP.

0.70

0.81

0.62

0.71

0.46

0.31

0.52

0.43

0.79

0.89

0.78

0.82

0.57

0.45

0.59

0.54

0.89
WDrecom
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6.5

Summary and conclusions

In this study a combination of the SWAT- with the MODSIM model is applied to evaluate
the possible impacts of climate change on the water supply system performance in terms of the
sustainability for the important multi-purpose reservoir Boukan dam in the ZRB, northwest
Iran. To do this, firstly the available CORDEX RCM- models for the South Asia region at a
resolution of 0.44° x 0.44° are compared using a skill score multi-criteria method based on past
performance of the models for precipitation and temperatures (minimum and maximum).
Then, for the most suitable available experiment, HadGEM2-RCA4, the monthly biases of the
climate predictors are corrected using a trend-preserving (ISI-MIP) bias correction method
which applies a multiplicative correction factor (CPj) for precipitation and an additive one for
temperatures (CTj) in each month j of the year.
The satisfactorily calibrated and validated SWAT- model (using the SWATCUP-SUFI2module) is then utilized to simulate the impact of climate change on the hydrology in the ZRB
using the bias-corrected climate variables above as input drivers to the SWAT-model. The
effects of two RCP- emission scenarios (RCP45 and RCP85) are investigated for three 19-yearlong future periods (2030, 2050 and 2080).
The projected SWAT-modeled inflows to the Boukan dam are then applied to the
MODSIM water resources planning and management model to analyze two possible future
water demand scenarios: (1) WDcurrent which extends the current water policies by assuming a
complete development of the water supply projects of the different water uses, and (2) WDrecom
as a more sustainable water demand scenario, recommended by MOE, where the potable and
industrial developments are improved and the agricultural demands are decreased by
improving the irrigation network efficiency.
The reliability of the dam’s water supply for different water uses in the study area is then
investigated through the definition of the supply/ demand ratio (SDR). Next, the vulnerability
and the risk of the water supply system are evaluated and combining these with other system
performance indices, including reliability, resiliency, and maximum deficit, the sustainability
group index (SGI) of the water supply system is assessed for the different water
demand/climate change - scenarios.
The results show that the WDcurrent- scenario (continuation of the current water policies
with a projected increase of the demands) will lead to a considerable future decrease of the
SDRs for the different water-demand categories, i.e. more water deficits, especially for the
extreme “no mitigation” scenario RCP15. On the other hand, with the more sustainable water
demand scenario WDrecom, the SDRs are mostly improved, particularly, for the “climate
mitigation” scenario RCP45, although for RCP15 the SDR is just slightly increased and some
water deficits still prevail, namely, in the agricultural demand category.
The analysis of the risk and vulnerability of the water supply system show that these two
parameters are noticeably higher for the more extreme emission scenario RCP85 than for the
medium scenario RCP45. Interestingly, both indices have a similar trend for RCP85, i.e. a high
degree of risk coincides with more vulnerability, while this holds less so for RCP45. Moreover,
as expected, for the recommended water demand scenario WDrecom the water supply system
will experience lower vulnerability and risk than for the current scenario WDcurrent, but, even so,
the system is still vulnerable with a high risk of water scarcity for RCP85 in the 2030- and 2050
periods and for RCP45 in the 2080- period. These results indicate that the negative impact of
overuse of the water resources in ZRB, namely from the Boukan Dam, cannot completely be
averted in the future, but may, at least, be controlled by implementing the more sustainable
water management demand scenario WDrecom.
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The sustainability assessment reveals that for both water demand scenarios, WDcurrent and
WDrecom, the best water supply performance in terms of the sustainability group index (SGI) is
expected to be in the 2050 future period for RCP45, and in the 2080 period for RCP85.
Expectedly, the SGIs are about 15-26% higher for WDrecom than for WDcurrent, wherefore the SGI
will be quite satisfactory for RCP45, with SGI=0.82, which is close to that of the historical period,
but of only SGI=0.54 for the more extreme RCP85 scenario.
Thus, in conclusion, in order to adapt to future climate change in the ZRB, the industrial,
potable future water-use sectors and, especially, the agricultural water-uses, as the biggest
share of the demands, should be decreased in the future by enhancing the efficiency of the
water uses and by implementing the MOE- recommended strategies, meanwhile respecting
lower emission mitigation scenarios.
It should also be noted that, as shown in the study of Emami and Koch [27], a further
decrease of the agricultural water demands in the ZRB can be achieved, especially for RCP85,
by using employing some adaptation strategies through the optimization of the crop pattern in
the area.
The results of this study indicate that the add-on or coupling of a water decision making
model (MODSIM) to a hydrological model (SWAT) results in a powerful simulation tool that
is able to serve for integrated watershed management based on sustainable water management
principles. However, as the analysis here has been done using the present water management
criteria and water supply data as objective functions, the effects of more recent, possibly
different economic and social criteria should be investigated in upcoming SWAT-MODSIM
studies.

References
1.
2.

3.
4.

5.
6.

7.
8.
9.
10.

11.

Madani, K. Water management in iran: What is causing the looming crisis? Journal of environmental
studies and sciences 2014, 4, 315-328.
Voss, K.A.; Famiglietti, J.S.; Lo, M.; De Linage, C.; Rodell, M.; Swenson, S.C. Groundwater depletion
in the middle east from grace with implications for transboundary water management in the tigris‐
euphrates‐western iran region. Water resources research 2013, 49, 904-914.
Abbaspour, K.C.; Faramarzi, M.; Ghasemi, S.S.; Yang, H. Assessing the impact of climate change on
water resources in iran. Water Resources Research 2009, 45, n/a-n/a.
Fiseha, B.; Setegn, S.; Melesse, A.; Volpi, E.; Fiori, A. Impact of climate change on the hydrology of
upper tiber river basin using bias corrected regional climate model. Water resources management 2014,
28, 1327-1343.
Aditya, S.; Lal, M.; Silva, N.; McCartney, M. Understanding the hydrological impacts of climate change
in the tana river basin, kenya. IWMI Working Paper 2017.
Yira, Y.; Diekkrüger, B.; Steup, G.; Bossa, A.Y. Impact of climate change on hydrological conditions in
a tropical west african catchment using an ensemble of climate simulations. Hydrology and Earth System
Sciences 2017, 21, 2143.
Giorgi, F.; Jones, C.; Asrar, G.R. Addressing climate information needs at the regional level: The cordex
framework. World Meteorological Organization (WMO) Bulletin 2009, 58, 175.
Gassman, P.W.; Reyes, M.R.; Green, C.H.; Arnold, J.G. The soil and water assessment tool: Historical
development, applications, and future research directions. Transactions of the ASABE 2007, 50, 1211.
McCartney, M.; Forkuor, G.; Sood, A.; Amisigo, B.; Hattermann, F.; Muthuwatta, L. The water resource
implications of changing climate in the volta river basin. IWMI: 2012; Vol. 146.
Ashraf Vaghefi, S.; Mousavi, S.J.; Abbaspour, K.C.; Srinivasan, R.; Arnold, J.R. Integration of
hydrologic and water allocation models in basin-scale water resources management considering crop
pattern and climate change: Karkheh river basin in iran. Regional Environmental Change 2015, 15, 475484.
Hashemi, H. Climate change and the future of water management in iran. Middle East Critique 2015, 24,
307-323.

139

12.

13.
14.
15.
16.
17.

18.
19.
20.
21.
22.
23.
24.
25.

26.

27.
28.

29.

30.
31.

32.

33.

34.
35.
36.
37.
38.

Danesh, A.S.; Ahadi, M.S.; Fahmi, H.; Nokhandan, M.H.; Eshraghi, H. Climate change impact
assessment on water resources in iran: Applying dynamic and statistical downscaling methods. Journal
of Water and Climate Change 2016, 7, 551-577.
Faramarzi, M.; Abbaspour, K.C.; Schulin, R.; Yang, H. Modelling blue and green water resources
availability in iran. Hydrological Processes: An International Journal 2009, 23, 486-501.
Zahabiyoun, B.; Goodarzi, M.; Bavani, A.M.; Azamathulla, H. Assessment of climate change impact on
the gharesou river basin using swat hydrological model. CLEAN–Soil, Air, Water 2013, 41, 601-609.
Loucks, D.P. Quantifying trends in system sustainability. Hydrological Sciences Journal 1997, 42, 513530.
Karamouz, M.; Mohammadpour, P.; Mahmoodzadeh, D. Assessment of sustainability in water supplydemand considering uncertainties. Water Resources Management 2017, 31, 3761-3778.
Veldkamp, T.; Wada, Y.; Aerts, J.; Ward, P. Towards a global water scarcity risk assessment framework:
Incorporation of probability distributions and hydro-climatic variability. Environmental research letters
2016, 11, 024006.
Emami, F.; Koch, M. Evaluation of statistical-downscaling/bias-correction methods to predict
hydrologic responses to climate change in the zarrine river basin, iran. Climate 2018, 6, 30.
Wilby, R.L.; Dawson, C.W.; Barrow, E.M. Sdsm—a decision support tool for the assessment of regional
climate change impacts. Environmental Modelling & Software 2002, 17, 145-157.
Wilby, R.L.; Dawson, C.W. Statistical downscaling model–decision centric (sdsm-dc) version 5.1
supplementary note. Loughborough University, Loughborough 2013.
Hessami, M.; Gachon, P.; Ouarda, T.B.; St-Hilaire, A. Automated regression-based statistical
downscaling tool. Environmental Modelling & Software 2008, 23, 813-834.
Themeßl, J.M.; Gobiet, A.; Leuprecht, A. Empirical-statistical downscaling and error correction of daily
precipitation from regional climate models. International Journal of Climatology 2011, 31, 1530-1544.
Miao, C.; Su, L.; Sun, Q.; Duan, Q. A nonstationary bias-correction technique to remove bias in gcm
simulations. Journal of Geophysical Research: Atmospheres 2016, 121, 5718-5735.
Giorgi, F.; Gutowski, W.J. Coordinated experiments for projections of regional climate change. Current
Climate Change Reports 2016, 2, 202-210.
Mousavi, V.; Naghavi Azad, A.; Mostafavi, P.; Ildar Tanha, N. Downscaling the regional climate of iran
and its challenges, center for research in climate change and global warming. 8th ICTP Workshop on
the Theory and Use of Regional Climate Models: 2016.
Senatore, A.; Hejabi, S.; Mendicino, G.; Bazrafshan, J.; Irannejad, P. Climate conditions and drought
assessment with the palmer drought severity index in iran: Evaluation of cordex south asia climate
projections (2070–2099). Climate Dynamics 2018, 1-27.
Hempel, S.; Frieler, K.; Warszawski, L.; Schewe, J.; Piontek, F. A trend-preserving bias correction
&ndash; the isi-mip approach. Earth System Dynamics 2013, 4, 219-236.
Emami, F.; Koch, M. Agricultural water productivity-based hydro-economic modeling for optimal crop
pattern and water resources planning in the zarrine river basin, iran, in the wake of climate change.
Sustainability 2018.
Arnold, J.G.; Srinivasan, R.; Muttiah, R.S.; Williams, J.R. Large area hydrologic modeling and
assessment part i: Model development 1. JAWRA Journal of the American Water Resources Association
1998, 34, 73-89.
Neitsch, S.; Arnold, J.; Kiniry, J.e.a.; Srinivasan, R.; Williams, J. Soil and water assessment tool user’s
manual version 2000. GSWRL report 2002, 202.
Glavan, M.; Ceglar, A.; Pintar, M. Assessing the impacts of climate change on water quantity and
quality modelling in small slovenian mediterranean catchment–lesson for policy and decision makers.
Hydrological Processes 2015, 29, 3124-3144.
Anand, J.; Devak, M.; Gosain, A.K.; Khosa, R.; Dhanya, C.T. Spatial extent of future changes in the
hydrologic cycle components in ganga basin using ranked cordex rcms. Hydrol. Earth Syst. Sci.
Discuss., https://doi. org/10.5194/hess-2017-189, in review 2017.
Abbaspour, K.C.; Rouholahnejad, E.; Vaghefi, S.; Srinivasan, R.; Yang, H.; Kløve, B. A continentalscale hydrology and water quality model for europe: Calibration and uncertainty of a high-resolution
large-scale swat model. Journal of Hydrology 2015, 524, 733-752.
Labadie, J.W.; Bode, D.A.; Pineda, A.M. Network model for decisionsupport in municipal raw water
supply 1. JAWRA Journal of the American Water Resources Association 1986, 22, 927-940.
El-Beshri, M.; Labadie, J. In Optimal conjunctive use of surface and groundwater resources in egypt,
Proceedings of the VIII IWRA World Congress on Water Resources, Cairo, Egypt, 1994.
Labadie, J.; Fontane, D. Modsim river basin management dss: Application to the geum river basin.
Korea, final report 2003.
Emami, F.; Koch, M. Evaluating the water resources and operation of the boukan dam in iran under
climate change. Eur. Water 2017, 59, 17-24.
Labadie, J. Modsim: River basin network flow model for conjunctive stream-aquifer management.
Program user manual and documentation 1995.

140

39.
40.
41.
42.
43.
44.
45.
46.

Fredericks, J.W.; Labadie, J.W.; Altenhofen, J.M. Decision support system for conjunctive streamaquifer management. Journal of Water Resources Planning and Management 1998, 124, 69-78.
Bertsekas, D.P.; Tseng, P. Partial proximal minimization algorithms for convex pprogramming. SIAM
Journal on Optimization 1994, 4, 551-572.
Mays, L.W. Water resources sustainability. McGraw-Hill New York: 2007.
Russo, T.; Alfredo, K.; Fisher, J. Sustainable water management in urban, agricultural, and natural
systems. Water 2014, 6, 3934-3956.
Ministry of the Energy. Updating of water master plan of iran; water and wastewater macro planning
bureau: Tehran, iran. 2014.
Hashimoto, T.; Stedinger, J.R.; Loucks, D.P. Reliability, resiliency, and vulnerability criteria for water
resource system performance evaluation. Water resources research 1982, 18, 14-20.
Sandoval-Solis, S.; McKinney, D.C.; Loucks, D.P. Sustainability index for water resources planning and
management. Journal of Water Resources Planning and Management 2011, 137, 381-390.
Moriasi, D.N.; Arnold, J.G.; Van Liew, M.W.; Bingner, R.L.; Harmel, R.D.; Veith, T.L. Model
evaluation guidelines for systematic quantification of accuracy in watershed simulations. Transactions of
the ASABE 2007, 50, 885-900.

141

