
0 
 

 

 

 

Application and Analysis of physical and data-driven stochastic 

hydrological Simulation-Optimization Methods for the optimal 

Management of Surface-Groundwater Resources Systems: 

Iranian Cases Studies 

 

Dissertation 

 

For attainment of the academic degree Doctor of Engineering (Dr.-Ing.) 

Submitted to the Faculty of Civil and Environmental Engineering 

University of Kassel 

Germany 

 

 

Submitted by 

Mohammad Zare 

  

 

 

Supervisors: 

1. Prof. Dr. rer. nat. Manfred Koch 

University of Kassel, Kassel, Germany 

 

2. Prof. Dr. Ing. Cornelia Weltzien 

Technical University of Berlin, Berlin, Germany 

 

 

Defense date: July 21st , 2017 

 

Kassel, Germany 

July 2017 

 



1 
 

 

 

 

Application and Analysis of physical and data-driven stochastic 

hydrological Simulation-Optimization Methods for the optimal 

Management of Surface-Groundwater Resources Systems: 

Iranian Cases Studies 

 

Dissertation 

 

Zur Erlangung des akademischen Grades eines  

Doktors der Ingenieurwissenschaften (Dr.Ing.) 

im Fachbereich Bauingenieur- und Umweltingenieurwesen 

der Universität Kassel 

Deutschland 

 

 

vorgelegt von 

Mohammad Zare 

  

 

 

Gutachter: 

1. Prof. Dr. rer. nat. Manfred Koch 

Universität Kassel, Kassel, Deutschland 

 

2. Prof. Dr. Ing. Cornelia Weltzien 

Technische Universität Berlin, Berlin, Deutschland 

 

 

Tag der mündlichen Prüfung: Juli 21 , 2017 

 

Kassel, Deutschland 

July 2017 

 



i 
 

 

 

ERKLÄARUNG 

 
Hiermit versichere ich, dass ich die vorliegende Dissertation selbständig und ohne 

unerlaubte Hilfe angefertigt und andere als die in der Dissertation angegebenen 

Hilfsmittel nicht benutzt habe. Alle Stellen, die wörtlich oder sinngemäß aus 

veröffentlichten oder unveröffentlichten Schriften entnommen sind, habe ich als solche 

kenntlich gemacht. Kein Teil dieser Arbeit ist in einem anderen Promotions- oder 

Habilitationsverfahren verwendet worden. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Erster Gutachter: Prof. Dr. rer. nat. Manfred Koch 

Zweiter Gutachter: Prof. Dr. Ing. Cornelia Weltzien 

Tag der mündlichen Prüfung: …. June 2017 

 
 

 



ii 
 

ABSTRACT 
Application of physical and data-driven stochastic hydrological simulation-optimization techniques is a major title in 

water resources planning for the prediction of future water-affecting events and conditions. Appropriate models and algorithms 
such as conceptual surface-groundwater models, artificial intelligence models (ANN), swarm intelligence and fuzzy logic have 
been developed and used in many research projects of conjunctive management of surface-groundwater resources in recent 
years. The use of these models and algorithms leads to an increased accuracy in the modeling of water resources allocation 
problems, as will be shown in the present thesis by applying various physical and data-driven stochastic hydrological 
simulation-optimization methods to the optimal management of surface-groundwater resources systems to several Iranian 
regions which are increasingly being subjected to water stresses in recent decades, not to the least due to ongoing climate 
change in this part of the world. The combination of these methodologies/case studies has led to 8 individual research 
publications, either published or in press at the time of this writing. 

(1) 3D- groundwater flow modeling of the possible effects of the future construction of an irrigation/drainage network on 
the groundwater table in the Miandarband plain, Iran, is done with the MODFLOW model. The results of calibration, 
verification and simulation show that after 10 years irrigation operation more than 50% of the plain’s surface will be 
waterlogged, so that an effective water resources management strategy is required to prevent waterlogging. 

(2) Groundwater level (GL) fluctuations in the Miandarband plain, Iran are simulated and predicted by ANN and ANFIS 
Models. In this regard, three back-projection variants of FFNN as well as ANFIS, using a dynamic model for the GL’s as a 
function of past GL’s and precipitation have been set up. The statistical results indicate that ANFIS outperforms all FFNN 
model variants. In addition, FFNN but, more so, ANFIS, provide reliable conceptual models for GL prediction under different 
water resources management scenarios and can so be valuable modeling tools for groundwater resources planning.  

(3) ANFIS simulations are carried out based on the fuzzy clustering method (FCM), allowing more reliable GL- 
estimations. FCM is a powerful unsupervised algorithm which firstly organizes the data into groups based on similarities on 
which the ANFIS is applied on hereafter. Although ANFIS is flexible and a useful method in hydrological simulations, it has 
problems with non-stationary time series data, thus the input/output data needs some pre-processing, ergo, discrete wavelet 
transform (DWT) based on multiresolution analysis (MRA) is applied. Moreover, the wavelet approach can be combined with 
ANFIS to create a hybrid model entitled Wavelet-ANFIS/FCM model. The results show that the hybrid model using the Symlet 
mother wavelet and 2-level decomposition of the inputs by the DWT-MRA method outperforms ANFIS and Wavelet-ANFIS 
using other mother wavelets or levels of decomposition. In conclusion, the Wavelet-ANFIS/FCM model appears to be a 
reliable tool for GL prediction under different water resources management scenarios.  

(4) Irrigation water requirement (IWR) in the Miandarband plain, Iran, is calculated based on the FAO-56 crop 
evapotranspiration method, using (1) empirical crop coefficients (Kc) of the prevailing crops in the area, and (2) average Kc 
derived from remotely sensed vegetation indices (VI), namely, Kc- normalized difference vegetation index (NDVI) and Kc- 
soil adjusted vegetation index (SAVI), of 6 passes of the Landsat 8 satellite. The results indicate that these remotely sensed 
crop coefficients are not only useful to estimate the IWR, but also to detect temporal changes in the total area cultivated.  

(5) For calculating optimal conveyed water (CW) and, consequently, optimal water allocation of surface-groundwater 
resources in the Miandarband plain, a coupled simulation-optimization technique is used, wherefore the hybrid Wavelet-
ANFIS/FCM model has is coupled with particle swarm optimization (PSO). More specifically, the effects of the groundwater 
withdrawal (GW), for making up the difference between IWR and the optimal CW on the GLs have been estimated. To find 
the optimal release from the Gavoshan dam, a constrained optimization model based on objective demands and constraints of 
the long-term observed dam inflow is developed and solved by PSO. The optimal CW from the dam into the Miandarband 
plain is calculated based on the politically prioritized proportions of the dam’s allocated water for domestic, environmental 
and agricultural uses. Using the hybrid model, monthly GLs are functionally connected to the monthly observed CW as well 
as to the estimated GW, and this input-output relationship is trained and tested by ANN. The statistical analysis of the results 
shows that the hybrid model works appropriately. In the final step optimal CW and corresponding GW are employed as input 
predictors in the trained hybrid model to get corresponding GL which are then checked if they violate either the upper 
waterlogging threshold or the lower limit of a too severe drop of the groundwater table. In conclusion, the innovative coupled 
hybrid Wavelet-ANFIS/FCM- PSO model developed here reveals itself to be a helpful tool for developing  efficient 
conjunctive surface-groundwater resources management systems, particularly, when there is a lack of data, and/or when the 
physical processes of surface-groundwater interactions are not completely understood., so that deterministic physical models 
are barely applicable. 

(6) Linear programming (LP) is applied for the determination of optimal agricultural cultivation pattern in a field with 
100 ha area located in the Kermanshah city, western Iran. LP maximizes farmers’ profits under soil area and water availability 
constraints. The results show that with the optimum cultivation pattern, 11.3 % net income will be increased and a further 
reduction of 11.9% of the total available water can be achieved per year.  

(7) Nonlinear programming (NLP) and multiple linear regression (MLR) are applied along the reach of the Mehranrood 
river, northwestern Iran to optimize Muskingum-based flood routing. Based on the results it is concluded that these two 
parameter optimization methods proposed here for the automatic calibration of the routing coefficients in the widely used 
Muskingum flood routing method are powerful and reliable procedures for river flood routing. 

(8) Spatial multi criteria decision making (SMCDM) is used for determining the most suitable areas of artificial recharge 
in the Shabestar plain, northwestern Iran. Five criteria-parameters determining most likely artificial recharge, namely slope, 
hydrological soil group, quaternary units, alluvium thickness and GLs are overlaid by the analytical hierarchic process (AHP). 
The results indicate that the slope is the most important parameter determining the suitability of an area for artificial recharge. 
The suitable areas found in this way are further processed, to take into account pasture lands and the presence of a minimum 
of a drainage network (exclusionary areas) and then prioritized, based on the general availability of water, i.e. the annual runoff 
production. Because of a lack of hydrographic information for these areas, Justin’s method has been used to that avail, 
employing hydrographic information from a similar, adjacent watershed with comparable runoff characteristics. 

In conclusion, the application of the various physical and data-driven simulation and optimization methods - some of 
which novelties and unknown hitherto - to several water resources management problems in four Iranian case studies illustrate 
that such models can be effective management tools for handling different aspects of water resources issues. 
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KURZFASSUNG 
Die Anwendung von physikalischen und mehreren datenbankgestützten stochastischen hydrologischen Simulations-

Optimierungstechniken ist ein wichtiger Aspekt in der Wasserressourcenplanung  für die Vorhersage zukünftiger wasserbeeinflussender 
Ereignisse und Zustände. Entsprechende Modelle und Algorithmen wie konzeptionelle Oberflächen-und Grundwassermodelle, künstliche 
neuronale Netzwerke (KNN), Schwarmintelligenz und Fuzzy-Logik wurden in vielen Forschungsprojekten des konjunktiven Managements 
von Oberflächengrundwasserressourcen in den letzten Jahren entwickelt und eingesetzt. Die Verwendung dieser Modelle und Algorithmen 
führt zu einer erhöhten Genauigkeit bei der Modellierung von Wasserressourcen-Allokationsproblemen geführt, wie in der vorliegenden 
Arbeit gezeigt wird, in der verschiedene physikalische und datengetriebene stochastische, hydrologische Simulationsoptimierungsmethoden 
für die optimale Oberflächen/Grundwasser Bewirtschaftung in mehreren iranische Regionen, die in den letzten Jahrzehnten zunehmendem 
Wasserstress ausgesetzt worden sind - nicht zuletzt wegen des Klimawandels- angewendet. Die Kombination dieser Methoden / Fallstudien 
führte zu 8 einzelnen Forschungspublikationen, die entweder bereits veröffentlicht oder gerade im Druck sind. 

(1) Eine 3D-Grundwasserströmungsmodellierung der möglichen Auswirkungen des zukünftigen Baues eines Bewässerungs- / 
Entwässerungsnetzes auf dem Grundwassertisch in der Miandarband-Ebene Iran wird mit dem MODFLOW-Modell durchgeführt. Die 
Ergebnisse der Kalibrierung, Verifikation und Simulation zeigen, dass nach 10 Jahren Bewässerungsbetrieb mehr als 50% der Oberfläche der 
Ebene unter Stauwassereinfluss stehen wird. Daher ist eine effektive Wasserressourcen-Management-Strategie erforderlich, um 
Wasserprobleme zu vermeiden. 

(2) Grundwasserstand- (GL) Schwankungen in der Miandarband Ebene, Iran, werden simuliert und mittels ANN und ANFIS Modellen 
vorhergesagt. Zu diesem Zweck werden drei Rückprojektionsvarianten von FFNN, sowie ANFIS,  in Form eines dynamischen Modelles für 
die GL's als Funktion der vorherigen GL und des Niederschlags aufgesetzt. Die statistischen Ergebnisse zeigen, dass ANFIS alle FFNN-
Modellvarianten übertrifft. Darüber hinaus bietet FFNN, aber mehr  noch, ANFIS, zuverlässige konzeptionelle Modelle für die GL-Vorhersage 
unter verschiedenen Wasserressourcen-Management-Szenarien und können so wertvolle Modellierungsinstrumente für die Grundwasser-
Ressourcenplanung sein 

(3) ANFIS-Simulationen werden auf Basis der Fuzzy-Clustering-Methode (FCM) durchgeführt, was zuverlässigere GL-Schätzungen 
ermöglicht. FCM ist ein leistungsfähiger, unbeaufsichtigter Algorithmus, der zunächst die Daten in Gruppen auf Grundlage von Ähnlichkeiten 
organisiert, auf die dann anschließend ANFIS angewendet wird. Obwohl ANFIS eine flexible und nützliche Methode in hydrologischen 
Simulationsstudien ist, hat es einige Probleme mit Daten von nicht-stationären Zeitreihen, so dass Eingabe- und Ausgabe-Daten einige 
Vorverarbeitung erfordern, so dass aus diesem Grund diskrete Wavelet-Transformation (DWT) auf der Grundlage von Multiresolution-
Analyse (MRA) angewendet wurde. Darüber hinaus kann der Wavelet-Ansatz mit ANFIS kombiniert werden, um ein Hybridmodell mit dem 
Titel Wavelet-ANFIS / FCM-Modell zu erstellen. Die Ergebnisse zeigen, dass das Hybridmodell, das das Symlet-Mother-Wavelet und die 2-
stufige Input-Zerlegung durch das DWT-MRA-Verfahren verwendet, alle anderen Modellvarianten, einschließlich  ANFIS und Wavelet-
ANFIS, mit unterschiedlichem Wavelet oder Zerlegungsgrad übertrifft. Abschließend scheint das Wavelet-ANFIS / FCM-Modell ein 
zuverlässiges Werkzeug für die GL-Vorhersage unter verschiedenen Wasserressourcen-Management-Szenarien zu sein 

(4) Der Bewässerungswasserbedarf (IWR) in der Miandarband Ebene, Iran, wird auf der Grundlage der FAO-56-Pflanzen-
Evapotranspirationsmethode unter Verwendung von (1) empirischen  Erntekoeffizienten (Kc) der vorherrschenden Kulturen in der Region 
und (2) durchschnittlichem Kc, bestimmt aus Vegetationsindizes (VI) aus Fernerkundungsdaten, nämlich Kc-normalisierter differenzierter 
Vegetationsindex (NDVI) und Kc-bodenbereinigter Vegetationsindex (SAVI), von 6 Bändern des Landsat 8 Satelliten ermittelt. Die 
Ergebnisse zeigen, dass diese durch Fernerkundung bestimmten Erntekoeffizienten nicht nur nützlich sind, um die IWR abzuschätzen, sondern 
auch zeitliche Änderungen in der Gesamtfläche unter Ackerbau zu ermitteln 

(5) Für die Berechnung der optimalen Förderwasser (CW) und damit der optimalen Wasserverteilung der Oberflächen-und 
Grundwasserressourcen in der Miandarband-Ebene wird eine gekoppelte Simulations-Optimierungsmethode verwendet, bei der das Hybrid-
Wavelet-ANFIS / FCM  Hybridmodell mit der Partikel-Schwarm-Optimierung (PSO) für die landwirtschaftliche Bewässerung in der 
Miandarband-Ebene gekoppelt wurde. Dabei werden die Effekte der Grundwasserentnahme (GW)-  als Differenz zwischen IWR und dem 
optimalen CW - auf die GLs geschätzt. Um die optimale Freisetzung aus der Gavoshan-Talsperre zu finden, wird ein beschränktes 
Optimierungsmodell, das auf objektiven Anforderungen und Einschränkungen des langfristig beobachteten in das Reservoir zufließenden 
Oberstromes basiert, auf Grundlage von PSO entwickelt und gelöst. Die optimale CW aus dem Reservoir in die Miandarband-Ebene wird auf 
der Grundlage der politisch priorisierten Anteile des für die häusliche, umwelt- und landwirtschaftliche Nutzung zugeteilten Wassers 
berechnet. In dem Hybridmodell sind die monatlichen GLs funktional mit den monatlich beobachteten CW sowie mit den geschätzten GW 
verbunden und diese Input-Output-Beziehung werden mit dem ANN-Model trainiert und getestet. Die statistische Auswertung der  Ergebnisse 
zeigt, dass das Hybridmodell entsprechend gut funktioniert. Im letzten Schritt werden optimale CW und entsprechende GW als Input-
Prädiktoren im trainierten Hybridmodell verwendet, um entsprechende GL vorherzusagen. Letztere werden dann geprüft, ob sie entweder die 
obere Wassersättigungs-Schwelle oder die untere Grenze eines zu starken Abfalls des Grundwasserspiegels verletzen. Zusammenfassend lässt 
sich feststellen, dass sich das hier entwickelte innovativ gekoppelte Hybrid-Wavelet-ANFIS / FCM-PSO-Modell als ein sehr hilfreiches 
Werkzeug für die Entwicklung effizienter konjunktiver Oberflächen-Boden-Ressourcen-Management-Systeme, insbesondere bei fehlenden 
Daten und / oder wenn die physikalischen Prozesse der Oberflächen-Grundwasser-Wechselwirkungen nicht vollständig verstanden sind, so 
dass deterministische physikalische Modelle kaum anwendbar sind, ausweist 

(6) Lineare Programmierung (LP) für die Bestimmung des optimalen landwirtschaftlichen Anbaufeldes in einem Feld mit 100 ha Fläche 
in der Stadt Kermanshah im westlichen Iran angewendet. LP maximiert die Gewinne der Landwirte unter Boden- und 
Wasserverfügbarkeitsbeschränkungen. Die Ergebnisse zeigen, dass mit dem optimalen Anbau-Muster das Nettoeinkommen um 11,3%  erhöht, 
und eine weitere Reduktion von 11,9% des gesamten verfügbaren Wassers pro Jahr erreicht werden kann. 

(7) Nichtlineare Programmierung (NLP) und Multiple Lineare Regression (MLR) wird auf das Hochwasser-Routing entlang einer 
Sektion des Mehranrood-Flusses im nordwestlichen Iran zur Optimierung des Muskingum-Formalismus angewendet. Die statistische Analyse 
der Resultate ergibt sich, dass diese beiden neuen, hier vorgeschlagenen Parameteroptimierungsmethoden für die automatische Kalibrierung 
der Muskingum- Routingkoeffizienten leistungsstarke und zuverlässige Verfahren für das Hochwasser-Routing in Flüssen darstellen. 

(8) Multi-Kriterien-Entscheidungsfindung (SMCDM) wird für die Bestimmung der am besten geeigneten Bereiche der künstlichen 
Grundwasserneubildung in der Shabestar Ebene, nordwestlichen Iran verwendet. Fünf wichtige Kriterien-Parameter, die die wahrscheinlichste 
künstliche Grundwasserneubildung bestimmen, nämlich die Steigung, die hydrologische Bodengruppe, die quartären Einheiten, die 
Alluviumdicke und die GLs werden nach dem Analytic Hierarchy Process (AHP) -Verfahren überlagert. Die Ergebnisse zeigen, dass die 
Steigung der wichtigste Parameter ist, der die Eignung eines Bereichs für die künstliche Grundwasserneubildung bestimmt. Die so gefundenen 
geeigneten Bereiche werden weiter verarbeitet, um Weideflächen und das Vorhandensein eines Abwasserkanals (Ausschlussgebiete) zu 
berücksichtigen. Diese ausgewählten Bereiche werden dann priorisiert, basierend auf der allgemeinen Verfügbarkeit von Wasser, nämlich 
dem jährlichen Potenzial der Abflussproduktion. Wegen des Mangels an hydrographischen Informationen für diese Bereiche wird die Methode 
nach Justin verwendet, wobei hydrographische Informationen aus einer ähnlichen, benachbarten Wasserscheide mit ähnlichen 
Abflusscharakteristiken verwendet wurden. 

Zusammenfassend zeigt die Anwendung der verschiedenen physikalischen und datengetriebenen Simulations- und 
Optimierungsmethoden - einige davon Neuheiten und bisher unbekannt - auf mehrere Probleme der Bewirtschaftung von Wasserressourcen 
in vier iranischen Fallstudien, dass solche Modelle effektive Instrumente für den Umgang mit verschiedenen Aspekten des optimalen 

Wasserressourcenmanagements darstellen. 
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Chapter I 

Introduction 

I.1. Use of models for water resources management  

Changing hydrological conditions occurring in arid and semi-arid regions (climate 

changing phenomena that affect rainfall temporally and spatially), as well as the increasing 

exploitation of surface and groundwater resources have caused fundamental changes in the 

surface water flow regimes and severe drops of groundwater levels in many regions of the 

world. Responding appropriately to the usually growing water demands under these threatening 

situations necessitates the use of the techniques of integrated water resources management 

more than ever before. The main priority of the latter is to find suitable methods and models in 

order to simulate the optimal use of the available water resources. Decision making and 

planning for the prediction of future water-affecting events and conditions requires the use of 

models and methods. In recent years, appropriate models and algorithms such as conceptual 

models, multilayer feed forward neural network (FFNN), adaptive neuro fuzzy inference 

(ANFIS), wavelet signal processing and particle swarm optimization (PSO) have been 

developed and used in many research projects of integrated water resources management. The 

combination of these models and algorithms has led to even an increased accuracy in the 

modeling of water resources allocation problems. In this regard, this document serves as a PhD 

dissertation that focuses on application of physical and several data-driven stochastic 

hydrological simulation-optimization techniques in water resources management. 

 

I.2. General research objectives and thesis structure 

This PhD dissertation has been written in the format of collection of 8 papers (cumulative 

thesis) to show application of different physical and data driven. The specific objectives of the 

thesis research proposed are as follows: 

- Simulation  of  3D  groundwater  flow,  using  the  well-known,  MODFLOW  model  

to study  the  possible  effects  of  the  construction  of  an  irrigation/drainage  network  

on waterlogging in the Miandarband plain, western Iran (Chapter 1). 

- Set-up and application of appropriate data-driven “soft” computing models, namely, 

FFNN and ANFIS to simulate and predict  groundwater level (GL) fluctuations in the 

Miandarband plain (Chapter 2). 

- Development of an  ANFIS  model  by  clustering  inputs  using  the fuzzy  c-means  

(FCM) clustering  method  and   multiresolution  analysis based on the discrete  wavelet  

transform (DWT-MRA),  i.e.  developing an  innovative  hybrid  wavelet-ANFIS/FCM  

model  for  GL- simulation  and  prediction  in  the Miandarband  plain (Chapter 3) 

- Estimation of the  water  demand  using  FAO-56  computed crop-coefficients and  

remote  sensing  techniques  in the Miandarband plain (Chapter 4) 

- Application of  parametric  and  non-parametric  statistical  methods  to estimate  dam  

inflow exceedance probabilities for the Gavoshan Dam, located in western Iran and 
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development of  an innovative coupled hybrid Wavelet-ANFIS/FCM-  PSO model for  

the set-up of efficient conjunctive surface-groundwater resources management 

strategies in the Miandarband plain (Chapter 5). 

- Optimization of cultivation pattern in 100 ha agricultural field in Kermanshah City, 

western Iran, for maximizing farmers' profits under land-  and water constraints by 

means of linear-programming (Chapter 6) 

- Application of two new parameter estimation techniques, namely, nonlinear 

programming (NLP) and multiple linear regression (MLR), for estimating optimal 

routing coefficients in the Muskingum  flood  routing  model  along  the  reach  of  the  

Mehranrood  River, northwestern Iran (Chapter 7) 

- Integration of spatial  multi  criteria  decision  making  (SMCDM)  with  geographic 

information  systems  (GIS)  for  determining  the  most  suitable  areas  for  artificial 

groundwater recharge in the Shabestar plain, northwestern, Iran (Chapter 8) 
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Chapter 1 

 

3D- groundwater flow modeling of the possible effects of 

the construction of an irrigation/drainage network on 

water logging in the Miandarband plain, Iran1 
 

Mohammad Zare and Manfred Koch 
Department of Geohydraulics and Engineering hydrology 

University of Kassel, Germany 
 

Abstract:  
 

The Miandarband plain is one of the most fertile plains of the Kermanshah province, Iran, as it is 

endowed by ample surface and groundwater resources. With the construction of irrigation and drainage 

networks and the reduced use of groundwater resources, the groundwater table has risen and caused 

water logging, followed by salinization of the arable soils in the plain. Environmental deterioration and 

economical losses have been the consequence. Thus, the importance of a water table fluctuation study 

in response to the construction of irrigation and drainage network in the Miandarband plain becomes 

clear. In this study the fluctuations of the groundwater table have been simulated in both steady-state 

and transient regimes using the 3D groundwater flow model MODFLOW within the GMS 6.5 

environment. For the setup of the conceptual model, meteorological, geological, hydrological and 

hydrogeological parameters, pertinent to the Miandarband area, have been acquired and implemented 

into the model. Based on the geological composition of drilling log cores, the aquifer is divided 

vertically into 11 horizontal layers. The groundwater surface measured in April 2007 is used to carry 

out the steady-state calibration and employed, at the same time, as initial condition for transient 

simulation with head measurements taken between May 2007 and March 2009. For model verification 

the heads measured in the subsequent month, April 2009 are used. A very good agreement between 

simulated and observed groundwater heads with a coefficient of determination R2 of 0.99 is obtained. 

In the next step the transient effects of the operation of the irrigation and drainage network on the ground 

water table is analyzed, whereby the simulations are started with initial conditions as they have existed 

prior to the operation of the irrigation/drainage network. In addition, to satisfy the needs of the proposed 

cropping pattern with the recommended surface irrigation, an annual water volume of 176.2 MCM is 

transferred from the Gavshan dam to the Miandarband irrigation and drainage network. It is assumed 

that 25% of this irrigation water infiltrates into the aquifer as recharge. With these parameters ground 

water levels for times of 1, 5 and 10 years after the start of the network operation are calculated. The 

results show that after 1 year the groundwater table in the center of the plain rises about 1.8 m, going 

up to 3.2 and 5.2 m after 5 and 10 years, respectively.  Moreover, after 1 year, 6.59% of the plain’s areas 

are waterlogged, a value which goes up to 37.91% and 56.28% after 5 and 10 years, respectively. In 

conclusion, by using a transient groundwater flow model it is possible to control the ground water levels, 

thereforeto prevent the occurrence of detrimental water logging events in irrigated agricultural areas.   

 

Keywords: Miandarband plain, Iran, groundwater flow modeling, irrigation, water logging. 

 

                                                           
1 Zare, M. and Koch, M., (2014). 3D- groundwater flow modeling of the possible effects of the construction of an 

irrigation/drainage network on waterlogging in the Miandarband plain, Iran. Basic Research Journal of Soil & Environmental 

Science. Vol. 2(3) pp. 29-39 June 2014 
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1.1. Introduction 

 

Changing hydrological conditions occurring, for example, in the wake of future climate 

change (IPCC, 2007) by alterations of temperatures and precipitation will have detrimental 

effects on the surface and groundwater resources in many areas of the world (e.g. Koch, 2008; 

Fink and Koch, 2010). This holds particularly for regions and countries, which are already 

nowadays affected by water scarcity, such as the Middle Eastern region, including Iran. There, 

responding also to the needs of a strongly increasing population, rising water withdrawals have 

already caused drastic changes in the surface flow regimes and severe drops in groundwater 

levels in many basins of that country.  

Responding to all water demands and converting weak points and threats to this resource 

to new capabilities and opportunities necessitates the use of appropriate water resources 

management strategies more than ever before. Therefore, finding suitable methods and models 

for conjunctive use of water resources, that have maximum efficiency, is one main priority in 

water resources management. (Bejranonda et al., 2009)   

One particularly water-affected region in the west of Iran is the Miandarband plain, where 

groundwater serves as the main source of irrigation. The construction of the Gavoshan Dam’s 

irrigation and drainage network is a national project in Miandarband plain that is supposed to 

be realized in the near future. Although the main goal of this project is the agricultural 

development in the basin, some of its effects could also be undesirable, due to a lack of effective 

water resources management. In fact, after the construction of such a modern irrigation and 

drainage network, the groundwater withdrawal could be reduced significantly, so that the 

groundwater table level could rise, and water logging may occur subsequently. This 

phenomenon is prevalent in artificially irrigated, agricultural areas in many arid   regions across 

the globe, where it then causes numerous economic and environmental losses, for instance, 

among other factors, increasing soil salinity (Rhoades and Loveday, 1990). Therefore, one key 

to understand water logging and to develop measures, to prevent it, such as proper drainage 

(Ritsema, 1994), is an analysis of the groundwater table fluctuations in the region affected. This 

can be done efficiently by the use of numerical groundwater flow models (Mahmudian 

Shoushtari, 2010). 

In recent years, groundwater simulation models such as the well-known MODFLOW 

groundwater model (McDonald and Harbaugh, 1988) have been widely employed in general 

groundwater flow studies and, namely, in applications of conjunctive water use, which is often 

the cause for the named water-logging problems in irrigation command areas (Bejranonda et 

al., 2009; Dafny et al., 2010; Xu et al., 2011; Koch et al., 2012). For example, Kim and Soltan 

(2006) simulated the impacts of an irrigation and drainage network on the Nubian aquifer’s, 

Egypt, groundwater resources using MODFLOW. The authors showed that, in order to prevent 

waterlogging problems in the floodplain, an effective water resources management strategy 

must be applied. Kumar et al. (2009) simulated the groundwater flow in part of the Western 

Yamuna Canal (WYC) in Haryana state (India) by Visual-MODFLOW. The long-term 

variation of the water table in the study area (May 1985–May 2004) showed that in the central 

area, north and all along the River Yamuna the water level dropped by 10–16 m. On the other 

hand, in the south and southwestern part of the model region, the water level rose by 5–10 m, 

creating waterlogging conditions.  The results of the modeling exercise showed that continuing 
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with the present rate of groundwater pumping may lead to a further deterioration of the 

groundwater situation in the future with the groundwater table declining further in the already 

afflicted area with no changes to be anticipated  in the waterlogged areas.  

Several groundwater modeling studies deal with groundwater flow in regions of Northern 

China, where many areas are facing water resources shortages and/or the named pollution 

problems which, eventually, have already adversely affected the agricultural productivity (e.g. 

Wang et al, 2008; Xu et al., 2011 Xu et al., 2012). Groundwater resources problems in 

Thailand, where regularly interchanging periods of droughts and flooding are often leading to 

large fluctuations of the groundwater table, have been numerically analyzed by Bejranonda et 

al. (2009) and Koch et al. (2012), both of which indicated the need for more elaborated 

approaches for optimal conjunctive water uses in such extreme situations.  

In the present study, groundwater flow in the Miandarband plain will be studied and then 

the effects of the construction of the Gavoshan Dam’s irrigation and drainage network on the 

groundwater resources in the region will be simulated, using the MODFLOW groundwater 

flow model in the GMS 6.5 environment (USACE, 2008).  

 

1.2. Study methods  

 
1.2.1. Study area  

The Miandarband plain is located in western Iran, near the city of Kermanshah. This region 

is geographically limited in the North by the Gharal and Baluch mountains and in the South by 

the Gharsu River and has a surface area of about 280km2 (see Figure 1.1). Surface water in the 

study area occurs in the form of springs and stream flow, with the major river being the Razavar 

River (Anonymous, 2010).  

 

1.2.2. Hydro-meteorological data 

Meteorological as well as hydrological data are required for the development and 

calibration of a mathematical and/or numerical groundwater model. The long-term average 

monthly meteorological data recorded over a period of at least 35 years in the study area are 

listed in Table 1.1, whereas Table 1.2 shows the long-term averages of monthly and annual 

inflow and outflow discharge data at three gauging stations. The Pirmazd and Hojatabad 

hydrometer stations discharge data are to be used as inflow and outflow boundary conditions, 

respectively, for water budget estimations in the plain. This data is augmented by discharge 

measurements at the Doab-mereg station at the Gharasu River 
 

Table 1.1. Miandarband plain’s long-term average monthly and annual values for the meteorological 

parameters precipitation, potential evapotranspiration and temperature.  
Annual. Mar Feb Jan Dec Nov Oct Sep Aug Jul Jun May Apr Parameter 

447 79.1 76.6 49.9 60.5 49.2 11.2 0.7 0.25 0.1 2.1 41.1 76.1 P (mm) 

1747.7 55.6 34.2 23.7 32.7 78.6 157.4 255.6 312.4 308.8 231.5 149 107.9 ET0 (mm) 

13.8 6.5 2.5 2.1 5 10.1 16.1 21.9 26.5 26.4 21.5 16.1 11.6 T(Co) 
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Figure 1.1. Miandarband plain groundwater study area in western Iran 

Table 1.2 Miandarband plain’s average of annual monthly long-term inflow (station Pirmazd), outflow 

(station Hojatabad) as well as the discharge at the station Doab-mereg at the Gharasu river (see Figure 

1.1) (in m3/s) 
Annual Mar Feb Jan Dec Nov Oct Sep Aug Jul Jun May Apr Station 

5.93 60.72 9.6 4.94 4.92 1.26 0.17 0.1 0.16 0.42 1.71 10.24 22.41 Pirmazd 

7.86 19.15 12.19 7.08 5.36 2.71 1.46 1.36 1.59 2.29 4.66 13.93 22.49 Hojatabad 

5.15 13.06 6.33 4.22 3.95 2.27 1.19 0.95 1.16 1.84 3.05 8.6 15.23 
Doab-

mereg 

 

1.2.3. Hydrogeological data 

With regard to hydrogeological data, there are 1,160 wells and 7 springs in the study area 

(see Table 1.3). According to the water statistics for year 2003, agriculture used 151.928 

MCM/year of groundwater reservoir, which corresponds to an average pumping rate of 

4.15lit/sec for each well (Gamasiab, 2007).  

In order to identify aquifer thickness and other subsurface characteristics relevant for the 

groundwater study, data from drilling log cores for 8 piezometric wells as well as estimates for 

the transmissivity and the storativity from aquifer pumping tests at six of these wells have been 

used. Table 1.4 summarizes the most salient subsurface properties deduced from the drilling 

log core data at the wells. 

Table 1.3 Miandarband plain’s monthly spring discharge data (in L/s) 
Mar Feb Jan Dec Nov Oct Sep Aug Jul Jun May Apr UTM(y) UTM(x) Spring 

39 20 12 5 2 0 0 0 0 0 18 24 3837541 674734 Bernjan 

20 22 10 4 1 0 0 0 0 0 15 18 3817519 684326 
Khezre-

zende 

54 58 34 10 6 0 0 0 0 0 47 58 3817121 683967 
Khezre-

elias 

109 129 62 55 28 14 14 27 34 31 68 78 3828578 673623 Hashilan 

32 39 23 10 7 4 4 5 6 7 22 20 3827507 671118 Soorkal 

968 729 174 110 70 38 24 20 24 28 332 470 3832110 680360 Varmenje 

387 321 248 88 113 83 24 60 82 114 287 346 3816620 675724 Yavari 
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Table 1.4. Drilling log core data from 8 wells, with well depths, estimated values of transmissivity and 

storativity, as well as inferred bed rock lithology (adapted from Gamasiab, 2007)    

Rock type 
Transmissivity T 

(m2/sec) and storativity 
S 

Depth (m) UTM (y) UTM (x) 
Location of 

well 

Conglomerate & 

Radiolarit 
T= 1750 240 3824210 677470 Ahmad abad 

Conglomerate not measured 198 3825318 682929 Tappe afshar 

Marl T = 1200, S=0.004 156 3826753 672807 Hashilan 

---- T=10000 132 3831210 675660 Sartip abad 

Conglomerate T=607, S=0.025 82 3815500 686850 Ahmadvand 

Radiolarit T= 1570 71 3811278 686753 Pirhayati 

Lime stone not measured 86 3815506 668552 Koorbalagh 

Shale T = 750, S=0.0003 209 3811661 681770 Nazarabad 

 

1.3. RESULTS AND DISCUSSION 

1.3.1. Stratigraphy layering 

Based on the geological information inferred from the drilling log cores at the 8 well 

locations (Table 1.4), the groundwater aquifer is divided vertically into 11 horizontal layers, as 

shown in Figure 1.2 These layers are made of the following soils/soil-mixtures: 1. clay, 2. clay-

sand, 3. clay-gravel, and 4. gravel-stone. Each of these soil materials has a certain permeability 

or, more important for groundwater modeling studies, a hydraulic conductivity K (see Table 

1.6), which will be used and refined in the later model calibration task. Suffice to say here that 

the clay as well as the lower gravel-stone (consisting mostly of compacted marl) layers are 

acting essentially as aquitards. 

 

1.3.2. Groundwater characteristics of the Miandarband plain  

Groundwater flow direction, recharge and discharge areas, hydraulic interaction of 

surface-groundwater resources and other hydrogeological characteristics of the Miandarband 

plain have been obtained from piezometric head data recorded monthly at 24 wells during the 

time period 1991-2008. The locations of these wells and the piezometric isolines generated 

from point measurements made in April 2006 by inverse distance weighting (IDW) are shown 

on the left and right in Figure 1.3, respectively. One may clearly notice from the latter that the 

groundwater table follows pretty much the topography of the Miandarband plain. 

From the monthly 1991-2008 head measurements at the 24 wells across the Miandarband 

plain an average hydrograph of groundwater table fluctuation in the basin has been generated. 

Figure 1.4 illustrates that the groundwater heads follow a clear annual cycle, with highs in the 

late spring, due to seasonal groundwater recharge by the abundant winter rains in the region, 

and lows by the end of the dry summer season (see Table 1.2), during which the aquifer is 

further stressed by accentuated seasonal groundwater pumping. It is also interesting to note that 

the amplitude of the annual cycle has been steadily increasing over the years which might be 

due to a combination of climate change variations and aquifer overdraft. As a final 

consequence, the average groundwater table in the Miandarband plain has declined by about 

5m during the nearly two-decades-long record period 1991–2008. 
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Figure 1.2. Stratigraphic sub-surface layering of the study area shown in two directions, together with 
a table of the attribution of the soils to the various layers. The vertical extension of the stratigraphic 

plot is 203 m.   

 

 
 

Figure 1.3 Locations of the piezometers (left) and head contours (in m ASL) for April 2006 data 

(right). 
 

1.3.3 Development and setup of a groundwater flow model for the Miandarband aquifer 

system  

1.3.3.1 The conceptual model  

The first step in setting up a numerical groundwater flow model is the build-up of an 

appropriate conceptual model, in order to assess the groundwater system in its simplest form.  
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Figure 1.4. Average hydrograph of 1991-2008 monthly groundwater elevations (in m ASL) in the 

Miandarband plain. 

 

Since the complete setup of the field system is difficult and almost impossible, 

simplifications of difficult issues need to be made during the model development task 

(Anderson and Woessner, 1991). The setup of the conceptual model requires a thorough 

understanding of the general hydrology, hydrogeology, as well as the dynamics of the ground 

water flow in and around the study area. The result of this primordial task is then usually the 

setup of a computerized database as well as the generation of simplified digital maps and cross 

sections that will be used later in the set-up of the numerical model. 

In order to develop this conceptual model, some field visits into the study area were 

undertaken and different hydrogeology-, hydrology- and drilling log core (see Table 1.4) 

reports related to the Miandarband plain were used. Eventually, a schematic plan of the system 

was developed using data from observation wells, flow discharge, infiltration resulting from 

precipitation and calculations of water balances.  

 

1.3.3.2 Finite difference grid discretization of the model domain  

Based on the results of the geological (see Table 1.4) and various other geophysical 

investigations (Anonymous, 2010), and following the ensuing stratigraphy plot (Figure 1.2), 

the Miandarband model aquifer has been set up as unconfined/confined mixed aquifer with 11 

layers, whereby the upper aquifer layer is considered as unconfined and all layers below are 

allowed to convert from confined to unconfined and vice versa, depending on the computed 

head elevations in a layer under question.  

With this information, a 3D finite difference grid of the model domain has been created in 

the GMS- environment, consisting of 100x100 cells in the horizontal-, and 11 layers in the 
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vertical direction.  The overall dimensions of the model in x, y and z directions are 22000, 

30000 and 203 meters, respectively. Figure 1.5 shows the 3D- model grid created in this way 

with the various colored lines marking sections where different packages for inflow/outflow 

and/or stresses on the groundwater system in MODFLOW are activated (see following sections 

for details). 

 

1.3.3.3 Boundary conditions 

The specification of the appropriate boundary conditions is another challenge in 

groundwater modeling studies. Boundary conditions are necessary to represent the 

groundwater system’s interaction with the surrounding area (e.g. Ahmed and Umar, 2009).  

Two kinds of boundary conditions (BC) were formulated at the boundaries of the model 

domain (see Figure 1.6, left panel): (1) Neumann- (no flow) BC’s along those segments of the 

domain which, because of the surface topography of the Miandarband plain, form some kind 

of water divide (black segments in the Figure 1.6 ) and, (2) general head boundaries (GHB) 

where the inflows/outflow across the boundary is computed by QB = C*(hout - haquif), 

(McDonald and Harbaugh, 1988) where hout is a specified head outside the domain, haquif  is the 

unknown (simulated) head next to the boundary inside the aquifer and C (m2/s) is the 

conductance of the soil in the boundary segment. There are 11 GBH-segments along the whole 

model boundary which are indicated in Figure 1.6 by the red lines. As vindicated by the later 

model computations for haquif  and the ensuing signs in the equation for QB above, all, but #11 

of the numbered GHB segments are inflow boundaries, with only the latter being an outflow 

boundary. As for the boundary conductance C, it will be estimated and fine-tuned during the 

calibration process (see Table 1.7). 

 

1.3.3.4 Sources and sinks in the aquifer system 

In addition to the mentioned in- and outflows across the boundaries of the model, the 

Miandarband aquifer system gains inflow from infiltration through precipitation (recharge), 

and some streambed infiltration from the Gharasoo River. Apart from the afore-mentioned 

groundwater outflow across the downstream boundaries of the model domain, most of the 

aquifer’s water loss is due to the pumping from the 1,160 wells and discharge through the 7 

springs (see Table 1.4 and Figure 1.6, right). It should be noted here that since the installation 

specifications of the wells, namely, their depths were not always known (many of them were 

drilled most likely without proper legal authorization), their penetration lengths have been 

limited in the model to the bottom of first layer. 

The river–aquifer interaction was simulated using the river boundary package of 

MODFLOW. There is a seasonal (ephemeral) river (Razavar River) in the study area that acts 

more or less like a drainage system for the Miandarband plain, i.e. is a sink to the aquifer 

system, even during the wet season, since the groundwater levels (due to water logging) during 

that period are still higher than the stream levels. 

All of these named aquifer losses (in addition to the gains and losses across the domain 

boundaries) are conveniently combined in the GMS-environment by the source&sink layer 

menu. Figure 1.6 (right) shows the upper source&sink layer 1 which is the only layer where 

losses from springs, wells and river drainage or gains from the rivers occur. 
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Figure 1.5 FD grid of the model domain with blue and red lines delineating river- and GHB- sections, 

respectively, where the corresponding MODFLOW packages are activated. The red points mark the 

locations of the wells. 
 

 

 

Figure 1.6 Left: Outline of the boundary of the model domain with segments of different types of 

boundary conditions used. Numbered red-line segments are general head boundaries, black-line 

segements are no-flow boundaries and the blue line marks the course of the Gharasoo River with a 

river boundary condition. Right:  Source&Sink layer 1 of the GMS6.5 menu, which comprises sources 

of water from lateral inflow, streambed infiltration and losses through lateral outflow as well as by 

springs and well pumping in the upper layer of the model. 
 

1.3.3.5 Surficial aquifer recharge  

Surficial aquifer recharge from infiltration of rainwater is not included in the sink&source 

layer menu and must specified extra. For calculating the monthly recharge (infiltration) R, the 

following FAO equations have been used (Allen et al., 1998): 

          

3981.06917.0,)log(8.0 TCECPR 

                            

(1-1)
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where P is the monthly precipitation (mm); E, the monthly potential evapotranspiration (mm), 

and C is a constant coefficient that is related to the monthly average temperature T (Co). 

Using the monthly values of the three required meteorological parameters for the 

simulation year April 2007 to March 2008, the recharge rates for these months were computed 

and listed in Table 1.5. These values were then incorporated in the recharge layer of GMS. The 

total infiltration during that year amounts to 44.03 mm which is about 8.5 % of the total annual 

precipitation. For the entire area of the Miandarband plain (=280km2) this results in a total 

infiltration volume of VR=12.23 MCM. 

 

Table 1.5 Monthly values of meteorological variables used in Eq. (1-1) for the computation of the 

aquifer recharge (R) from infiltration of rainwater between April 2007 and March 2008. 
Annual Mar Feb Jan Dec Nov Oct Sep Aug Jul Jun May Apr Parameter 

520.75 16.5 184.75 88.75 18.25 86.25 0 0 0 0 0 45.5 80.75 P (mm) 

1254.38 52.15 18.55 8.33 23.38 52.71 106.2 174.2 241.2 244..3 167.7 90.09 75.67 E (mm) 

---- 6.45 2.5 2.15 5 10.1 --- --- --- --- --- 16.05 11.55 T (oC) 

---- 1.45 1 0.94 1.31 1.74 --- --- --- --- --- 2.09 1.83 C 

44.03 2.97 10.84 7.5 3.24 7.3 0 0 0 0 0 5.15 7.03 R (mm) 

12.23 0.83 3.03 2.1 0.91 2.04 0 0 0 0 0 1.44 1.97 
VR 

(MCM) 

 

1.3.4 Model calibration 

An important part of any groundwater modeling task is the model calibration process. In 

order for a groundwater model to be used in any type of predictive role, it must be demonstrated 

that the model can successfully simulate observed aquifer behavior. Calibration is the process, 

wherein certain parameters of the model such as recharge, hydraulic conductivity and, - for 

transient models- , the specific yield, and other specific aquifer parameters are altered in a 

systematic fashion and the model is repeatedly run until the computed solution matches field-

observed values within an acceptable level of accuracy (USACE, 2008). 

In the present study, the model calibrations have been done in both steady-state and 

transient mode, whereby the hydraulic conductivity (K) has been calibrated for steady-state 

conditions, whereas the specific yield (Sy) and the two conductances C used in the general head 

boundary condition (CGHB ) (see previous section) and for the streambed in the river package 

(CRIV) have been calibrated in transient simulation mode.  

In the steady-state model calibrations the hydraulic conductivities of the four aquifer rock 

materials  clay, clay-sand, clay-gravel and gravel-stone, defined earlier in the stratigraphy plot 

(Figure 1.2), were calibrated on the aquifer heads observed at the 24 piezometers (see Figure 

1.3) across the plain during the month of April 2007. The results are shown in Table 1.6 and 

appear to be consistent with what one would expect for the hydraulic conductivities of these 

soil materials.    

For the transient calibrations, the model was run for the May 2007 to March 2008 time 

period, using the head results of the optimal steady-state April 2007 calibration run as starting 

heads. To calibrate Sy, CGHB and CRIV by trial and error, the model had to be run more than 200 

times. For Sy a value of 0.022 has finally been obtained: The normalized (per unit length of 

boundary, respective stream length) values for CGHB and CRIV , i.e. the equivalent hydraulic 

conductivities, are listed in Table 1.7. 
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Table 1.6 Calibrated initial and final values of the hydraulic conductivity for the four soils used (see 

Figure 1.2)   
final value (m/d) initial value (m/d) Material 

0.05 0.03 Clay 

1 1 clay-sand 

2 3 clay-gravel 

0.01 0.02 gravel –stone 

 

Table 1.7 Calibrated normalized conductances (=hydraulic conductivity) for river beds and the general 

head boundaries 

final value (m2/d/m)   initial value (m2/d/m)  Normalized conductance 

10 25 river bed 

5 10 general head 

 

To certify the results of both steady state and transient simulation the coefficient of 

determination R2 of the linear regression between the MODFLOW simulated heads and the 

observed ones at the 24 piezometers has been computed. Figure 1.7 (left) shows the 

corresponding points and the regression line for all months of the transient simulation period 

April 2007 to March 2008. The high value of R2=0.997 hints of a very good fit of the simulated 

to the observed heads. 

In addition, the quality of the transient simulations has been checked by means of the least 

significant test (LSD) (Montgomeri, 2006). In this test the H0 – hypothesis: there are no 

significant differences between calculated and observed data, is tested against the alternative 

H1 : there are differences. The test statistics is based on: 

 

          dp StLSD *),/( 21 
    

, 
    r

MSE

d
S

2


                       
(1-2)        

          

where t(1-α/2,p) is the value of the t – statistic freedom at the significance level α and p degrees 

of freedom, 
d

S  is the standard deviation, MSE is the mean square error between computed and 

observed data, and r is number of repetitions (here r = 1). The H0 – hypothesis is accepted if 

the maximum absolute difference (MAD) between calculated and observed heads is smaller 

than the LSD- test statistics.  

The LSD-test has been applied separately to the 12 monthly data (April 2007 - March 

2008) of each of the 24 observation wells, using a significance level α = 0.01. From the results 

shown in the right panel of Figure 1.7 one may notice that the MAD is smaller than the LSD 

for all piezometers, so that the H0 – hypothesis is to be accepted at the 99%-reliability level. 

The goodness of the fit of the computed to the observed heads is also indicated by the high 

individual R2 which, because of less data used (n=12), are of course smaller than the R2 

obtained above by combining all data (n=24x12) of the transient simulation.    
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Figure 1.7 Left: Simulated versus observed heads at the 24 piezometric wells for all months of the 

April 2007 - March 2008 transient simulation. Right: MAD and LSD (see Eq. 1-2), as well as R2 for 

each individual well 
 

1.3.5 Model verification 

Model verification serves to check if the calibrated model is able to predict observed 

hydraulic heads for later time period not yet used in the calibration process. As the transient 

calibration was performed for the May 2007 - March 2008- period, for verification the heads 

measured in the subsequent month, April2008 is used. As Figure 1.8 shows, a very good 

agreement between simulated and observed groundwater heads, with a coefficient of 

determination R2= 0.99, is obtained for this month of verification.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.8 Observed (left) and computed (right) head contours for the April-2008 

 

1.3.6 Effects of the construction of an irrigation & drainage network on the groundwater 

table 

As mentioned, the construction of the Gavoshan Dam’s irrigation and drainage network 

across the Miandarband plain is currently underway. Figure 1.9 delineates the courses of the 

canals already constructed or being planned. It is expected that this irrigation & drainage 

network will convey about 176.2 MCM/year of surface water from the Gavoshan Dam into the 

Miandarband plain where it will be used for agricultural irrigation. It is expected that the future 

use of groundwater will be reduced or even stopped, so that the groundwater table may rise and 
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waterlogging conditions may occur. 

Before simulating the future effects of this irrigation & drainage network on the 

groundwater system, an estimate of the additional recharge to the groundwater aquifer due to 

canal losses but, more importantly, due to direct irrigation must be made. Whereas the major 

feeding canals are lined by concrete most of the secondary canals are unlined.   

The estimation of the infiltration from irrigation water relies mostly on results from 

lysimeter experiments with wheat crops (the most popular crop cultivated in the Miandarband 

plain), in conjunction with a water budget analysis based on the long-term averages of the 

precipitation and potential evapotranspiration in the region (see Table 1.1) have been used.  

The lysimeter experiment (see Figure 1.9, right) was conducted in such a way it was filled 

up with a soil texture that mimics approximately the depth (80cm) and the composition (49.6% 

clay, 41.7% silt and 8.7% sand) of the arable soil in the plain. During the filling of the lysimeter 

the soil was compacted by hand after each 10 cm of layering, resulting in a final bulk density 

of the soil of 1.4 g/cm3. After filling and subsequent drying of the soil underneath the permanent 

wilting point (PWP), the lysimeter was irrigated, until the soil was fully saturated. As the soil 

is only able to withhold water available for the crop up to the field capacity (FC), any excess 

water will be drained downward and will serve as groundwater recharge.  

The results of these experiments show that about 25% of the irrigation water infiltrates into 

the aquifer. With a total amount of water of 176.2 MCM/year is conveyed from the dam to the 

plain (see above) this would mean that 44.05 MCM/year will infiltrate into the aquifer.  

Applying this amount of aquifer recharge uniformly across the recharge layer in GMS, its 

effects on the groundwater table after 1, 5 and 10 years after the start of the network operation 

were simulated, whereby the irrigation canals were incorporated into the MODFLOW model 

using the drain package. The results are shown in Figure 1.10, where one can notice from the 

upper panel-row the absolute rise of the groundwater levels, with steep gradients near the 

drainage canals and from the lower panel row, 

 

 

Figure 1.9 Left: Gavoshan Dam’s planned and partly constructed irrigation and drainage network. 

Right: Lysimeter used to estimate infiltrations of irrigation water into the aquifer 
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Figure 1.10. Top: Simulated piezometric isolines after 1, 5 and 10 years of the operation of the 

irrigation network, Bottom: Corresponding changes, relative to the observed heads for April 2006 (see 
Figure 1.3).  

 

where the relative changes to the April 2006 observations (see Figure 1.3) are shown, that 

already  after 1 year the groundwater table in the center of the plain has risen by 1.8 m which 

goes up to 3.2m and 5.2 m after 5 and 10 years, respectively. The results indicate further that 

after 1, 5 and 10 years of irrigation operation 6.59%, 37.91% and 56.28%, respectively, of the 

plain’s surface will be waterlogged.  

 

1.4. Conclusions  

Using the 3D groundwater flow model MODFLOW within the GMS 6.5 environment, the 

fluctuations of the groundwater table in the Miandarband plain have been simulated. After 

calibration and verification of the model, the possible effects of the future construction of the 

Gavoshan Dam’s irrigation and drainage network on the groundwater table are simulated.  The 

results show that after 10 years irrigation operation more than 50% of the plain’s surface will 

be waterlogged. Therefore, an effective water resources management strategy is required to 

prevent this imminent waterlogging problem. One well-suited policy approach to that regard 

would be the application of optimally managed conjunctive surface-groundwater operations, the 

setup of which will, however, require further quantitative groundwater management 

simulations. 
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Chapter 2 
 

Using ANN and ANFIS Models for simulating and 

predicting Groundwater Level Fluctuations in the 

Miandarband Plain, Iran1 

M. Zare & M. Koch 
Dept.of Geotechnology and Geohydraulics, University of Kassel, Kassel, Germany 

  

Abstract: 
 
The Miandarband plain is one of the most fertile plains of the Kermanshah province, Iran. The major 

water supply for agriculture is groundwater. In this regard, simulation and prediction of groundwater 

level (GL) fluctuations plays an important role for effective water resources management. GL-changes 

are complex to model, as they depend on many nonlinear and uncertain factors, thus selecting suitable 

numerical or stochastic models that could simulate the nonlinearity and complex patterns is of great 

importance. Artificial Neural Networks (ANN) and/or fuzzy logic models are one family of models that 

have proven to be very useful to that regard.  In this study, after data completion using a novel multiple 

linear regression approach the Feed Forward Neural Network (FFNN) model with one hidden layer 

whose perceptrons have been optimized in the -training phase with three methods (Levenberg-

Marquardt, Bayesian regularization and Scaled Conjugate Gradient) and the Adaptive Network-Fuzzy 

Inference System (ANFIS) have been applied and evaluated for GL- fluctuations simulation and 

prediction in the Miandarband plain, Iran. The results show that both model approaches can be used 

with acceptable accuracy, wherefore the ANFIS- model performs better than the three FFNN- model 

variants. In fact, the values of R2 and RMSE for ANFIS are 0.97 and 0.48, respectively, in the training 

phase and 0.96 and 0.52 in the testing phase. 

 
2.1. Introduction 

Changing hydrological conditions occurring, for example, in the wake of future climate 

change (IPCC, 2007) by alterations of temperatures and precipitation, will have detrimental 

effects on the surface and groundwater resources in many areas of the world (Koch, 2008). 

This holds particularly for regions and countries which are already nowadays affected by water 

scarcity, such as the Middle Eastern region, including Iran. There, responding also to the needs 

of a strongly increasing population, rising water withdrawals have already caused drastic 

changes in the surface flow regimes and severe drops of groundwater levels in many 

watersheds of that country (Zare and Koch, 2014a).   

Because of Iran’s location in an arid and semi-arid climate region, groundwater is a major 

water supply for domestic, agricultural, and industrial users (Taheri and Zare, 2011). In this 

regard, simulation and prediction of groundwater-level (GL) fluctuations plays important role 

                                                           
1Zare, M. and M. Koch, (2016). Using ANN and ANFIS Models for simulating and predicting Groundwater Level Fluctuations 

in the Miandarband Plain, Iran, In: Sustainable Hydraulics in the Era of Global Change, Erpicum et al. (Eds.), Taylor & Francis, 

London, UK, p.416-423, 2016  
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for effective water resources management, or in other words, accurate groundwater level 

simulations will help water authorities  to better plan  effective groundwater utilization (Todd 

and Mays, 2005). GL- changes in a drafted aquifer are not only affected by groundwater 

pumping, but more importantly by other hydrological variables such as rainfall, evaporation 

and recharge through the unsaturated zone, all of which are highly nonlinear, stochastic, and 

complex processes (Srivastav et al., 2007). Therefore, finding suitable models that can simulate 

GL- fluctuation changes is an ongoing challenge for hydrogeologists.  

Nowadays, data-driven computing tools such as artificial neural networks (ANNs) and 

fuzzy logic have been used in various fields of science and technology for modeling purposes 

(Brion et al., 2002). These techniques, also called artificial intelligence methods, are based on 

ideas how information is processed in biological systems. One of the advantages of such “soft” 

computing methods in system modeling is getting accurate results without having well-defined 

nonlinear physical relations between variables (Nayak et al., 2004).  

In recent years ANN and fuzzy methods have been widely employed in groundwater studies 

(Kholghi and Hosseini, 2009; Umamaheswari and Kalamani, 2014). Azhar and Watanabe 

(2007) used ANN and ANFIS models for predicting daily GL- fluctuation in Saitama city, 

Japan, in two groundwater wells. The results showed that GL could be predicted by these soft 

computing models with high accuracy. Shirmohammadi et al. (2013) tested and evaluated 

several data-driven techniques such as ANN, ANFIS and time series models for GL- 

predictions in the Mashhad plain, Khorasan Razavi province, Iran. The authors showed that 

ANFIS has a better performance than other models in predicting GLs one and two months 

ahead. Emamgholizadeh et al. (2014) studied the potential of , ANN and ANFIS for  the 

forecasting of GLs in the Bastam plain in Iran and indicated  that these tools  could  predict the 

GLs accurately, wherefore  the ANFIS- model, resulting in an R2= 0.96, performed better than 

the ANN-model with an R2 of only 0.83. Maiti and Tiwari (2014) applied both ANN and 

ANFIS model in drought-prone area of Dindigul, Southern India. They also achieved better 

GL-prediction results for the ANFIS- model than for both the BNN.SCG and ANN.SCG 

versions of the ANN-model. Outside of Iran, Sirhan and Koch (2013) applied classical ANN 

to predict dynamic GL’s in the Gaza coastal aquifer.  

In this study, the Feed Forward Neural Network (FFNN)- ANN- model with three training 

methods (Levenberg-Marquardt, Bayesian regularization and Scaled Conjugate Gradient) and 

the ANFIS-model will  be used for GL-fluctuations simulations and prediction in the 

Miandarband floodplain in western Iran  which has been the focus of several  recent studies of 

the authors (Bishop, 1995; Zare and Koch, 2014a). 

 
2.2. Materials and methods 

2.2.1. Study area 

The Miandarband plain is located in western Iran, near the city of Kermanshah, between 

latitudes 34o 24’ 03’’ - 34o 40’ 56’’ and longitudes 46o 44’ 26’’ - 47o 11’ 00’’. This region is 

geographically limited in the North by the Gharal and Baluch mountains and in the South by 

the Gharsu river and has a surface area of about 300km2 (see Figure 2.1). Surface water in the 

study area occurs in the form of springs and stream flow, with the major river being the Razavar 

river (Zare and Koch, 2014a). 
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Figure 2.1. The Miandarband plain in west Iran. 

2.2.2. Data Description 

For simulating and predicting the GL- fluctuations in the Miandaraband plain, 

precipitation and piezometric head data, recorded on a monthly base at 33 wells –see Table 2.1 

- during the time period October 1991-June 2013 (261 months), are used. The locations of these 

wells with their Theissen polygons are illustrated in Figure 2.2.  

  Figure 2.3 shows the monthly precipitation data recorded during the same time period 

at the meteorological station Kermanshah. The average annual precipitation which in the 

regions occurs in the form of snow and rain in the 1991-2013 time period amounts to 410.5 

mm which is more than the average annual precipitation of ~250 mm for Iran. 

 
Table 2.1. List of the 33 wells and the areas of their Theissen polygons 

ID Location A(ha) ID Location A(ha) 

1 Biabr 1008 18 Tekea 750 

2 Pirmazd 1005 19 Siachagha 1016 

3 Baktashabad 955 20 Valiabad 1127 

4 Varela 638 21 Soltankuh 1319 

5 Sarvaran 552 22 Amirabad 734 

6 Dahbagh 894 23 Nafte&Rika 547 

7 Mah.Abad 1178 24 Meymunbaz 512 

8 Goharchagha 867 25 Berimavand 736 

9 Ahmadabad 911 26 Yavari 1211 

10 Laelabad 859 27 BelaKabud 1337 

11 Hashilan 1123 28 Hojatabad 1531 

12 Jologir 1082 29 Nezamabad 1295 

13 Kolakabud 616 30 Docheshme 579 

14 Khoshinan 971 31 Ghazanchi 1406 

15 Dehkoor 705 32 Nazarabad 338 

16 Tasolejan 1293 33 Pirhayati 781 

17 Tapeafshar 914    
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Figure 2.2. Well locations with Theissen polygons.  

Table 2.2. # of missing data for wells with data gaps 
Well ID 8 12 16 19 21 24 29 

#  of missing data 4 4 34 3 6 38 24 

 

 
Figure 2.3. Time series of Kermanshah monthly precipitation 

2.2.3. Completion of missing groundwater level values  

Complete raw GL-data for the period 1991-2013 were only available for 26 out of 33 wells. 

For the remaining 7 wells (see Table 2.2), the missing monthly values for some wells – whose 

numbers range between 4 and 35 out of a total of 261 observations - were estimated by inverse 

distance weighting (IDW) interpolation of GL-data from surrounding wells, wherefore 

consistency was checked by comparing the estimated missing value with those from the 

previous and next month. For wells with more than 6 monthly missing data (3 wells), Multiple 

Linear Regression (MLR) was employed. In this case the correlation coefficient r between the 

incomplete GL-time series of the well under question and the other 32 wells were firstly 
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calculated and then the GL-data of the two wells (xi1,xi2) with the highest r were selected as 

predictors in the MLR-model to predict the missing GL- values yi. the MLR-equation can be 

written as: 

𝑦𝑖 =  𝛽0 +  𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 + 휀,      (2-1) 

or in matrix notation  

𝒚 = 𝑿𝜷 + 𝜺      (2-2)  

   where X is the N x 3 predictor matrix - with N=261, the total number of GL-time series 

values-, β  is the unknown regressor-vector,  and ε is the error term, accounting  the unexplained 

noise in the data and/or model errors  (Zare and Koch, 2014b).         

    Once the linear model (2-2) is solved by a least-squares approach, the accuracy of the MLR- 

prediction/interpolations evaluated by the coefficient of determination R2 and the Root Mean 

Square Error (RMSE), defined by  

𝑅2 = 1 −
∑ (𝑦𝑖− �̂�𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖− �̅�)2𝑛
𝑖=1

                                          (2-3) 

𝑅𝑀𝑆𝐸 =   √∑(𝑦𝑖 − �̂�𝑖)2/𝑛                                         (2-4)  

are used, where 𝑦𝑖 , �̅� and  �̂�𝑖 are observed, average of observed and the MLR-calculated GL-

datum in month I, respectively. 

Figure 2.4 shows the r- values calculated between each of the 3 wells with missing values 

and the other 32 wells. For the two wells with the highest r values, the corresponding MLR-

equation (2-1) is set and solved. The response surfaces for the MLR-predictions with the two 

predictor wells are also shown in the Figure, whereas Table 2.3 lists the corresponding MLR- 

equations, together with the statistical indicators of the regressions.   

Figure 2.4. Left panels:  Correlation coefficients between the GL-data of the three wells (top to bottom) 

with missing values and the other 32 wells, Right panels: MLR predictor surfaces for these three wells 
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Figure 2.5. Average GL- time series in the Miandarband plain 
 

 

Table 2.3. MLR modeling results 
ID of well with 

miss.  data 

ID of two most corr.  

Wells 
MLR equation R2 RMSE (m) 

16 10,  22 
y16 = 46565-       

35.2 x10 – 35.6x22 
0.91 1.68 

24 17,18 y24 =6030.7 –     4 x17 – 3.8 x18 0.79 0.93 

29 20, 22 y29 = -13073 + 10.5x20 + 11x22 0.87 1.27 

 
After data completion, a weighted average (using the 33 Theissen polygon areas as weights) 

hydrograph of the GL- fluctuations has been generated which is illustrated in Figure 2.5. 

2.2.4. Multilayer Feed Forward Neural Network FFNN 

The basic concept of an artificial neural network (ANN) is derived from an analogy with the 

biological nervous system of the human brain and how the latter processes information through 

its millions of neurons interconnected to each other by synapses. Borrowing this analogy, an 

ANN is a massively parallel system composed of many processing elements (neurons), where 

the synapses are actually variable weights, specifying the connections between individual 

neurons and which are adjusted, i.e. may be shut on or off during the training- or learning phase 

of the ANN, similar to what happens in the biological brain (Sirhan and Koch, 2013).  

Multilayer FFNN is one of the most popular and most widely used ANN-models. It is also 

a biologically inspired classification algorithm and consist of a number of simple neuron-like 

processing units, organized in layers. Every unit in a layer is connected with all the units in the 

previous layer (Figure 2.6) by so-called weights w. The latter encode the knowledge about the 

network and are estimated during the training process, discussed below. Data enters at the 

inputs and passes through the network, layer by layer, until it arrives at the outputs. During 
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normal operation, that is when it acts as a classifier, there is no feedback between layers. This 

is why they are called feed-forward neural networks.  

When the network-weights and -biases are initialized, the network is ready for training. The 

multilayer FFNN can be trained for nonlinear and complex patterns, such as the monthly GL’s 

in the study region, as has been done likewise in the Gaza aquifer study of Sirhan and Koch 

(2013). The training consists mathematically essentially of the adaptive computation (back-

projection) of the weights between the various input- and output- units, by a local, or better, a 

global  optimization method, such that some (squared) error- (objective) function |𝐸(𝑤)|2 

between observed and ANN-predicted output is minimized. The selection of the most 

appropriate optimization/minimization technique has been an ongoing challenge in ANN-

research (Heaton, 2005; Markovic and Koch, 2005). Three training methods - Levenberg– 

Marquardt (LM), Bayesian regularization (BR) and Scaled Conjugate Gradient (SCG) - will be 

used in the present application. 

The LM-algorithm is based on the generally well-known Levenberg-Marquardt 

optimization technique (Levenberg, 1944). It is essentially a combination of the steepest 

descent- and the Gauss–Newton algorithm. The LM- technique uses the following equations to 

update the neuronal weights w:  

𝑤𝑗𝑖(𝑡 + 1) = 𝑤𝑗𝑖(𝑡) + ∆𝑤𝑗𝑖(𝑡)      (2-5) 

∆𝑤𝑗𝑖(𝑡) =  [𝐽𝑇(𝑤)𝐽(𝑤) +  𝜇𝐼]−1  𝐽𝑇(𝑤) 𝐸(𝑤)      (2-6) 

where J is the Jacobian matrix, 𝜇 is a damping constant which controls the change of the 

method from steepest descent (μ→ ∞) to Gauss-Newton (μ→ 0), and I is an identity matrix.  𝜇 

is varied constantly during the iterative minimization process, to gear the updated solution 

vector 𝑤𝑗𝑖(𝑡 + 1) monotonically towards the minimum of the objective function  

   In the second back-projection method, Bayesian Regularization (BR) (Beale et al., 2015; 

Markovic and Koch, 2015), the weights and the bias values are basically also updated as in the 

Levenberg-Marquardt procedure. However, whereas in the LM-method the damping- or 

regularization parameter 𝜇  is adapted iteratively, in the BR- method it is computed based on 

some a priori (Bayesian) information on the unknown variances, assuming that the weights 

and biases of the network are random variables with specified distributions.  In terms of the 

optimization (minimization) process, this is equivalent to a combined minimization of the 

squared errors |𝐸(𝑤)|2 and the weights w  By this procedure,  whatever the size of the network, 

the objective error function will not be over-fitted, as it is partly penalized by the subjective a 

priori information on the unknown solution (Daliakopoulos et al., 2005). 

 The third optimization method employed, SCG, belongs to a special class of conjugate 

gradient methods which requires no iterative line search and is fully automated, so that none 

of the unknown parameters depend on external user choices. Being  a Conjugate Gradient 

Method which has superlinear convergence for most problems, and by avoiding the time 

consuming line-search per learning iteration, the step-size scaling mechanism of the SCG 

makes this  algorithm faster than other second order optimization algorithms which are usually  

based on the full or partly approximation of the Hessian-matrix of the objective function 

(Møller, 1993).   

 



26 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 2.6. Architecture of FFNN with one hidden layer 

2.2.5. Adaptive Neuro Fuzzy Inference System/ANFIS 

ANFIS are a class of adaptive neural networks that are functionally equivalent to fuzzy 

inference systems. Jang (1993) combined both Fuzzy Logic and network -based model like 

ANN to produce a powerful processing tool named ANFIS. This approach has some 

advantages over the classical ANN, such as the capability of a large amount of data storage, 

dynamic and nonlinear systems modeling, easy to use, high-speed model development, 

reducing of computing time, while still exhibiting increased estimation- and prediction 

accuracy. Combining at the same time the benefits and capabilities of neural network structure 

methods and Fuzzy logic, ANFIS uses a hybrid approach of the classical gradient descent 

procedure and systematic back-propagation tries to avoid the “trap” of the error function in a 

local minimum. (Tahmasebi and Hezarkhani, 2012). The adaptive network based on the 

Suegeno fuzzy inference model provides a deterministic system of output equations, and is so 

a useful approach for parameter estimation (Takagi and Sugeno, 1985). The ANFIS approach 

sketched in Figure 2.7 has five layers (Jang, 1993). 

The first layer, called the input layer O1,i, is the output of the -th node of the layer 1  

𝑂1,𝑖 = 𝜇𝐴𝑖
(𝑥1) , 𝑂1,𝑖+2 = 𝜇𝐵𝑖

(𝑥2)  𝑓𝑜𝑟 𝑖 = 1,2        (2-7) 

Where x1,2  is the input node i and Ai (or Bi) is a linguistic label associated with this node. 

Therefore O1,i is the membership grade of a fuzzy set (A1,A2,B1,B2).     

    The second layer is the rule node with AND and/or OR operators. The output O2,i is the 

product of all the incoming signals.  

𝑂2,𝑖 =  𝑤𝑖 = 𝜇𝐴𝑖
(𝑥1) × 𝜇𝐵𝑖

(𝑥2)         𝑓𝑜𝑟 𝑖 = 1,2      (2-8) 

The third layer outputs (O3,i) are called normalized firing strengths.  

𝑂3,𝑖 =  𝑤𝑖̅̅ ̅ =
𝑤𝑖

𝑤1+𝑤2 
.      (2-9) 

The fourth layer, contains the so-called consequent nodes which are standard perceptrons. 

Every node in this layer is an adaptive node with a node function: 

𝑂4,𝑖 = 𝑤𝑖
𝑛𝑓𝑖 =  𝑤𝑖

𝑛. (𝑝𝑖𝑥1 + 𝑞𝑖𝑥2 + 𝑟𝑖) , 𝑖 = 1,2               (2-10) 

i
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Figure 2.7. Architecture of ANFIS 

Where pi, qi, ri is the parameter set of this node; called also consequent parameters. The fifth 

layer is called the output layer where the overall output is computed as the summation of all 

incoming signals. 

𝑂5,𝑖 = 𝑜𝑣𝑒𝑟𝑎𝑙𝑙 𝑜𝑢𝑡𝑝𝑢𝑡 = ∑ �̅�𝑖𝑓𝑖 =
∑ 𝑤𝑖𝑓𝑖

∑ 𝑤𝑖
               (2-11) 

2.2.6. Training and testing of groundwater FFNN- and ANFIS- prediction models 

Both the FFNN- and ANFIS- models are trained on the 33 monthly observed (and corrected 

for missing data) well-groundwater level (GL) - and the precipitation data series. The following 

input-output prediction model for GL at time t, GLt  is used:  

𝐺𝐿𝑡 = 𝑓(𝐺𝐿𝑡−𝑖 , 𝑃𝑡−𝑗)      𝑓𝑜𝑟 𝑖 = 1,2, … , 𝑛;      𝑗 = 0,1, … , 𝑛              (2-12) 

i.e. it is assumed that the groundwater levels in one particular month t, GLt  depend on up to t-

i  previous months’ groundwater levels and  precipitation Pt-i.  Although Eq. (2-12) is basically 

just a simple transfer model, it has some physical basis, as groundwater data usually exhibits 

(1) some persistence, as illustrated in Figure 2.5, and (2) the rainfall needs some time to 

recharge the groundwater aquifer (Hybel et al., 2015; Pedro-Monzonís et al., 2015).  

     For determining the maximum i and j, the autocorrelation of the GL- time series and the 

cross correlation of the GL- with the precipitation time series P are calculated, respectively. 

The continuous autocorrelation function  Rxx  of  a time series x is defined as (Taghizadeh, 

2000):   

𝑅𝑥𝑥 = lim
𝑇→∞

1

2𝑇
∫ 𝑥(𝑡) 𝑥(𝑡 + 𝑙)𝑑𝑡,

𝑇

−𝑇
                    (2-13) 

Where T is the period of observation, and l is the lag time. For discrete data, Eq. (2-13) is 

replaced by its discrete homologue which for x = GL, reads   

𝑅𝐺𝐿,𝐺𝐿(𝑚) =
1

𝑁
∑ 𝐺𝐿(𝑛)𝐺𝐿(𝑛 − 𝑙),𝑁−1

𝑛=1                (2-14) 

Where N(=261)  is the number of observing months.  

The cross-correlation function Rxy between two time series x and y is defined similarly to 

Eq. (2-13), so that the discrete cross correlation between GL and P at lag l is then written as: 
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Figure 2.8. Autocorrelation and cross correlation function 

𝑅𝐺𝐿,𝑃(𝑚) =
1

𝑁
∑ 𝐺𝐿(𝑛)𝑃(𝑛 − 𝑙).𝑁−1

𝑛=1                (2-15) 

 

Figure 2.8 shows that GLt is mostly correlated with GLt-1,t-2,t-3 and Pt-1,t-2,t-3,t-4. Therefore, the 
final input- output  FFNN and ANFIS model Eq. (2-12) can be written as:  

  𝐺𝐿𝑡 = 𝑓(𝐺𝐿𝑡−1 , 𝐺𝐿𝑡−2, 𝐺𝐿𝑡−3 , 𝑃𝑡−1, 𝑃𝑡−2,𝑃𝑡−3, 𝑃𝑡−4)                   (2-16) 

 

For the training and testing of the models, the observed GL- and P data series have been 

randomly divided into two sets, wherefore the length of the training data set is 70% and test 

(prediction) data makes up the remaining 30%. Moreover, in the training phase of the FFNN, 

only 70% of the original training data is used for training per se, 15% for validation and 15% 

for testing during training in this phase, i.e. the latter forming an independent test data which 

differs from the 30% applied for simulation (prediction) with the trained network. By this 

approach, which differs slightly from the usual training-, validation- and test- approach, the 

iterative, epochal update of the FFNN- model could be improved.  

After determining the inputs and output of the FFNN-model, number of layers, number 

of neurons in the hidden layer, the transfer function should be determined. As Figure 2.6 shows 

the selected FFNN has an input, one hidden and an output layer. The transfer functions are 

selected by trial and error method based on best training performance. By doing so, the tan-

sigmoid (tansig) function was found to be best working between input- and hidden layer and 

the linear (purelin) transfer function between hidden- and output layer.  

Determining the number of neurons in the hidden layer (s) is one of the most important 

and difficult tasks in FFNN-studies. Using too few or too many neurons in the hidden layers 

will result in under- or overfitting of the model, respectively. In addition, large number of 

neurons in the hidden layer will increase the computational training time. There are many rules 

of thumb for determining the correct number of neurons in the hidden layers, such as a) the 

number of hidden neurons should be in the range between those in the input and out layers 



29 
 

Figure 2.9. RMSE for each number of neurons in hidden layer 

 

(between 1 and 7);  b) it  should be 2/3 of those in the input layer, plus those in the output layer, 

the which is equal to 6 neurons;  c) it should be less than twice the input layer size (Heaton, 

2005). 

Based on these rules, FFNN-models with up to 14 neurons in the hidden layer haven 

been tested and the corresponding RMSE of the trained model measured. As Figure 2.9 shows, 

the optimal number of neurons in the hidden layer is 10.  

Once the optimal FFNN-structure, i.e. a 7-10-1-percepteron model, has been 

determined, the model is trained and simulated by LM-, BR- and SCG- training methods, 

discussed in the previous section.  

The ANFIS- modeling approach requires a further division of the input/output data into 

rule patches. In standard ANFIS, either grid partitioning or the subtractive clustering method 

is applied. The problem with the former  is that as the number of inputs increases, the number 

of rules rises rapidly, In other words, the fuzzy rules increase exponentially, such that  if, for 

example  m MFs are determined for each of  n input variable, the number of fuzzy rules will 

be mn (Vaidhehi, 2014). This, of course, means a tremendous load on the computer processor 

and memory requirements. For remedy, this large number of fuzzy rules is reduced by 

integrating ANFIS with Fuzzy c-means (FCM) Clustering Method. The FCM is used to 

systematically create the fuzzy MFs and the rule base for ANFIS (Abdulshahed et al., 2015).  

2.3. Results and discussion 

For the statistical analysis of the results of both the various FFNN-variants and ANFIS 

models R2 and RMSE parameters have been computed for both the training and the test 

(prediction) phases (see Table 2.4 and Figures 2.10 to 2.13). 

 

Table 2.4. Training and test results of models 

Method 
Training Test 

RMSE R2 RMSE R2 

FFNN-LM 0.61 0.965 0.88 0.920 

FFNN-BR 0.68 0.939 0.98 0.875 

FFNN-SCG 0.71 0.927 0.69 0.930 

ANFIS 0.48 0.967 0.52 0.962 
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Figure 2.10. Regression plots of ANFIS 
 

Table 2.4 shows that the minimum RMSE and the maximum R2 in training phase with 0.48 

and 0.967, respectively, are obtained with the ANFIS-model. The latter exhibits also the best 

results in the test phase, with corresponding values of 0.52 and 0.962. The reason for the 

superiority of ANFIS over the three FFNN-models may be related to the combination of 

fuzzification of the input through membership functions with the network-based algorithm and 

the use of the hybrid (back-propagation tries and gradient descent) optimization method. 

Figure 2.10, shows the regression plots between ANFIS calculated GLs and the observed data. 

The Figures 2.11 to 2.14 reveal that the absolute maximum errors for one month  are only  

2.25m and 2.03m in training and test phases, respectively,  for the ANFIS-model, compared 

with 2.20 m, 2.92m for  FFNN-LM; 6.5m, 5.47m for  FFNN-BR;  and 3.65m, 3.45m for  FFNN-

SCG. These results clearly show that ANFIS has better performance than ANN (FFNN) for 

simulating and predicting the GL-fluctuations in the study region. 

All data driven methods are based on the idea that the random errors are drawn from a 

normal distribution and ANFIS is not an exemption. Figure 2.15 illustrate that the a posteriori 

computed errors of the GLs follow indeed such a normal distribution 

 

 

 

 

 

 

 

 

 

 

 

 



31 
 

Figure 2.11. FFNN-LM results 

Figure 2.12. FFNN-BR results 

Figure 2.13. FFNN-SCG results 

Figure 2.14. ANFIS results 
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Figure 2.15. Random errors distribution of ANFIS 

2.4. Conclusions 

In this study, firstly a MLR- based method for estimating missing data values in 33 

groundwater level (GL) well series in the Miandarband plain (Iran) was developed. Using three 

back-projection variants of FFNN as well as ANFIS, a dynamic model for the GL’s as a 

function of past GL’s and precipitation was then set up. The statistical results, evaluated by 

RMSE and R2, indicate that ANFIS outperforms all three FFNN model variants, values of 

RMSE and R2 of 0.48 m and 0.97, respectively, in the training phase and of 0.52 and 0.96 in 

the testing (prediction) phase. These results illustrate that FFNN but, more so, ANFIS, can 

provide reliable conceptual models for groundwater level prediction under different water 

resources management scenarios and can so be valuable modeling tools for groundwater 

resources planning projects. 
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Abstract 

 

The Miandarband plain is one of the most fertile plains of the Kermanshah province, Iran. The major 

water supply for agriculture is groundwater. In this regard, simulation and prediction of groundwater 

level (GL) fluctuations plays an important role for effective water resources management. GL-changes 

are complex to model, as they depend on many nonlinear and uncertain factors, thus selecting suitable 

numerical or stochastic models that could simulate the nonlinearity and complex patterns is of great 

importance. Wavelet transform (WT) integrating with artificial intelligence methods like ANFIS are 

one family of models that have proven to be very useful to that regard.  In this study, after data 

completion using a novel multiple linear regression approach, the ANFIS model using the fuzzy 

clustering model (FCM) has been applied. From a cluster sensitivity analysis two clusters have been 

determined. As the GL- time series are non-stationary for which artificial intelligence methods 

sometimes have problems to adapt the weights, the additional use of WT in ANFIS is able to enhance 

the model results. This new hybrid Wavelet-ANFIS model has been used with several combinations of 

inputs and mother wavelets to simulate and predict GL- fluctuations in the Miandarband plain, Iran. 

The results show that all model approaches can be used with acceptable accuracy, wherefore the hybrid 

Wavelet-ANFIS model with the Symlet mother wavelet performs better than other model variants with 

values for R2 and RMSE of 0.996 and 0.1, respectively, in the training phase and 0.984 and 0.17 in the 

testing phase. 

Keywords: ANFIS, FCM, Wavelet-ANFIS, GL-changes, Miandarband plain, Iran. 

 

 

 

 

 

 

 

 

 

 

 

                                                           
1Zare, M. and Koch, M., (2017). Groundwater level fluctuations simulation and prediction by ANFIS- and hybrid Wavelet-

ANFIS/ fuzzy C-means (FCM) clustering models: Application to the Miandarband plain. Journal of Hydro-environment 

Research. Elsevier (In press).  
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Graphical abstract: 

 

 
 

3.1. Introduction 

Changing hydrological conditions occurring, for example, in the wake of future climate 

change by alterations of temperatures and precipitation, will have detrimental effects on the 

surface and ground-water resources in many areas of the world (Koch, 2008). This holds 

particularly for those regions and countries which are already nowadays affected by water 

scarcity, such as the Middle Eastern region, including Iran. There, responding also to the needs 

of a strongly increasing population, rising water withdrawals have already caused drastic 

changes in the surface flow regimes and severe drops of groundwater levels in many 

watersheds of that country (Zare and Koch, 2014a). 

Because of Iran’s location in an arid and semi-arid climate region, groundwater is a 

major water supply for domestic, agricultural, and industrial users (Taheri and Zare, 2011). In 

this regard, simulation and prediction of ground-water-level (GL) fluctuations plays an 

important role for effective water resources management, and will thus help water authorities  

to better plan  effective groundwater utilization (Todd and Mays, 2005).  

GL- changes in a drafted aquifer are not only affected by groundwater pumping but, more 

importantly, by other hydrological variables, such as rainfall, evaporation and recharge through 

the unsaturated zone, all of which are highly nonlinear, stochastic, and complex processes 

(Srivastav et al., 2007). Therefore, finding suitable models that can simulate GL- fluctuation 

changes is an ongoing challenge for hydrogeologists.  

Nowadays, data-driven computing tools such as artificial neural networks (ANNs) and 

fuzzy logic have been used in various fields of science and technology for modeling purposes 

(Brion et al., 2002). These techniques, also called artificial intelligence methods, are based on 

ideas how information is processed in biological systems. One of the advantages of such “soft” 

computing methods in system modeling is getting accurate results without having well-defined 

nonlinear physical relations between variables (Nayak et al., 2004). One of these approaches is 

Adaptive Network-based Fuzzy Inference System or Adaptive Neuro-Fuzzy Inference System 

(ANFIS). ANFIS are a class of adaptive networks that are functionally equivalent to fuzzy 

inference systems. They are a combination of neural network and fuzzy logic and result so in 

a powerful processing tool. This approach is combining at the same time the benefits and 

capabilities of neural network and fuzzy logic (Jang, 1993).  
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In recent years fuzzy methods have been widely employed in groundwater studies 

(Azhar and Watanabe, 2007; Shiri et al., 2013). Emamgholizadeh et al. (2014) studied the 

potential of ANN and ANFIS for the forecasting of GLs in the Bastam plain in Iran and 

indicated  that these tools  could  predict the GLs accurately, wherefore  the ANFIS- model, 

resulting in an R2= 0.96, performed better than the ANN-model with an R2 of only 0.83. Maiti 

and Tiwari (2014) applied both ANN and ANFIS model in a drought-prone area of Dindigul, 

Southern India. They also achieved better GL-prediction results for the ANFIS- model than for 

both the BNN.SCG and ANN.SCG versions of the ANN-model. Mirzavand et al. (2015) 

evaluated the abilities of two different data-driven methods, support vector regression (SVR) 

and ANFIS, to estimate  monthly groundwater level fluctuations in the Kashan plain, Iran. Zare 

and Koch (2016) applied three back-projection variants of FFNN as well as ANFIS, to a 

dynamic model of GL’s as a function of past GL’s and precipitation. The statistical results, 

evaluated by RMSE and R2, indicate that ANFIS outperforms all three FFNN model variants.  

These studies show that ANFIS is one of most suitable data driven models for simulating GL- 

fluctuations, but the point is that in most of the papers mentioned the ANFIS model is based 

on a Grid Partition (GP) method. This means that, based on the number and type of MFs, the 

data will be divided into grid- sub data.  However, such an approach  is computationally not 

efficient, as  the total number of fuzzy rules FRtot increases exponentially with the number of 

input variables n, i.e. FRtot = mn , where m is the number of membership functions (MFs) for 

each input variable (Vaidhehi, 2014). Therefore, GP will generate a high-dimensional fuzzy 

grid which causes a large rule-base in the fuzzy inference system (FIS) and many parameters 

must be optimized by ANFIS which could mean that the program will run out of memory if 

this type of FIS is tuned using ANFIS.  

Because of these drawbacks of the GP system in generating fuzzy rules, especially, in 

multi-input networks, the Fuzzy C-Means clustering Method (FCM) will be used in present 

study. The FCM is a powerful unsupervised algorithm which firstly organizes the data into 

groups based on similarities on which the ANFIS is applied on hereafter. FCM has less number 

of rules, more speed and finally better results when  compared with the GP- method (Mirrashid, 

2014) and these properties make  FCM-ANFIS  more efficient  for data simulation.   

Although Artificial Intelligence- (AI) methods such as ANFIS and FFNN are flexible 

and useful methods in hydrological simulation studies, they have some problems with non-

stationary time series data, thus input/output data needs some pre-processing. One way to do 

this, is the use of the wavelet transform. In addition the wavelet approach can be combined 

with ANFIS to create a hybrid model entitled Wavelet-ANFIS (Nourani et al., 2014).  

Wavelet-AI hybrid models have been applied in hydrological processes in recent years, 

e.g.  Partal and Kişi (2007) who performed precipitation forecasting with daily precipitation 

data in western Turkey using a wavelet-neuro fuzzy approach. They compared four models:  

MLR, FFNN, Neuro-Fuzzy and Wavelet-Neuro Fuzzy and found that R2 – in the first three 

models are less than 0.15 at all stations, but increases significantly to 0.9 in the last (hybrid) 

model. Wavelet-ANFIS has been applied in numerous studies dealing with  rainfall-runoff 

simulations, draught analysis and surface flow simulations (Shiri and Kisi, 2010; Nourani et 

al., 2011;Shirmohammadi et al., 2013; Yu et al., 2013; Seo et al., 2015). Moosavi et al. (2013) 

compared ANN, ANFIS, Wavelet-ANN and Wavelet ANFIS- models for GL-forecasting of 

up to four months ahead and showed that the hybrid Wavelet-ANFIS performs the best.     
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In this study, a comparative evaluation of the ANFIS- and the Wavelet-ANFIS model 

based both on the Fuzzy Clustering Method (FCM) will  be done for GL-fluctuations 

simulations and prediction in the Miandarband floodplain in western Iran which has been the 

focus of several recent studies of the authors (Ghobadian et al., 2014; Zare and Koch, 2014a, 

2016). Finally, the efficiency of both model will be tested for simulating the fluctuations under 

drought and wet conditions. 

 

3.2. Materials and methods 

3.2.1. Study area 

The Miandarband plain is located in western Iran, near the city of Kermanshah, between 

latitudes 34o 24’ 03’’ - 34o 40’ 56’’ and longitudes 46o 44’ 26’’ - 47o 11’ 00’’. This region is 

geographically limited in the North by the Gharal and Baluch mountains and in the South by 

the Gharsu river and has a surface area of about 300km2 (see Figure 3.1). Surface water in the 

study area occurs in the form of springs and stream flow, with the major river being the Razavar 

river (Zare and Koch, 2016).  

 

3.2.2. Data description 

For simulating and predicting the GL- fluctuations in the Miandaraband plain, 

precipitation and piezometric head data, recorded at 33 wells (see Table 3.1)– on a monthly 

base during the time period October 1991-June 2013 (261 months), are used. The locations of 

these wells with their Theissen polygons are illustrated in Figure 3.2. 

Figure 3.3 shows the time series of the long-term monthly precipitation data recorded at the 

meteorological station Kermanshah between January 1951 and July 2016. The average annual 

precipitation during this time period - which in the region occurs in the form of snow and rain 

- amounts to 435 mm which is more than the average annual precipitation of ~250 mm for Iran. 
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Figure 3.1. The Miandarband plain in western Iran. 

Table 3.1. List of the 33 wells and the areas of their Theissen polygons 

ID Location A(ha) ID Location A(ha) ID Location A(ha) 

1 Biabr 1008 12 Jologir 1082 23 Nafte&Rika 547 

2 Pirmazd 1005 13 Kolakabud 616 24 Meymunbaz 512 

3 Baktashabad 955 14 Khoshinan 971 25 Berimavand 736 

4 Varela 638 15 Dehkoor 705 26 Yavari 1211 

5 Sarvaran 552 16 Tasolejan 1293 27 BelaKabud 1337 

6 Dahbagh 894 17 Tapeafshar 914 28 Hojatabad 1531 

7 Mah.Abad 1178 18 Tekea 750 29 Nezamabad 1295 

8 Goharchagha 867 19 Siachagha 1016 30 Docheshme 579 

9 Ahmadabad 911 20 Valiabad 1127 31 Ghazanchi 1406 

10 Laelabad 859 21 Soltankuh 1319 32 Nazarabad 338 

11 Hashilan 1123 22 Amirabad 734 33 Pirhayati 781 

 
Figure 3.2. Well locations with Theissen polygons. 
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Figure 3.3. Time series of Kermanshah monthly precipitation 

3.2.3. Completion of groundwater level missing values 

Complete raw GL-data for the period 1991-2013 were only available for 26 out of 33 wells. 

For the remaining 7 wells (see Table 3.2) the missing monthly values for some wells – whose 

numbers range between 4 and 35 out of a total of 261 observations - were estimated by inverse 

distance weighting (IDW) interpolation of the GL-data from surrounding wells, wherefore 

consistency was checked by comparing the estimated missing value with those from the 

previous and next month. For wells with more than 6 monthly missing data (3 wells), Multiple 

Linear Regression (MLR) was employed. In this case the correlation coefficient r between the 

incomplete GL-time series of the well under question and the other 32 wells were firstly 

calculated and then the GL-data of the two wells (xi1,xi2) with the highest r was selected as 

predictors in the MLR-model to predict the missing GL- values yi. The MLR-equation can be 

written as:  
  𝑦𝑖 =  𝛽0 +  𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 + 휀        (3-1) 

or in matrix notation as  

 

              𝒚 = 𝑿𝜷 + 𝜺          (3-2) 

 

where X is the N x 3 predictor matrix - with N=261, the total number of GL-time series values, 

β is the unknown regressor vector,  and ε is the error term, accounting  the unexplained noise 

in the data and/or model errors (Draper and Smith, 1998; Zare and Koch, 2014b). Once the 

linear model Eq. (3-2) is solved by a least-squares approach, the accuracy of the MLR- 

prediction/interpolations evaluated by the coefficient of determination R2 and the Root Mean 

Square Error (RMSE), defined by  

 

              𝑅2 = 1 −
∑ (𝑦𝑖− �̂�𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖− �̅�)2𝑛
𝑖=1

                                          (3-3) 

 

            𝑅𝑀𝑆𝐸 =   √∑(𝑦𝑖 − �̂�𝑖)2/𝑛                                        (4-4) 
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are used, where 𝑦𝑖 , �̅� and  �̂�𝑖 are observed, average of observed and the MLR-calculated GL-

datum in month i, respectively. 

Figure 3.4 shows the r- values calculated between each of the 3 wells with missing 

values and the other 32 wells. For the two wells with the highest r- values, the corresponding 

MLR-equation is set and solved. The response surfaces for the MLR-predictions with the two 

predictor wells are also shown in the Figure, whereas Table 3.3 lists the corresponding MLR- 

equations, together with the statistical indicators of the regressions. 

 

Table 3.2. Number of missing values for wells with missing data    
Well ID 8 12 16 19 21 24 29 

Number of miss. Values 4 4 34 3 6 38 24 

 

Table 3.3.  MLR- modeling results for three wells with more than 6- months of missing data 

 Well ID The most correlated wells MLR equation R2 RMSE 

16 10 and 22 y16 = 46565-35.2 x10 – 35.6x22 0.911 1.68 m 

24 17 and 18 Y24 =6030.7 - 4 x17 – 3.8 x18 0.788 0.93 m 

29 20 and 22 Y29 = -13073 + 10.5x20 + 11x22 0.872 1.27 m 

 

After data completion, a weighted average, using the 33 Theissen polygon areas as weights - 

hydrograph of the GL- fluctuations has been generated which is illustrated in Figure 3.5. 

 
Figure 3.4. Left panels: Correlation coefficients between the GL-data of the three wells (top to 

bottom) with missing values and the other 32 wells. Right panels: MLR predictor surfaces for these 

three wells.  
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Figure 3.5. Average GL- fluctuations in the Miandarband plain during 1991-2013 

 

3.2.4. Training and testing of groundwater Wavelet-ANFIS and ANFIS- prediction 

models 

Both hybrid Wavelet-ANFIS and ANFIS- models are trained on the 33 monthly 

observed (and corrected for missing data) well-groundwater level (GL) - and the precipitation 

(P) data series. The following input-output prediction model for GL at time t, GLt  as a function 

of GLt-i  and Pt-j is used:  

 𝐺𝐿𝑡 = 𝑓(𝐺𝐿𝑡−𝑖 , 𝑃𝑡−𝑗)     𝑓𝑜𝑟 𝑖 = 1,2, … , 𝑛 &  𝑗 = 0,1,2, … , 𝑛     (3-5) 

i.e. it is assumed that the groundwater levels in one particular month t, GLt depend on 

up to t-i previous months’ groundwater levels and precipitation Pt-i. Although Eq. (4-5) is 

basically just a simple transfer model, it has some physical basis, as groundwater data usually 

exhibits (1) some persistence, as illustrated in Figure 3.5, and (2) the rainfall needs some time 

to recharge the groundwater aquifer (Zhang and Li, 2005; Markovic and Koch, 2015).  

For determining the maximum i and j, the autocorrelation of the GL- time series and the 

cross correlation of the GL- with the precipitation time series P are calculated, respectively. 

The continuous autocorrelation function Rxx of  a time series x is defined as (Taghizadeh, 2000):  

             𝑅𝑥𝑥 = lim
𝑇→∞

1

2𝑇
∫ 𝑥(𝑡) 𝑥(𝑡 ±  𝑙)𝑑𝑡

𝑇

−𝑇
         (3-6) 

where T is the period of observation, and l is the lag time. For discrete data, Eq. (3-6) is replaced 

by its discrete homologue which for x = GL, reads 

             𝑅𝐺𝐿,𝐺𝐿 =
1

𝑁
∑ 𝐺𝐿(𝑛)𝐺𝐿(𝑛 − 𝑙)𝑁−1

𝑛=1          (3-7) 

where N (=261)  is the number of observing months.  

The cross-correlation function Rxy between two time series x and y is defined similarly 

Eqs (3-6) and (3-7), so that the discrete cross correlation between GL and P at lag l reads as: 

 

                   𝑅𝐺𝐿,𝑃 =
1

𝑁
∑ 𝐺𝐿(𝑛)𝑃(𝑛 − 𝑙)𝑁−1

𝑛=1          (3-8) 
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Figure 3.6. Autocorrelation function for GL (top) and cross correlation function between GL and 

Precipitation (bottom) 

Figure 3.6 shows that GLt is mostly correlated with GLt-1,t-2,t-3 and Pt-1,t-2,t-3,t-4. 

Therefore, the final input-output Wavelet-ANFIS and ANFIS model Eq. (3-5) can be written 

as:  

              𝐺𝐿𝑡 = 𝑓(𝐺𝐿𝑡−1 , 𝐺𝐿𝑡−2, 𝐺𝐿𝑡−3 , 𝑃𝑡−1, 𝑃𝑡−2,𝑃𝑡−3, 𝑃𝑡−4)          (3-9) 

For the training and testing of the models, the 261- values observed GL- and P data 

series are divided into a training set of 201 months and testing set of 60 months for prediction 

with the trained model.  
 

3.2.5. Adaptive Neuro Fuzzy Inference System (ANFIS) 

ANFIS is a class of adaptive neural networks that is functionally equivalent to fuzzy 

inference systems. The term ANFIS, introduced by Jang (1993), denotes a combination of  a 

network -based model like ANN and fuzzy logic. ANFIS has some advantages over classical 

ANN, such as the capability of handling  large amounts of data,  dynamic and nonlinear systems 

modeling, easy  use, high-speed computing,  while still exhibiting increased estimation- and 

prediction accuracies. Combining at the same time the benefits and capabilities of neural 

network structure methods and fuzzy logic, ANFIS uses a hybrid approach of the classical 

gradient descent procedure and systematic back-propagation, and is so  avoiding the “trap” of 

the error function in a local minimum, typical of the former optimization method (Tahmasebi 

and Hezarkhani, 2012). The adaptive network based on the Sugeno fuzzy inference model 

provides a deterministic system of output equations, and is so a useful approach for parameter 

estimation (Takagi and Sugeno, 1985). The ANFIS approach sketched in Figure 3.7 has five 

layers (Jang, 1993).  

The first layer is called input layer 𝑂1,𝑖 is the output of the i -th node of the layer 1 

 

               𝑂1,𝑖 = 𝜇𝐴𝑖
(𝑥1)     𝑂1,𝑖+2 = 𝜇𝐵𝑖

(𝑥2)   𝑓𝑜𝑟 𝑖 = 1,2               (3-10) 

 

Where x1,2 is the input node i and Ai (or Bi) is a linguistic label associated with this node. 

Therefore 𝑂1,𝑖 is the membership grade of a fuzzy set (A1,A2,B1,B2).  

The second layer consists of rule nodes with AND and/or OR operators. The output 

(𝑂2,𝑖) is the product of all the incoming signals.  

 

             𝑂2,𝑖 =  𝑤𝑖 = 𝜇𝐴𝑖
(𝑥1) ×  𝜇𝐵𝑖

(𝑥2)         𝑓𝑜𝑟 𝑖 = 1,2               (3-11) 
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The third layer outputs (𝑂3,𝑖) are called normalized firing strengths. 

 

            𝑂3,𝑖 =  𝑤𝑖̅̅ ̅ =
𝑤𝑖

𝑤1+𝑤2
                  (3-12) 

 

The fourth layer called consequent node is a standard perceptron. Every node i in this 

layer is an adaptive node with a node function: 

  

         𝑂4,𝑖 = 𝑤𝑖
𝑛𝑓𝑖 =  𝑤𝑖

𝑛. (𝑝𝑖𝑥1 + 𝑞𝑖𝑥2 + 𝑟𝑖) , 𝑖 = 1,2              (3-13) 

 

where (pi, qi, ri ) is the parameter set of this node; These are referred to as the consequent 

parameters. Finally the fifth layer is called the output layer which computes the overall output 

as the summation of all incoming signals 

 

        𝑂5,𝑖 = 𝑜𝑣𝑒𝑟𝑎𝑙𝑙 𝑜𝑢𝑡𝑝𝑢𝑡 = ∑ �̅�𝑖𝑓𝑖 =
∑ 𝑤𝑖𝑓𝑖

∑ 𝑤𝑖
               (3-14) 

 

 
Figure 3.7. Architecture of ANFIS 

 

3.2.6. Fuzzy C-Means (FCM) clustering method 

Data clustering consists in categorizing the data set into specific groups such that data 

sets with the same characteristics incorporate the same clusters and non-similar data sets belong 

to different clusters. Defining representative behavior of a multi-dimensional nonlinear system 

of large time series data sets is the main objective of data clustering algorithms (Çakit and 

Karwowski, 2015). These algorithms have been applied in FIS models for generating fewer 

fuzzy rules, in order to avoid the “curse of dimensionality” problem in generating too large 

rule-bases in ANFIS. 

The FCM approach (Bezdek, 1981) is known as an improvement and modification of 

K-means clustering. In this approach each data point belongs partly to all clusters, however, 
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with different membership degree that can vary between 0 and 1. The objective function in the 

FCM is minimizing the total intra-cluster variance, i.e. the summed square error function  

 

            𝐽𝑚(𝑈, 𝑉) =  ∑ ∑ 𝑢𝑖𝑗
𝑚𝑑2𝑛

𝑗=1
𝑐
𝑖=1 (𝑥𝑗 , 𝑣𝑖)                 (3-15) 

 

within clusters  (𝐽𝑚) (Ayvaz et al., 2007; Sadri and Burn, 2011),  where U=[uij]c×n is the 

fuzzy partition matrix of c clusters and n data, V=( v1, v2, ….., vi) are the centroids of the clusters, 

uij is the partial membership degree of data xj in cluster i (0 ≤ 𝑢𝑖𝑗 ≤ 1  & ∑ 𝑢𝑖𝑗 = 1 ,   𝑗 =𝑐
𝑖=1

1,2, … , 𝑛) , m is the weighting exponent on each fuzzy membership (which is equal to 2 in this 

study), xj=( x1, x2, ….., xn) is the dataset, vi is initial value for cluster center and d(xj , vi) is the 

Euclidean distance between the xj data and the cluster center of the i-th cluster vi i.e. ‖𝑥𝑗 − 𝑣𝑖‖.  

 Eq. (3-15) describes a non-linear optimization problem, which can be solved by iterative 

minimization. The centroid of each clusters are calculated by the partial derivative of Eq. (3-

15) with respect to the V, then the partial membership degree of data will be updated in each 

iteration by differentiation of above equation with respect to the U:  

         𝑢𝑖𝑗 =  (∑ (
𝑑(𝑥𝑗 ,𝑣𝑖)

𝑑(𝑥𝑗 ,𝑣𝑘)
)

2

𝑚−1𝑐
𝑘=1 )

−1

       , 𝑖 = 1,2, … , 𝑐 ;     𝑗 = 1,2, … , 𝑐 ;              (3-16) 

 

The iteration process is stopped if the variance of intra-cluster in 5 iterations does not 

change more than determined minimum improvement (in this study 10-8) i.e. a minimum 

improvement in FCM objective function (convergence) does not occur in 5 iterations and/or 

maximum number of iterations (1000 iteration is present study) is exceeded.  

In the present study the incorporation of the FCM algorithm into the ANFIS model has 

been coded. The procedure is sketched in Figure 3.8.  

In this study the weighting exponent m on each fuzzy membership is chosen as m=2, 

and the maximum number of iterations and the minimum improvement of objective function 

are 1000 and 10-8, respectively. For determining the optimal number of clusters in FCM, the 

model was run several times with different numbers of cluster and the RMSE of the ANFIS-

model in training and testing phases measured. Figure 3.9 shows that the optimum number of 

clusters in the present application turns out to be 2. 
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Figure 3.8. Flow diagram of the combination of FCM and ANFIS as programmed in MATLAB 

 
Figure 3.9. Determination of the optimal number of clusters in the FCM from the minimum RMSE of 

the corresponding ANFIS- model (obtained here with 2 clusters). 

 

Using this 2-cluster FCM- approach in the formulation of Eq. (3-15), the discrete 

membership degree uij for the GL- and the precipitation data for the training phase, as shown 

in Figure 3.10, are obtained. One may notice that, whereas the variations of the GL- 

membership degree values are rather smooth, those of the precipitation are more jiggling. In 

fact, this reflects the different characteristics of the original time series, with the GL- series 

(see Figure 3.5) changing much less from one month to another one than the precipitation 

series (see Figure 3.3). 
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Figure 3.10. FCM-computed variations of the membership degree values of for GL- (top panel) and 

precipitation- (bottom panel) data for the training phase. 

 

3.2.7. The Wavelet Transform (WT) 

Wavelet analysis of a time series is an extension of the classical Fourier analysis, 

inasmuch that, unlike the latter,  it allows also for a location in time of the frequency content 

of a time-signal, which for that reason may also then be non-stationary (Percival and Walden, 

2006). Because of this appealing time-frequency location feature, wavelet analysis has been 

used in all fields of time series analysis over the last two decades,  including hydro-

meteorological studies (Kantelhardt et al., 2002; Markovic and Koch, 2005; Partal and Kişi, 

2007;  Liu et al., 2011; Shoaib et al., 2016). 

A discussion of the wavelet analysis starts usually with the introduction of the 

continuous wavelet transform (CWT) of a time series of x(t) which is defined as (Percival and 

Walden, 2006):  

       𝐶𝑊𝑇(𝑎, 𝑏) =  ∫ 𝑥(𝑡) 𝜓𝑎,𝑏
∗ (𝑡)𝑑𝑡

+∞

−∞
=  𝑎−0.5  ∫ 𝑥(𝑡) 𝜓∗ (

𝑡−𝑏

𝑎
) 𝑑𝑡

+∞

−∞
              (3-17) 

where  

          𝜓𝑎,𝑏(𝑡) =  𝑎−0.5𝜓 (
𝑡−𝑏

𝑎
)                 (3-18) 

are scaled (dilatated/compressed) (parameter a) or shifted (translated) (parameter b) 

versions of the so-called mother wavelet  𝜓(𝑡). Among the numerous wavelets available 

(Torrence and Compo, 1998), that can be either non-orthogonal or orthogonal, but which must 

satisfy the admissibility condition (its integral over time should be zero), to allow the 

convolution integral (3-17) to exist, for hydroclimate applications the Morlet wavelet which is 

essentially a modulated Gaussian is probably the most widely used (Kumar and Foufoula-

Georgiou, 1997; Torrence and Compo, 1998; Markovic and Koch, 2005). Eq. (3-17) can be 

understood as a series of sweeps (propagated by the translation parameter b) for different scales 

a of the wavelet over the time axis  of the time series, and so sampling its frequency content at 
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these scales (period) as a function of time. However, unlike the short term Fourier transform 

which has been used for that purpose before the inception of the wavelet transform and which 

has a fixed frequency and time resolution, the latter has the particular property that for high 

frequencies (low scales)  there is good time localisation, but poor frequency resolution, while 

for low freqencies (large scales) the time localization is poor, but the frequency resolution is 

good;  such that in both situations the Heisenberg uncertainly principle of time and frequency 

resolution is not violated. 

Figure 3.11 shows the CWT, i.e. the scalogram, as well as the time-averaged spectrum, 

i.e. the global wavelet spectrum of the precipitation- and groundwater series shown earlier. One 

can clearly recognize the dominant annual cycle in the precipitation which is less well 

pronounced in the groundwater levels. 

Eq. (3-17) can be understood in functional space as an inner (scalar) product of   

           𝐶𝑊𝑇(𝑎, 𝑏) = < 𝑥(𝑡), 𝜓(𝑡) > =  ∫ 𝑥(𝑡)𝜓∗(𝑡)𝑑𝑡
+∞

−∞
               (3-19) 

i.e. the coefficients CWT (a,b)  are the expansion coefficients of  an infinite series 

expansion of the signal x(t) in terms of  the scaled and translated wavelet basis function 𝜓(𝑡):  

          𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜓(𝑡) > |𝜓(𝑡) >𝑎,𝑏  =  ∑ 𝐶𝑊𝑇(𝑎, 𝑏) |𝜓(𝑡) >𝑎,𝑏             (3-20) 

that, under the rather weak conditions of admissibility of the wavelet function  𝜓(𝑡),  

which are 1) that its integral over time is zero, which means that 𝜓(𝑡) is symmetrically 

oscillating around the time axis and 2) that its Fourier spectrum has a bandpass character  can 

be written as:  

         𝑥(𝑡) = 𝐶𝜓
−1 ∫ ∫ 𝐶𝑊𝑇(𝑎, 𝑏)

1

|𝑎|0.5 �̃� (
𝑡−𝑏

𝑎
) 𝑑𝑏

𝑑𝑎

𝑎2

∞

−∞

∞

−∞
                        (3-21) 

 

where Cψ  is a constant which depends on the wavelet used. Interestingly enough, 

although one distinguishes non-orthogonal and orthogonal/orthonormal wavelets, wherefore 

for the latter the reconstruction Eq. (3-20) or (3-21) simplify significantly, making them 

particularly suitable for the multiresolution analysis (MRA) by means of the discrete wavelet 

transform (DWT) discussed below, for the CWT non-orthogonal wavelets, just because of the  

“redundant” time integration in Eq. (3-17), are heeded as the better choice,  particularly, when 

the time series is noisy. 
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Figure 3.11. Scalograms of GL- fluctuations and precipitation. The thick line in the scalogram and 

the red dashed line in the global wavelet spectrum represent the 95% confidence line against the red 

noise hypothesis. Note the peak in both the scalogram and the global spectrum for the 12-month 

period, i.e. the annual cycle. 

 

 The CWT in Eq. (3-17) is usually computed for a series of couple (aj,bk) of discrete 

scales aj and shift times bk, i.e. the CWT  is sampled at these values, changing it to a wavelet 

series, which is the wavelet-equivalent of the discrete Fourier transform.  The scales aj are 

normally taken as powers of 2 of a fundamental scale, i.e. aj = a0 2
j , (one  octave) (j = 1,..,jmax), 

wherefore for a better scale resolution, one octave is further divided in a number  nvoice  of 

voices, i.e.  aj  = a0 2
j/jv  (jv = 1,..,nvoice). With the shift times bk   also taken at values bk =k 2j,  

this may result in a large number of evaluations of the convolution integral (3-17), making the 

computation of the CWT  rather inefficient, in spite of the fact, that the fast Fourier transform 

is used twice, however, for each scale  aj (Torrence and Compo, 1998).  Also, as the integration 

in Eq. (3-17) is still performed continuously over time, while the original time series x(t) is 

usually only available at discrete times ti  which, by virtue of Shannon’s sampling theorem 

(Percival and Walden, 2006),  put limits on the maximal frequency resolution, i.e. lowest scale,  

there is a lot of redundancy in the CWT computed in this way.   

Based on these insufficiencies of the CWT, a discrete wavelet series CWT(aj,bk ), which 

for discrete, sampled time series is called a discrete wavelet transform (DWT), is used for 

practical purposes.  In the DWT, the scales aj and shift times bk, in the mother wavelet 𝜓(𝑡) 

are taken as powers of 2,  i.e. aj  = 2j  and bk = k 2j , i.e. are taken on a dyadic grid, so that the 

continuous wavelet of Eq. (3-19) becomes (Mallet, 1989):   

        𝜓𝑗,𝑘(𝑡) = 2−
 𝑗

2𝜓(2−𝑗𝑡 − 𝑘)                 (3-22) 

which, plugged into Eq. (3-17) for the CWT, results in the definition of the DWT  (Percival 

and Walden, 2006; Mallat, 2008; Kim et al., 2013; Shoaib et al., 2016): 

        𝐷𝑊𝑇𝑗,𝑘(𝑡) = 2−𝑗/2  ∫ 𝑥(𝑡) 𝜓∗ (
𝑡−𝑘2𝑗

2𝑗
) 𝑑𝑡

+∞

−∞
,      𝑗, 𝑘 𝜖 𝑍,               (3-23) 
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so that the reconstruction formula (3-20) becomes   

       𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜓𝑗,𝑘(𝑡) > | 𝜓𝑗,𝑘(𝑡) >𝑗,𝑘  =  ∑ 𝐷𝑊𝑇𝑗,𝑘(𝑡) | 𝜓𝑗,𝑘(𝑡) >𝑗,𝑘 .           (3-24) 

This equation is the basis of the multiresolution analysis (MRA) (Mallat, 1989), which 

in the case that the mother wavelet  𝜓𝑗,𝑘(𝑡)  belongs to a so-called tight frame of wavelet 

classes, which is the necessary and sufficient condition that it is orthonormal, i.e.:   

      < 𝜓𝑗,𝑘(𝑡), 𝜓𝑙,𝑚(𝑡) >=𝛿𝑗,𝑙(𝑡) 𝛿𝑘,𝑚(𝑡),                    (3-25) 

allows for a finite decomposition of the signal x(t)  into several filtered subsets  𝑥𝑗(𝑡) 

of increasing scales aj  = 2j   and,  as  the time shifts bk = k 2j also increase with scale, decreasing 

time resolution, in respect of Heisenberg’s principle.  In this regard, the multi-resolution 

decomposition of the sampled signal based on Eq. (3-25) removes the redundancy of the CWT, 

while extracting in an optimal manner the features of the signal on a particular scale under the 

restrictions of the sampling theorem. For the  𝜓𝑗,𝑘(𝑡) to be admissible, i.e. orthonormal, in the 

MRA, it must satisfy the two-scale property: 

      𝜓(𝑡) = √2 ∑ 𝑔(𝑛)𝜓(2𝑡 − 𝑛)𝑛 ,                 (3-26) 

i.e. the width and the location of the wavelet function at a scale j+1 are half of that at 

scale j.  As such, the wavelet function 𝜓𝑗,𝑘(𝑡) can be understood as a series of high / band pass 

filters, or a filter bank, with filter coefficients g(n) and which covers the whole frequency range 

of the signal, starting from the Nyquist sampling frequency (the lowest scale ) down to a 

minimum frequency (highest scale).  However, as the scale cannot go up infinitely, because 

the signal is time-limited or finite, the scale range is limited at a maximum j, leaving a 

remainder (with the lowest frequency) of the signal unresolved.  This is where the so-called 

scaling function 𝜙(𝑡) comes into play, which is defined similar to the wavelet function 𝜓(𝑡), 

but derived from a father wavelet, orthonormal to the former and obeying also the two-scale 

property:  

      𝜙(𝑡) = √2 ∑ ℎ(𝑛)𝜙(2𝑡 − 𝑛)𝑛                             (3-27) 

where ℎ(𝑛) are the filter coefficients, which now describes a low-pass filter. Because of the 

orthonormality of  𝜓(𝑡)  and 𝜙(𝑡), the filter coefficients h(n) and g(n) are related to each other 

(mirror filter):  

    𝑔(𝑚 − 1 − 𝑛) = (−1)𝑛ℎ(𝑛),     𝑚: 𝑓𝑖𝑙𝑡𝑒𝑟 𝑙𝑒𝑛𝑔𝑡ℎ              (3-28)

      

The scaling function   𝜙𝑗,𝑘(𝑡) at scale j thus covers the lower part of the spectrum of the signal 

x(t), not yet attained by the that scale j.  

Using the fundamental decomposition Eq. (3-24) over the finite range of scales and shift times, 

one obtains the equation for the complete decomposition of the signal x(t), for scales up to 

jmax:  

   𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜙𝑗𝑚𝑎𝑥,𝑘(𝑡) > | 𝜙𝑗𝑚𝑎𝑥,𝑘(𝑡) >𝑘  + ∑ < 𝑥(𝑡), 𝜓(𝑡)𝑗,𝑘(𝑡) > |𝜓𝑗,𝑘(𝑡) >
𝑗𝑚𝑎𝑥
𝑗,𝑘  ,(3-29) 
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where the expansion coefficients (projections)𝑎𝑗,𝑘 =< 𝑥(𝑡), 𝜙𝑗,𝑘(𝑡) >  and  𝑑𝑗,𝑘 =<

𝑥(𝑡), 𝜓𝑗,𝑘(𝑡) >  have also the 2-scale property, i.e. can be computed recursively as 

     𝑎𝑗,𝑘 = ∑ ℎ(𝑛 − 2𝑘)𝑎𝑗−1,𝑛𝑛      &   𝑑𝑗,𝑘 = ∑ 𝑔(𝑛 − 2𝑘)𝑎𝑗−1,𝑛𝑛              (3-30) 

The first sum in Eq. (3-30) describes the coarse, high scale (low frequency) component of x(t), 

generated by the low-pass scaling function 𝜙𝑗,𝑘(𝑡) , i.e. represents the Ajmax - approximation of 

the signal at the highest decomposition level. The second sum consists of the low-scale, high 

frequency details Dj of the signal, generated by the high-frequency / band pass wavelet 

functions 𝜓𝑗,𝑘(𝑡) (j=1,.., jmax).  Thus, Eq. (3-30) can also be written as    

      𝑥(𝑡) = 𝐴𝑗𝑚𝑎𝑥 +  𝐷1 + 𝐷2. . +. .  𝐷𝑗𝑚𝑎𝑥                          (3-31) 

By applying Eq. (3-30) recursively for different maximum scale levels (j =1,..,jmax, the 

multiresolution decomposition of the signal x(t)  at that level, consisting of the approximation 

𝐴𝑗   and the detail 𝐷𝑗  at that level can be computed. In the subsequent step j+1 this 

approximation 𝐴𝑗    is further decomposed into  𝐴𝑗+1  and 𝐷𝑗+1 , and so on, until level jmax is 

reached, with the low-frequency remainder of the signal then described by the term Ajmax.   

Practically, the MRA by means of the DWT is performed by so-called subband coding 

(Vetterli and Herley, 1992), which consists in  running the signal x(t) through a cascade of low- 

and high/band pass digital filters, defined by the dyadically (power of 2) dilated and shifted 

scaling- and wavelet functions, respectively, and subsequent down-sampling of the time series 

by a factor of 2, due to the fact that the low- pass filtered series at level j+1 will have only half 

the frequency-bandwidth of the original one at level j.  This results in a natural adaptation of 

the resolution of the filter, with a halving of the digital flops in the evaluation of the filtering 

(convolution) equation at the next higher scale, making subband coding computationally 

extremely efficient.  It should be noted that filtering of signals with subband coding of cascade 

filters has an even longer history in signal processing than wavelets, and the latter in the form 

of the DWT represents only a special variant of it (Mallat, 1989).       

Regarding the choice of the discrete father- scaling /mother -wavelet filter functions in 

the DWT/MRA ,  popular ones are the Haar, the Daubechies  wavelet db4 and the irregular 

wavelet Symlet (sym4), and these are the ones that  have been used here (Mallat, 1989; Moosavi 

et al., 2013). Figure 3.12 shows the scaling-father and wavelet- mother function for the sym4- 

wavelet - which as shown later, turns out to be the best in the wavelet-ANFIS model- , from 

which one can easily notice the low-pass and band pass character of the two, respectively.   

Using the sym4 wavelet in the MRA of the groundwater level and the precipitation data 

and applying Eqs. (3-30) and (3-31), the multiresolution decompositions of the two time series 

as shown in Figure 3.13  and Figure 3.14 are obtained. Because of the limited sample lengths 

of N = 262, only two scale levels could be analyzed. 
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Figure 3.12. Scaling-father and wavelet- mother function for the sym4 wavelet 

 

 
Figure 3.13. 2- level MRA- decomposition of groundwater level (GL) fluctuations using the sym4 

wavelet 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.14. 2- level MRA- decomposition of precipitation (P) fluctuations using the sym4 wavelet 

 

3.2.8. Hybrid Wavelet-ANFIS model 

After the determination of all important parameters, the ANFIS- model with the FCM 

rule generator and the DWT- MRA- decomposed time series of the average GL and P are 

integrated to form the Wavelet-ANFIS hybrid model. More specifically, several combinations 

of different time-lagged GL- and P- data have been decomposed by the DWT, up to a level of 

two, resulting actually in the coarse approximation A2 and the two lower-scale details D1 and 

D2 (see Figure 3.13 and 3.14) which then for the model with two sets of time-lagged GL- and 

P- data (denoted as set a and b in Figure 3.15) results in a total of 3 (a-1, a-2 in Figure 3.15), 

7 (b-1, b-2), 9 (a-3) and 21(b-3) input data series in the wavelet- ANFIS model in Figure 3.15). 

The latter were set up, moreover, with the three types of mother wavelets already mentioned 

(see Table 3.4), in order to find the best performing model in terms of the R2 - and RMSE- 

values. This best wavelet-ANFIS hybrid model for the average GL- fluctuations is then 
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Figure 3.15. Flowchart of the Wavelet-ANFIS model (see Table 3.4)  

 

subsequently used to simulate and predict the GL-fluctuations spatially at each individual 

piezometer in the Miandarband plain 

3.3. Results and discussion 

For the statistical analysis of the results of both the various ANFIS- and Wavelet-

ANFIS models, R2 and RMSE parameters have been computed for both the training and the test 

(prediction) phases for all six combinations of inputs and wavelets. The optimum number of 

clusters (c) of FCM method is 2 (see Figure 3.9) 

Table 3.4 indicates that that the minimum RMSE and the maximum R2 in the training 

phase with 0.1 and 0.996, respectively, are obtained with the hybrid wavelet-ANFIS model and 

using the Sym4- mother wavelet (combination#6 of Table 3.4) As was expected the worst 

results are related to Haar mother wavelets because it is only orthogonal wavelet with linear 

phase that faced with problem provide a nonlinear shift between the input and decomposed 

signals. The latter exhibits also the best results in the test phase, with corresponding values of 

0.17 and 0.984. Figure 3.16 shows the regression plots of the Wavelet-ANFIS - simulated over 

the observed GL-data for the training and testing phases and in agreement with the high R2,   

the points are nearly perfectly lying on the “slope =1”- regression line. 

The GL- time series simulated with this hybrid model in the training and testing phases 

are depicted together with the observed data in Figure 3.17, which corroborates again the high 

performance of this model for the accurate simulation and prediction of the GL-fluctuations in 

the study region. 

The reason for the superiority of the wavelet-ANFIS over the ANFIS is related to the 

fact that the former takes advantage of both ANFIS and WT, simultaneously. In particular,  the 

WT, or specifically, the DWT-MRA provides  a three-fold time-scale localization of the input 

time series (2-level decomposition) in the present application, allowing for a  separation of the 

approximation and the details of the non-stationary, noisy time series and so enhancing the 

ANFIS which uses a combination of fuzzification  of the input through membership functions 

with the network-based algorithm and the use of the hybrid (back-propagation tries and 

gradient descent) optimization method 
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Table 3.4.  Results of the various model combinations of input data with the optimum number of 

clusters (c=2) for the training and testing phases of ANFIS. 

 

 

 

 

.  

 
 

Figure 3.16. Regression plots of Wavelet-ANFIS (Sym4 mother wavelet) - simulated over observed 

GL-data for training (left panel) and testing (right) phases 

Method 
Wavelet 

components 
ANFIS Inputs 

Training Testing 

RMSE(m) R2 RMSE(m) R2 

ANFIS --- 

𝐺
𝐿

𝑡−
1

 ,
𝐺

𝐿
𝑡−

2
,𝐺

𝐿
𝑡−

3
 

0.16 0.990 0.52 0.918 

Wavelet-ANFIS/haar 

A1 

0.36 0.951 0.57 0.877 

Wavelet-ANFIS/db4 0.21 0.984 0.41 0.936 

Wavelet-ANFIS/sym4 0.23 0.981 0.36 0.945 

Wavelet-ANFIS/haar 

A2 

0.36 0.953 0.56 0.905 

Wavelet-ANFIS/db4 0.19 0.986 0.35 0.952 

Wavelet-ANFIS/sym4 0.20 0.986 0.25 0.971 

Wavelet-ANFIS/haar 

A2,D1,D2 

0.12 0.994 0.30 0.961 

Wavelet-ANFIS/db4 0.13 0.993 0.38 0.952 

Wavelet-ANFIS/sym4 0.13 0.994 0.31 0.970 

ANFIS ---- 

𝐺
𝐿

𝑡−
1

 ,
𝐺

𝐿
𝑡−

2
,𝐺

𝐿
𝑡−

3
, 

 𝑃
𝑡−

1
,𝑃

𝑡−
2

,𝑃
𝑡−

3
,𝑃

𝑡−
4
 

0.15 0.992 0.31 0.952 

Wavelet-ANFIS/haar 

A1 

0.22 0.982 0.39 0.924 

Wavelet-ANFIS/db4 0.17 0.989 0.34 0.950 

Wavelet-ANFIS/sym4 0.18 0.989 0.29 0.960 

Wavelet-ANFIS/haar 

A2 

0.18 0.989 0.47 0.905 

Wavelet-ANFIS/db4 0.11 0.996 0.27 0.967 

Wavelet-ANFIS/sym4 0.11 0.996 0.18 0.983 

Wavelet-ANFIS/haar 

A2,D1,D2 

0.10 0.996 0.26 0.966 

Wavelet-ANFIS/db4 0.11 0.996 0.20 0.978 

Wavelet-ANFIS/sym4 0.10 0.996 0.17 0.984 



54 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.17. Wavelet-ANFIS /Sym4 – simulated and observed GL- time series for the training (upper 

panel) and testing (lower panel) phases 

 

All data-driven prediction methods are based on the idea that the random errors are 

drawn from a normal distribution and the hybrid Wavelet-ANFIS model is not an exemption. 

Figure 3.18 illustrates that the a posteriori computed errors of the GLs computed with this 

model follow indeed such a normal distribution. In addition, the absolute maximum errors for 

one month are only 0.48m and 0.51m in the training and test phases, respectively. 

All of the above results clearly indicate that the selected hybrid wavelet-ANFIS model delivers 

very good and reliable predictions of the average GL of the Miandarband plain. Although the 

average GL is a first and appropriate criterion for the evaluation of the changes all over the 

plain, one would like to know the spatial variations across the piezometer network across the 

plain. To that avail the hybrid model has been applied to simulate the GL fluctuations in all 33 

observation wells. The statistical results obtained for R2 and RMSE are shown in Figure3.19 

for both the training and test phase indicate that the model has a good performance in nearly 

all wells, with most values of R2 above 0.95, particularly, in the test phase.  
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Figure 3.18.  Distribution of the GL- random errors of the wavelet-ANFIS model

 
Figure 3.19. Results of GL-simulation in all 33 wells (see Figure 3.2) 

3.4 Conclusions 

In this study, ANFIS- and hybrid Wavelet-ANFIS models based on the FCM method have been 

developed for groundwater level- (GL) simulation and prediction as a function of antecedent 

GL’s and precipitation in the Miandarband flood plain, western Iran. The monthly GL- data 

series were recorded at 33 wells, however, as the GL data series were not complete, a MLR- 

based method for estimating the missing data values was developed. After this data pre-

processing, various statistical analyses were done. The results indicate, among other things, 

that GL-values for a particular month are best correlated with GL- and P- data values 3 and 4 

months prior.  

The 7-time lagged data were used directly as inputs in the ANFIS model to predict GL, whereas 

in the hybrid Wavelet-ANFIS model, the GL- and P- time series were decomposed first into 

approximations (A) and details (D) sub-series by means of DWT-MRA. Three different 

combinations of decomposed time series namely, A1, A2 and A2, D1, D2 have been applied as 
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inputs for the hybrid model. As usual in ANN, the inputs were divided into two parts; one for 

simulation (training) and the other for prediction (testing) phases. The results were evaluated 

by RMSE and R2 and indicate that hybrid Wavelet-ANFIS using the Symlet mother wavelet 

and A2, D1, D2 inputs outperforms all other model variants, with values of RMSE and R2 of 0.1 

m and 0.996, respectively, in the training phase and of 0.17 and 0.984 in the testing (prediction) 

phase.  

These results of the hybrid Wavelet-ANFIS model illustrate that the incorporation of the 

wavelet transform into ANFIS enhances the performance of ANFIS model, especially, in the 

prediction phase. Another powerful characteristic of this coupled model is the additional use 

of the FCM clustering method which generates fewer fuzzy rules, so that the problem of curse 

of dimensionality does not occur. In conclusion, the Wavelet-ANFIS-FCM-clustering model 

appears to be a reliable tool for groundwater level prediction under different water resources 

management scenarios, especially, when, due to a lack of data, all physical processes like 

surface-groundwater interactions are not completely understood.     
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Abstract 

 

Irrigation water requirement (IWR) is defined by the difference of the evapo-transpired water of an 

agricultural plant/crop and the effectively available precipitation.  IWR is thus an important parameter 

in arid and semi-arid areas for the set-up of optimal irrigation planning and scheduling strategies.  

Obviously, the major step to estimate IWR, is the evaluation of the crop evapotranspiration (ETc) of 

the totality of the cultivated crops in an area. The FAO-56 or FAO- Penman-Monteith (FAO-PM) model 

is usually used to that avail, wherefore the standard reference (PM- computed) evapotranspiration (ETo) 

is calculated by its crop coefficient Kc, an empirical parameter, which depends also on the crop’s 

seasonal growth stage.  In recent years, ETc- calculations on the regional scale that are based on the use 

of remotely sensed vegetation indices (VI), called Kc (VI), have increasingly been used. In this study, 

two kinds of VIs, namely, the normalized vegetation index (NDVI) and the soil adjusted vegetation 

index (SAVI) have been estimated from reflectance images for six passes of the Landsat 8 satellite over 

the Miandarband flood plain, Iran, in the three summer months of 2015 and 2016 and then been used to 

compute linear relationships of Kc(NDVI) and Kc(SAVI). The ETc and IRW obtained with these 

satellite- based crop-coefficients are compared with those obtained with the empirical Kc’s of the 

classical FAO-56 method.  Although there is a general good agreement for the long-term FAO- and 

satellite-estimated ETc and IWR for the months analysed, the remote sensing approach hints of some 

extension of the total crop cultivated area in the Miandraband plain beyond the originally recommended 

area in the wet year 2015-2016.  

  

Keywords: Irrigation water requirement, evapotranspiration, FAO-56, Kc-VI methods, Landsat 8. 
 

4.1. Introduction 

Irrigation plays an important role in increasing agricultural productivity, especially, in arid 

and semi-arid regions, including the Middle East. With the tremendous population growth 

experienced in that part of the world over the last decades, irrigation is becoming an 

indispensable water resources activity for satisfying the incremental food demands in the 

countries of that region. This holds also for the country of Iran, where the major water supply 

sources for irrigation are dam reservoirs (Zare and Koch, 2014). However, given the scarcity 

of renewable water there, an effective water resources management for satisfying the so-called 

irrigation water requirement (IWR) is needed. The first and major step to do this, is the 

determination of the crop water requirement (CWR).  

In order to calculate the CWR, the reference evapotranspiration (ETo), the crop 

evapotranspiration (ETc) and the crop coefficient (Kc) must be determined. The Food and 

Agriculture Organization (FAO) provided a model for estimating ETo, called FAO-56 or FAO 

                                                           
1 Zare, M. and M. Koch, (2017). Computation of the Irrigation Water Demand in the Miandarband Plain, Iran, using FAO-56- 

and Satellite- estimated Crop Coefficients. Journal of Thai Interdisciplinary Research Vol.12 No.3  pp 15-25 (May-June 2017). 
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Penman-Monteith (FAO-PM) model (Allen et al., 1998), which  has been recommended as the 

best model for estimating ETo (Djaman et al., 2016) and it has thus been used in many studies  

(Jabloun and Sahli, 2008; Farg et al., 2012; Valiantzas, 2013; Malamos et al., 2015; Connan et 

al., 2015; Anderson et al., 2016). 

 Nowadays, scientific and technological advancements like remote sensing techniques in 

agriculture have enabled the application of new tools for describing large areas of crops and so 

facilitating the management and irrigation system evaluation. Remote sensing is a powerful 

tool for estimating vegetation indices (VI), like the normalized vegetation index (NDVI) and 

the soil adjusted vegetation index (SAVI) (Yi et al., 2013). One of the satellite based spatial 

ETc-estimation methods is using NDVI by applying a linear relation between the NDVI and the 

Kc (Casa et al., 2009). This Kc(NDVI)- method has been used in many practical case studies; 

Guermazi et al. (2016) employed it in central Tunisia to estimate the IWR for the major crop 

season June and July (year 2013) , using Landsat 8 satellite data. The authors compared the 

Kc(NDVI)- and the classical FAO-56 method and found out that Kc(NDVI) is an appropriate 

tool for CWR estimations, as the difference between the minimum IWR estimated by 

Kc(NDVI), and that of FAO-56 is 13%, while for the maximum IWR, it is not more than 4 %. 

Kamble et al. (2013) estimated crop coefficients using the NDVI in three different locations for 

climate conditions in the High Plains in the Midwestern states of the US. They developed a 

simple linear regression model between the NDVI and the Kc using moderate resolution 

satellite data (MODIS) from the years 2006 and 2007. The results of these authors show that 

Kc- and NDVI- changes have a strong linear relation, with R2 = 0.9 and RMSE = 0.17, 

indicating that the Kc(NDVI)- equation is useful for irrigation planning. El-Shirbeny et al. 

(2014) used the Kc(NDVI)- method in the Nile river valley down to the delta in Egypt to 

estimate ETc using Landsat 8 images in August 2013. Employing the FAO-56 method, the ETo 

were then calculated and the NDVI data applied to estimate the Kc and, subsequently, the ETc 

in the study area. 

In the present study the FAO-56 method is applied for ETc calculations in the 

Miandarband floodplain in western Iran which has been the focus of several recent studies of 

the authors (Ghobadian et al., 2014; Zare and Koch, 2014, 2016) and then based on FAO-56 

calculations high demand months during 2014-15 and 2015-16 water years (From October to 

September in Iran) will be selected to ET estimation using the Kc-NDVI and Kc-SAVI models 

based on Landsat 8 satellite images. Finally, the efficiency of satellite-based model will be 

determined for IWR calculations. 

 

4.2. Material and methods 

4.2.1. Study area and data 

The Miandarband plain is one of the most fertile plains of the Kermanshah province located 

in western Iran, between latitudes 34o 24’ 03’’ - 34o 40’ 56’’ and longitudes 46o 44’ 26’’ - 47o 

11’ 00’’. (path/row: 167/36 for Landsat 8 satellite images). This region is geographically 

limited in the North by the Gharal and Baluch mountains and in the South by the Gharasoo 

river and has a surface area of about 300km2 (see Figure 4.1). 

 Surface water in the study area occurs in the form of springs and stream flow, with the 

major river being the Razavar river (Zare and Koch, 2016). The plain is endowed in addition 

by ample groundwater resources, and with the construction of irrigation and drainage network,  
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Figure 4.1. The Miandarband plain in western Iran 

                                                                                                                                                                     

 

it has become one of the high potential areas for crop production in recent years. It is expected 

that the irrigation and drainage network will convey about 176.2 MCM/year of surface water 

from the Gavoshan Dam into the Miandarband plain where it will be used for agricultural 

irrigation. The irrigation water management plan conceived by the ministry of power and 

ministry of agriculture since 1988, when the dam was constructed, and with the present day 

cultivation pattern (see below) suggested in 1995, plays a crucial role in the effective use of 

the available water resources (Zare and Koch, 2014). It is estimated that 90 % of the available 

water resources in the Miandarband plain are used for agriculture (Anonymous, 2001). 

Meteorological data as well as cultivation pattern are required for IWR-calculation using 

the FAO-56 model. The long-term average monthly meteorological data includes precipitation 

(P), temperature (T), relative humidity (RH), wind speed and sun hours recorded over a period 

of 65 years (January 1951 to September 2016) in the area at one station are listed in Table 4.1. 

Whereas the precipitation data is used for defining the effective precipitation (Peff), the other 

parameters serve to compute the ETo by means of the CROPWAT 8.0 model. 
                                                                                                                     

Table 4.1. Miandarband plain’s long-term average monthly values of various meteorological variables. 
Parameter Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

P(mm) 62.2 56 76.3 64 28.8 1 0.4 0.3 2 28.7 56.2 59 

Tmin(oC) -3.5 -2.3 1.3 5.5 8.6 12.3 16.7 16 11.1 6.9 2.2 -1.4 

Tmax(oC) 7.6 9.9 14.9 20.3 26.4 33.8 38 37.5 32.9 25.5 16.6 10.4 

RH (%) 72.2 66.6 58.3 55 46.3 27.1 21.9 21.4 24.1 37.9 58.8 69.4 

Wind (m/s) 2.2 2.6 3.1 3.1 2.8 2.7 2.7 2.6 2.4 2.2 1.9 2 

Sun (hours) 4.7 5.5 6.2 7 8.8 11.5 11.2 10.9 10.2 8 6.3 5 

                                                                                                                                                        

The cultivation pattern of the Miandarband plain is shown in Table 4.2. The cultivated area 

is about 200km2 which means that 67% of the plain’s total surface is allocated to agricultural 

activities.   
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Table 4.2. Cultivation pattern and percentage of cultivated area (~200 km2) in the Miandarband plain. 
Crop Area (km2) Crop Area (km2) Crop Area (km2) 

Wheat 53.8 Clover 11.6 Apple 4 

Alfalfa 27 Dry beans 11.5 Water melon 3.8 

Barely 26.8 Chick beans 11.5 Tomato 3.8 

Sweet corn 13.4 Sugar beet 9.6 Soybean 3.8 

Field corn 11.6 Grape 4 Sun flower 3.8 

 

4.2.2 Water irrigation requirement (IWR) of original cultivation pattern in the 

Miandarband plain  

4.2.2.1 Net irrigation requirement (NIR) computed by means of FAO-56 Penman-

Monteith with empirical crop coefficients. 

The net irrigation requirement (NIR) describes the deficiency of water the crop needs for 

covering its crop evapotranspiration (ETc) needs and the available precipitation Peff. Thus the 

NIR is defined in FAO-56 model (Allen et al., 1998) is defined as:  

                                                                                                                                                 

effc PETNIR           (4-1) 

where 

 0ETKcETc           (4-2) 

                                                                                                                                                            

i.e. the ETc is proportional to the reference crop evapotranspiration ETo. These equations 

are the basis of the FAO-56 model (Allen et al., 1998). The Kc-values are not constant but 

change with the crop growth during the growing season. In this regard, each crop has three 

crop coefficients, namely, initial (Kcini), midseason (Kcmid) and late season (Kcend). The Kcini 

related to planting date covers up to 10% of the growth period, from 10% to 75% cover is called 

development and reaches then the crop coefficient Kcmid. Finally, Kcend is related to the final 

growth period between maturity and senescence (see Figure 4.2) 

The Kc-values are taken from the FAO-56 paper (Table 12 in the FAO-56 guidelines, page 

110). The tabular values (KcTab) listed there assume a RH of 45% and the wind speed taken 2m 

above surface (U2) is 2m/s. This means that the data should be corrected by Eq. (4-3) in a 

particular application (Allen et al., 1998). 

   (4-3) 

                                                                                                                                                                      

Where h is the plant height for each growth stage in m (0.1m<h<10m). Using the equation 

above and the appropriate monthly values for RH and U2 in Table 4.2, the Kc- coefficients in 

each of the three stages of the growing season have been estimated for the various cultivated 

crops (see Tables 4.3 and 4.4). 
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Figure 4.2. Crop coefficient Kc –variations during a plant’s growing season (Allen et al., 1998) 

 

 

Table 4.3. Crop coefficients for the three stages of the growing season for the individual crops grown 

in the plain 

Crop Kcin Kcmid Kcend Crop Kcin Kcmid Kcend 

Wheat 0.3 1.13 0.35 Sugar beet 0.35 1.2 0.7 

Alfalfa 1 1.1 1 Grape 0.3 0.86 0.47 

Barely 0.3 1.13 0.35 Apple 0.45 0.97 0.7 

Sweet corn 0.3 1.2 0.55 Water melon 0.4 1 0.75 

Field corn 0.3 1.16 1.1 Tomato 0.6 1.16 0.75 

Clover 0.4 0.9 0.85 Soybean 0.4 1.16 0.6 

Dry beans 0.4 1.16 0.5 Sun flower 0.35 1.08 0.5 

Chick beans 0.4 1 0.57         

 

Table 4.4. Irrigation scheduling of crops 
Crop Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Wheat & Barely      HD HD HD       

Alfalfa      HD HD HD     

Sweet & field corn      HD HD HD     

Clover     HD HD HD      

Dry beans      HD HD HD     

Chick beans     HD HD       

Sugar beet      HD HD HD HD    

Grape      HD HD HD     

Apple      HD HD HD     

Water melon      HD HD HD HD    

Tomato      HD HD HD     

Soybean & Sun flower      HD HD HD     

  Irrigation months        HD: IWR high demand months                        Growing season  

 

The Penman-Monteith (PM)- equation as implemented in FAO-56 (Allen et al., 1998) is 

used to estimate the daily reference evapotranspiration ETo (mm day-1 ): 
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      (4-4) 

                                                                                                                                                                

where Δ is the slope of the saturation vapour pressure curve (kPa/oC); Rn is net radiation at 

the crop surface (MJ m-2 day-1); G is the soil heat flux density (MJ m-2 day-1); γ is the 
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psychometric constant (kPa/oC); T is average temperature (oC); and es-ea is the saturation 

vapour pressure deficit (kPa) (es = the saturation vapour pressure; ea = actual vapour pressure).  

By using the average monthly meteorological data of Table 4.1 and the altitude (1319m), 

latitude and longitude (34.35 N and 47.15 E) of the meteorological station, the CROPWAT 8.0 

model within the FAO-56 model is used to calculate Rn, depending only on the astronomical 

position of the sun, with G=0.04* Rn for a reference crop like alfafa and, finally, the daily ETo 

which has been summed up to one month in Table 4.5.  
                                                                                                                    

Table 4.5. CROPWAT 8.0 results for ETo (mm/month) and Rn (MJ m-2 day-1)  
Parameter Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

ET0  36.9 50.7 87.1 123.1 152.6 234.7 249.6 245.2 189.9 127.1 66 40.2 

Rn 9.1 11.9 15.3 18.8 22.7 27.1 26.3 24.7 21.3 15.4 11 8.7 

                                                                                          

 

Peff  in Eq. (4-2) is estimated by the FAO/AGLW formula Smith (1988): 
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     (4-5) 

 

As a consequence of ongoing climate change in the region wherefore the annual 

precipitation in Western Iran will be reduced between 9 to 28.5% , depending on the climate 

change scenario (Fattahi et al., 2015), Peff in the equation above has been multiplied by 0.8 in 

the NIR- formula (4-1). 

 

4.2.2.2 IWR and water conveyance balance in the Miandarband plain 

 Using the relation between the NIR and IWR  

 

eNIRIWR /                                (4-6) 
                                                                                                                                            

Where e is the total irrigation efficiency of the irrigation system as well as the conveying 

and distribution efficiencies, the IWR is computed. In the study area surface irrigation is mainly 

used, for which a total efficiency of 50% has been recommended (Anonymous, 2001).  

By multiplying the unit crop evapotranspiration ETc in Eq. (4-2) by the corresponding total 

cultivation area of that crop (see Table 4.2) and summing up for all crop areas, the total 

volumetric ETc is obtained. The latter, together with the value of the voluminous precipitation 

over the plain, are then used in Eqs. (4-1) and (4-6) to compute the monthly IWR-values. These 

are listed in Table 4.6 together the volumes of the monthly conveyed water from the Gavoshan 

dam (CW) and the difference between the two, the water deficit. The latter shows that for most 

of the months the water conveyed for irrigation is able to satisfy the IWR, giving some 

confidence on the irrigation management plan adopted. However, for months of June, July and 

August which are (see Tabel 4.4), on one hand the high demand- months for most of the crops, 

being in the midseason or late season of their growing periods, while, on the other hand, the 

effective precipitation in this period is practical zero (see Table 4.1), the CW is not able to 

fulfil the IWR, so that groundwater must be used to avoid crop water stress conditions.  
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Table 4.6. Monthly IWR (MCM) values obtained with the FAO-56 method and using empirical crop 

coefficients, volumes of conveyed water (MCM) from the Gavoshan dam (CW), and the ensuing water 

deficit. 
Parameter Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

IWR  0.1 1.2 3.9 13 29.3 66.7 65.8 55.1 21.7 7.6 1.4 0 

CW  0.6 0 0.5 7 28 48 41.5 23.8 15.2 10.2 1.4 0 

Water Deficit 0 1.2 3.4 5 1.3 18.7 24.3 31.3 6.5 0 0 0 

 

4.2.3 Determination of crop-coefficients from satellite remote sensing images  

The results of the application of the FAO-56 method to the Miandarband plain in the 

previous section are based on the cultivation pattern suggested by agricultural authorities some 

time ago. However, there is no data available to prove that farmers follow this cultivation 

pattern. In addition, the pattern is affected by natural hazards such as droughts which have been 

occurring with increasing frequency in recent years. Therefore, VI’s (vegetation indices) from 

satellite images could be a suitable tool to estimate the exact nature and cultivation areas of the 

crops, as well as the spatial distribution of the Kc-values.  

 

4.2.3.1 NDVI- and SAVI- analysis of Landsat 8 images 

One of the high- resolution- and free-access satellite classes for retrieving VIs is the Landsat 

satellite family. The most recent one which was launched on February 11, 2013 is called 

Landsat 8. This satellite has 9 Operational Land Imager (OLI) spectral bands in the range 

0.45μm (blue/visible) to 2.29μm (infrared/nonvisible) and 2 Thermal InfraRed Sensor (TIRS) 

bands in the high infrared range (10-12.5μm). Due to the relatively high horizontal resolution 

of the OLI bands (30 m), the frequent sweep of the satellite over the same corridor at the earth’s 

surface in intervals of 16 days, and the free availability of all data from the USGS 

(http://earthexplorer.usgs.gov), the Landsat 8 image data appears to be suitable for testing the 

Kc-NDVI regression method in the study region.  

For the retrieval of the NDVI which is of interest here, only two OLI-bands; the visible Red 

band 4 (centred around 0.65 μm) and the nonvisible Near-Infrared (NIR) band 5 (centred 

around 0.865 μm) are used. In the first processing step, the raw digital numbers (DN), defining 

the uncorrected reflectance  , are retrieved from the data archive for one band and converted 

to Top of Atmosphere (TOA)- Planetary Spectral Reflectance,  by correcting the former with 

the solar angle   at the time of the picture acquisition as : 

 

  sin/)*(sin/ pcalp AQM         (4-7) 

                                                                                                                                                                 

Where, Qcal = DN denotes the raw digital number, MP is the reflectance multiplicative 

scaling factor, and AP is the reflectance. All these parameters are extracted from the metadata 

file downloaded with the DN data.  

After conversion of the DN to reflectance  , the vegetation indices (VIs) for the Red- and 

near-infrared (NIR) bands could be calculated. However, most of the VIs, including the already 

mentioned NDVI, the Soil Adjusted Vegetation Index (SAVI), which will also be used, the 

Weighted Difference Vegetation Index (WDVI), the Leaf Area Index (LAI), the Perpendicular 

Vegetation Index (PVI) and the Simple Ratio (SR) are based on the relative difference between 

the reflectance of the NIR- and Red bands.  

http://earthexplorer.usgs.gov/
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According to these statements, the NDVI is defined by the following equation (Ozelkan et 

al., 2016):  
                                                                                                                                                                        

 
dNIR

dNIRNDVI
Re

Re








          (4-8) 

                                                                         

Based on this equation negative values of NDVI show water bodies and snow cover, 

whereas values greater than 0.5 show dense vegetation cover. Usually, it assumed that the 

NDVI- value for bare soil is near zero. The NDVI is sensitive to the soil background in partially 

vegetated pixels, i.e. for the same amount of vegetation cover the value of NDVI in darker 

substrates soils is higher than bright soils, thus using a VI which suppresses the effects of soil 

brightness is desirable. In order to eliminating the soil background effects, the SAVI which is 

based on soil line concept has been applied. The soil line is a linear relation between the 

reflectance of the NIR ( NIR ) and the Red ( dRe ) bands for bare soil, is derived (Fox et al., 

2004): 

                                                                                                                                                 

0Re1   dNIR         (4-9) 

                                                                                                                           

where 0  is the intercept and 1  is the slope of the soil line.  

 

 

 

 

 

 

 

 

 

 

Figure 4.3: Left panel: scatterplot of NIR-Red band reflectance values with the regression-computed 

soil line for the August 12, 2016 satellite pass. Right panel: schematic sketch of the various bands 

running parallel to the soil line and defining specific soil and vegetation conditions as indicated. 
                                                                                                                                                           

By plotting the value of the NIR reflectance in each pixel versus that of the Red one, a 

triangle-shaped plot, as shown in the left panel of for the Landsat image of the satellite’s pass 

on August 12, 2016, is obtained. As indicated in the right panel of that Figure, parallel to the 

soil line running bands within this triangle define specific soil and vegetation conditions, 

including the soil moisture content of each pixel (Amani et al., 2016). Basically, on notice that 

the stronger is the vegetation cover, the higher are the NIR- and Red- reflectances. 

The lower enveloping soil line of the pixel scatterplot is defined by NIR  ~ dRe  or, more 

specifically, when 0 < NIR  - dRe  < 0.05 in a pixel (Amani et al., 2016). Thus, in order to 
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compute the soil line here, all pixels falling in this range have been extracted first and then Eq. 

(4-9) is applied to compute the intercept 0  and slope
1 . 

It should be noted that, in agreement with the definition of the soil line, the 0 ’s and 1

’s computed for the various satellite images further down are indeed very close to 0 and 1, 

respectively.  

In the next processing step the (adjusted) SAVI for each image is determined as  

                                                                                                                                              

)1(
Re

Re L
L

SAVI
dNIR

dNIR 








                  (4-10) 

                                                                                                                                   

where L is the soil adjustment factor which minimizes the soil brightness effect and which 

is defined as  
                                                                                                                                                            

WDVINDVIL *21 1                    (4-11) 

                                                                                                                                                                                            

(With, obviously, L=1 for bare soil and L=0 for dense vegetation cover) and with the 

Weighted Difference Vegetation Index (WDVI) computed as  

                                                                                           

 dNIRWDVI Re1                     (4-12) 

                                                                                        

With the NDVI and SAVI computed for each pixel of the satellite’s image by Eqs. (4-8) and 

(4-10), respectively, pictures as shown in Figure 4.4 for the August 12, 2016 Landsat 8 pass, 

are obtained. 

4.2.3.2 Determination of Kc- NDVI- and Kc- SAVI- relationships  

Next relationships of the earlier derived FAO-56 based crop coefficients Kc with the NDVI 

and SAVI are set up. As the vegetation index VI is somehow positively correlated with the crop 

water requirement, the most simple form is to use a linear relationship between Kc and VI of 

the form  

                                                                                                                                    

                   (4-13) 

                                                                                                                                                   

as proposed in several studies (Rafn et al., 2008; Kamble et al., 2013; Guermazi et al., 

2016), wherefore VI is either NDVI or SAVI; NDVImin is threshold value of bare soil, taken as 

0.2 (Sobrino et al., 2004), which means that if a pixel has a computed value of NDVI<0.2 (non-

vegetation), this pixel is changed to N/A in the corresponding SAVI- computation.  Thus the 

minimum value of SAVI is equal to SAVImin . NDVImax is usually close to 0.8 for most remote 

sensing vegetation pictures using the two spectral bands Red and NIR. Kcmax is set to 1.2 for 

all crops and all three summer months June, July and August, whereas Kcmin depends on the 

crop and could be set in pixel areas with known cultivation to 0.55 (barely), 0.85 (clover) and 

0.8 (sweet corn) for these three months.  However, since the cultivation in a particular image 

pixel is usually not known, Kcmin in Eq. (4-14) is set to 0 for pixels for which, based on the bare 

soil line concept, no vegetation is detected.  

 

minmin

minmax

minmax )( KcVIVI
VIVI

KcKc
Kc 








68 
 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

Figure 4.4. NDVI (left panel) and SAVI (right panel) for the August 12, 2016, Landsat 8 pass.  

 

In any case, from this discussion it becomes clear that a successful application of Eq. (4-

13) depends on the proper choice of these free parameters in the equation.  

Fortunately, in some of the case studies mentioned, e.g. (Rafn et al., 2008; Kamble et al., 

2013; Guermazi et al., 2016), either NDVI or SAVI have been calibrated directly with known 

crop coefficients Kc in defined crop pattern areas, and based on these results, recommendations 

for the various parameters in Eq. (4-13) have been given. (see Table 4.7)  

 

Table 4.7 Maximum and minimum values of VIs and Kc 
Value NDVI SAVI Kc 

Min 0.16 0 0.4 

Max 0.8 0.7 1.2 

 

Using these values in Eq. (4-13), the relationship between Kc and satellite-measured NDVI  

becomes: 

2.025.1  NDVIKc                   (4-14) 

                                                                                                                                                                                                                                            

and for Kc as a function of SAVI:  

                                                                                                                                                                                                                 

4.014.1  SAVIKc                   (4-15) 

                                                                                                                               

However, Eqs. (4-14)  and  (4-15) are only taken for image pixels with NDVI-values > 0.2, 

otherwise Eq. (4-13) is used with the values of VImin, VImax  taken from the VI- images (e.g. 

Figure 4.4) of the six passes of the Landsat 8 satellite during the major growing-season months 

June, July and August of the two years 2015 and 2016. The satellite-image- derived quantities 

entering Eq. (4-13) and the mean Kc’s derived by the two VI- approaches with this equation or 

Eqs. (4-14) and (4-15) are listed in Table 4.8. 
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Table 4.8. Satellite-image -derived quantities (using N pixels) entering Eqs. (4-13) and (4-14) for the 

six passes of the Landsat 8 satellite over the study region. 

Date NDVImax SAVImax SAVImin Kcmean(NDVI) Kcmean(SAVI) N 

07 Jun 15 0.7689 0.6916 0.0843 0.79 0.82 199431 

09 Jun 16 0.6866 0.5653 0.0728 0.67 0.71 260132 

09 Jul 15 0.7113 0.6058 0.0875 1.11 1.16 93544 

11 Jul 16 0.7831 0.6908 0.0638 0.89 0.98 132436 

10 Aug 15 0.7709 0.6805 0.0806 1.09 1.04 72251 

12 Aug 16 0.7814 0.6691 0.0574 0.81 0.83 106137 

 

The above table shows that the differences between the thresholds and satellite-image 

derived data are less than 0.05 which indicates that both formula which are based on crop-

independent values have a good accuracy. On the other hand, comparing the various 

parameters, in particular, the Kc- values of interest here, obtained for the three 2015- passes 

with the corresponding 2016- ones, the systematic increase of the vegetation indices for the 

water year 2015-16 - a wet year, with 626 mm precipitation - , over the water year 2014-15 - a 

dry year with a precipitation of only 245mm - is noticed.  

 

4.3. Results and discussion 

4.3.1. Long-term annual and monthly IWR and CW water budget in the 

Miandarband plain  

 

Although Table 4.6 indicates that a total of 176 MCM water (CW) is conveyed yearly from 

the Gavoshan Dam for agricultural irrigation in the Miandarband plain, the monthly values 

show that the CW cannot completely fulfil all the agricultural FAO-56- calculated irrigation 

demand (IWR), in particular, during the high demands months June, July and August. This 

means that another source of water, i.e. groundwater must be tapped.  This would also help to 

resolve the problem of waterlogging occurring frequently in the plain (see the two photos in 

Figure 4.5 taken in March 2016), as has been found out in a previous study of the authors on 

the effects of the construction of an irrigation/drainage network on water-logging in the 

Miandarband plain (Amani et al., 2016).  

4.3.2 Landsat derived seasonal and annual cultivation area changes.  

In the application of the FAO-56 method it has been further assumed that the cultivation 

pattern, i.e. the allocated area to agricultural activities, follows the recommended pattern and 

that no changes have occurred over the last two decades since the inception of the irrigation 

plan in the Miandarband plain. However, this is most likely not the case, especially, in semi-

arid areas with several intermittent drought and wet years, such that in a wet year, when more 

water is available, farmers would like to cultivate more for having more income, whereas in 

drought years, cultivation is less and farmers have to rely on income and yield protection 

insurances. 

For the estimation of the recent cultivated areas, the remote sensing images of the Landsat 

8 satellites are used. The size of the cultivated area is determined by multiplying the number 

of pixels with NDVI > 0.2, the threshold value indicating vegetation, by the unit areal resolution 

of one pixel (900 m2).  Examples of two SAVI- spatial distributions computed with the images 

of the two passes of the satellite in June 2015 and June 2016 and used for these vegetation-area 

computations are shown in the two left panels of Figure 4.6. 
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Figure 4.5. Photos from March 29, 2016, showing the waterlogging problem in the Miandarband 

plain 
                                                                                                                                                           

The results of this cultivated- area estimation for all six passes of the satellite are shown in 

the right panel of Figure 4.6, together with the areas of the recommended cultivated pattern 

estimated from the harvesting sequence of the various crops over the summer months (Amani 

et al., 2016) . One may notice, firstly and expectedly, that the cultivation areas in the pre-harvest 

season of the summer months of the wet year 2016 are higher than those for the dry year 2015 

(which can also be noticed from the two SAVI- images of Figure 4.6), and, secondly, that 

farmers are trying, whenever the climate conditions permit, to increase the cultivated area 

beyond the original recommended one, such as in 2016. The bar plot of Figure 4.6 shows also 

the effects of the harvesting in reducing the remotely sensed vegetation areas as the latter 

decrease from June to July when wheat, barely and chick beans, and, further, in August, when 

clover is harvested. 

 

4.3.3 Evaluation of the crop evapotranspiration ETc using FAO- empirical and 

satellite-derived Kc’s  

Using (1) the empirical Kc-values with the recommended crop areas of Table 4.2 and, (2) 

the satellite-based average Kc’s of Table 4.8  for the whole cultivated area for each of the 6 

passes of Landsat 8,  in the FAO-56 crop evapotranspiration formula (Eq 4-2),  the changes in 

the ETc’s between the historically recommended and the recently observed satellite-derived 

cultivation pattern can be estimated.  However, as it can be inferred from Table 4.8 that the 

differences between Kc(NDVI) and Kc(SAVI) are only minor, and since Kc(SAVI) is usually 

considered to be more reliable when bare soils are present,  for visual simplification, we show 

these calculations for the satellite-based ETc’s only with Kc(SAVI).  The results are shown in 

the left panel of Figure 4.7 

One can notice from the left panel of Figure 4.7 that for the same summer month, the 

differences in the total ETcs for the cultivated area are only minor. However, this does not hold 

for the wet year 2015-16, when the ETC  in July, 2016 is significantly lower than that obtained 

for the original recommended cultivation pattern, notwithstanding the fact that Figure 4.6 

showed that the total cultivated  area had increased in that year. The reason for this discrepancy 

could be the related to the types of crops grown in that year and which are not recognizable in 

an unambiguous manner with satellite remote sensing. 

 

 

                                                                                                                                          



71 
 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

Figure 4.6. SAVI- spatial distribution for cultivated area in June 2015 (left panel), in June 2016 

(middle panel), and long-term recommended and satellite-based cultivation areas for the six passes of 

Landsat 8 (right panel). 
                                                                                                                     

  

Multiplying these estimated ETc- values by the corresponding total areas of cultivation in 

the corresponding time period of one month (taken from values of the right panel of Figure 

4.6), the total IWR is computed. The results are depicted in the right panel of Figure 4.7 from 

which one can notice that the satellite-based IWR is very close to the long-term IWR obtained 

for the recommended cultivation pattern (see Table 4.6)  in June and July, but  not in August, 

the latter being also the month experiencing the largest water deficit (see Table 4.6). 

                                                                                                                                                      

  

 

 

 

 

 

 

 

 

 

 

 

Figure 4.7. Left panel: Average areal monthly ETc for FAO- long-term recommended and satellite 

based cultivation areas for the six passes of Landsat 8 in 2015 and 2016; Right panel: Corresponding 

IWR 

                                                                                                                                                           

4.4. Conclusions 

 Nowadays, agricultural development is one of the most important criteria for food 

security and can be a critical index for economic developments, particularly, in semi-arid 

regions, which are facing increasing water scarcity problems. This adverse situation is further 

exacerbated by climate changes effects, which requires better effective water management 

policies to overcome the conflict of water scarcity and more crop yield. One of these policies 

consists in the construction of dams and conveying water to irrigation networks to fulfil the 

local crop water demands. Such is the case for the agriculturally heavily used Miandraband 

flood plain, western Iran, which is irrigated by water from the Gavoshan dam, constructed some 

25 years ago. In spite of the high volumes of water stored by this dam, further agricultural 

development in the plain needs an optimal use of the limited amount of irrigation water 
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conveyed. Calculation of the irrigation water requirement (IWR) calculation is a first step for 

achieving this objective.  

 In this study, the FAO-56 crop evapotranspiration method, using (1) empirical crop 

coefficients Kc of the prevailing crops in the area, and (2) average Kc derived from remotely 

sensed vegetation- indices (VI), namely, Kc(NDVI) and Kc(SAVI), of 6 passes of the Landsat 8 

satellite are employed in the IWR- calculation. The results indicate that these remotely sensed 

crop coefficients are not only useful to estimate the IWR, but also to detect temporal changes 

in the total area cultivated. Thus it was found that farmers have actually extended the total crop 

cultivation area in the Miandraband plain beyond the originally recommended area in the 

relatively wet water year 2015-2016.  

Although more research with regard to a better understanding of the individual relationship 

of the satellite-measured VI and a particular agricultural crop and, especially, it’s Kc is needed, 

the remote sensing analysis carried out here appears to be a suitable tool for irrigation water 

management in a cultivated area as a whole and is so able to complement classical FAO-56 

crop water requirement calculations. 
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Abstract 

  

Conjunctive management of surface-groundwater resources systems by means of mathematical 

simulation-optimization techniques becomes an important issue for sustainable water resources 

development, namely in water scarce regions. In this study, the particle swarm optimization (PSO) 

method has been coupled with a hybrid Wavelet/ANFIS- fuzzy C-means (FCM) simulation model to 

determine the optimal agricultural irrigation water allocation in the Miandarband plain, western Iran. 

Firstly, the optimal amount of conveyed water (CW) from the Gavoshan dam into the plain is 

determined by constrained PSO. The constraints are the long-term minimum monthly exceedance 

streamflows that are estimated for different exceedance probabilities – with an 70% value found to best 

reflect the average annual river inflow of  3.4 m3/s  into the dam – using  two-parameter Weibull 

distribution as well as the classical Weibull non-parametric plotting position method. Then, based on 

the politically prioritized proportions of the dam’s allocated water for domestic, environmental and 

agricultural uses, as well as the share of the plain for agriculture, the optimal monthly CW available for 

the plain (=112 MCM/a) is obtained. However, the subsequent estimation of the irrigation water request 

(IWR) (= 265.8 MCM/a) calculated by the FAO-56 method and using empirical crop coefficients of the 

present agricultural pattern in the plain indicates that there is an irrigation water deficit of 153.1 MCM/a 

that must be made up by groundwater withdrawal (GW) in a way that neither waterlogging nor severe 

drop condition in groundwater level (GL) will occur. The latter are then calculated by the hybrid 

Wavelet/ANFIS (FCM) model, with good performance indicators R2 and RMSE  equal to 0.98 and 

0.21m and 0.94 and 0.31m in the training and testing phases, respectively. Finally, PSO and the hybrid 

model are coupled to simulate the GL- fluctuations – with the above GL-constraints -  under conjunctive 

use of the optimal surface (CW) and groundwater resources (GW) in the Miandarband plain. In 

conclusion, the innovative coupled simulation/optimization model turns out to be a very useful tool for 

optimal and sustainable conjunctive management of surface-groundwater resources in an irrigation area.             

 

Keywords: Conjunctive surface-groundwater management; hybrid Wavelet/ANFIS-FCM model; particle 

swarm optimization; irrigation water requirement Miandarband plain; Iran. 

 

 

 

                                                           
1 Zare. M. and M. Koch. (2017). Conjunctive Management of Surface-Groundwater Resources Using PSO-Hybrid Wavelet-

ANFIS/ Fuzzy C-means (FCM) Clustering Models: Application to the Miandarband Plain, Iran. Submitted to Agricultural 

Water Management Journal. 
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5.1. Introduction 

 

Changing hydrological conditions occurring in arid and semi-arid regions, owing mostly to 

phenomena of climate change, that affect rainfall temporally and spatially, as well as the 

increasing exploitation of surface and groundwater resources have caused fundamental 

variations  in the surface water flow regimes and severe drops of groundwater levels in many 

regions of the world (Koch, 2008; Fink and Koch, 2010). Responding appropriately to the 

usually growing water demands - not to the least due to the increasing population in the 

countries that are mostly affected by such events - under these threatening situations, 

necessitates the use of the techniques of integrated water resources management more than ever 

before. The main priority of the latter is to find suitable methods and models in order to simulate 

the optimal use of the available and dwindling water resources.  

Decision making and planning for the prediction of future water-affecting events and 

conditions can effectively only be realized by deterministic or stochastic numerical models 

(Zare and Koch, 2016a). Appropriate models and algorithms such as conceptual models, 

artificial intelligence models (ANN), evolutionary algorithms, swarm Intelligence and fuzzy 

logic have been developed and used in many research projects of conjunctive management of 

surface-groundwater resources in recent years. The combination of these models and 

algorithms has led to an increased accuracy in the modeling of water resources allocation 

problems (Peralta et al., 2014; Das et al., 2015; Mani et al., 2016).   

Raman and Chandramouli (1996) used ANN for inferring optimal release rules, 

conditioned on initial storage, inflows, and demands for the Aliyar reservoir in Tamil Nadu, 

India. Results of a deterministic DP model for the reservoir for 20 years of bimonthly data 

serve as a training set for the artificial neural network. The training of an ANN  is an 

optimization process, usually performed by a gradient-type back propagation procedure which 

determines the values of the weights on all interconnections that best explain the input-output 

relationships between the neurons of  the ANN. Singh (2014) emphasized  the need for  an 

appropriate conjunctive management of water resources,  i.e. surface and groundwater,  for 

agricultural irrigation purposes,  as this methodology  is not only useful for water storage 

problems, but  reduces  also the  environmental degradation  in the irrigated areas. Safavi and 

Enteshari (2016) presented a simulation/optimization model for conjunctive use of surface-

groundwater resources in the Najafabad plain, Iran, using ANN and an ant colony optimization 

were used in their study. They showed that the conjunctive management model modified the 

water allocation temporally which  enhances the water use efficiency.  

All these studies indicate that by combining a simulation and optimization model, suitable 

results for conjunctive surface-groundwater management can be obtained. In the simulation 

phase,  Artificial Intelligence- (AI) methods, such as ANFIS and FFNN,  have been found to 

be  flexible and useful methods (Zare and Koch, 2016b),  however,  AI  is facing  problems  

when the hydrological time series are non-stationary. To overcome this problem, signal-

processing methods, like wavelet-tools may be combined with AI- models.  

In this study, the Wavelet-ANFIS model based on a powerful unsupervised algorithm, 

which organizes the data into groups, based on similarities within the ANFIS- model, will be 

used for modeling conjunctive surface-groundwater use in the Miandarband plain, western 

Iran, whose major water supply comes from the Gavoshan dam. The algorithm uses a  Fuzzy 
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C-means (FCM) clustering method, i.e. the whole procedure may be called a Wavelet-

ANFIS/FCM, which has been  applied in a previous study of Zare and Koch (2017) for the 

simulation of groundwater level fluctuations in that area. Moreover, for the solution of the 

constrained optimization problem, Particle Swarm Optimization (PSO) will be applied to get 

the optimal release of conveyed water (CW) from the dam to the agricultural lands of the 

Miandarband plain.    

 

5.2.  Study area 

The Miandarband plain is located in the Kermanshah province, western Iran. The plain is 

geographically limited in the North by the Gharal and Baluch mountains and in the South by 

the Gharasoo river and has a surface area of about 300km2 (see Figure 5.1). Because of the 

rather dry climate of Iran, with an average annual precipitation of only ~250mm/a, likewise to 

that in the lower part of the Miandarband plain, most of the surface water in the plain 

comes from head waters - with the major river being the Razavar river - originating in the 

northern mountain range, where the annual precipitation is ~435mm/a (Zare and Koch, 2016c). 

The plain is endowed, in addition, by ample groundwater resources and has, with the 

construction of an irrigation and drainage network become one of the high potential areas for 

crop production of Iran in recent years, not to the least due to the water from the Gavoshan 

dam constructed in 1988.  In that year, an irrigation water management plan was conceived by 

the ministry of power and ministry of agriculture, which was further adjusted in 1995 when the 

present day cultivation pattern (see Table 5.4) was established. This irrigation plan  plays a 

crucial role in the effective use of the available water resources (Zare and Koch, 2014), as it is  

estimated that 90% of the available water resources in the Miandarband plain are spent for 

agriculture (Anonymous, 2001).      

 The  Gavoshan dam, located  on the Gaveh-rood river, has a  dam height of  123 m, a crest 

length of 650 m and a  reservoir volume of 550 MCM (Mahboubi et al., 2007). As mentioned, 

the major purpose of this dam is to convey about 176.2 MCM/year of surface water   into the 

Miandarband plain for agricultural irrigation. 

 

5.3. Material and methods 

5.3.1. Data 

With the Gavoshan reservoir, the major surface water resource for the water supply of the 

Miandarband plain, information on its inflow is indispensable for the later optimization of the 

conjunctive surface-groundwater management.  To that avail, monthly stream flow into the 

dam, measured from October 1957 to September 2016 (Figure 5.2), will be analyzed further 

in terms of its exceedance probability of minimum discharge. 

As illustrated in Figure 5.2, whereas the mean long-term monthly stream flow of the 

Gaveh-rood river is equal to 6.64 m3/sec, it has decreased to 3.41 and 3.37 m3/sec in the last 

10 and 5 years, respectively. This significant reduction may be related to changing hydrological 

conditions occurring in arid and semi-arid regions (climate changing phenomena that affect 

rainfall temporally and spatially), as well to the increasing exploitation of surface and 

groundwater resources in the upstream areas of the dam. 
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Figure 5.1. The Miandarband plain and Gavoshan Dam, western Iran 

  

 

 
Figure 5.2. Time series of monthly  Gaveh-rood discharge, i.e. dam inflow 

 

The two panels of Figure 5.3 show the annual percental allocation the total dam-released 

water by water users (left panel), as well as the further geographic allocation of the agricultural 

share of water, as  advocated by Iran’s Ministry of Power.  With an annual share of 79%, 

agricultural development is the main objective of dam construction. Out of this 79% the share 

of water conveyed into the Miandarband plain proper is only 62% which amounts to about 50% 

of the dam’s total water release. 

Moreover, Table 5.1 lists the average absolute monthly allocations of the dam’s water to 

the users/geographical regions. These numbers will enter the later optimization analysis which 

is carried out for each month of the year separately.    
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Figure 5.3 Left panel: Annual percentage of total water allocation from the Gavoshan reservoir by 

water- users. Right panel: Annual geographic distribution of the water allocated for agriculture alone. 

 

Table 5.1.  Recommended monthly water release from the Gavoshan dam for different allocation 

purposes, i.e domestic, environmental and agricultural, with the latter portion further distributed 

geographically. 
Usage (MCM) Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Sum 

Domestic 3.9 3.9 4.2 5 5.9 7.3 8.4 8.4 7.5 6 4.6 4.1 69.2 

Environmental 0.3 0 1 1.4 2 4.1 6.9 2.5 1.2 0 0 0 19.4 

Agricultural 

Khamesan 0.8 0.5 0.3 0.1 0.3 0.5 0.9 1 1.2 1.4 1.5 1.3 9.8 

Bilevar  5.7 2.3 0.3 0.1 0 0 0.4 4.3 14.3 18.3 14.2 8.4 68.3 

Miandarband 10.2 1.4 0 0.6 0 0.5 7 28 48 41.5 23.8 15.2 176.2 

Water right 5.2 3.1 0.7 0 0 0 0 0.7 3.9 5.4 5.4 5.4 29.8 

Sum 26.1 11.2 6.5 7.2 8.2 12.4 23.6 44.9 76.1 72.6 49.5 34.4 372.7 

 

Meteorological data are required for the water release calculations using the PSO model. 

This includes long-term average monthly precipitation (Pt) and actual evaporation (Et) - 

measured by an American Class A-Pan multiplied by a pan coefficient Kpan (= 0.7), recorded 

over a period of 65 years (January 1951 to September 2016) in the Miandarband plain at one 

station, with the average monthly values listed in Table 5.2.  

 

Table 5.2.  Miandarband plain’s long-term average monthly values of  precipitation and evaporation . 
Parameter Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Sum 

Precipitation (mm) 28.7 56.2 59 62.2 56 76.3 64 28.8 1 0.4 0.3 2 434.9 

Evaporation (mm) 147.77 78.97 37.63 37.23 44.1 68.8 110 179.17 227.77 246.8 246.63 216.93 1641.8 

 

For calculating the allowable groundwater withdrawal, monthly groundwater level 

fluctuations in the Miandaraband plain recorded  at 33 piezometric wells during the time period 

October 1991-June 2013 (261 months), as they have been analyzed by various time series 

methods in a concurrent study of (Zare and Koch, 2016b), will be used (see Figure 5.3)  

The groundwater withdrawal should be done in a way that the aquifer will not face neither 

waterlogging nor severe head drops. The thresholds for waterlogging were found out in a 

previous study of the authors on the effects of the construction of an irrigation/drainage 

network on water-logging in the Miandarband plain (Zare, 2009; Zare and Koch, 2014). 

Regarding the maximum permissible groundwater level drop, it was taken equal to the 

minimum of the long-term recorded groundwater head time series (see Figure 5.4).   
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Figure 5.4.  Left panel: Well locations with Theissen polygons. Right Panel: Average GL- 

fluctuations in the Miandarband plain during the time period October 1991- June 2013 

 

5.3.2 Analysis methodologies   

5.3.2.1 Estimation of dam inflow exceedance probabilities using the parametric 

and nonparametric Weibull method  

For optimizing the water release from the dam, the inflow stream flow is one of the key 

parameters. In this regard, the long-term time series of Gaveh-rood river (see Figure 5.2) has 

been used for estimating the amount of dam inflow for different minimum exceedance 

probabilities. As a matter of fact, estimating this probability is very important as, for example, 

overestimating it would lead to an over-exploitation of the dam reservoir, while under- 

estimating it would deteriorate the optimal use of the reservoir’s water capacity.   

To calculate the inflow exceedance probability, either parametric fitting of the observed 

data by a suitable parametric probability density function, like normal-, lognormal-, gamma- 

and Weibull functions (Chow et al., 1988) or, more simply,  nonparametric, empirical Weibull 

(1939) ranking (plotting positions) can be used.  There have been a lot of discussions for quite 

some time in the hydrological literature on the appropriateness of the classical Weibull- and / 

modified plotting position methods for calculating exceedance probabilities, respective, return 

periods, and the jury on the proper plotting positions is still out ( Cunnane, 1978; Hirsch, 1987; 

Chow et al., 1988). For this reason, both methods are used and compared in the present study.  

For the parametric method a two-parameter Weibull density distribution (Pook and 

Laboratory, 1984), given by  

 

𝑓(𝑥|𝛼, 𝛽) =
𝛽

𝛼
(

𝑥

𝛼
)𝛽−1𝑒−(𝑥/𝛼)𝛽

                          (5-1) 

 

where α and β are shape and scale parameters, respectively, has been fitted to the observed  

dam inflow for each month of the year during the observation period (1957-2016),  using 

nonlinear maximum likelihood estimation (MLE). 

Exceedence probability discharges Q(pe) are then defined from the quantiles Q for a given 

exceedance probability pe =1-pc, where pc is the predefined non-exceedence probability, given 

by the ratio of the area underneath the fitted Weibull-function between Q=0 to Q(pc) to the total 

area (usually normalized to one).  
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The second, simpler method used in general extreme value statistical hydrology, namely, 

for the estimation of return periods, used here, consists in the application of the nonparametric 

empirical Weibull (1939) plotting position approach.  In this method the monthly stream flows 

are  ranked in  ascending order  and  the minimum exceedance probability  𝑝(𝑥𝑖) is calculated 

by the empirical  plotting position  (Agbede and Abiona, 2012): 

 

 𝑝(𝑥𝑖) =
𝑚

𝑁+1
 ,              (5-2) 

 

where m is the rank of data 𝑥𝑖; and N is the sample size (=59), the number of years. As 

mentioned above, modifications of this plotting position method have been proposed, but their 

usefulness is not always clear (Chow et al., 1988). 

 

5.3.2.2 Optimization methodology for water release from the Gavoshan dam. 

5.3.2.2.1 Formulation of the constrained optimization problem 

For finding the optimal monthly water release from the Gavoshan dam, using constrained 

optimization methods, the objective function and the constraints must be determined first. In 

this study, the constrained optimization problem is stated as follows:  

 

min 𝑍 =  ∑ ((𝑅𝑡 − 𝑅𝑟𝑒𝑐)/𝑅𝑚𝑎𝑥)212
𝑖=1 + 𝑃𝐹       (5-3) 

 

subject to 

𝑅𝑡 = 𝑆𝑡 − 𝑆𝑡+1 + 𝑄𝑡 − 𝐿𝑡        𝑡 = 1,2, … ,12      (5-4) 

𝑆𝑚𝑖𝑛 ≤ 𝑆𝑡 ≤ 𝑆𝑚𝑎𝑥         (5-5) 

𝑅𝑚𝑖𝑛 ≤ 𝑅𝑡 ≤ 𝑅𝑚𝑎𝑥,         (5-6) 

 

where Z is the objective function; 𝑅𝑡 is the water release from the Gavoshan dam in month 

t; 𝑅𝑟𝑒𝑐 is the recommended release as advocated by Iran’s Minstry of Power (Table 5.1);  𝑅𝑚𝑎𝑥 

is the maximum release which is equal to 76.1 MCM; 𝑅𝑚𝑖𝑛 is equal to 0.  PF is the penalty 

function which is determined by the continuity equation which in discretized form is equal 

to ∑ (𝑆12
𝑡=1 𝑡+1

− 𝑆𝑡 − 𝑄𝑡 + 𝑅𝑡 + 𝐿𝑡); S is the storage volume; 𝑄𝑡 is the dam inflow; 𝑆𝑚𝑖𝑛is the 

dead volume of the constructed dam which is equal to 35.07 MCM; 𝑆𝑚𝑎𝑥 is the reservoir 

volume at  normal level, equal to 504.25 MCM;  𝐿𝑡  is the difference between evaporation (𝐸𝑡) 

and precipitation (𝑃𝑡) whose average monthly values are listed in Table 5.2.  

To calculate the volume of 𝐿𝑡, the following area – storage equations has been used:  

 𝐿𝑡 = (𝐸𝑡 − 𝑃𝑡) ∗ 𝐴𝑡
̅̅ ̅         (5-7) 

with 

 𝐴𝑡
̅̅ ̅ = 0.5 ∗ (𝐴𝑡 + 𝐴𝑡+1)        (5-8) 

and 

 𝐴𝑡 = 𝑎𝑆𝑡 + 𝑏          (5-9) 

where 𝐴𝑡
̅̅ ̅ is the average of two consecutive months and 𝑎 and 𝑏 are linear regression 

coefficients found by least squares regression (see Figure 5.5).  
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Figure 5.5. Area-storage values with fitted linear regression line  

 

5.3.2.2.2 Solution of the optimization problem by Particle Swarm Optimization 

(PSO) 

To solve the constrained optimization problem formulated above, particle swarm 

optimization (PSO) is employed. PSO is a population-based stochastic optimization technique, 

which is derived from social behaviors of animals or insects. It was invented by Kennedy and 

Eberhart (1995). The PSO belongs to the group of so-called derivative-free optimization 

methods, similar to evolutionary methods like the genetic algorithm (GA) or the shuffled 

complex evolution algorithm, whose most appealing feature is that they look for a global 

minimum of an objective function, unlike most gradient (derivative) methods, which obtain 

only local minima.  

In the PSO algorithm the data are introduced  as particles (there is no need to encoding and 

decoding like as  in GA) and these particles move around in the function space with updated 

internal velocities to finally converge to the best solution (Rao and Savsani, 2012). More 

specifically, the particles are spread in the search space and each particle keeps tracks of its 

coordinates in this space to find the best solution. For every particle in its position the objective 

function is calculated, then, by combining information of the present and previous position, the 

best solution up to the present iteration step is obtained, called the personal best (pBest). Each 

particle's movement is influenced by its pBest known position, but is at the same time guided 

towards the best known positions from other particles in the population, the  global best  

(gBest). By means of updating the velocities in the directions of personal and global best 

solutions,  PSO searches iteratively the optimum objective function (Gill et al., 2006).  

In the PSO each particle has five properties: a) position (xi); b) objective function value at 

xi; c) velocity (vi); d) the pBest position (xi, best); and e) objective function value at gBest  xi, best. 

The equations that describe the behavior of particles in PSO are (Robinson and Rahmat-Samii, 

2004): 

 

𝑣𝑖(𝑡 + 1) = 𝑤𝑣𝑖(𝑡) + 𝑐1𝑟1(𝑥𝑖,𝑏𝑒𝑠𝑡(𝑡) − 𝑥𝑖(𝑡)) + 𝑐2𝑟2(𝑥𝑔𝑏𝑒𝑠𝑡(𝑡) − 𝑥𝑖(𝑡))           (5-10) 

𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1)                 (5-11) 
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where w is the inertia coefficient of velocity at time t (𝑣𝑖(𝑡)) which is equal to 1 in the 

first iteration, with a damping of 0.99 for the next iterations; 𝑟1 and 𝑟2 are random functions 

which generate uniformly distributed random numbers between 0 and 1; 𝑐1 = 2  is a factor 

determining the influences of memory of best position of particle 𝑥𝑖,𝑏𝑒𝑠𝑡(𝑡) and 𝑐2 = 2 is a 

factor determining the influences of the other  particles, i.e. 𝑐1 and 𝑐2 which are between 0 and 

2, move the particle in direction of personal and global best (xgbest(t)) solution; 

xi(t + 1) and vi(t + 1) are position and velocity in (t+1), respectively (see Figure 5.6).  

In the present PSO-application of the optimal dam water release, the number of swarm 

particles Npop is equal to 100 and the maximum number of iterations is set to Nmax =1000, 

although the actual number of iterations turns out to be much less (between 100 and 350) (see 

Figure 5.16, to be discussed later). All initial values have been taken following the  

recommendations of  Clerc and Kennedy (2002), where it  was found that the final results are 

not sensitive to ±20% changes of  the coefficients 𝑐1, 𝑐2  in Eq. (5-10).  In addition, because 

the inertia weight changes by the damping factor 0.99 in each iteration,  the acceleration 

becomes smaller and smaller as the number of  iterations increases, so that the particle just 

converges to its   pBest and gBest.  

 

 
Figure 5.6. Optimization search strategy in the PSO algorithm 

 

 5.3.3.Calculation of allowable groundwater withdrawal by coupling of a hybrid 

Wavelet-ANFIS/ fuzzy C-means (FCM) clustering model with PSO  

5.3.3.1 Formulation of groundwater level output-input function  

To study the  effects of groundwater withdrawal as well as of the conveyed water from the 

Gavoshan Dam on the groundwater levels in the study area, a hybrid Wavelet- Adaptive Neuro-

Fuzzy Inference System (ANFIS) model based on fuzzy C-means (FCM) clustering  developed 

by Zare and Koch (2017) in conjunction has been used. 

The hybrid Wavelet-ANFIS/ fuzzy C-means (FCM) clustering model is a data- driven 

input-output prediction model (Zare and Koch, 2017), wherefore the groundwater level at time 

t is assumed to be a function of CW and the water deficit from the irrigation water requirement 

(IWR) – which is supposed to be equal to the groundwater withdrawal (GW) –, i.e.: 

 

𝐺𝐿𝑡 = 𝑓(𝐶𝑊𝑡 , 𝐺𝑊𝑡)                      (5-12) 
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Figure 5.7.  Recommended and conveyed water from the Gavoshan Dam into the Miandarband plain 

during the time of the operation of the irrigation network (2007-2014) 

 

The water for the agricultural activities in the Miandarband flood plain has been conveyed 

from the Gavoshan Dam since October 2007 (Figure 5.7).  

The hybrid model consists in fact of three separate tools,  namely, discrete wavelet 

transform/ multiresolution analysis (DWT/MRA), fuzzy C-means (FCM) clustering and  

ANFIS (Zare and Koch, 2017) which are described in the following subsections. 

 

5.3.3.2  Multiresolution analysis of input data using the discrete wavelet transform 

Wavelet analysis of a time series is an extension of the classical Fourier analysis, inasmuch 

that, unlike the latter, it allows also for a location in time of the frequency content of a time-

signal, which for that reason may also then be non-stationary. In practical applications, one 

distinguishes usually between the continuous wavelet transform (CWT) used for depicting 2D 

time- frequency (or its inverse, the scale) scalograms of a time- series and its discrete 

counterpart, the DWT, used mainly for the approximation of high-frequency signals at different 

lower frequency levels, i.e. doing some kind of low-pass (resolution) filtering (see Zare and 

Koch, 2017, for details).    

The DWT of a time series of x(t) is defined as (Percival and Walden, 2006):  
 

𝐷𝑊𝑇𝑗,𝑘(𝑡) = 2−𝑗/2  ∫ 𝑥(𝑡) 𝜓 (
𝑡− 𝑏𝑘 

𝑎𝑗
) 𝑑𝑡

+∞

−∞
,      𝑗, 𝑘 𝜖 𝑍,                 (5-1) 

 

where aj  = 2j   is the scale (i.e. inverse of frequency) (dilatated/compressed), bk = k 2j is the 

shift (translate) parameter, and 𝜓(𝑡)  is the mother wavelet, i.e.  𝜓𝑗,𝑘(𝑡) are the scaled and 

shiftet daughter wavelets.  

     In the case that the mother wavelet  𝜓𝑗,𝑘(𝑡)  belongs to a so-called tight frame of wavelet 

classes,  𝜓𝑗,𝑘(𝑡)  forms a complete and orthonormal basis, so that the signal x(t) can be 

reconstructed by the classical formula 

  

𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜓𝑗,𝑘(𝑡) > | 𝜓𝑗,𝑘(𝑡) >𝑗,𝑘  =  ∑ 𝐷𝑊𝑇𝑗,𝑘(𝑡) | 𝜓𝑗,𝑘(𝑡) >𝑗,𝑘 .           (5-2) 

 

This equation is the basis of the multiresolution analysis (MRA) (Mallat, 1989), For the 

 𝜓𝑗,𝑘(𝑡) to be admissible, i.e. orthonormal, in the MRA, it must satisfy the two-scale property: 
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      𝜓(𝑡) = √2 ∑ 𝑔(𝑛)𝜓(2𝑡 − 𝑛)𝑛 ,                (5-15) 

        

i.e. the width and the location of the wavelet function at a scale j+1 are half of that at scale 

j.  As such, the wavelet function 𝜓𝑗,𝑘(𝑡) can be understood as a series of high / band pass filters, 

or a filter bank, with filter coefficients g(n) and which covers the whole frequency range of the 

signal, starting from the Nyquist sampling frequency (the lowest scale ) down to a minimum 

frequency (highest scale).  However, as the scale cannot go up infinitely, because the signal is 

time-limited or finite, the scale range is limited at a maximum j, leaving a remainder (with the 

lowest frequency) of the signal unresolved.  This is where the so-called scaling function 𝜙(𝑡) 

comes into play, which is defined similar to the wavelet function 𝜓(𝑡), but derived from a 

father wavelet, orthonormal to the former and obeying also the two-scale property:  

 

      𝜙(𝑡) = √2 ∑ ℎ(𝑛)𝜙(2𝑡 − 𝑛)𝑛                  (5-16) 

 

where ℎ(𝑛) are the filter coefficients, which now describes a low-pass filter. Because of 

the orthonormality of  𝜓(𝑡) and 𝜙(𝑡), the filter coefficients h(n) and g(n) are related to each 

other (mirror filter):  

    𝑔(𝑚 − 1 − 𝑛) = (−1)𝑛ℎ(𝑛),     𝑚: 𝑓𝑖𝑙𝑡𝑒𝑟 𝑙𝑒𝑛𝑔𝑡ℎ              (5-17) 

   

The scaling function   𝜙𝑗,𝑘(𝑡) at scale j thus covers the lower part of the spectrum of the 

signal x(t), not yet attained by the that scale j.  

Using the fundamental decomposition Eq. 14 over the finite range of scales and shift times, 

one obtains the equation for the complete decomposition of the signal x(t), for scales up to 

jmax: 

  

 𝑥(𝑡) = ∑ < 𝑥(𝑡), 𝜙𝑗𝑚𝑎𝑥,𝑘(𝑡) > | 𝜙𝑗𝑚𝑎𝑥,𝑘(𝑡) >𝑘  + ∑ < 𝑥(𝑡), 𝜓(𝑡)𝑗,𝑘(𝑡) > |𝜓𝑗,𝑘(𝑡) >
𝑗𝑚𝑎𝑥
𝑗,𝑘  ,   (5-18) 

 

where the expansion coefficients (projections) 𝑎𝑗,𝑘 =< 𝑥(𝑡), 𝜙𝑗,𝑘(𝑡) >  and  

 𝑑𝑗,𝑘 =< 𝑥(𝑡), 𝜓𝑗,𝑘(𝑡) >  have also the 2-scale property, i.e. can be computed recursively as: 

 

     𝑎𝑗,𝑘 = ∑ ℎ(𝑛 − 2𝑘)𝑎𝑗−1,𝑛𝑛      &   𝑑𝑗,𝑘 = ∑ 𝑔(𝑛 − 2𝑘)𝑎𝑗−1,𝑛𝑛                      (5-19) 

     

The first sum in Eq. (5-18) describes the coarse, high scale (low frequency) component of 

x(t), generated by the low-pass scaling function 𝜙𝑗,𝑘(𝑡) , i.e. represents the Ajmax - 

approximation of the signal at the highest decomposition level. The second sum consists of the 

low-scale, high frequency details Dj of the signal, generated by the high-frequency / band pass 

wavelet functions 𝜓𝑗,𝑘(𝑡) (j=1,..,jmax).  Thus, Eq. (5-18) can also be written as   

  

      𝑥(𝑡) = 𝐴𝑗𝑚𝑎𝑥 +  𝐷1 + 𝐷2. . +. .  𝐷𝑗𝑚𝑎𝑥               (5-20) 

 

By applying  Eqs. (5-18) or (5-20) recursively for different maximum scale levels (j 

=1,..,jmax), the multiresolution decomposition of the signal x(t) at that level, consisting of the 

approximation 𝐴𝑗  and the detail 𝐷𝑗  at that level is computed. In the subsequent step j+1 this 

approximation 𝐴𝑗    is further decomposed into  𝐴𝑗+1  and  𝐷𝑗+1, and so on, until level jmax is 

reached, with the low-frequency remainder of the signal then described by the term Ajmax.   
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Practically, the MRA by means of the DWT is performed by so-called subband coding 

(Vetterli and Herley, 1992), which consists in  running the signal x(t) through a cascade of 

high/band- and low-pass digital filters, defined by the dyadically (power of 2) dilated and 

shifted wavelet- and scaling- functions, respectively, and subsequent down-sampling of the 

time series also by a factor of 2, due to the fact that the low-pass filtered series at level j+1 has 

only half the frequency-bandwidth of the original one at level j. This methodology results in a 

natural adaptation of the resolution of the filter wherefore the number of digital flops in the 

evaluation of the filtering (convolution) equation at the next higher scale is halved, making 

subband coding computationally extremely efficient.  It should be noted that filtering of signals 

with subband coding of cascade filters has an even longer history in signal processing than 

wavelets, and the latter in the form of the DWT represents only a special variant of it (Mallat, 

1989).       

Regarding the choice of the discrete father- scaling /mother -wavelet filter functions in the 

DWT/MRA,  one of the most popular one is the irregular wavelet Symlet (sym4), that  has  also 

been used here (Mallat, 1989; Moosavi et al., 2013; Zare and Koch, 2017). Figure 5.8 shows 

the scaling-father and wavelet- mother function for the sym4- wavelet, from which one can 

easily notice the low-pass and band pass character of the two, respectively.   

  

 
Figure 5.8. Scaling-father and wavelet- mother function for the sym4 wavelet 

 

Using the sym4 wavelet in the MRA of the conveyed water (CW) and the groundwater 

withdrawal (GW) data and applying Eqs. (5-18 and 20), the multiresolution decompositions of 

the two time series as shown in Figure 5.9 and 5.10  are obtained for three scale levels. The 

consecutively high-pass filtered details 𝐷𝑗  and low pass- filtered approximations 𝐴𝑗  can be 

clearly seen from the right and left time series columns, respectively. 

 
Figure 5.9. 3- level MRA- decomposition of conveyed water (CW) fluctuations using the sym4 

wavelet 
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Figure 5.10. 3- level MRA- decomposition of groundwater withdrawal (GW) fluctuations using the 

sym4 wavelet 

 

5.3.3.3 Fuzzy C-means (FCM) clustering 

Once the inputs CW and GW are decomposed by MRA at the 3 levels indicated in Figure 

5.9 and 5.10, the various approximations of the signals are fed into the fuzzy C-means (FCM) 

clustering module. The FCM approach (Bezdek, 1981) is known as an improvement and 

modification of K-means clustering. In this approach each data point belongs partly to all 

clusters, however, with different membership degree that can vary between 0 and 1 (Ayvaz et 

al., 2007; Sadri and Burn, 2011). 

  

5.3.3.4 ANFIS methodology 

The final data procedure of the whole ANN- methodology is the ANFIS model. ANFIS is 

a class of adaptive neural networks that is functionally equivalent to fuzzy inference systems. 

The term ANFIS, introduced by Jang (1993), denotes a combination of  a network -based model 

like ANN and fuzzy logic.   

By putting all pieces together, the flowchart of the whole hybrid Wavelet-ANFIS/FCM 

model as  developed by (Zare and Koch, 2017) of  Figure 5.11 is obtained.   

 

 
Figure 5.11. Sketch of the hybrid Wavelet-ANFIS/FCM model 

 

5.3.4 Coupling of the hybrid Wavelet-ANFIS/FCM model with PSO for conjunctive 

management of surface-groundwater resources in the study area 

 

Figure 5.12 illustrates how the hybrid Wavelet-ANFIS/FCM model is coupled with the 

PSO for calculating the required groundwater withdrawal GW as the difference between IWR  
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Figure 5.12.  Flowchart of coupling of the hybrid model with PSO for computation of groundwater 

levels as a function of required groundwater withdrawal and optimally conveyed water in the study 

region  

 

and the optimal PSO- computed conveyed water (CW) from the dam into the plain, while 

ensuring that groundwater levels (GL) stay within an acceptable range. 

Firstly, the hybrid Wavelet-ANFIS/ fuzzy C-means (FCM) clustering model is trained and 

tested in the usual way, wherefore from a total of 69 monthly observed values of  GL and CW 

in the common record time window between October 2007 and June 2013, 48 months (70%) 

are used for training and 21 months (30%) for testing.   

If the results of the trained and tested hybrid model are accurate, secondly, new inputs 

including the optimal monthly CW and the required groundwater withdrawal GW - equal to 

the water deficit between IWR and the optimal CW – is introduced as new predictors into the 

trained hybrid model to get the GL for each month. The latter are then checked for respecting 

the upper water-logging and the lower threshold limits.  If the former is violated, i.e. GL 

increases above the waterlogging threshold, GW must be increased and the excessive water 

can be conveyed to the domestic water network of Kermanshah, the biggest city in western 

Iran. In contrast, if the GL falls below the minimum (maximally allowable drawdown) level, 

GW should be decreased and irrigation policies under crop water stress should be adopted. An 

alternative option would be to change the cultivation pattern, i.e. planting crops that have less 

water demand.  
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5.4. Results and discussion 

5.4.1. Estimation of dam inflow exceedance probabilities using two-parameter 

Weibull distribution and Weibull non-parametric plotting position methods 

As mentioned in Section 5.3.2.1 exceedance probabilities of the Gavoshan dam’s inflow 

are calculated by the two-parameter Weibull distribution as well as the non-parametric Weibull 

plotting position method. This has been done for the mean recorded data for each month of the 

year over the observation period (October 1957 to September 2016).    

Regarding the Weibull distribution method, its shape (α) and scale (β) parameters have 

been determined by nonlinear maximum likelihood estimation (MLE). The results are shown 

for each month in Figure 5.13.  The figure illustrates clearly that the dam inflow during the 

rainy season – from January to June – is higher than during the dry season for most of the years, 

with the peak values occurring in April, whereas in September and October the Gaveh-rood 

river is almost drying up, especially, during the last decade, when the study area faced several 

meteorological drought conditions. 

 
Figure 5.13. Histograms of inflow to the Gavoshan dam for each month of the year, fitted by 

Weibull-  density function, with shape and scale parameters as indicated.  

 

Exceedance inflow discharges Q(p) for different probabilities p are then computed in this 

method from the corresponding quantiles of the fitted Weibull distribution. The results are 

shown by the smooth lines in Figure 5.14.  Also plotted in the figure are the discrete points of 

the discharge exceedance probabilities obtained with the second, nonparametric empirical 

Weibull (1939) plotting position approach. One may notice that the plotting positions of the 

latter method are mostly lying on the Weibull probability curve, with some differences arising 

mainly in the minimum flow tails, which are less of interest here. 

To represent appropriate probabilistic dam inflows for further analysis with the PSO- 

method, minimum exceedance discharges with threshold probabilities of 50, 60, 70, 80, and 

90% are chosen for further peruse. Figure 5.15 shows the corresponding discharges obtained 

with the two analysis methods. One may observe again that both deliver more or less the same 

estimated discharge values.   



89 
 

 
Figure 5.14. Two-parameter Weibull distribution (red line) and Weibull emprical non-parameteric 

plotting position (black points)  minimum exceedence probabilities of Gavoshan dam inflow 

 
Figure 5.15. Dam inflows for different minimum  exceedance  probabilities for the parametric and 

non-parametric Weibull analysis methods  

 

To choose the most realistic exceedance probability, the mean discharges obtained for the 

various exceedance probabilities tested have been computed, with the results listed in Table 

5.3.  As mentioned in the data section, with a mean discharge value of ~3.4 m3/s for the recent 

5 or 10 years, the estimated streamflow with a 70% exceedance-probability obtained with the 

parametric model appears to be the most suitable and it has been selected as the representative 

dam inflow data for the subsequent optimal water allocation.  

 

Table 5.3. Mean values of  estimated dam inflows for  different minimum exceedence probabilities  

Probability 50% 60% 70%* 80% 90% 

Parametric method 5.56 4.48 3.48 2.51 1.51 

Non-parametric method  5.74 4.66 3.95 2.83 1.52 

*values for this exceedance probability are close to the recent average 5/10 year observed Gaveh-rood streamflow  
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5.4.2. PSO- computed optimally conveyed water (CW) from the Gavoshan dam into 

the Miandarband plain  

 Using the 70% -exceedance probability streamflow of the Gaveh-rood river - with the 

average monthly discharge values indicated in the 70%- band of  Figure 5.13- as the defining 

inflow to the dam, and specifying the hydro-meteorological parameters, the maximum 

recommended release, as well as the PSO- specific initial parameters in the PSO optimization 

model,   the optimal water release of the dam is determined..  

 Figure 5.16 shows the behavior of the objective function Z (Eq. 5-3) as a function of the 

iteration number n during the PSO of this constrained water release problem. A relatively 

monotonous decrease of Z with n is observed up to n~200, after which the objective function 

flattens out and further improvements are barely obtained. Numerically, the optimal result is 

obtained in iteration n = 319. 

Based on Eq. (5-3), the optimal value of the objective function Z provides the average 

annual optimal water release from the Gavoshan dam.  This number is found to be 244 MCM/a, 

which is 34% lower than the recommended release of 372MCM/a, which shows that the 

originally planned water allocation amount cannot be sustained by the reservoir’s water.   

 
Figure 5.16. Decrease of the objective function Z as a function of the iteration number in  the PSO, 

with the optimal value obtained for n=319. 

  

Since the decision variables in the objective function Z in Eq. (5-3) are in fact the monthly 

water release volumes, these are also available. They are plotted in the left panel of Figure 

5.17, together with the recommended total monthly values of Table 5.1.  By calculating the 

optimal release and considering the priorities of water use - firstly domestic, then 

environmental and finally agricultural,  as well as the share of  agricultural water reserved for 

the Miandarband plain, - see Figure 5.3- the total monthly optimal conveyed water (CW) from 

the Gavoshan dam into Miandarband plain is calculated. In other words, firstly, the monthly 

domestic water is subtracted from the optimal release value then the water for the 

environmental use is deducted, with the remainder (if positive) then being allocated to the 

agricultural activities for all geographic regions. By multiplying the latter by 0.62 (see Figure 

5.3), the monthly share of the Miandarband irrigation and drainage network is finally 

determined. The results are shown in the right panel of Figure 5.17. 

Figure 5.17 (right panel) illustrates that for none of the months in the year the optimal 

water released from the dam is sufficient to sustain the irrigation water originally recommended 

for the agricultural activities in the Miandarband plain. In fact, between November and April  
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Figure 5.17. Left panel: Optimal and recommended monthly water release from the Gavoshan Dam. 

Right panel: Recommended and optimally conveyed water (CW) into the Miandarband plain, proper. 

 

no water at all is available for the plain, as it is all allocated to domestic and environmental 

uses. For the other months of late spring and summer which is the growing season for  most of 

the crops cultivated in the plain (see following section) about 50-70% of the water 

recommended can be satisfied by the water conveyed (CW) from the dam. Integrated over the 

whole year, the totally recommended irrigation water (RIW) for the plain amounts to 176.2 

MCM/a, whereas the water available from the dam is only 112.7MCM/a, i.e. there is a CW- 

deficit of 63.5MCM/a in the plain which must be made up from groundwater (see following 

section) 

 

5.4.3. Conjunctive management of surface-groundwater resources using the PSO-

Hybrid Wavelet-ANFIS/FCM model 

5.4.3.1. Computation of the irrigation water deficit (IWR) 

 

The results of the previous section indicate that the PSO- computed optimal amount of 

surface water conveyed (CW) by the Gavoshan dam into the Miandarband plain cannot satisfy 

the amount of irrigation water recommended originally (in year 1993) by Iran’s Ministry of 

Power. The water difference to satisfy the crop needs in the plain can only be supplied from 

groundwater resources which, by nature of the very dry climate in that part of the world with 

low precipitation and high evapotranspiration (see Table 5.2), ergo low aquifer recharge, may 

themselves not be sustainable neither in the long run.  To overcome this problem, an 

appropriate surface- groundwater conjunctive management strategy for the Miandarband plain 

is inevitable.  This task is carried out by firstly determining the irrigation water requirement 

(IWR) of all crops supposed to be cultivated in the plain based on the original agricultural 

development plan of 1993, which is listed in Table 5.4. 

  

Table 5.4.  Cultivation pattern and percentage of cultivated area (~200 km2) in the Miandarband plain. 
Crop Area (km2) Crop Area (km2) Crop Area (km2) 

Wheat 53.8 Clover 11.6 Apple 4 

Alfalfa 27 Dry beans 11.5 Water melon 3.8 

Barely 26.8 Chick beans 11.5 Tomato 3.8 

Sweet corn 13.4 Sugar beet 9.6 Soybean 3.8 

Field corn 11.6 Grape 4 Sun flower 3.8 
 

 

It must be emphasized that this IWR should not be confounded with the originally 

recommended volume of irrigation water (RIW) for the Miandarband plain  of 176.2 MCM/a, 

and as the former had not yet been calculated at that time,  it has been done by  (Zare and Koch, 

2016c), wherefore IWR is defined as the difference between the total crop evapotranspiration 

ETc during the growth season and the input precipitation P, multiplied by an  irrigation network 
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efficiency factor e.  ETc  was computed using the FAO-56 Penman-Monteith method with 

empirical crop coefficients Kc (Allen et al., 1998). For further details see (Zare and Koch, 

2016c) and we provide here only the monthly results for the IWR in Table 5.4 Also listed in 

the table are the monthly RIW, taken from Table 5.1, the volumes of optimal conveyed water 

from the Gavoshan dam (CW) using PSO, and the ensuing water deficit, which is now the 

difference between IWR and CW. 
 

Table 5.5. Monthly RIW calculated by Iran’s Ministry of Power (1993); IWR obtained with the FAO-

56 method and using empirical crop coefficients (Zare and Koch, 2016a), volumes of optimal conveyed 

water from the Gavoshan dam (CW) using PSO, and the ensuing water deficit.  All values are in 

MCM/a. 
Parameter Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Sum 

RIW 10.2 1.4 0 0.6 0 0.5 7 28 48 41.5 23.8 15.2 176.2 

IWR  7.6 1.4 0 0.1 1.2 3.9 13 29.3 66.7 65.8 55.1 21.7 265.8 

Optimal CW  3.8 0 0 0 0 0 0 15.2 33.1 32.3 18.7 9.6 112.7 

Water deficit 

 (IWR-CW) 
3.8 1.4 0 0.1 1.2 3.9 13 14.1 33.6 33.5 36.4 12.1 153.1 

            

Table 5.5 indicates that whereas the original planned RIW is 176.2 MCM/a, the  

agricultural FAO-56- calculated irrigation demand (IWR) is with 265.8 MCM/a much higher, 

which shows insufficient water planning at that time (1993). Not only that, since the optimal 

amount of conveyed water (CW) from the Gavoshan Dam to the agricultural irrigation network 

in the Miandarband plain is only 112.7 MCM/a, there is total water deficit of 153.1 MCM/a 

with respect to the biologically necessary crop IWR and of still 63.5MCM/a  with respect to 

the RIW. The problem of poor RIW- planning is even more tangible during the crops’ high 

demand months June, July and August.  

All these results mean that another source of water, i.e. groundwater must be tapped to 

satisfy the IWR. Doing so would also help to resolve the problem of waterlogging occurring 

frequently in the plain, as has been found out in a previous study of the authors on the effects 

of the construction of an irrigation/drainage network on water-logging in the Miandarband 

plain (Zare and Koch, 2014). In addition, the groundwater withdrawal should be somehow 

limited to avoid ecologically unacceptable drops of the groundwater levels.  

Although originally an RIW of 176.2 MCM/a was planned to be allocated to agricultural 

irrigation in the Miandarband plain (see Table 5.5), it was found out that only in the first year 

of the irrigation network’s operation (2007) a volume of 168.2 MCM/a, i.e. close to the target, 

were conveyed, whereas in the following 6 years the CW- volumes ranged only between 43 

MCM/a (2014) and 130 MCM/a (2012) (see Table 5.6). Thus there has been a significant 

shortage of surface water for satisfying the RIW (row RIW-CW), let alone the more realistic 

IWR (row IWR-CW), in the last few years, all of which hints of the necessity of more efficient 

water resources management. 

 

Table 5.6. Observed CW for years 2007-2014 and differences RIW-CW (based on RIW = 176.2 

MCM/a) and effective water deficit IWR-CW  (based on IWR of 265.8 MCM/a) 
Water Year 2007-8 2008-9 2009-10 2010-11 2011-12 2012-13 2013-14 

CW (MCM/a) 168.2 73 71.4 102.9 129.9 100.7 43 

RIW-CW (MCM/a)  8 103.2 104.8 73.3 46.3 75.5 133.2 

IWR-CW (MCM/a)  97.6 192.8 194.4 162.9 135.9 165.1 222.8 
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5.4.3.2. Groundwater pumping induced head fluctuations estimated by the hybrid 

Wavelet-ANFIS/FCM model  

  

The effective agricultural water difference IWR-CW in Table 5.6 must be made up by 

groundwater withdrawal (GW). However, the latter should be done in a way that the plain will 

neither face groundwater levels (GL) too high, leading to waterlogging, nor drops too low.  

Using the algorithm of the hybrid wavelet-ANFIS/FCM-model as sketched in Figure 5.12  

GL- fluctuations during the time period 2007-2013 are simulated first. The results are shown 

in Figure 5.18 for the training and testing phases of the data period and they indicate that the 

simulated GLs match the observed ones rather well.   

 
Figure 5.18. Wavelet-ANFIS/FCM – simulated and observed GL-changes for the training (upper 

panel) and testing (lower panel) phases. 

More details of the statistical results of the hybrid Wavelet-ANFIS/FCM model are 

illustrated by the linear regression plots of the simulated over the observed GL-data in Figure 

5.19, with the regression equations and coefficients of determination R2 as indicated, wherefore 

the latter is slightly higher for the training- than for the test- phase. 

All data-driven prediction methods are based on the idea that the random errors are drawn 

from a normal distribution and the hybrid Wavelet-ANFIS model is not an exemption. Figure 

5.20 illustrates that the a posteriori computed errors of the GLs computed with this model 

follow indeed such a normal distribution. In addition, the absolute maximum errors for one 

month are only 0.53m and 0.59m in the training and test phases, respectively.  

All of the above results clearly indicate that the selected hybrid wavelet-ANFIS model 

delivers good and reliable predictions of the “GL fluctuation” of the Miandarband plain.  
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Figure 5.19. Regression plots of Wavelet-ANFIS (Sym4 mother wavelet) - simulated over observed 

GL-data for training (left panel) and testing (right) phases 

 

 
Figure 5.20. Distribution of the changes in GL- random errors of the wavelet-ANFIS/FCM model for 

the training- (top row) and testing phase (bottom row) 

 

        With the statistical assumptions of the hybrid wavelet-ANFIS model as indicated by 

Figure 5.20 satisfied, the latter can be applied to the ANN- Eq. (5-12) to predict the average 

monthly changes in GL (output) using the optimal average monthly GW- and CW- volumes 

computed earlier  as input and which are shown again in Figure 5.21. 
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Figure 5.21. Optimal monthly conveyed water (CW) from the Gavoshan Dam to the Miandraband 

plain and optimal monthly groundwater withdrawal (GW) used as input in the hybrid wavelet-ANFIS 

model to predict the GL. 

The results of these GL- predictions are shown in Figure 5.22, together with the 95%- 

confidence interval computed using the RMSE obtained earlier in the testing phase of the 

hybrid wavelet-ANFIS model (see Figure 5.20).  Also drawn in the figure are the critical 

maximum (water-logging) (about 1m below the land surface) and the minimum GL-threshold 

levels (see also Figure 5.4).  Figure 5.22 clearly indicates that the computed optimized CW- 

and GW- volumes are such that the groundwater levels stay well within the allowed range, i.e.  

neither  high water-logging- prone- nor unacceptably low groundwater tables will occur. 

 
Figure 5.22. Simulated monthly GL using optimal monthly inputs for CW and GW with 95% -

confidence interval. Also shown are the critical maximum (waterlogging) (about 1m below the land 

surface) and the minimum GL-threshold levels (not to scale). 

 
5.5. Conclusions 

Application of simulation-optimization techniques for determining the optimal water 

allocation of surface-groundwater resources is a major title in water resources planning and 

management. In this study, a hybrid Wavelet/ANFIS-FCM model has been coupled with PSO 

for conjunctive management of surface-groundwater resources for agricultural irrigation in the 

Miandarband plain, western Iran. More specifically, the effects of the groundwater withdrawal 
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(GW) for making up the difference between irrigation water deficit (IWR) and the optimal 

amount of surface water conveyed by the Gavoshan dam into the plain on the groundwater 

levels have been estimated.  

 The long term time series of monthly river discharge were used for calculating the 

probability of occurrence of dam inflow using the two-parameter Weibull distribution and non-

parametric Weibull plotting position method. The mean values of the last 10 years show that 

the best monthly data for water resources planning problems is the dam inflow at the 70% 

minimum exceedence probability level estimated with the parametric model.  

In order to find the optimal release from the Gavoshan dam a constrained optimization 

model based on objective demands as set by the Iranian government in the 1990’s and 

constraints of  the long-term observed dam inflow above  has been developed and solved by 

the method of Particle Swarm Optimization (PSO). The optimal amount of conveyed water 

(CW) from the dam into the Miandarband plain has then been calculated based on the 

politically prioritized proportions of the dam’s allocated water for domestic, environmental and 

agricultural uses. 

The estimation of the irrigation water request (IWR) calculated by the FAO-56 method and 

using empirical crop coefficients of the present agricultural pattern in the plain indicates that 

the original recommended irrigation water request (RIW) has been extremely underestimated 

and both cannot be satisfied by neither the observed nor the optimal CW.  Therefore, this 

irrigation water deficit must be made up for by groundwater withdrawal (GW), however, at the 

risk of unacceptable changes in the groundwater levels (GL).  

Using the hybrid Wavelet-ANFIS/FCM model, monthly groundwater levels (GL) are   

functionally connected to the monthly observed CW as well as to the estimated GW (equal to 

the surface water deficit) and this input-output relationship trained and tested. The statistical 

analysis of the training and testing results shows that the hybrid model works appropriately.   

In the final step optimal CW and corresponding GW are used as input predictors in the 

trained hybrid model to get corresponding GL. The latter are then checked if they violate either 

the upper water-logging threshold or the lower limit of a too severe drop of the groundwater 

table. If so, the GW must be adjusted accordingly in an iterative process which, in turn, means 

am associated alteration of the conjunctive surface-groundwater management in the plain.  

However the results obtained so far do not hint of such a possibility, as the groundwater levels 

computed under optimal conditions stay well within the given bounds. 

In conclusion, the innovative coupled hybrid Wavelet-ANFIS/FCM- PSO model developed 

here reveals itself to be a helpful tool for developing  efficient conjunctive surface-groundwater 

resources management systems, in particular, when there is a lack of data, and/or when the 

physical processes of surface-groundwater interactions are not completely understood, so that 

deterministic physical models are barely applicable.   
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 Chapter 6 
 

 

Optimization of cultivation pattern for maximizing farmers' 

profits under land- and water constraints by means of linear-

programming: An Iranian case study1 
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Abstract 

 

The pattern of agricultural cultivation has an important effect on the water consumption and the soil 

ecology, both of which, in turn, determine the agricultural productivity. Finding the optimum cultivation 

pattern in agricultural development projects for maximizing the net economical profit under several 

environmental and logistical constraints such as available water, area of the farms and etc., is 

complicated and usually requires the use of methods of constrained optimization. Mathematical -  or 

when the problem can be cast in a linear form -   Linear Programming (LP) is often used for that purpose 

and has also been employed in the present study. The study area are 100 hectares of farm land near 

Kermanshah City - located in the western Iran – that is cultivated by 8 major crops (wheat, barley, 

maize, sunflower, soybean, alfalfa, canola and sorghum) and which are irrigated by groundwater 

extracted from seven wells.  The Linear Programming (LP)  model is then set up , with the objective to 

maximize the net profit of cultivation wherefore the net profit is the difference between gross incomes 

(selling price of the product on the market) minus costs (irrigation, fertilizer, farm rent and 

transportation of the crops). As for the constraints, these are the limitations on the soil area and the 

groundwater available. The LP- model has been developed within the WINQSB- environment. During 

the LP-execution process a sensitivity analysis of the variables with respect to changes on the right hand 

side (RHS) of the constraints has also been conducted. The results of the LP- constrained maximization 

indicate that, compared with the present status of cultivation, an 11.3 percent annual increase of the 

economic benefits can be gained, when using this optimum cultivation pattern. The sensitivity analysis 

test shows further that, even with this increased net income with the optimum cultivation pattern, a 

water amount  of 52878m3  - equal to 11.9 percent of the total available water - can be saved per year. 

6.1. Introduction  

Agricultural development plans are usually faced with the problem of how to find optimal  

cultivation pattern for maximizing the economical profit of the farmers under various 

constraints, such as limited availability of water and soil- area, as well as other strategic crop 

considerations. Obviously, the simplest way of finding the agricultural pattern under such 

constraints, would be to use some trial-and-error method. However, for a complicated 

optimization problem, as the one discussed here, such a trial-and-error approach is neither 

practical nor may it be able to find the optimal solution, Therefore, the more valuable scientific 

method of constrained optimization should be applied for the optimization of agricultural 

cultivation pattern under various physical and economical constraints.  

                                                           
1 Zare, M. and Koch, M., (2014). Optimization of Cultivation Pattern for maximizing Farmers' Profits under Land- and Water 

constraints by Means of Linear Programming: An Iranian Case Study, In: Proceedings of the 11th International Conference on 

Hydroscience & Engineering, ICHE Hamburg 2014, Hamburg, Germany, September 28 - October 2, 2014 

mailto:mzare896@gmail.com
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A literature review shows that unconstrained and constrained optimization methods have 

been used for water resources management, in general,(Kumar et al, 1998 Kuo et al, 2000; 

Kipkorir et al, 2001; Zhiliang and Zhenmin, 2004) for  finding optimum agricultural cultivation 

pattern, in particular (Sarkar and Ray, 2009; Zenga et al 2010; Mansourifar et al,2013.). 

Mathematical programming (MP) comprises a set of techniques for dealing with specific 

constrained optimization problems, as they arise in many branches of management science. In 

such cases,  MP  is basically applied when the optimum allocation of limited resources among 

competing activities, under a set of constraints imposed by the nature of the problem being 

studied, is needed.  These constraints may  reflect financial, technological, marketing, 

organizational, or many other considerations. In broad terms, mathematical programming can 

be defined as a mathematical tool aimed at programming or planning the best possible 

allocation of scarce resources. When the mathematical representation of the optimization 

problem can be cast in a linear form, the general MP- model becomes a linear programming 

(LP) model. 

In 1947, George B. Dantzig, then part of a research group of the U.S. Air Force known as 

Project SCOOP (Scientific Computation of Optimum Programs), developed the Simplex 

method for solving the general linear-programming problem. The extraordinary computational 

efficiency and robustness of the Simplex method, together with the availability of high-speed 

digital computers, have made LP the most powerful linear optimization method ever designed, 

and it so of no surprise that LP is  most widely applied in the business environment, where it 

helps managers and engineers in planning and decision making under consideration of optimal 

resource allocation (Betters, 1988; Han et al., 2011).  This is also due to the fact, that since its 

original inception, many variants of the basic mathematical programming technique have been 

developed over time, which relax the assumptions of the LP--model and have so  broadened 

the applications of the mathematical-programming approach (e.g.  Luenberger, 1984).  

Regarding the use   of Linear Programming in agricultural management with constrained 

resources, which is the focus of the present paper, Singh et al. (2001) formulated a LP-model 

for  finding an optimal cropping pattern, giving the maximum net return at different water 

levels in the Shahi Distributory region, located in the Bareilly district in the state of Uttar 

Pardesh,  India. The results of the LP-analysis showed that farmers should grow a particular 

crop in a specific area and, for obtaining  the maximum economical profit (185 million Rs) at  

the 100% water availability level, the cultivation pattern should be changed to an optimal  

combination of wheat, sugarcane, mustard, lentils, potatoes, chick peas and rice. Moreover, 

wheat appears to provide the most consistent profit in the study area. 

Hassan (2005) used a linear programming model to determine the optimal cropping pattern 

as a prerequisite to the efficient utilization of the available resources of land, water, and capital 

for Pakistan’s agriculture. His results show that cotton farming should be increased in acreage 

by about 10%, at the expense of all other crops. Doing so would, compared to the existing 

conditions,  decrease the overall optimal  crop acreage  by 1.64%,  while still increasing the 

agricultural income by 2.91%.  

A LP-model was applied by Igwe and Onyenweaku (2013) to farm data collected from thirty  

crop farmers of the Aba Agricultural Zone in the the Abia State, Nigeria, during the 2010 

farming season, for the purpose of  maximizing the gross margins from various combinations 

of arable crops. The optimization results indicate a substantial  reallocation of the available 
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resources, i.e.  significant changes in  the existing  plan will be needed. The results show further 

that the optimum gross margin is only slightly sensitive to an increase in labor as well as to a 

decrease in the wage rate,  calling for additional labor in crop farming,  in particular, as well as 

for an adaption of the wage policies among farmers. The authors recommended further that an 

optimal combination of enterprises be integrated in developing a prototype for the study zone. 

Numerous other empirical studies have revealed that  LP is one of the best tools  for 

optimization, because of its simplicity and applicability.  In the present paper the LP-method   

has been used for the optimization of cultivation pattern in the 100 ha irrigated farm of the 

Faculty of Agriculture of Kermanshah University, Iran. 

6.2 Study area 

The study area is located in Kermanshah City in western Iran on the boarder of the Gharasu 

River. This region is geographically limited in the North by the Faculty of Agricultural sciences 

of Kermanshah University, in the South and West by Kermanshah City and in East by the 

Gharasu River. It has a surface area of about 100 ha (see Figure 6.1). Regarding the long-term 

meteorological conditions (30 years), the annual precipitation and temperature are 441 mm and 

14oC, respectively. 

The region is a semi-arid area, so the cultivation is entwined with irrigation. The farm is 

irrigated by 7 wells that are deep and semi deep. The irrigation time period is started from April 

to October.   

6.3. Materials and methods 

6.3.1.Linear program (LP) modeling 

Linear programming (LP) comprises a powerful set of tools for linear constrained 

optimization   in which a measure of performance (objective function) needs to be maximized 

(or minimized), under a set of constraints, which somehow reflect physical limitations of some 

or all decision variables. LP, just like all optimization problems are formulated by (1) an 

objective function and, (2) a set of constraints (typically indicating resources limitations), 

wherefore, however,  the objective function and the constraints are linear expressions of theset 

of decision variables (Taha, 2005). 

 Although real problems that are approached using LP are usually large in size, a variety of 

LP solvers exist that can provide solutions of an LP-problem in a reasonably short period of 

time. Among these, one could mention WINQSB (Quantitative System for Business). This 

model includes 19 application modules such as LP, Goal programming (GP) NonLinear 

Programming (NLP)  etc. (Losonczi, 2014).    

In the present study, because of the different spatial locations of  the 7 groundwater extraction 

wells,  each of  them supplying only the farm area in its vicinity,  LP- models for each of these 

well- areas have been set up  in the WINQSB environment. At the very end, the 7 individual 

LP-solutions will be accumulated to get the optimal cultivation pattern for the entire farm plot. 



102 
 

Figure 6.1. Study area. The farm is located in Kermanshah, Iran. 

  

6.3.1.1. Objective function  
 
The objective function  Z  is quantifying the measure of performance to be maximized or 

minimized. In the present application the objective function  Z  denotes s the net financial profit 

that can be gained from an  appropriate allocation of the areas Ai of the various crops – which 

are the decision variables -  for the 100 ha farm plot. Here  8 crops are considered, i.e.  wheat, 

barley, maize, sunflower soybeans,  alfalfa, canola and sorghum  (see Table 6.2) 

To set up the objective function  Z the area Ai for each crop  must be multiplied by the net 

profit Pi  per ha  of each crop which, in return, is  calculated from the  difference of gross 

income and costs. As indicated in Table 6.1, there are numerous (27) cost items that reduce 

the final profit of the farmers activity.  On the basis of  this cost-table, the effective costs per 

ha for each crop has been estimated by the Iranian  Department of Agriculture which, together 

with the average market price of each crop (for year 2008), results in the final net profit Pi for 

each of the eight crops, as listed in Table 6.2.  

 
Based on this discussion the objective function is formulated as: 





8

1i

iiPAZMax            (6-1) 

with the notations as mentioned above.  
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Table 6.1. Cost items for crop cultivation (Anonymous,2008) 

No Item Unit No Item Unit No Item Unit 

1 Farm rent Ha 10 Transportation Item 19 F application Item 

2 Soil analyzing Item 11 Plow Item 20 Spraying L 

3 Herbicides L 12 Disk Item 21 Cultivator Item 

4 Pesticide L 13 Leveler Item 22 Harvester machine Hour 

5 Fungicides Kg 14 Lining Item 23 haulm cutting Item 

6 Potash F* Kg 15 Seed Kg 24 Loading Ton/ha 

7 Phosphorus F* Kg 16 Seeding Item 25 Insurance €/ha 

8 Nitrogen F* Kg 17 Irrigation Item 26 Worker Person-hour 

9 Micronutrient F* L 18 weeding Item 27 Water price €/m3 

*F= Fertilizer 

Table 6.2. Net profit Pi  of each of the eight crops used  in the LP-model (Anonymous,2008) 

Crop Wheat Barley Maize Sunflower Soybean Alfalfa Canola Sorghum  

Net Profit(€/ha) 1060.9 646.37 737 -13.36 213.83 523.07 237.89 449.35 

6.3.1.2 Resource restrictions/constraints 

In formulating the linear programming problem, the assumption is that a series of linear 

constraints involving the decision variables exist over the range of alternatives being 

considered in the problem (Chinneck, 2004). In this study, (1) soil, (2) water and (3) required 

crops have been considered as constraints. 

The first constraint is related to the soil area AWi covered by each of the j=1,..,7 groundwater 

wells (Table 6.3). As water extracted from one well can economically be used only in its 

vicinity, an individual LP-problem is set up for each of the 7 well areas, wherefore the 

difference is only in the formulation of the constraint, i.e.  

 

j

i

ji AWA



8

1

             )7,...,1( j        (6-2) 

where Aji is now the decision variable of the cultivated area of each crop i for LP-problem 

(well) j,  with AWi
  denoting  the  corresponding covered area of  well j  which are listed in 

Table 6.3. Once the optimal crop areas  Aji  have been computed for the individual well’s areas 

AWi
 , the final optimal cultivation pattern for the entire 100 ha farm plot is obtained by summing 

Aji  over the  individual LP-problems, i.e. along the columns of the matrix.  

Table 6.3  Areas AWj covered  by  each well 

Well No. 1 2 3 4 5 6 7 Sum 

Covered area (ha) 5 25 15 22 10 10 15 102 

 
The water availability is another constraint. As the farm has been irrigated by groundwater,  

the calculated optimal water amount should be less than or equal to the amount of well-water 

withdrawn. On the other hand, it should also be noted that the surface irrigation applied to the 

farmland has only 30% efficiency which is typical for irrigation projects in regions with a dry 

climate as in this part of Iran. 

For calculating the irrigation water requirement for each crop, the potential 

evapotranspiration is estimated from the pan evaporation  by the formula of  James (1988), i.e.  
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pPano EKET             (6-3) 

where oET  = potential evapotranspiration (mm/day), pE  = pan evaporation (mm/day) and 
PanK

= pan coefficient (dimensionless) which, as Table 6.4 shows, vary slightly over the months of 

the growing season. 

Table 6.4. Pan coefficients in Kermanshah for  different months of the growing season (Anonymous, 

2008) 

Pan coefficient/Month April May June July August September 

Kp 0.77 0.78 0.77 0.76 0.75 0.73 

 

The crop evapotranspiration is calculated by  

occ ETKET                        (6-4) 

where cET  = crop evapotranspiration (mm/day) and  cK  = crop coefficient (dimensionless).  

The latter have  been selected from the FAO-56 publication (Allen et al, 1998)  and  depend 

on crop characteristics, time of planting, growth stage of the crop and general climate 

conditions (Allen et  al., 1998). 

The Net Irrigation Requirement of a crop (NIR) (mm) is then  calculated by 

ec PETNIR                (6-5) 

where eP = the effective rainfall (mm) which has been  taken as the rainfall at the 80% 

cumulative probability level (Dastane, 1974). 

Based on these hydrological crop considerations,   the water availability constraint for all 

crops (=8) in each subarea supplied by well j for a particular month of the growing season 

(April to October) is:     

      eVWNIRA j

i

iji 


8

1

                                                                                                                            (6-6) 

where Aji is as above, NIRi is the water requirement of  crop i for a particular month (see 

Table 6.5) , VWj denotes volume of groundwater withdrawal from each well (see Table 6.6) 

and  e  is the named surface irrigation efficiency of  the farm that equals to about 30%, which 

means that 70 % of the irrigation water is lost and not available anymore for the plants’ needs. 

The constraint equation (6-6) is set up for each of the six months of the growing season, i.e. six 

constraints are actually formulated. 

Table 6.5. Irrigation requirement NIR (mm/month) for each month of a crop’s growing season   

Crop/Month April May June July August September October 

Wheat 194.19 323.34 355.92 50.77 0 0 41.58 

Barley 96.74 149.85 128.14 0 0 0 20.71 

Maize 0 22.64 128.87 167.99 109.83 0 0 

Sunflower 0 5.28 26.21 42.87 37.38 4.55 0 

Soybean 0 7.11 35.12 46.05 43.99 13.56 0 

Alfalfa 41.65 142.9 259.66 304.63 304.29 223.06 123.92 

Canola 30.52 54.45 97.42 103.2 0 0 19.51 

Sorghum 0 19.6 108.3 140.57 84.34 0 0 
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Table 6.6. Groundwater withdrawal from each well (m3/month) for the months of the growing season  
Well/Month April May June July August September October 

1 6300 9540 7200 3420 3600 3240 3060 

2 15750 23850 18000 8550 9000 8100 7650 

3 15750 23850 18000 8550 9000 8100 7650 

4 15120 22896 17280 8208 8640 7776 7344 

5 6552 9922 7488 3557 3744 3370 3182 

6 6552 9922 7488 3557 3744 3370 3182 

7 10710 16218 12240 5814 6120 5508 5202 

The third  constraint is related to the minimal farm area of a specifically required crop 

that should be considered in cultivation pattern. The farm belongs to the Agricultural faculty 

of  Kermanshah University and which  manages aviculture and livestock. As the latter are  fed  

by barely, alfalfa, sorghum and canola, minimal cultivation areas for these crops, as indicated 

in Table 6.7, must be provided.  

Table 6.7. Agricultural faculty requirement for aviculture and livestock 

Crop Alfalfa Barley Sorghum Canola 

Minimum cultivated area (ha) 15 4 10 1.5 

6.4. Results and Discussion 

6.4.1. Optimum cultivation pattern  

The  LP- models for the individual well areas are solved in the WINQSB- environment 

and the optimal cultivation pattern for these areas have been calculated. The results are listed 

in Table 6.8 which shows the optimal cultivation areas for the 8 crops and for each of the 7 

well areas (LP-problems), i.e. the matrix Aji  (see Eq. 6-2). One can notice from the table that  

wheat is   placed first in rank , with a total cultivation area of  35.5 ha, followed by those of  

barely and maize, with the 22.3 and 17.6 ha, respectively. It is important to note that, based on 

these  results,  sunflower- and soybean- cultivation  should be omitted completely from the 

cultivation pattern. 

Table 6.8 Optimal cultivation pattern for each crop and well area.   

Well 

/Crop 
Wheat Barley Maize 

Sunflower 

& Soybeans 
 Alfalfa Canola Sorghum Sum 

1 3.5 0 0 0  0 1.5 0 5 

2 9.6 3 12.4 0  0 0 0 25 

3 5 0 0 0  0 0 10 15 

4 7.5 6.2 3.3 0  5 0 0 22 

5 2.5 4.3 0.2 0  3 0 0 10 

6 3.1 3.1 1.8 0  2 0 0 10 

7 4.4 5.6 0 0  5 0 0 15 

Sum 35.5 22.3 17.6 0  15 1.5 10 102 

 
The new optimal cultivation pattern of Table 6.8 are plotted together with the existing 

cultivation pattern in Figure 6.2. From the Figure one may notice that the areas of wheat and 

barley crops should be increased and those of the other crops should be decreased or left 

unchanged. In fact, the largest cultivation extensions wheat with 7.3 and 5.5 hectares are 

obtained for barley and wheat, respectively. 
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Figure 6.2. Comparison of optimal cultivation pattern and current pattern 

6.4.2. Net profits 

Table 6.9 lists the net profits for the optimal as well as the existing cultivation pattern. Thus 

the table indicates, among other things,   that with  the optimal cultivation pattern, the net profit 

will be increased by about 8000 Euro which, when compared with the existing profits, amounts 

to an increase of  11.3%. 

Table 6.9. Comparison of net profits for the optimal (OP)  and existing (EP) cultivation pattern  

Profit/Crop Wheat Barley Maize Sunflower Soybean Alfalfa Canola Sorghum Sum 

Net profit 

(€/ha) 
1060.9 646.4 737 -133.6 213.8 523.1 237.9 449.4 --- 

 Net profit/ 

OP (€) 
37662 14414 12971.3 0 0 7846 356.8 4493.5 77743.5 

Net profit/  

EP (€) 
31827 9695.5 14740.1 -534.5 855.3 7846 951.5 4493.5 69874.5 

Net profit 

diff. (€) 
5835 4718.5 -1768.8 534.5 -855.3 0 -594.7 0 7869 

 

6.4.3. Sensitivity analysis 

The theory of LP stipulates that optimal solutions of an LP- problem are located on the 

vertices  of the hyperplane, spanned up the constraint- equations (Taha, 2005).  This has also 

been the case in the present application, which means, as far as the water availability constraint 

(Eq. 6-6) is concerned, that the optimal cultivation pattern and with it, the maxim profit,  are 

found with the groundwater extraction volumes for each of the 7 seven wells, as listed in Table 

6.6. 

The interesting question then arises of whether the scarce groundwater resources in the study 

region can be further economized without a noticeable change in the cultivation pattern, i.e. a 

drop in the net profit. Mathematically, this amounts to an investigation of the objective function 

Z in Eq. (6-1) around the vertices of the water availability constraints, i.e. a sensitivity analysis. 

To that avail, the constraints on the right hand side (RHS) of Eq. (6-6) have been varied, i.e. 
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reduced until the optimal cultivation pattern and with it, the net profit (=objective function Z ) 

will not change anymore. This sensitivity analysis is easily carried out in the WINQSB 

environment. 

The results of this sensitivity analysis are shown in Table 6.10, where the net pumping 

volume reductions ΔVnet,  i.e. the water saved,  are listed for all wells and months of the growing 

season. More specifically,  ΔVnet  is defined as  ΔVnet = Vlim  - Vmin , where Vlim  is the original 

water pumping constraint (see Table 6.6) and   Vmin   is the minimum pumping volume at the 

edge of the subspace around the maximum of the hyperspace spanned up by the objective 

function Z.   

One can notice from Table 6.10 that the optimal cultivation pattern allows for an additional 

reduction of 52878 m3 water per year, without any significant decrease of the net profit. 

Although, theoretically, the later will decrease, as one moves away from the maximum, this 

drop will be largely offset by the savings in water which, in the study region, is a very scarce 

resource.  

 
Table 6.10. Water saved (m3) with the optimal cultivation pattern for each well and month (see text for 

explanations)  
Well April May June July August September October Sum 

1 1164 1648 768 693 1080 972 743 7068 

2 2566 3315 0 0 1340 2430 1832 11483 

3 3754 6209 2537 905 1856 2430 2087 19778 

4 934 1084 0 0 193 341 389 2941 

5 934 1084 0 0 193 341 389 2941 

6 982 1186 0 0 317 564 514 3563 

7 1613 1897 100 0 314 537 643 5104 

Sum 11947 16423 3405 1598 5293 7615 6597 52878 

 6.5. Conclusions 

With the rapid socio-economic development in many developing countries, the contradiction 

between increased water demands and decreased available water resources becomes more and 

more obvious so this problem necessitates special consideration, in order to optimally use 

scarce water resources. Linear Programming (LP) models can be used as an effective 

management tool for dealing with this problem.  

In the present paper LP has been applied for the determination of optimal agricultural 

cultivation pattern, i.e which maximizes farmers profits under various resources restrictions 

(constraints), i.e. soil area and water availability. . The results of the LP- constrained 

maximization indicate that the optimal cultivation areas for wheat, barley, maize, alfalfa, 

sorghum and canola are 35.5, 22.3, 17.6 15, 10 and 1.5 Hectares, respectively, whereas those 

for soybean and sunflower are essentially zero, which means that the cultivation of these two 

crops is not economical and should so be eliminated from future farm cultivation pattern. 

Moreover, with this optimal cultivation pattern, an 11.3% annual increase of the economic 

profit can be gained, when compared with that of the present cultivation scheme.  

In order to investigate if additional water savings beyond the given water-volumes 

constraints can be achieved, a sensitivity analysis around the optimal solution (cultivation 

pattern) has been carried out. This is done by varying the values of the RHS of the water 
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constraint equation around the optimal vertices.  The results of this sensitivity exercise indicate 

that - even with this 11.3 % increased net income with the optimum cultivation pattern - a 

further reduction of 52878m3 of water - equal to 11.9 percent of the total available water - can 

be achieved per year. This amount of water could supply a portion of the domestic water needs 

of the Faculty of Agriculture of the University. 
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Chapter 7 

 

An analysis of MLR and NLP for use in river flood 

routing and comparison with the Muskingum method1 
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E-mail: mzare896@gmail.com 

 
Abstract 
The development of precise and simple methods for flood simulation has greatly reduced financial 

damages and life losses in many flood-prone regions of the world. Most of the flood simulation 

techniques and procedures implemented up-to-date are based on the Saint-Venant's one-dimensional 

equation governing unsteady flows. In the present study, two new approaches for tackling the problem 

of optimal calibration of a flood model have been introduced. The first method is based on nonlinear 

programming (NLP), which permits to determine the optimum values of the routing coefficients in the 

diffusion wave or Muskingum method by minimizing a misfit function under the constraint of satisfying 

the continuity equation.  The second method is based on Multiple Linear Regression (MLR) of in- and 

output variables in the Muskingum equations, which allows the direct computation of the routing 

coefficients. To calibrate and verify the two new routing models as well as of the traditional Muskingum 

method three (one for calibration and two for verification) observed flood hydrographs in a limited 

reach of Mehranrood River in northwest Iran are used. The results obtained by these two new methods 

are compared with those of the classical Muskingum method. It is found that the NLP- and the MLR- 

routed hydrographs come as close, if not better, to the observed output hydrographs as those of the 

Muskingum method. This is also corroborated by similar high values for the coefficient of 

determination R2 of the adjustment of the simulated to observed hydrographs for the three routing 

methods. However, limitations of all three kinematic-wave type routing methods become clear during 

the verification routing simulation for one flood even with a sharply rising input hydrograph, in the case 

of which, the application of  full dynamic wave routing gives much better results. In spite of these 

restrictions - typical for kinematic wave routing methods - the two new parameter optimization methods 

proposed here for the automatic calibration of the routing coefficients in the widely used Muskingum 

method are powerful and reliable procedures for flood routing in rivers, not to the least due to the fact 

that they are convenient to use 

Keywords: Flood wave routing, Muskingum, Nonlinear programming, Multiple linear regression 

 
 7.1. Introduction  
 

Nowadays, the occurrence of floods all over the world has resulted in tremendous economic 

damages and life losses. Thus, the correct prediction of the rise and fall of a flood, i.e. flood 

wave routing, is significant importance. Although the use of numerical simulation methods 

                                                           
1 Zare, M. and M. Koch, (2013). An analysis of NLP and MLR for use in river flood routing and comparison with the 

Muskingum method, In: Proceedings of the 35th IAHR World Congress, Chengdu, China, September 8-13, 2013, p. 3274-

3284 
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makes the prediction of this complex hydraulic phenomenon feasible, many fallacies in doing 

this properly still exist. The fundamental differential equation to describe one-dimensional 

unsteady river flow is the Saint-Venant equation (Chow et al., 1989), which is basically a 

special form of the Navier-Stokes applied to an inclined section of an open channel, where 

internal viscosity-induced frictional forces within the fluid are neglected against shear stresses 

induced by bed-friction or wind forces. This equation is to be solved in conjunction with the 

continuity equation for a control volume of water within the channel. Because of the 

nonlinearity of the convective acceleration term in the Saint-Venant equation, in its most 

complete form it can only be solved numerically at some non-negligible costs. For this reason, 

alternative approaches for flood wave routing, known under the names of diffusion and 

kinematic wave method - which are easily derived from the full Saint-Venant equations (also 

called the full dynamic wave method) by dropping the acceleration term (diffusion wave 

method) or both the acceleration- and the pressure term- (kinematic wave method) - have been 

proposed and which nowadays are widely used in practice.  

Diffusive wave theory was firstly presented by Hayami (1951). By simplification of the 

momentum equation and introduction a linear diffusion coefficient, Hayami (1951) derived an 

advection-diffusion equation that he solved analytically. An analysis of the kinematic wave 

routing theory was made later by Lighthill and Whitham (1955) who showed that the main part 

of a flood wave is approximated by a kinematic wave traveling downstream, whereas the part 

arising from the full solution of the Saint-Venant Eq., i.e. the dynamic wave, makes up only a 

small portion of the flood body, but travels in both upstream and downstream direction relative 

to the crest of the kinematic wave. Thus it is clear that kinematic wave theory cannot model 

backwater-effects. There have been a lot of investigations since then to what extent the various 

simplifications in the Saint-Venant Eqs. are valid for routing in a particular channel (e.g. Ponce 

et al.,1978; Weinmann and Laurenson, 1979; Ferrick, 1985). These authors found, among other 

things, that the kinematic wave approximation is valid for moderately steep channels.  

The numerical implementation of the kinematic wave approximation is usually the 

Muskingum- and/or the Muskingum-Cunge method (Cunge, 1969; Chow et al., 1989), where 

the latter has been shown to have, in addition, some diffusion-wave type properties, although 

the method is not directly derived from the Saint Venant equations itself (see Section 2). In 

spite of this inherent limitation of the Muskingum method, in addition to the problem of the 

proper specification of some heuristic routing coefficients for a particular stream reach (see 

Section 2), this method has been, since its inception, because of its computational expediency, 

the method of choice in most flood-routing applications, particularly for real-time forecasting 

(Barbetta et al., 2011; Perumal et al., 2011). It is thus of no surprise that numerous hydraulic 

research of the last decades has been devoted to the problem of how to determine the proper 

routing coefficients in the Muskingum method, either by using information on stream channel 

characteristics and/or by some kind of calibration of observed flood hydrographs.   

One of the first authors to determine parameters in the Muskingum method was Gill (1978) 

who used linear least squares to determine the two unknown parameters in the prism/wedge 

storage term which is the basis of the Muskingum method. He also extended the parameter 

estimation to non-linear storage functions, using a so-called segmented linear curve-line 

approach which nowadays could be considered as some kind of a linearization of the inherently 

nonlinear objective function for the storage. The same author then later (Gill, 1984) explained 
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the use of the proper time lag in this Muskingum- method by considering some specific 

examples. Mohan (1997) applied a genetic algorithm to estimate the parameters in a nonlinear 

Muskingum model. Further improvements in the method were made by Perumal and Ranga 

Raju (1998) who related the parameters of the routing equation to the channel and flow 

characteristics, so that the former could be varied at every routing time level. An optimization 

approach has been proposed by Das (2004) who estimated parameters for Muskingum models 

using a Lagrange multiplier formulation to transform the constrained parameter optimization 

problem into an unconstrained one. However, Geem (2006), who used an unconstrained BFGS-

optimization technique for the same purpose, pointed out that the FD-formulation of the 

constraints by Das (2004) was not consistent with the continuity equation. 

Oladghafari et al. (2009) determined the routing parameters of the Muskingum model for 

three flood events (which are also at the focus of the present study) in a reach of the Mehranrood 

river in northwestern Iran by the classical (graphical) procedure (Chow et al., 1989) and 

compared the results obtained in this way with those acquired by using the full dynamic wave 

flood routing method. As expected, the latter simulated the observed output hydrographs better 

than the Muskingum method. A further improvement to the Muskingum method has been made 

by Perumal et al. (2009) who extended the latter to a multi-linear stage-hydrograph routing 

method in which model parameters can be varied at each routing time step. The method was 

verified by laboratory experimental data and the field data of the Tiber River in central Italy.

 The literature review above clearly shows that research on Muskingum flood routing is 

alive and well and by no means exhausted. That is, the determination of the optimal routing 

coefficients in the Muskingum model in a real application is not yet satisfactorily solved and 

is, thus, still open to debate. This is the issue of the present paper, where two new parameter 

estimation techniques, namely, nonlinear programming (NLP) and multiple linear regression 

(MLR), will be applied to the routing of three floods which have already been analyzed by 

Oladghafari et al. (2009) by means of a classical Muskingum model. The routing coefficients 

obtained by these two parameter optimization techniques will eventually be compared with 

those used by Oladghafari et al. (2009) in his traditional Muskingum routing model. 

 
 

7.2   Study methods 
7.2.1 Kinematic/diffusion wave / Muskingum wave routing method   

One of the most widely used methods for river flood routing is the Muskingum method 

(Chow et al., 1989). Although this method belongs to the class of hydrological routing or level-

pool routing techniques, whereby a stream section is treated like a reservoir and the classical 

continuity equation     

        dS/dt  = I(t) – Q(t)                                                                               (7-1) 

for the change of storage S(t) as the difference between inflow I(t) and outflow Q(t) is 

applied – i.e. momentum transport described by the Saint Venant equations is not considered, 

the numerical implementation in the form of the so-called Muskingum-Cunge method 

(Cunge,1969)  has been shown to be close to a diffusion-wave type of routing method, as 

derived from an approximation of the Saint Venant equation. 

Using the concept of a wedge-/prism storage for a stream reach, whereby the total actual 

storage is written as a weighted average of the prism-storage Sprism=KQ and the wedge storage  



113 
 

Swedge=KX(I-Q)    S=K[XQ+(1-X)(I-Q]                                         (7-2) 

where K is a reservoir constant, (about equal to the travel-time of a flood wave through the 

stream reach), and X a weighting factor, both of which a usually determined in an iterative 

manner from observed input- and output hydrographs, the discrete Muskingum-equations are 

directly obtained from the time-discretization of Eq. (7-1) (Chow et al., 1984): 

      jjjj QCICICQ 32111    
                                                                                                      

  
(7-3) 

where j = (1,…,m) indicates the time step and C1, C2 and C3 are the routing coefficients, which 

include the two constants K and X , as well as the time step Δt.  

In spite of the many implementations of the Muskingum equations in numerous flood 

routing codes (e.g. TR-20, SWMM, HEC-1, to name a few), the proper determination, i.e. 

calibration of the three routing coefficients in Eq. (7-3) above has always been a challenge in 

real flood routing applications. Apart from the (graphical) trial-and-error approach, automatic 

parameter estimation based on linear and/or non-linear optimization methods (e.g. Gill, 1978; 

Hosseini et al., 2004) have been applied with some success. In this study we use NLP and 

MLR, both of which will be formulated in the subsequent sections.  

  

7.2.2 General formulation of a constrained nonlinear programming problem (NLP)   

The main purpose of nonlinear programming (NLP) is to find the optimum value of a 

functional variation, while respecting certain constraints (Luenberger, 1984; Hiller and 

Liberman, 1995; Avriel, 2003). The NLP-problem is generally formulated as: 

 

                                                                                              (7-4)  

 

Where f(x) is the objective function, x the decision variable, and hi(x) specifies the 

constraints. It is assumed that f and hi(x) are continuous functions. It should be noted that, 

depending on the particular problem, instead of min f(x), (convex problem), max f(x) (concave 

problem) may also be searched. Also, likewise to most other classical optimization procedures, 

which are mostly using some gradient-method to search for the minimum of the objective 

function, the solution of the NLP-problem (7-4) will not yield an absolute, but only a relative 

extremum of f(x) at x=x0, i.e. f(x) > f(x0) for x#x0. To overcome this deficiency, global 

minimization methods, such as, for example, the genetic algorithm, can be used, as it was done 

by Mohan (1997), mentioned in the introduction. The computation of the optimum (minimum) 

values for the nonlinear constrained problem (7-4) is a difficult task, and depends on the form 

of the objective function and of the constraints.  Many general nonlinear problems can be 

solved, for example, by application of a sequence of Linear Programming (LP) or, in cases that 

f(x) can be written as a quadratic, by Quadratic Programming (QP)- techniques. A particular 

difficulty in solving a NLP-problem is due to the presence of the constraints. One way, to 

overcome this burden is to convert the constrained optimization problem into an equivalent 

unconstrained optimization problem by setting up a Lagrangian multiplier (penalty)- 

formulation (e.g. Luenberger,  1984), whereby in each iteration step (stage) of the minimization 
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procedure the total sum of the original objective function f(x) and a penalty-weighted sum of 

the constraints hi(x) is now minimized, i.e. Eq. (4) is changed to 

  max,....,2,1))(()()(min kkkxEkxf 


                                                                                 (7-5) 

for each stage k, where x(k) is the solution at that stage; μ(k) is the penalty parameter; and 

E(x(k)) is the sum of all constraint-violations to the power of ρ, taken as ρ=2 here.  

 With Eq.(7-5) the constrained minimization problem (7-4) in converted into a 

sequential unconstrained minimization problem that can be solved by classical nonlinear 

minimization procedures. Here the Hooke and Jeeves (HJ) line search method (Hooke and 

Jeeves, 1961), as implemented in the WINQSB-software, is used. Unlike most descent-type 

minimization procedures commonly used, the HJ-method does not require the gradient of the 

objective function, which for the penalty function (7-5) is not easy to compute. 

Before beginning the iteration procedure in the HJ-method, a stopping tolerance value δ is 

specified, and a starting solution x(1) is provided to the NLP code. Iterations k=1,2..kmax  

continue until μ(k)*E(x(k))ρ  < δ, then x(k+1) is the optimal solution, otherwise μ(k+1) = 

β*μ(k), with β a constant.   

 

7.2.3 NLP-formulation of Muskingum flood routing   

The NLP -problem for flood routing is formulated here as follows 

 VVxf ˆ)(min   
 
                                                                                                  (7-6) 

under the constraints 

     mjQCICICQ jjjj ,...,2,1,32111                                                           (7-7)    
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i.e., the goal in Eq. (7-6) is to minimize the absolute difference between the volume V̂  of the 

observed input hydrograph to the reach and the volume V of the routed output hydrograph. The 

constraints (7-7) are nothing else than the discrete formulation of the continuity equation (7-1) 

in the form of the Muskingum equations (7-3) for the input- and output discharges measured 

at the discrete times j=1,2,…,m. In the present application the hydrographs have been sampled 

at m=24 times. Finally, Eq. (7-8) provides the relationship to compute the volume V in each 

iteration step of the minimization procedure from the discharge rates Q.  

 

7.2.4 Multiple linear regression (MLR) method 

In the multiple linear regression (MLR) model, the Muskingum equation (7-3) is read like 

a linear regression equation for the dependent (response) output variable Qi+1 as a function of 

the three  independent variables Ii+1, Ii (measured input hydrograph) and Qi. (measured output 

hydrograph).  With this the MLR-model can be stated as: 

  mjQCICICQ jjjj ,...,2,1,32111                                                           (7-9) 

where ε is the remaining, unexplained error term in the model, due to errors in the data as well 

as in the model formulation itself.   

The MLR-model is solved for the regression (routing) coefficients C1, C2 and C3 by 

classical least squares, i.e. by minimizing the quadratic error ε2 in Eq. (7-9). Numerically this 
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can be done either by solving the normal equations derived from Eq. (7-9) (e.g. Draper and 

Smith, 1981) or, in a more stable manner, by QR-decomposition (Golub and Van Loan, 1996) 

of the over-determined system of equations (7-9). The latter method has been employed using  

the MATLAB software.   

 

7.3. Study area and flood events used 

The study area is located along the reach of the Mehranrood River in the Azarbayejan-e-

Sharghi province in northwestern Iran between the two hydrometer stations Hervi (upstream) 

and Lighvan (downstream). The stream distance between these two stations is 12280 meters.  

Three flood events that occurred on April 6, 2003, June 9, 2005 and May 4, 2007, 

respectively, were selected for the flood routing experiments. Input hydrographs for the 

simulations are the observed discharges at Hervi gage station and the output hydrographs those 

at station Lighvan. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.1.  Study area with the Mehranrood stream reach between the gage stations Hervi and 

Lighvan.  

 

7.4 Results and discussion 

7.4.1 General set-up of the flood routing computations   

The NLP- and the MLR- flood routing method have been applied to the three flood 

hydrographs mentioned earlier and the results obtained compared with those of Oladghaffari 

et al. (2009) who used the traditional Muskingum method. Firstly, the optimal calibration of 

the three routing coefficients C1, C2 and C3  in Eq. (7-3), i.e. the decision variables in NLP,  or 

the regression coefficients in MLR, has been done with the observed input (at station Hervi) 

and the routed output (at station Lighvan) hydrographs of the April 6, 2003 flood event. After 

successful calibration, these routing coefficients have been used in the subsequent verification 

of the other two flood events, June 9, 2005 and May 4, 2007.  

To assess the reliability of the routing methods, the coefficient of determination R2  and 

the average absolute error AAE  have been used. 
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7.4.2 Optimal calibration of routing coefficients using the April 6, 2003 flood event 

For the NLP-method, the primary parameters used in the penalty function formulation (see 

Section 7.2.2) are listed in Table 7.1, and these have been used in all three applications.  

 

Table 7.1. Parameters used in the NLP-penalty function method  

X(1) µ(1) β Δ ρ Parameter 

0 1 0.1 0.0001 2 Value 

 

Table 7.2 shows the results of the calibrations of the optimal routing coefficients C1, C2 and 

C3  with the NLP- and the MLR- method, using the hydrograph data of the April 6, 2003 flood 

event. In addition, the C-coefficients of Oladghaffari et al. (2009), who used a classical 

graphical procedure (Chow et al.,1989) together with some visual fitting of the simulated to 

the observed output hydrograph for determining the optimal Muskingum parameters K and X  

and, subsequently, the C-coefficients, are listed. One may notice that, whereas the C3-

coefficients are more or less similar for the three routing methods, larger differences for C1 

and C2  exist, especially relative to the ones of the Muskingum method. 

The corresponding hydrographs for that flood event are shown in Figure 7.2, where the 

one obtained by the classical Muskingum method has been extracted from Oladghaffari et al. 

(2009). The observed and calculated discharges at the reach-outlet station Lighvan for the 

three routing methods are shown,  together with the fitted regression lines and the computed 

value for R2  (see Eq. 7-10), in Figure 7.3.  

From the visual inspection of the hydrographs in Figure 7.2, and despite the noted 

differences in the optimal routing coefficients (see Table 2), all three routing methods appear 

to be more or less equally good. However, the regression lines of Figure 7.3 and the 

corresponding calculated R2 clearly indicate the MLR and NLP as slightly superior over 

traditional Muskingum in fitting the observed hydrograph. 

 

Table 7.2. Optimal NLP-, MLR-, and classical Muskingum- routing coefficients for the April 6, 2003 

flood event 

C3 C2 C1 Method 

0.6239 0.2886 0.0877 NLP 

0.6612 0.2347 0.1043 MLR 

0.6636 0.0758 0.2606 Muskingum 
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Figure 7.2. Flood routed hydrographs using NLP-, MLR- and classical Muskingum for the April 

6, 2003 flood event. 

 

 

 

 

 

 

 

 

 

 

 

     Calculated discharge (m3/sec)                           Calculated discharge (m3/sec)                 Calculated discharge (m3/sec) 

 

Figure 7.3. Calculated versus observed discharge for Muskingum, NLP and MLR for the April 6, 

2003 flood event. 

 

7.4.3 Verification of the flood routing methods with the June 9, 2005 flood event 

The first verification of the three routing methods has been done for the June 9, 2005 flood 

event, with the optimally calibrated routing coefficients of Table 7.2, i.e. the normal 

Muskingum method (Eq. 7-3) has been used with these coefficients to route the input 

hydrograph to the reach-outlet station Lighvan. 
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Figure 7.4.  Hydrographs of verification of optimally calibrated routing models for the June 9, 

2005 flood event. In addition, the dynamically routed hydrograph of Oladghaffari et al. (2009) is 

shown  

 

 

 

                    Calculated discharge (m3/sec)            Calculated discharge (m3/sec)           Calculated discharge (m3/sec) 

Figure 7.5. Similar to Figure 7.3, but using the June 9, 2005 flood event as verification. 

 
The results of this verification run are shown, equivalently to the corresponding Figures for 

the calibration run in the previous section, in Figures 7.4 (hydrographs) and 7.5 (regression 

lines). One can notice from these Figures that for this June 9, 2007 verification flood event, 

somewhat expectedly, the simulated hydrographs for all methods agree less well with the 

observed ones, than has been the case for the calibration event of the previous section. 

However, large undulations in the output hydrographs for all three methods are now observed, 

which may be an indication of solution instabilities in these kinematic-wave type methods - 

both the NLP- and MLR- approach are actually also based on the Muskingum formulation (see 

Eqs. 7-7 and 7-9) -  to route this sharp rising flood wave, which was generated by an intense 

storm event, as they are frequent in this part of Iran in the early summer.   
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To investigate this allegation further, we have added in Figure 7.5 the dynamically routed 

hydrograph of Oladghaffari et al. (2009), i.e. the one computed using the full Saint Venant 

equations.  The wavy form of the rising limb of the simulated hydrograph has now disappeared 

and the peak of the observed hydrograph is now much better hit than with the three 

Muskingum-type routing methods. 

 

7.4.4 Verification of the flood routing methods with the May 4, 2007 flood event 

The second verification run has been done in a similar manner on the hydrographs of the 

May 4, 2007 flood event. The corresponding results are shown in Figures 7.6 (hydrographs) 

and 7.7 (regression- lines).  For this May 4, 2007 verification flood event, with a much wider 

input hydrograph than that of the June 9, 2005 event, the agreement of the modeled to the 

observed hydrographs is now again much better than has been the case for the event before. 

Figure 7.6 shows that the output hydrographs for the three routing methods are essentially 

congruent. 

The good performance of this flood routing verification is also corroborated by the high 

R2- values > 0.9 obtained now (Figure 7.7), when compared with those of Figure 7.5, where 

R2 was barely > 0.7.  The results of Figure 7.9 indicate also that the differences in R2 are only 

minor. 

 

7.5.  Summary and conclusions 

In Tables 7.3 and 7.4 the most salient results of all three flood routing simulation sets (one 

calibration-  and two verification runs) are summarized.   

Tables 7.3 lists the observed and calculated peak discharges (taken from the corresponding 

output hydrographs) as well as the percental errors for the NLP- , MLR- , and Muskingum 

flood routing methods, from which one can infer all three methods work more or less equally 

well, with some marginal advantages for the two automatic calibration methods NLP and MLR.   

In Tables 7.4 the statistics of the fits of observed discharge hydrographs by the NLP-, 

MLR- and Muskingum method are listed, namely, the average absolute error AAE (Eq. 7-11), 

in addition to the R2-values, already discussed.  Obviously the AAE values inversely reflect the 

R2-values, so they do not appear to represent an extra performance indicator. 

Based on these results we conclude that the two new parameter optimization methods 

proposed here for the automatic calibration of the routing coefficients in the widely used 

Muskingum flood routing method, namely, the nonlinear NLP-technique and the linear MLR-

method are powerful and reliable procedures for flood routing in rivers. Although their 

precision is not necessarily better than that of the traditional Muskingum method – which is of 

no surprise, as these two methods are also based on the Muskingum formulation - they may be 

more conveniently used than Muskingum, where suitable routing coefficients (usually the 

storage parameter K and the weighting factor X) are often obtained only after some lengthy 

trial and error process.  
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Figure 7.6.  Hydrographs of verification of optimally calibrated routing models for the May 4, 2007 

flood event. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.7. Similar to Figure 7.5, but using the May 4, 2007 flood event for verification. 
 

Table 7.3 Observed and calculated peak discharges (m3/sec) and errors for NLP- , MLR- and 

Muskingum flood  routing 

Flood  April 6, 2003 June 9, 2005 May 4, 2007 

Parameter NLP MLR Muskingum NLP MLR Muskingum NLP MLR Muskingum 

R2 0.93 0.94 0.92 0.71 0.76 0.73 0.92 0.93 0.91 

AAE 0.010 0.010 0.011 0.042 0.038 0.041 0.025 0.023 0.027 

 

Table 7.4. Statistics of the fits of the observed discharge hydrographs by the NLP-, MLR- and 

Muskingum method.  

Muskingum-error 

(%) 
Muskingum 

MLR-error 

(%) 
MLR 

NLP-error 

(%) 
NLP Observed Flood event 

0.47 4.19 0.47 4.19 0.47 4.19 4.21 
April 6, 

2003 

8.01 2.87 7.37 2.89 8.33 2.86 3.12 June 9, 2005 

2.65 3.31 2.35 3.32 2.35 3.32 3.40 May 4, 2007 
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Chapter 8 

Integrating Spatial Multi Criteria Decision Making (SMCDM) 
with Geographic Information Systems (GIS) for determining 
the most suitable areas for artificial groundwater recharge1 

M. Zare & M. Koch 

Dept.of Geotechnology and Geohydraulics, University of Kassel, Kassel, Germany 

 
Abstract: 
The Shabestar plain is located in northwest of Iran. Increasing population, agricultural development and 

illegal well pumping have increased the exploitation of groundwater resources in this plain. This 

phenomenon, along with recent droughts, has led to severe decreases of the groundwater levels over the 

last years. In order to re-duce this crisis, the establishment of groundwater artificial recharge projects 

can be a suitable solution. An important step in the realization of such projects is determining suitable 

areas. In this study the Spatial Multi Criteria Decision Making (SMCDM) was used in conjunction with 

Geographic Information Systems (GIS) for that purpose. More specifically, seven main parameters 

including land slope, soil hydrologic groups, alluvium thickness, quaternary units, groundwater level 

were considered as the main layers in GIS, while pasture land and water drainage network were used 

as efficient layers for locating artificial recharge areas. The data layers for each one of these variables 

were supplied by GIS. The ranges of change of the five main layers were then classified in accordance 

with their importance in locating process. These data layers were afterwards assessed with one another 

by means of a pairwise comparison matrix with regard to their significance to locating by ap-plying the 

Analytical Hierarchy System (AHP) technique. The selected areas are integrated with exclusionary 

areas from pasture lands and the presence of water drainage networks. Finally seven separate regions 

with an area of 124.3 km2 (=10.42% of the flood plain) are identified as appropriate flood spreading 

recharge areas. Based on the annual potential of runoff production, that has been calculated by Justin’s 

method, the areas were prioritized. Thus  region #3, with a surface of 38.6 km2 turns out to be best 

place for artificial recharge, as it has 7.65 million cubic meter (MCM) runoff production per year, 

whereas regions  #2 and  #1 have second and third priority, respectively. 

 
 
 
8.1. Introduction 

Changing hydrological conditions occurring, for example, in the wake of future climate change 

(IPCC, 2007) by alterations of temperatures and precipitation, will have detrimental effects on 

the surface and groundwater resources in many areas of the world (e.g. Koch, 2008; Fink and 

Koch, 2010). This holds particularly for regions and countries which are already nowadays 

affected by water scarcity, such as the Middle Eastern region, including Iran. There, responding 

also to the needs of a strongly increasing population, rising water withdrawals have already 

                                                           
1Zare, M. and M. Koch, (2016).  Integrating Spatial Multi Criteria Decision Making (SMCDM) with Geographic Information 

Systems (GIS) for determining suitable Areas for artificial Groundwater Recharge, In: Sustainable Hydraulics in the Era of 

Global Change, Erpicum et al. (Eds.), Taylor & Francis, London, UK, p.109-117, 2016. Proceedings of the 4 th IAHR Europe 

Congress, Liege, Belgium, July 27-29, 2016.   
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caused drastic changes in the surface flow regimes and severe drops in groundwater levels in 

many watersheds of that country (Zare and Koch, 2014).   

Because of Iran’s location in an arid and semi-arid climate region, groundwater is a major 

water resource for many areas of that country. One efficient way to overcome deficits in 

groundwater resources consists in artificial recharge of groundwater (Zare and Taheri, 2011), 

for example, by a flood spreading approach. The main goals of artificial groundwater recharge 

are improving the water quality, adding or maintaining groundwater as an economic resource, 

preventing saltwater intrusion, and reducing or even preventing land subsidence. Thus artificial 

recharge projects provide mechanisms to protect groundwater in general terms.  

The problem is then to locate suitable areas for appropriate artificial recharge projects. Many 

studies to that avail have been done which are mainly based on Remote Sensing- and 

Geographic Information System (GIS) - techniques (Ravi Shankar and Mohan 2005, Saravi et 

al. 2006, Ghayoumian et al. 2007 and Alesheikh et al. 2008, Arlai et al 2010, Koch and Sirhan 

2012, Sirhan and Koch 2014,).  Apart from using mathematical models for artificial recharge 

modeling, using spatial data in GIS for the identification of potential areas for artificial recharge 

have become very common (Sharma 1992, Sukumar and Sankar 2010). GIS is a computerized 

data management system to capture, store, manage, retrieve, analyse, and display spatial 

information. GIS reduces time and costs for the selection of sites and provides a digital data 

bank for a future monitoring program of these selected sites (Al-Adamat, 2012).  

Classical GIS has been used by Saraf and Chadhury (1998) to produce suitable areas map 

for groundwater recharging in Madhya Pradesh area of India using information from satellite 

images and other layers, such as land use, cover vegetation, geomorphology, and geology. Patil 

and Mohite (2014) determined potential groundwater recharge zones in the Pune district of 

Maharashtra, India. They considered the geomorphology, soil, land use land cover, slope (%), 

drainage density and lineament density, which were prepared using satellite imagery and other 

conventional data. The thematic layers were first digitized from satellite imagery, then all 

thematic layers were integrated using ArcGIS software to identify the groundwater recharge 

potential zones for the study area to generate a map showing these groundwater recharge 

potential zones, namely, ‘poorly suitable’, ‘moderately suitable’ and ‘most suitable’ based on 

knowledge-based weighting factors.  

There have been various other improvements in the normal GIS approach to incorporate 

some kind of quantitative decision making factors for suitable site selection. Thus Zehtabian et 

al. (2001) incorporated a fuzzy logic approach into the GIS and so determined suitable areas 

for flood spreading in the Toghrodd Watershed in the Ghom province, Iran. Raid et al. (2011) 

presented two approaches for this kind of analysis: the classical one where a suitability map to 

find out the suitability of every location on the map was created and a more sophisticated one 

which consisted in  querying the created data sets to obtain a Boolean result of true or false 

map. These techniques have been applied to Sadat Industrial City in the Nile delta, Egypt. 

Thematic layers for a number of parameters were prepared from some maps and satellite 

images and they were classified, weighted and integrated in ArcGIS environment. By means 

of the overlay weighted model in ArcGIS, a suitability map which is classified into number of 

priority zones was obtained and could be compared with the obtained true-false map from the 

Boolean logic. Both methods suggested mostly the northern parts of the city to be suitable for 
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groundwater recharge, however, the weighted model provided a more accurate suitability map 

while the Boolean logic suggested a wider range of areas. 

A further refinement of the classical GIS mapping approach for suitable site selection 

consists in the incorporation of MCDM (Multi Criteria Decision Making), the latter being a 

sub-discipline of operations research that explicitly considers multiple criteria in decision-

making environments. Although taking GIS and MCDM alone will not effectively facilitate 

the implementation of site selection project parameters which are equally based on complex 

decision criteria and spatial information (Jun, 2000) and, so may lead to a poor decision (Bailey 

et al. 2003), MCDM integrated into GIS (SMCDM) provides more adequate solution 

procedures to this problem as the selection of suitable areas for artificial recharge projects may 

be done more comprehensively (Calijuri et al.  2004). 

MCDM can be used to evaluate standard multi-criteria problems with a set of alternatives. 

In standard MCDM subjects are not spatial, that is, the impact of an alternative for one criterion 

is a value. Although there is a variety of techniques for the determination of the criteria weights, 

one of the most famous methods developed by Saaty (1977) consists in doing pairwise 

comparisons. This technique is known as the Analytical Hierarchy Process (AHP) which is one 

of the most versatile techniques of MCDM. AHP uses multiple variables for the decision 

making, and can be employed to formulate the problem and to solve it hierarchically (Nagarlu 

et al. 2012). Mehrabi et al. (2012) studied groundwater-artificial-recharge-suitable areas in the 

Silakhor, Borujerd rangelands, Iran, using GIS and AHP. The layer information of rainfall, 

soil, lithology, slope, land use and fault components were prepared and weighted with the AHP-

method and this information was used to select artificial recharge sites. Aquifer artificial 

recharge maps showed that in the Silakhor catchment 14%, 64.8% and 21.2% of the catchment 

area had high, moderate and low capabilities for artificial recharge, respectively. Expectedly, 

the most suitable areas were located in the lowlands. 

In this study, Spatial Multi Criteria Decision Making (SMCDM) in conjunction with 

Geographic Information Systems (GIS) will be used to locate suitable areas for artificial 

recharge in the Shabestar plain in northwest of Iran.  For this purpose, seven main parameters, 

including land slope, soil hydrologic groups, alluvium thickness, quaternary units, groundwater 

level are considered as main layers, while pasture land and water drainage network are 

considered as efficient layers. 

  

8.2. Materials and methods 

8.2.1. Study area 

The Shabestar plain is located in northwest of Iran (Figure 8.1). The plain’s area is 

1200 km2, while its elevation varies between 1266 m above sea level in the south and 3100 m 

in the north. The average annual rainfall is about 248 mm. Based on the available data, seven 

effective parameters, including land slope, soil hydrologic groups, alluvium thickness, 

quaternary units, groundwater level are  considered as main layers, while pasture land and 

water drainage network are  used  as efficient layers for  locating appropriate artificial recharge 

areas  that could be supplied by means of  flood spreading. The DEM- (Digital Elevation 

Model), groundwater data, soil and geology maps, and pasture land data were provide by the 

Water Organization of the Azarbaijan-e-Sharghi province. 
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Figure 8.1. The Shabestar plain in northwest Iran. 

8.2.2. Selection of main criteria (data layers) for artificial recharge 

Based on the available data, seven effective parameters, including land slope, soil 

hydrologic groups, alluvium thickness, quaternary units, groundwater level are  considered as 

main layers, while pasture land and water drainage network are  used  as efficient layers for  

locating appropriate artificial recharge areas  that could be supplied by means of  flood 

spreading. The DEM- (Digital Elevation Model), groundwater data, soil and geology maps, 

and pasture land data were provide by the Water Organization of the Azarbaijan-e-Sharghi 

province. 

8.2.3. Data layer preparation in GIS  

Slope is a fundamental contributing factor in the selection of flood spreading areas, as 

water velocity is directly related to the land slope. On steep slopes, runoff is more erosive and 

can easily remove detached sediments and transport it down the slope (Faucette et al. 2003). 

The experience gained from the analysis of 36 flood spreading areas across Iran indicates that 

the most suitable areas for flood spreading should have a slope less than 5 % (Alesheikh et al.  

2008). 

For generating the slope layer, the Arc Hydro model has been used in the Arc GIS 

environment. In this regard, the DEM is modified by the Arc Hydro model and then the slope 

layer is generated (Figure 8.2). From the Figure one can observe that most of the southern area 

of the plain is almost flat, whereas in the northern part, due to the hills, the slope is about 97%. 

To sum up, the slopes are ranging from 0% in the south to 97% in the north. 

Quaternary sediments, which are the most important reservoir of groundwater 

resources, have been formed from physical and mechanical weathering of upland formations. 

Thus the geological properties of these quaternary sediments are instrumental for the 

characterization of the hydrology and hydrogeology of the water in the groundwater reservoir. 

In general such sedimentary structures have flood storage potential. Quaternary sediments are 

very important in Iran because they cover more than 50% of the surface of the country 

(Vorhauser and Hamlett 1996; Chenini et al. 2010). Figure 8.3 shows that more than 50% of 
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the Shabestar plain’s area is covered by quaternary units that, basically, are suitable for flood 

spreading. However, for effective recharge the soil material in the porous media must have, in 

addition, a high vertical permeability to aid infiltration and the aquifer must be sufficiently 

transmissive to transport the water away from the spreading area. The importance of infiltration 

when using the flood spreading method comes from the fact that a low infiltration rate would 

restrict the entrance of water into the porous media (Liu et al. 2001). As this restriction often 

occurs at the soil surface, the quantification of the infiltration rate is crucial for the evaluation 

of the efficiency of this kind of groundwater recharge method. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8.2. Left.panel: DEM of the Shabestar plain; right panel: Slopes of the study area 

 
The most important parameters influencing the infiltration rate are the physical 

characteristics of the soil and the vegetation cover on the soil surface. For the quantification of 

the infiltration parameters the soils are classified into four hydrologic soil groups (HSG’s) - 

namely A, B, C and D - to indicate the minimum rate of infiltration obtained for a bare soil 

after prolonged wetting. The infiltration rate is then controlled by the surface conditions. HSG 

also indicates the transmission rate, the rate at which the water moves within the soil. This rate 

is controlled by the soil profile. Approximate numerical ranges for the transmission rates as 

defined in the HSG groups were first published by Musgrave (USDA 1955). The transmission 

rate in group A –which is the best for artificial recharge because of high infiltration rate - is 

greater than 0.30 in/hr, whereas the rates in group B, C and D are 0.15-0.3 in/hr, 0.05-0.15 in/hr 

and < 0.05 in/hr, respectively. The spatial distribution of HSG is shown in Figure 8.3.   

For flood spreading the groundwater table should be sufficiently deep so that adequate 

storage space in the vadose zone is available to accommodate the recharge water. In places 

where the depth of the groundwater table is less than 3 to 4 m, artificial recharge should not be 

considered, as there is the danger of water logging that causes tremendous economic and 

environmental losses, because of, among other factors, increasing soil salinity (Zare and Koch, 

2014). Alluvial thickness is another factor that affects the selection of an area for artificial 

recharge. A suitable site for flood spreading is a place with thick alluvial fans. If all factors are 

suitable, except the alluvial thickness, artificial recharge may cause saturation of the recharged 

layer and water logging may occur (Ghayoumian et al. 2005, Zare and Koch, 2014). 
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Figure 8.3. Left panel: Quaternary units, right panel: HSG layer of the Shabestar plain. 
 

In order to generate the alluvium thickness layer, 42 observation log wells have been 

used. 10 extra wells are then used to validate the results of the spatial interpolation. For the 

groundwater level map piezometric well data observed in January 2009 have been used. For 

both maps spatial interpolation is employed which creates a continuous surface (Raster map) 

from the measured point data (Schabenberger and Gotway, 2005). Three methods of spatial 

interpolations are practiced in this research, namely, (a) Ordinary Kriging with exponential-, 

spherical- and Gaussian variogram models, (b) Spline (Theissen and regularized method) and 

(c) inverse distance weighting (IDW). The mean absolute error (MAE) is used to identify the 

goodness of fit of the interpolation. Thus the most appropriate method should have the least 

MAE, wherefore the MAE can range from 0 to ∞.   

The interpolation exercise shows the Kriging method with a spherical variogram to be 

the most accurate method for both parameters, with MAE=0.18 and 0.21 for groundwater levels 

and alluvial thicknesses, respectively.  

As Figure 8.4 shows, the alluvium thicknesses range from 33 to 145 meters and 

groundwater levels between 4 and 57 meters. Concerning their importance in artificial 

recharge, these two parameters will later during the AHP-process be classified into four 

categories with specific weights (see Table 8.4). 

8.2.4. SMCDM using the Analytic Hierarchy Process (AHP) 

MCDM is a sub-discipline of operations research that explicitly considers multiple 

criteria in decision-making environments. MCDM can be used to evaluate standard multi-

criteria problems with a set of alternatives. In standard multi-criteria decision methods subjects 

are not spatial, that is, the impact of an alternative for one criterion is a value. The SMSDM 

stands for an integration of spatial analyses and MCDM (Figure 8.5). 
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Figure 8.4. Left.panel: Alluvium thickness of the Shabestar plain; right panel: Groundwater level 

layer of the study area. 

 

One of the MCDM methods is the Analytic Hierarchy Process (AHP) that was 

introduced by Saaty (1977) and has become a very popular means since then to calculate the 

needed weighting factors by help of a preference matrix where all identified relevant criteria 

are compared against each other with reproducible preference factors. In short, MCDM is a 

method to derive ratio scales from paired comparisons. The input can be obtained from actual 

measurements such as price, weight etc., or from subjective opinion such as satisfaction 

feelings and preference. AHP allows for some small inconsistency in the judgment, because 

human opinion is not always consistent. The ratio scales are derived from the principal 

eigenvectors and the consistency index from the principal eigenvalue of the pair-wise 

comparison matrix.  

All criteria/factors which are considered relevant for a decision are compared against 

each other in a pair-wise comparison matrix which is a measure to express the relative 

preference among these factors. Therefore, numerical values expressing a judgement of the 

relative importance (or preference) of one factor against another have to be assigned to each 

factor. Since it is known from psychological studies that an individual cannot simultaneously 

compare more than 7 ± 2 elements, Saaty (1977) and Saaty and Vargas (1991) suggested a 

scale for comparison, consisting of integer values between 1 and 9 which describe the intensity 

of importance (preference/dominance). This a value of 1 expresses “equal importance” and a 

value of 9 is given for those factors having an “extreme importance” compared with the other 

ones (Table 8.1). 

 In the present study, the eigenvector method of the AHP algorithm has been used in 

the Arc GIS environment for the weighting and the pair-wise scoring of the spatial layers. For 

the evaluation of the main layers, the local conditions of the region, the relevant literature and 

the specialist expertise (15 questionnaire forms were prepared and filled out by hydrogeologists 

and geologists that have sufficient information about the study area) were considered.  Based 

on this information, the 5 by 5 pair-wise comparison matrix (reciprocal matrix) A for the 5 

criteria as shown in Table 8.2 has been generated. For example, the value of “5” in the HSG 

row/Alluvial thickness column means that HSG is “strongly” important compared with alluvial 

thickness. 
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Figure 8.5. Integration of spatial analysis and multicriteria methods into spatial multicriteria methods 
 

Table 8.1. Scale for comparisons (Saaty and Vargas 1991). 

Intensity of importance Description 

1 Equal importance 

3 Moderate importance of one factor  over another 

5 Strong or essential importance 

7 Very strong importance 

9 Extreme importance 

2,4,6,8 Intermediate values 

 
Table 8.2. Pair-wise comparison matrix (reciprocal matrix) 

Criteria Slope HSG Quaternary units 
Alluvial 

thickness 
Groundwater level 

Slope 1 3 5 7 9 

HSG 1/3 1 2 5 9 

Quaternary units 1/5 1/2 1 3 7 

Alluvial thickness 1/7 1/5 1/3 1 3 

Groundwater level 1/9 1/9 1/7 1/3 1 

Sum (Si) 1.79 4.81 8.48 16.33 29 

 

The next step in the AHP- method is then the computations of the effective weights wi 

for each of the main indicator layers of Table 8.2. Practically, the most common approach to 

do this consists in taking as weights the normalized components of the eigenvector associated 

with the largest eigenvalue of the pair-wise comparison matrix A (Gao et al, 2009). Thus the 

following eigenvalue problem is solved: 

             AW= 𝜆W      (8-1) 

Where 𝜆 denotes the eigenvalues of A and W are the associated eigenvectors. The 

weights wi, equal to the normalized components of the eigenvector associated with the largest 

eigenvalue 𝜆max, are listed in Table 8.3. 

 

 Table 8.3. Calculated weights by the AHP method 

Criteria Slope HSG Quaternary units Alluvial thickness Groundwater level 

Weights(wi) 0.51 0.25 0.15 0.06 0.03 

 
Of course, the values of the pair-wise comparison matrix will normally be well specified 

and are not set arbitrarily. However, people’s feelings and preferences remain inconsistent and 

intransitive and may then lead to variations in the eigenvector calculations, i.e. different 

weights. Such inconsistencies might be of the form that a criteria Ai, being preferred over 
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another criteria Aj , with Aj being preferred over a criteria Ak is not preferred over Ak (Ai must 

be preferred over Ak in this case). Therefore, Saaty (1977) proposed a consistency ratio (CR) 

which is a single numerical index to check the pair-wise comparison matrix for consistency. 

CR is defined as the ratio of the consistency index CI to the average consistency index RI: 

                    

RI
  =CR

CI
      (8-2) 

Where 

                  

1-n

n)-(
  =CI max

      (8-3) 

and RI is the random consistency index that depends on  n, the number of criteria. A list 

of RI as a function of n has been provided by Saaty (1977) and is listed in Table 4. Thus, with 

n=5 as in the present application, RI=1.12. With Eq. (8-2) this results in CR= 0.052, which is 

less than 0.1, which is the critical CR value to accept the pair-wise comparison matrix, defined 

in Table 8.2. 

Regarding the importance of each criteria in the flood spreading method, all 5 parameter 

(Table 8.3) maps have been further classified into specific sub-layers. Each sub-layer has been 

scored following the results of the questionnaire form, the statistical analyses and the literature 

review for the same artificial recharge projects in semi-arid regions of Iran (Zehtabian et al 

2000; Ghayoumian et al. 2007; Eini 2009; Taheri et al 2013; Taheri and Zare 2013). Table 8.5 

shows the layers and sub-layers weights obtained by this procedure in the AHP modeling. 

Based on these 5 main spatial layers, the suitable areas for artificial recharge have been 

determined by the AHP extension in the Arc GIS software environment. As Figure 8.6 shows, 

all the suitable areas are located in the southern part of the plain.  

  
Table 8.4. Random consistency index RI for different n (Saaty, 1977) 

n 3 4 5 6 7 8 9 10 

RI 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49 

  
8.2.5. Integration with pastureland and drainage network data layers 

The areas which are not suitable for groundwater recharge by flood spreading are called 

exclusionary areas. In the present study, cultivation farms, gardens, private lands - due to social 

tensions- and urban areas were considered as exclusionary areas for the flood spreading 

operation. Once the suitable areas have been determined by the AHP process, the exclusionary 

areas from pasture land are deducted from the suitable recharge areas map in Arc GIS 

environment and seven areas have been determined.  

Flood spreading in possible recharge areas is not possible without a drainage network, 

due to the lack of runoff production in upstream region which acts as a source of recharge. For 

the generation of the drainage network layer, the DEM in the Arc Hydro model is applied.  

Figures 8.6 and 8.7 show that the selected 7 areas are not restricted in this respect. 
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Table 8.5. The main layers and sub-layers weights in AHP modeling 

Criteria (Layers) Weight (Layers) Sub-layers Weights (sub-layers) 

Slope (%) 0.51 

0-5 0.949 

5-8 0.050 

> 8 0.001 

    

HSG 0.25 

A 0.527 

B 0.315 

C 0.149 

D 0.009 

    

Alluvial thickness (m) 0.06 

0-10 0.010 

10-40 0.143 

40-80 0.293 

> 80 0.562 

    

Groundwater level (m) 0.03 

0-10 0.009 

10-20 0.567 

20-30 0.315 

> 30 0.110 

    

Quaternary units 0.15 

Qt1 0.580 

Qt2 0.289 

Qsf 0.115 

Non Q 0.016 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8.6. Left panel: Artificial recharge possibility map obtained with the AHP method; Right 

panel: Pasture land. 
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Figure 8.7. Left panel: Suitable recharge areas; right panel: Combination of suitable areas with 

drainage network. 

8.2.6. Potential of run-off production 

Although estimating annual runoff of rivers that have hydrometric stations is simple, it 

is complicated in watersheds that have not enough measured data. For quantifying the potential 

of runoff production in such watersheds, the Justin method (Justin, 1914) has often been used 

(Alizadeh, 2005). The latter is based on the idea that similar watersheds have also similar runoff 

characteristics.  

The first step in the Justin method starts then with the computation of the following 

three parameters for the reference watershed with enough measureable data:  

                 

A
  =S minmax HH 

      (8-4) 

           
A

W
 R        (8-5) 

             
20.155S

)328.1(
  =K

P

TR 
      (8-6) 

Where Hmax,  Hmin are the maximum and minimum elevations of the watershed (km), A 

is its area (km2), W is the annual runoff volume (MCM), T is the average temperature (oC), P 

is the annual precipitation (cm) and S is the average slope.  With all this known data in Daryan-

chay watershed Eq.(8-6) defines the Justin coefficient K. 

In this study, the Daryan-chay watershed is taken as the reference watershed, as it has 

enough measured data. The mean annual discharge of Daryan-chay is 0.49 m3/s that is equal to 

W = 15.39 MCM. Using the other topological and meteorological data for that the watershed 

as indicated in Table 8.6, Justin’s K coefficient is calculated as 0.0328. 

 
Table 8.6. Justin’s K- calculation for the Daryan-chay watershed 

A (km2) Hmax (km) Hmin (km) S W(MCM) P(cm) T(oC) K 

53 2.749 1.226 0.203 15.39 24.84 12.5 0.032822 
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In the second step, using the K- coefficient for the reference watershed, Eqs. (8-4) to 

(8-6) are solved in reverse order for the annual runoffs W for each of the 7 selected areas 

indicated in Figure 8.7, using the meteorological variables from the reference watershed. The 

results are listed in Table 8.7. 

 
Table 8.7. Computation of potential annual runoff production using Justin’s K for the seven selected 

recharge areas (see Figure 8.7) 

Selected area # A (km2) Hmax (km) Hmin (km) S P(cm) T(oC) W(MCM) 

1 21.64 1.32 1.28 0.009 24.84 12.5 3.86 

2 33.67 1.34 1.31 0.006 24.84 12.5 5.64 

3 38.63 1.44 1.33 0.017 24.84 12.5 7.65 

4 5.24 1.50 1.34 0.068 24.84 12.5 1.28 

5 7.25 1.65 1.49 0.059 24.84 12.5 1.74 

6 9.00 1.40 1.32 0.027 24.84 12.5 1.91 

7 8.89 1.54 1.34 0.063 24.84 12.5 2.15 

 

8.3. Results and discussions 
8.3.1. Discussion of the physical parameters of the watershed defining suitable artificial 
recharge areas 

Regarding the slope parameter shown already coarsely in Figure 8.2, the more detailed 

map of Figure 8.8 indicates the slopes of the south and central areas of the Shabestar plain are 

less than 5% that is suitable for groundwater recharge by flood spreading. The groundwater 

level spatial map in Figure 8.8 shows that the groundwater depths in most parts of the study 

area range between 10-20 or 20-30 m, that is suitable for groundwater recharge.  

The alluvium thickness ranges in areas that have suitable slopes are between 30 and 80 

meters which, in turn, are sufficient for artificial recharge projects.  Figure 8.3 shows that the 

south and central parts of the plain are composed of young alluviums called quaternary, so that 

flood spreading is possible in these areas. 

For the evaluation of the important characteristics of infiltration, the Hydrologic Soil 

Group (HSG) has been studied. As Figure 8.2 shows, in flat areas (slope <5%) of the study 

region the HSG is A or B, i.e. these are good for flood spreading projects.  

Based on the five data layers that have been integrated by the eigenvector method in 

the AHP-procedure (Table 8.4), a final classification of the suitability areas for artificial 

recharge has been made. The results are listed in Table 8.8 and show that about 550 km2, 

corresponding to 50% of the total study area, are prone for recharge. 

The spatial distribution of the suitable recharge areas listed in Table 8.3 reveals that the 

slope is the most important criterion in the evaluation of the suitability for flood spreading 

recharge. However, one must also take into consideration so-called exclusion areas such as 

pasturelands as well the water drainage network, both of which play an important role in 

artificial recharge site selection. In fact, the flood spreading method could not be performed on 

private farm lands and the drainage line is necessary for driving the runoff to the project area. 

This last criterion is eliminating project areas smaller than 10 ha because the flood spreading 

method in small areas is not possible. Subtracting these small areas from the suitable ones of 

Table 8.8 results, finally, in seven separate regions with a total area of 124.32 km2 (~10.42 %  

 



134 
 

 
 
 
 
 
 
 
 
 
 

 

 

 

 

Figure 8.8. Left panel: Reclassified slope layer; right panel: Groundwater level categories in the study 

area 

 

of the flood plain area ) that are well suitable for the application of  a flood spreading artificial 
recharge method. 

 

 

Table 8.8. Results of the five-layer integration by the AHP- method 
Artificial recharge potential A (km2) A (%) 

suitable 505 44.93 

fairly suitable  49   4.36 

not suitable 103   9.16 

impossible 467 41.55 

8.3.2. Prioritizing the selected areas according to the potential of runoff production 

Once  the suitable areas have been chosen, it is important to know which area is the best 

for establishing a groundwater recharge project, because for flood spreading some additional 

factors should be considered, such as possible soil erosion which may reduce the infiltration 

due to sediment settling, and vegetation plant implementation which, in reverse, may moderate 

this adverse effect again. In this regard, preparing an area for flood spreading has some costs, 

so it is better to perform it in an area which has more water available.  

For prioritizing the selected suitable recharge areas, the potential of annual runoff 

production is considered as a final factor. The former is computed by means of the   Justin 

method (see Table 8.7). Based on these results the region number 3 (see Figure 8.8) turns out 

to be the most suitable area for artificial groundwater recharge (Table 8.9).     

After determination of the priority of the recharge areas, the most appropriate time 

period for the application of the artificial recharge should be determined. According to the 

long-term statistics, the maximum discharge of flood occurs during months of February, March 

and April, so that during these months the probability of floods is high while, at the same time, 

the agricultural use of water is low. As, in addition, the humidity is high in this season, the rate 

of evaporation is also low. This means that artificial groundwater recharge is most 

appropriately effected during these early months of a year. 
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 Table 8.9. Prioritizing selected recharge areas based on annual runoff  

Selected area no. A (km2) W(MCM) Priority 

1 21.64 3.86 3 rd 

2 33.67 5.64 2 nd 

3 38.63 7.65 1 st 

4 5.24 1.28 7 th 

5 7.25 1.74 6 th 

6 9 1.91 5 th 

7 8.89 2.15 4 th 

8.4. Conclusions 

Obviously, in the process of studying artificial recharge projects the determination of 

the most suitable areas for flood spreading is very important. Geographic Information System 

(GIS) as an efficient, fast, accurate and inexpensive, highly-efficient tool has been used in this 

study. Decision making using the AHP-method for evaluating the accuracy of the weights and 

of different topographic, hydrographic and geological criteria is very valuable, because this 

method provides a logic and scientific-based approach to make quantitative comparisons of the 

different criteria-variables.  

In this study, the Spatial Multi Criteria Decision Making (SMCDM) has been used 

within an Arc GIS environment for determining the most suitable areas of artificial recharge in 

the Shabestar plain in northwest Iran. Five important criteria-parameters determining most 

likely artificial recharge, namely slope, HSG, quaternary units, alluvium thickness and 

groundwater levels were overlaid by the AHP-method and, applying an eigenvector analysis 

of the comparison matrix, the corresponding weights for the various criteria are computed. The 

results indicate that the slope is the most important parameter determining the suitability of an 

area for artificial recharge.  

The suitable areas found in this way are further processed, to take into account pasture 

lands and the presence of a minimum of a drainage network (exclusionary areas). Eventually, 

seven separate areas with a total surface of 124.3 km2 (=10.42 % of the flood plain) are selected 

as the most appropriate places for artificial recharge by a flood spreading method.  

These selected areas are then prioritized, based on the general availability of water, 

namely the annual potential of runoff production. Because of a lack of hydrographic 

information for these areas, Justin’s method has been used to that avail, employing 

hydrographic information from a similar, neighboring watershed with similar runoff 

characteristics.  The final results indicate that region #3 with an area of 38.63 km2 and an annual 

runoff of 7.65 MCM is best suited to artificial recharge, followed by regions #2 and #1. 
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