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Abstract

Urmia Lake, the largest inland lake in Iran, is facing a severe drying scenario, with dire consequences for the whole region.
The rapid expansion of agricultural activities in the Urmia Lake basin has predominately led to tremendous pressure on the
limited water resources, which has accelerated the drying process of this lake. The objective of this study is to analyze the
spatio-temporal dynamics of land use/land cover (LULC) (2000-2020) and simulate agricultural expansion (2030 and 2040)
in the Urmia Lake basin. Support Vector Machine (SVM)-based classification approach was used on Landsat satellite imagery
from 2000, 2010, and 2020 to derive respective LULC layers. Cellular Automata (CA)-Markov and Land Change Modeler
(LCM) were employed to simulate and assess future agricultural growth and land cover changes. Furthermore, the water
requirement of agricultural activities was estimated with the NETWAT model. The results showed that the areas covered by
irrigated agriculture and gardens are projected to experience a significant increase. These findings indicated that the actual
LULC change during 2000-2020 was 68,802 ha of garden growth (174% change), while the simulated change was expected
to be 127,613 ha by 2040. Moreover, the statistical result showed an increase of irrigated and rain-fed agricultural lands by
147,948 ha (55.98%) and 356,372 ha (145.69%), respectively, by 2040. Adopting the NETWAT model, this study suggests
that the changes in LULC of the region will increase the water requirement of agriculture activities from 1500 billion cubic
meters in 2000 to more than 4100 billion cubic meters in 2040.

Keywords Land use/land cover change - Markov-cellular automata - Land change modeler - Support vector machine -
Urmia Lake

Introduction

Threats caused by climate change and other global envi-
ronmental changes are among the obstacles to human pro-
gress in achieving sustainable development goals. Rapid
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urbanization, population growth, and other socio-economic
development activities are the primary drivers in the emer-
gence of such changes that cause deforestation and land
cover alteration. Deforestation can lead to the loss of bio-
diversity and has destructive effects on the terrestrial and
aquatic ecosystems of the planet (Wang et al. 2020). Being
essential parts of environmental changes and the Land Use/
Land Cover (LULC) change have considerable impacts
on a region’s hydrological cycle and agricultural systems
(Calanca, 2007). The way the earth’s surface is covered by
wetlands, forests, agriculture, impermeable surfaces, and
other types of land and water is expressed by the concept of
land cover (Prakasam, 2010).

On the other hand, the way humans use the landscape for
conservation, development, or mixed uses is also defined
by the concept of land use. Land use consists of agricul-
tural land, recreation areas, built-up areas, and wildlife
habitats (Reis et al. 2008). The land use/land cover changes
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significantly affect crop productivity due to the lack of
freshwater availability (Nyatuame et al. 2020). Therefore,
assessing the magnitude and pattern of land cover types is
necessary to project the future of water resources and land
development, especially for areas where the primary land
cover is water-dependent (agricultural land). LULC covers
studies of deforestation, agricultural expansion and intensi-
fication, the energy footprint, and urban growth (Montalvan-
Burbano et al. 2021).

There is a large volume of published studies confirm-
ing the critical role of agricultural expansion on the water
balance of agricultural watersheds (Sahoo et al. (2018); de
Hipt et al. (2019); Ni et al. (2021); Idrissou et al. (2022);
Ougahi et al. (2022); Abungba et al. (2022). Among themes,
Schilling et al. (2008) investigated the potential impacts of
future LULC change on the annual and seasonal water bal-
ance of the Raccoon River watershed through the SWAT
(Soil and Water Assessment Tools) model. The results show
an increase in water yield and nitrate, phosphorus, and sedi-
ment losses with corn production.

Grecchi et al. (2014) assessed the changes in land use pat-
terns of the Brazilian Cerrado and their impacts on the envi-
ronment through a multidisciplinary approach. Their results
revealed a drastic landscape change from vegetation to an
integrated agricultural area, which caused a sharp increase
in the risk of erosion in the region. Kumar et al. (2018),
in their study on the Tons River Basin of India, found that
LULC changes had significantly affected the water avail-
ability in this region, leading to a decrease in surface runoff
and lateral flow from 62.29 and 2.39% to 2.39 to 62.14% and
0.261%, respectively. Aghsaei et al. (2020) applied SWAT
to determine the effect of LULC change on the hydrologi-
cal response of the Anzali wetland catchment in Iran. The
results indicated that the increase in agricultural land use
resulted in an increase of evapotranspiration, water yield,
and sediment yield by up to 8.3, 7, and 169%, respectively.
The study by Samal and Gedam (2021) showed that the
nature of LULC change has differential impacts at both
basin and sub-basin scales. At the basin level, the impact of
LULC change on hydrological parameters is, however, at the
sub-basin level, the surface runoff and water yield increase
significantly.

Considerable efforts have been made to develop efficient
methods for modeling and predicting land use change (Veld-
kamp and Lambin 2001; Overmars 2003). Markov chain
analysis is one of the common models based on the stochastic
modeling approach that has been widely used to investigate
the dynamics of land use change and predict its trend in future
(Mubea et al. 2011; Kumar et al. 2014). This model works
based on a series of random values whose probability depends
on past values. (Dadhich and Hanaoka 2010; Zhang et al.
2011). Furthermore, as a simple method, the Markov chain is
a proper tool to predict all multidirectional land-use changes
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and is utilized when the definition of the landscape changes is
complex (Weng 2002; Pontius and Malanson 2005). Integrated
modeling approaches such as integrated Markov chain and cel-
lular automata (CA-Markov) are suggested to be more appro-
priate for modeling land use change procedures (Guan 2011).
Therefore, the CA—Markov model has been used to simulate
LULC changes in different regions of the world (Nouri et al.
2014; Mansour et al. 2020; Sibanda and Ahmed 2021; Fu et al.
2022; Weslati et al. 2022). Land Change Modeler (LCM) is
another modern and commonly used model that has revolu-
tionized the analysis of land cover conversions and predicting
land use changes in future. Dynamic projection proficiency,
proper calibration, and the ability to simulate several types of
land cover are among the reasons for the expansion of the use
of the LCM model (Abuelaish and Olmedo 2016; Shooshtar-
ian et al. 2018; Hasan et al. 2020; Qacami et al. 2022; Hussien
et al. 2022; Tariq et al. 2022).

Based on the above discussions, land use/land cover mod-
els provide social and economic benefits in making decisions
and understanding the process of changes and future projec-
tions of a watershed. Changes. Iran has faced severe problems
due to rapid urbanization and extensive land use changes as a
developing country. Land use changes in Iran have accelerated
in the last 50 years. Land use and land cover and subsequent
destruction of water and forest resources are one of the main
concerns in Iran's environmental issues. Urmia Lake, as one
of Iran's most important natural ecosystems, the second largest
saline lake in the world, has an important national and inter-
national position, which has undergone a dramatic decline in
its water level. Climate change, human activities, and unbal-
anced development of agriculture in the catchment area are
among the primary factors in decreasing the water level of the
Urmia Lake, which have been debated in scientific literature.
The literature review showed that the conducted studies have
a particular focus on the effects of past land use change, and
the effects of future land use changes on the catchment area of
the Urmia Lake have not been investigated.

In most cases, prospective studies of Urmia Lake have
addressed the effects of climate change. However, there is
no comprehensive study concerning the effects of land use
changes (especially agricultural land use) on the water require-
ments of the Urmia Lake basin. Therefore, the main goal of
the present study is to use the CA—Markov model to simulate
future land use changes in the Lake Urmia basin and investi-
gate its effects on the agricultural water requirements of the
region.
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Materials and methods
Study area

Urmia Lake is located in the northwest of Iran, and with an
area of ~ 5700 km?, it is considered the third largest saline
lake worldwide. The lake watershed area is ~ 52,000 km?
and has an elevation range from 1256 to 3720 m.a.s.l. The
basin of the lake is located between the provinces of West
Azerbaijan (0.46), East Azerbaijan (0.43), and Kurdistan
(0.10). The average water intake volume of the lake, which
is situated at the height of 1274 m above sea level, is 32
billion m>. The most important sources of water supply
in the Urmia Lake are rivers of the catchment basin and
direct precipitation over its surface. Six rivers from the
east, five from the west, and four from the south are the
main rivers providing water to Lake Urmia. The ecosystem
of the lake is a generally mountainous territory, includ-
ing two of the well-known Iranian volcanic peaks (Saba-
lan, 4810 m, and Sahand, 3707 m), and with numerous

immense productive plains in the valleys and around the
lake. The location of the study area is depicted in Fig. 1.

Data and software used

Selecting appropriate classified satellite images is the most
important process in simulating the future land use map. The
satellite imagery dataset used in the present study is com-
posed of the Thematic Mapper (TM), Enhanced Thematic
Mapper Plus (ETM +), and the Operational Land Imager
(OLI) Landsat sensors on board Landsat 5, Landsat 7, and
Landsat 8, respectively. Landsat satellite images were col-
lected during different periods (2000-2010-2020) for the
Urmia Lake basin from the United States Geological Survey
(USGS) (https://earthexplorer.usgs.gov). The image infor-
mation is provided in Table 1.

Pre-processing of images in the form of image enhance-
ment, geometric, atmospheric, radiometric, and topographi-
cal corrections was carried out in the Envi software environ-
ment. The land use map was obtained through the Support
Vector Machine (SVM) classification algorithm in the
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Fig. 1 The location of the study area
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Table 1 Landsat image information

Satellite Type Path/row Date Reso-
lution
(m)
Landsat5 TM 167:034-035 22/08/2000 30
168:033-034-035
169-034-035
Landsat7 ETM+ 167:034-035 22/08/2010 30
168:033-034-035
169-034-035
Landsat 8 OLI/TIRS 167:034-035 16/08/2020 30
168:033-034-035
169-034-035

desired period. The CA-Markov and Land Change Modeler
(LCM) modules, which are all available within TerrSet, were
used to predict possible land use changes for the years 2030
and 2040. Finally, the future water requirements of agricul-
tural activities were calculated through the NETWAT model.

Support vector machine-based classification

SVM classifier has been developed by Cortes and Vapnik
(1995) as a robust supervised classification technique for
handling high-resolution multi-band images and extensive
segmented satellite data. SVM provides an approach based
on non-parametric learning, which causes insensitivity to
data distribution (Fauvel et al. 2009). The SVM algorithm
is based on creating an optimal hyper-plane in a high or infi-
nite dimensional space by maximizing the spread between
classes. Less sensitivity to noise, correlated bands, and the
unbalanced number of training data are among the advan-
tages of SVM compared to other classification algorithms
(Cawley and Talbot 2010). In the classification process by
SVM, the acceptable level of misclassification is determined
by the penalty parameter. The penalty parameter permits
control of the trade-off between “allowing training errors”
and “enforcing strict margins. It is possible to achieve a more
accurate model in the SVM method by increasing the pen-
alty parameter and thus reducing the number of misclassi-
fied pixels. The training sets are projected from the input
space to another higher dimensional feature space by the
kernel function so that a linearly separable output dataset is
obtained. In the present study, Radial Basis Function (RBF)
kernel is used as a core tool of employed SVM technique in
the classification process as formulated below (Yang et al.
2008; Singh et al. 2014):

k(x;.x;) = exp(=rllxx]1%) (1)

where x; and x; are vectors in the input space, respectively.
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Image classification accuracy

Accuracy assessment of classification for land-use patterns
can help determine the applicability of selected machine
learning algorithms in land-use planning. Ground truth data
was used to evaluate the accuracy of classified maps. For
2000 and 2010, the reference points were collected from
Google Earth, and for the 2020 image, the ground truth data
obtained from the original land-use map and field observa-
tion was used. In this work, the kappa coefficient was used
to assess the classification accuracy:

NZLIXI’I’ - 2;1(xi+)(xi+)
N2 = 3 () ()

@

where r represents the number of rows in the matrix, x is
the number of observations in row i and column i (the diag-
onal elements), x;, and x; are the marginal totals of row
r and column i, respectively, and N is the total number of
observations.

CA-MARKOV model

CA-Markov model is a combined Cellular Automata/
Markov chain land prediction model that supposes a compo-
nent of spatial contiguity and knowledge of the likely spatial
distribution of transitions to Markov chain analysis. In the
proposed integrated model, the Markov chain model, as a
discrete-time stochastic model, simulates the LULC change
probabilities through a transition probability matrix (East-
man 2006; Mishra et al. 2011). In the next step, the transition
trend between different LULC states is determined using the
transition probability among two states of ¢, and #, (Wu et al.
2010; Mosammam et al. 2017). The Markov chain model
provides an appropriate estimate of the magnitude of LULC
occurrences but cannot provide the spatial distribution of
these changes (Yang et al. 2012; Maviza and Ahmed 2020).
However, Cellular automata (CA), can change and control
complex spatially distributed processes, with a strong ability
to simulate the spatio-temporal characteristics of complex
systems (Guan et al. 2011a, b). The CA model can be for-
mulated as follows (Sang et al. 2011):

Stt+ 1) =1£(S@),N) ?3)

where S is the set of limited and discrete cellular states, N
indicates the Cellular field, ¢ and z+ 7 represent the differ-
ent times, and fis the transformation rule of cellular states
in local space. The Markov model is a theory based on the
formation process of Markov random process systems for the
prediction and optimal control theory method. Calculation
of the land use changes prediction in accordance with the
conditional probability formula—Bayes can be expressed as
follows (Memarian et al. 2012; Ma et al. 2012):
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St+1)= Pl-j X S(7) 4)

where S(t) and S(7+ 1) stand as the system status at the time
of tand 7+ 1, respectively; P; stands as the transition prob-
ability matrix in a state, which is calculated as follows:

Pll P12 Pln n
P21 P22 P2
P=(Py)=| 22 L Py (5)
J=1
Pnl Pn2 Pnn

where P is the Markov transition matrix, P;; is the probabil-
ity from LULC type i to land type j, and n is the number of
LULC types in the study area. The transition matrix requests
that each rate is a non-negative quantity and each line fac-
tor O to 1. The relative frequency of the transition observed
during the whole period is considered an estimate of the
Markov chain. The result of the estimation can be used for
prediction.

Land change modeler

The LCM (Land Change Modeler) embedded in the TerrSet
Geospatial Monitoring software was utilized to predict the
future LULC for a particular year relying on the classified
historical satellite images. The LCM is a land change pre-
diction tool for land planning that is very popular due to its
simplicity, graphical illustration, and availability of different
modeling approaches (Eastman and Toledano 2018). The
LCM module allows Multi-Layer Perceptron (MLP) neu-
ral network, logistic regression, and Multi-Objective Land
Allocation (MOLA) to generate maps of transition potential
based on the individual sub-models and associated explana-
tory variables. LCM uses historical LULC maps to empiri-
cally model the relationship between land cover transitions
and descriptive variables to map future LULC scenarios.
The prediction of future land cover in LCM consists of four
main steps: (1) analyzing historical changes in land cover,
(2) generating transition matrix maps, (3) validating the
model, and (4) predicting the future land cover map.

NETWAT model

Known as the national document, the NETWAT model
determines the demands and needs for farming and horti-
cultural plants. The NETWAT model has been developed for
the use of agricultural water consumption optimization com-
mittees in the provinces of Iran. This software provides data
on the transpiration and evaporation of plants grown in 620
fields in Iran. With a correct estimation of such evaporation
and transpiration, it is possible to effectively manage these
farming and horticultural practices (Goodarzi et al. 2022).
The NETWAT model includes the meteorological data for a
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Fig.2 An overview of detecting and predicting land-use changes in
the Urmia Lake basin

reformed period of 60 years. The Penman—Monteith method
of FAO is the basis of the calculation model of this soft-
ware (Hosseini Baghanam et al., 2022). The output of the
NETWAT model as Iran’s national water document is the
project “Iran’s pure water requirement of crops and garden
products,” carried out by Iran’s Ministry of Agriculture and
Iran Meteorological Organization (IMO). The steps of the
modeling process in the present study is illustrated in Fig. 2.

Results and discussion
LULC variation

The land use land cover maps offer a deeper understanding
of land use change trends. The results indicate the history of
land use change and the change quantity in each LULC class.
Figure 3 illustrates three LULC maps of the whole Urmia
Lake watershed generated by the SVM for the years 2000,
2010, and 2020. The overall accuracy of the maps assessed
with 100 reference points per land-cover class was more
than 84% and produced kappa indices over 0.84 (Table 2).
The types of land use/cover were classified into nine cat-
egories, which include water, irrigated agriculture, rain-fed
agriculture, sandy areas, rocky areas, salty areas, rangeland

@ Springer
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Fig.3 Land use and land cover change (LULC) change map of the Urmia Lake catchment area in three different stages 2000, 2010 and 2020

areas, built-up areas, and gardens. In three classification
maps, the rangeland area is the dominant LULC type of the
Urmia Lake watershed which covered 78% of the study area
in 2000, 75% in 2010, and 76% in 2020. The sandy areas,
which represent the sandy plain, cover most of the southern
part of Urmia Lake. The remaining LULC classes cover only
about~ 17% (2000) to 21% (2020) of the landscape.

The results of land-use changes for the years from 2000
to 2020 are summarized in Fig. 4. From 2000 to 2020, gar-
dens increased by 174% (108,328 ha), irrigated agricul-
ture by 86% (270,350 ha), and rain-fed agriculture by 38%
(131,557 ha). Built-up areas including residential areas,
roads, and other types of built-up areas, occupied only about
1% of the landscape in the first stage (represented by the
2000 map). The development of the regional economy and
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the growth of the population in the city has caused an 82%
increase in built-up areas in the third stage (represented by
the 2020 map). On the other hand, the reduction of the lake
water area by 53% (221,347 ha) has caused a significant
increase in the salty areas by 779% (149,315 ha).

Assessment of future LULC variation
through the CA-Markov model

In subsequent, CA-Markov was employed for predicting
the LULC changes according to historical data from 2000,
2010, and 2020. Furthermore, the LCM model was used for
comparative purposes. For this purpose, after examining
the results of the spatial accuracy of the land-use changes
modeling in the base years, the CA—Markov model was used
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Table2 Overall accuracy and kappa index of the agreement for
LULC classification for 2000, 2010, and 2020

Land use Year
2000 2010 2020

Sandy areas 82.2% 90.2% 92.8%
Rocky areas 81.5% 78.9% 95.4%
Salty areas 80.9% 98.3% 100%
Built-up areas 80% 77.1% 96.1%
Rangeland areas 82.4% 89.1% 91.8%
Rain-fed agriculture 92.9% 73.9% 95.6%
Gardens 87.8% 90.3% 95.2%
Irrigated agriculture 95.4% 90.2% 93.7%
Water 92.1% 94.7% 93.8%
Kappa 0.848 0.872 0.924
Overall accuracy 87.78% 84.39% 94.71%

to predict the land-use changes until the years 2030 and
2040. Figure 5 demonstrates the predicted land-use map
for 2030 and 2040 through CA-Markov and LCM models.
The prediction of the potential distribution of the LULC
classes in 2030 and 2040 demonstrates significant growth
in gardens. It also shows expansion in irrigated agricul-
ture and rain-fed agriculture. The considerable changes in
landscape development can be distinguished over the entire
period from 2000 to 2040 from the CA-Markov and LCM
models. The results obtained from the CA—Markov model
show that irrigated agriculture land will increase from 1450
km? (2000) to more than 3200 km? (2030) and 3500 km’
(2040). Gardens will increase by about 240% in 2030 (1350
km?) and 323% in 2040 (1671 km?) compared with 2000
(395 km?). At the same time, the area covered by rain-fed
agriculture will increase from 498 km? in 2000 to 1430 km”

in 2030, and 1470 km? in 2040. This increase in these areas
reflects the Iranian government's policy for economic devel-
opment through increasing agricultural production, which
started at least two decades ago. The deterioration of natural
land cover is one of the consequences of the current trend
of land use change.

Most importantly, the pressure on underground water
resources in these areas will increase, and as a result,
it will cause subsidence in the plains. Moreover, in the
absence of legal considerations, these changes cause
unsustainable water withdrawal, which has caused a
decrease in the level of the Urmia Lake by influencing the
inflow. Similar to the CA—Markov model and based on the
outputs of the LCM model, it is expected that the LULC
classes in the Urmia Lake catchment area will continue to
change. The prediction results of the LCM model in the
year 2030 show a maximum difference of 3% with CA-
Markov. Meanwhile, the difference between the predic-
tions of LCM and CA-Markov will reach 5.7% in 2040.

Summaries of the probability matrix between LULC
classes during the periods 2020-2030 and 2020-2040
were listed in Tables 3 and 4. Row categories in Table 3
describe LULC classes in 2000, and column categories
describe classes of 2030. The Rangeland areas had a prob-
ability as high as 62.9% to remain as rangeland in 2030.
Rocky areas also had a probability as high as 67.53% to
remain as rocky areas in 2030. Gardens and built-up areas
were a lesser amount probability of 39.7 and 32.53%,
respectively, to remain as they are. The most striking con-
clusion to emerge from the results of the Tables 3 and 4
is that the probability of change in irrigated agriculture
to gardens is 25.03%, and this coefficient will reach more
than 36% in 2040.

Fig.4 Land use and land cover
change (LULC) change of the
Urmia Lake catchment area
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Fig.5 The predicted 2030 and 2040 LULC of the Urmia Lake watershed

Table 3 Transition probability matrix of LULC during 2020-2030

1cm=16 km

1cm=16 km

Land use and
cover in 2020

Land use and cover in 2030

Sandy areas Rocky areas Salty areas Built-up areas Rangeland areas Rain-fed agricul-  Gardens Irrigated Water
ture agricul-
ture

Sandy areas 0.0667 0.0158 0.0039 0.0362 0.8549 0.0015 0.0034 0.0176 0
Rocky areas 0.0582 0.4333 0.0117 0.112 0.3805 0.00211 0.0003  0.0017 0.0001
Salty areas 0.0023 0.1848 0.6753 0.028 0.0409 0.0011 0.0004  0.0017 0.0655
Built-up areas 0.0804 0.1189 0.0011 0.3253 0.439 0.0023 0.0085 0.0244 0.0001
Rangeland areas  0.0791 0.0318 0.0029 0.0425 0.629 0.091 0.0172  1.1061 0.0003
Rain-fed agricul-  0.0037 0.0003 0 0.0008 0.8228 0.1375 0.0068  0.0281 0

ture
Gardens 0.022 0.0001 0 0.0024 0.1341 0.0054 0.397  0.4389 0
Irrigated agricul-  0.0589 0.0003 0.0001 0.0081 0.2839 0.0037 0.2503  0.3947 0

ture
Water 0.0017 0.0008 0.2343 0.0034 0.0425 0 0 0.0003 0.717
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Table 4 Transition probability matrix of LULC during 2020-2040
Land use and Land use and cover in 2040
cover in 2020 ; - - -
Sandy areas Rocky areas Salty areas Built-up areas Rangeland areas Rain-fed Gardens Irrigated agricul-  Water
agricul- ture
ture
Sandy areas 0.1155 0.0347 0.0005 0.0556 0.7305 0.0097 0.008 0.0443 0.0004
Rocky areas 0.0917 0.1671 0.0022 0.1418 0.5683 0.0084 0.0034 0.017 0
Salty areas 0.017 0.6321 0.0007 0.0633 0.2755 0.0075 0.0001  0.0037 0
Built-up areas 0.0463 0.0226 0.0003 0.1215 0.6621 0.0029 0.0256  0.1185 0.0001
Rangeland areas  0.0466 0.0249 0.0024 0.027 0.7184 0.071 0.0257  0.0838 0.0002
Rain-fed agricul-  0.0097 0.0007 0 0.0073 0.9261 0.0088 0.0103  0.0371 0.0001
ture
Gardens 0.0206 0.0005 0.0001 0.0077 0.1258 0.0011 0.4766  0.03641 0.0036
Irrigated agricul-  0.0517 0.0004 0.0001 0.0147 0.2486 0.0051 0.2199  0.4585 0.001
ture

Water 0.0013 0.1391 0.3169 0.0188 0.0821 0.0007 0.0002  0.001 0.4398
Fig.6 Water requirement of the 1.60E+09
sub—?asm of Eas.t Azarbe}ljan 1 40E+09 East Azarbaij an
Province for agriculture in the : ]
period of 2030-2040 1.20E+09

1.00E+09

8.00E+08

6.00E+08
4.00E+08
2.00E+08
0.00E+00

Water requirement (BCUM)

Assessment of future water requirements
through the NETWAT model

Expansion of cropland and gardens in the region requires
more water withdrawal and affects the water resources.
Therefore, in the next stage of this research, the amount of
water requirements for each product in each province and
plain for the future of the Urmia Lake watershed was calcu-
lated using the NETWAT model. As mentioned previously,
the NETWAT model, which was developed based on Iran’s
National Water Resources Development Plan, contains infor-
mation related to a variety of crops produced in 620 plains
of Iran and has been optimized according to the climatic and

Years

soil conditions of Iran’s plains. Assessing the outcomes of
the NETWAT model for the future water resource require-
ments of agriculture in the sub-basin of East Azarbaijan
province, it showed that the increase in the area covered by
agriculture activities, especially gardens and irrigated agri-
culture, will also increase the water demands in future. To
be more precise, based on Fig. 6, the water requirement of
irrigated agriculture will increase to more than 1180 billion
cubic meters (BCUM) in 2030 and more than 1300 BCUM
in 2040. The water requirement of gardens, as the second
land cover category with the highest water consumption,
will increase to more than 175 BCUM in 2030 and about
270 BCUM in 2040. Furthermore, the water requirement of
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Fig.7 Water requirement of the
sub-basin of West Azarbaijan
Province for agriculture in the
period of 2030-2040

1.40E+09
1.20E+09
1.00E+09
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6.00E+08
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0.00E+00

Water requirement (BCUM)

Fig. 8 Water requirement of the ~ 1.20E+08
sub-basin of Kurdistan Province p=
for agriculture in the period of 8 1.00E+08
2030-2040 m
= 8.00E+07
=]
g 6.00E+07
)
'S 4.00E+07
g
= 2.00E+07
)
S 0.00E+00
=

rain-fed agriculture will reach more than 140 BCUM in 2030
and more than 150 BCUM in 2040.

Figures 7 and 8 show that the water requirement of rain-
fed agriculture in the sub-basin of West Azerbaijan and
Kurdistan will increase to (218 and 100) BCUM and (150
and 115) BCUM in 2030 and 2040, respectively. The water
requirement of gardens in the mentioned sub-basins will also
increase to (600 and 95) BCUM, and (700 and 122) BCUM
in 2020 and 2040, respectively. Finally, the water require-
ment of irrigated agriculture in these sub-basins will reach
(1000 and 85) BCUM in 2030 and more than (1115 and 105)
BCUM in 2040.

@ Springer

West Azarbaijan

Year

Kurdistan

Year

Figure 9 illustrates that the West Azerbaijan sub-basin
will account for the largest share of future water consump-
tion in the agricultural section. The findings show that the
annual water requirement for agriculture will increase from
1850 BCUM in 2030 to more than 2100 BCUM in 2040.
Analyzing the obtained results of the modeling process indi-
cates a total increase of about 100% in the water requirement
of agriculture in 30 years, so that this amount will increase
from 1500 BCUM in 2000 to more than 3100 BCUM in
2030. Furthermore, this growth trend will reach more than
2.7 times by the year 2040, and the water requirement of
agriculture in the Urmia Lake basin will reach more than
4100 BCUM.
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Fig. 9 Changing trend of the

water requirement of agriculture 2.50E+09
in the catchment area of the
Urmia Lake during the period g
2030-2040 5 2.00E+09
O |
a
g 1.50E+09 ‘
E |
5}
=
2 1.00E+09
=
5 \
<  5.00E+08
=
0.00E+00
Conclusion

The decrease in saline lakes, which consist of 44% of all
available lake water, is a serious concern. In many parts
of the world, lake drying is caused by water management
failures. The Urmia Lake, the largest inland lake in Iran and
the second-largest hyper-saline lake in the world, has under-
gone a dramatic decline (by about 8 m) in its water level
since 1995. Problems associated with unbalanced agricul-
tural development, particularly that of indiscriminate with-
drawal of water resources, remain a pressing challenge for
the Urmia Lake in the northwest of Iran. According to the
presented statistics, the volume of renewable water resources
in the catchment area of Urmia Lake was 7024 BCUM, and
the volume of water consumption in different sections until
2013 was 4825 BCUM. However, changing land use and
cultivation patterns from irrigated agriculture to horticulture
had increased water consumption in this basin. In this study,
the impacts of the agricultural land-use change in water
requirements of crops in the Urmia Lake basin were identi-
fied and quantified. The results showed that the area covered
by agricultural activities (rain-fed, irrigated agriculture, and
gardens) has increased rapidly, so that the area covered by
irrigated agriculture has increased from 0.028% of the total
basin area in 2000 to more than 0.064% in 2030 and about
0.070% of the total basin area in 2040. The area covered by
gardens will also increase from 0.007% of the total basin
area in 2000 to more than 0.026% and 0.032% in 2030, and

2020

\

2030 (LCM) ‘ II'
2030 (CA-Markov) >

2040 (LCM)

2040 (CA-Markov)
2040, respectively. Finally, the area covered by rain-fed agri-
culture will reach more than 0.029% of the total area of the
catchment area of the Urmia Lake, with an increase of about
0.011% compared to the base year 2000. The CA-Markov
and LCM models simulation for the potential distribution of
the LULC classes showed that the changes in the landscape
that has experienced in the recent past are likely to con-
tinue. According to the outcomes of the NETWAT model,
the water requirement of agriculture in the period of 40 years
(2000 to 2040) has increased significantly from 1500 BCUM
to more than 4500 BCUM. These results denote the high
priority of establishing proper regulations and policies to
restrict land-use changes in the Urmia Lake basin.
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