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A  R  T  I  C  L  E I  N  F  O 

The Hamoun wetland, situated in southeastern Iran near the Afghanistan border, is a 

sensitive ecological and socio-economic area that has undergone significant land use and 

environmental changes over recent decades. This study applied the supervised CART 

classification method to identify Land Use/Land Cover (LULC) changes over 40 years  

(corresponding to 1990, 2000, 2010, and 2020) in the Hamoun region. Surface temperature 

data were analyzed regarding land use changes, and the Palmer Drought Severity Index 

(PDSI) was utilized to assess drought trends during this time.  The results indicate a 

significant decline in water bodies, agricultural lands, and reed beds. Specifically, the 

water bodies decreased from 11.25% in 1990 to 2.47% in 2020, agricultural lands from 

8.56% to 3.53%, and reed beds from 4.64% to 0.38%. Conversely, low-vegetation areas, 

barren lands, and urban areas expanded, with barren lands increasing by 14.05%. The 

overall classification accuracy for the LULC maps was approximately 96%, 96%, 95%, and 

98% for the respective years, and the Kappa coefficients were 0.97, 0.97, 0.96, and 0.98, 

indicating high classification accuracy.  Temperature trends declined during the study 

period, primarily due to severe droughts. The findings highlight a significant relationship 

between land use changes and surface temperature variations. This research provides 

valuable insights for policymakers and urban planners, supporting sustainable LULC 

strategies at the local level. 
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1. Introduction 

Land Use and Land Cover (LULC) changes play a significant role in global and regional climate pattern alterations, including 

rainfall variability and increases in Land Surface Temperature (LST) [1-4]. Human activities have extensively modified land surface 

utilization over the past centuries, significantly impacting terrestrial ecosystems and, consequently, the environment [5]. Rapid 

urbanization and population growth in urban centers are among the primary drivers of land use change. One of the major 

environmental issues observed across various regions is the rise in LST in response to land use transformations. LST is a critical 

variable that can be accurately measured using thermal infrared bands with high spatial resolution [6-9]. Therefore, identifying 

current LULC changes is essential for assessing variations in land surface temperature. 

Zhao et al. [10] investigated changes in land use and LULC, land surface temperature (LST), the Normalized Difference 

Vegetation Index (NDVI), and the Normalized Difference Built-up Index (NDBI) in the Kasur region over three decades. Their 

findings revealed an expansion of urban areas and a decline in vegetation, water bodies, forests, and barren land, with a negative 

correlation between NDVI and NDBI. Similarly, Saleem et al. [11] examined LULC changes in the Jammu region of India between 
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1990 and 2020 using remote sensing data, indicating increased agricultural, barren, and settlement areas alongside vegetation loss 

and rising LST due to climate change. NDVI was highlighted as an effective indicator of vegetation health and its impact on surface 

temperature. Hussainet al.  [12] analyzed LULC changes and their effect on LST in Khanewal, Pakistan, using remote sensing 

techniques. Their results demonstrated that the rapid expansion of built-up areas led to vegetation decline and temperature rise, 

primarily driven by population growth, urban development, and infrastructure expansion—findings that are valuable for regional 

planning and agricultural management. Moreover, Al Rakib et al. [13] studied the effects of rapid urban growth on LULC and LST 

in Mymensingh, Bangladesh. Their study found that urban expansion over the past two decades resulted in a loss of vegetation and 

water resources and an increase in surface temperature by approximately 8°C. Gohainet al.  [14] evaluated LULC and LST variations 

in Pune city from 1990 to 2019, concluding that rapid urban development contributed to increased summer temperatures and 

decreased winter temperatures. These findings are instrumental for urban planners in making informed decisions. In addition,  Tan 

et al. [15] investigated LULC changes in the Dongting Lake region of China, showing that economic development-induced land 

changes led to increased LST; built-up areas had higher surface temperatures than water bodies and forests, and the reduction of 

water surfaces, following the construction of the Three Gorges Dam, led to a 3.5°C increase in winter temperatures. 

Remote sensing (RS) techniques have been widely used to assess changes in land use/land cover (LULC) and land surface 

temperature (LST) in recent years through Landsat imagery [16]. RS offers several advantages, including accessibility to remote 

areas, provision of otherwise unattainable data, cost-effectiveness, and reduced need for fieldwork. Therefore, many researchers 

have utilized Landsat and MODIS data to estimate annual changes in LULC and LST. In contrast, traditional field-based studies are 

time-consuming, expensive, and often unsuitable for large-scale assessments [17]. LST variations are influenced by factors such as 

changes in land use, seasonal rainfall, climatic conditions, and socio-economic developments [18]. Alterations in land cover patterns 

are mainly driven by human activities [19], including wildfires [20] and deforestation [21], which contribute to global warming and 

soil erosion. Geostationary satellites, with their capability to provide data every 30 minutes, offer a unique resource for monitoring 

daily Earth surface changes. 

The Hamoun wetland, situated in southeastern Iran near the border with Afghanistan, is of high ecological and socioeconomic 

importance. Due to frequent droughts, upstream water management, and land use pressures, the area has experienced significant 

environmental degradation in recent decades. Understanding the drivers and impacts of such changes is essential for sustainable 

management.  The primary aim of the present study is to analyze and evaluate the temporal trends of LULC changes and their impact 

on land surface temperature (LST) in the Hamoun wetland during the years 1990, 2000, 2010, and 2020. Using satellite data and 

remote sensing techniques, this research seeks to identify spatial-temporal patterns of change to support sustainable environmental 

resource management in the region 

2. Materials and methods 

2.1. Study area 

The Hamoun Wetland is located between 60 degrees 39 minutes and 61 degrees 35 minutes Eastern longitude and 31 degrees 

15 minutes and 31 degrees 32 minutes Northern latitude. This wetland consists of lakes, ponds, and marshes, with its surface area 

constantly fluctuating and changing. The maximum area of Hamoun Wetland is approximately 5700 square kilometers, of which 

3820 square kilometers are located in Iran [22]. The depth range of the wetland varies between 1 to 7 meters. Hamoun contains 

mostly permanent, freshwater lakes. This region is situated in a dry and desert climate of Iran, with an annual rainfall of 

approximately 61 mm [23]. Geologically, it is part of the Helmand basin, a large portion of which is located in Afghanistan. Fig. 1 

shows the location of the study area. 

2.2. Data used 

To assess the trend of land use/land cover changes, Landsat 8 satellite images were obtained from the Earth Explorer website 

(earthexplorer.usgs.gov) and were prepared for necessary preprocessing and processing. The details of these images are provided in 

Table 1. 

For preparing the land use map on the acquired images, radiometric correction and atmospheric correction were performed [24]. 

After applying the necessary preprocessing steps, the land use classification map for the Hamoun region for the years 1990, 2000, 

2010, and 2020 was created in the GIS environment. Then, supervised classification using the CART model was applied. This 

method is recognized as a powerful yet simple tool [25, 26]. In fact, the analysis of complex data requires analytical methods that 

can control nonlinear relationships and interactions. CART is an invariant regression method. The advantages of using the CART 

method are: 

1. The use of a wide variety of variables, including categorical data, survival data, and ordinal data, 

2. Simplicity and robustness, 

3. Ease of decomposition, analysis, and interpretation, and 

4. The ability to handle missing data. 
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Fig. 1. Location of Hamoun wetland. 

 

Table 1. Specifications of the satellite images used. 

Gregorian Row/Path Satellite Sensor Spatial Resolution (Meters) 

1990 39/157 Landsat 5 TM 30 

2000 39/157 Landsat 5 TM 30 

2010 39/157 Landsat 5 TM 30 

2020 39/157 Landsat 5 TM 30 

Therefore, this method can serve as an alternative to traditional methods such as logistic regression, multiple regression, and 

logarithmic-linear models. The CART method was specifically chosen over other classification algorithms such as Support Vector 

Machines (SVM) and Random Forest due to its interpretability, lower computational cost, and strong performance on datasets with 

noise and limited sample sizes. This makes CART particularly suitable for analyzing land use changes in complex and ecologically 

sensitive regions like the Hamoun wetland.  The images for land use in the years 1990, 2000, 2010, and 2020 were classified into 

six land classes, including residential and built-up areas, agricultural land, pastures and low-cover areas, barren land, reed beds, and 

water bodies. The details of each of these land uses are provided in Table 2. Additionally, NDVI indices were used to estimate 

vegetation cover, as shown in Eq. 1 [27, 28]. 

NDVI =
NIR−R

NIR+R
  (1) 

NDWI =
B3−B5

B3+B5
  (2) 

 

Table 2. Details of land uses used in the study. 

Land Use Land Changes Explanations 

Residential and human-made areas Residential, commercial areas, transportation networks such as roads and rail networks 

Agricultural lands Dense vegetation cover, agricultural, orchard, and cultivated lands 

Pastures and lands with sparse vegetation Pastures, lands with sparse vegetation 

Wastelands Saline lands and areas without vegetation cover 

Water vegetation Vegetation cover in waterbeds 

Waterbeds Lakes, dams, semi-deep wells 

In Eq. 1, NIR represents the near-infrared band, R is the red band, and SWR refers to the shortwave infrared band. The values 

of these indices typically range between −1 and +1, where values closer to +1 indicate higher index levels. NDVI values range from 

−1 to +1 regardless of brightness, reflectance, or DN used as input. Generally, negative NDVI values correspond to water bodies, 

values close to zero are associated with rocks, sands, or concrete surfaces, and positive values indicate vegetative cover, including 
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plants, shrubs, grasses, and forests. Moreover, many researchers have utilized the Normalized Difference Vegetation Index (NDVI) 

to detect land cover changes, as it effectively distinguishes vegetation (positive values), bare soil (values near zero), and water 

bodies (negative values). 

In Eq. 2, B3 is the green band, which reflects visible light and is useful for detecting water; B5 is the near-infrared (NIR) band, 

which is strongly absorbed by water. The NDWI value ranges from -1 to +1, and values greater than zero typically indicate the 

presence of water bodies. 

After the completion of the land use maps and classification of the land uses, the accuracy of these land uses was evaluated. An 

error matrix was created to assess the accuracy of the generated land uses compared to the ground reality. In this matrix, the 

producer's accuracy, user's accuracy, overall accuracy, and Kappa coefficient were calculated [29]. The Kappa index considers the 

incorrectly classified pixels and calculates the classification accuracy relative to a completely random classification. The Kappa 

index was calculated using Eq. 3. 

𝐾𝑎𝑝𝑝𝑎 =
𝑃0−𝑃𝑐

1−𝑃𝑐
  (3) 

In this equation, 𝑃0 represents the observed accuracy, and Pc represents the expected agreement. 

2.3. Land use and land cover changes 

In this study, land use and land cover changes were examined by analyzing the changes in classified classes during the years 

1990, 2000, 2010, and 2020. Accordingly, the changes in various classes were calculated in terms of square kilometers and 

percentages. 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝐶ℎ𝑎𝑛𝑔𝑒𝑠 = (
A−B

B
) ∗ 100  (4) 

𝑅𝑎𝑡𝑒 𝑜𝑓 𝑐ℎ𝑎𝑛𝑔𝑒𝑠 (𝑘𝑖𝑙𝑜𝑚𝑒𝑡𝑒𝑟𝑠 𝑝𝑒𝑟 𝑦𝑒𝑎𝑟)  = (
A−B

𝐶
) ∗ 100  (5) 

In this equation, 𝐴 represents the area of land use and land cover in the second year, and 𝐵 represents the area of land use and 

land cover in the first year. Subsequently, land use changes during the years 1990, 2000, 2010, and 2020 were obtained. 

2.4. Land surface temperature data 

In climate change studies, one of the most significant indicators reflecting the impacts of climate change is the variation in land 

surface temperature. Therefore, in this research, to assess the impact of land use on changes in land surface temperature, data from 

the MODIS satellite under the product name MOD11A2 with a spatial resolution of one kilometer and 8-day temporal intervals for 

the years 1990, 2000, 2010, and 2020 were extracted from the Earth Data website. The MODIS satellite includes two sensors, Aqua 

and Terra, which provide long-term datasets with similar land physical parameters for climate and global change studies [30]. 

2.5. Palmer drought severity index (PDSI) 

The Palmer Drought Severity Index (PDSI) is another widely used drought index for monitoring hydrological droughts and is 

increasingly applied to assess the impacts of climate change [31, 32]. This index is calculated based on temperature, precipitation, 

and soil moisture data [33]. Table 3 shows the range of PDSI values, which typically vary between -4 and +4 [34]. 

Table 3. Palmer Drought Severity Index (PDSI) classification. 

Drought Range Drought Classification 

<-4 Severe Drought 

(-4, -3) Moderate Drought 

(-3, -2) Mild Drought 

(-2, -1) Normal Wetness 

(-1, +1) Slightly Wet 

(+1, +2) Moderately Wet 

(+2, +3) Very Wet 

(+3, +4) Extremely Wet 

3. Results 

3.1. Land use changes from 1990 to 2020 

The results of the study on land use change over 40 years from 1990 to 2020 are presented in Fig. 2 and Table 4. This study 

showed that residential areas in the years 1990, 2000, 2010, and 2020 were 0.04%, 0.10%, 0.20%, and 0.30%, respectively, 

indicating an increasing trend over this period. Additionally, barren lands in 2010 and 2020 were 6714.22 km² and 7166.79 km², 

respectively, and pastures and lands with sparse vegetation had the largest area during these years, with 13460.84 km² and 14471.50 
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km², respectively. Over these four decades, reed beds had the smallest area, with 4.64%, 3.14%, 2.27%, and 0.38%, respectively. 

Moreover, water bodies decreased from 2607.17 km² in 1990 to 573.17 km² in 2020. 

 

Fig. 2. Land use change map for 1990, 2000, 2010, and 2020 Hamun wetland. 

 

3.2. Accuracy assessment of Hamun land use classes from 1990 to 2020 

The evaluation of the accuracy of the Hamun land use maps over 40 years from 1990 to 2020, as shown in Table 4, revealed 

that the Kappa coefficient was 0.97%, 0.97%, 0.96%, and 0.98% for each year, and the overall accuracy was approximately 96%, 

96%, 95%, and 98%, respectively. The results of the accuracy estimation for six land use classes—barren lands, pastures and lands 

with sparse vegetation, reed beds, agriculture, water bodies, and residential areas in the Hamun Lake basin from 1990 to 2020—

indicated that the overall accuracy was above 95% and the Kappa coefficient was above 94%, demonstrating sufficient accuracy in 

the produced land use maps (Table 4). 

In this study, the analysis of land use changes in the study area showed that the percentage of barren lands, residential and human-

made areas, pastures, and lands with sparse vegetation increased over the four decades. In contrast, the percentage of agricultural 

lands, reed beds, and water bodies decreased from 8.56%, 4.64%, and 11.25% in 1990 to 3.53%, 0.38%, and 2.47% in 2020, 

respectively. 

Between 1990 and 2000, a decrease in agricultural lands, pastures, and lands with sparse vegetation, and water bodies was 

observed. Specifically, barren lands, residential and human-made areas, and reed beds increased by 21.28%, 0.06%, and 9.39%, 

respectively. Furthermore, between 2000 and 2010, pastures and lands with sparse vegetation, residential and human-made areas, 

and reed beds were on the rise. However, during this period, agricultural lands, barren lands, and water bodies decreased by -0.88%, 

-9.19%, and -0.87%, respectively. Between 2010 and 2020, reed beds and water bodies showed a decreasing trend of -3.48% and -

1.91%, respectively. On the other hand, agricultural lands, pastures and lands with sparse vegetation, barren lands, and residential 

Table 4. Accuracy assessment of land use classes for the years 1990, 2000, 2010, and 2020, Hamun wetland. 
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Agriculture 0.95 0.96 

0.97 

 0.99 0.95   0.97 0.96   1 0.96   

SaltLand 0.95 0.98  0.94 0.99   0.94 0.99   0.92 0.98   

BarreLand 0.97 0.98 0.96 0.94 0.98 0.97 0.96 0.97 0.97 0.96 0.95 0.92 0.97 0.98 0.98 

Urban 1 0.93  1 0.92   1 0.94   1 0.93   

WaterVegetation 0.97 0.97  0.99 0.99   0.97 0.97   1 0.94   

WaterBodies 1 0.97  1 0.96   0.99 0.97   1 0.96   
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areas increased. 

Overall, from 1990 to 2020, the trend in land use changes for pastures and lands with sparse vegetation, barren lands, and 

residential and human-made areas increased by 3.88%, 14.05%, and 0.16%, respectively, while agricultural lands, reed beds, and 

water bodies decreased by -5.04%, -8.78%, and -4.27% (Table 5). 

During the years 2000–1990, out of 100 percent of agricultural lands, 48 percent were converted to pastures and lands with 

sparse vegetation, and out of 100 percent of water bodies, 68 percent were converted to pastures and lands with sparse vegetation, 

Moreover, out of 100 percent of reed beds, 51 percent were converted to pastures and lands with sparse vegetation, whereas during 

the years 2020–2010, out of 100 percent of agricultural lands, 42 percent were converted to pastures and lands with sparse vegetation, 

out of 100 percent of water bodies, 57 percent were converted to pastures and lands with sparse vegetation, and out of 100 percent 

of reed beds, 78 percent were converted to barren lands. Additionally, during the years 1990–2020, out of 100 percent of agricultural 

lands, 50 percent were converted to pastures and lands with sparse vegetation, out of 100 percent of water bodies, 53 percent were 

converted to pastures and lands with sparse vegetation, and out of 100 percent of reed beds, 50 percent were converted to barren 

lands and 45 percent to pastures and lands with sparse vegetation (Fig. 3). 

 

Fig. 3. Rates and percentage areas of land use changes from 1990 to 2020 in the Hamoun wetland. 

The results showed that the NDVI decreased from 1990 to 2010 due to water scarcity and the expansion of barren lands (Fig. 4). 

The results also indicate that the water bodies had the highest extent in 1990, but showed a decreasing trend in 2000, 2010, and 

2020 due to the onset of drought (Fig. 5). 

Table 5. Rate and percentage of area changes in hamun wetland land uses from 1990 to 2020. 

Land Use Types 1990-2000% 2000-2010 2010-2020 1990-2020 

Agricultural Land -3.44 -0.88 -0.72 -5.04 

Pastures and Lands with Sparse Vegetation -7.02 6.75 4.14 3.88 

Barren Lands 21.28 -9.19 1.95 14.05 

Residential and Human-Made Areas 0.06 0.09 0.00 0.16 

Water Vegetation 9.39 4.09 -3..48 -8.78 

Water Bodies -1.50 -0.87 -1.91 -4.27 
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Fig. 4. Normalized difference Vegetation Index (NDVI) in the years 1990, 2000, 2010, and 2020 in the Hamoun wetland. 

 

 

Fig. 5. Water Body index in the years 1990, 2000, 2010, and 2020 in the Hamoun wetland. 

3.3. Land surface temperature (LST) 

The main issue for government managers in the contemporary context of global warming is the increase in LST in urban areas 

[35]. As shown in Fig. 6, the highest average daytime temperature in 2000 (Fig. 6(a)) corresponds to barren lands and reed beds, 

while the lowest average temperature is observed in water bodies. In the same year (2000), the highest average nighttime temperature 

(Fig. 6(d)) is found in barren and urban areas, and the lowest is in reed beds. In 2010 (Fig. 6(c)), the highest and lowest average 

daytime temperatures are recorded in barren lands and water bodies, respectively. For the same year, the highest nighttime 

temperature (Fig. 6(e)) is seen in water bodies, while the lowest is in barren lands.  In 2020 (Figs. 6(c) and 6(f)), both daytime and 

nighttime average temperatures across all land cover types show a decreasing trend. The highest average daytime temperature is 

found in barren lands, while the lowest is in water bodies (Fig. 6(c)). Conversely, the highest nighttime temperature is seen in water 

bodies and the lowest in rangelands and sparsely vegetated lands (Fig. 6). 
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Fig. 6. (a), (b), and (c) Land Surface Day Temperature, (d), (z), and (r) Land Surface Night Temperature in the years 2000, 2010, and 

2020 in the Hamoun Wetland. 

3.4. Palmer drought severity index 

According to the results obtained in Fig. 7, continuous droughts were observed from 1990 to 2020. The results presented in Fig. 

8 showed that in 1990, the highest percentage was moderate wet conditions (88.04%), while the lowest percentage was normal 

drought (11.96%). Additionally, in 2000, the highest amount of drought, including severe, moderate, and mild drought, was 

observed, with percentages of 0.14%, 36.93%, and 62.93%, respectively. Then, in 2010, moderate drought (34.51%) and mild 

drought (65.49%) had the highest percentages. Finally, in 2020, four classes were evaluated in the region: moderate wet, mild, very 

wet, and extremely wet, with the highest percentage being very wet (42.31%), as identified in Fig. 7. 

 

Fig. 7. Palmer drought index for the years 1990, 2000, 2010, and 2020 in Hamoun wetland. 

d a 

b e

 

c f 
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Fig. 8. Palmer drought index for the years 1990, 2000, 2010, and 2020 in Hamoun wetland. 

The drought indices in 2000 and 2010 show moderate, normal, and extended droughts. As shown in Fig. 8, a significant drying 

of the water body occurred in 2000. Additionally, moderate wet conditions were observable in 1990, and more severe wet conditions 

occurred in 2010. With the land use changes, a decrease in temperature in the studied area was observed, which is due to the droughts 

that occurred over these four decades. 

4. Discussion 

The results of the land use change analysis using satellite images in the study area showed that over these forty years, the trend 

of water bodies, agricultural lands, and reed beds decreased, while barren lands, pastures, areas with sparse vegetation, and cities 

increased. This aligns with the results of Safari Shad et al. (2000). In other words, over time, with the reduction of water bodies, the 

amount of agricultural lands and reed beds decreased, but pastures, barren lands, and urban areas increased. Due to the increase in 

barren lands, conditions suitable for soil erosion potential arise, leading to massive 120-day dust storms blowing from the wetland 

to the residential areas [36]. On the other hand, Maleki and Koupaei [37] indicated that between 1985 and 2020, in the Hamun 

wetland, water flowed only 20% of the time, and on average, for less than two months between 1985 and 2020. It also shows that 

due to repeated droughts and reduced water inflows to Iran, parts of the water bodies have completely dried up. In these years, 

farmers, livestock herders, fishermen, and wildlife have been harmed [37]. These issues highlight the importance of restoring the 

Hamun wetland. Furthermore, with the reduction of barren lands, the potential for soil erosion has also decreased. The surface 

temperature analysis results show a significant decreasing trend from 1990 to 2020, attributed to the ongoing droughts during this 

period. 

The study of climate change trends conducted by Karami et al. [38] indicates a decrease in water reserves. Therefore, the findings 

of this study show a reduction in water reserves in this wetland due to drought. 

The results of the studies by Haji Hosseini et al. [39] regarding land use changes downstream of the Kajaki Dam in Afghanistan 

showed that the increase in the area under cultivation of agricultural products is one of the reasons for the decrease in the runoff 

entering Iran from the Helmand River, leading to a reduction in the cultivated area and an increase in barren lands. 

According to these results, there is a direct relationship between land use changes and the lives of stakeholders. Sharif Nia et al. 

[40] examined the situation of stakeholder groups (livestock herders, farmers, etc.) regarding their connection to the wetland and 

found that stakeholders considered the restoration of this wetland essential for their livelihoods and it has a significant impact on 

the local population's lives. 

5. Conclusion 

The present study was conducted to examine the trend of land use changes and their effect on land surface temperature (LST) in 

the Hamoun wetland from 1990 to 2020 using Geographic Information Systems (GIS) and remote sensing. Landsat 5 and 8 images 

were used for analyzing the land use changes. Additionally, annual temperature data were used to examine temperature changes, 

and the Palmer Drought Severity Index (PDSI) was utilized to assess drought conditions. 

Overall, the land use changes in the Hamoun wetland were analyzed over four decades using the supervised classification method 

(CART), which showed a high Kappa coefficient of over 94%. The results of the current study indicate that the area of water bodies 

has decreased, leading to a reduction in agricultural lands and reed beds. As a result of these changes, pastures, areas with sparse 

vegetation, barren lands, and urban areas have shown an increasing trend. Furthermore, land surface temperature has shown a 

significant decreasing trend due to the occurrence of droughts over these decades. In general, the area of water bodies, reed beds, 

agricultural lands, and the average land surface temperature have decreased. 

Thus, by using Landsat 5 and 8 images, the trend of land use changes can be effectively assessed, and by using MODIS images, 

the changes in land surface temperature can be accurately estimated. The Hamoun wetland is considered one of the important areas 

of the country from social, economic, and environmental perspectives. The shortage of incoming water resources and water bodies, 
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along with the drying up of the wetland, has led to the migration of many people from the border areas. Afghanistan's activities 

upstream of the Helmand River have had an impact on the water resources entering Iran's basin. During drought periods, due to the 

lack of water resources and the increase in barren lands, very few farmers and livestock herders have been able to use the area. 

Due to the water shortage in the studied region, the conditions have become very challenging, especially for stakeholders in 

agriculture, which has created migration conditions for these stakeholders. According to the presented results, the changes in the 

extent of water bodies have affected other land uses. Therefore, the preservation and restoration of the Hamoun wetland and the 

management of water resources are crucial for the living conditions in the region. 
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