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Abstract

:

In recent decades, the depletion of surface water resources within the Lake Urmia Basin (LUB), Iran, has emerged as a significant environmental concern. Both anthropogenic activities and climate change have influenced the availability and distribution of surface water resources in this area. This research endeavors to provide a comprehensive evaluation of the impacts of climate change and anthropogenic activities on surface water resources across the LUB. Various critical climatic and anthropogenic factors affecting surface water bodies, such as air temperature (AT), cropland (CL), potential evapotranspiration (PET), snow cover, precipitation, built-up areas, and groundwater salinity, were analyzed from 2000 to 2021 using the Google Earth Engine (GEE) cloud platform. The JRC-Global surface water mapping layers V1.4, with a spatial resolution of 30 m, were employed to monitor surface water patterns. Additionally, the Mann–Kendall (MK) non-parametric trend test was utilized to identify statistically significant trends in the time series data. The results reveal negative correlations of −0.56, −0.89, −0.09, −0.99, and −0.79 between AT, CL, snow cover, built-up areas, and groundwater salinity with surface water resources, respectively. Conversely, positive correlations of 0.07 and 0.12 were observed between precipitation and PET and surface water resources, respectively. Notably, the findings indicate that approximately 40% of the surface water bodies in the LUB have remained permanent over the past four decades. However, there has been a loss of around 30% of permanent water resources, transitioning into seasonal water bodies, which now account for nearly 13% of the total. The results of our research also indicate that December and January are the months with the most water presence over the LUB from 1984 to 2021. This is because these months align with winter in the LUB, during which there is no water consumption for the agriculture sector. The driest months in the study area are August, September, and October, with the presence of water almost at zero percent. These months coincide with the summer and autumn seasons in the study area. In summary, the results underscore the significant impact of human activities on surface water resources compared to climatic variables.






Keywords:


climate change; anthropogenic activities; surface water resources; Google Earth Engine; Lake Urmia basin












1. Introduction


Terrestrial open-surface water bodies, such as lakes, reservoirs, ponds, streams, and rivers, play a crucial role as water resources for agriculture, industrial production, and both aquatic and terrestrial ecosystems [1,2,3]. Climate change and human activities have significant effects on water resources, impacting both quantity and quality [4]. Climate change can alter precipitation patterns, leading to changes in the timing, intensity, and distribution of rainfall. It can also cause glaciers to melt and snowpacks to diminish, affecting the timing and volume of water flow in rivers and streams [5,6]. Higher temperatures increase evaporation rates from surface water bodies, leading to reduced water levels in lakes, reservoirs, and rivers [7]. This can impact water availability for irrigation, hydropower generation, and ecological health [8,9]. Additionally, human activities such as deforestation, urbanization, and land-use changes can alter natural hydrological cycles, affecting water infiltration, runoff patterns, and groundwater recharge rates. These changes can impact water availability and quality, as well as the resilience of ecosystems [10,11]. Addressing the impacts of climate change and anthropogenic activities on surface water resources requires integrated strategies, including sustainable water management practices, ecosystem conservation, climate adaptation measures, and efforts to reduce greenhouse gas emissions [12].



Remote sensing technology provides an efficient means to observe the Earth’s features, offering several advantages over traditional in situ measurements. Its capacity to continuously monitor the Earth’s surface at various scales from regional to local makes it significantly more efficient [13]. During the last decades, remote sensing has been employed to monitor the effects of climate change and anthropogenic activities on surface water resources. Ref. [14] delved into the ramifications of climate change on water resources within the transnational Blue Nile Basin (BNB). Their study involved discerning long-term trends in hydrological time series through both parametric and nonparametric methodologies. They further refined the Soil and Water Assessment Tool (SWAT) model by calibrating it with data from various sub-basins and updated high-resolution land use and soil maps. Utilizing information from the Climate Forecast System Reanalysis (CFSR) of the National Centers for Environmental Predictions and considering three distinct climate change scenarios from the Coupled Model Intercomparison Project (CMIP3), they projected future climate change impacts. Their findings indicated a potential increase in precipitation ranging from 7% to 48%, with streamflow from the BNB potentially escalating by 21% to 97%. Similarly, ref. [15] monitored the effects of climate and land use change on forthcoming river runoff in the eastern Baltic Sea region, employing the SWAT hydrological model. They utilized the SWAT to gauge how plausible alterations in climate and land use might influence river hydrology by the century’s end. Calibration of the model spanned from 1970 to 2010 (41 years) using daily river runoff data. Their results unveiled a robust linear correlation between changes in forest cover and annual river flow alterations, emphasizing the significance of land use change’s impact on runoff at an annual scale. In another investigation, ref. [16] explored the impacts of climate and land use/cover change on water resources. Their study concluded that urbanization-driven land use and land cover changes contributed to over 80% of water resource fluctuations in urban areas. In contrast, climate change played a predominant role in over 55% of water resource variations in vegetated areas such as cropland, forest, and grassland. Ref. [17] explored the impacts of climate change and human activities on freshwater resources using a hydrological modeling framework. This framework integrated geographic detectors, Future Land Use Simulation (FLUS) models, and the SWAT model. It was capable of identifying the major driving factors of land use changes, predicting future land use patterns, and assessing the spatiotemporal characteristics of water resources under different future climate scenarios and land use distributions. Their findings show that the FLUS model and SWAT model can effectively simulate land use change and the runoff process with high simulation accuracy. Precipitation and temperature are identified as the main drivers of land use change. Blue water and green water flow are more affected by climate than land use, while green water storage is more sensitive to land use change. In a recent study by [18] in the LUB, the effects of climate change and anthropogenic activities on the decline of Lake Urmia were investigated. They indicated that between 1970 and 1997, the process of change in Lake Urmia was slow; however, the shrinkage accelerated between 1998 and 2018, with approximately 30.00% of the lake area disappearing. According to their findings, anthropogenic factors had a much greater impact on Lake Urmia than climate change and prolonged drought.



A brief review of the literature reveals that these studies have typically focused on a limited set of climatic and anthropogenic variables such as precipitation, temperature, and land cover to monitor the effects of climate change and anthropogenic activities on surface water resources [19,20,21]. On the other hand, there are many climatic (e.g., PET) and anthropogenic (e.g., built-up area) variables that can be used to accurately monitor the effects of climate change and anthropogenic activities on surface water resources. Previous studies have also applied several hydrological methods, such as SWAT, for detecting surface water resources. However, these models are not always sufficient for detecting various types of surface water resources, such as seasonal ones. Additionally, they can sometimes be time-consuming since they need to be applied separately for each time interval if the temporal scale is long. In recent years, Google Earth Engine (GEE), a cloud-based geospatial analysis platform, has been employed to monitor the effects of climate change and anthropogenic activities on the Earth’s features [22,23,24,25,26,27,28,29]. The integration of the GEE platform has significantly enhanced research accessibility, offering robust computational resources at no cost [25,30]. GEE finds extensive application in monitoring Earth’s features on a large scale and over extended periods. Furthermore, the platform boasts an extensive array of datasets, including Moderate Resolution Imaging Spectroradiometer (MODIS) products (e.g., MOD21A1D.061), Landsat (e.g., JRC Global Surface Water Mapping Layers), Global Precipitation Measurement, etc., which allows for simplifying data acquisition and enabling collaborative analysis across various datasets to enhance algorithm accuracy [31,32]. In the realm of monitoring climate change and the impact of human activities on surface water resources, accurate information regarding these resources, as well as climatic and anthropogenic variables, is of paramount importance [33]. Global datasets detailing the location and seasonal fluctuations of surface water have been compiled using inventories, national reports, statistical extrapolation from regional data, and satellite imagery. Nonetheless, achieving precise measurements of long-term changes at a high resolution remains a formidable challenge [33,34]. While remote sensing methods and products have been utilized for mapping surface water resources in research (e.g., MODIS land water mask products), it is crucial to incorporate newer products such as the JRC Global Surface Water Mapping Layers, which boasts a spatial resolution of 30 m, to enhance these datasets and methodologies [35]. This product provides valuable insights into the extent and changes in surface water resources, offering comprehensive statistics on seasonal, temporal, monthly, and permanent reservoir information [35,36]. It sets itself apart from other datasets, including the Global Land Analysis and Discovery (GLAD) dataset [37] spanning from 1999 to 2020, the Global Surface Water Dataset (GSWD) [35] covering 1984 to 2015, and the Landsat Dynamic Surface Water Extent (DSWE) dataset developed by [38].



As mentioned, previous studies have considered a small number of climatic and anthropogenic variables for monitoring their effects on the Earth’s features. Previous research has also employed several hydrological models and MODIS land water mask products with a spatial resolution of 250 m for detecting patterns in surface water resources. Building on the review of the previous literature, this study addresses the limitations of past research by (1) broadening the scope by incorporating a diverse range of climatic and anthropogenic variables, including air temperature (AT), cropland (CL), potential evapotranspiration (PET), snow cover, precipitation, built-up area, and groundwater salinity, to better understand their patterns and effects climate change and anthropogenic activities on surface water resources; (2) utilizing high-resolution data by employing Landsat-based data, specifically the JRC Global Surface Water Mapping Layers v1.4 at a spatial resolution of 30 m, to monitor the variation in various surface water resources; and (3) assessing the relationships between predisposing variables and surface water resources using the Mann–Kendall (MK) non-parametric trend test.




2. Study Area


The Lake Urmia Basin (LUB) is a significant geographical and ecological region situated in northwestern Iran, encompassing an expanse of 51,876 km2 (as depicted in Figure 1). At its heart lies Lake Urmia, once renowned as one of the largest saltwater lakes in the Middle East. Lake Urmia has held historical significance for its ecological importance and its support of local communities through human activities like agriculture, fishing, and tourism [39]. However, its size has drastically diminished in recent decades due to a multitude of factors, including river damming, excessive water usage for agriculture, and droughts induced by climate change [40]. The LUB is sustained by a network of 60 rivers, including 21 permanent or seasonal and 39 intermittent streams. Noteworthy among these are the Zarineh, Simineh, and Aji Chai rivers, serving as the primary inflows to Lake Urmia [41]. Within the basin, various surface water sources, including seasonal rivers, intermittent streams, internal springs, as well as rainfall and snowfall, contribute to sustaining Lake Urmia. The rivers within this watershed exhibit distinct characteristics, with those originating from high-altitude sources such as Sahand, Savalan (Sabalan), and Chehel Cheshme in Kurdistan flowing relatively longer distances and remaining perennial. Examples include Aji Chai, Zarineh River, Simineh River, and Sufi Chai. In contrast, rivers to the west, southwest, and north of the lake, which have shorter courses and lower water volumes, include Godar Chai, Nazlo Chai, and Zola Chai [42]. The region experiences a semi-arid and dry/cold climate, with an average annual rainfall of 359 mm, minimum temperatures of 4.3 °C, and maximum temperatures of 17.7 °C. Evaporation rates range from 930 to 1513 mm per year. Approximately 25% of the lake’s inflow comes from direct precipitation, with the remaining 75% sourced from the network of rivers [43]. The diminishing size of Lake Urmia is causing severe environmental and socio-economic ramifications, such as increased salinity levels, habitat loss for migratory birds, and the displacement of local communities reliant on the lake. Various endeavors, including water management initiatives, restoration projects, and international collaborations, have been initiated to address these challenges. Nevertheless, restoring the lake to its former splendor remains a multifaceted and arduous endeavor necessitating sustained efforts from diverse stakeholders [44].




3. Methodology


We employed various remote sensing datasets on the GEE platform to monitor the effects of climate change and anthropogenic activities on surface water resources. These datasets cover the period 2000 to 2021 and include climatic and anthropogenic variables (Figure 2) such as AT, CL, PET, snow cover, precipitation, built-up area, and groundwater salinity, which were employed in this study (details in Table 1). This study also utilized Landsat series images (Landsat 5, 7, and 8) to check the variation in various surface water resources (e.g., seasonal rivers, dams). Additionally, the JRC Global Surface Water Mapping Layers v1.4 was used to monitor the variation in surface water resources over the study area from 1984 to 2021. The variations in surface water resources across different categories (permanent, seasonal, lakes) are presented in Figure 3. Additionally, Figure 4 depicts the trends in surface water resources for each month from 1984 to 2021.



The methodology used in this study is represented in Figure 5. A typical workflow for preprocessing remote sensing products in GEE includes data acquisition, region of interest selection, temporal filtering, targeted feature extraction, and data export. In this study, various climatic, anthropogenic, and surface water products listed in Table 1 were identified and imported using the implemented code (https://code.earthengine.google.com/13783dee2b7480daa0ad69c861a247b9 (accessed on 2 March 2024)). GEE variables encompass a range of data types such as images, geometries, feature collections, numbers, strings, and more. Given that our data type (for calling climatic, anthropogenic and surface water datasets available in the GEE) is an image, we opted for this to align with our analysis or visualization needs. The region of interest for analysis was then defined, which can either be predefined administrative boundaries or other predefined regions such as countries or continents. The region of interest is represented using geometries, which can be points, lines, polygons, or collections of such geometries. This will restrict the image to only include the pixels within the defined polygon region of interest, which is the LUB prepared in the ArcGIS 10.8 environment. After specifying study period (2000–2021), several variables, including AT, LC, PET, snow cover, precipitation, and built-up area were extracted from ERA5-Land, MCD12Q1, MOD16A2GF.061, MOD10A1.061, TRMM 3B43: Monthly Precipitation Estimates, and JRC/GHSL/P2016/BUILT_LDSMT_GLOBE_V1 products, respectively, which are freely available in GEE like in JRC. In addition to defining a time series chart for each variable separately, we extracted climatic and anthropogenic variables and exported them to the ArcGIS 10.8 environment to visualize the variation in employed factors. This allows for monitoring the effects of climate change and anthropogenic variables on surface water resources. Exporting could be performed in various formats such as GeoTIFF, CSV, or directly to Google Drive [51]. To analyze the variation in various variables, datasets were extracted in both GeoTIFF and CSV formats. ArcGIS 10.8 was utilized for mapping and estimating the areas of variables from 2000 to 2021, as illustrated in Figure 2, Figure 3, Figure 4. Microsoft Excel was employed for designing graphs and estimating correlation coefficients between variables and surface water resources.



The Mann–Kendall (MK) non-parametric trend test is commonly used to identify statistically significant trends in time series data [52]. To address the issue of serial correlation effect, a modified version of the MK test was utilized. This modification likely adjusts for any autocorrelation present in the data, ensuring the robustness of the trend analysis results. Additionally, Pearson correlation analysis was conducted. The Pearson correlation analysis is useful for assessing the strength and direction of relationships between variables while controlling for the effects of other variables [53]. The Mann–Kendall test and Pearson correlation analysis have been extensively used in previous studies worldwide to investigate climate variability and its impacts on surface water resources, as exemplified by [54]. Overall, these methodologies provide robust tools for analyzing temporal trends and relationships between climate factors and surface water resource dynamics, thereby contributing to a better understanding of climate change impacts on hydrological systems. For further information, please refer to [55,56].




4. Results


4.1. Analysis of the Relationship between Surface Water Resources and Various Climatic and Anthropogenic Variables


Figure 6 and Figure 7 illustrate the significant relationships between climate change, anthropogenic activities, and surface water resources across the LUB from 2000 to 2021. Figure 6 highlights a significant relationship between climate change and the effects of anthropogenic activities on surface water resources across the LUB from 2000 to 2021. The negative correlation coefficient of −0.56 between surface water resources and AT, as indicated in Figure 6 and Figure 7, aligns with the findings of [57], showing a warming trend of approximately 0.18 °C per decade over recent decades. Lake Urmia, the primary surface water source in the LUB, began to experience drying trends from the year 2000 onwards. As temperatures rose, the lake’s influence on the local climate intensified, particularly during summer months, with winter seeing comparatively lesser effects. While the declining lake level has indeed affected local climate conditions, its impact has been somewhat mitigated. Regarding anthropogenic effects on surface water resources, an increase in built-up areas corresponds to higher water consumption due to population growth. Figure 6 reveals a strong negative correlation coefficient of −0.99 between the built-up area and surface water resources. The accelerated expansion of built-up areas and the burgeoning population exert added strain on surface water reserves [58]. In the period spanning from 1976 to 2010, the populace within the Lake Urmia Basin surged by 121.5% [59]. A positive correlation coefficient of 0.12 between surface water resources and PET is reflected in Figure 6. The correlation between precipitation and PET is clear: a decrease in precipitation directly impacts PET, reducing its value. The authors of [60] also noted a significant increase in agricultural and urban lands between 1987 and 2016, consistent with our findings, which show a correlation coefficient of −0.89 between cropland and surface water resources. The study concludes that the expansion of the total irrigated area has led to a heightened demand for water for irrigation throughout the study period. Moreover, Figure 6 indicates a positive correlation coefficient between precipitation and surface water resources, suggesting that decreased precipitation leads to a reduction in surface water area, which is opposite by the findings of [40]. In terms of snow cover, a correlation coefficient of −0.09 was found between snow cover and surface water resources. The recent drought has impacted the snow cover over the LUB, as demonstrated by [61]. They demonstrate significant inter-annual variability in the snow cover, yet the annual trends for both the snow cover and snow line elevation were found to be non-significant. Lastly, a correlation coefficient of −0.79 was estimated between groundwater salinity and surface water resources, in line with the findings of [50].



This study reveals significant trends in various climatic and anthropogenic variables over the past two decades in the LUB region, as indicated in Figure 7. Surface water areas experienced a notable decline of 2.0% decade-1 (p < 0.05), with a marked downward shift in 2008. Before the shift, the average sub-series was 9%, which decreased to 6.8% after the shift. Additionally, AT exhibited a significant increase of 1.02 °C decade-1, with a noticeable upward shift in 2012, leading to a post-shift average sub-series 1.2 °C higher than pre-shift levels (Figure 7). CL in the LUB displayed a significant increase of 0.023 sq.km decade-1 (p < 0.05), accompanied by an upward abrupt shift, as indicated in Figure 7. Before the shift, the average sub-series was 1.63 sq.km, increasing to 1.90 sq.km after the shift. Conversely, PET witnessed a significant decline of −4254 mm/d decade-1, marked by a downward shift in 2010. The pre-shift average sub-series was 476,758 mm/d, decreasing to 422,179 mm/d post-shift, as shown in Figure 7. Regarding snow cover and precipitation, there was a non-significant increase of 0.36% decade-1 and 0.0022 mm/hr decade-1, respectively. According to Figure 7, built-up areas in the LUB experienced a significant increase of 0.00006 sq.km decade-1 (p < 0.05), with an upward abrupt shift. The average sub-series rose from 0.0825 sq.km before the shift to 0.0833 sq.km after the shift. Moreover, groundwater salinity exhibited a significant increase of 0.535 EC decade-1 (p < 0.05), accompanied by an upward abrupt shift. The average sub-series increased from 17.150 EC before the shift to 24.650 EC after the shift, as indicated by Figure 7.




4.2. Analysis of the Various Surface Water Resources Variation from 1984 to 2021


Figure 8 and Figure 9 illustrate changes in surface water resources across the LUB from 1984 to 2021. Notably, 38.65% of the area has remained consistently water covered throughout this period, classified as permanent water. However, permanent water resources have also experienced a net loss of 12.78%, with a small gain of 0.34% in newly designated permanent water areas. The analysis also reveals seasonal water resources, with 2.74% of the LUB identified as such. While there has been a net gain of 0.38% in seasonal water resources, a concerning trend is the conversion of 28.99% of permanent water to seasonal water over the study period (Figure 9). Notably, no transitions from seasonal to permanent water were observed. Furthermore, Figure 9 shows that 0.48% and 7.84% of the surface water resources have been classified as ephemeral permanent and ephemeral seasonal, respectively. These classifications likely represent short-term fluctuations in water presence. Consistent with the LUB’s climate, December and January exhibit the highest presence of water (Figure 9), coinciding with winter months when agricultural water consumption is minimal. Conversely, August, September, and October, corresponding to summer and autumn, are the driest months, with minimal water presence.





5. Discussion


5.1. General Discussion


This research quantified the impact of both climate change and human activities on surface water resources in the LUB from 2000 to 2021. Our findings reveal significant associations between various climatic and human-induced factors and the decline in surface water resources. While previous studies [19,20,21] typically concentrated on a limited set of variables like precipitation, temperature, and land cover, our study aims to expand this scope by incorporating a diverse range of factors such as AT, CL, PET, snow cover, precipitation, built-up area, and groundwater salinity. This broader approach offers a deeper understanding of the influences of climate change and human actions on surface water storage. Additionally, our study utilizes Landsat-based data, specifically the JRC Global Surface Water Mapping Layers v1.4, which provide detailed information on various surface water resources like permanent and seasonal rivers at a spatial resolution of 30 m, enhancing the accuracy and detail of our analysis. Our results underscore the significant impact of human activities on surface water resources compared to climatic variables. Anthropogenic factors such as built-up area, CL, and groundwater salinity exhibit strong negative correlations (−0.99, −0.89, and −0.79, respectively) with surface water resources. This study reveals that mismanagement of surface water resources, expansion of agricultural farmlands, and overuse of aquifers have led to a drought in the lake, extensive land degradation, and heightened salinity levels, posing serious threats to the population. Over the past three decades, inadequate sustainable development strategies and mishandling of the fragile ecosystem have exacerbated these issues. The scarcity of water in the LUB region has triggered various ecological problems. Studies indicate a 90% decline in the Artemia population due to the lake’s shrinkage. Moreover, salinity levels have surged in recent years, saturating the lake water with salts and causing salt crystals to form on its surface year-round [62]. The diminishing surface water resources in the LUB have caused a decline in vegetation, resulting in a significant rise in the frequency and severity of dust storms in the area. These storms adversely affect over 7 million residents, posing health risks and socioeconomic challenges, reducing soil fertility in agriculture, and weakening vegetation. Furthermore, recurring declines in water availability could jeopardize food security in the region, given that agriculture in the LUB serves as a primary food source, making water scarcity a substantial threat to this sector [63,64]. However, the implementation of practical methodologies could greatly assist decision-makers in water management. By enabling them to anticipate and simulate the impacts of climate change and human activities on surface water resources, such approaches could help mitigate the challenges faced by the region.




5.2. Analysis of the Effects of Anthropogenic Variables on Surface Water Resources


The LUB is sustained by a network of 60 rivers, including 21 permanent or seasonal and 39 intermittent ones. Notably, the Zarineh and Simineh Rivers and Aji Chai are primary inflows to Lake Urmia [65]. Over the past decade, several new dams and irrigation districts have been developed in the basin, leading to increased consumptive use of tributary river waters. As of 2012, there are over two hundred approved new dams and irrigation projects either under construction or in the final design stages [66]. Despite no significant trend in the drought pattern, the observed physiographic changes in Lake Urmia may be attributed to dam construction, irrigation projects, and overuse of surface water and groundwater [67]. High agricultural water demand due to low irrigation efficiency, cultivation of water-intensive crops, and extensive agriculture exacerbate this environmental crisis. The authors of [68] introduced a novel method for designing environmental flow to Lake Urmia, highlighting the mismanagement of water consumption in the agricultural sector of the LUB, resulting in an 80% decline in inflow to the lake. Between 2010 and 2015, the combined water consumption and renewable water sources surpassed 4.83 × 109 and 7.00 × 109 m3, respectively. However, agricultural water use accounted for 4.30 × 109 m3. The agricultural sector’s water consumption constituted approximately 65% of the total renewable water sources and 93% of the overall water use in the LUB [69]. Yet, it is noted that the acceptable withdrawals from renewable water sources should ideally fall within the range of 20% to 40% of total water consumption. Moreover, from 1986 to 2013, water-based farmland in the basin expanded from 3.50 × 105 to 5.00 × 105 hm2. The substantial water consumption in the agricultural sector within the basin has led to a sharp decline in the lake’s water volume (SPSS CC = –0.77). Thus, it is imperative to devise strategic plans to curtail water usage in agriculture to stabilize the lake’s volume. The shrinking of Lake Urmia starkly demonstrates that the natural supply capacity of water resources in the LUB is insufficient to meet the rapidly increasing water demand. Regarding anthropogenic effects, increasing domestic water consumption and population growth in the LUB have escalated total water demand [70]. According to data from the Agricultural Statistics and Information Center of the Ministry of Agriculture of Iran, the population of the LUB was 1.86 × 106 and 5.48 × 106 in 1970 and 2020, respectively. There exists an inverse relationship between population growth and the total volume of water in Lake Urmia (SPSS CC = −0.71).



The analysis of anthropogenic variables reveals a significant increase in built-up areas within the LUB region from 2000 to 2020, as shown in Figure 2. This expansion of urban areas is in accordance with population growth, consequently driving higher water consumption demands. With growing populations comes an increased need for food production, leading to heightened irrigation requirements for agricultural lands [71,72]. Our findings further demonstrate a noticeable rise in cropland coverage across the LUB during the same period, primarily driven by the escalating demand for food to support the growing populace. The proportion of water utilized in crop cultivation is influenced by various factors, notably the type of irrigation technology employed. Given that traditional irrigation methods predominate in the LUB, there is a considerable reliance on surface water resources. Concerning groundwater salinity, our study reveals a concerning trend of water resource salinization within the study area from 2000 to 2020. Notably, the agricultural sector stands out as the primary consumer of water resources in the LUB [73], with approximately 73 thousand wells situated around Lake Urmia. These wells have witnessed an upward trend in water extraction in recent years, exacerbating concerns over groundwater depletion.




5.3. Analysis of the Effects of Climatic Variables on Surface Water Resources


As emphasized, the impact of anthropogenic variables on the reduction in surface water is significant. However, it is equally important to acknowledge the effects of climate change on surface water resources across the study area, akin to anthropogenic factors. Climatic factors such as AT, PET, precipitation, and snow cover demonstrate negative correlations of −0.56 and −0.09 for AT and snow cover with surface water resources. Additionally, they show positive correlations of 0.12 and 0.07 for PET and precipitation with surface water resources. Ref. [60] demonstrated a time series correlation between precipitation across the entire basin and variations in Lake Urmia’s water level. They noted that for the entire modeling period, the correlation of annual changes in lake levels with precipitation and temperature stands at 0.15 and −0.36, respectively. However, after 1995, the lake level displays a relatively weak correlation of −0.12 with precipitation. Despite notable increases in precipitation in 2003 and 2006, the lake level continues to plummet abruptly. Conversely, the correlation between temperature and lake level reaches from 0.15 to −0.28 during the period from 1995 to 2010. With the observed rise in temperature after 1995, it is expected that higher rates of evaporation over the lake would occur. However, there is a positive correlation coefficient of 0.15 between PET and surface water resources, suggesting that a reduction in water volume would decrease the potential for evaporation. Within the realm of snow cover, a correlation coefficient of −0.09 is noted between snow cover and surface water resources. Ref. [61] indicates significant inter-annual variability in snow cover, with non-significant annual trends observed for both snow cover and snow line elevation. Furthermore, no significant trend is identified for snow depletion curve indices. The study underscores the greater significance of evaporation and atmospheric evaporative demand in reducing snow cover compared to the role of precipitation in increasing snow cover.



In the domain of climatic variables’ effects on surface water resources, this study shows an increase of 0.41 °C in AT from 2000 to 2015, as can be seen in Figure 2. An increase in AT would increase surface water evaporation and water consumption. Among other climatic variables, our findings indicate an increase in PET from 2000 to 2020 over the study area, as shown in Figure 2. PET incorporates the idea of consumptive usage, acknowledging a large amount of water that cannot be reused or recovered, and instead considers plant consumption of water that evaporates. The results of this study show that PET decreased from 2000 to 2015, since surface water resources, especially Lake Urmia, have declined significantly during this period. In 2020, on the other hand, the rate of PET increased, as can be seen in Figure 2. In terms of precipitation, there is an increase from 2000 to 2010 over the study area. However, from 2010 to 2020, the precipitation rate decreased in the LUB. Decreasing rainfall, accordingly, would impact surface water resources by reducing their inflows. For the final climatic variable, the results of this study indicate that from 2000 to 2015, snowfall increased over the study area. However, after 2015, there was a decrease in snowfall in the LUB. Mountainous areas are mostly affected by snow, which can be seen in Figure 2.




5.4. Analysis of the Efficiency of the Applied JRC Global Surface Water Mapping Layers v1.4 for Surface Water Monitoring


Previous studies have predominantly utilized the MODIS land water mask (MOD44W) product for analyzing water areas [74,75,76]. This product delineates the boundary between land and water, encompassing both inland water bodies like rivers and lakes, as well as the ocean. However, it lacks the capability to differentiate between the ocean and inland water bodies, treating them as a single water entity. Moreover, it provides water area data at spatial resolutions of 250 and 500 m. Importantly, it does not offer detailed information on various surface water resources such as permanent and seasonal rivers. However, the applied JRC Global Surface Water Mapping Layers v1.4 in this study come with several advantages. This dataset encompasses maps delineating the location and temporal distribution of surface water from 1984 to 2021, offering insights into the extent and changes in surface waters, including permanent and seasonal rivers, lakes, seas, and oceans. Its high spatial resolution of 30 m enables precise detection and monitoring of all surface water resources on a large scale and over a long duration. Employing an expert system, each pixel was individually classified into water or non-water, and the results were aggregated into a monthly historical record spanning the entire period and two epochs (1984–1999, 2000–2021) for change detection. This mapping layer product comprises a single image containing seven bands, mapping various aspects of the spatial and temporal distribution of surface water over the past 38 years. Areas where water has never been detected are appropriately masked.




5.5. Limitation of the Study


The primary constraint of this study stems from the temporal fluctuation inherent in the JRC Global Surface Water Mapping Layers v1.4 product. The absence of specific data regarding water surface storage for individual years presents a significant challenge. Comprehensive information delineating various facets of water surfaces, such as seasonal, temporal, monthly, and permanent reservoir data for each year separately, is crucial. Such data hold considerable value for monitoring shifts in water patterns over time.





6. Conclusions


This study investigated the impact of climate change and anthropogenic activities on surface water resources in the LUB from 2000 to 2020. The findings highlight the significant influence of both climate change and human activities on surface water resources. Furthermore, the study underscores the effectiveness of utilizing GEE in conjunction with remote sensing products like the JRC Global Surface Water Mapping Layers for monitoring spatio-temporal changes in surface water resources and assessing environmental impacts.



These findings provide valuable insights for decision-makers in semi-arid and arid regions like the LUB. By understanding the effects of climate change and anthropogenic variables on surface water resources, stakeholders can formulate more sustainable water management strategies. Given the success of this approach in the LUB, the research suggests applying similar methodologies to monitor surface water resources in other parts of the world facing similar challenges. Since the JRC product is available for a specific timeframe (1984–1999 and 2000–2021), the use of the MODIS water mask product could be explored to fill data gaps and provide a more comprehensive long-term perspective.
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Figure 1. Location of the study area in (a) Iran basins and (b) ULB. 
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Figure 2. Various predisposing variables for monitoring climate change and anthropogenic effects on surface water resources, including: (a) AT for the years 2000, 2010, 2015, and 2020; (b) LC for the years 2000, 2010, 2015, and 2020; (c) PET for the years 2000, 2010, 2015, and 2020; (d) snow cover for the years 2000, 2010, 2015, and 2020; (e) precipitation for the years 2000, 2010, 2015, and 2020; (f) built-up area for the years 2000, 2010, 2015, and 2020; and (g) groundwater salinity for the years 2000, 2010, 2015, and 2020. 
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Figure 3. Changes observed in various surface water resources from 1984 to 2021 depicted in the JRC Global Surface Water Mapping Layers, version 1.4. 
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Figure 4. Changes observed in various surface water resources in different months from 1984 to 2021 depicted in the JRC Global Surface Water Mapping Layers, version 1.4. 
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Figure 5. An overview of the applied methodology. 
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Figure 6. Correlation between different climatic and anthropogenic variables and surface water resources across the LUB, analyzed using the Pearson correlation heatmap. 
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Figure 7. Time series analysis depicting the annual variations and trends in surface water bodies and climatic and anthropogenic variables, including AT, CL, PET, snow cover, precipitation, built-up areas, and groundwater salinity, throughout the LUB. The significance of the trend lines was determined using the Mann–Kendall test. The trend line slope is based on Sen’s slope estimator. In cases where a time series experienced a significant abrupt shift, identified by Buishand’s test, the change year is indicated. For these instances, “mu” denotes the average of the sub-series. 
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Figure 8. Surface water changes in various surface water resources from 1984 and 2000 to 2022 obtained from Landsat 5, 7, and 8 series images. 
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Figure 9. Changes in surface water body transitions from 1984 to 2021 in the LUB [62]. 
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Table 1. Characteristics of various climatic and anthropogenic variables for monitoring climate change and anthropogenic effects on surface water resources.
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	Variable
	Spatial Resolution
	Temporal Resolution
	Product’s Name
	Unit
	References





	Air temperature
	11 km
	Daily (1979–2024)
	ERA5-Land
	K
	[45]



	Cropland
	500 m
	Yearly (2000–2024)
	MCD12Q1
	Sq.km
	https://doi.org/10.5067/MODIS/MCD12Q1.061 (accessed on 2 March 2024)



	Potential evapotranspiration
	500 m
	8-day composite (2000–2024)
	MOD16A2GF.061
	Kg/m2/day
	[46]



	Snow cover
	500 m
	Daily (2000–2024)
	MOD10A1.061
	%
	[47]



	Precipitation
	28 km
	Monthly (1998–2024)
	TRMM 3B43: Monthly Precipitation Estimates
	Mm/hr
	[48]



	Built-up area
	100 m
	5 year intervals (1975–2030)
	GHSL: Global built-up surface
	Meter
	[49]



	Groundwater salinity
	100 m
	Annually (2000–2021)
	Water quality index
	Electrical conductivity (EC)
	[50]
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