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Abstract

:

Understanding the effects of global change and human activities on water supplies depends greatly on surface water dynamics. A comprehensive examination of the hydroclimatic variations at the transboundary level is essential for the development of any adaptation or mitigation plans to deal with the negative effects of climate change. This research paper examines the hydroclimatic factors that contribute to the desiccation of the Doosti Dam’s basin in the transboundary area using multisensor satellite data from the Google Earth Engine (GEE) platform. The Mann–Kendall and Sens slope estimator test was applied to the satellite datasets to analyse the spatial and temporal variation of the hydroclimate variables and their trend over the transboundary area for 18 years from 2004 to 2021 (as the dam began operating in 2005). Statistical analysis results showed decreasing trends in temperature and an increase in rainfall with respect to station-observed available data. Evapotranspiration and irrigated area development followed the increasing pattern and a slight decrease in snow cover. The results confirmed a large expansion of the irrigated area, especially during the winter growing season. The increase in irrigated cultivated areas during both winter and summer seasons is possibly the main reason for the diversion of water to meet the irrigation requirements of the developed agriculture areas. The approach followed in this study could be applied to any location around the globe to evaluate the hydrological conditions and spatiotemporal changes in response to climate change, trend analysis and human activities.
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1. Introduction


With an increase in human activities, socio-economic and environmental conditions have impacted transboundary river basins [1]. For riparian nations, these increased activities are raising fears about potential flow regime changes due to dam operations and large-scale water withdrawal [2]. Data scarcity and a lack of data-sharing protocols are making transboundary water-sharing management more difficult [3]. The scarce or imbalanced geographical distribution of gauging is also a problem for understanding the hydroclimate patterns and capturing their heterogeneity and spatiotemporal distribution [4]. The situation is dire in ungauged basins, as is the case examined in this paper.



Remote sensing and satellite-based data have solved the data scarcity problem. This study explores the use of multi-sensor open-source tools such as the Google Earth platform to obtain relevant climate and environmental monitoring data for scientific study [5]. The platform provides synoptic coverage for areas which were previously difficult to obtain due to geographical remoteness [6,7,8], and allows trend monitoring in real time. Processing remote sensing data is sometimes difficult and very often the acquisition of valuable results necessitates the analysis of large datasets [9]. These problems have been solved with the help of the open source software QGIS (Quantum GIS) [10,11]. QGIS made it possible to analyse remotely sensed data to obtain water levels across a sizable inaccessible area at regular intervals for regional studies [12]. However, there are many challenges with using these data, such as cloud contamination issues and the availability of reliable imagery [13].



For better analysis, Google Earth Engine (GEE) [14] via an internet-based application programming interface (API) and a web-based interactive development environment [15] enables the analysis of global environmental phenomena, changes and trends using satellite pictures, and works with historical series [5,16]. Furthermore, its codes are free to download [14]. It is promoted as the most powerful cloud-based geospatial processing platform in the world, capable of overcoming processing issues experienced by traditional satellite image-processing methods [14].



The growing water scarcity problems in northeastern Iran, and particularly the city of Mashhad which is the second most populated city in Iran, compelled the Iranian government to initiate water diplomacy with the neighboring Turkmen governments. The result of these negotiations was an agreement between Iran and Turkmenistan to jointly build a dam on the river basin called the Iran–Turkmenistan Friendship Dam (or Doosti Dam) in 2004 [17,18]. Although construction of the dam helped water authorities provide part of the drinking water requirements, in recent years, due to several factors such as climate change and excessive harnessing, the water entering the dam has been significantly reduced [19].



Drinking water in Mashhad city has been seriously affected by water shortages that have forced water authorities to investigate the reasons for the reduction of water flow from the Doosti Lake considering climatological and hydrological aspects and agricultural expansion [20]. However, in most cases, realistic climatological data are not readily available, especially in the inaccessible ungauged part of the catchments. Consequently, GEE provides better solutions for the analysis of hydroclimatic variations within the Doosti Lake catchment.



The study found that a number of multi-source remote sensing data with different spatial and temporal resolution are available. Moderate Resolution Imaging Spectrometer (MODIS) [21,22], Landsat Thematic Mapper (TM) [23,24,25], Synthetic Aperture Radar [13,26] and other passive and active remote sensors with visible and microwave bands have all been employed to estimate inundation areas and delineate water borders. The Deltares Aqua Monitor [27] and GEE [28] were used to examine changes in the Earth’s surface water over the last 30 years. Automated systems, however, are not appropriate for a regional scale. The variety of geographical characteristics causes a lack of consistency in the correctness of studies’ results. The authors of [12] highlighted that analysis of the driving mechanisms behind regional surface water dynamics and related studies is rare.



As concerns over Doosti Dam’s shrinking increase [29], so it is vital that authorities identify the cause/s of shrinkage whether they are climatic or anthropogenic [20]. The research area’s available gauge data in Iran and Turkmenistan do not have adequate geographical or temporal coverage [28,29,30,31], and this study provides useful information.



This study acknowledges that there are knowledge gaps which can be filled by utilising satellite-based remote sensing systems [20,32] which offer valuable sources of data and observations capable of partially or fully replacing field survey and gauged data. The study aims to determine the suitability of the use of GEE coupled with the QGIS platform to understand the hydroclimatic behaviour and determine stream flow patterns, especially for inaccessible [33,34,35] and transboundary areas. The specific objectives of this study are:




	(1)

	
To propose a novel approach to easily calculate yearly surface water to assist in investigating long-term surface water variation. This will employ nonparametric analysis and the application of the GEE platform [14,15];




	(2)

	
To analyse the causes of surface water variation in the Doosti Dam reservoir and identify the trend;




	(3)

	
To assess and map spatiotemporal distribution and the overall trends of the hydro-climatological condition using several satellite gridded datasets for the last 20 years and identify the possible factors causing the trend.









To assist decision-making on irrigation growth, techniques that increase irrigation area accuracy are essential. We implemented multi-satellite products in the GEE platform that enable the rapid processing of vast numbers of images and use a spatial method that will help decision makers evaluate the trend of hydroclimate factors and the development of irrigated areas. Previous research on trend and variability analyses of hydroclimatic variables were limited to investigating a small number of observations because Iran lacks a comprehensive record of data of the desirable quality [36]. Additionally, due to data shortage, studies of the spatiotemporal variations of various hydroclimatic variables such as evaporation, snow cover duration, land use and lake reservoir capacity have been limited in the literature, particularly in Iran [37].



We investigated the spatiotemporal variability and trends of key hydroclimatic variables across the Doosti Dam basin from 2004 to 2021. The novel aspects of this research are the selection of superior gridded multi-hydroclimatic satellite variables with non-parametric tests, and the combination of multi-hydroclimatic gridded satellite variables pre-processing with the GEE platform and QGIS. The use of finer spatial resolution data for trend and variability analysis is necessary due to the significant variability of hydroclimatic variables, particularly over location, time and climate zones [37]. Therefore, we implemented the more accurate spatial resolution hydroclimatic datasets in GEE and discovered a relationship between trends of multi-hydroclimatic variables and lake levels that had not been investigated previously. It is anticipated that the findings will aid in the development of future adaptation and mitigation, conservation policies and actions by helping policymakers and water authorities better understand how the Doosti Lake basin is responding to climate change.




2. Materials and Methods


2.1. Study Region


The Doosti Dam’s basin (Figure 1) is the biggest transboundary basin between two countries, Iran and Turkmenistan, and is located between latitude 33° N to 36° N and longitude 59° E to 67° E. The basin covers an area of approximately 55,141 km2, and the climate of this region is semi-arid and the reservoir of the dam is a clear and relatively deep lake with a maximum and mean depth of 35 m and 15 m, respectively [17,18]. The Doosti Dam is important for Iran as the country relies on its role in supplying fresh water to Mashhad, the second-most populous city in Iran with a population of around 3 million. The dam provides drinking water for up to 76% of the population in Mashhad and its principal tributaries, mostly for the purpose of storing water in reservoirs, irrigation for agriculture, and producing electricity.



Mashhad is a great example of a city that depends heavily on outside imports of water and power. Due to the city’s fast growth, climate change and severe droughts, and eightfold expansion of the population, Mashhad’s local water supplies are under a lot of stress. The city is now considerably more dependent on water from far-off sources as a result [29].



Iran’s approach to water management is reactive rather than proactive, putting more emphasis on quick fixes such as expanding the number of wells and dams and transporting water from far-off sources rather than on looking for fresh opportunities and long-term solutions to address any threats or issues before they arise.




2.2. Datasets


2.2.1. Ground Measurements


The daily hydroclimatologic parameters consisting of precipitation and temperature collected from three local stations are presented in Table 1. Because of the lack of field data, remotely sensed data could be a good alternative in this study. Faulty gauge stations can create some gaps in the collection of hydrological time series data. Most often, the upstream and downstream data exchange between the two riverine countries has not been effective. Data collecting across borders must be independent between nations in order to quickly determine the amount of inundation for emergency response activities [38]. Remote sensors mounted on satellites and aircraft have the capability to provide data [39].




2.2.2. Satellite Data


Within each year, surface water varied on a regular basis and, in remote sensing, the use of multispectral satellite data is known to be well suited for trend analysis given its high-spectral correlation with open water surfaces and the accuracy of mapping [40].



We used a rich time series of remote sensing data to gather further details about the scope of this study. The remote sensing data used in this study included the Climate Hazards Group InfraRed Precipitation With Station (CHIRPS) dataset (500 m spatial resolution), MODIS Terra Evapotranspiration (MOD16A2) (500 m spatial resolution), MODIS Terra snow cover MOD10A1 (500 m spatial resolution), MODIS LST MOD11A1 (1 Km spatial resolution), MODIS NDVI MOD09GQ (250 m), Landsat TM/ETM+/OLI (30 m spatial resolution), SRTM (NASA SRTM Digital Elevation 30 m) were obtained from the online dataset provided by GEE. A framework of this study is presented in Figure 2.



In order to assess the effectiveness of the satellite-based rainfall data, different satellite-based rainfall data were examined. Table 2 demonstrates the results of descriptive statistics that show reasonable spatial agreement with gauge and gridded data. All the rainfall satellite datasets overestimated the stations’ rainfall, with R2 and Pearson correlation in the Sarakhs and Torbat-Jam stations varying from 0.71 and 0.85 for CHIRPS to 0.56 and 0.75 for ERA5, and from 0.77 and 0.88 for CHIRPS to 0.71 and 0.84 for GPM, respectively. The minimum RMSE was represented by CHIRPS (5.6 mm) for Sarakhs and CHIRPS (48.57 mm) for Torbat, whereas ERA5 exhibited maximum RMSE (35.59 mm) and (66.16 mm). CHIRPS was chosen for trend analysis as it represents better performance for all the gauge stations (Table 2); and it has a spatial resolution of 5 km which is more accurate compared to other gridded rainfall data and has low systematic bias. Similarly, Land Surface Temperature (LST) overestimated the stations’ temperature with R2 0.66 and 0.61 and RMSE 9.25 °C and 4.56 °C in Torbat-Jam and Sarakhs stations, respectively.



Figure 3a–f shows Pearson correlation for both observational and gridded data, revealing strong spatial agreement with CHIRPS. All three gridded datasets were well matched, although CHIRPS had greater agreement with the Sarakhs station (r = 0.85) and Torbat station (0.88) than GPM (0.86) and ERA5 reanalysis (0.75). Figure 3g–h illustrates the similar relationship with the LST datasets. According to the results, LST overestimated temperature for the two stations’ data, Sarakhs and Torbat, in the region.



MODIS Data


LST is an extremely important parameter that controls the exchange of longwave radiation and sensible heat flux between the Earth’s surface and the atmosphere. Therefore, trend analysis of LST is essential for the study of the hydroclimatology behaviour of basins. Generally, LST products are derived from thermal infrared (TIR) sensors (e.g., AVHRR, MODIS or METEOSAT) [41].



Among the TIR sensors, the LST products of MODIS aboard the Terra and Aqua platforms’ data have high quality, global coverage and accurate geolocation [42]. Daily MODIS LST products [43] are retrieved at 1 km pixels by the generalised split-window algorithm. The daily average land surface temperature was extracted from the MODIS [44].



Because of snow’s influence on Earth’s climate and its role in supplying water resources, in many mountainous areas such as upstream of Doosti Dam, it is necessary to monitor snow cover extent (SCE) and snow properties in both high temporal and spatial resolutions. For more than three decades, optical, infra-red (AVHRR, MODIS) and passive microwave satellite sensors (SSMI/S, AMSR-E) have been used to monitor the extent of snow areas effectively [45]. Although cloud cover often obscures the snow from visible/infra-red spaceborne sensors, due to high spatial and temporal resolution, the MODIS snow products (MOD10A1) [46] with a resolution of 500 m at daily scale are preferred for snow-cover monitoring.



To quantify the vegetation dynamics over space and time and derive the irrigated cultivated lands, MODIS surface reflectance (MODIS/Terra MOD09GQ) [47] with 250 m spatial resolution and daily temporal resolution was implemented from 2001 to 2021. Maximum NDVI maps in the periods of April to June and July to September were used to derive the cultivated areas in the winter and summer agriculture seasons, respectively. A threshold value of 0.5 for NDVI was considered as an indicator of the cultivated agriculture area. Considering the prevalence of surface irrigation in the region, the irrigated cultivated lands were derived by applying a defined elevation range from the river baseline on the DEM map. Topographic information, including the catchment’s elevation, was collected using the Shuttle Radar Topography Mission (SRTM) and digital elevation models (DEMs) 90 m from GEE. For evapotranspiration, MODIS/Terra Net MOD 16A2 evapotranspiration (version 6, 8 day L4 datasets) was launched from 2000 with a pixel resolution of 500 m applied [48].




Landsat Images


Water surface areas are regularly determined from optical satellite imagery such as MODIS and Landsat products [49,50]. Changes in lake distribution have been monitored using the MODIS and Landsat datasets [51]. Landsat has a high resolution (30 m), which is its main benefit, but it also has a low repetition frequency [4]. To produce the water mask of the Doosti reservoir, NDWI maps derived from Landsat images from 2001 to 2020 were implemented. Landsat images consisting of ETM+ [52] and OLI data were acquired from GEE. NDWI maps [53,54] were generated based on Green [55] and NIR bands, and the pixels with positive value were assigned as water class. Specifications of all satellite data used in this research are listed in Table 3. A code was developed within the GEE environment to compute the time series of lake area statistics (maximum, minimum, mean and standard deviation) from 2004 to 2021.






2.3. Methods


The GEE platform contains a substantial amount of satellite data acquired by other missions and it also hosts other ancillary data such as digital elevation models, vector-based datasets, land cover and meteorological data [56]. Since data hosted by GEE is analysis-ready, the need for pre-processing is circumvented as these data have been found to be consistent over time and well-suited for time series analysis and estimating long-term trends [14]. By applying the date filter function to the image collections, the desired time periods (2004–2021) were separated from the whole datasets. The spatial filter function was used to limit the borders to the Doosti Dam watershed. Then, using the trend functions (Mann–Kendall, Sen’s slope) in GEE, evaluation of the pixel-based long-term spatiotemporal trend for the gridded datasets was carried out to analyse the trend and its intensity. The Mann–Kendall expression (alpha 0.05 and Z statistics = 1.96, generated from the standard normal table) was used to assess the Sen’s slope [57].



2.3.1. Mann–Kendall Trend and Sen’s Slope Test


The Mann–Kendall (MK) and Sen’s slope estimator was applied using programming in GEE to compute the long-term magnitude of change on hydroclimate datasets and their statistical significance. The MK statistical test [58,59,60] was used to quantify the significance of trends in meteorological time series [57,61]. The MK test null hypothesis (H0) says that there is no monotonic trend at the specified level of significance. This may be used to detect the monotonic trend in a time series. In this test, the alternative hypothesis (Ha) suggests that the data exhibit a monotonic trend over time that is described by Equation (1):


   S    k ,     l     =   ∑   i = 1   n − 1     ∑   j = i + 1  n  s g n    X  j   k ,     l     −  X  i   k ,     l        



(1)




where n is the number of data points,    X  i   k ,   l       and    X  j   k ,   l       are the data values in the time series i and j (  j > i  ), respectively, k and l indicate point location in the data matrix and   s g n    X  j   k ,   l     −  X  i   k ,   l         is the sign function, as illustrated in Equation (2).


  s g n    X  j   k ,     l     −  X  i   k ,     l       =       + 1                 i f          X  i   k ,     l     −  X  j   k ,     l     > 0       0                 i f            X  i   k ,     l     −  X  j   k ,     l     = 0       − 1           i f            X  i   k ,     l     −  X  j   k ,     l     = 0          



(2)







In cases where the sample size   n > 30  , the standard normal test statistic ZS(l,k) is computed using Equation (3):


  Z  s    k ,     l     =          S    k ,     l     − 1     V a r    S    k ,     l                                           i f            S    k ,     l     > 0                   0                                                 i f              S    k ,     l     = 0          S    k ,     l     + 1     V a r    S    k ,     l                                         i f            S    k ,     l     < 0          



(3)







Positive values of ZS(l,k) indicate increasing trends while negative ZS(l,k) values show decreasing trends. A two-tailed test was conducted using the hypothesis test technique at alpha = 50% level of significance, with the null hypothesis being no monotonic trend in time series at the 95% level of significance (   H 0  :   τ = 0  ) and the alternative hypothesis being a substantial monotonic trend in time series in the 95% significance level (   H a  :   τ = 0  ) [62].



Sen’s nonparametric method [63] was used to estimate the magnitude of trends in the time series:


   T  i   l , k       =    X  j   l , k       −  X  i   l , k         j − m      



(4)







In this equation,    X j    and    X k    represent data values at time j and m, respectively, Consider


   Q  i   l , k       =        T    N + 1   / 2                                                                       N   i s   o d d                                                                                                                                          1 2     T  N / 2   +  T  ( N + 2 ) / 2                             N   i s   e v e n .         .  



(5)







A positive    Q  i   l , k         value represents an increasing trend and a negative    Q  i   l , k         value represents a decreasing trend over time.




2.3.2. Descriptive Statistics


To ensure high-quality satellite rainfall data with respect to station observed data, several statistical indices were employed to check the effectiveness and performance of satellite datasets [57]. Statistical measurements [6], including the correlation coefficient (R2), bias, multiplicative bias root (MBias), mean absolute error (MAE) and root mean square error (RMSE), were performed to assess data distribution and the relative performance of the satellite datasets, thus ensuring high-quality satellite data (rainfall, lake water) with regard to gauge measurements as follows (Equations (6)–(9)):


   R 2  =         1   ∑  1 n     X  o b s   −  X  o b s        X  s a t   −  X  s a t      n     X  o b s   ×  X  s a t        2     



(6)






  RMSE =     ∑  1 n         X  sat   −  X  obs      2   n         



(7)






  Bias =     ∑  1 n     X  sat   −  X  obs      n     



(8)






  MBias =     ∑  1 n     X  sat         ∑  1 n     X  obs          



(9)







In which, Xobs and Xsat show the gauge and satellite time series, respectively; n is the total number of observations; and     X ¯   o b s     the average of station values.






3. Results


3.1. Temporal Pattern of Different Hydroclimatic Factors


The underlying structure of the Doosti Dam basin’s images, monitored from 2004 to 2021, was investigated (Figure 4). The satellite images reveal a downward trend until 2018. Figure 4 shows the extent of the Doosti Dam’s reservoir in the early spring of the years between 2004 and 2021. As illustrated in Figure 4, the water stored in the dam reservoir has decreased over time from 2013 to 2018, which is a sign of the reduction in water input. During these 18 years, the reservoir has had the lowest area in 2018 and the highest area in the early spring of 2009–10.




3.2. Spatiotemporal Distribution of Rainfall in the Doosti Dam Basin (2004–2021)


To identify the trends of precipitation and provide better insight into how precipitation is distributed over the catchment, the spatial–temporal variation of the annual CHIRPS precipitation [64] for the period of 2004–2021 is displayed in Figure 5. In this figure, the areas with the highest precipitation are shown in red and the areas with the lowest precipitation are colored light orange. Rainfall is highest in the mountainous region southeast of the catchment, located mainly on the Turkmenistan borders, upstream (500 mm) especially in 2009, 2011, 2015, 2019 and 2020. However, in lower elevation areas, the basin downstream experienced the lowest rainfall (100 mm). The annual precipitation varied from 100 mm to approximately 600 mm. The effects of climate change at a local level must be evaluated because it is a global issue and analysing rainfall trends is a necessary first step in determining how climate change may affect the availability of water and food security. The years 2018, 2019 and 2009 experienced the maximum increase (600 mm) in the whole basin, especially the mountainous areas in the west and east. The years 2005, 2008 and 2021 experienced marked minimum rainfall (100 mm). The results also confirm that the mountainous regions of the basin are the wettest regions.



Figure 6 shows the spatial distribution of trends in the annual precipitation based on CHIRPS estimates for the period from 2004 to 2021. The spatial pattern of the MK test shows that precipitation increased in most regions of the Doosti Dam’s basin (Figure 6a), and from the statistical point of view, this trend is significant at a 95% level of confidence for annual precipitation. Figure 6b, shows an increasing trend in rainfall in the middle and west regions of the basin with a Sen’s slope calculation which varies from 0.00043 (upper limit) to −0.00012 (lower limit) (p-value < 0.05) for upward and downward trends for the significant tendencies at 95% confidence level, respectively. Moreover, a statistically significant increasing tendency was detectable across the center and downstream of the region (+0.00043). The p-value is less than alpha = 0.05, indicating that there was a trend in the time series. So, the results clearly demonstrate that in most parts of basin, especially center to downstream (p-value = 0.5), an upward trend with a 95% confidence level is observed; however, there was no significant trend in the upstream, as illustrated in Figure 6c. In Figure 6b, the Sen’s slope and MK test indicate that rainfall trends show climate change has occurred in the basin.




3.3. Spatio-Temporal Distribution of Temperature (LST) in the Doosti Dam Basin (2004–2021)


Temperature extremes are detrimental to agriculture, health, and infrastructure such as hydraulic structures and economic activity. This study investigates the annual temperature distribution and trend of LST from the MODIS Terra (MOD11A1) for the period 2004–2020. As predicted, temperature is strongly influenced by elevation. Figure 7 shows that the highest annual LST (averaging 30.85 °C) occurred at the lowest elevation level surface (Doosti Dam’s basin upstream). As shown in this figure, LST follows the topography of the earth, and the highest elevation areas have lower temperatures (Doosti Dam’s basin upstream). Most agricultural lands are located alongside the Doosti Dam’s river downstream, where higher temperatures were observed. The temperature varied from 26.85 °C to 36.85 °C. There is greater annual spatial variability at the lower elevation area, ranging between 31.85 °C and 41.85 °C. The results also illustrate that the central south area of the basin experienced the highest temperatures for the period 2004 to 2021.



Figure 8a shows the spatial distribution of trends in the annual temperature, based on MODIS (MOD11A1) estimates for the period between 2004 and 2021. The spatial pattern of the Mann–Kendall test showed that temperature decreased in the centre to east of the Doosti Dam’s basin (Figure 8a) with a 95 % confidence level, as shown in Figure 8c (p-value < 0.05). The increase in slope of temperature distinguished by Sen’s slope is illustrated in Figure 8b. LST exhibits a variation of 29 °C to 31.85 °C, with low annual precipitation varying from 100 mm to 400 mm, indicating that agriculture in these areas is not possible without irrigation.




3.4. Spatio-Temporal Distribution Annual Evapotranspiration from MODIS in the Doosti Dam’s Basin (2004–2021)


An analysis of annual distribution and the trend of evapotranspiration offers a more detailed illustration of the increase in water demand causing more water deviation from the river. Figure 9 depicts the importance of evapotranspiration losses which varied from 100 to 200 mm in the basin. From this figure, it can be seen that the periods from 2004 to 2008 had low evaporation loss areas, while the period from 2009 to 2020 experienced high water demand. It also shows that the high elevation areas were underwent higher evapotranspiration (near 200 mm) than the downstream areas (Iranian side). The river line in the center shows the slight and constant evapotranspiration and water demand expanding from the west to the east. Mean annual evapotranspiration (2005–2020) in the Doosti Dam River was observed to be 200 mm across the basin. Interestingly, both precipitation and evapotranspiration have almost identical trends. The precipitation and evapotranspiration exhibited the highest increases in the year 2009 (~500 mm) and (~170 mm), and for year 2019 (~550 mm) and (~200 mm), respectively. This also confirms that the whole basin represents an increasing trend, especially the mountainous areas in the east and alongside the river.



Figure 10 shows the spatial distribution of trends in the annual evapotranspiration based on the MODIS product (MOD16A2) estimates for the period from 2004 to 2021. The spatial pattern of the MK test shows that evapotranspiration is rising in the whole region of the Doosti Dam’s basin (Figure 10a), and from the statistical point of view, this increasing trend is significant with the positive trend at a 95% level of confidence for annual evapotranspiration. In Figure 10b, evapotranspiration is observed to have an increasing trend (+0.00043) during the years 2004–2021 in the whole study area.



This figure reveals a rising trend in evapotranspiration in the regions of the basin with a Sen’s slope calculation which varies from +0.00043 (upper limit) to −0.0012 (lower limit) for upward and downward trends for the significant tendencies at a 95% confidence level, respectively. Moreover, a statistically significant increasing tendency is detectable across the region (+0.00043). Figure 10c shows that evapotranspiration rose in the whole basin as the p-value is less than alpha = 0.05 and with a 95% level of confidence which is significant. This figure also confirms a significant rise in the trend (p < 0.05) of evapotranspiration values from 2004 to 2021. The increasing trend in evapotranspiration during the years 2004–2021 is almost identical to the rainfall trend.




3.5. Spatio-Temporal Distribution Annual Snow Cover Duration from MODIS in the Doosti Dam’s Basin (2004–2021)


In areas with higher elevations, the MODIS/Terra sensor has ample capability to detect SCD. The MODIS/Terra 8-day snow cover product (MOD10A1) was used to monitor the SCD maps in the Doosti Dam’s river basin (Figure 11). The effects of elevation on annual SCD for the period of 2004–2021 was observed in this figure as lower elevation regions experienced less snow cover throughout the period.



The SCD varied from zero to nearer 100 % and followed the topography. Figure 10 indicates the variation of snow pixel numbers (SPN) as an indicator of SCE and in the region and the extent of Doosti Dam’s reservoir for the period of 2004 to 2021. Maximum SCD occurred in the high elevated areas (50%). Although statistically insignificant, it indicates that the yearly snow cover generally decreased somewhat at higher elevations and remained constant at lower elevations (approximately 20%). The whole basin (especially the mountainous areas) received the SCD (50%) in the year 2008.



Figure 12 shows the spatial distribution of trends in the annual evapotranspiration based on MOD10A1 estimates for the period from 2004 to 2021. The spatial pattern of the MK test shows that snow cover duration had no significant trend in a large area of the basin (Figure 12a) and in Figure 12c no trend was identified for most of Doosti Dam’s basin; however, the significant trend was recognised upstream.



Figure 12b shows a decreasing trend for SCD in the western part of the basin with a Sen’s slope calculation of −0.0012 (lower limit) indicating a downward trend for the significant tendencies at a 95% confidence level.




3.6. Spatio-Temporal Distribution for Summer Irrigated Cultivated Areas in the Doosti Dam Basin (2001–2021)


The map presented in Figure 13 shows the irrigated cultivated areas for the summer growing season. Figure 13a demonstrates that irrigated land predominates in the water management region along the Doosti Dam’s river. The dominance of the irrigated region supports the fact that irrigation receives most of the freshwater resources available. The irrigated cultivated areas in both the winter and summer growing seasons were extracted by deriving the maximum NDVI maps in the winter (APR–JUN) and summer (JUL–SEP) growing seasons and applying threshold values to the NDVI maps and elevation from Doosti Dam’s river basin baseline. It also shows that the downstream and river line in the centre identify irrigated areas.



Figure 13b illustrates the strong correlation between irrigated areas in summer and precipitation. The cultivated areas increased from 451 km2 to 1029 km2 as a result of increase in rainfall from 272 mm to 375 mm during 2004 to 2020. This increase does not necessarily indicate a change in the amount of land irrigated; it just indicates that certain agricultural areas that were not irrigated before 2017 were irrigated in 2018. Agriculture’s status as a vital industry in the basin, permitting it to continue working throughout the COVID-19 pandemic lockdown period, is the key contributing factor in the increases in the irrigated area in 2020. Since many individuals lost their other means of income during lockdown, agriculture emerged as a substitute.



It is worth mentioning that the cultivated areas ranging from 2001 to 2020 containing three months of data for summer and winter are from January to January, respectively. From Figure 13b, it can be seen that in the periods from 2001 to 2005, the cultivated areas tripled from 200 km2 to 600 km2 and between 2006 and 2018, the cultivated areas fluctuated. Between 2006 and 2018, high rainfall in 2009 (343 mm) and 2012 (384 mm) exhibited an increase in the cultivated areas for the basin and subbasin from 320 km2 to 530 km2 in 2009 and, 430 km2 to 630 km2 in 2012, respectively. Moreover, irrigated areas witnessed a sharp increase for the basin and subbasin which varied from 350 km2 (2018) to 1029 km2 (2020) and from 250 km2 (2018) to 800 km2 (2020), respectively.



Figure 13c shows a significant ascending trend in the irrigated areas in the summer season which is an indicator of an increase or densification of vegetation cover in this region. Interestingly, both the irrigated areas and Doosti Dam’s Lake showed an identical trend for the highest increase for the year 2006 (320 km2) and (56 km2), and the year 2020 (800 km2) and (45 km2), respectively. This also confirmed that whole basin experienced an increase in irrigated areas alongside the Doosti Lake.




3.7. Spatio-Temporal Distribution Winter Irrigated Cultivated Areas in the Doosti Dam Basin’s (2001–2020)


The map presented in Figure 14 shows the irrigated cultivated areas for the winter growing season. Figure 14a illustrates that irrigated land predominated in the water management region. During the winter season, the cultivated areas increased from 632 km2 to 1563 km2 as a result of increased rainfall from 273 mm to 400 mm over the period 2004 to 2020 (Figure 14b). Figure 14c represents a sharp ascending trend in the irrigated areas in the winter season, which is an indicator of an increase in cultivated areas along the Doosti Dam Lake. The irrigated areas and Doosti Dam’s Lake showed similar trends with the highest increase in the year 2020 (985 km2) and (45 km2) over the 20 years, respectively.



Although the irrigated areas in the winter growing season were significantly higher compared to the summer season, the trend of changes in the cultivated areas from 2011 to 2018 was not significant (Figure 13b and 14b).





4. Discussion


Using three-gauge measurements and multi-hydroclimatic gridded datasets at various elevation ranges (from 278 m to 4163 m), this study analyses trends and spatiotemporal variability in multi-hydroclimatic variables over the past two decades. A significant increasing trend in precipitation is apparent over the eastern regions of Iran leading to a positive annual trend over the pixels [30]. Unlike the findings of previous studies [37,65], temperature demonstrated a slight decrease, which might be as a result of the different research periods and various precipitation dataset types (point and pixel-based) employed for trend analysis. Indeed, while a satellite product calculates precipitation variables across a region, a rain gauge measures variables at a particular location [30]. The investigation of the trends of evapotranspiration indicated the positive increasing trend over the regions of Iran, confirming the results of a previous study in Iran [66].



Snow cover generally declined slightly over the period 2004–2021, higher elevation areas experienced an increase in SCA alongside a declining temperature trend [67,68]. Land-use changes and the construction of dams, reservoirs and irrigation canals have been identified as the primary anthropogenic activities causing variations in runoff [69]. Irrigated areas in both the winter (APR-JUN) and summer (JUL-SEP) growing seasons increased through the nonparametric tests across the basin. Human activities increased the irrigated areas and so are considered to be the most significant possible driver of the diversion of runoff in the basin [69]. The results also confirmed that the strong correlation between precipitation and irrigated areas and both irrigated areas and the Doosti lake showed an identical trend.



The GEE platform has two advantages: (1) due to data limitations in the inaccessible, sparsely gauged basin, it facilitated data collection in some regions which have few weather stations and (2) it enabled us to process and analyse numerous hydroclimatic variables, including land use, snow cover, lake reservoir, evapotranspiration, integrating the publicly available big geospatial data.



Considering the spatiotemporal variability of numerous hydroclimatic variables in data-sparse regions, this research provides insights for the policy-maker seeking mitigation strategies. On the other hand, the lack of access to long-term data of consistently high quality, missing data and data with inadequate spatial and temporal coverage could have a detrimental impact, leading to poor decision making. The absence of in situ measurements for other hydroclimatic variables, in addition to temperature and precipitation, is another limitation of this study.



As we only covered the trends with the MK and Sen’s slope, investigating season–trend fit models such as antileakage least-squares spectral analysis [70,71,72] or least absolute shrinkage and selection operator (LASSO) [73] is recommended. The Mann–Kendall test’s essential requirement is that the data should be independent and mostly applied to an annual-scale time series [30,37,61]. Therefore, before applying the Mann–Kendall test, any positive or negative autocorrelation of the data should be removed [74]. Moreover, in this research, Mann–Kendall was applied to annual-scale time series, so seasonality is not present in annual-scale time series. However, prior to annual trend analysis, the autocorrelation test was applied to ensure that there was no seasonality present and to eliminate any existence of an autocorrelation impact on the data [75]. Furthermore, probable changes in the future are generally studied by general circulation models (GCMs) [76,77,78] and scenarios [79,80]. However, climate projections are uncertain for the detection of extremes [81]. The probable changes in environmental flow release can be assessed by applying the downscaled outputs of multi-GCMs forced into hydrological models [82] under a non-stationary assumption [83], which can be further studied in the future. Hence, study under non-stationary assumptions to reduce the damage caused by climate change and human activities is suggested.




5. Conclusions


Given the high spatial and temporal variations in hydroclimatic variables in transboundary regions, it is necessary for water resource decision-makers to understand the hydroclimatic behaviours through the analysis of the variables’ heterogenicity. This study investigated the spatiotemporal aspects of numerous hydroclimatic variables based on GEE at the transboundary level. The nonparametric statistical tests (MK and Sen’s slope) were applied coupled with an advanced web-based cloud computing platform (GEE) to delineate the monotonic trend of data. This study provides a comprehensive understanding of the long-term trend of hydroclimatic variables. The spatial and temporal changes of hydrometeorological temperature (MODIS-Terra), evapotranspiration (MODIS-Terra), snow cover distribution (MODIS-Terra), MODIS Terra NDVI in relation to precipitation (CHIRPS), topography (DEM SRTM) and the LANDSAT NDWI index in the Doosti Dam’s basin are presented for the period 2004 to 2021. The key findings of this study are as below:




	(1)

	
The study showed how well multisensory satellite data can be used to predict hydrometeorological spatiotemporal trends, especially in transboundary high elevation areas when accessing station-observed data is a major challenge. It demonstrated that, for most variables, these trends largely relied on elevation. This statistically upward trend was seen in rainfall, evapotranspiration, and lower temperature during the years 2004 to 2021, but did not have a remarkable effect on snow cover duration.




	(2)

	
This study was focused on understanding how the irrigated cultivated lands responded to different hydroclimatic variables. Because it is a transboundary region, has diverse topography and climate change conditions, the monitoring of the irrigated lands was difficult. Elevation had a significant influence on the climate and the Doosti Dam, situated at a lower elevation, was employed to comprehend the long-term spatiotemporal variability of the irrigated areas and related climatic and hydrological causes. NDVI derived from MODIS indicated the strong correlation between the NDVI and precipitation in the winter.




	(3)

	
Additionally, the findings demonstrate that GEE is an effective method for compiling and establishing the spatiotemporal fluctuations in various variables and that remotely sensed data products consistently represent ground observations in remote transboundary areas. It is anticipated that the socio-ecological system in this transboundary area would decline owing to unsustainable water management which will negatively affect the conditions of the residents. It is important to consider the environmental right of the lakes to improve the conditions in the transboundary river basin. GEE’s potential has not yet been fully realised, despite the fact that it has gradually evolved into a platform for remote sensing research. With the help of GEE, this study offers a rapid and feasible method for determining spatiotemporal climatic trends. The methodology can be easily applied to other areas with comparable issues when combined with the tools made available by GEE. The results of this study can aid in the management of water resources and the preservation of the ecological environment in the Doosti Dam’s basin and other transboundary regions.




	(4)

	
In an area characterised by a complicated set of interactions between precipitation, evapotranspiration, temperature, NDVI, snow cover, lake area and discharge, the overall findings of this study could guide water resource management strategies. Future research should take these elements into account in order to provide a full forecast of the spatiotemporal climatic dynamics of transboundary areas, especially in light of the current period of rapid climate change (both natural and anthropogenic).
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Figure 1. Location of Doosti Dam’s river basin drainage system. (a) Shows Iran (left) and Turkmenistan (right), (b) shows the Doosti reservoir from NDWI Landsat datasets, (c) shows Doosti Dam’s river basin. 
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Figure 2. Flowchart of the methods. 
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Figure 3. The relationship between gauge datasets and the gridded rainfall (a–f) and relationship between gauge datasets and LST (g–h) for the period from 2001 to 2020. 
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Figure 4. Area of Doosti Dam’s reservoir from 2004 to 2021 using GEE. 
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Figure 5. The spatial–temporal distribution of annual rainfall (mm) from the CHIRPS product derived from GEE in the period of 2004–2021. 
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Figure 6. (a) Spatial distribution map of trend status of precipitation based on CHIRPS using Kendall estimator, (b) spatial distribution of trend intensity of precipitation (mm) using Sen’s slope estimator (Z = 1.96 at 95% confidence level), (c) spatial distribution of trend significance using p factor, over the 18-year period (2004–2021) at Doosti Dam’s basin. 
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Figure 7. The spatial–temporal distribution of annual land surface temperatures (°C) from the MODIS (MOD11A1) product derived from GEE in the period of 2004–2021. 
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Figure 8. (a) Spatial distribution map of trend status of land surface temperature (°C) in the Doosti Dam’s basin based on MODIS LST dataset (MOD11) using Kendall estimator, (b) spatial distribution of trend intensity of LST (°C) using Sen’s Slope Estimator (Z = 1.96 at 95% confidence level), (c) spatial distribution of significant trends using p factor, over the 18-year period (2004–2021) in the Doosti Dam’s basin. 
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Figure 9. The spatial–temporal distribution of annual evapotranspiration (mm) from the MODIS product (MOD16A2) derived from GEE in the period of 2004–2021. 
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Figure 10. (a) Spatial distribution map of trend of annual evapotranspiration (mm) over the Doosti Dam’s basin based on MODIS evapotranspiration dataset (MOD16A2) using Kendall estimator, (b) spatial distribution of trend intensity of evapotranspiration (mm) using Sen’s slope estimator (Z = 1.96 at 95% confidence level), (c) spatial distribution of trend significance using p factor, over the 18-year period (2004–2021) for the Doosti Dam’s basin. 
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Figure 11. The spatial–temporal distribution of annual snow cover duration (%) from the MODIS (MOD10A1) product derived from GEE in the period of 2004–2021. 
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Figure 12. (a) Spatial distribution map of trend status of snow cover duration (%) over the Doosti Dam’s basin based on the MODIS product (MOD10A1) derived from GEE using Kendall estimator, (b) spatial distribution of trend intensity of SCD (%) using Sen’s slope estimator (Z = 1.96 at 95% confidence level), (c) spatial distribution of trend significance using p factor, over the 18-year period (2004–2021) for the Doosti Dam’s basin. 
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Figure 13. (a) Spatial distribution of irrigated cultivated lands in Doosti Dam’s basin as well as changes that occurred between 2001 and 2020, (b) correlation between rainfall (CHIRPS), irrigated cultivated areas of basin (km2) in summer growing season based on the MODIS NDVI (MOD09Q) product derived from GEE during 2001–2020 (c) Correlation between rainfall time series (CHIRPS), irrigated cultivated areas (km2) of subbasin in summer growing season and Doosti lake based on Landsat, NDWI index product during 2001–2020. 
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Figure 14. (a) Spatial distribution of irrigated cultivated lands in Doosti Dam’s basin as well as changes that occurred between 2001 and 2020, (b) correlation between rainfall (CHIRPS), irrigated cultivated areas of basin (km2) in winter growing season based on the MODIS NDVI product (MOD09Q) derived from GEE during 2001–2020, (c) correlation between rainfall time series (CHIRPS), irrigated cultivated areas (km2) of subbasin in winter growing season and Doosti lake based on Landsat, NDWI index product during 2001–2020. 
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Table 1. Specifications of ground-based data used in evaluation of satellite-based data.
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	Station
	Specifications
	Longitude

(m)
	Latitude

(m)
	Elevation

(m)
	Time Scale
	Period





	Torbat Jam
	Meteorology

station
	60.56
	35.29
	950
	Daily
	2001–2020



	Sarakhs
	Meteorology

station
	61.15
	36.54
	278
	Daily
	2001–2020
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Table 2. Comparing observed and gridded datasets’ (CHIRPS, GPM and ERA5 for rainfall and LST for temperature) spatial similarities using statistical indices for the period from 2001 to 2020.
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Statistical Measurements

	
Rainfall Station (mm), Sarakhs

	
Rainfall Station (mm), Sarakhs

	
Rainfall Station (mm), Sarakhs

	
Rainfall Station (mm), Torbat

	
Rainfall Station (mm), Torbat

	
Rainfall Station (mm), Torbat

	
Temperature Station (°C), Sarakhs

	
Temperature Station (°C), Torbat




	
CHIRPS

	
GPM

	
ERA5

	
CHIRPS

	
GPM

	
ERA5

	
LST

	
LST






	
R2

	
0.71

	
0.74

	
0.56

	
0.77

	
0.71

	
0.73

	
0.61

	
0.66




	
Pearson’s correlation

	
0.85

	
0.86

	
0.75

	
0.88

	
0.84

	
0.85

	
0.77

	
0.81




	
RMSE

	
25.27

	
34.28

	
35.59

	
48.57

	
49.23

	
66.16

	
4.56

	
9.25




	
Bias

	
5.6

	
19.7

	
−2.36

	
40.40

	
37.55

	
59.12

	
4.44

	
8.75




	
MBias

	
1.02

	
1.13

	
0.98

	
1.31

	
1.23

	
1.45

	
1.16

	
1.32
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Table 3. Specifications of used datasets of satellite imagery available in Google Earth Engine.
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Parameters

	
Temporal Resolution

	
Product Information

	
Spatial Resolution

	
Time Period






	
CHIRPS

	
Daily

	
Climate Hazards Group InfraRed Precipitation with Station Data (Version 2.0 final)

	
5 km

	
2001–2021




	
GPM

	
Daily

	
Global Precipitation Measurement (GPM)

	
10 km

	
2001–2020




	
ERA5

	

	
European Centre for Medium-Range Weather Forecasts (ECMWF) Climate Reanalysis

	
25 km

	
2001–2020




	
MODIS Terra

	
Daily

	
Surface reflectance (MOD09Q)

	
250 m

	
2004–2021




	
Daily

	
Snow cover (MOD10A1)

	
500 m




	
Daily

	
Land Surface Temperature (MOD11A1)

	
1 km




	
8-Day

	
Evapotranspiration (MOD16A2)

	
500 m




	
Landsat 5 TM

	
16 days

	
Level 1

	
30 m

	
2004–2021




	
Landsat 7 ETM

	
16 days

	
Level 1

	
30 m

	
2004–2021




	
Landsat 8 OLI

	
16 days

	
Level 1

	
30 m

	
2013–2021




	
DEM

	
1

	
SRTM

	
90 m

	
-

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png
[ Image Collection ]
| cumes ET SCE LST SR SRTM Landsat  |!
: MOD16A2 MODI10A MODI11A1 MODOSGQ I
Filter | Filter Filter Filter Filter Filter
Date | Date Date Date Date Date
—1l | | | | —
Filter Filter Filter Filter Filter Filter
B “mrﬂ ) Bounds Bounds Bounds Bounds P“‘m‘TE
| | | |
[Mﬂﬁﬂiﬂ [Mnsmu: J [Mnsaiu: J [Mnsail: J [Mnsaic J [Mnsaic J
| | | | | |
Band Band Bands Band Bands [ Eands_
Selection Selection Selection Selection Selection Selection
[m}w J [I‘JDWI J
(Season
Annual Annual Annual Annual Max Water
ST Sum SCD Mean | r mask
Irrigated .
| Lands
Yt ¥ SR S ¥ Y __ -
| [ Trend analysis ] [ : [ Lake analysis ] |
L J - W,
|F|"'r 4 4 | : "“:1
l Temporal and Check trend for each dataset Confidence intervals of Sen’s |
: spatial pattern of | with non-parametric tests | | slope (for the significant |,
| hydrometeorological tendencies of 95% confidence 'H_
— variables Mann-Eendall test level) I
- N J v

T EEN O O N O N B O . .

. BN N BN N OEEN NN NN G N N NN NN N B N N N S O S N TN N N O T N T N S O T N N O T O T O T I . e s e





media/file8.jpg
A—A A A& g A A 8 A& & 3 28 2 a2

Gifid FE g s g ea G

P P N T

R S L R B S S





media/file48.jpg
(km)

——Subbasin 01 _winter

= Doosti Lake

100

g

g8 8 8 8 8

g 8 8 8 §

(zuny) Jauim- easy paredial

2020
2019

2018

2017

2016
2015
2014
2013
2012
2011
2010
2009
2008
2007
2006
2005
2004
2003
2002
2001

Year

(<)





media/file18.png
36

35

34

36

35

34

59 60 61 62 63 64 65 66
Al”
35
__| Basin
Sen 's Slope (Rain) 34
Il -0.0012
| -0.000385
= 0.00043 0 75 150 km
59 60 61 62 63 64 65 66
59 60 61 62 63 64 65 66
- ;Q\ 36
o )
- . 35
= ~ _ P -
__| Basin
P-Value ( Rain) . T 34
1 Insignificant e
i Significant 0 75 150 km
—
59 60 61 62 63 64 65 66





media/file21.jpg
200

LsTeo)

1638

ey

Y

>

208
LSTCC)
loss s

i





media/file26.png
59 60 61 62 63 64 65 66
36 . : }&\ 36
R = .
35 ’ "!1 e |35
\ - R .[:; :"I‘}i- g _"\(
_] Basin 3 -~ o :. Ve
34| Mann Kendall (LST) £ 5 A 34
Il Negative Trend e
| Without Trend
B Positive T:::d 0 75 150 km
59 60 61 62 63 64 65 66
(a)
59 60 61 62 63 64 65 66
36 }Q\ 36
35 35
__| Basin
34| sens Slope {LST) 34
B -0.0012
| -0.000385
B 0.00043 0 75 150 km
59 60 61 62 63 64 65 66

59
36 -
35 : b -

__| Basin o @v = - q ,'
34 P-Value (LST} T il l‘:;;:.”.t -

1 Insignificant
I Significant

34

59 60 61





media/file12.jpg
014
in om)

i
0 o7
Ra o) Ra )
 — e C— —p e
e Dy
Rain ) Rain o) —
| — e =
[ w

i
) -
T — I —

>

e

s





media/file20.jpg





media/file7.jpg





media/file10.png
36

36

36

36

36

36

2020

36

36

36

36

36

36

36

36

36

36

36

36

36

36

36

36

61
2009
Yy
01 2Kkm
-
61
61
2013
L 4
o«
36
K k‘ ‘~'
- /‘,A/
01 2km ™
: ’
61 61 61
61 61 61
i kSG
36
2017
36
36
. 36
S
01 2km ™
~*
61 61 61
61 61 61
A
ET)
v 36
2021
36
36
z o 36
e
"I
A1 2w |

61 61 61

36

36

36

36

36

36

2010

2014

2018

36

36

36

36

36

36

36

36

36

36

2019

‘36

36

36

36

36





media/file45.png
60.|000 61.|000

36.000 —
35.000 — 4
34.000 —
33.000 —
0 50 100 km
| I
32.000 — | |
60.000 61.000

62.|000

I
62.000

63 .FOO

I
63.000

(a)

64.000 65.|000

I
64.000 65.000

66.?00

66.000

— 36.000

— 35.000

— 34.000

— 33.000

— 32.000





media/file11.jpg
2004
Rain (mm)

B

Rain ()

Lo

Rain (mm)

0

m)
T — %

ain )

Rain (mm)

2
Rain (mm)

-

-

e

-





media/file6.png
y = 1.1316x - 23.242

—~ 350 Sarakhs vs ERA5=0.75
c: 300 . . .. ve® °
< 250 o g
v Sagill JI
£ 200 e ao®
= 150 SV o °
o] o°®
€ 100 »
© o
= 50
8
s 0
“ 100 150 200 250 300
Gridded rainfall in mm (ERA5)
° ERA5 secsecsee Linear (ERAD)
(a)
y =0.9151x — 52.291
300 Torbat vs ERA5= 0.85
= @
S 250 QO
$
é 200 ® ‘..,.
£ 150 ‘.“ °
3 90 ® @
‘% 100 O]
c 50 ®
8
0
100 150 200 250 300 350 400
Gridded rainfall in mm (ERA5)
° ERA5 seecceccs Linear (ERAD)
y =1.3821x - 16.627
31 Sarakhs vs LST= 0.77
w0
~ ®
(o] o®
© 29 oo ©.*
3 .
g 28 o’
= 27 '@
2 26 ° o ®
: e GO
g 25 Q.
g L]
= 24
N 29 30 31 32 33 34

Gridded temperature in C (LST)
) LST eeeeccecee Linear (LST)

(8)

=350  Sarakhsvs GPM=0.86
< 300 e
U(g) o°® -
250 .. . ”e ®
£200 ® ..o
pry ®
=150 B
£100 ¢
= o
§ 50
T
& 0
100 150 200 250 300 350
Gridded rainfall in mm (GPM)
° GPM cecccccee Linear (GPM)
y =0.8028x + 1.3168
300 Torbat vs GPM= 0.84
= [ ]
S 250 o ®
é2
é 00 ° ‘..0
£150 ® ....’ )
= ny K
'% 100 L 3
= 50 o
2
£ 0
N
50 100 150 200 250 300
Gridded rainfall in mm (GPM)
° GPM seeescecse Linear (GPM)
(e)
y =3.892x - 112.53
340 Torbat vs LST= 0.81
< 320 ® o
5
5 30.0 i
k= )
% 28.0 . ®
s 26.0 .
2
g 24.0 . .‘. ®
£ 220 o - YQ
5
& 200 -
33.0 34.0 35.0 36.0 37.0
Gridded temperature in C (LST)
o LST eeeeeccoe Linear (LST)

y = 0.6717x + 47.342

(h)

y = 0.8692x +22.487

350 . Sarakhs vs CHIRPS=0.85

w0
< 300 .o
g ® &
g 250 0N & ®

g 200 " x

g o o ©
£ 150 e :
w0 | o o ©
=

g 50

g
2 0
IS

400 & 100 150 200 250 300 350
Gridded rainfall in mm (CHIRPS)
° CHIRPS ¢eeceeceeee Linear (CHIRPS)
(c)
y = 0.8789x — 24.196
300 Torbatvs CHIRPS=0.88

= .0
8250 8.

S .ot

=200 e

: o oo’

5150 ,'.3 O

z 9 ©

= 100 D

S

= 50 ®

8

E 0

350 100 150 200 250 300 350 400
Gridded rainfall in mm (CHIRPS)
° CHIRPS <¢cceeeceee Linear (CHIRPS)
38.0





media/file15.jpg





nav.xhtml


  ijgi-11-00535


  
    		
      ijgi-11-00535
    


  




  





media/file2.png
45°0'0"E 50°0'0"E 55°0'0"E 60°0'0"E 65°0'0"E

4 4
5 f\f\l\ 5
o o
2 XMX Jw\ — |3
61 61
4 4
N 5 \ |5
o o
5 NS
45°0'0"E 50°0'07E 55°0'0"E 60°0'0"E 65°0'0"E
61 62 63 64 6 66 67

® Sarakhs station

61 61 60 61 62 63 64 65 66 67

1 Basin

@ Meteorlogical Station

o Hydrometric Station
Streams

— Main Rivers

B Dam Lake





media/file24.png
2020

LST (°C)

16.85

31.85

46.85

75

150 km

2021

LST (°C)

16.85

31.85

46.85

75

150 km

>z





media/file1.jpg
(b) (©





media/file16.jpg
36

35

59 60 61 62 65 66
A 36
35
Basin
Sen's Siope (Rain) e
=-0.0012
0000385,
= o 75 150km
59 60 61 62 65 66






media/file42.png
36

35

34

36

35

34

36

35

34

__] Basin
Mann Kendall (SCD)
I Negative Trend

| Without Trend

B Positive Trend 0 75 150 km
59 60 61 62 63 64 65 66

(a)
59 60 61 62 63 64 65 66

1 Basin
Sen 's Slope {SCD)
B -0.0012

| -0.000385
B 0.00043

59 60 61 62 63 64 65 66

59 60

__| Basin
P-Value (SCD)
1 Insignificant
I Significant

59 60

36

35

34

36

35

34





media/file47.jpg
e
@
At m) s it k) b O e ()
100 150
16 20
g
Zum m oz
Tum Sk
£ om w0 3
g w0 oo £
Fled m
fw H
0
i
. 50
BEEEEEEEENE
EEEEEyEEEEEEBRUEEEEY





media/file38.png
2004

SCD (%)

0

50

100

>z

2005
SCD (%)

0 75 150 km
— )

50 100

-}

>z





media/file30.png
2012
ET (mm)

2016
E

{

ﬂ

150 300

150 300

T (mm)
150 300

150 300

150 300

75 150 km

150 km

ﬂ

75 150 km

ﬂ

150 km

&

75 150 km

ﬂ

>z

>z

>z

>z

>z

150

300

75

150 km

|

-}

150

300

75

150 km

&

150

300

-}

150

300

0

150

300

|

>z

>z

>z

>z

>z





media/file35.jpg
seo e

sep

ry

i





media/file13.png
2004

Rain (mm)
0 75 150 km
[ SEE—

0 300 600

2006

Rain (mm)

e o 75 1s0km
L SE—

0 300 600

2008

Rain (mm)

o Sl i
L S—

0 300 600

2010

Rain (mm)

o

75 150 km

ﬂ

0 300 600

A

b, ST

Rain (mm)

>z

>z

>z

2005

75 150 km

ﬂ

0 300 600

2007

Rain (mm

75 150 km

ﬂ

0 300 600

2009

Rain (mm)

75 150 km

h

0 300 600

2011

Rain (mm)

75 150 km

&

0 300 600

>z

>z

>z

>z





media/file39.png
SCD (%)

0 75 150 km
— )

50 100

A s

-}

2008

SCD (%)
75 150 km

0 50 100

2010
SCD (%

75 150 km

|

0 50 100

150 km
L Se—
0 50 100
2014
SCD (%)
0 75 150km
L S—
0 50 100
2016
SCD (%)
0 75  150km
L S—

50 100

-}

2018
SCD (%)

0 75 150 km
— )

0 50 100

>z

2007
SCD (%)

75 150 km

0 50 100

50 100

0

>z

2011
SCD (%)

75 150 km

0 50 100

R

2013
SCD (%

A
2015
SCD (%)
I 075 150km
L S—
0 50 100
A
2017
SCD (%)
0 75 150 km
0 50 100
A

2019
SCD (%)

0 75 150 km
— )

50 100

-}

>z

>z

>z

>z

>z

>z

>z





media/file27.jpg
o s e
2008
ET o)
| om—
o o we
2010
ET )
T ——
o 10w

i

-

-

11
ET ()

-

-

-

-





media/file3.jpg
cHmes T sce LsT s s
MoD1Ga2 | MODIA | MODuAI || MoDoGQ

= EE) B &) -
= e el el
=B e =)&)

I I I T






media/file9.png
61

61

61

61

61 & 61
i} A 36
) 36
) 36
36 '/7' ) )
b
e
| )
) A R 36
,'h &‘
r‘-) "
! ,‘J
01 2km ;
) 1 i '/ 36
\, ’
= o 61

61 61
36 A“
) 36
2006
36 ) ’
) 36
36 - I
R e,
36 01 2km //hv )
<ol
- ai 61

36

36

36

36

36

36






media/file22.png
2004
LST (°C)

16.85  31.85

46.85

75

150 km

>z

2005
LST (°C)

16.85  31.85

46.85

75

150 km

>z





media/file19.jpg
2008
LsTC0)
s s

2005

LsT00)

e

o=

o





media/file23.png
>z

2006

LST (°C)
- s

LST (°C)

{

o

o

75 150 km 75 150 km

h
ﬂ

16.85  31.85 46.85 16.85  31.85 46.85
)
2008 2009
LST (°C) LST (°C)
B | 0 75 150 km B | | o 75 150km
16.85  31.85 46.85 1685  31.85 46.85
)
2010 2011
LST (°C) LST (°C)
_ 0 75 150 km _ 0 75 150 km
16.85  31.85 46.85 1685  31.85 46.85
)
2012 2013
LST (°C LST (°C
o _n  isowm - v s o

ﬂ
H

16.85  31.85 46.85 1685 31.85 46.85

>z

2014
LST (°C)

. o isomm
T 00 A
16.85 31.85 46.85 16.85 31.85 46.85
A
2016 2017
LST (°C LST (°C)
R — . e ' o e s

H
h

16.85  31.85 46.85 16.85  31.85 46.85

>z

2018
LST (°C)

2019
LST (°C)

75 150 km

o

75 150 km

H
&

16.85  31.85 46.85 16.85 13.85 46.85

>z

>z

>z

>z

>z

>z

>z





media/file40.png
2020

SCD (%)

0

50

100

>z

2021
SCD (%)

0 75 150 km
— )

0 50 100

>z





media/file36.jpg
SEALSY
MRLRLAY





media/file28.jpg
2
e

U — PR
o e

s

From

" F— -
o e e

e

" — PR
]

s

1 PEESE
e

N

Frm

T rm— — -

-

-

=

=

-

M
o
T —

2017

1
P

2019

1o

o m

2o

£ o

P =

S

e

=





media/file14.png
2012

Rain (mm)

0 300

2014

Rain (mm)

600

0 300

201

Rain (mm)

0 300

2018

Rain (mm)

600

600

0 300

2020

Rain (mm)

600

0 300

600

o

75 150 km

ﬂ

o

75 150 km

H

o

75 150 km

ﬂ

o

75 150 km

h

o

75 150 km

ﬂ

>z

>z

>z

>z

>z

2013

Rain (mm)

0 300

2015

Rain (mm)

0 300

0 300

2019

Rain (mm)

0

300

2021

Rain (mm)

600

600

600

600

0 300

600

75 150 km

ﬂ

75 150 km

h

75 150 km

ﬂ

75 150 km

ﬂ

75 150 km

ﬂ

>z

>z

>z

>z

>z





media/file49.png
60.I000 61 .IOOO 62.?00 63.?00 64.I000 65.?00 66.I000

36.000 — R — 36.000
35.000 — — 35.000
34.000 — ' U L 34.000
33.000 — — 33.000
0 50 100 km
| I
32.000 — | | : | | | | — 32.000
60.000 61.000 62.000 63.000 64.000 65.000 66.000
(a)
mmmm Annual rainfall (mm) e Basin_winter (km) e Sybbasin 01_winter (km)
1800 150
— 1600 250
~N
£ 1400 350 =
2 1200 450 :E,
> ©
= 1000 i | 550 E
@© ....ooocoooooooo .6
o 800 B\ WRRRRPRIITIEY S
- 600 0 E
ge) S
% 750 §:
400
= 850
— 200
950
0
N N N DN N N N N N N N N N N N N N N N N
O O O O O O O O O O O O o o o o o o o o
O O O O O O O O O R FRP P P PR R PR R R R~ N
L N W b U1 O N 0O O O P N W & U O N O O O
Year





media/file41.jpg





media/file32.jpg
36 A 36

35 35
iasn
34| Sen's siope (ET) 34
-0z

" ‘ooouass

o o 75 1s0km

59 60 61 62 63 64 65 66






media/file37.jpg
>4

200 o
o sep )
T — [RERC O — (R

T . W e M

o





media/file46.png
(km) Subbasin 01_summer (km)

Basin_summer

mmmm Annual rainfall (mm)

150

(Ww) ||ejuiey [enuuy

o o o o o o o
LN LN LN LN LN LN LN
(o] on < LN (X M~ o0

950

1200

o o o o o
o o o o o
m o0 X} < @\

(zwy]) Jowwng- eauy palesiu|

2020
2019
2018
2017
2016
2015
2014
2013
2012
2011
2010
2009
2008
2007
2006
2005
2004
2003
2002
2001

Year

(b)

(km)

Subbasin 01_summer

B Doosti Lake

o

o O O O O o o o o o
— O o000 N O 1N < on N <+ O
o O O o O o o o o o
© O O o o o o o o
A o0 N O n I o N

(zwd]) Jawwng- ealy paledid|

2020
2019
2018
2017
2016
2015
2014
2013
2012
2011
2010
2009
2008
2007
2006
2005
2004
2003
2002
2001

Year

(c)





media/file29.png
150

150

150

300

300

300

75 150 km

|

150 km

|

75 150 km

ﬁ

150 km

ﬂ

>z

>z

>z

>z

150 300

75 150 km

|

-}

150 300

2009
ET (mm)
T
150 300

75 150 km

|

75 150 km

|

>z

>z

>z

>z





media/file50.png
(km)

Subbasin 01 winter

B Doosti Lake

o

o o O O o o o o o o
— O o0 N O 1N < on N -
o o o o o o
o o o o o o
N o o0 X} < @\
i i

(zw) 493U~ B3Iy palesii|

2020
2019
2018
2017
2016
2015
2014
2013
2012
2011
2010
2009
2008
2007
2006
2005
2004
2003
2002
2001

Year

(c)





media/file5.jpg





media/file33.png
59 60 61 62 63 64 65 66

__| Basin
Mann Kendall (ET)
B Negative Trend
| Without Trend
B Positive Trend °_75 150 kem

59 60 61 62 63 64 65 66

36

35





media/file44.jpg
m=Subbasin 01_summer (km)

= Basin_summer (km)

—Aneusal caintall (men)

]

g

[ —

H

() gejunery jenuuy
IEERE

8 8 8

g

7

0
o
6
o0
o
u
o0

2005

20
001

Year

®)

—— subbasin01_sommer ()

st

8282833882,

T 20
— o

ggBg88888-"

(zuny) sowuns. easy panediuy

Year

©





media/file31.jpg
36 A 36
35| 35
i nasin
34| Mann Kendail (ET) 2
= Negatv Trend
" Wihou Trend o B amim
= positiv Trend p—

59 60 61 62 63 64 65 66





media/file25.jpg





media/file0.png





media/file17.png
59 60 61

62

63

64 65 66

36

36 = A
T
35 8 LB — 35
-.'\'. [ ¥ e - - L l)__. L - .\:
__1Basin e 1 T
34| Mann Kendall (Rain) = “T__.- 4 e e 34
Il Negative Trend
| Without Trend
B Positive Trend 0 75 150 km
59 60 61 62 63 64 65 66





media/file43.jpg
(a)





media/file34.png
59 60 61 62 63 64 65 66

__] Basin
Sen 's Slope (ET)
N -0.0012

| -0.000385

= 0.00043 0 75 150 km

59 60 61 62 63 64 65 66

(b)

59 60 61 62 63 64 65 66

__| Basin
P-Value ET
1 Insignificant

I Significant 0 75 150 km

59 60 61 62 63 64 65 66

(c)

36

35

36

35

34





