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Abstract

:

Computing the resilience of water resources, especially groundwater, has hitherto presented difficulties. This study highlights the calculation of the resilience of water resources in the small-scale Lali region, southwest Iran, to potential climate change in the base (1961–1990) and future (2021–2050) time periods under two Representative Concentration Pathways, i.e., RCP4.5 and RCP8.5. The Lali region is eminently suitable for comparing the resilience of alluvial groundwater (Pali aquifer), karst groundwater (Bibitarkhoun spring and the observation wells W1, W2 and W3) and surface water (Taraz-Harkesh stream). The log-normal distribution of the mean annual groundwater level and discharge rate of the water resources was initially calculated. Subsequently, different conditions from extremely dry to extremely wet were assigned to the different years for every water system. Finally, the resilience values of the water systems were quantified as a number between zero and one, such that they can be explicitly compared. The Pali alluvial aquifer demonstrated the maximum resilience, i.e., 1, to the future climate change. The Taraz-Harkesh stream, which is fed by the alluvial aquifer and the Bibitarkhoun karst spring, which is the largest spring of the Lali region, depicted average resilience of 0.79 and 0.59, respectively. Regarding the karstic observation wells, W1 being located in the recharge zone had the lowest resilience (i.e., 0.52), W3 being located in the discharge zone had the most resilience (i.e., 1) and W2 being located between W1 and W3 had an intermediate resilience (i.e., 0.60) to future climate change.
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1. Introduction


Groundwater systems supply 30% of the fresh water on Earth [1]. Multiple civilization factors have pressurized water supply systems [2] and water insecurity has raised concerns globally, especially in the developing countries like Iran due to various factors, including climate change [3]. Indeed, groundwater level in Iran’s aquifers are declining due to anthropogenic and climate-induced depletion, e.g., [4,5]. Operational criteria may be employed to assess the water security of a system. Several operational criteria occur in terms of the failure or deficit of a water system, including reliability, vulnerability and resilience. Reliability is the failure probability of a system [6]. Vulnerability indicates the failure intensity. Resilience may be defined as the disturbance that a system can endure to remain in the steady-state condition [7]. Resilience is a fundamental concept in addressing the environmental issues when considering potential hazards [8]. Resilience is the most important component of the Global Water Partnership (GWP)-Water Security Matrix with regard to water security [9,10,11].



Employing these operational criteria has a pivotal role in assessing a water system, concerning the external stresses such as groundwater pumping and climate change. Hashimoto et al. [6] proclaimed that, even though the means and variances of two different systems may be equal, the operational criteria considering the failure or unsatisfactory condition of the systems may be dissimilar, so that they can specifically distinguish the characteristics of the water systems.



The operational criteria do not pinpoint the relationship between drought frequency and intensity. Short-term droughts with trifling water deficits occur more frequently than intense droughts [12,13]. Moreover, the definitions of the operational criteria are nonunique, e.g., vulnerability may be represented by the mean failure or drought deficit [12,14,15,16], the mean of the maximum deficits of the successive time periods with failure [6,17], the maximum drought [18] and the probability to exceed a particular threshold of deficit [19].



Resilience may be defined as the positive adaptation capacity of the system when an unsatisfactory condition occurs. However, resilience and adaptation are disparate subjects. Adaptation strategies may either decline or enhance the system’s resilience. The magnitude of failure may be larger than the adaptability so that the system’s resilience may not be maintained. Resilience is not a specific concept. Therefore, the satisfactory conditions of a resilient system should be determined with regard to the objectives of the society and the profit and loss distribution [20]. Finally, no systematic approach exists regarding water system resilience, especially in groundwater hydrology.



Assessing the resilience of groundwater systems to climate change is vital in order to present adaptation strategies and supply sustainable water, such that climate change is exacerbating the quality of water resources in different parts of the world [21,22,23]. Hera-Portillo et al. [24] declared that until very recently resilience has not been applied to the literature of hydrogeology. Therefore, they attempted to elucidate the concept of resilience from a hydrogeological perspective. As explained, resilience may be used by considering either the liquid phase of groundwater or the physical aspects of aquifer. In either case, the groundwater level is primarily the measured variable. Groundwater resilience is defined as the ability of the aquifer to sustain its storage in spite of instabilities [25]. Shrestha et al. [26] defined groundwater resilience as the ability of the groundwater system to alleviate exploitation and maintain operation under dissimilar precipitation and surface water recharge rates when the system is considered interconnectedly. Indeed, groundwater resilience should be considered in the context of the influences of exploitation, climate change and anthropic actions on water tables, base flows and other ecohydrological circumstances [27]. Mapping groundwater resilience is another concept that has been used in some studies, e.g., [26]. This is defined as the capacity of the aquifer to tolerate external stresses such as climate change and drought. Moreover, metastability is an important concept in resilience. Indeed, a system does not usually return to the pristine situation following a failure [24] and, instead of a unique stable state, there are stable states. Regarding the system after perturbations, a groundwater recharge system has resilience if it can reestablish the initial sensitivity of groundwater to precipitation [28].



Global groundwater storage has been estimated to be 7 to 23 Million Cubic Meters (MCM) [29]. This ambiguity in the estimation of groundwater storage makes it difficult to quantify the resilience of groundwater resources. Aquifers with high discharges and low buffering capacities are considered as overstressed aquifers [30] for which ground subsidence and permanent destruction are presumptive [2]. Moreover, several indeterminate and irreversible thresholds may exist, such that exceeding them may change the benefits of a groundwater system, e.g., saltwater intrusion may occur into the freshwater aquifers [31].



Considering the aforementioned difficulties, applying operational criteria to the water systems is difficult and indispensable, especially with regard to groundwater. Groundwater resilience has been assessed in some studies, especially during recent years [24,26,27,28,30,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53]. One problem is that resilience is not dimensionless; hence, making a comparison between different regions is well-nigh impossible [34]. Indeed, the resilience of water systems has not been hitherto computed as a number between zero and one or as a percentage; thus, comparing various water systems is not achievable. Moreover, to the knowledge of the authors, no study has taken into account different water systems in a small-scale region with no pumping well to assess the groundwater resilience to climate change. The importance of studying the impact of climate change on aquifers without anthropogenic groundwater extraction has been accentuated in studies, e.g., [54,55]. In fact, the hydrological resilience of different types of aquifers and formations has not been hitherto assessed. A comprehensive assessment is required to determine the hydrogeological characteristics of different water systems to climate change in the same region to see whether they illustrate similar responses or not. However, achieving the goal is demanding. As previously mentioned, this is due to the paucity of the scientific literature in the context of the aquifer resilience, especially from a quantitative perspective.



The general conception of resilience depends on various physical and hydrogeological parameters [43]. As a result, the resilience of different alluvial, karst and hard-rock aquifers to climate change may be contrasting according to their hydrodynamic coefficients. In this study, the concept of resilience primarily refers to the quantity of groundwater and it is not considered in terms of quality or intrusion of saline water, as in the study carried out by [56]. Moreover, aquifer resilience is considered solely to potential climate change. In brief, the primary purpose of the current study is to quantify and compare the resilience of the alluvial aquifer, karst aquifer and surface water in the small scale Lali region for the future time period (2021–2050) in relation to the base time period (1961–1990), considering two Representative Concentration Pathways, i.e., RCP4.5 and RCP8.5.




2. Materials and Methods


2.1. The Study Area


The Lali region is located in the north of Khuzestan province, southwest Iran. It is in the folded zone of the Zagros Ranges (Figure 1). The climate of the study area is semi-arid with average temperature of 25.1 °C and average rainfall of 396 mm/year.



The study area is located in the southwestern ridge of the Gurpi and Pabdeh anticlines. Formations in the study area are Ilam-Sarvak (limestone), Gurpi (shale), Imam Hassan (limestone), Shahbazan (limestone and dolomite), Pabdeh (shale), Asmari (limestone), Gachsaran (marl and gypsum), Mishan (marl and limestone), Aghajari (marl and sandstone), Lahbari (siltstone), Bakhtiari (conglomerate) and recent alluvial sediments, chronologically. The Pali alluvial aquifer is located in the northwestern part of the study area and feeds the Taraz-Harkesh stream. Observation wells W1, W2 and W3 and the Bibitarkhoun karst spring are related to the Asmari Formation. The wells are parallel to the axes of the folds (Figure 1). Formations of the study area have different groundwater potential depending on the lithology and intensity of tectonic forces. Hard-rock aquifers are mainly related to the Asmari and Ilam-Sarvak limestone formations and the Bakhtiari conglomerate formation.




2.2. The Applied Approaches


In summary, the applied procedure in determining the resilience indices of the water resources in the Lali region is as follows (Figure 2): (1) Precipitation, minimum temperature and maximum temperature were obtained by making use of the NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) data set. (2) The response of the stream, karstic aquifer and alluvial aquifer to climate change was calculated using IHACRES, Artificial Neural Networks (ANNs) and MODFLOW, respectively, by considering the extracted climatic variables as the inputs. (3) The gamma distribution of the obtained groundwater levels and discharge rates was achieved, so that the resilience of different water resources to potential climate change was quantified. The methodology is introduced in more detail in the following subsections.



2.2.1. Calculating the Climatic Variables and the Responses of Water Systems to Climate Change


Climate Change


The state-of-the-art NEX-GDDP data set introduces diurnal precipitation, minimum temperature and maximum temperature for the base time period of 1950–2005 and the future time period of 2006–2100 [57]. This data set provides bias-corrected statistically downscaled climatic variables of the projections of 21 General Circulation Models (GCMs), conducted under the Coupled Model Inter-comparison Project Phase 5 (CMIP5) over the globe [58]. This new data set has been produced by NASA to assist scientists to carry out impact studies even at local scales [59].



Cao and Gao [60] explained that two stages have generally been considered in producing the NEX-GDDP data set: (1) The GCM outputs were compared with the observations to correct the biases. The acquired information of the biases in the historical time period was used to correct the climate projections in the future time period [59]. (2) The spatial disaggregation method was considered to downscale the GCM outputs to a fine resolution, i.e., 25 km by 25 km [61]. The statistical downscaling approach of the Bias-Corrected Spatial Disaggregation (BCSD) approach was applied to address restrictions in the GCM projections [61,62,63,64,65]. The Global Meteorological Forcing Dataset (GMFD), which is accessible from the Terrestrial Hydrology Research Group at Princeton University, was used for the prerequisite observed approximations. Some studies have approved that the NEX-GDDP data set is preferable to the CMIP5 and CORDEX data set [66,67]. The NEX-GDDP data set is accessible on the Climate Model Data Services (CMDS) website, i.e., ftp://ftp.nccs.nasa.gov/, accessed on 1 November 2019 [68].



The impact of climate change on the study area was determined utilising the temporal (daily) and spatial (25 km by 25 km) downscaled NEX-GDDP data set for the base (1961–1990) and future (2021–2050) time periods under RCP4.5 and RCP8.5. In the current study, the average of the ensemble of the models included in the NEX-GDDP data set was taken into consideration. The interested reader may consult [54,69] to attain detailed information about the evaluations of the NEX-GDDP data set over the Lali region.




The Taraz-Harkesh Stream and the Pali Alluvial Aquifer


The impact of climate change on the Taraz-Harkesh stream and the Pali alluvial aquifer was computed by making use of IHACRES and MODFLOW models, respectively. For the Taraz-Harkesh stream, daily data are available from 23 September 2009 to 22 September 2011 and monthly data are accessible from 6 November 2012 to 6 October 2015. The model was calibrated by making use of daily data. Moreover, it was verified using the monthly data. The Taraz-Harkesh stream discharges the Pali alluvial aquifer. Monthly groundwater level data exist for eight observation wells for this aquifer from 2007 to 2018. MODFLOW 2000 package in GMS10.3 software (Hurricane, UT, USA) and finite differences were used in this study. The spatial resolution was chosen as 300 m by 300 m and the temporal resolution was selected as annual intervals. The first year with observation data, i.e., 2007, was considered for the steady-state calibration of the model. Furthermore, the time periods 2008–2014 and 2015–2018 were selected for the unsteady-state calibration and verification of the model, respectively. The interested reader may consult [55,56,57,58,59,60,61,62,63,64,65,66,67,68,69,70] to attain detailed information about the modelling of the Pali alluvial aquifer and Taraz-Harkesh stream and their responses to potential climate change.




The Bibitarkhoun Spring and the Limestone Wells


ANNs are black box models which have been employed broadly to model the processes concerning the world of nature. Specifically, the feed forward neural networks (FFNNs) trained by the back propagation algorithm have been applied promisingly to hydrological research in quantifying the time series. Moreover, a FFNN with one hidden layer and nonlinear activation function usually results in an auspicious approach for calculating the nonlinear relationship occurring between the inputs and outputs. Furthermore, the weights in the hidden and output layers may be improved in order to train the ANNs [71].



The impact of climate change on the discharge rate of the Bibitarkhoun karst spring and the groundwater level of the wells W1, W2 and W3 was quantified by ANNs. Daily discharge data are attainable for Bibitarkhoun spring from 21 March 2005 to 31 December 2016, with some data gaps. The lowest and highest discharge rates are about 1 and 5 m3/s for the spring. The calibration (training) and verification time periods were considered as 2005–2011 and 2013–2016 for the spring, respectively. Moreover, monthly groundwater level data exist for the limestone wells from 2006 to 2017. Mean groundwater level elevation is 473, 428 and 414 m for W1, W2 and W3, respectively. The spring and limestone wells are related to the Asmari Formation. The well W3 is in the vicinity of the spring (Figure 1). Lithology of this well is mainly marly limestone and marl.



In the current study, subsequent to normalizing data between 0.1 and 0.9, the ANN toolbox of Matlab R2015a software was used in order to achieve the results. The feed-forward back propagation neural network with Levenberg-Marquardt training algorithm gave the best result for simulation of the response of the karstic aquifer to potential climate change. Training, validation and test data sets encompassed 70, 15 and 15% of data, respectively. The number of hidden layers and neurons was computed by the trial and error approach. The network with one hidden layer and tansig activation function was the best model. Additionally, precipitation and average temperature were considered as the inputs concerning the simulation of the spring and precipitation, and minimum temperature and maximum temperature as the inputs regarding the modelling of the limestone wells. One time lag was taken into account regarding precipitation as the input for both spring and limestone wells. In other words, precipitation of the previous month was considered to train the network along with the climatic variables of the current month. The optimum number of neurons in the hidden layer producing the best results was computed to be 43 for the spring and 48 for the limestone wells. The interested reader may consult [54,72] to attain detailed information about the modelling of the Bibitarkhoun karst spring and the limestone wells W1, W2 and W3 and their responses to potential climate change.





2.2.2. Statistical Criteria


To assess the ability of different models to simulate the climate, surface water and groundwater in the Lali region, various statistical indices were used, including R, R2, Nash-Sutcliffe Efficiency (NSE), Mean Error (ME), Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).




2.2.3. Calculating the Resilience


To calculate the Standardized Precipitation Index (SPI), the long-term precipitation data are matched in a probabilistic distribution. Subsequently, their normal distribution is acquired so that the mean of data becomes zero for a particular location and time period [73,74].



McKee et al. [73] selected the gamma distribution to correlate the monthly precipitation data. They proclaimed that the method can be allied to other associated variables such as the stream discharge rate or the reservoir storage. This is the fundamental principle of the methodology employed in the current study to determine the resilience of water resources in the Lali region. Applying the SPI [73] is a non-complex and effective approach [48] in which the groundwater level fluctuations of the aquifer and consequently the Standardized Groundwater Level or Discharge Index (SGLDI) and Standardized Surface Water Discharge Index (SSWDI) can be assessed using the groundwater level of an aquifer, or the discharge rates of a spring or stream instead of precipitation.



In calculating the SGLDI and SSWDI, the groundwater level, the discharge rate data of the spring and the stream are taken into account to evaluate the influence of the precipitation recharge on the aquifer. Indeed, the SGLDI is a normalized index that specifies the probability occurrence of a particular groundwater level or discharge rate in reference to the long-term average of data. The estimated SGLDI involves the correlation of a probabilistic density function with the frequent distribution of the groundwater level data of an aquifer or even a well and/or the flow rates of a spring or stream. In other words, the probability density function is correlated with the frequency distribution of water table or discharge rate of water resources. Subsequently, the computational cumulative probability distribution is transmuted to a normal distribution so that its mean and variance become zero and one, respectively [75].



Various distributions exist to correlate the probability density function with respect to groundwater level data for an aquifer or a well and flow rates for a spring or stream. The appropriateness of any distribution depends on the characteristics of the considered variable, including the kurtosis and skewness [76]. Shukla and Wood [77] accentuated that the two-parameter log-normal distribution is more rigorous than the gamma distribution, especially at higher flow rates; however, the gamma distribution is less inaccurate at lower flow rates. Angelidis et al. [78] appraised dissimilar probabilistic distribution functions to calculate the SPI. For 12- and 24-month time steps, they acknowledged that the log-normal distribution is not only as accurate as the gamma distribution, but it is also more suitable due to its simplicity. However, it was elucidated that, if the time step length is less than six months, the gamma distribution may be more accurate. The SPI methodology can be employed for different time steps (1, 3, 6, 12 and 24 months). In the current study, which aims to determine the resilience of different water resources for the 30-year time periods in the base (1961–1990) and future (2050–2021), the annual time step and log-normal distribution were selected.



In this study, the Drought Indices Calculator (DrinC) software package [79] was utilized to calculate the SPI, SGLDI and SSWDI. This software provides a compatible environment for calculating the drought indices. Applying this software in different places, especially in arid and semi-arid areas, ascertains its great performance. The software has an entirely graphical environment running on Windows. Up to 150-year data can be directly inputted from the Excel file into the software environment at monthly, seasonal and annual time intervals. Moreover, the software output is an Excel file. Additionally, precipitation data are merely required to calculate the SPI values [79].



In a probabilistic theory perspective, a positive random variable (x) follows the log-normal distribution (μ, σ2) if the logarithm of the random variable has a normal distribution. The probability density function of the log-normal distribution is as follows [80,81,82]:


  f  (  x ;   μ ,   σ  )  =  1  x σ   2 π     e x p  [  −      (  l n x − μ  )   2    2  σ 2     ]  ,   x > 0 ,  



(1)




in which, x and σ are greater than zero and μ is between negative infinity and positive infinity. The term μ is the scale parameter expanding or reducing the distribution. The term σ is the shape parameter influencing the shape of the distribution. These two parameters can be estimated as follows:


  μ =  n  − 1     ∑  k  l n  x k   



(2)






   σ 2  =  n  − 1     ∑  k     (  l n  x k  − μ  )   2   



(3)







Data were classified into different drought conditions after determining their log-normal distribution. McKee et al. [73] established a classification system to pinpoint the intensity of dry and wet periods (Table 1). Like those of the SPI, the SGLDI and SSWDI values are between −4 and +4. The negative and positive values indicate that the groundwater level or discharge rate of the considered water system is lower and higher than the median of data, respectively. However, depending on the observation data and the probabilistic function, the SGLDI and SSWDI values may be even less than −4 [73]. Smaller numbers indicate a more stressful condition for the aquifer. Therefore, the managerial strategy may be to decline the time periods with the negative SGLDI values and enhance the long-term median of the groundwater level of the aquifer, regarding recharge to and the pumping from the aquifer.



Finally, the Groundwater Resilience Index (GRI) and Surface Water Resilience Index (SWRI) of the water resources in the Lali region to potential climate change was calculated as a number between zero and one by utilising the following approaches:



Approach (1)—a drought event occurs when the SPI numbers continuously reach a value of −1 or less. Moreover, it is finalised when the SPI number eventually becomes positive [79]. In this approach, the resilience (Res) can be calculated as the inverse of the mean duration of drought (  L ¯  ) [34] as follows:


  R e s =  1     L ¯     



(4)







Approach (2)—Moy et al. [18] defined the resilience of the system as the maximum consecutive number of periods with a water deficit before its reverting to the satisfactory condition. However, in this study the inverse of this definition was considered as the resilience. Furthermore, a resilience index less than −1 [79] was regarded as the water deficit.



Approach (3)—in this approach, the ratio of the number of years with the GRI numbers greater than −1 (according to the definition of [79]) to the total number of years accounted for the resilience.






3. Results


3.1. Climate Change Impact on the Study Area


Based on the statistical criteria, the efficacy of the employed models was firstly approved for the considered verification time periods. R2 is 0.8879, 0.9955 and 0.9969 for simulating precipitation, minimum temperature and maximum temperature using the NEX-GDDP data set, respectively. In addition, R2 and NSE are 0.5118 and 0.45, respectively, for the Taraz-Harkesh stream simulated by IHACRES. For the Pali aquifer, which was simulated by MODFLOW, ME, MAE and RMSE are 0.02, 0.99 and 1.18 m, respectively. Furthermore, R, R2, NSE and RMSE are quantified as 0.63, 0.55, 0.55 and 0.32 m3/s, respectively, in regard to the Bibitarkhoun karst spring simulated by ANNs. To conclude, R is 0.65, 0.83 and 0.68 for the observation wells W1, W2 and W3, respectively, which were also modeled by ANNs.



Based on the results of the NEX-GDDP data set, the average precipitation is 28.66, 27.41 and 27 mm/month, the minimum temperature is 14.18, 15.98 and 16.31 °C and the maximum temperature is 29.62, 31.65 and 31.94 °C, all for the base time period, future time period under RCP4.5 and future time period under RCP8.5, respectively. The average discharge rate of the Taraz-Harkesh stream is 340, 304.2 and 295.6 L/s for the base time period, future time period under RCP4.5 and future time period under RCP8.5, respectively. Moreover, the average discharge rate of the Bibitarkhoun karstic spring is 2.3 m3/s for each time period and emission scenario. Finally, the average groundwater level is 482.3, 478.06 and 477.62 m for the limestone well W1, 434.21, 431.07 and 430.34 m for the limestone well W2, 416.84, 416.53 and 416.50 m for the limestone well W3 and 454.3, 453.9 and 453.8 m for the Pali alluvial aquifer, all for the base time period, future time period under RCP4.5 and future time period under RCP8.5, respectively (Table 2).



Both the minimum and maximum temperatures are forecast to be higher in the future time period than the base time period, especially considering RCP8.5. Moreover, they increasingly escalate from the beginning to the end of every time period and emission scenario (Figure 3). Precipitation, the Bibitarkhoun karst spring’s discharge rate and the Taraz-Harkesh stream’s discharge rate illustrate significant changes in every time period and emission scenario in comparison with the average groundwater level in the alluvial aquifer and karst wells. Moreover, the alluvial aquifer and karst well W3 demonstrate diminutive variation in the future time period, considering both scenarios, in relation to the base time period, in contrast to the karst wells W1 and W2 (Figure 4).




3.2. Quantification of SPI, SSWDI and SGLDI


3.2.1. The SPI


The SPI curves (Figure 5a) do not explicitly fall into the upper or lower levels, not only in the future time period as opposed to the base time period, but also in the future time period under RCP4.5 contrasted to the future time period under RCP8.5. Moreover, the SPI curve illustrates the least variation regarding the future time period under RCP8.5. The average SPI is 0.44, −0.14 and −0.30 in the base time period, the future time period under RCP4.5 and the future time period under RCP8.5, respectively. In the base time period, the SPI values indicate normal, very wet and extremely wet conditions, except in 1978 (relatively dry), 1988 (very dry) and 1989 (very dry). However, in the future time period under RCP4.5, the SPI values represent relatively dry conditions in 2028, 2047, 2048 and 2049, very dry conditions in 2027, 2035 and 2039 and extremely dry conditions in 2046. Indeed, considering this period and scenario, more years with relatively dry and very dry conditions and even one year with extremely dry conditions occur. Even though the SPI values do not indicate very or extremely dry conditions in the future time period under RCP8.5 and there are only four years (2029, 2035, 2044 and 2050) with relatively dry conditions, the number of consecutive years with the negative SPI values is substantial. Additionally, considering this period and scenario, the SPI values indicate a small deviation (Table 3).




3.2.2. The SSWDI of the Stream


The average SSWDI of the Taraz-Harkesh stream is 0.44, −0.18 and −0.26 in the base time period, the future time period under RCP4.5 and the future time period under RCP8.5, respectively, which are comparable to the SPI values (Table 3). In addition, the SSWDI curves of the Taraz-Harkesh stream (Figure 5b) are akin to the SPI curves in both time periods and emission scenarios. Similar to the SPI, the SSWDI curves are very close to each other in both time periods and emission scenarios. The lowest and the most undeviating SSWDI curve is related to the future time period under RCP8.5.



In the base time period, there are one year (1979) with relatively dry, two years (1961 and 1989) with very dry, two years (1968 and 1980) with relatively wet, two years (1969 and 1973) with very wet and three years (1965, 1970 and 1983) with extremely wet conditions. The situation is normal for the other years in the base time period. In the future time period under RCP4.5, there are one year (2044) with relatively wet, three years (2025, 2037 and 2042) with very wet, four years (2027, 2028, 2046 and 2047) with relatively dry, one year (2048) with very dry and two years (2021 and 2036) with extremely dry conditions and the remaining years are normal. However, there are no relatively, very and extremely wet years in the future time period under RCP8.5. In this time period and emission scenario, there are a relatively dry year (2035) and a very dry year (2021) and the other years are normal.



If relatively, very and extremely dry conditions, i.e., SSWDI < −1, are considered as failure, the Taraz-Harkesh stream has a comparatively high resilience. Following the occurrence of such a situation, a normal state is observed forthwith in the next year during the base time period and the future time period under RCP8.5. Further, three consecutive years (from 2046 to 2048) with relatively and extremely dry situations are observed in the future time period under RCP4.5. The relatively high resilience of this stream may be due to its recharge by the Pali alluvial aquifer.




3.2.3. The SGLDI of the Spring


The SGLDI curves of the Bibitarkhoun karst spring (Figure 5c) nearly correlate with each other, the SPI and the stream curves in both time periods and emission scenarios.



The mean SGLDI values of the Bibitarkhoun karst spring are 0.03, 0 and 0.03 in the base time period, the future time period under RCP4.5 and the future time period under RCP8.5 (Table 3), respectively, which closely match each other. In the base time period, the SGLDI values demonstrate two years (1962 and 1964) with relatively dry, five years (1961, 1974, 1979, 1986 and 1987) with very dry, two years (1965 and 1969) with relatively wet and three years (1970, 1973 and 1983) with extremely wet conditions. During this time period, the situation is normal for the remaining years. In the future time period under RCP4.5, the SGLDI values portray four years (2030, 2031, 2034 and 2040) with relatively dry, one year (2036) with very dry and two years (2033 and 2046) with relatively wet conditions. In this time period and emission scenario, the circumstance is normal for the other years and no year occurs with very or extremely wet conditions. In the future time period under RCP8.5, the SGLDI values depict two years (2023 and 2041) with very dry, one year (2040) with relatively dry, three years (2026, 2029 and 2038) with relatively wet, one year (2022) with very wet and one year (2031) with extremely wet conditions. In this time period and emission scenario, the situation is normal for the other years.



The Bibitarkhoun karst spring has a moderately high resilience to potential climate change. At the uttermost, two consecutive years with relatively or very dry conditions, without any extremely dry year, are observed for this spring in both time periods and emission scenarios.




3.2.4. The SGLDI of the Karst Wells


Figure 6 and Table 4 illustrate the SGLDI values of the karst wells. With regard to W1, the curves of the future time period under RCP4.5 and RCP8.5 are very similar to each other and noticeably lower than the curve of the base time period (Figure 6a). For W3, all curves are parallel and they are quantitatively near zero (Figure 6c). Regarding W2, the intermediate situation of wells W1 and W3 is observed (Figure 6b).



In the base time period, the future time period under RCP4.5 and the future time period under RCP8.5, the mean SGLDI values are 1.72, −0.74 and −0.98 for W1, 1.01, −0.35 and −0.66 for W2 and 0.29, −0.12 and −0.16 for W3, all respectively (Table 4). In view of W1, a significant difference is observed between the future time period and the base time period. With respect to W2, a clear difference, even though less than W1, is also observed between the future time period and the base time period. The SGLDI values of the karst wells are smoother and virtually lower in the future time period under RCP8.5 than the future time period under RCP4.5 (Figure 6).



In view of the karst well W1, no year is observed with the unsatisfactory condition, i.e., with the SGLDI number of less than −1, in the base time period. The conditions are normal, relatively, very and extremely wet for this well in all years during the base time period. However, no year with relatively, very and extremely wet conditions is observed for this well in the future time period under RCP4.5. Seven years (2021, 2038, 2041, 2043, 2048, 2049 and 2050) with relatively dry, two years (2033 and 2046) with very dry and two years (2036 and 2047) with extremely dry conditions exist for this well in the future time period under RCP4.5 and the situation is normal for the rest of the years. The SGLDI values reduce from the beginning to the end of the future time period under RCP4.5. A maximum of five consecutive years, from 2046 to 2050, with a SGLDI of less than −1 is observed for this well in the future time period under RCP4.5. For this well, the situation would exacerbate in the future time period under RCP8.5 compared to the future time period under RCP4.5, such that there would be no relatively, very and extremely wet year in the future time period under RCP8.5. Regarding this well in the future time period under RCP8.5, nine years (2021, 2034, 2035, 2038, 2040, 2041, 2045, 2046 and 2049) with dry, four years (2033, 2042, 2043 and 2044) with very dry and three years (2047, 2048 and 2050) with extremely dry conditions exist and the situation is normal for the remaining years. For this well, the SGLDI values would decrease from the beginning to the end of the future time period under RCP8.5, as in the future time period under RCP4.5. A maximum of 11 consecutive years, from 2040 to 2050, with a SGLDI number of less than −1 are observed for this well in the future time period under RCP8.5 (Table 4). Generally, this well almost has low resilience to potential climate change.



In the case of the karst well W2, no year is observed with the unsatisfactory condition in the base time period, as in the case of the karst well W1. For W2 in the base time period, the conditions for all of the years are normal, relatively, very and extremely wet. However, for this well in the future time period under RCP4.5, only one year (2037) with a relatively wet condition is observed. Considering this well in the future time period under RCP4.5, eight years (2021, 2027, 2028, 2035, 2036, 2046, 2048 and 2049) with relatively dry and two years (2039 and 2047) with very dry conditions are observed and the situation is normal for the other years. As regards this well in the future time period under RCP4.5, dissimilar to W1, no year is observed with an extremely dry situation. Apropos of this well in the future time period under RCP4.5, the SGLDI values decline, especially in the last years, and a maximum of four consecutive years, from 2046 to 2049, with a SGLDI number of less than −1 exist. Regarding this well in the future time period under RCP8.5, there would be no relatively, very and extremely wet year, as in the future time period under RCP4.5. On the subject of this well in the future time period under RCP8.5, 10 years (2021, 2029, 2033, 2035, 2037, 2040, 2041, 2042, 2047 and 2048) with relatively dry and one year (2050) with very dry conditions exist and the situation is normal for the remaining years (Table 4). A maximum of three consecutive years, from 2040 to 2042, with a SGLDI number of less than −1 exist vis-à-vis this well in the future time period under RCP8.5 (Table 4). In general, this well presumably has a moderate resilience to potential climate change.



All years are in normal condition considering each period and scenario for the karst well W3. This indicates the high resilience of this well to potential climate change, which is forecasted to be higher than the Taraz-Harkesh stream, the Bibitarkhoun karst spring and two other karst wells. Indeed, no year with the unsatisfactory condition, i.e., with a SGLDI number of less than −1, is observed for W3 (Table 4).




3.2.5. The SGLDI of the Alluvial Aquifer


The SGLDI curves of the Pali alluvial aquifer (Figure 6d) are corresponding in each time period and emission scenario. The curves illustrate the highest SGLDI values in the first few years of each time period and emission scenario. In any case, they are like straight lines overlapping each other if the first few years are excluded.



The mean SGLDI values of the Pali alluvial aquifer (Table 4) are 0.11, −0.03 and −0.08 in the base time period, the future time period under RCP4.5 and the future time period under RCP8.5, respectively. In each time period and emission scenario, very and extremely wet conditions are anticipated for the first two years and the situation is normal for the other years. Moreover, relatively, very and extremely dry conditions are not predicted for the aquifer in every time period and emission scenario. Therefore, the Pali alluvial aquifer is the most resilient water resource in the Lali region towards potential climate change.




3.2.6. Comparison between the SPI, SSWDI and SGLDI Values


The SGLDI and SSWDI curves almost follow the trend of the SPI curves for different water resources of the Lali region in the base (Figure 7a), the future under RCP4.5 (Figure 7b) and the future under RCP8.5 (Figure 7c) time periods. In every time period and emission scenario, the SGLDI of the Pali alluvial aquifer and the SSWDI of the Taraz-Harkesh stream have the lowest and the highest correlations with the SPI, respectively (Figure 7). Even though the SGLDI curves of the wells W1 and W2 are approximately higher than the SPI curve in the base time period and lower than the SPI curves in the future time period, considering both emission scenarios, they virtually follow the trend of the SPI curves. The resilient characteristics of the Pali alluvial aquifer and W3 to potential climate change are fairly similar so that their curves almost follow the same trend. Finally, the SGLDI of the Bibitarkhoun karst spring follows the trend of the SPI, especially in the base time period.





3.3. Quantification of the GRI and SWRI of Water Resources


Subsequent to computing the SGLDI and SSWDI of the water resources in the Lali region in different years in the base and future time periods under RCP4.5 and RCP8.5, their resilience, i.e., GRI and SWRI, were quantitatively calculated as a number between zero and one (Table 5). The GRI of the Pali alluvial aquifer and W3 is one, considering each method, time period and emission scenario. Moreover, the total average SWRI is 0.79, 0.6, 0.59 and 0.52 for the Taraz-Harkesh stream, W2, the Bibitarkhoun spring and W1, respectively (Table 5).



The mean GRI and SWRI values acquired from the methods 1 and 2 almost correspond to the total average illustrating that the Pali alluvial aquifer, W3, the Taraz-Harkesh stream, W2, the Bibitarkhoun spring and W1 follow the trend in which resilience to climate change declines. As regards method 3, the calculated total average of the GRI and SWRI is not dissimilar to other methods for different water resources, except that the GRI of the Bibitarkhoun karst spring is more than W2. Additionally, the calculated values of the average GRI and SWRI have the least variation in method 3.



GRI diminishes from the base time period to the future time period under RCP8.5, with the future time period under RCP4.5 at the intermediate level, for W1, regarding all methods and the total average. The same trend is observed for W2, excluding method 2. The equivalent situation is not observed for the Taraz-Harkesh stream and the Bibitarkhoun karst spring. In other words, if GRI is considered in the future time period under RCP4.5 and RCP8.5 in comparison with the base time period, it can be construed that the GRI values of W1 and W2 have a more marked decline in the future time period than those in the base time period. Furthermore, their GRI is slightly higher in the future time period under RCP4.5 than that in the future time period under RCP8.5 (Table 5).





4. Discussion


In regard to the impacts of geological and geomorphological characteristics on the climate in the Lali region, it may be mentioned that the precipitation pattern in the region does not clearly follow local factors such as topography, as heavy precipitation of Sudanese systems with convective motions occur over the region with high spatio-temporal variabilities [54].



It is vital to assess the impact of climate change on groundwater recharge and discharge rates [39]. Storm events with intense precipitation are expected to escalate the situation as energy increases in the climate system [83,84]. Moreover, the time of monsoon precipitation may also change, resulting in amplified groundwater demand. Therefore, proposing the SPI methodology to assess the groundwater resilience may be of high significance.



Lapworth et al. [41] examined groundwater resilience to potential climate change in West Africa. Results revealed that shallow groundwater is primarily recharged subsequent to precipitation at a rapid rate. In other words, little evidence of evaporation exists prior to groundwater recharge. In arid areas with precipitation less than 400 mm/year, groundwater recharge may be roughly up to 20 mm/year. These indicate high resilience of water resources to short-term (inter-annual) precipitation and groundwater recharge variations so that any future changes in precipitation and groundwater recharge due to climate change are unlikely to cause failure in the groundwater supplies on the continental scale. In the current study, which is a local-scale case study, climate change cannot lead to failure in the Pali alluvial aquifer and the karst well W3. However, failure probably occurs in the case of the karst wells W1 and W2, even if only climate change is regarded.



Davidson [40] employed aquifer resilience as an inherent capacity of the aquifer to maintain groundwater reserves and groundwater balance components during the drought conditions. It was concluded that large unconfined aquifers have high resilience and confined aquifers discharging trifling volumes of water have low resilience. Principally, the main aquifers of Marlborough were divided into three categories, regarding groundwater resilience, as follows:




	1-

	
High resilience: if groundwater uniformly supplies the river’s base flow over time, it has high resilience. These aquifers contain large storage of groundwater.




	2-

	
Moderate resilience: if groundwater relatively variably provides the river’s base flow over time, it has moderate resilience. These aquifers contain moderate storage of groundwater.




	3-

	
Low resilience: if groundwater very variably feeds the river’s base flow over time through the springs, it has low resilience. These aquifers contain low storage of groundwater.









MacDonald et al. [39] examined the groundwater resources in the Indo-Gangetic Basin, emphasizing their resilience to climate change and groundwater abstraction. They declared that a diminutive decrement in the groundwater level can influence the aquatic ecosystem, the stream flow and the discharge of the shallow wells. As a result, considering the uncertainty of precipitation and the possibility of continuous increment in the groundwater discharge in the future time period, the best approach is to assess the resilience of groundwater resources to these two factors, namely climate change and groundwater abstraction. Groundwater demonstrates a decade-old age in Nepal, indicating the aquifer resilience to the annual changes in precipitation. Even though most springs are not resilient to climate change, they would probably discharge small flows during droughts.



MacDonald et al. [38] proposed two scenarios regarding groundwater resilience. The first scenario is the resilience of groundwater resources to short-term climatic stresses (less than a year). This scenario is affected by the availability of the groundwater storage as well as the average long-term (decadal) groundwater recharge [85]. Therefore, in a thin hard-rock aquifer with aerated layers, subsequent to several years of drought, groundwater returns to the previous (satisfactory) condition more quickly if the system has a high long-term recharge than if it has a low long-term recharge [86]. The second scenario is the resilience of groundwater resources to long-term (decadal) climate change. This scenario is based on the available groundwater storage. Climate change affects the larger groundwater systems less than the smaller ones. In the current study, in which the aquifers are small-scale, the karst wells W1 and W2 illustrate low resilience to climate change, considering the second scenario. However, other water resources, especially the Pali alluvial aquifer and the karst well W3, show high resilience to climate change. Accordingly, depending on the hydrogeological characteristics, aquifers of the same scale may exhibit different behaviour towards climate change with respect to the second scenario.



As previously mentioned, the high resilience of the Taraz-Harkesh stream is possibly due to the fact that it has a high base flow due to being recharged by the Pali alluvial aquifer, which is the most resilient resource of water to climate change in the Lali region.



Hydrogeologically, wells are expected to have more resilience than springs. Regarding the water resources of the Lali region, the karst well W3, which is the closest well to the Bibitarkhoun karst spring, has average GRI of one and the Bibitarkhoun karst spring has average GRI of 0.59. The GRI values of the well W2 and the Bibitarkhoun karst spring are similar and higher than that of the karst well W1. The karst well W1 has the least GRI to climate change, perhaps due to its location at the upstream or feeding area of the Asmari karst aquifer (Figure 1). Wells W1, W2 and W3 are directed from the recharge zone to the discharge zone of the karst aquifer. Resilience of the wells increases from the upstream to the downstream areas (close to the base level of erosion) of the aquifer.




5. Advantages and Disadvantages of the Employed Methodology


One of the advantages of utilising the SPI approach to study the resilience of water resources is that precipitation and its variations can be taken into consideration alongside the changes in groundwater resources. Additionally, the method does not entail much data. In the current study, solely data on precipitation, groundwater level and the discharge rate of springs or streams are required. These data have been attained for the Lali region even for the base (1961–1990) and future (2021–2050) time periods by simulation. The method can be used in local case studies even at the scale of a well or a spring. It can be applied to surface water alongside alluvial, karst and hard-rock aquifers. Moreover, according to the proposed methods, resilience index can be computed as a number between zero and one and, as a result, different water resources can be compared. Indeed, the operational criteria can be normalized by considering the minimum and maximum values so that the groundwater GRI of different aquifers can be quantitatively computed [46]. This is opposite to most other studies, which have assessed the groundwater resilience only qualitatively, e.g., [53].



One significant issue in the context of resilience is the failure threshold or the occurrence of unsatisfactory condition. Unfortunately, it is still not obvious how the threshold of failure is quantified for an aquifer. Diminution in the long-term storage is the aquifer resilience limit, indicating the inability of the aquifer to maintain equilibrium in the presence of unsatisfactory condition [30]. Thomas et al. [46] considered the negative values as the unsatisfactory condition and the positive values as the satisfactory condition after determining the Grace-Groundwater Drought Index (GGDI) and normalizing it. One of the benefits of the current study is that the failure threshold can be pinpointed as relatively, very and extremely dry conditions with the SGLDI and SSWDI values of less than −1, −1.5 and −2, respectively. Should the failure threshold be exceeded, an unsatisfactory condition occurs. On the other hand, Peterson and Western [37] remarked that a system may have several steady states instead of one steady state. In the current study, according to the SGLDI and SSWDI values, different conditions, from extremely wet to extremely dry, have been considered. However, the results of the current study have been produced concerning the groundwater level fluctuations and discharge rates.



Groundwater storage is a significant factor in defining the groundwater resilience. Despite the fact that the Pali alluvial aquifer probably has the highest resilience to climate change, its storage is low, being a small-scale aquifer. Furthermore, in the case of the Asmari karst aquifer, the resilience increases from the recharge area to the discharge area. Conclusively, all hydrogeological factors should be concerned in the study of water resources resilience. Moreover, quantifying the resilience is not undemanding considering the groundwater storage due to the complexity of estimation. However, the uncertainty associated with the groundwater storage restricts the determination of the aquifer resilience [30]. Zeydalinejad et al. [52] studied the resilience of the Bibitarkhoun karst spring utilising the gamma distribution in the base (1961–1990) and future (2021–2050) time periods concerning the discharge rates and dynamic storages of the spring. The latter was computed using the loss curves. The results exhibited that the resilience quantified by the discharge rates of the spring is probably more accurate than the one calculated by the dynamic storages of the spring. The reason might be the logarithmic nature of the method used to determine the dynamic storages of the spring. In any event, it is recommended that all factors other than climate change be considered if they influence the system.



Finally, Chinnasamy et al. [48] confirmed that there are limitations to utilising the SPI method in determining aquifer resilience. This method is sensitive to data quality, sample size or data length and the employed normalizing approach. In addition, this method cannot be used for areas with low seasonal rainfall and short time series and it only considers one variable at a time. Hence, it assumes that the considered variable is independent of other processes.




6. Conclusions


As was explained, the concept of resilience has not frequently been employed in the groundwater literature. Most studies assessing groundwater resilience have been published during recent years. Various indices used in groundwater, including resilience, have mainly been applied in drought and managerial perspectives [87,88,89,90,91,92,93,94,95,96]. However, utilising the operational criteria, e.g., resilience, can be considered as a practical concept in the groundwater studies, e.g., 56 and 60. In the current study, making use of the SGLDI, SSWDI and SPI concepts has been proposed to calculate the groundwater resilience of different water systems to potential climate change. The approach was able to compare the resilience of different water systems during different years under the emission scenarios.



The GRI values of the Pali alluvial aquifer and the karst well W3 to the future climate change were determined to be one. Moreover, the average resilience index is 0.79, 0.6, 0.59 and 0.52 for the Taraz-Harkesh stream, the karst well W2, the Bibitarkhoun karst spring and the karst well W1, respectively. The Taraz-Harkesh stream, which has a very high base flow and is recharged by the alluvial aquifer, has a relatively high resilience. In addition to being fed from the alluvial aquifer, this stream may also be recharged from the karst aquifer of the Asmari Formation. Moreover, the Bibitarkhoun karst spring has a comparative high resilience to future climate change, which is due to the fact that it is a permanent, and the largest, spring in the study area. This spring is considered as the base-level of the karst aquifer in the study area. The karst well W1, which is located at the upstream or recharge zone of the Asmari karst aquifer, has the lowest resilience, so that its resilience is even less than that of the Bibitarkhoun karst spring. The karst wells W1, W2 and W3 are, respectively, located from the recharge zone to the discharge area of the aquifer and their resilience follows the same trend. Indeed, climate change may have diminutive influence on the alluvial aquifers and streams recharged by groundwater or having high base flows. On the other hand, climate change may have a significant impact on surface waters with low base flows. However, the behaviour of karst aquifers with respect to climate change may be similar to alluvial aquifers with high storages (high resilience) or surface waters with low base flows (low resilience). In other words, the resilience of karst aquifers to the future climate change is more ambiguous. Therefore, studying the impact of climate change on karst aquifers is definitely recommended.



The results of this study show that considering the groundwater storage alone as the measure of aquifer resilience may be misleading. The Lali region is a small-scale and sub-basin area with different water resources in which not only do different water resources have dissimilar resilience to climate change, but the water resources of one aquifer, i.e., the karst aquifer of the Asmari Formation, also behave differently towards climate change.



Finally, this study demonstrated that the karstic aquifers may have more ambiguous response towards the potential climate change in comparison with the alluvial aquifer and surface water. Indeed, the influence of geological and structural settings of a karstic terrain is of paramount significance, as also declared by [97]. Therefore, it is highly recommended that the hydrogeological properties of the Asmari karstic aquifer be studied in detail in the Lali region to specify the spatial heterogeneities and characteristics of the aquifer.
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Figure 1. The Lali region, its geological formations and water resources, i.e., the Pali alluvial aquifer, the Taraz-Harkesh stream, the Bibitarkhoun karst spring and the karst wells (W1, W2 and W3). 
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Figure 2. Overview of the applied approach for computing the resilience indices of water resources in the Lali region. 






Figure 2. Overview of the applied approach for computing the resilience indices of water resources in the Lali region.



[image: Climate 10 00182 g002]







[image: Climate 10 00182 g003 550] 





Figure 3. The annual minimum and maximum temperatures in the Lali region in the base and future time periods, considering RCP4.5 and RCP8.5 (years 1–30 indicate 1961–1991, as to the base time period and 2021–2050, as to the future time period). 
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Figure 4. The annual precipitation, the discharge rates of the Taraz-Harkesh stream and the Bibitarkhoun karst spring and the groundwater level of the Pali alluvial aquifer and the karst wells (W1, W2 and W3) in the base and future time periods, considering RCP4.5 and RCP8.5 (years 1–30 indicate 1961–1991, as to the base time period and 2021–2050, as to the future time period). 
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Figure 5. The SPI (a), the SSWDI of the Taraz-Harkesh stream (b) and the SGLDI of the Bibitarkhoun karst spring (c) in the base and future time periods, considering RCP4.5 and RCP8.5 (years 1–30 indicate 1961–1991, as to the base time period and 2021–2050, as to the future time period). 
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Figure 6. The SGLDI of the karst well W1 (a), W2 (b), W3 (c) and the Pali alluvial aquifer (d) in the base and future time periods, considering RCP4.5 and RCP8.5 (years 1–30 indicate 1961–1991, as to the base time period and 2021–2050, as to the future time period). 






Figure 6. The SGLDI of the karst well W1 (a), W2 (b), W3 (c) and the Pali alluvial aquifer (d) in the base and future time periods, considering RCP4.5 and RCP8.5 (years 1–30 indicate 1961–1991, as to the base time period and 2021–2050, as to the future time period).



[image: Climate 10 00182 g006]







[image: Climate 10 00182 g007 550] 





Figure 7. The SPI, the SSWDI and the SGLDI of various water resources in the Lali region in the base time period (a), the future time period under RCP4.5 (b) and the future time period under RCP8.5 (c) (years 1–30 indicate 1961–1991, as to the base time period and 2021–2050, as to the future time period). 
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Table 1. The SPI classification of dry and wet periods.






Table 1. The SPI classification of dry and wet periods.





	SPI
	Climate Type





	>2
	Extremely wet



	1.5–1.99
	Very wet



	1–1.49
	Relatively wet



	−0.9–0.9
	Normal



	−1.49–−1
	Relatively dry



	−1.99–−1.5
	Very dry



	<−2
	Extremely dry
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Table 2. The average of climatic and hydrological variables for different water systems in the Lali region in the base and future time periods, considering RCP4.5 and RCP8.5.
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	Variable
	The Base Time Period
	The Future Time Period (RCP4.5)
	The Future Time Period (RCP8.5)





	Minimum temperature (°C)
	14.18
	15.98
	16.31



	Maximum temperature (°C)
	29.62
	31.65
	31.94



	Precipitation (mm/y)
	343.9
	328.8
	323.9



	Discharge rate of the Taraz-Harkesh stream (L/s)
	340
	304.2
	295.6



	Discharge rate of the Bibitarkhoun spring (m3/s)
	2.3
	2.3
	2.3



	Groundwater level of W1 (m)
	482.3
	478.06
	477.62



	Groundwater level of W2 (m)
	434.21
	431.07
	430.34



	Groundwater level of W3 (m)
	416.84
	416.53
	416.50



	Groundwater level of the Pali aquifer (m)
	454.3
	453.9
	453.8
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Table 3. The SPI, the SSWDI of the Taraz-Harkesh stream and the SGLDI of the Bibitarkhoun karst spring in the base and future time periods, considering RCP4.5 and RCP8.5 (uncolored cells indicate normal (−0.99 to 0.99), yellow cells indicate relatively dry (−1 to −1.49), orange cells indicate very dry (−1.5 to −1.99), red cells indicate extremely dry (<−2), purple cells indicate relatively wet (1 to 1.49), light blue cells indicate very wet (1.5 to 1.99) and dark blue cells indicate extremely wet (>2) conditions).
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Year

	
Precipitation

	
Taraz-Harkesh Stream

	
Bibitarkhoun Spring




	
Base (Future)

	
Base

	
Future

	
Base

	
Future

	
Base

	
Future




	
RCP4.5

	
RCP8.5

	
RCP4.5

	
RCP8.5

	
RCP4.5

	
RCP8.5






	
1961 (2021)

	
1.07

	
0.08

	
0.51

	
−1.92

	
−2.82

	
−2.17

	
−1.71

	
−0.51

	
0.81




	
1962 (2022)

	
0.05

	
0.27

	
0.63

	
0.16

	
0.25

	
0.63

	
−1.16

	
−0.46

	
1.61




	
1963 (2023)

	
−0.56

	
1.07

	
0.15

	
−0.23

	
0.67

	
−0.59

	
−0.47

	
0.11

	
−1.53




	
1964 (2024)

	
1.53

	
1.36

	
−0.04

	
0.61

	
0.19

	
−0.30

	
−1.06

	
0.82

	
−0.99




	
1965 (2025)

	
2.28

	
0.52

	
0.73

	
2.65

	
1.77

	
0.74

	
1.77

	
−0.08

	
−0.27




	
1966 (2026)

	
−0.52

	
0.56

	
0.25

	
0.62

	
0.43

	
0.67

	
−0.11

	
0.02

	
1.21




	
1967 (2027)

	
0.69

	
−1.66

	
−0.55

	
0.26

	
−1.42

	
0.14

	
0.44

	
0.06

	
−0.60




	
1968 (2028)

	
1.23

	
−1.02

	
0.38

	
1.13

	
−1.29

	
−0.27

	
−0.59

	
0.01

	
0.42




	
1969 (2029)

	
2.92

	
0.27

	
−1.31

	
1.87

	
0.88

	
−0.51

	
1.89

	
0.62

	
1.18




	
1970 (2030)

	
1.84

	
−0.51

	
−0.23

	
2.13

	
−0.27

	
−0.57

	
3.38

	
−1.11

	
−0.83




	
1971 (2031)

	
0.32

	
1.45

	
−0.55

	
0.52

	
0.42

	
0

	
−0.38

	
−1.17

	
2.06




	
1972 (2032)

	
0.96

	
−0.14

	
−0.35

	
0.66

	
0.69

	
−0.05

	
−0.25

	
−0.57

	
0.59




	
1973 (2033)

	
0.99

	
1.58

	
−0.74

	
1.69

	
0.66

	
−0.08

	
2.8

	
1.14

	
−0.10




	
1974 (2034)

	
0.33

	
−0.95

	
0.46

	
−0.57

	
0.78

	
0.24

	
−1.54

	
−1.07

	
−0.77




	
1975 (2035)

	
−0.75

	
−1.65

	
−1.12

	
0.41

	
−0.63

	
−1.03

	
0.3

	
−0.30

	
−0.43




	
1976 (2036)

	
0.27

	
−0.80

	
−0.18

	
−0.01

	
−2.06

	
0.28

	
0.37

	
−1.59

	
0.37




	
1977 (2037)

	
0.09

	
1.44

	
−0.12

	
0.43

	
1.6

	
−0.34

	
−0.35

	
−0.50

	
0.02




	
1978 (2038)

	
−1.29

	
−0.37

	
0.83

	
−0.45

	
−0.97

	
0.14

	
−0.61

	
0.37

	
1.12




	
1979 (2039)

	
−0.07

	
−1.81

	
−0.33

	
−1.20

	
−0.77

	
0.61

	
−1.63

	
−0.65

	
−0.16




	
1980 (2040)

	
0.75

	
0.44

	
−0.77

	
1.15

	
−0.20

	
−0.89

	
0.66

	
−1.20

	
−1.44




	
1981 (2041)

	
0.71

	
0.43

	
−0.73

	
0.88

	
−0.08

	
−0.33

	
0.57

	
0.96

	
−1.64




	
1982 (2042)

	
0.5

	
0.32

	
−0.84

	
0.9

	
1.51

	
−0.63

	
0.23

	
0.59

	
0.49




	
1983 (2043)

	
2.77

	
0.39

	
−0.79

	
2.03

	
−0.72

	
−0.80

	
2.34

	
0.48

	
0.61




	
1984 (2044)

	
−0.38

	
1.13

	
−1.07

	
0.73

	
1.24

	
−0.83

	
−0.64

	
0.52

	
−0.30




	
1985 (2045)

	
0.21

	
−0.62

	
−0.11

	
0

	
0.16

	
0.25

	
−0.38

	
0.85

	
−0.97




	
1986 (2046)

	
−0.27

	
−2.16

	
−0.06

	
−0.06

	
−1.45

	
−0.35

	
−1.50

	
1.34

	
−0.10




	
1987 (2047)

	
1.05

	
−1.37

	
−0.50

	
0.81

	
−1.36

	
−0.57

	
−1.80

	
0.4

	
−0.72




	
1988 (2048)

	
−1.60

	
−1.04

	
−0.84

	
0.2

	
−1.73

	
−0.31

	
0.35

	
−0.28

	
−0.22




	
1989 (2049)

	
−1.69

	
−1.00

	
−0.55

	
−1.78

	
−0.85

	
−0.19

	
−0.34

	
0.38

	
−0.15




	
1990 (2050)

	
−0.34

	
−0.28

	
−1.15

	
−0.47

	
−0.07

	
−0.62

	
0.27

	
0.89

	
−0.20




	
Average

	
0.44

	
−0.14

	
−0.30

	
0.44

	
−0.18

	
−0.26

	
0.03

	
0

	
−0.03











[image: Table] 





Table 4. The SGLDI values of the Pali alluvial aquifer and the karst wells (W1, W2 and W3) in the base and future time periods, considering RCP4.5 and RCP8.5 (uncolored cells indicate normal (−0.99 to 0.99), yellow cells indicate relatively dry (−1 to −1.49), orange cells indicate very dry (−1.5 to −1.99), red cells indicate extremely dry (<−2), purple cells indicate relatively wet (1 to 1.49), light blue cells indicate very wet (1.5 to 1.99) and dark blue cells indicate extremely wet (>2) conditions).
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Year

	
Pali

	
W1

	
W2

	
W3




	
Base (Future)

	
Base

	
Pali

	
Base

	
Future

	
Base

	
Future

	
Base

	
Future




	
RCP4.5

	
RCP8.5

	
RCP4.5

	
RCP8.5

	
RCP4.5

	
RCP8.5

	
RCP4.5

	
RCP8.5






	
1961 (2021)

	
3.11

	
2.9

	
2.95

	
1.47

	
−1.00

	
−1.13

	
0.24

	
−1.38

	
−1.09

	
0.27

	
−0.20

	
−0.08




	
1962 (2022)

	
1.95

	
1.64

	
1.72

	
2.25

	
−0.63

	
0.03

	
0.7

	
−0.60

	
0.56

	
0.31

	
−0.13

	
0.07




	
1963 (2023)

	
0.74

	
0.64

	
0.71

	
1.64

	
0.5

	
−0.52

	
0.7

	
0.58

	
−0.41

	
0.31

	
0.13

	
0.07




	
1964 (2024)

	
0.13

	
0.38

	
0.41

	
2.53

	
0.21

	
−0.25

	
2.34

	
0.88

	
−0.16

	
0.65

	
0.31

	
−0.04




	
1965 (2025)

	
0.32

	
0.51

	
0.14

	
2.78

	
0.83

	
−0.10

	
2.58

	
0.93

	
0.92

	
0.47

	
0.06

	
0.24




	
1966 (2026)

	
0.11

	
−0.14

	
0.02

	
1.92

	
−0.30

	
−0.02

	
0.83

	
0.09

	
0.12

	
0.17

	
0.03

	
−0.01




	
1967 (2027)

	
−0.30

	
−0.05

	
−0.15

	
2.04

	
−0.65

	
−0.44

	
1.5

	
−1.18

	
−0.54

	
0.55

	
−0.29

	
−0.18




	
1968 (2028)

	
−0.06

	
−0.30

	
−0.35

	
2.55

	
−0.92

	
−0.35

	
1.64

	
−1.25

	
−0.32

	
0.41

	
−0.25

	
0.07




	
1969 (2029)

	
0.01

	
−0.31

	
−0.09

	
1.48

	
0.29

	
−0.69

	
2.04

	
0.51

	
−1.10

	
0.47

	
0.02

	
−0.30




	
1970 (2030)

	
0.51

	
−0.42

	
−0.42

	
3.36

	
−0.33

	
−0.38

	
2.65

	
−0.70

	
−0.34

	
0.45

	
−0.19

	
0




	
1971 (2031)

	
0.24

	
−0.40

	
−0.27

	
1.79

	
−0.54

	
−0.50

	
0.66

	
0.19

	
−0.59

	
0.32

	
0.06

	
−0.12




	
1972 (2032)

	
0.04

	
0.07

	
−0.42

	
1.58

	
−0.16

	
−0.41

	
1.09

	
0.26

	
0.05

	
0.42

	
−0.08

	
−0.04




	
1973 (2033)

	
0.11

	
−0.26

	
−0.41

	
2.12

	
−1.87

	
−1.63

	
1.67

	
0.56

	
−1.02

	
0.25

	
0.12

	
−0.25




	
1974 (2034)

	
−0.14

	
0.16

	
−0.52

	
1.24

	
−0.74

	
−1.30

	
0.57

	
−0.26

	
−0.44

	
0.31

	
−0.20

	
−0.10




	
1975 (2035)

	
0.1

	
−0.47

	
−0.28

	
2.41

	
−0.96

	
−1.09

	
0.63

	
−1.32

	
−1.21

	
0.14

	
−0.38

	
−0.33




	
1976 (2036)

	
−0.36

	
−0.65

	
−0.36

	
1.5

	
−2.05

	
−0.85

	
0.87

	
−1.24

	
−0.72

	
0.25

	
−0.28

	
−0.27




	
1977 (2037)

	
−0.18

	
−0.30

	
−0.42

	
1.01

	
−0.06

	
−0.88

	
0.27

	
1

	
−1.33

	
0.12

	
−0.02

	
−0.41




	
1978 (2038)

	
−0.26

	
−0.24

	
−0.28

	
1.19

	
−1.40

	
−1.21

	
−0.08

	
−0.42

	
−0.04

	
−0.04

	
−0.16

	
0.03




	
1979 (2039)

	
−0.50

	
−0.11

	
−0.01

	
0.51

	
−0.78

	
−0.52

	
0.24

	
−1.52

	
−0.17

	
0.25

	
−0.38

	
−0.18




	
1980 (2040)

	
−0.15

	
−0.51

	
−0.35

	
1.89

	
−0.68

	
−1.05

	
1.56

	
−0.01

	
−1.08

	
0.32

	
0.08

	
−0.25




	
1981 (2041)

	
−0.24

	
−0.21

	
−0.31

	
1.12

	
−1.22

	
−1.20

	
0.86

	
−0.30

	
−1.38

	
0.23

	
−0.05

	
−0.36




	
1982 (2042)

	
−0.19

	
−0.06

	
−0.41

	
2.12

	
−0.15

	
−1.75

	
1.35

	
0.41

	
−1.07

	
0.29

	
−0.10

	
−0.26




	
1983 (2043)

	
−0.23

	
−0.42

	
−0.44

	
1.88

	
−1.10

	
−1.53

	
2.35

	
−0.64

	
−0.52

	
0.57

	
−0.16

	
−0.24




	
1984 (2044)

	
0.26

	
−0.01

	
−0.41

	
2.16

	
0.07

	
−1.70

	
0.75

	
0.68

	
−0.81

	
0.11

	
0.08

	
−0.27




	
1985 (2045)

	
−0.23

	
−0.05

	
−0.47

	
1.65

	
−0.64

	
−1.22

	
0.63

	
−0.11

	
−0.83

	
0.23

	
−0.05

	
−0.11




	
1986 (2046)

	
−0.11

	
−0.32

	
−0.46

	
1.26

	
−1.88

	
−1.02

	
0.16

	
−1.46

	
−0.91

	
0.18

	
−0.46

	
−0.19




	
1987 (2047)

	
−0.21

	
−0.56

	
−0.29

	
2.11

	
−2.27

	
−2.03

	
1.52

	
−1.53

	
−1.41

	
0.51

	
−0.51

	
−0.41




	
1988 (2048)

	
−0.06

	
−0.54

	
−0.28

	
0.68

	
−1.20

	
−2.04

	
0.26

	
−1.45

	
−1.39

	
−0.01

	
−0.40

	
−0.37




	
1989 (2049)

	
−0.62

	
−0.39

	
−0.44

	
0.39

	
−1.14

	
−1.39

	
−0.49

	
−1.16

	
−0.96

	
−0.05

	
−0.25

	
−0.32




	
1990 (2050)

	
−0.54

	
−0.47

	
−0.46

	
0.94

	
−1.40

	
−2.23

	
0.25

	
−0.21

	
−1.50

	
0.2

	
−0.06

	
−0.32




	
Average

	
0.11

	
−0.03

	
−0.08

	
1.72

	
−0.74

	
−0.98

	
1.01

	
−0.35

	
−0.66

	
0.29

	
−0.12

	
−0.16
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Table 5. The GRI and SWRI of various water resources in the Lali region in the base and future time periods under RCP4.5 and RCP8.5, considering different methods.
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Approach

	
Time Period

	
Pali Aquifer

	
W3

	
Taraz-Harkesh Stream

	
W2

	
Bibitarkhoun Spring

	
W1






	
Method 1

	
Base

	
1

	
1

	
0.75

	
1

	
0.5

	
1




	
Future (RCP4.5)

	
1

	
1

	
0.44

	
0.36

	
0.375

	
0.16




	
Future (RCP8.5)

	
1

	
1

	
1

	
0.14

	
0.4

	
0.11




	
Average

	
1

	
1

	
0.73

	
0.5

	
0.425

	
0.42




	
Method 2

	
Base

	
1

	
1

	
1

	
1

	
0.5

	
1




	
Future (RCP4.5)

	
1

	
1

	
0.33

	
0.25

	
0.5

	
0.2




	
Future (RCP8.5)

	
1

	
1

	
1

	
0.33

	
0.5

	
0.09




	
Average

	
1

	
1

	
0.78

	
0.53

	
0.5

	
0.43




	
Method 3

	
Base

	
1

	
1

	
0.9

	
1

	
0.77

	
1




	
Future (RCP4.5)

	
1

	
1

	
0.77

	
0.67

	
0.83

	
0.63




	
Future (RCP8.5)

	
1

	
1

	
0.93

	
0.63

	
0.9

	
0.47




	
Average

	
1

	
1

	
0.87

	
0.77

	
0.83

	
0.7




	
Average (Base)

	
1

	
1

	
0.88

	
1

	
0.59

	
1




	
Average (future (RCP4.5))

	
1

	
1

	
0.51

	
0.43

	
0.57

	
0.33




	
Average (future (RCP8.5))

	
1

	
1

	
0.98

	
0.37

	
0.6

	
0.22




	
Total average

	
1

	
1

	
0.79

	
0.6

	
0.59

	
0.52
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