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Abstract

:

Agricultural months are the critical period for the allocation of surface water and groundwater resources due to the increased demands on water supplies and decreased recharge rate. This situation urges the necessity of using conjunctive water management to fulfill the entire water demand. Here, we proposed an approach for aquifer stabilization and meeting the maximum water demand based on the available surface and groundwater resources and their limitations. In this approach, we first used the MODFLOW model to simulate the groundwater level to control the optimal withdrawal and the resulting drop. We next used a whale optimization algorithm (WOA) to develop an optimized model for the planning of conjunctive use to minimize the monthly water shortage. In the final step, we incorporated the results of the optimized conjunctive model and the available field data into the least squares-support vector machine (LS-SVM) model to predict the amounts of water shortage for each month, particularly for the agricultural months. The results showed that during the period from 2005 to 2020, the most water shortage belonged to 2018, in which only about 52% of water demand was met with the contribution of groundwater (67%) and surface water (33%). However, the groundwater level could have increased by about 0.7 m during the study period by implementing the optimized model. The results of the third part revealed that LS-SVM could predict the water shortage with better performance with a root-mean-square error (RMSE), mean absolute percentage error (MAPE), and Nash–Sutcliffe Index of 5.70 m, 3.43%, and 0.89 m, respectively. The findings of this study will enable managers to predict the water shortage in future periods to make more informed decisions for water resource allocation.
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1. Introduction


Due to the scarcity of water supplies in many regions worldwide, and the potential changes in rainfall trends due to climate change [1,2,3], water withdrawal and consumption should be carefully managed. Given society’s desire to develop products that are in demand and to provide maximum profit, water supplies have diminished at an alarming rate [4,5]. The loss of freshwater and groundwater resources, depletion of aquifers, water stress and scarcity, land degradation, and desertification are some of the consequences of inappropriate water management around much of the world [6,7]. The 2018 edition of the United Nations World Water Development Report of 2018 stated that nearly 1.8 billion people will be living in regions that experience absolute water scarcity by 2050. The projection also suggests that water scarcity will displace about 24–700 million people worldwide by 2030. On the other hand, the demand for agricultural production is projected to increase by about 50% in 2050 [8]. To address these crises, researchers and managers are working together to adopt efficient management strategies for handling current and future challenges [9].



Conjunctive use of water resources is a strategy that connects, combines, and harmonizes the use of surface water and groundwater in order to maintain balance within the water demand/supply system. The first research on conjunctive water use dates back to eighty years ago [10]. Over time, many studies and advances in this field have been performed [11]. Several researchers have recently investigated the conjunctive use of water resources to inform strategies for water management in regions of the world that suffer from water scarcity [12,13,14]. By examining the implications of restrictions on the exploitation of surface and groundwater resources, this conjunctive use analysis enables land managers to not only maximize or satisfy water demand but also ensure that water resources are managed sustainably [15]. Conjunctive use of water resources has received attention in almost every part of the world, especially India [16], Iran [13], China [17], and the USA [18], where water managers have acknowledged that conjunctive use may be a component of solutions that focus on the problems of allocating reclaimed water, surface water, and groundwater to different water users over different months of the year. This type of approach to water planning focuses on aquifer balancing, water quality protection, reservoir shortage protection, groundwater level maintenance, and water right determination [19] for meeting society’s needs [20,21]. While they often focus on water-deprived regions of the world, conjunctive use analyses can also be applied in water-rich regions to inform land managers about options for slowing groundwater level rises and minimizing water deficits. These benefits of conducting conjunctive use analyses are of great importance given the increasing water demand from a world population approaching eight billion people.



Optimal conjunctive use management heavily relies on simulation and optimization processes where objectives are adjusted with respect to the constraints of every specific region [6]. Some researchers [22,23,24] have used conjunctive models of optimization simulators with MODFLOW code and different optimization scenarios to manage the conjunctive groundwater use. Optimal conjunctive use plans have been developed with numerical modeling of groundwater and nonlinear optimization algorithms [25,26]. The evolutionary optimization algorithms that have been suggested and applied to the problem of conjunctive use include genetic algorithms [12,13,17], nondominated sorting genetic algorithm [27], ant colony optimization [24], particle swarm optimization [28], genetic programming [29], dual fitness particle swarm optimization [30], extreme-point-based multi-objective particle swarm optimization [31], gravitational search algorithms [14,32], and Jaya algorithm optimization [33]. These are all considered to be p-metaheuristic combinatorial optimization processes where a population of feasible (usually) solutions is modified through various means to direct the entire set, and a single solution in particular, toward the optimal solution. These processes, while able to produce high-quality solutions to combinatorial problems, do not guarantee optimality, however. Further, the examples of numerical methods that have been applied to the conjunctive use problem include groundwater vistas [34], the soil water atmosphere plant (SWAP) model [35], Bayesian networks [36], linear programming [37], nonlinear programming [38], hydrogeological and agronomic models [39], mixed-integer nonlinear programming [40], and MODFLOW and fuzzy inference systems [41].



Depending on how these algorithms were implemented, they may be efficient in solving conjunctive use problems. However, researchers recommend extending the exploration of potential tools to a broader range of methods/algorithms in an effort to improve the accuracy and reliability of outcomes [42,43,44]. Recently, research has been conducted on using intelligent models for optimal conjunctive use. This method is a completed version of the simulation/optimization technique. In this approach, the results of the optimization model are trained by an intelligent model, and the trained model can be utilized instead of the optimization simulation model [41]. The developed model can be used for any time and climatic conditions; in addition, it is not time-consuming and difficult, in contrast with simulation/optimization techniques.



Machine learning models have gathered considerable attention due to not requiring the physical information of the channels and their physical structure [45,46,47]. LS-SVM models have also been used in various studies, including longitudinal dispersion coefficient prediction, predicting monthly evaporation from dam reservoirs, predicting groundwater storage loss, and sensor development showing a great performance [48,49,50].



In the present study, we illustrate the development of a simulation-optimization modeling approach that combines MODFLOW code, the Whale Optimization Algorithm (WOA), and least squares-support vector machine (LS-SVM) processes to address the conjunctive water use planning problem in a semi-arid region (Marvdasht) of Iran. The following objectives guide this study: (i) develop a conjunctive use approach for sustainable use of surface and groundwater resources that will produce near-optimal solutions; (ii) illustrate how water demands can be maximized based on the potential of surface water and groundwater; (iii) evaluate the efficiency of the WOA in providing near-optimal outcomes for allocating surface water and groundwater; (iv) develop an intelligent model that can predict monthly water shortages, especially for agricultural months; and (v) evaluate the efficiency of LS-SVM for assisting in the prediction of monthly water shortages.




2. Study Area and Data


Located in southern Iran, Marvdasht covers an area of about 3941 km2 and lies between 29°19 N to 30°25′ N and 52°15′ E to 53°27′ E (Figure 1). Within this region, the Marvdasht aquifer covers an area of about 1221.5 km2. The main recharge sources of the aquifer are groundwater inflows, precipitation, surface runoff, and return water from agriculture, drinking, and industry wells. The main discharges from the aquifer are through exploitation wells and aqueducts, evaporation, and drainage. The annual recharge of the aquifer is about 480 million cubic meters (MCM). In the last decade, there has been a downward trend in recharge, and during the last 16 year period (2005–2020), the average level of the aquifer has decreased. There has been a drop of about 12 m in the water table, which, in some parts of the aquifer, may drop to about 15 m or more (Figure 2). Adjacent to the groundwater source, the Doroudzan dam is located about 100 km northwest of Shiraz, at the crossing of the Kor River. By regulating about 760 MCM of water annually, the dam supplies about 76,000 ha of the farmlands in the region. A part of the water demand in the aquifer area is thus met through discharge from the dam. Despite the existence of surface water and groundwater resources, these are not used in an optimized conjunctive form.



The overall slope of the aquifer is from the north to the south. The borders of the aquifer entrance fronts are common with the borders of the highlands (Figure 1). Many rivers begin at highlands and pass through the aquifer to other aquifers, from which Sefidrud is of great importance. Therefore, these rivers play a role in charging or discharging the aquifer. The groundwater level is monitored by about 42 observation wells throughout the aquifer. The groundwater simulation was calibrated according to the water level of these wells. There are also a large number of exploitation wells in the aquifer area, which extract an average of about 480 MCM of groundwater annually. Most of this water use is for agricultural purposes (about 80–85%). Due to the existence of surface and groundwater resources, however, the rate of groundwater decline in recent years is evident. Therefore, optimal use of surface and groundwater resources in this area seems necessary.



The time-series data related to air temperature, evaporation, precipitation, demand water, and water inflow to the reservoir during the study period are shown in Figure 3. This information indicates a very similar trend for air temperature and evaporation changes during the study period (Figure 3a). Both variables achieved their highest levels during June, July, August, and September (summer). One can also see that while the amount of evaporation during the nonagricultural months was small (Figure 3b), it reached about 80 MCM in agricultural months. The increase in water demand from March to April indicates that large amounts of surface and groundwater resources are required to supply water demand during the early part of the growing season. Further, during the study period, the inflow to the reservoir gradually increased from October to April, and then tended to decrease due to the sharp decrease in rainfall during the summer months. Therefore, it should always be taken into account in water resources management that when the water demand increases, the amount of rainfall and inflow to the reservoir also decreases significantly. This leaves a significant percentage of water demand unanswered depending on climatic conditions. However, in nonagricultural months, due to increased rainfall, and reduced temperature and evaporation, and with the increase in the amount of inflow to the dam reservoir, water from the reservoir sometimes needs to be released to the surrounding lands. As a result, the allocation of surface water and groundwater resources should follow the principles that always meet the maximum demand.




3. Methodology


The modeling approach proposed here consisted of three main steps (Figure 4). In the first step, the groundwater level was simulated using the modular finite-difference flow (MODFLOW) model to achieve the optimal level of groundwater withdrawal each month of the study period. In the second step, the conjunctive use of water was addressed using the WOA, and the results were evaluated for the study period. In the third step, the LS-SVM model was trained based on various combinations of input variables and the scenarios defined, and was applied to predict the monthly water shortage in the study area. The following subsections describe our methodology in more detail.



3.1. Groundwater Level Simulation


This model was used to control how much groundwater could be withdrawn and the declining level of groundwater. Aquifer modeling needed information about the water levels from observation wells, the aquifer recharge rate, the river levels, the bedrock and topography (elevation), potential aquifer transmissibility, the hydraulic conductivity, and the initial specific yield. The aquifer is single-layered and free-type. Due to its small width, the thickness of the aquifer is ca. 50 to 80 m on the sides, and ca. 150 to 200 m in the center. There are about 45 observation wells throughout the aquifer that are responsible for controlling the groundwater level.



Hydraulic conductivity was calibrated for the stable status for October 2010, and specific yield values were determined for the unsteady status for two years from October 2010 to September 2012. Afterward, the model was validated using data from 2013–2014. After model building and validation, the model was applied to the five years between 2010 and 2015. The groundwater level of the Marvdasht aquifer was then simulated using the MODFLOW 2000 model within the GMS software [4,51]. This model is one of the most reliable and widely used tools that simulate underground flows based on finite difference methods [51].




3.2. Conjunctive Use Optimization


3.2.1. Objective Function


The main objective was to minimize the yearly water shortage. Accordingly, the objective function and constraints for the study period (the water year 2004–2005 through the water year 2019–2020) were formulated in monthly steps as follows:
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where i is the number of years in the study period; j is the number of months in the year, Demandij is the water demand in year i and month j (MCM); SWij is the surface water exploitation volume (MCM); GWij is the groundwater exploitation volume (MCM); Qmax ij, Qmin ij, and Qmax i are the maximum amount of groundwater withdrawal in year i and month j, the minimum amount of groundwater withdrawal in year i and month j, and the maximum annual withdrawal, respectively. Sj+1, Sj, Smax, and Smin are the reservoir volume at the end of month j, the reservoir volume at the beginning of month j, the maximum storage volume of the reservoir, and the minimum storage volume of the reservoir, respectively. Inj and Lossj are the inflow to the reservoir and losses from the reservoir surface, respectively, during month j. A(j) is the reservoir surface in month j (km2); Evj is the net evaporation difference between precipitation and evaporation in month j; and a, b, c, and d are constant coefficients of the reservoir surface-volume equation. Cp is the maximum water transfer capacity from the dam to the agricultural lands.



The five constraints defined in this study describe (1) the amount of monthly groundwater drop (Equation (2)), (2) the amount of monthly groundwater rise (Equation (3)), (3) the amount of annual groundwater exploitation (Equation (4)), (4) the establishment of a dam continuity relationship to control the amount of surface water allocation and the reservoir volume of the dam in each month and year (Equation (5)), and (5) the maximum water capacity of the canal (Equation (6)). The performance of the developed algorithm was evaluated in three different periods in which the amount of inflow to the dam reservoir varied. In the first period (a), the long-term average values were considered (average period of 15 years). The second period involved the lowest inflow to the dam (2016). Finally, the third period was considered to be the time with the highest inflow to the reservoir (2006).




3.2.2. Whale Optimization Algorithm (WOA)


The WOA is a nature-inspired combinatorial optimization algorithm proposed by Mirjalili and Lewis [52] that operates based on the bubble-net hunting strategy of humpback whales. During hunting, each whale releases air bubbles under the sea to disorient and corral a school of small fish such as salmon, krill, or herring. When the preys go to the center of the bubble circles, the whale hunts and eats a large number of them.



The whale can detect the position of the prey and thus surround the prey. However, as the optimal position of search space is unclear, the whale assumes that the best current answer is the adjacent prey. After determining this point, the search for other optimal points and position updates continues, given by:
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where t is the current iterator, C and A are the coefficient vectors, X* is the best position vector so far, and X is the position vector. The vectors A and C are calculated as follows:


   A →  = 2  a →   r →  −  a →   



(9)






   C →  = 2  r →   



(10)




where the vector a is a vector in both exploration and exploitation phases and is reduced from 2 to 0 per repetition. The vector r is a random vector in the range between 0 and 1 (Mirjalili and Lewis, 2016). The WOA is a p-metaheuristic combinatorial optimization process, where a population of feasible (usually) solutions is modified through various means to direct the entire set, and a single solution in particular, toward the optimal solution. It seeks, but does not guarantee, optimality.



As illustrated in the research methodology flowchart (Figure 4), we used the WOA to solve the objective function (Equation (2)) given the defined constraints (Equations (3)–(6)) for calculating the amount of allocation of surface and groundwater resources (i.e., conjunctive use) for different periods.





3.3. Prediction of Water Shortage


Several scenarios were developed to predict water shortage by combining the influential input variables. To do so, we first calculated the Pearson’s correlation coefficient of each variable with the target (i.e., water shortage) that revealed that the variables demand (D) and evaporation (Ev) with correlation coefficients of 0.69 and 0.62 had the highest correlation with water shortage. In contrast, precipitation (P) and inflow to the reservoir (Qin) with values of −0.33 and −0.25 were negatively correlated with water shortage (Table 1).



The variable with the highest correlation coefficient with the target was used in the first scenario. The second scenario was developed by combining the first scenario with the variable whose correlation coefficient ranked in second place. Repeating the process produced four other different input scenarios (Table 2). Each scenario was incorporated into the least squares-support vector machine (LS-SVM) model, and the model outputs were evaluated to determine the best input scenario for the prediction of water shortage.



Least Squares-Support Vector Machine (LS-SVM)


Suykens and Vandewalle [53] introduced LS-SVM to decrease the computation complexity and improve the accuracy and performance of classic SVM. Given a set of training data such as      {   x k  ,    y k   }    K = 1  N   , whose input and output data include    x k  ∈  R N    and    y k  ∈ R  , respectively, Equation (11) shows the nonlinear regression function in the initial weighting [53].


  y  (  ( x )  )  =  W T  φ      (  ( x  )   ) +  b  



(11)




where T, b, and W are the weight, regression bias, and transpose operator, respectively. φ (x) is the nonlinear mapping of inputs in high-dimensional feature space. This nonlinear regression can be solved by minimizing the following objective function.
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where γ is the regulator parameter for the error e. γ always controls the approximation function, so the larger the γ value, the higher the error is.



The equation is solved using the Lagrangian form of the main objective function:


  L  (  w ,   b ,   e ,   a  )  = j  (  w , e  )  −   ∑   i = 1  N   α i  {  W T  φ  (   x k   )  + b +  e k  −  y k  } oev  
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where αi is the Lagrangian coefficient.



Based on the Karush–Kuhn–Tucker condition, the LS-SVM model is written for the approximation function:


  y  ( x )  =   ∑   k = 1  N   α k  K  (  x ,    x k   )  + b    



(15)




where K (x, xk) is the kernel function. In this study, the Gaussian kernel function (Equation (16)) was used.


  K  (  x ,    x k   )  = exp  (  −      |   |  x −  x k   |   |   2     σ 2     )   



(16)







As mentioned earlier, each one of the six scenarios defined in this study (Table 2) was incorporated into LS-SVM, and the outputs were evaluated to determine the best input scenario for the prediction of water shortage per month for different periods. To do so, 70% of data were randomly selected and used for model training, and the remaining 30% were set aside for model evaluation.



To evaluate the model performance and output, we used the coefficient of determination (R2), root-mean-square error (RMSE), mean absolute percentage error (MAPE), and Nash–Sutcliffe Index (NSE). These metrics are expressed as follows [54,55,56]:
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where xo is the observed value (i.e., water shortage in the past), xp is the predicted value (i.e., water shortage in the future),   x ¯   is the average of the total observation data, and n is the number of samples. The lower RMSE and MAPE and higher NSE and R2 indicate better model performance for the prediction of water shortage in the future.






4. Results and Discussion


4.1. Simulation Results


Groundwater level was simulated to control the amount of groundwater withdrawal obtained from the optimization model results. The simulation was performed in two steady and unsteady conditions, and the results demonstrated an appropriate simulation performance for both steady and unsteady conditions (Table 3). Further, to ensure the efficiency of the groundwater simulation, we applied the model to the validation data that resulted in an RMSE, MAE, and R2 of 1.1 m, 0.93 m, and 0.98, respectively.



The condition of the observation wells showed that there was an acceptable correlation between the observed and simulated values in each observation well, which indicates the low simulation error (Figure 5a). Further, the groundwater level varied from 1520 to 1690 m.



Figure 5b shows the calibrated values of hydraulic conductivity and storage coefficient in both steady and unsteady states. The maximum value of hydraulic conductivity was about 35 m/day in the northern regions of the aquifer. Due to the sedimentation of fine particles, the lowest hydraulic conductivity values were observed in the south of the aquifer. The specific yield always varied between 2 and 19%, while this value was in the range of 6 to 12% in the central portion of the aquifer (Figure 5c). Finally, various withdrawals were performed on the simulation model. The maximum groundwater withdrawal values in each month were determined after calculating the groundwater level drops and considered as the constraints of the optimized conjunctive model.



The trend of changes in the simulated and observed groundwater level demonstrates that the MODFLOW code was able to successfully simulate groundwater level (Figure 6). Due to a large number of observation wells, point_30, 40, 23, and 25 were randomly shown as the samples in order to show observed and simulated values in such wells. Given the difference in numbers on the y-axis, it is obvious that there was a much smaller difference between the two values. Moreover, the time series of both values indicate that the trend was correctly detected by the MODFLOW code.




4.2. Optimization Results


The best parameter values of the WOA were obtained after running the algorithm several times. The a and r parameters were adjusted at 0 to 2 and a random vector in [0, 1], respectively. Among different population sizes (25, 30, and 50) considered for the implementation of the algorithm, the population size of 30 performed best. The WOA algorithm was performed in 2500 iterations because no improvement was achieved after iteration 2500. Depending on the type of period considered, the performance of the optimization model was different in allocating the amount of surface water and groundwater. In period b, water demand was mainly met from groundwater sources (Figure 7). Further, during this period, as the inflow amount was much lower than the long-term average, to meet the maximum water demand, groundwater withdrawal values were considered to be 10 to 15% higher than regular and wet periods, respectively. However, in period c, most of the water demand was met through the dam. The difference between the allocation values of groundwater in the two periods b and c was relatively large (Figure 7). In fact, when the system was considered for a dry period, the optimization model used the maximum groundwater resources to meet the water demand.



In contrast, in the wet periods and when the amount of inflow to the dam reservoir is sufficient, the model used more surface water resources, and to some extent, it allowed the aquifer to move forward to compensate for the reservoir shortages, and this is one of the valuable points of the approach of conjunctive use of surface and groundwater resources. In period A, the allocated amounts of both surface water and groundwater sources were slightly different from the other two periods. In this case, depending on the average amount of inflow to the reservoir, in some months, the amount of allocated surface water was higher than that of groundwater and is less in other months. For example, in April, when water demand is highest each year, the allocated amounts in the period a were 63 and 41 MCM for surface water and groundwater, respectively. In comparison, these values for the allocated amount of surface water and groundwater were 6 and 49 MCM, respectively, in period b, but in period c, the allocation to surface water was 79 MCM and to groundwater was 35 MCM. By examining the allocated amounts in the three periods, it can be stated that the model, in addition to meeting the maximum water demand, created a balance between groundwater and surface water so that both the groundwater reservoir shortage is partially compensated and the exploitation from surface water sources is maximized. In general, in wet years, the optimization model emphasized more on surface water, and in times of drought or when the amount of inflow to the dam reservoir is minimal, it used more groundwater resources. Figure 7 shows these results for the agricultural months.



After evaluating the optimization model for three different periods, the application of the model was extended to a 16 year period with monthly steps (Figure 8). As can be seen in Figure 8 and Table 4, 50% of water demand was met by surface water in 20 years. Between 2013 and 2018, when the inflow amount to the dam was lower, 51 to 67% of the water demand was met by groundwater (Table 4). The highest use of groundwater resources occurred in 2018, in which about 67% of water demand was met by groundwater resources. From the early years of the study period to 2014, the percentage of groundwater exploitation to meet the water demand was less than 50%, the exact amount of which varied between 37 and 49%. According to the optimization results, the logic of conjunctive use of surface water and groundwater resources was observed by the developed model. However, according to Table 4, the highest water demand was met in 2007 and 2020, when about 99% of demand was met with the share of surface and groundwater resources being 56 and 44% in 2007, and 61 and 39% in 2020, respectively. Further, the highest water shortage during the study period occurred in 2018, in which about 52% of water demand was met, with the share of groundwater (67%) and surface water (33%).



When allocating surface water resources from dams and groundwater resources, the remaining volume of reservoirs should always be considered. In other words, the allocations should be such that surface and groundwater resources are not damaged. Therefore, the volume of resources was calculated after allocating the amounts in each month. One of the constraints of the optimization model was that the allocation of the reservoir should not be more than the capacity of the water supply channel, and the other was the continuity equation. Figure 6 shows the changes in the reservoir volume after allocating the amount of surface water in each month. The reservoir volume has always varied between its maximum (1030 MCM) and minimum (133 MCM) capacity (Figure 9a).



In the early years, when the amount of inflow to the dam reservoir was high, the reservoir volume was in good condition. However, since 2010, the reservoir volume has decreased over time, reaching its lowest level in 2016–2018. During these years, we observed the most significant shortage of water supply. Nonetheless, from the end of 2019 to 2020, the reservoir volume exerted an upward trend. On the other hand, changes in groundwater level are slightly different from the reservoir volume. During the study period, the aquifer’s level decreased by about 12 m, which is an average of about 75 to 85 cm per year. By applying the optimal use from the beginning of the period to the end of groundwater simulation, we saw groundwater rising by about 0.66 m (Figure 9b).



Applying the results of the optimization model on the groundwater level simulation during the simulated period (about 5 years) revealed that the groundwater level increased in the first months of the simulation period, and it was also clear that the suggested optimization model was able to affect the groundwater drop changes. A slight increase in the groundwater level was obvious in the years in which groundwater resources were overused caused by extra allocation (such as 2015–2016). Despite the extra allocation of groundwater resources in the final years of groundwater simulation, the groundwater level rose compared to the status quo. This indicates that in the optimal integrated groundwater model, groundwater uses its stored volume captured in nondrought wet months of the year in months when surface water resources are available in small quantities. In special circumstances, not only does it satisfy the maximum water demands, but serious damage is also not done to groundwater.



It should be kept in mind that to achieve proper stability, we need more extended periods to continue the current optimization process for complete compensation of groundwater level loss in the aquifer. However, the model somehow prevented the downward trend of groundwater level to some extent, which also caused a relative rise in groundwater level. This is a promising result for water scientists and experts who are concerned about the environment. In general, the results showed that by relying on both water supply sources and maintaining the reservoir volume to a certain extent, the amount of groundwater level drop could also be controlled by the model. This requires the participation of farmers, managers, and communities.




4.3. Prediction Results


In the prediction phase of the methodology, the amount of water shortage was predicted based on the optimization results. The optimization model was applied to 12 months of the 16 year period, and the amount of water shortage in each month was estimated. These values were then predicted using the input scenarios consisting of different combinations of groundwater withdrawal, precipitation, temperature, and water demand in each month. Each of the input scenarios was implemented by LS-SVR, the results of which can be seen in Table 5. Among the developed scenarios, the sixth scenario, which included all input variables, was selected as the most appropriate model to predict the amount of monthly water shortage with an RMSE, MAPE, and NSE of 5.70 MCM, 3.43 MCM, and 0.89, respectively, for the test data. The lowest testing performance was observed for the first scenario, which included only one variable (water demand). In this scenario, RMSE, MAPE, and NSE were 21.93 MCM, 13.65 MCM, and 0.58, respectively, indicating a poor performance because of using one input variable to predict water shortage. In addition to the sixth scenario, having the values of the variables of the fourth scenario, it was possible to achieve relatively acceptable testing performance for predicting water shortage with an RMSE, MAPE, and NSE of 6.30 MCM, 4.60 MCM, and 0.88, respectively.



Taylor’s diagram was also used to examine the predictions (Figure 10a). This diagram shows the standard deviation of predictions on the horizontal and vertical axes and the correlation coefficient on the arc. Further, the arcs drawn inside the quadrant indicate the root-mean-square deviation (RMSD). The lower the RMSD and the higher the correlation coefficient of a model in Taylor’s diagram, the more accurate the predictive performance. The results of Taylor’s diagram show that the correlation coefficient and RMSD between the measured values and the LS-SVM predictions were greater than 0.93 and lower than 95, respectively. The standard deviation of the LS-SVM model was ca. 13, which was much closer to the standard deviation of the measured data. The scatterplots of the measured and predicted values are shown in Figure 9b. LS-SVM resulted in the highest performance (R2 = 0.86). Moreover, the data were close to the bisector line in the LS-SVM model, which reveals its small prediction error.



Investigating the time series of measured and predicted data for the testing dataset obtained from the selected scenario by model made the analysis and behavior of the predicted values more accurate. Figure 11 shows that LS-SVM correctly detected the changes in water shortage in almost all study months, although a few over-predictions were evident in some months (e.g., months 11, 21, and 31). Overall, the results demonstrated the capability of LS-SVM for predicting the minimum and maximum changes in the water shortage.



With this approach, it was possible to forecast a monthly water deficit with acceptable accuracy. This prediction will allow farmers to avoid losses and help decision-makers choose a wise water allocation. The study results and model assessment validated the prediction approach. Additionally, this study, along with [36], used a Bayesian model to codify instructions for autonomous allocation rules, and [6,41] applied ANFIS, FIS, and hybrid ANFIS models adequately to abstract groundwater. In their research, machine learning models were presented as an appropriate tool to predict some parameters with the help of optimization model results. Based on this investigation and the previous studies discussed above, an intelligent, holistic model utilizing optimal conjunctive results can be constructed, which can help allocate water resources efficiently and predict water deficits monthly. Even though the amount of groundwater abstraction prediction depends on various factors such as the amount of groundwater that declined in the previous month and the current month, its estimation is a problematic issue. Thus, this study attempted to predict groundwater deficits that were not caused by groundwater abstraction, which was not considered in the modeling. However, the prediction of each case is tied to the availability of data, conditions, and site.





5. Conclusions


In this study, a three-step methodology was proposed for the optimization of conjunctive use of surface water and groundwater resources. This approach was implemented in the Marvdasht region, Iran, which includes both surface water and groundwater systems. The optimized conjunctive model was investigated in three different periods to determine its performance. The selection of the LS-SVM model over the optimization model for the prediction of water shortage decreased the computation complexity that enables water managers to achieve the necessary information without spending much time. This approach is applicable to other areas with surface water (river or dam) and groundwater (aquifer).



This study showed that using a simulation-optimization approach that imposed some constraints for groundwater exploitation improved the groundwater status in the area so that during the simulation period, the groundwater level increased by about 0.7 m. The results of LS-SVM showed that machine learning models are a reliable tool for predicting the volume of water needs or the amount of groundwater use. In addition, with the help of variables such as groundwater exploitation, precipitation, temperature, and water demand in each month, it is possible to predict the amount of monthly water shortage in similar areas. This approach is applicable in other study areas. Therefore, relying on scientific approaches and using existing tools for simulation, optimization, and forecasting, the performance of a system can be evaluated in real and actual problems, and an appropriate management decision can be made in the shortest possible time, which is valuable for decision-makers and managers. The lack of zoning of the aquifer and review of optimization results in different areas of the aquifer was one of the limitations of this study, which was not feasible, due to the narrow width of the aquifer. Thus, in future research, for aquifers that are wider, an optimal amount of surface and groundwater resources can be allocated in each area of the aquifer.



Simultaneous use of the heuristic model’s results and field data to predict water shortage distinguishes this study from previous works reported in the literature. This prediction enables managers and researchers to make more informed decisions in response to future water shortages. Based on the results of this study, we recommend using this simulation-optimization approach for conjunctive water planning in other regions. We also recommend extending the analysis to use the status of groundwater quality, the effect of climate change on water needs, and evaluating other machine learning methods and optimization algorithms for testing the possibility of improving the quality of results.
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Figure 1. The location of the study area. 
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Figure 2. Groundwater level changes over a 20 year period. 
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Figure 3. Average long-term data of (a) evaporation (Ev) and temperature (T), (b) water demand, precipitation (P), and inflow to the reservoir (Qin) in the study area. 
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Figure 4. The flowchart of the methodology proposed in this study. 
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Figure 5. (a) Simulated alignment, (b) calibrated hydraulic conductivity, and (c) calibrated specific yield. 
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Figure 6. The observation and simulated groundwater level of the wells (a) point_30, (b) point_40, (c) point_25, and (d) point_23. 
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Figure 7. Optimal water allocation, (a): the long-term average values were considered, (b): the lowest inflow to the dam, (c): the highest inflow to the reservoir. SW: surface water, GW: groundwater. 
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Figure 8. Optimal water allocation. SW: surface water, GW: groundwater. 
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Figure 9. (a) Dam reservoir volume changes and (b) groundwater level changes. 
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Figure 10. (a) Taylor’s diagram for the water shortage prediction and (b) scatter plots of the measured and predicted data. 
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Figure 11. Time-series of the measured and predicted values of water shortage. 
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Table 1. The Pearson’s correlation coefficient between output and inputs.
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	Parameter
	P
	T
	Ev
	D
	Qin
	GW
	Water Shortage





	Water shortage
	−0.33
	0.54
	0.62
	0.69
	−0.25
	0.47
	1







P: precipitation, T: temperature, Ev: evaporation, D: water demand, Qin: inflow to the reservoir, GW: groundwater exploitation volume from the optimization model.
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Table 2. Scenarios defined in this study to predict water shortage.
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Scenario

	
Input Variable(s)

	
Output






	
S1

	
D

	
water shortage




	
S2

	
D and E




	
S3

	
D, E, and T




	
S4

	
D, E, T, and GW




	
S5

	
D, E, T, GW, and P




	
S6

	
D, E, T, GW, P, and Qin
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Table 3. Groundwater simulation evaluation.
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	State
	R2
	RMSE (m)
	MAE (m)





	Steady
	0.99
	0.89
	0.76



	Unsteady
	0.99
	0.93
	0.89



	Validation
	0.98
	1.12
	0.93
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Table 4. Percentage of annual allocation and supply.
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Year

	
Allocation (%)

	
Supply (%)

	
Year

	
Allocation (%)

	
Supply (%)




	
SW

	
GW

	
SW

	
GW






	
2005

	
60

	
40

	
91.6

	
2013

	
52

	
48

	
96.0




	
2006

	
63

	
37

	
97.3

	
2014

	
49

	
51

	
78.7




	
2007

	
56

	
44

	
99.0

	
2015

	
40

	
60

	
82.7




	
2008

	
56

	
44

	
92.7

	
2016

	
47

	
53

	
71.9




	
2009

	
52

	
48

	
93.3

	
2017

	
36

	
64

	
60.7




	
2010

	
47

	
53

	
78.7

	
2018

	
33

	
67

	
51.8




	
2011

	
54

	
46

	
90.2

	
2019

	
53

	
47

	
83.8




	
2012

	
51

	
49

	
83.6

	
2020

	
61

	
39

	
99.0








SW: surface water, GW: groundwater.
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Table 5. Performance evaluation of the LS-SVM model under different scenarios.
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Scenario

	
RMSE (MCM)

	
MAPE (MCM)

	
NSE




	

	
Training

	
Test

	
Training

	
Test

	
Training

	
Test






	
S1

	
18.60

	
21.93

	
10.55

	
13.65

	
0.68

	
0.58




	
S2

	
14.55

	
18.50

	
10.21

	
12.38

	
0.75

	
0.67




	
S3

	
10.3

	
11.45

	
8.35

	
8.14

	
0.84

	
0.74




	
S4

	
6.80

	
6.30

	
5.68

	
4.60

	
0.92

	
0.88




	
S5

	
7.80

	
6.80

	
6.32

	
4.20

	
0.91

	
0.86




	
S6

	
6.22

	
5.70

	
5.45

	
3.43

	
0.92

	
0.89








The best model performance is shown in grey.
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