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Abstract


Planning for the future of water and energy supply systems in urban areas requires a thorough assessment of associated risks. In this study, monthly water and energy demand data from 2011 to 2022 in an arid city was used to predict the corresponding demands from 2023 to 2032 using the seasonal auto-regressive integrated moving average (SARIMA) method. The aim is to estimate future water and energy supply risks both individually and jointly, using cumulative distribution functions (CDFs) derived from historical data. The main focus is to calculate the combined risk of water and energy, referred to as the water–energy nexus (WEN) risk. Based on the interdependent relationship between water and energy, the Copula function was utilized to model the bivariate distribution between these two variables. Pearson correlation analysis indicated a strong correlation between water and energy supplies. Among the distributions fitted to the data, the log-normal and gamma distributions were the best fit for water supply and energy supply systems, respectively, with the lowest Akaike information criterion (AIC) values. The Gumbel Copula, with a parameter of 1.66, was identified as the most suitable for modeling the joint distribution, yielding the lowest AIC value. The results indicate that the risks associated with energy supply, water supply, and their joint dependency could exceed 0.8% in the future, highlighting a potentially critical situation for the city. The trend analysis revealed that forecasted water and energy demands and their corresponding risks and the WEN risk are expected to have a significant upward trend in the future. Finally, local authorities need to explore alternative sources to supply water and energy in the future to address the ever-growing water and energy demands.
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1. Introduction


Humans have always sought ways to meet their essential needs, such as water and energy demands. Water is one of the most critical resources, as securing its supply has been a constant effort throughout human history [1]. This issue is particularly challenging in regions with hot and arid climates, where low rainfall patterns prevail [2]. Historically, the water supply in arid areas relied solely on groundwater, while excessive groundwater extraction over time has led to additional problems, such as land subsidence [3]. As a result, in these regions, seeking alternative solutions to secure water needs is crucial. In recent years, strategies, such as water transfer and the treatment and reuse of wastewater, have been explored to help meet the water demands of arid regions [4].



In addition to water supply, energy provision is a fundamental necessity, particularly in urban areas. Nowadays, cities cannot function without energy and electricity; thus, it is important for water utilities and authorities to ensure that the energy supply system is steady [5]. This challenge becomes more severe during the summer months in hot regions, when rising temperatures increase energy consumption, complicating its supply [6]. Since energy consumption often depends on water availability, water shortages can consequently impact energy supply. Therefore, a more comprehensive analysis can be conducted if water and energy are considered together. This concept, known as nexus, has been the focus of many studies since 2011 [7].



The nexus suggests that considering essential human needs, such as water, energy, food, environment, and economy, altogether can lead to optimized resource allocation and sustainable future development [8]. Various models have been used for risk assessment in urban water and energy systems. Bayesian networks model uncertainties and perform scenario analysis, while system dynamics models simulate complex feedback relationships over time [9,10]. Multi-objective optimization models allocate resources and assess risks based on different scenarios, and Monte Carlo simulations evaluate risks by generating random samples for uncertain variables like demand and climate variability [11,12].



In addition to addressing the current needs of a region, authorities should account for future changes as well. By predicting future consumption patterns and potential resource shortages, they can make more informed decisions regarding the management of water and energy resources. This approach not only allows for proactive planning but also helps mitigate the impacts of anticipated challenges, ensuring sustainable management of water and energy resources [13].



To date, numerous studies have been conducted on water and energy supply systems, as well as the associated risks and future predictions [14,15,16]. For instance, Chen et al. [17] developed multidimensional models to improve water resource utilization, hydropower generation, and environmental impacts. Considering the joint distributions among the variables in the Yangtze River basin, their models showed that the excessive production of hydropower energy can lead to water shortages and environmental damage upstream. Furthermore, Chen et al. [18] developed an optimization model considering the water–energy nexus (WEN) to handle uncertain and fuzzy parameters. Their results indicated that the use of fossil fuels has a large contribution to the carbon production of the region, while the implementation of policies, such as a carbon tax, can reduce carbon emissions even though it increases system costs. Cai et al. [19] used Markov and Copula chains to design a model for water and energy management in the North China region. Their findings demonstrated that the risks related to energy, especially under conditions of multiple pressures, are more severe than the risks of water. Alnahhal et al. [20] used water and energy coupling to optimize electricity and water systems. Their results showed that desalination techniques and water reservoirs can reduce operating costs. Kang et al. [21] implemented an integrated WEN assessment and forecasting approach in Mongolia and found that WEN has been consistently significant over time.



Despite valuable studies, key gaps still remain. In particular, many previous studies have only investigated interactions in specific regions, and their results may not apply to other regions with different characteristics, especially in arid and semi-arid regions. Furthermore, existing models have generally considered short-term impacts, and less attention has been paid to the long-term sustainability of resources and climate change. Also, many existing studies have limited focus on the comprehensive analysis of risks, as there is a need for multivariate analyses and the application of probabilistic models and system dynamics in different conditions.



Unlike previous studies that primarily focused on historical data or examined water and energy risks separately, this study calculated the risk of the water–energy nexus (WEN) in addition to evaluating the risk of water and energy supply separately. A probabilistic model, i.e., the copula function, was exploited to assess the combined risk of water and energy supply within WEN. Due to the importance of water in dry areas, Yazd city in Iran, which has a hot and dry climate, was selected; no similar study has been conducted in this city. Furthermore, monthly data from 12 years (2011–2022) were considered in this study. Unlike most previous studies that mostly focused on the analysis of past data, the current study predicted water and energy demands and the risk of water and energy supply for the next 10 years.




2. Materials and Methods


2.1. Study Area


The city of Yazd, covering an area of 99.5 km2, is in the center of Yazd province along the Esfahan-Kerman route and on the edge of Iran’s central desert (Figure 1). Yazd has a dry, desert climate with a population of approximately 671,561 in 2016. It is the most populous city in the province [22]. Due to low rainfall (an average of 60 mm) and high evaporation rates (4 m/year), groundwater resources serve as the primary water supply for the city [23]. However, the declining groundwater levels and restrictions on extraction from the province plains have made it necessary to implement water transfer projects outside the province. Projects, including the transfer of water from the Zayandeh Rud and Beheshtabad rivers, desalination of water from the Persian Gulf, and the reuse of treated wastewater, are among the measures taken to ensure Yazd’s water supply [24]. Additionally, the Yazd electricity is supplied by combined cycle and gas power plants, which also consume water, underscoring the WEN importance in the region [25]. It has consistently faced water and energy shortages, particularly during consumption peaks in the summer. Finally, monthly water and energy consumption data from 2011 to 2022 in Yazd were utilized.



Monthly water and energy supply and demand data of Yazd were obtained from 2011 to 2022 from the Yazd Water and Electricity Organization. Water supply data include groundwater and transfer water, while energy supply data are the energy received from gas power plants and combined cycles. Additionally, the water and energy demands indicate the consumption of water and energy in the city.



Table 1 summarizes the statistical characteristics of the water and energy supply data. As shown, the water and energy supply data are slightly right-skewed. Furthermore, they have a lower kurtosis than a normal distribution and exhibit lighter tails. Also, water demand has a very low skewness, close to zero, while it has a higher kurtosis than a normal distribution. On the other hand, the energy demand has a positive skewness, and its kurtosis is close to a normal distribution.




2.2. Water–Energy Nexus


WEN is the complex and interdependent relationship between water resources and energy production and consumption. They are highly interconnected; for example, energy production requires substantial amounts of water, e.g., in hydroelectric and thermal power plants [26]. Any changes in water availability can directly impact energy production and vice versa. This nexus is particularly significant in the regions facing natural resource scarcity, while mismanagement can increase environmental and economic risks.



WEN highlights the interconnectedness between water resources and energy production. The latter often requires significant water, while water management relies heavily on energy for extraction and treatment. Disruptions in water availability, such as droughts, can directly affect energy production, particularly in water-intensive sectors [27]. Conversely, energy shortages can limit water extraction and distribution [28].



In arid regions like Yazd, the effective management of both resources is essential due to their scarcity. Changes in water availability can have substantial impacts on energy production, especially during peak demand periods, making integrated resource management crucial for minimizing risks and ensuring sustainable supply.



In Yazd, there are two types of power plants for electricity generation: combined cycle and gas power plants [29]. Water consumption of combined cycle power plants can vary depending on the type of cooling system (wet, dry, or hybrid) and the geographical location of the plant:




	
Plants with wet cooling systems typically consume about 2000 to 3500 L of water per megawatt-hour (MWh).



	
Plants with dry cooling systems use significantly less water, usually consuming less than 100 L per MWh.



	
Water consumption of plants with hybrid cooling systems falls between those of wet and dry systems [30].








The combined cycle power plant in Yazd includes two gas turbines, each with a capacity of 162 MW, and one steam turbine with a capacity of 160 MW. The total capacity of the power plant is 484 MW, and the cooling towers are of the dry type.



Gas power plants also consume water, while their water consumption is generally lower than that of combined cycle or steam power plants. The amount and type of water consumption in gas power plants depend on the following factors:




	
If a wet cooling system is used, approximately 300 to 750 L of water are consumed per MWh.



	
Water consumption in a dry cooling system is less than 100 L per MWh.



	
In hybrid systems, water consumption falls between 100 and 300 L per MWh.








In gas power plants with dry cooling systems, water consumption is significantly lower and is mainly limited to other processes [31]. The gas power plant in Yazd is a dry cooling system.




2.3. Time Series Forecasting Using SARIMA


The ARIMA method is one of the most widely used approaches for forecasting time series data. It includes three main components: (i) auto regressive (AR), (ii) integrated (I), and (iii) moving average (MA). The ARIMA model is generally represented as   A R I M A ( p ,   d ,   q )  , where   p   is the non-seasonal autoregressive order,   d   is the degree of differencing needed to make the data stationary, and   q   denotes the non-seasonal moving average order [32]. The general formula for the ARIMA model is as follows:


  φ   B       ∇     d     z   t   = θ ( B )   ε   t    



(1)







Given the following relationship, the above equation can be rewritten as:


  ∇ = ( 1 − B )  



(2)






  φ   B       1 − B     d     z   t   = θ ( B )   ε   t    



(3)






  φ   B   = 1 −   φ   1   B −   φ   2     B   2   − ⋯ −   φ   P     B   P    



(4)






  θ   B   = 1 −   θ   1   B −   θ   2     B   2   − ⋯ −   θ   q     B   q    



(5)




where   B   is a backward operator that acts on the time index and moves back by one time unit and obtains a new series,   ∇   represents the differentiation of time series,   φ   B     is the autocorrelation (AR) part of the model,   θ   B     is the moving average (MA) part,     ε   t     is a random noise or model error at time   t  ,   φ   is the parameter of the non-seasonal autoregressive model, and   θ   is the parameter of the non-seasonal moving average model [33].



Differencing is used to achieve stationary in a time series. In this process, the data are differenced   d   times, and then the ARIMA model is applied to the stationary data.



In the selection process of the ARIMA model, the time series is first made stationary through differencing, then suitable values for the parameters   p   and q are determined using autocorrelation function (ACF) and partial autocorrelation function (PACF) plots [34].



If a time series exhibits seasonal trends, the ARIMA model extends to the Seasonal ARIMA (SARIMA) model to effectively account for seasonal prediction patterns. The SARIMA model adds seasonal components to ARIMA, allowing for the modeling of seasonal periods. It is represented as   S A R I M A ( p ,   d ,   q )   ( P , D , Q )   w    , where   P  ,   D  , and   Q   represent the seasonal autoregressive order, seasonal differencing degree, and seasonal moving average order, respectively, and   w   is the number of seasonal periods in a year, e.g., 12 for monthly data [35].



SARIMA models are derived using the seasonal differencing operator with lag and are represented as   A R I M A   ( P , D , Q )   w    . To distinguish the seasonal model from the non-seasonal one, all letters in the notation are written in uppercase. The general form of the SARIMA model is as follows:


  φ     B   ω         1 −   B   ω       D     z   t   = θ (   B   ω   )   ε   t    



(6)






  φ     B   ω     = 1 −   φ   1     B   ω   −   φ   2     B   2 ω   − ⋯ −   φ   p     B   p ω    



(7)






  θ     B   ω     = 1 −   θ   1     B   ω   −   θ   2     B   2 ω   − ⋯ −   θ   Q     B   Q ω    



(8)







In the SARIMA model, the data are first made stationary through seasonal differencing (  D  ) to remove seasonal trends. The ARIMA model is then applied to the seasonally adjusted data, with seasonal components incorporated using seasonal operators. This approach allows the model to capture both short-term patterns and long-term seasonal patterns, which significantly improves the accuracy of forecasts for seasonal time series [36].




2.4. Copula


2.4.1. Copula Structure


The interaction effect between water supply and energy supply relies on the univariate distributions of each and the dependence between them, which can be expressed through a Copula function. The Copula function links univariate distribution functions to form a multivariate distribution function [37]. Additionally, it can separate the marginal distribution from the dependency structure of a multivariate distribution [38]. Thus, the information in the copula includes all univariate information and the relationship between the variables.



According to Sklar’s theorem, if the continuous random variables   X   and   Y   have marginal distribution functions   F ( X )   and   ( Y )  , respectively, and a joint distribution function   H ( X , Y )  , the unique copula   C ( u , v )   is defined in Equation (9) [39]:


  H   x , y   = C   F   x   , G   y      



(9)







Therefore, for the variables of water supply and energy supply with marginal distributions   F ( X )   and   ( Y )  , respectively, and the copula   C  , the joint distribution function can be obtained using Equation (9).



Using the copula function and Sklar’s theorem is beneficial when there is a relationship between the variables. The Pearson correlation coefficient is a standard measure used to calculate the degree of dependence between two variables   X   and   Y  , and is computed in Equation (10) [40]:


  r =    c o v ( X , Y )    v a r ( X )   v a r ( Y )      



(10)




where   v a r ( X )   represents the variance of variable   X   and   c o v   X , Y     indicates the covariance between variables   X   and   Y  .



To calculate the dependence between variables in the general cases (when nonlinear relationships are also considered), some non-parametric measures such as Kendall’s tau and Spearman’s rho are used. If   X   and   Y   are continuous random variables with corresponding Copula   C  , then Kendall’s tau measure of dependence for   X   and   Y   is given in Equation (11):


  τ = 4   ∫  0   1      ∫  0   1    C   u , v   d C   u , v       − 1    



(11)







The Spearman’s rho measure of dependence (  ρ  ) is calculated using Equation (12):


  ρ = 12   ∫  0   1      ∫  0   1    C   u , v   d u d v     − 3  



(12)








2.4.2. Selection of an Appropriate Copula Structure


To determine the appropriate copula structure, suitable marginal distributions for the water supply and energy supply variables need to be fitted. For fitting an appropriate marginal distribution for each data series, the Kolmogorov–Smirnov (KS) goodness-of-fit statistic, Akaike information criterion (AIC), log-likelihood, and the p-value of the Kolmogorov–Smirnov test are evaluated. The null hypothesis in goodness-of-fit tests is that the random variable   X   follows a distribution   F ( X )  . This test uses the distance between the empirical distribution function and the estimated distribution function (under the null hypothesis) to assess whether the fitted distribution is appropriate.



The empirical distribution function (    F   n   ( X )  ) is expressed as:


    F   n     x   =    1   n        ∑  i = 1   n    I (   X   i   ≤ x )    



(13)







The estimated distribution function under the null hypothesis (    F  ^    x    ), the KS test is defined as follows [41]:


  K S =   s u p   x       F   n     x   −   F  ^  ( x )      



(14)







The smaller   K S   is, the better the distribution fits.



The log-likelihood statistic indicates how well the model with optimized parameters fits the data. For a sample of size   n  , with   θ   as the distribution parameter and   f     x   i     θ     as the density function of the variable     x   i     with parameter   θ  , the log-likelihood function is defined as follows:


  l   θ     x   1   , … ,   x   n     =   ∑  i = 1   n    ln ⁡ ( f (   x   i   | θ ) )    



(15)







Higher values of the log-likelihood function indicate that it provides a better fit to the data compared to other functions.



Finally, AIC seeks a function that describes the data well while avoiding unnecessary complexity. Distributions with a smaller AIC are considered better distributions [42]. It is defined using   l   θ     x   1   , … . ,   x   n       or, briefly,    l ( θ )  , as follows:


  A I C = − 2 l   θ   + 2 k  



(16)




where   k   is the number of parameters.



After determining suitable marginal distributions, the data are first transformed into uniform distributions using the probability integral transform theorem to model the dependency structure between the variables. Afterwards, the appropriate copula structure is identified [43]. This study considers some famous and widely used families, including elliptical copulas (normal and t-student) and Archimedean copulas (Gumbel, Frank, and Clayton). To determine the appropriate copula structure, the Cramér–von Mises goodness-of-fit test, AIC, log-likelihood, and p-value of the Cramér–von Mises test were used. In the Cramér–von Mises test, the null hypothesis is that the relationship between the variables follows a specific copula   C  . It is similar to the goodness-of-fit test for univariate distributions [44]. The empirical copula (    C   n    ) is expressed in Equation (17):


    C   n     u , v   =    1   n        ∑  i = 1   n    I     F     x   i     ≤ u   ,   G     y   i     ≤ v       f o r   u , v   ϵ   0 , 1    



(17)




where   F (   x   i   )   and   G     y   i       are the marginal distributions of   X   and   Y  , respectively.



The Cramér–von Mises test is a function of the distance between the empirical copula and the estimated copula under the null hypothesis     C     θ  ^    ( u , v )  . It is derived from Equation (18):


    S   n   =   ∫  0   1      ∫  0   1         n  (   C   n     u , v   −   C     θ  ^    ( u , v )     2   d   C   n   ( u , v )      



(18)




where     C   n     u , v     is the empirical copula, and     C     θ  ^    ( u , v )   is the estimated copula under the null hypothesis.



Large values of the     S   n     statistic indicate a rejection of the null hypothesis.





2.5. Trend Analysis Method


Mann–Kendall’s test is a non-parametric trend analysis method. It has been widely used for trend detection for hydroclimatic data series [45]. Its primary advantages are (i) being less affected by extreme values and (ii) no reliance on a specific statistical distribution. In this technique, the standardized statistic of Mann–Kendall’s test (  Z  ) is used to identify the presence of a trend in a data series [46]:


  Z =         S − 1    V a r ( S )       S > 0     0   S = 0        S + 1    V a r ( S )       S < 0       



(19)




where   S   is Mann–Kendall’s static test and can be obtained by Equation (20):


  S =   ∑  i = 1   n − 1      ∑  j = i + 1   n    s g n (   x   j   −   x   i   )      



(20)




where   s g n     x   j   −   x   i     =      1     x   j   >   x   i       0     x   j   =   x   i       − 1     x   j   <   x   i         .



If     Z   > 0.96  , the null hypothesis, which implies no trend in the data series, is rejected. Otherwise, the alternative hypothesis, which suggests the presence of a statistically significant trend, is accepted. Furthermore, a positive   Z   typically indicates an increasing trend, whereas a negative   Z   means a negative trend. Therefore, based on   Z   in Mann–Kendall’s test, the existence and magnitude of a trend can be examined in the data series.




2.6. Performance Evaluation Indices


The results obtained in this study were evaluated using four metrics. These metrics are commonly used to evaluate the performance of forecasting models and timing in statistical analyses and time series predictions [47,48]:




	1.

	
Mean error (ME): ME refers to the average difference between the predicted values and the actual values (Equation (21)). It can be either positive or negative, indicating the bias of the forecasting system. A negative value indicates that the model predicted slightly less than the actual value on average. In contrast, a positive value implies that the model estimated slightly more than the actual value. Thus, the closer ME to zero is, the better the model performs:


  M E =    1   n      ∑  i = 1   n    (   o   i   −   p   i   )    



(21)




where     o   i     and     p   i     are the   i  th observed and predicted values, respectively, and   n   is the sample size.




	2.

	
Root mean squared error (RMSE): RMSE indicates the degree of deviation of the predictions from the actual values (Equation (22)). It is highly sensitive to significant errors and is expressed in the same units as the data:


  R M S E =     1   n      ∑  i = 1   n      (   o   i   −   p   i   )   2       



(22)








	3.

	
Mean absolute scaled error (MASE): MASE is used to compare model performances with baseline data by scaling the absolute error achieved by the model relative to a baseline model:


  M A S E =      1   n     ∑  i = 1   n      (   o   i   −   p   i   )         1   n − 1     ∑  i = 2   n      (   o   i   −   o   i − 1   )         



(23)








	4.

	
Nash–Sutcliffe efficiency (NSE): NSE has been widely used in environmental and hydrological sciences to evaluate how well hydrological models or other forecasting models perform in replicating observed events by comparing observed data to predicted data:


  N S E = 1 −      ∑  i = 1   n      (   o   i   −   p   i   )   2         ∑  i = 1   n      (   o   i   −   o  ¯  )   2         



(24)




where     o  ¯    is the mean of the observed values.




	5.

	
Determination coefficient (R2): It is a statistical measure representing the proportion of the variance in the dependent variable (observed data) that is predictable from the independent variable (predicted data):


   R 2  =    [     ∑  1   n        o   i   −     o  ¯    i         p   i   −   p  ¯      ]   2       ∑  1   n          o   i   −   o  ¯        2     .   ∑  1   n          p   i   −   p  ¯      2         



(25)




where     p  ¯    is the mean of the predicted values.











3. Results


3.1. Time Series Forecasting with SARIMA


SARIMA was used to forecast the water and energy supply. Despite its simplicity, it can effectively match observational data and forecast future values if the time series does not have significant complexity. After separating the components of each series, it was observed that both have seasonal trends. Consequently, SARIMA was used to model and forecast water and energy supply for Yazd.



Various SARIMA models were applied to the data, and finally, SARIMA(5,2,3)(2,1,3)12 and SARIMA(2,1,2)(1,2,2)12 were selected for water demand and electricity demand. Figure 2 depicts the forecasted water demand in millions of cubic meters (million m3) and energy demands in million megawatt-hours (million MWh) from 2011 to 2022 in Yazd. As shown, the comparison of observed and predicted demands indicates that the SARIMA models have effectively predicted water and energy demand as they adequately captured the patterns of the available historical data.



The results of metrics for forecasting water and energy demands are presented in Table 2. The metric results show that both SARIMA models performed well and provided relatively accurate predictions. Therefore, the predicted values can be utilized to forecast the future.



Using the SARIMA models with the most robust performances, water and energy demands from 2023 to 2032 in the city were forecasted (Figure 3). Furthermore, Figure 4 depicts that predicted water and energy demands have an upward trend. To be more precise, water consumption is expected to increase by 35% over the next decade compared to the past decade. Likewise, energy consumption will rise by approximately 77%. Due to the hot and dry climate and hot summers in Yazd, the highest water consumption occurs in the summer—approximately 25% more than in other seasons. Regarding energy consumption, summer and spring consume twice as much energy as winter and autumn. These observations demonstrate that, without efficient management and planning for water and energy use, the city may face a crisis in supply during the summer. Therefore, future forecasting can significantly aid regional decision-makers in preventing such crises.




3.2. Copula Analysis Results


For monthly data from 2011 to 2023, the dependency between water and energy supply was examined. Table 3 shows that the Pearson correlation coefficient is 0.564, while Kendall’s tau and Spearman’s rho are 0.389 and 0.542, respectively. Based on the results shown in Table 3 and the scatter plot in Figure 5, there is a relatively strong positive relationship between the water and energy supply, making using copula a logical choice.



Suitable marginal distributions were fitted to the data, and an appropriate copula was selected. To this end, normal distribution and right-skewed distributions, including gamma, log-normal, and Weibull distributions, were considered due to the right-skewness of both datasets. Table 4 presents the parameters estimated by using maximum likelihood estimation (MLE), the KS statistic, AIC, and the p-value associated with the KS test for different distributions. According to Table 4, the log-normal distribution is the best fit for the water supply data, whereas the gamma distribution is the best fit for the energy supply data, as they have the lowest K-S statistic, the lowest AIC, and the highest log-likelihood values. Additionally, the p-value for the log-normal distribution for the water supply is 0.22, while the p-value for the gamma distribution for the energy supply is 0.32, indicating that the null hypothesis cannot be rejected at the 0.05 significance level for both distributions. Thus, the log-normal and gamma distributions fit the water and energy supply data well.



Figure 6 and Figure 7 illustrate the fitted log-normal distribution for the water supply data and the gamma distribution for the energy supply data, respectively. According to Figure 6a and Figure 7a, the red curve represents the theoretical density with which the data are compared. As shown, the density of the data is consistent with the density of the fitted distribution. Based on Figure 6b,d and Figure 7b,d, the data points follow a straight line of 45 degrees, and the fitting distribution is good. Furthermore, Figure 6c and Figure 7c indicate that the empirical distribution of the data is compared with a theoretical one. As shown, the data are nearly on the red curve, which demonstrates that the specified marginal distribution fits the data well. Therefore, the log-normal and gamma distributions fit the water and energy supply data well.



Figure 8 depicts the CDF for the historical water supply data. According to Figure 8, the probabilities for the water supply to be less than 5 million m3 and less than 6.5 million m3 are 0.64 and 0.91, respectively. Thus, when the water demand is 5 million m3, the risk of water scarcity is 0.64. Additionally, the risk of water scarcity increases to 0.91 when the demand rises to 6.5 million m3.



Figure 9 displays the CDF for the historical energy supply data. As shown, the probability is 0.82 when the energy supply is less than 0.5 million MWh and 0.93 when it is less than 0.6 million MWh. Therefore, when the energy demand is 0.5 million MWh, the risk of energy shortage is 0.82. As the demand increases to 0.6 million MWh, the risk of energy shortage increases to 0.93.



After transforming the data to a uniform distribution, the appropriate copula function was identified. For this purpose, commonly used copulas, such as Normal, t-Student, Gumbel, Clayton, and Frank, were considered. According to Table 5, the Gumbel copula has the lowest value of     S   n    , the lowest AIC value, and the highest log-likelihood value. Additionally, the p-value for the Cramér–von Mises test for this copula indicates that the null hypothesis is not rejected at a significance level of 0.05. Therefore, the Gumbel copula with a parameter of 1.66 is considered suitable for the data, and the data follow a bivariate distribution with Equation (23):


    C   θ = 1.66     u , v   = e x p ⁡ ( −   [     − l n u     1.66   +   ( − l n v )   1.66   ]      1   1.66      )  



(26)




where   u   is water supply, which follows a log-normal distribution,   v   is energy supply, which follows a gamma distribution, and   θ   is the Gumbel copula with a parameter of 1.66, as shown in Figure 10.




3.3. Risk Analysis


Using the CDF charts and the relationship obtained between water and energy with the Gumbel copula function, the risk of water and energy supply in the future and the joint water–energy risk can be determined. The annual water and energy demand values from 2012 to 2022 were obtained from the relevant organizations. Using the SARIMA method, the water and energy demands from 2023 to 2032 were forecasted.



To calculate the risk of supplying each of water and energy demand, the distribution functions shown in Figure 8 and Figure 9 were used for water and energy supply, respectively. For example, the water demand forecasted for 2023 is 4.473 million m3. According to Figure 8, the probability of meeting this water demand is 0.48. Thus, the risk of water supply in 2023 is 0.48. The same process also applies to energy demands. For instance, the energy demand forecasted for 2023 is 0.558 Million MWh. According to the CDF shown in Figure 9, the probability that the energy supply will be less than or equal to 0.558 Million MWh is 0.89. Using the bivariate distribution function, the joint water–energy risk can also be calculated, which is 0.47 in 2023.



According to the results in Table 6, the risk of water supply in Yazd is projected to gradually increase, reaching 0.87 by 2032. The risk for energy supply is even more critical, expected to become 0.99 by 2032. This indicates a severe warning for the city. Based on the future predictions, Yazd will face a severe energy supply problem. Likewise, the risk of WEN is also expected to increase gradually, reaching 0.87 by 2032, based on Table 6. The results show that the risk of WEN is influenced by both water and energy values.



Mann–Kendall’s test was applied to the forecasted water supply, energy supply, and water–energy nexus values presented in Table 6. As shown in Figure 11, water demand (  Z = 5.68  ) and energy demand (  Z = 6.34  ) forecasts indicate a significant upward trend (with p-values < 0.05) with a tau of 0.90 and 1.0, respectively. Additionally, the risk of water supply (  Z = 5.74  ), energy supply (  Z = 6.31  ), and WEN (  Z = 5.98  ) are expected to have a significant upward trend with a tau of 0.91, 1.0, and 0.94, respectively, and p-values lower than 0.05. Therefore, the trend analysis demonstrates that the water and energy supply and their risk, in addition to the WEN risk, are expected to increase in the future in Yazd.





4. Discussion


Water and energy supply systems are consistently among the primary concerns for city officials. Urban managers continuously strive to meet the required amounts of water and energy using various methods while minimizing the risk of water and energy shortages. Since energy production also requires water consumption, water and energy inevitably influence one another. Identifying WEN can enable the simultaneous consideration of water and energy shortage risks. The current study used the copula function to examine and establish the relationship between the water and energy supply in Yazd. According to Table 6, the city is expected to face water and energy shortages in the future, particularly severe shortages for energy.



In this study, using the copula function, the relationship between the water and energy supply of Yazd was investigated. The results showed that in the future, this city could face a serious shortage of water and energy supply, especially in the energy sector. Also, the results of the copula function can be combined with other tools and concepts to achieve more useful results. For example, the scenario creation and two-level planning were used in addition to the copula results [49,50,51].



Also, copulas can serve as a tool to identify relationships among water, energy, and other factors. Earlier research primarily focused on scenario modeling and constructing hypothetical scenarios for the future.



This study, however, utilized existing data to forecast and evaluate past risks. To be more specific, SARIMA was employed to predict future water and energy demands. In previous studies, SARIMA was used to predict different values in dry areas. For example, Aghelpour et al. [52] compared the performance of SARIMA with those of other methods to predict future temperatures in several locations with different climates. The results showed that SARIMA has good results compared to other methods in dry areas. Legarreta-González et al. [53] also used SARIMA to estimate water consumption in Mexico, which has a hot and dry climate.



Therefore, the results of this study can serve as a warning to city managers that if they continue with the current approach, serious consequences may appear. To be more precise, without exploring alternative or supplementary sources for water and energy supply, the case study will likely encounter significant challenges in the future. Purification and reuse of wastewater for irrigation and the use of clean energy, such as solar and wind, are among the alternative ways that can be considered to reduce the risk to water and energy supplies.



Although city systems are highly complex with many influencing factors, considering more variables can lead to more accurate and realistic predictions. For instance, limitations of available water resources, restrictions on groundwater harvesting, population growth, and climate change are among the influencing factors that can affect the risk of water and energy supplies. This study did not consider the mentioned factors, but rather, it did consider other factors that may improve risk assessments in the future. As a result, future studies could incorporate additional factors, such as the environmental, economic, or even social aspects, and use multidimensional copulas to examine the relationships between these factors. Finally, data-driven approaches, like artificial intelligence, can be utilized in developing enhanced forecasting models in future works.




5. Conclusions


One of the primary concerns and responsibilities of city officials is meeting the criteria for the needs of water and energy supply. The study area (Yazd) is a city with a hot and arid climate that has always faced challenges in securing water, addressing this issue with various methods, such as water transfer. The energy needs of the city also encounter problems when consumption peaks in summer, leading to measures like power outages or changes in administrative working hours to reduce consumption. Therefore, estimating the risk of water and energy supply can help prevent crises by providing solutions before they occur.



Given that water is required for electricity production, it is obviously expected that water and electricity consumption will affect each other. Thus, considering these two variables together allows for a simultaneous assessment of water and energy supply risks.



Monthly water and energy consumption data from 2011 to 2022 were obtained from the local water and electricity authorities. Forecasting with the SARIMA method, water and energy consumptions from 2023 to 2032 were predicted. Metric results indicated that the developed models fit well with the existing data. To evaluate WEN, the correlation between water and energy supply data was examined using Pearson, Kendall, and Spearman correlation coefficients. The results demonstrated a relatively strong direct relationship between water and energy supply. Hence, the copula function was used to determine the relationship between water and energy supply in Yazd.



Initially, suitable marginal distributions were fitted to the data. Gamma, log-normal, and Weibull distributions were considered. For water supply data, the log-normal distribution and for energy supply data, the gamma distribution had the lowest K-S statistic, AIC value, and highest log-likelihood. Thus, the log-normal and gamma distributions fitted the water and energy supply data well, respectively. The CDF for water and energy was calculated and plotted. Using these plots and the estimated demand for water and energy supply from 2012 to 2032, the risks of water and energy supply were predicted. The results demonstrated that the risks for both water and energy supply will increase, with energy facing a more critical situation where the risk will reach 0.99 by 2032.



To calculate the simultaneous risk of water and energy supply, the copula function was fitted to the water and energy data. Various copulas, including normal, t-student, Gumbel, Clayton, and Frank, were considered. The Gumbel copula had the lowest Kramer–von Mises goodness-of-fit statistic, the lowest AIC, and the highest log-likelihood. Therefore, the Gumbel copula with a parameter of 1.66 was deemed suitable for the data, and the bivariate distribution relationship was obtained. As a result, the risk of WEN was calculated. Comparing the risks of water, energy, and WEN reveals that the risk of WEN will vary with changes in water and energy risks. The results for water, energy, and WEN risks indicate that the city will face a significant upward trend in water and energy demands and their separate and combined risks, which highlights a critical situation in the future.



By considering water and energy at the same time and the risk of their simultaneous supply, it is possible to provide more accurate forecasts and prevent the occurrence of a crisis. Nevertheless, there is uncertainty in other factors, like climate change or population increase, that can affect risk results. Due to data limitations in many areas, results of the model developed by available but limited data can be useful, while further parameters can be incorporated in the case of data availability. According to the results of this study, the copula function is a useful tool for identifying complex relationships between water and energy supplies. In addition, it can be utilized for the same purpose in other areas that have similar climate conditions. In future studies, multidimensional copula functions can be used to incorporate other parameters affecting the risk. Finally, other influential factors, such as climate change, population increase, water harvesting restrictions, and use of purified water for irrigation, can be considered, and their effects on risk can be evaluated in future studies.
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Figure 1. Location of Yazd (the red and purple show Iran and Yazd, respectively). 
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Figure 2. Results of forecasting (a) water demand and (b) energy demand from 2011 to 2022 in Yazd. 






Figure 2. Results of forecasting (a) water demand and (b) energy demand from 2011 to 2022 in Yazd.



[image: Water 16 03077 g002a][image: Water 16 03077 g002b]







[image: Water 16 03077 g003a][image: Water 16 03077 g003b] 





Figure 3. Results of future predictions of (a) water demands and (b) energy demands from 2023 to 2032 in Yazd. 
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Figure 4. Variations in water and energy demands in different seasons from 2011 to 2032. 
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Figure 5. Scatterplot of water supply (million m3) and energy supply (million MWh) from 2011 to 2022. 
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Figure 6. Goodness-of-fit plots for log-normal distributions fitted to the water supply data for historical data: (a) density plot, (b) Q-Q plot, (c) empirical and theoretical CDFs, and (d) P-P plot. 






Figure 6. Goodness-of-fit plots for log-normal distributions fitted to the water supply data for historical data: (a) density plot, (b) Q-Q plot, (c) empirical and theoretical CDFs, and (d) P-P plot.



[image: Water 16 03077 g006a][image: Water 16 03077 g006b]







[image: Water 16 03077 g007] 





Figure 7. Goodness-of-fit plots for gamma distributions fitted to the energy supply data for historical data: (a) density plot, (b) Q-Q plot, (c) empirical and theoretical CDFs, and (d) P-P plot. 
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Figure 8. Cumulative distribution function of the water supply data from 2011 to 2022 in Yazd. 
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Figure 9. Cumulative distribution function of the energy supply data from 2011 to 2022 in Yazd. 
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Figure 10. The Gumbel copula of water supply and energy supply. 
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Figure 11. Trend analysis results for the forecasted (a) water demand (million m3), (b) energy demand (million MWh), (c) risk of water supply, (d) risk of energy supply, and (e) risk of WEN. 
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Table 1. Summary of statistical properties of the data used in this study.
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	Data
	Minimum
	Maximum
	Mean
	Median
	Standard

Deviation
	Skewness
	Kurtosis





	Water supply (million m3)
	1.152
	7.537
	4.703
	4.479
	1.204
	0.38
	−0.45



	Energy supply (million MWh)
	0.132
	0.678
	0.376
	0.356
	0.139
	0.26
	−1.02



	Water demand (million m3)
	0.731
	8.056
	3.974
	3.876
	1.268
	0.17
	0.32



	Energy demand (million MWh)
	0.18
	0.88
	0.407
	0.386
	0.16
	0.73
	−0.08










 





Table 2. Comparison of observed and predicted water and energy demands based on error metrics.
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	Demand
	RMSE
	ME
	MASE
	NSE
	R2





	Water Demand
	0.39
	0.015
	0.27
	0.844
	0.845



	Energy Demand
	0.28
	−0.009
	0.32
	0.916
	0.917










 





Table 3. Correlation coefficients between water and energy supply data.






Table 3. Correlation coefficients between water and energy supply data.





	Correlation Coefficient
	Value





	Pearson correlation coefficient
	0.564



	Kendall’s tau
	0.389



	Spearman’s rho
	0.542










 





Table 4. Fitted marginal distributions for historical data of water and energy supply (bold values provide better results).






Table 4. Fitted marginal distributions for historical data of water and energy supply (bold values provide better results).





	
Variables

	
Distribution

	
Estimated Parameters

	
Log-Likelihood

	
AIC

	
K-S Statistic

	
p-Value






	
Water supply

	
Normal

	
  μ =    4.70

  σ =    1.20

	
204.15

	
−322.31

	
0.123

	
0.03




	
Gamma

	
  α =    14.96

  β =    3.18

	
222.83

	
−389.67

	
0.103

	
0.1




	
Log-normal

	
    μ   l o g n o r m   =    1.514

    σ   l o g n o r m   =    0.266

	
259.24

	
−414.93

	
0.088

	
0.22




	
Weibull

	
  α =    4.20

  β =    5.16

	
216.33

	
−356.67

	
0.113

	
0.06




	
Energy supply

	
Normal

	
  μ =    0.38

  σ =    0.14

	
77.77

	
−151.55

	
0.105

	
0.09




	
Gamma

	
   α =     6.98

   β =     18.51

	
85.84

	
−162.69

	
0.076

	
0.32




	
Log-normal

	
    μ   l o g n o r m   =    −1.04

    σ   l o g n o r m   =    0.39

	
78.69

	
−153.39

	
0.084

	
0.27




	
Weibull

	
  α =    2.98

  β =    0.42

	
80.76

	
−157.53

	
0.097

	
0.13











 





Table 5. Fitted copula to the pairwise of historical data of water and energy supply (bold values provide better results).






Table 5. Fitted copula to the pairwise of historical data of water and energy supply (bold values provide better results).





	Copula
	Estimated

Parameters
	Log Likelihood
	      S   n      
	AIC
	p-Value





	Student-t
	  θ =   0.61

  d f =   59.10
	30.19
	0.041
	−56.38
	0.02



	Gumbel
	   θ =     1.66
	32.89
	0.029
	−63.78
	0.10



	Clayton
	  θ =   1.27
	10.05
	0.097
	−18.09
	0.00



	Frank
	  θ =   3.81
	23.88
	0.055
	−45.76
	0.00



	Normal
	  θ =   0.61
	30.29
	0.042
	−58.58
	0.01










 





Table 6. Risk of water supply, energy supply, and water–energy nexus in Yazd.






Table 6. Risk of water supply, energy supply, and water–energy nexus in Yazd.





	Year
	Water Demand (million m3)
	Energy Demand (million MWh)
	Risk of Water Supply
	Risk of Energy Supply
	Risk of WEN





	2012
	3.829
	0.303
	0.26
	0.33
	0.16



	2013
	3.665
	0.327
	0.21
	0.41
	0.15



	2014
	3.596
	0.337
	0.19
	0.43
	0.14



	2015
	3.773
	0.352
	0.24
	0.48
	0.18



	2016
	3.827
	0.373
	0.26
	0.54
	0.21



	2017
	3.924
	0.394
	0.29
	0.60
	0.25



	2018
	4.016
	0.414
	0.32
	0.65
	0.28



	2019
	3.762
	0.476
	0.24
	0.78
	0.23



	2020
	4.078
	0.507
	0.34
	0.83
	0.33



	2021
	4.296
	0.524
	0.42
	0.85
	0.40



	2022
	4.517
	0.551
	0.49
	0.88
	0.48



	2023
	4.473
	0.558
	0.48
	0.89
	0.47



	2024
	4.778
	0.577
	0.57
	0.91
	0.56



	2025
	4.849
	0.597
	0.60
	0.92
	0.59



	2026
	5.050
	0.617
	0.65
	0.94
	0.65



	2027
	5.185
	0.637
	0.69
	0.95
	0.68



	2028
	5.379
	0.656
	0.74
	0.96
	0.73



	2029
	5.550
	0.676
	0.77
	0.97
	0.77



	2030
	5.750
	0.696
	0.81
	0.97
	0.81



	2031
	5.946
	0.716
	0.84
	0.98
	0.84



	2032
	6.160
	0.759
	0.87
	0.99
	0.87
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