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Abstract

:

For better stability, safety and water resource management in a dam, it is important to evaluate the amount of seepage from the dam body. This research is focused on machine learning approach to predict the amount of seepage from Pakistan’s Earth and rock fill Tarbela Dam during 2003 to 2015. The data of temperature, rainfall, water inflow, sediment inflow, reservoir level collected during 2003 to 2015 served as input while the seepage from dam during this period was the output. Artificial Neural Network (ANN), Random Forest (RF), Support Vector Machine (SVM), and CatBoost (CB), have been used to model the input-output relationship. The algorithms used to predict the dam seepage reported a high R2 scores between actual and predicted values of average seepage, suggesting their reliability in predicting the seepage in the Tarbela Dam. Moreover, the CatBoost algorithm outperformed, by achieving an R2 score of 0.978 in training, 0.805 in validation, and 0.773 in testing phase. Similarly, RMSE was 0.025 in training, 0.076 in validation, and 0.111 in testing phase. Furthermore, to understand the sensitivity of each parameter on the output (average seepage), Shapley Additive Explanations (SHAP), a model explanation algorithm, was used to understand the affect of each parameter on the output. A comparison of SHAP used for all the machine learning models is also presented. According to SHAP summary plots, reservoir level was reported as the most significant parameter, affecting the average seepage in Tarbela Dam. Moreover, a direct relationship was observed between reservoir level and average seepage. It was concluded that the machine learning models are reliable in predicting and understanding the dam seepage in the Tarbela Dam. These Machine Learning models address the limitations of humans in data collecting and analysis which is highly prone to errors, hence arriving at misleading information that can lead to dam failure.
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1. Introduction


The Climate-Water-Energy-Food nexus is the hot topic of current scientific research directly linked to water resources [1]. The global fixed available water resource is becoming scarce due to human consumption, increasing population, industrialization, global warming, and climate change around the globe, especially in Asian countries [2,3]. Economic growth and environmental developments are being realized to develop new water storage projects (Dams and Canal systems) that yield sustainable water resource management [4]. Conservation of water resources is of utmost importance in recent times. Dams are the important infrastructure for power generation, agriculture and water resource management which has been under the influence of climatic deformation over the last decade. Earth fill dams such as the Tarbela Dam in Pakistan is the most important reservoir, which provides 52% of irrigation and 30% of hydropower generation needed for the country [5,6]. This reservoir plays an important role in melted glacier freshwater conservation flowing through the Indus river into the Tarbela Dam [7]. The seepage of water in dams is the a critical problem for any dam foundation. Seepage is defined as the slow movement of water from an upstream side to the downstream side from the body or foundation of dam. Controlling the seepage problem in a dam ensures the health stability of the dam. On the contrary, uncontrollable seepage is critical for dam stability and may cause water losses with dam structural failure. Seepage in dams is a consequence of the following reasons: The increase in water level from the desired limit [8,9], poor quality construction material used in Dams rehabilitation works [10], Earthquake and Artificial seismicity generated in Dams [11], Unconsolidated soil property [12], Joint and fracture in Dams structures [13].



The seepage inspection has been carried out using the geophysical base investigation to diagnose the seepage flow through the dam [14,15,16]. Several real-world concerns are connected to dam management, safety, and stability that can only be addressed by accurately calculating the seepage flow and its variability [17]. The statistics from previous literature show that dam failure due to seepage accounts for 30–40% of total dam failure [18]. The laboratory-based physical model experiment proves that the increase in seepage appreciably affects the health of dam [19]. This reason has led the dam management authority to continuously monitor the dam seepage throughout its life [20]. Dam safety can be evaluated by measuring the seepage flow in real-time daily monitoring. Such analysis is important during the construction phase of the dam structure. According to Adamo and Al-Ansari the precise detection of seepage flow can help to improve the anti-seepage with advanced scientific techniques, especially in peak sessions of water inflow in dam reservoirs [21,22]. In an earth-fill dam, seepage is important as it has been one of the major causes of dam failure in the past [23]. To avoid the dam failure problem, it is recommended to detect seepage flow for fast and accurate warning. Globally all countries agree that these dams must undergo a regular assessment and diagnostic for improvement of the life of dam.



The seepage can be greatly influenced by climatic parameters, water inflow, reservoir level, sedimentation load, and soil properties [24,25]. Water pressure is the main parameter used for seepage measurement with the help of a piezometer tube that has been largely adopted for tracking the seepage flow [26]. These parameters require extensive instrumental installation for the measurement of seepage flow [27]. Many earth-fill dams have proven the importance and applicability of geophysical methods in dam site investigations and safety monitoring. Dam seepage problems can be diagnosed using geophysical instruments on both the surface and the subsurface. For example, the Abu Baara earth dam in northeastern Syria was studied [28], where electrical resistivity tomography (ERT) survey was conducted, and the presence of cracked and karstified limestone rocks was discovered in ERT sections. Within the fragmented bedrock, several underlying structural anomalies were also discovered. [29] used Electrical resistivity tomography to identify subsidence anomalies in the body of an embankment dam in Iran, and the efficiency of this technique for the observed subsidence was confirmed. There are several geophysical techniques used for the dam seepage problem which are Electromagnetic profiling [30], Electrical resistivity Tomography [28], Self-potential methods [31], Ground penetrating radar [32], and Seismic methods [33]. These precise and reliable tools are used to check the health and monitor the dam stability and safety caused by a structural internal problem. Adamo et al. [21] discussed in detail the application of geophysical methods and their applicability in dam stability and safety monitoring.



Earth-fill dams are more prone to internal erosion and leaking due to seepage problems. Deterministic approaches for precisely estimating seepage flow through these dams have been studied in the literature [34]. Seepage analysis shows that if there is enough silty sand soil, the best design is a homogeneous earth-fill dam with a medium drain length and a thickness of 0.5 m. This seepage analysis depends on an equation describing water flow through a porous medium that follows Darcy law. Seepage volume, flow path, and velocity are all important considerations when assessing the structural behavior of a dam, all of which represent serious threats to the structure’s stability and security [35]. The finite element method has been used to measure as well as control seepage through embankment dams, among other techniques. [35,36,37,38,39,40,41,42,43,44,45,46,47,48,49], Finite difference method [50], weak form quadrature element method [51,52], and element free Method [53], etc. Recently [54] proposed a new approach to adjusting seepage issues through the earth-fill dam known as the multi-quadric method. Technological advancement has put seepage research in a new direction over the last decade, such as the integration of numerical modeling with machine learning, which can improve the seepage problem in the earth-fill dam and minimize the failure risk in water resources management system.



Many researchers have employed Machine Learning, and Artificial Intelligence (AI) based modeling to solve earth-fill dam seepage concerns in the last decade [55,56,57,58,59,60,61]. Previous research proves that AI methods are effective for dam seepage interpretation. For example, X. Zhang et al. [62] employed a genetic algorithm (GA) to optimize the weights and thresholds of a backpropagation neural network (BPNN), resulting in the development of the backpropagation neural network-Genetic Algorithm (BPNN-GA) seepage prediction model, which was used to increase dam seepage prediction accuracy and efficiency. Similarly, several different models are used in the literature for modeling water resources management problems, such as AI-based neural network [56,57,63,64,65], Genetic programming (GP) [66,67], Gaussian processes regression (GPR) [68], Support Vector Machine (SVM) [56,69], fuzzy logic and adaptive neuro-fuzzy inference system (ANFIS) [56]. Rehamnia, I. et. al. [57] investigated the estimation of dam seepage flow across concrete and embankment dams in Algeria using different algorithms (Support Vector Machine (SVM), M5Tree, and Multivariate Adaptive Regression Splines (MARS)) and discovered that SVM is more practical for doing so. The adaptive kernel extreme learning machine (KELM) approach developed by [69] was used to assess dam seepage. The researchers correlated the findings obtained using Multiple Linear Regression (MLR), Extreme Learning Machine (ELM), and Random Forest (RF). They discovered that the adaptive kernel extreme learning machine (EKLM) model performed well as compared to other models. Predicting seepage from observation data is an accurate strategy to assure dam stability. The rough set-Long short-term memory (RS-LSTM) model and Rough Set Theory have been used to predict the dam seepage pressure. As a result, it can do computations quickly and accurately [70].



Global warming and climatic changes trigger extreme metrological events such as rapid glacier melting, drought and heat waves worldwide and in Pakistan. These extreme events affect the normal trend of the hydrological cycle in terms of temperature, precipitation, sediment transportation and water inflow in river Indus which effect the Tarbela Dam structural stability and safety. Tarbela Dam was constructed in 1974, which wasn’t constructed according to the latest standards, that ensures resilience against such extreme global climatic events. Geoscientists say hydro-climatological parameters play an important role in seepage control and measurement in earth-fill dams. Numerous studies have been undertaken to model the relationship between various input factors, such as hydraulic parameters [71], piezometric data [72], etc., and dam seepage. However, the effect of hydro-climatological parameters on dam seepage has not been investigated. Furthermore, the Artificial Intelligence (AI) techniques used to model dam seepage based on different input parameters focus more on the accuracy of predictions made by the models; however, the explainability of the model predictions is not studied, which is necessary to explain the individual effect of each input on the output parameter and understand the dam seepage problem in detail.



This study focuses on the use of different machine learning techniques to understand the effect of hydro-climatological parameters, i.e., temperature, precipitation, water inflow in the dam, sediment load, and reservoir level on the target, i.e., the average seepage in Tarbela Dam. Secondly, Shapley Additive Explanations (SHAP), a model explanation algorithm, was used to understand these Machine Learning (ML) algorithms’ model predictions, breaking down the predictions into individual feature impacts. Shapley Additive Explanations (SHAP) gives useful insight into the seepage problem in the Tarbela Dam and provides guidelines to control the seepage problem and avoid dam failure. The data collection was a difficult task because of the limited access to data on the dam site for research purposes. The data was gathered from Tarbela Dam project office and compiled for the experimental purposes. This study is organized into following (1) Modelling seepage based on hydro-climatological parameters using AI techniques, (2) Random forest (RF), CatBoost (CB), Artificial Neural Network (ANN) and Support Vector Machine (SVM) are used to predict Dam seepage, (3) Compare the Artificial Intelligence (AI) models accuracy in predicting dam seepage, (4) Use Explainable Artificial Intelligence (XAI) method, i.e., SHAP, to understand the model’s prediction and feature importance and (5) Emphasize the importance of Machine learning algorithms in resolving the dam seepage problem.




2. Materials and Methods


2.1. Study Area


Earth-fill Tarbela Dam is one of the world’s most massive dams situated in District Haripur, Khyber Pakhtunkhwa province of Pakistan [73]. The dam is 70 km in the northwest direction from Islamabad along the river Indus near Tarbela Village (Figure 1). The multipurpose earth-fill dam was initiated in 1970 and completed in 1974. It was built by Pakistan’s water and power development authorities to improve the low-cost hydropower energy, flood control, and water storage system for irrigation in Pakistan [74,75]. This dam is a significant public resource that supplies 50% of the country’s entire agriculture needs and 30% of its overall electric requirements [75]. The dam reservoir is over 100 km long and covers an area of 260 km square when filled. The live storage capacity of the dam reservoir was 11.9 billion m3, but this decreased to 6.8 billion m3 due to siltation throughout the reservoir’s 35-year operation. The Tarbela Dam is 2743 m in length and 143 m in height above the riverbed. It has two spillways, one of which cuts through the left bank and discharges into a ghazi broth pound at a downstream site, and the other cuts through the right bank. There are several important characteristics of the reservoir, including the catchment area (169,600 sq. km), measured annual water inflow in Tarbela Dam (64 Million-acer-feet (MAF)), the area of the lake (259 sq. km), live storage capacity designed for water (9.680 MAF), the present live storage (6.849 MAF), the maximum depth (137 m), the maximum elevation (472.44 m), the minimum operational elevation (420.01 m), the crest elevation (477 m), and the length of the crest (2743 m). The dam has two spillways, one of which is a service spillway with seven gates, and the other is an auxiliary spillway with nine gates. The installed capacity of the 4888-megawatt (MW) Tarbela Dam hydroelectric station will expand to 6298 MW following the completion of the 5th extension project, which is being financed by the Asian Infrastructure Development Bank and the World Bank.




2.2. Data Collection


The data was gathered from the Tarbela hydropower project monitoring unit, part of Pakistan’s water and power development authority (WAPDA). In this study, historically recorded information from 2003 to 2015 was selected for the experimental analysis. In the present study, selected variables (water inflow, reservoir level, temperature, precipitation, and sediment) of the potential data record of daily observed information were collected. The research flow chart is given below in Figure 2.




2.3. Algorithm Selection for Experiments


In this experiment, four machine-learning algorithms were used to model and predict the Earth-fill Tarbela Dam seepage. Machine learning algorithms learn and improve model performance using the training dataset. Generally, there are three types of Machines Learning, i.e., (i) supervised, (ii) unsupervised, (iii) reinforcement [76]. The conventional supervised regression framework was adopted for prediction of dam seepage. The parameter used in this study are presented in Table 1, and information about each model is given in Table 2.



2.3.1. Artificial Neural Network (ANN)


Artificial Neural Network (ANN) behavior is the same as a biological neural network and functions such as a human brain. ANNs can be trained to make predictions and learn about relationships without parameters using data sets [77,78]. These models find input-output relationships that don’t follow a straight line. However, ANN models only address the undefined mathematical relationship between the input and output data. The feed-forward neural network is the most common model of ANN, as shown in Figure 3. This model consists of three layers, i.e., (i). an input layer, (ii). hidden, and (iii). output layers. These layers consist of nodes fully connected to nodes in the other layers. The model has a feed-forward phase in which input signals move from one layer to the next until they reach the output layer and an error backward propagation phase that changes the strength of the connections (weights). An error is a discrepancy between target variable calculations and observations. Mathematically, the ANN model presented in the Equation (1) as below:


   O k  =  g 2      ∑   j = 1  M   W  k j    g 1      ∑   i = 1  N   W  j i    x i  +  W  j o     +  W  k o      



(1)







From the above equation, notation is described as    x i    is that value goes into a node (i),    O k    value comes out from node k,    g 1    is the activation function for the hidden layer (nonlinear) of the ANN model and similarly    g 2    is the activation function for the output layer (linear). The input layer neuron numbers are N, and the hidden layer number of the neuron is M. The hidden neuron j and output neuron k have biases designated Wjo and Wko. Wji is the weight between i (input nodes) and j (hidden nodes), while Wkj is the weight between j (hidden nodes) and k (output nodes) nodes.




2.3.2. Random Forest


Breiman, L et al., [79] invented the random forest (RF) machine learning approach; It has been used in many different fields because it is very stable and can be used in many different situations [80]. RF is a collection of elementary decision trees, each formed by randomly selecting samples and attributes from all predictors, as shown in Figure 4 [81,82]. Most decision trees outputs are considered the RF’s final output [83]. Out-of-bag (OOB) samples are a subset of the samples that must be excluded from the original dataset. The mean square error (MSE) of OOB samples is often used to judge how well the RF method works (i.e., the sum of squared residuals from OOB samples should be divided by the sample size). It has been previously stated that the training and testing subsets (i.e., OOB samples) must be consistent to compare RF performance between different models. The number of trees in the forest (ntree) and the number of predictors tested at each node are important things to figure out during the RF model calibration process (mtry). The value of mtry was derived as per empirical methods provided in earlier research [83,84] to acquire the lowest possible generalization error and correlation between decision trees. RF model is mathematically written in Equation (2).


   m  t r y   = l o  g 2    D + 1    
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   m  t r y   =  D 3   



(2)




where D is the original dataset’s determined number of input variables, the N-tree is an important factor in forecasting; hence, an experiment was conducted to determine which n-tree to use. The RF model is trained, and model accuracy was evaluated with a rise in the number of trees until it reaches ntree = 500.




2.3.3. Support Vector Machine


The Support Vector Machine (SVM) algorithm was introduced by Vapnik in 1995 [85]. It is a supervised learning strategy used for data analysis and pattern recognition. The SVM is known as a classifier or regression tool which analyzes two types of data, i.e., Linear and Nonlinear. The given N sample set        L k  ,  M k      k − 1  N  . L ∈  R m  , M ∈ R   here L is an input vector of m component and M is a corresponding output value, an SVM estimator    f    on regression can be expressed.


  f  L  = V × ∅  L  + M  











The weight vector is V, and the bias is M. Using the SVR, you can find the best V, and M. The input vectors are transferred into a high-dimensional feature space using the nonlinear transfer function u. A straightforward linear regression can theoretically handle the complex nonlinear regression of the input space. Usually, kernel function   k    x i  ,  x j    =   ∅   x _ i     . ∅   x _ j         is used to acquire inner products in the feature space, and the computation can be carried out in the input space. In this study, the Gaussian radial basis function (RBF) with the form   k =    x i  ,  x j    = e x p   − ‖  x i  −  x j  ‖ / 2  σ 2      was used. After acquiring the parameters    β i  ,  β k *   , and    B °   , the final approximation function   f    L i      is expressed in Equation (3).


  f    L i    =   ∑   i = 1  n     β k  −  β k *    K    x k  ,  x i    +  B °  ,   K = 1 , … … … S    



(3)







In this Equation (3),    x k    represents the support-vector,    β k     and     β k *    are parameters connected through the support vector    x k    and n and s are the number of training samples and support vectors. To find the value of   f    L i      that is ideal, it is necessary to optimize all three (  E ,   ε ,   σ  ) parameters.




2.3.4. CatBoost


CatBoost (CB) is an upgraded Gradient Boosting Decision Tree (GBDT) [86] toolkit comparable to Extreme Gradient Boosting (XGBoost) [87] that was introduced by Dorogush et al. in 2018 [88]. Gradient bias and prediction shifts are difficulties that CatBoost solves [89]. CatBoost is a unique ensemble-based learning method that performs regression, ranking, binary, and multiclass classification on categorical or numerical data [90]. CatBoost is a technique that is used for combining unbiased gradient boosting and deal categorical features (Figure 5). Its most essential characteristics remain its categorical properties and new order-boosting approach without forecasting shifts. It offers a variety of solutions that correspond to the various categories it covers. Instead of processing, its approach is optimized and implemented in the step where trees are divided, which is the preprocessing phase. Since only a few classes exist for each feature, the classifier uses one-hot encoding. This transforms the categorical features into numeric features with several associated occurrences. In the case of composite features, the classes and the average target are swapped. To prevent overfitting, the average sample    x  σ i ,   k     is computed using the target values of the pictures that come before    x  σ i ,   k     in an arbitrary permutation   σ =    σ 1  ,    σ 2  , … … …  σ n      of the dataset defined by the Equation (4).


   x  σ i , k   =     ∑   j = 1   i − 1      x  σ i , k   =  x  σ j , k        y  σ j   + a × p     ∑   j = 1   i − 1      x  σ i , k   =  x  σ j , k     + a      



(4)







When the circumstance is fulfilled,    x  σ i , k   =  x  σ i , k     Use value 1; p represents the prior value, and a represents the weights of the prior value. The regression task and prior probability are computed using the average of the entire dataset, P. This feature transformation will reveal the information loss of categorical character interaction. As a result, CatBoost (CB) considers the previous combination of features in their present condition and the remaining category qualities. CatBoost (CB) has a variable boosting arrangement based on a similar ordering concept and is useful for categorical traits to avoid overfitting. It works with trees that aren’t conscious of the splitting operations used throughout the tree’s construction. These trees take in information faster throughout the prediction stages, are proportionally stable, and do not exhibit overfitting. The ordered boosting mode was applied when CatBoost was employed. For each random permutation of the training data, n different trees are created as T1, …, Tn in the process of building an ordered boosting tree, to build the tree Ti using the first i examples in the permutations. The tree Tj−1 is used to determine the residual for the jth sample of the training data. The tree constructed using the training data at each permutation is used as a model for data prediction.



CatBoost (CB) begins building a tree by generating a p + 1 independent random permutation before switching to the boosting mode ordered for data training. To define the split evaluation in the internal nodes of the tree construction, the   σ =    σ 1  ,  σ 2  , … …  σ n      permutations are put to use. In order to select the leaf values lj for the created tree, the σ0 permutations are employed. Throughout the training, CatBoost (CB) maintains the supporting tree Tr,j where Tq,j (i) is the current prediction for the ith instance based on the initial j examples in the variation σr. In other words, Tq,j (i) is the current prediction for the ith instance. The information is then used to construct a tree. The operation of CatBoost (CB) is described in the Algorithm 1 as below.



	Algorithm 1: CatBoost



	Input:       X k  ,  y k      ∀   K = 1   t o   n ,   I  



	  1 .   σ ← r a n d o a m   P e r m u t a t i o n   o f     1 , n   ;  



	  2 . T i ← 0   f o r   i = 1 . n ;  



	  3 . f o r   t ← 1   t o   I   d o  



	  4 . f o r   i ← 1   t o   n   d o  



	  5 .  r i  ←  y i  −  T  σ  i  − 1      X i    ;  



	  6 . f o r   i ← 1   t o   n   d o  



	  7 . Δ T ← L e a r n T r e e    X j  ,  r j    : σ  j  ≤ i ) ;  



	  8 .  T i  ←  T i  + Δ T  



	  9 . r e t u r n    T n   








The CatBoost (CB) technique efficiently trains a boosting model based on random forest data. The Minimal Variance Sample (MVS) training system is a one-of-a-kind training approach introduced by the CatBoost (CB) algorithm. MVS is a regularization sampling technique that uses weighted sampling. The parameters needed to build each decision tree and those needed to set up the random forest model are both included in the CatBoost (CB) algorithm. Additionally, particular hyper-parameters must be built into the boosting process to train the model. While the boosting model is being trained, the CatBoost (CB) algorithm will take the hyper-parameters and optimize them. The settings are kept, and the trained model is accuracy-tested. The threshold parameters used in developing the random forest (RF) model can be specified using the saved parameters. CatBoost (CB) is an algorithm that enhances settings by saving hyper-parameters and using more data points.





2.4. Model Sensitivity


The interpretation of most machine learning models, such as evolutionary algorithms, deep neural networks etc., is difficult and is referred to as a “black box” [91,92]. Explainable Artificial Intelligence (XAI) algorithms have gained popularity in recent years, with XAI algorithms such as Shapley Additive Explanations (SHAP), Partial Dependence Plots (PDP), Accumulated Local Effects (ALE), and others being used to explain the predictions made by AI algorithms [93]. SHAP [91] is a novel technique for revealing the learned complexity of machine learning prediction models. It is an extremely useful tool for examining the relationship between individual variables and output variables because it decomposes predictions into individual feature impacts [94]. The SHAP feature relevance chart indicates the relative significance of each input variable affecting the output in absolute terms. The value assigned to an input feature’s relevance is determined by the mean absolute magnitude of the SHAP values across all instances. A summary plot of SHAP values illustrates how sensitive the output variable is to the input variable in question. The summary plot can depict the cause-and-effect relationship between the input characteristic’s high or low values (red to blue colors) and the corresponding SHAP value (of the output) on the horizontal axis.



A positive (SHAP value) on the horizontal axis indicates a direct association between high (red) and low (blue) values of the input variable. In comparison, input characteristics with a high (red) value reporting a negative (SHAP value) on the horizontal axis suggest an inverse link between the input and the output (response) variable, whereas a low (blue) value indicates a direct relationship between the input and the output. Jittered points densely packed on the chart represent the same SHAP value presented in various instances. SHAP dependence scatter plots illustrate the effect of a feature on the model’s predictions. The scatter plot represents a single prediction from the dataset. The x-axis indicates the feature’s value, while the vertical axis indicates the effect of the feature’s value on the model’s output. The color represents a secondary characteristic that combines with the primary characteristic.



SHAP [91] is a model-independent method that is based on game theory [95]. SHAP’s goal is to explain a prediction   f  x    of a specific instance  x  by figuring out how much each feature value contributed to that specific outcome. The input to the explanation function g(.) is a coalition vector with the values   z ⊂   0 , 1   N  , where N is the number of features in the original instance vector  x . The coalition vector shows in a binary format whether each feature is present or not. An entry of 1 means that the corresponding feature adds to the explanation, while an entry of 0 means that the feature doesn’t add anything. It is understood that the explanation function   g    z ′      can be decomposed into these parts:


  g    z ′    =  ϕ 0  +   ∑   i = 1  N   ϕ i    z ′  i  ,  ϕ i  ∈ ℝ  











Were as:



N = Number of input feature in x vector, the instant vector



  g =   Explain the model



   z ′  =   contain vector such that   z ⊂     0 , 1    N   



   ϕ i  =   Decomposition factor




2.5. Data Preparation


The data was summarized from daily recorded information from 2003 to 2015 into a monthly average, i.e., one reading for each month. A total of 13 years of data was converted into the monthly format, and 156 samples were produced and analyzed in these experiments. After data processing, 156 observed information records were prepared yearly, including the water inflow, temperature, precipitation, reservoir level, and sediment load, and the average seepage of the Tarbela earth-fill dam in Table 1. The data is normalized between a value of 0–1 using the Mix-Max scaling function in python before feeding it to the machine learning model. No null values or outliers are reported. The dataset is divided into three subsets, i.e., training (70%), testing (15%) and validation (15%). The training dataset is used to train the machine learning models. The hyperparameters are tuned to acquire good results on both the training and validation subsets, whereas the testing dataset is used to check the performance and robustness of these models.




2.6. Descriptive Statistic


Descriptive statistics for all variables are presented in Table 3. The input and output variables’ minimums (Min), maximums (Max) is the maximum value of dataset, means, and standard deviations (std) are displayed. A standard deviation (SD) is a statistic that measures the range of values in a data set.




2.7. Model Evaluation Metrics


Model performance of machine learning (ML) models is evaluated using root-mean-squared (RMSE) coefficient of determination (R2) and Nash-Sutcliffe Efficiency (NSE). Many studies have shown the use of these metrics to measure accuracy in machine learning models [96,97]. R2 value ranges from 0–1 but commonly written as 0–100%. Higher values R2 closer to 1 indicate better fit whereas values less than 0.5 closer to zero indicate poor fit Similarly, RMSE value ranges from 0–∞, they are negative scores, means that lower values are preferable and indicate better performance of the model. NSE value range from 0–1 which is comparable with R2. When NSE = 1.0, then it shows a perfect fit. NSE > 0.75 is a very good fit, NSE = 0.64–0.74 is a good fit. NSE = 0.5–0.64 is a satisfactory fit, and NSE < 0.5 is an unsatisfactory fit. RMSE R2 and NSE were calculated using Equations no (5)–(7) to evaluate model accuracy.


  R M S E =   ∑     (  A t  −  B t  )  2   n       



(5)






   R 2  =       ∑    A t  −    A t   ¯       B t  −    B t   ¯       2    ∑      A t  −    A t   ¯     2       B t  −    B t   ¯     2     



(6)






  N S E = 1 −   ∑      A t  −  B t     2    ∑      A t  −    B t   ¯     2       



(7)







Were    A t    is the actual value of t,    A t    is the mean of the actual value,    B t    is the estimated value of t,    B t    represent the estimated value mean, and the total number of times is denoted as n. Residual mean square errors (RMSE) measure the uncertainty in estimating the absolute error rates. When verification values are close to zero, observed and model values will be more similar. R2 compares the probability of the predicted and actual values.





3. Results and Discussion


3.1. Correlation Matrix (Heat Map)


The correlation between different variables used in the data is presented in Figure 6, given below.



The heatmap of the correlation matrix shows the highest correlation coefficient of 0.77 between the Reservoir Level and the Average Seepage, followed by water inflow, Sediment Inflow, Precipitation, and Temperature. Figure 6 shows the water inflow and sediment inflow has a moderate correlation with average seepage, and temperature shows a low correlation with average seepage. From the correlation matrix, it is analyzed that sediment inflow also has the highest correlation with water inflow i.e., 0.81 which is due to downstream flow of river Indus that increases the sediment flowrate toward Tarbela Reservoir. Similarly, temperature and precipitation have a moderate to low correlation with water inflow. The Reservoir level has a significantly higher correlation than other hydro-climatological parameters used to predict the Average Seepage, indicating the importance of reservoir level in predicting seepage in dams.




3.2. Model Accuracy


Table 4 shows the model performance during training, validation and testing, i.e., root means square errors (RMSE) and coefficient of determination (R2) scores for the different models applied to predict the seepage of the Tarbela Dam. Catboost Regression model reports the best coefficient of determination (R2) scores of 0.978, 0.805, and 0.773 with the RMSE of 0.025, 0.076 and 0.111 on training, validation and testing datasets, respectively.



Table 5 shows the Nash-Sutcliffe Efficiency scores during training, validation and testing phase. CatBoost outperforms the algorithms with NSE scores 0.844, 0.806 and 0.775 during training validation, and testing phase, respectively. The worst performance was reported by ANN.



Figure 7 shows actual vs. predicted results during training, validation, and testing phases of the Random Forest (RF) (a), CatBoost (CB) (b), Artificial Neural Network (ANN) (c), and Support Vector Machine (SVM) (d) of Tarbela Dam seepage. Figure 7 on the x-axis shows the yearly observation, and the y-axis shows the average seepage.



The actual data shows seepage trend from 2003–2015; it is observed that, from 2003–2008 seepage trend was normal, but in 2008–2009 sudden increase is observed in the seepage, which was a consequence of increase in water inflow, sediment inflow and reservoir level due to extreme weather events in the region. Similarly, a decrease is seen in the seepage in 2010–2011, which was due heavy rainfall and flood in Tarbela Dam Pakistan in 2010; to reduce the influence of flood and heavy rainfall, water outflow was increased from the normal level for the health and safety purpose of the Tarbela Dam. Furthermore, it was also observed that from 2011–2014 seepage trend was slightly increasing due to the rise in temperature, precipitation effect.



Figure 8 displays the regression plots (RF, Catboost, ANN, and SVM), i.e., the actual vs. predicted values of average seepage for all the four models. The RMSE score shown in Table 3 is the least for the Catboost model, which is observed in Figure 8b where the points are clustered close to the regression line at low seepage values having a low error. However, at a high value of seepage, only a few points are far from the regression line having high error compared to other models, e.g., in the ANN model regression plot given in Figure 8c, one can observe most of the points lie very close to the regression line having a low error; however, some values lie very far apart from the regression line both at low and high values of seepage hence effecting the RMSE values highly. Similarly, Figure 8a shows the actual vs. predicted values for the random forest algorithm, which has an almost similar performance to the Catboost model. However, at the training phase, the samples are more spread around the regression plot than in the Catboost model; hence, the training RMSE for training given in Table 3 compared to the RMSE of the Random Forest Algorithm. Figure 8d shows the actual vs. predicted for the SVR model. The Figure 9 show the water inflow vs out flow comparision for 2003-2015 for reservoir level and seepage monitoring discussion with hydro-climatological variable. Similarly Figure 10 displays the regression plot for water inflow vs water out flow has a close correlation with each other which have a direct impact on reservoir level and effect dam seepage.



Machine Learning models are black-box models that do not explain the cause-and-effect relationship of parameters. However, SHAP gave some interesting insight into the cause-and-effect relationship between input (water inflow, Temperature, precipitation, sediment inflow and reservoir level) and output (seepage). The magnitude of feature importance is visualized in the SHAP feature importance charts given in Figure 11a–d. It is evident that the Reservoir Level is the most important feature in predicting the average seepage, as shown in Figure 12a–d.




3.3. Feature Importance


The effect of each input parameter on the output is visualized in the SHAP summary plot given in Figure 11a–d. The absolute magnitude of the effect of each feature is displayed in Figure 12a–d for all the models used to predict average seepage in the Tarbela Dam. The response of each feature to the output is explained separately in the paragraphs given below.



3.3.1. Reservoir Level


From Figure 11a–d, one can conclude a similar understanding, i.e., the reservoir level has a direct relationship with the seepage indicated by higher values of reservoir level (red dots) having positive SHAP values, suggesting, as the reservoir level increases the average seepage increases and vice versa. Furthermore, the magnitude of the effect of reservoir level on the average seepage is maximum compared to other features, shown in Figure 12a–d and the SHAP summary plot. As the reservoir level increases, the force of the water body exerted on the dam structure rises. The increasing pressure increases the water velocity in the seepage galleries; consequently, increasing the average seepage in the dam. Additionally, the reservoir level is also directly influenced by global warming and climate change. During the last decade, global warming and climate changes have impacted the Pakistan Tarbela Dam [98]. The Tarbela Dam’s source is the Indus River, which originated from the Mansarovar lake on the Tibetan plateau, and entered Pakistan from Ladakh, Baltistan and Gilgit [99]. For the last decade, Pakistan glaciers have been melting rapidly due to global warming and climate changes [100]. Tributaries from the glacier (Biafo, Baltoro, Batura) feed the Indus River system, increasing the inflow of water in the river Indus and influencing the reservoir level, especially in summer.




3.3.2. Temperature


Figure 11a–d shows that temperature has an inverse relationship with the seepage, i.e., lower Temperature values (red dots) have negative SHAP values, indicating lower temperature increases the average seepage and vice versa. The inverse relationship of temperature with average seepage can be explained as the consequence of the following effects:



During the summer season in Pakistan, the water outflow from the Tarbela Dam is increased due to irrigation demands; the reservoir level drops significantly, indirectly decreasing the average seepage; hence this effect is observed.



Similarly, the increasing temperature results in the increase in the evaporation of water from the dam, which also decreases the reservoir level, hence decreasing the average seepage in the Tarbela Dam.



Moreover, the magnitude of temperature on average seepage is visualized in Figure 12a–d for all the models used. According to RF, CatBoost and SVR Figure 12a,b,d, the temperature is the second most important parameter affecting average seepage; however, the magnitude of its effect is minimal compared to reservoir level except in ANN. According to Figure 12c, i.e., the ANN model, the effect of temperature on average seepage is the same as in Figure 12a,b,d, but the magnitude of its effect is almost similar to that of reservoir level and is the third most important parameter in influencing average seepage after reservoir level and sediment (Inflow).




3.3.3. Precipitation


Figure 11a–d shows that precipitation has an inverse relationship with the seepage, i.e., lower precipitation values (red dots) have negative SHAP values, indicating lower precipitation values increase the average seepage and vice versa. However, the magnitude of precipitation on the average seepage is negligible, as indicated by all the models in Figure 11a–d and Figure 12a–d.




3.3.4. Water Inflow


The magnitude of the effect of water inflow on Tarbela Dam seepage is minimal compared to other input features, as shown in Figure 12a–d. It is a common understanding that the dam’s water inflow increases. It causes a rise in the dam reservoir level, which in turn increases the stresses on the body of the dam, resulting in an increase in seepage in the seepage galleries. However, the SHAP summary plots shows no effect of water inflow on the seepage; this effect can be explained by observing water outflow along with inflow. Figure 10 compares water inflow and outflow from 2003 to 2015 in the Tarbela Dam. As the water inflow increases, the outflow is also increased to reduce the excess water coming into the dam. The same effect is visible in the Figure 12 regression plot, which is drawn between water inflow and outflow where all points lie close to the regression line, indicating the high correlation between both parameters and showing no effect on Tarbela Dam seepage for the year 2003 to 2015.




3.3.5. Sediment Inflow


From Figure 11a–d, one can conclude a similar understanding, i.e., the sediment has a direct relationship with the seepage, i.e., higher values of sediment (red dots) have positive SHAP values, which means as the sediment increase the average seepage increases and vice versa. The magnitude of sediment inflow on the average seepage is different according to all the models. Figure 12a,b Random Forests and Catboost model suggests the sediment have the second least and least magnitude of effect on average seepage, respectively. However, Figure 12c,d ANN and SVR show sediment as the second and third most important parameters influencing the average seepage. Similarly, the Figure 11c,d summary plots show a clear, direct effect on average seepage compared to Figure 11a,b summary plots. As sediment increase, the stresses on the foundation or body of the dam increase, causing a rise in the average seepage in the galleries.



These findings after model explanation are highly important for the industry in critical decision making, as it can help in taking control measures to prevent probable accidents by controlling certain parameters. Similarly, these findings are transferable to other similar dams and locations and may help in decision making, however, studying and modelling other site-specific data is recommended more due data variation, site conditions and many other parameters.






4. Conclusions


In this research, hydro-climatological parameters (Reservoir Level, Temperature, Sediment Inflow, Precipitation and Water Inflow and Water Outflow) were observed from 2003 to 2015 to understand their effect on the seepage in the Tarbela Dam, built on the Indus River of Pakistan. Firstly, four different machine learning algorithms, i.e., Random Forest, CatBoost, Support Vector Machine, and Artificial Neural Network, were used to model the relationship between the input variables and output to compare their performance in predicting the average seepage in the Tarbela Dam. Secondly, to explain the predictions of the machine learning models on the output, Shapley’s Additive ExPlanations (SHAP) algorithm (XAI: Model Explanation Algorithm) was used for each model to explain the sensitivity and effect of each parameter on the output variable (Average Seepage).



According to the findings of this study, the Random Forest, CatBoost, Support Vector Machine and Artificial Neural Network approach may be used to predict dam seepage based on hydro-climatological parameters in the Tarbela Dam. However, the CatBoost algorithm outperforms all the algorithms used for modeling by reporting the least RMSE and highest R2 score during the training, testing and validation stage. The recommended algorithm is CatBoost for water resources management decision-making and policymaking and improved monitoring of seepage losses at Tarbela Dam using Artificial Intelligence-based modeling approaches. Furthermore, the SHAP algorithm for all the models, reports the Reservoir Level as the most important parameter affecting the average dam seepage. Increasing the Reservoir Level increases, the average dam seepage and vice versa.



The SHAP summary plots concluded that reservoir level directly impacts dam seepage compared to other parameters (water inflow, temperature, precipitation, sediment inflow). Sediment has a moderate positive effect on dam seepage compared to reservoir level. The SHAP values for water inflow shows a minimal effect compared to reservoir level and sediment inflow. It is also concluded that temperature and precipitation have a negative effect on dam seepage. Still, they play an important role in glacier melting and increasing water inflow from the source to the Tarbela Dam. The AI based modelling and SHAP feature importance highlights the role of the hydro-climatological variable on Tarbela Dam seepage which is an interesting analysis identifying the importance of reservoir level for dam seepage prediction.



A proper plan should be established in the coming decade to properly manage the droughts, floods and water inflow at downstream side of the dam. In addition, the model’s applicability will be superior in locations where data collecting is limited, in contrast with existing physical methods. Therefore, it is possible to increase sustainable water resource management through AI based analysis for seepage modelling in the dam. Water resources management, dam’s stability and safety should be a research priority in light of climate change. It is recommended to create a database of all relevant variables from the entire hydrological cycle and metrological data on dam sites for data collection, which will enable application of various AI based techniques to understand and improve dam seepage problems. Furthermore, this work could be extended by including more parameters, e.g., climatological parameters from region, induced seismicity data from dam, seismic events data such as earthquakes, soil parameters, and structural deformation such as crack and joints data in the dam for better AI based modelling, that will lead to better decision making, devising better policies to improve the dam stability and prevent against structural failures in the dam.
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Figure 1. Satellite image of Tarbela Dam site used for this study. (A) Tarbela dam satellite overview, (B) Tarbela power house, (C) Tarbela dam main abutment. 
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Figure 2. Research flow chart for Machine Learning Models. 
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Figure 3. Artificial Neural Network (ANN) Architecture for hydro-climatological variable prediction schema. 
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Figure 4. The architecture of the random forest algorithm. 
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Figure 5. CatBoost (CB) Algorithm Structure. 
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Figure 6. Correlation Matrix for hydro-Metrological variables. 






Figure 6. Correlation Matrix for hydro-Metrological variables.



[image: Water 14 02598 g006]







[image: Water 14 02598 g007a 550][image: Water 14 02598 g007b 550] 





Figure 7. Actual vs. Predicted Average Seepage from Machine learning (ML) Models. 
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Figure 8. Comparison of Average seepage (Actual vs. Predicted) for (a) RF, (b) CatBoost, (c) ANN and (d) SVM Models. 
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Figure 9. Comparison of Water Inflow and Outflow in Tarbela Dam. 
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Figure 10. Regression Plot between water inflow and water outflow. 
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Figure 11. SHAP value summary of Hydro-Climatological Parameters for each model. 
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Figure 12. SHAP feature importance plots (a). Random forest (b). CatBoost (c). ANN (d). SVR. 
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Table 1. Input variable for Machine Learning Model.
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S. No

	
Input Parameters

	
Unit

	
Duration

	
Output






	
1

	
Water Inflow

	
ft3/s

	
2003–2015

	
Average Seepage (m3/s)




	
2

	
Temperature

	
°C

	
2003–2015




	
3

	
Precipitation

	
Inches

	
2003–2015




	
4

	
Reservoir Level

	
Feet

	
2003–2015




	
5

	
Sediment Inflow

	
Tons

	
2003–2015
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Table 2. The ML models description used for the experiments in python.
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	Algorithms
	Python Module
	Function
	Symbols





	Random Forest
	sklearn. ensemble
	Random Forest Regressor
	RF



	CatBoost
	CatBoost. regression
	Catboost Regressor
	CB



	Artificial Neural Network
	keras. models. Sequential
	Dense
	ANN



	Support Vector Machine
	sklearn.SVC
	SVR
	SVR
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Table 3. Descriptive statistic of parameters used for dam seepage prediction.
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Water Inflow

	
Reservoir Level

	
Temperature

	
Sediment Inflow

	
Precipitation

	
Average Seepage




	
(ft3/s)

	
(ft)

	
(°C)

	
(Tn)

	
(In)

	
(m3/s)






	

	
Training Data




	
Count

	
109

	
109

	
109

	
109

	
109

	
109




	
Mean

	
72.17

	
1449.13

	
18.34

	
9,363,574.31

	
82.64

	
8.17




	
Std

	
74.68

	
51.83

	
7.18

	
19,964,062.22

	
76.41

	
3.63




	
Min

	
13.21

	
1368.22

	
7.2

	
23,250.51

	
2.6

	
2.49




	
Max

	
277.08

	
1549.79

	
29.6

	
137,865,137.40

	
391

	
23.11




	

	
Validation Data




	
Count

	
24

	
24

	
24

	
24

	
24

	
24




	
Mean

	
115.57

	
1494.62

	
21.96

	
23,653,407.21

	
119.14

	
10.18




	
Std

	
93.30

	
50.78

	
6.33

	
44,614,740.11

	
120.67

	
3.66




	
Min

	
16.57

	
1386.45

	
8.1

	
63,171.09

	
20.4

	
3.35




	
Max

	
357.51

	
1549.92

	
28.2

	
167,516,137.8

	
491.6

	
17.33




	

	
Testing Data




	
Count

	
23

	
23

	
23

	
23

	
23

	
23




	
Mean

	
94.03

	
1466.60

	
22.29

	
9,694,283.85

	
86.06

	
9.28




	
Std

	
82.97

	
63.05

	
5.49

	
14,439,229.52

	
63.65

	
4.94




	
Min

	
16.72

	
1365.32

	
9.7

	
43,243.74

	
1.3

	
3.04




	
Max

	
296.30

	
1547.92

	
29

	
48,530,269.8

	
268.9

	
21.95
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Table 4. Prediction accuracy result of different Machine Learning Models.
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Model

	
R2 Training

	
R2 Validation

	
R2 Testing

	
RMSE Training

	
RMSE Validation

	
RMSE Testing




	
(m3/h)

	
(m3/h)

	
(m3/h)

	
(m3/h)

	
(m3/h)

	
(m3/h)






	
Random Forest Regression

	
0.884

	
0.801

	
0.782

	
0.059

	
0.077

	
0.109




	
Catboost Regression

	
0.978

	
0.805

	
0.773

	
0.025

	
0.076

	
0.111




	
Artificial Neural Network

	
0.981

	
0.835

	
0.715

	
0.245

	
0.249

	
0.297




	
Support Vector Regression

	
0.591

	
0.794

	
0.783

	
0.111

	
0.078

	
0.108
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Table 5. Prediction accuracy result of Nash-Sutcliffe Efficiency for different Machine learning Models.






Table 5. Prediction accuracy result of Nash-Sutcliffe Efficiency for different Machine learning Models.





	Nash-Sutcliffe Efficiency
	Random Forest
	CatBoost
	SVR
	ANN





	Training
	0.884
	0.884
	0.592
	−212.980



	Validation
	0.803
	0.806
	0.799
	−48.289



	Testing
	0.783
	0.775
	0.784
	−34.416
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