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Abstract

:

Forecasting of sediment load (SL) is essential for reservoir operations, design of water resource structures, risk management, water resource planning and for preventing natural disasters in the river basin systems. Direct measurement of SL is difficult, labour intensive, and expensive. The development of an accurate and reliable model for forecasting the SL is required. Sediment transport is highly non-linear and is influenced by a variety of factors. Forecasting of the SL using various conventional methods is not highly accurate because of the association of various complex phenomena. In this study, major key factors such as rock type (RT), relief (R), rainfall (RF), water discharge (WD), temperature (T), catchment area (CA), and SL are recognized in developing the one-step-ahead SL forecasting model in the Mahanadi River (MR), which is among India’s largest rivers. Artificial neural networks (ANN) in conjunction with multi-objective genetic algorithm (ANN-MOGA)-based forecasting models were developed for forecasting the SL in the MR. The ANN-MOGA model was employed to optimize the two competing objective functions (bias and error variance) with simultaneous optimization of all associated ANN parameters. The performances of the proposed novel model were finally compared to other existing methods to verify the forecasting capability of the model. The ANN-MOGA model improved the performance by 12.81% and 10.19% compared to traditional AR and MAR regression models, respectively. The results suggested that hybrid ANN-MOGA models outperform traditional autoregressive and multivariate autoregressive forecasting models. Overall, hybrid ANN-MOGA intelligent techniques are recommended for the forecasting of SL in rivers because of their relatively better performance as compared to other existing models and simplicity of application.
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1. Introduction


Hydrology deals with the efficient utilization of water resources and their management through the use of hydrological forecasting. Forecasting sediment load (SL) is an important concern in water resource management, and it is essential to know information about reservoir operations, water resource planning, flooding, water pollution control, reservoir design in rivers, and risk management as well as for preventing natural disasters [1,2]. Moreover, SL forecasts are required for decision making and policy formulation in a variety of sectors such as hydropower, flood control, reservoir sedimentation, and reservoir operations [3]. Knowledge of the amount of SL in a river at a particular time can lead to better knowledge of flood potential and consequently help control over-bane flooding. The amount of accumulated sediment in a reservoir is a crucial factor in determining the reservoir’s service life [4]. As a result, it is becoming increasingly important to measure SL, but it is challenging due to the complexity and non-linearity of the interactions of the various controlling factors with SL.



Jansson [5] demonstrated the effect of river basin features such as geology, storage capacity, soil, and relief (R) on SL. Syvitski et al. [6] revealed that long-term sediment discharge is associated with basin area and basin R, which was employed to examine the effects of climate change globally on the flux of sediment of the world’s rivers. The SL in the river is caused by the physical as well as chemical weathering of the soil and rock within the basin. The catchment area (CA) affects SL due to variations in the properties of the catchment such as the capacity of storage and gradient [7]. In most of the world’s major rivers, a good non-linear association between SL and water discharge (WD) has been found [8,9]. River sediment transportation and generation are significantly influenced by climatic variables such as temperature (T) and rainfall (RF) [10]. To design the numerous SL forecasting models based on prior research, temporal data such as WD, RF, SL, and T, as well as spatial data such as rock type (RT), R, and CA were taken into consideration.



The data-driven and physically based models are used for forecasting water resources [11]. The physically based models require a lot of data and use complicated mathematical equations to incorporate the physical process. Traditional time series regression models such as Autoregressive (AR), Autoregressive Moving Averages (ARMA), and Autoregressive Integrated Moving Averages (ARIMA) have been extensively used for hydrological time series forecasting [12]. These models have a lot of required input parameters, and most traditional modeling techniques suppose the data are linear and stationary, which makes them incapable of handling non-stationary and non-linearity processes associated with hydrology [13]. There are various non-linear forecasting methods that are also used for forecasting SL but those are also not capable of forecasting the SL accurately and efficiently [13]. Artificial intelligence (AI) data-driven methods have shown promise in modeling and forecasting non-stationary and non-linear processes in water resources, as well as in dealing with huge amounts of dynamicity and noise hidden in datasets. The drawbacks of linear AR, ARMA, and ARIMA and non-linear autoregressive networks with exogenous inputs forecasting models of SL can be overcome by using an AI-based non-linear system [13,14]. Long- and short-term forecasts are critical in reservoir operational processes, which are typically planned every month. Many researchers developed AI-based SL forecasting models using various controlling factors based on monthly data [15,16,17].



The goal of this research is not to describe the superiority of one technique over others, but rather to demonstrate that different modeling parameters must be chosen judiciously to generate a generalized, accurate, and reliable model. The ANN is chosen as a non-linear approach amongst AI techniques because it is currently among the most popular known AI techniques. The ANN works on the principle of the biological brain and the nervous system that goes along with it. Through proper learning, the ANN is capable of identifying the complex non-linear or linear relationship between outputs and inputs data without detailed knowledge of the character of the internal structure of physical processes. The ANN can establish non-linear links among outputs and inputs and makes them flexible and useful techniques for modeling the phenomena of hydrology [18]. It is useful for modeling when the physical presence of a process is unsure, there is no mathematical form for a description of the process, and reasonable experimental data are available [18,19]. The ANN is widely used in hydrology for forecasting the RF, runoff, flood, river discharge, and sediment yield modeling, which provide better results than the traditional regression-based forecasting models [14,20,21,22]. Nevertheless, the ANN models possess some drawbacks such as overfitting and underfitting and local minima problems due to inaccurately choosing the ANN model’s parameters (hidden node size, network topologies, number of hidden layers, nodes in hidden layers, initial weights, etc.) using greed search or trial-and-error approaches [23,24]. These ANN parameter selection approaches require a huge amount of computing time to calculate the parameter value and do not guarantee to provide an optimum solution [24]. It is possible to implement the genetic algorithm (GA) to solve the issues with ANN. The GA algorithm is a population-based global optimization algorithm that is based on Darwin’s theory of evolution and is used to find the best parameters for ANN models. It generates diversity in a population of individuals (chromosomes) by employing various genetic operators such as mutation, selection, and crossover, and then provides the best solutions. Nowadays, the GA is among the most popular algorithms for global search optimization which is hybridized with ANN to overcome ANN’s drawbacks [24,25]. The concurrent optimization of related parameters in ANN models using GA has been used to overcome the shortcomings of trial-and-error procedures as shown by a variety of applications of AI models. Numerous studies demonstrate that this strategy not only reduces the amount of computation required but also yields better results [26,27,28].



The ANN model parameters are optimized using GA by optimizing a single objective, namely Mean Square Error (MSE), as a criterion for the evaluation of performance, which is found in various studies [29,30]. Furthermore, the performance of feed-forward back-propagation ANN is also determined by achieving the lowest possible MSE [31]. The drawbacks of using a single objective (MSE) for the optimization of parameters of ANN have been well documented in past research [31,32]. The MSE is a summation of error variance and squared mean error (bias). MSE minimization does not guarantee that both error variance and bias are minimized. There is a conflict between bias (mean error) and variance, both of which affect ANN performance (MSE) [32]. In influencing MSE of estimation or forecasting, bias and variance contradict each other, resulting in significant uncertainty in evaluation. If one of them is reduced, then the other is increased [33]. Thus, the model selection issue can be viewed as a multi-objective optimization issue. As a result, minimizing both components is critical for attending generalization to avoid overfitting or underfitting with greater accuracy. Underfitting is caused by bias, whereas overfitting is caused by variance, which limits the model’s generalization ability and contributes to its poor performance [31]. The optimization and compromise of bias and variance multi-objectives result in a reliable and accurate model [34,35]. The GA is a well-suited population-based search method for problems involving multiple objectives [19,36]. The Non-Dominated Sorting GA (NSGA), Controlled Elitist GA (CEGA), and Elitist Non-Dominated Sorting GA (NSGA-II) are more familiar with GA-based multi-objective algorithms [37]. Controlled Elitist Gas are more capable of maintaining population diversity for getting to the best Pareto front by controlling the number of elites than NSGA-II and NSGA [35]. Therefore, the Controlled Elitist MOGA-based ANN model has been used to optimize these two contradicting responses (variance and bias). Recently, many works of literature are available in various fields for prediction and forecasting using multi-objective optimization for ANN and it was found that the system’s accuracy could be increased using this hybrid approach [38,39,40]. Rosales-Pérez [33] applied multi-objective GA for the optimization of AI models such as Support Vector Machine (SVM) parameters by optimizing bias and variance. Recently, there are few studies that have been conducted on the multi-objective optimization-based model to estimate the sediment load or suspended sediment concentration [41,42].



In this study, forecasting is a term that is used when inputs are past monthly time series of temporal data such as Q, RF, and T, as well as spatial data such as RT, R, and CA, and output data are the SL. Thus, this paper deals with the forecasting of the SL using the past observed SL data and other observed variables (RF, WD, and T) with spatial data (RT, CA, and R). This study was conducted in the MR system. Various researchers have used monthly one-step-ahead forecasting studies in hydrology [43,44,45]. In this study, multi-objective genetic-based ANN forecasting models are developed for one-step-ahead of forecasting the SL in the MR basin with optimization of all ANN parameters (hidden layer neurons, combination coefficient, transfer function, inputs, bias weights, and connection weights) simultaneously.



Flood forecasting in the MR is studied by Kant et al. [46] with the use of a multi-objective evolutionary Neural Network (NN) and bootstrap NN. As per the author’s knowledge, no researcher has yet attempted to develop a fully automatic, highly generalized, globally single hybrid AI-based forecasting model. In this study, a fully automated parameter tuning and highly generalized AI forecasting model is developed for forecasting of SL in the Mahanadi River, which reduced the need for human intervention. The proposed model would replace the use of multiple models to predict the SL, which stands for suspended sediment load. This single model was applied at each gauging station to forecast the SL in the MR Basin. In this study, a single hybrid ANN-MOGA model was developed for effectively forecasting the SL at individual stations in the MR using a huge number of combinations of temporal (SL, T, RF, and WD) and spatial (RT, CA and R) data of 11 gauge stations. All parameters for the ANN model were optimized concurrently using the multi-objective GA, which included bias and variance objectives. These approaches d not only improve the model’s performance, but also significantly reduce computational time by eliminating grid searches and trial-and-error exercises. The forecasting capability of hybrid models was tested by comparing their performances to traditional Multivariate Autoregressive (MAR) and Autoregressive (AR) methods. It was revealed that the best accuracy was provided by the multi-objective GA-based ANN model with more generalization and it is the most suitable substituent among other comparative methods for forecasting the SL. If SL measurement is not possible, then approaches for multi-objective GA-based ANN modeling can be recommended for forecasting SL due to their ease of implementation and relatively better performance than other existing methods.




2. Study Area


To make the SL forecast, the MR basin was chosen. Flowing to the east, this river is a major waterway in the Indian peninsula (Figure 1). It is the fourth largest river in India and drains an area of 141,589 km2 or approximately 4.3% of India’s total land area [46]. Odisha receives 53% of the river’s basin area, while Chhattisgarh receives 46% and Maharashtra, Madhya Pradesh, and Jharkhand share the remaining 1% [46]. Until it enters the Bay of Bengal, the river flows for a total of 851 km. Thr MR was located between 19°20′ and 23°35′ north, and 80°30′ and 86°50′ east. The MR contains the Hirakud dam which is the world’s largest earthen dam. In terms of current sediment load, the MR is second among Indian peninsular rivers. Figure 1 shows the MR basin elevation map and the locations of all 11 hydro-climatological sites. The average annual RF was between 1200 and 1400 mm [47]. Approximately 90% of the yearly RF that the MR basin receives occurs during the monsoons. The MR basin has a dispersed pattern of RF strength. In the MR basin, the warmest months are April and May, with summer temperatures of 39 to 45 °C, and the coldest months are December and January, with winter temperatures of 4 to 12 °C [47]. The two largest bodies of water in the MR are Lake Chilka and the Hirakud Dam.




3. Methodology and Data


The preliminary processing includes data normalization that was proposed before developing the models. To maintain uniqueness while developing a model, data normalization is used to remove the ranges between the datasets. It revealed convergence and fast processing throughout training and minimized forecasting errors [49].



Data standardization is another name for the process of normalizing numerical data, which results in much more highly accurate network training. The range of all variables is fixed at 0 to 1 by the normalization process which is described briefly in different literature [24,48].



Data normalization’s primary goal is to remove the various ranges and dimensions of the variables included in the dataset. The normalization process of the data in the range of   a    and  b  is performed using Equation (1):


   C  n o r m   = a +    C i  −  C  m i n      C  m a x   −  C  m i n     ×  (  b − a  )   



(1)




where    C i    is the ith actual value,    C  n o r m     is the normalized value of    C i   ,    C  m a x     is the highest value, and    C  m i n     is the lowest value of the dataset. In this case, “a” represents the lowest value, and “b” represents the highest value of normalized data.



The used data consist of monthly RF, T, WD, and SL during the years 1990–2010 and spatial variables such as R, CA, and RT of eleven gauging stations in the MR for developing the proposed models. Figure 1 depicts the locations of all these stations. The dataset from the individual station is partitioned: training data (70%) are used to develop the models; validation data (15%) are used to avoid model overfitting, while testing data (15%) are used to evaluate the model’s performance in a testing phase. Data from tests are regarded as “unseen” and “not used” in the process of modeling. Single testing, training, and validation for the MR basin were eventually produced by combining the data from all 11 stations. In this study, the forecasting of SL is performed using an ANN with a Multi-Layer perceptron (MLP) feed-forward using a Levenberg–Marquardt (LM) backpropagation algorithm. A wide variety of weight optimization strategies can be utilized during the training process of the MLP-based ANN; however, the LM training algorithm trains more quickly than the gradient descent training algorithm and achieves convergence more quickly [50]. The weight updating rule of ANN is presented as [24,50]:


   W  k + 1   =  W k  −  (   J T  J  )  + µ I  )  − 1    J T  e  



(2)




in which  J  is a Jacobian matrix,  e  is an error matrix,  I  represents an identity matrix,  W  is the weight of the ANN, and  µ  represents the combinational coefficient of LM, which plays an important role in the learning process of LM in an ANN. The flow chart of the ANN-MOGA method that has been proposed is shown in Figure 2.



Numerous artificial intelligence models have been successfully applied by various researchers for the prediction and forecasting in water resources [51,52,53,54,55]. The details description of MLP and LM training algorithms of ANN are discussed by various researchers [48,56]. Numerous factors affect the effectiveness of MLP-based ANN models, including the transfer function and number of nodes in the hidden layer, and the initial weights. If any of these factors is chosen incorrectly, the ANN will be poor, and the likelihood of the solution reaching the global optimum will be low. The GA has proven to be effective in resolving the issues of the ANN [27,57]. So, this research demonstrates the use of GA in ANN to overcome the drawbacks of ANN for forecasting SL with a selection of all ANN model parameters optimally. In this study, the output demonstrates the value at time frame t in the time series models of SL forecasting if the forecasting model’s inputs cover values corresponding to points of time   t −  1,   t −  2,   t −  3,...,   t   –   n  . In this study, the GA is used to choose the transfer function, inputs, neurons, combinational coefficient of LM ( µ ), bias, and connection weights. These are the five most important ANN parameters for SL forecasting. These ANN model parameters can be found in the chromosome, which is a binary string. The input parameters are found in the first part of the chromosome.



In the second part of the chromosome, a 3-bit binary number shows the transfer function for the hidden and output layers. In this section, the transfer functions in the output layer and the hidden layer are shown. Transfer functions are available in three different types: linear, log sigmoidal and tan sigmoidal. There are nine different ways to use transfer functions for the hidden and output layers. In the third part of the chromosome, 5 bits stand for the neurons in the hidden layer. During modeling, this binary number is turned into a decimal number. This is performed to make the hidden layer neurons. Due to the complexity and cost of processing the model, hidden neurons are limited to 32. All of the decimal numbers from 1 to 32 can be shown with 5-bit chromosomes. The 4th part of the chromosome denotes the µ, which is an 8-bit binary number. The µ showed decimal values from 0 to 255, which is normalized between 0.0010 and 9×109 [24]. In the fifth section, the biases and weights of the connections of ANN models are shown. The length of the chromosome changes because the number of hidden neurons and the number of inputs change. The ANN-MOGA forecasting models are designed with GA parameters such as the number of generations, the size of the population, the rate of mutation, and the probability of a crossover. In this study, a uniform crossover with a high probability value (0.6) and a low probability of constant mutation (0.05) was used. The values of each chromosome’s fitness are estimated using the fitness function (RMSE) of the training dataset. The maximum generations (50) were considered as stopping criteria.



Both objective functions assessed the fitness values of each chromosome for the initial population. The chromosomes were sorted using a controlled non-dominating sorting strategy. In non-dominating sorting, the population was arranged according to the non-dominance level on various fronts (referred to as levels) [36]. To determine whether the solution does not predominate in the population, the following guidelines are used:


Bias [i] > Bias [j] and Variance [i] ≥ Variance [j]



(3)




or


  Bias   [ i ]   ≥   Bias   [ j ]   and   Variance   [ i ]   > Variance   [ j ] ,   i ≠ j  



(4)




where the chromosome numbers  i  and  j  are used. The solutions of the same non-dominated front are compared to establish the solution’s overall ranking after the non-dominated fronts are obtained. To compare solutions from the same non-dominated front, a crowding distance is used [36]. The final step was to obtain the solutions’ overall rank using the crowded-comparison operator, which combines the crowding distance and the measure of non-dominated rank. The multi-objective GA framework iteratively improves the beginning chromosomes according to their overall rank through various genetic operational processes, such as mutation, crossover, and selection. The tournament selection approach was used to make the decision [58]. The chosen chromosomes were subjected to crossover and mutation operations. Every generation also known as an iteration was followed by the crossover operation, which involved swapping out a portion of the binary strings of the available solutions to produce better individual solutions. According to the user selected mutation rate, the mutation operation is carried out by randomly flipping bits (0–1 or 1–0) of the chromosomes in order to diversify the existing solutions and avoid trapping at local minima. A child population Q0 of size  N  is produced by the mutation, selection, and crossover operators at iteration 0. The overall number of chromosomal solutions for any iteration t following the genetic operations is Rt = Pt ∪ Qt becomes twice (2N). P and Q represent the parent and child populations, respectively. R represents the total number of chromosomal solutions after the genetic operations. The objective functions of each solution (Rt) were determined by calculating, and the solutions have been ranked using the previously discussed Non-Dominated Sorting criteria and crowding distance. The rest solutions were eliminated from the solution space, and the top  N  solutions determined by their whole rank were chosen (referred to as elitism) for the following generation. The maximum number of individuals permitted from the ith non-dominated front as shown in Equation (5) is provided diversity in the new population, based on the geometric distribution [36].


  N ×  (    1 − r   1 −  r K     )  ×  r  i − 1    



(5)




where  K  indicates the number of undominated fronts and  r  represents the reduction rate, which has a value lower than 1.



The proposed study combined the Controlled Elitist NSGA (CE-NSGA) and ANN models. The CE-NSGA is a more familiar GA-based multi-objective algorithm. The CE-NSGA has more capability to maintain the diversity of population for convergence to an optimal Pareto front by controlling elite numbers. The ANN model was used to find the two objectives such as error variance and mean error in CE-NSGA for ranking of non-dominated. The ideal parameters for the ANN model were chosen based on the most optimal solution from the final CE-NSGA generation. With these best ANN parameters, the ANN model can be applied to forecast the river system’s SL with given known input parameters. Figure 2 shows the flow chart for the multi-objective GA-based ANN model. In this study, AR forecasting models are designed by the linear combination of previous data of the variable (SL). The AR model is a fundamental class of time series model.



The AR model’s equation is presented below [12]:


    SL   t + 1   =  a 0    SL  t  +  a 1    SL   t − 1   +  a 2    SL   t − 2   + ⋯ +  a n    SL   t − n          



(6)




where n is the number of orders for the AR model, and ai ( i  = 0, 1, 2,.....,  n ) represents the regression model’s coefficients. The MAR was designed using training datasets and the linear combination of the Autoregressive of multiple variables (WD, T, RF, and SL and spatial variables (R, CA, and RT). The MAR formula is shown below


       SL   t + 1   =  a 1    WD  t  +  b 1    RF  t  +  c 1   T t  +  d 1    SL  t  , +  a 2    WD   t − 1   +  b 2    RF   t − 1   +  c 2   T  t − 1   +        d 2    SL   t − 1   + ⋯ +  a n    WD   t − n   +  b n    RF   t − n   +  c n   T  t − n   +  d n    SL   t − n     + e RT + f R + g CA     



(7)







The linear MAR forecasting model is represented by this equation up to n lags. The ai, bi, ci, di, e, f, and g (i = 1,2, 3,…, n) represent the coefficients of the MAR model. The ai, bi, ci, and di represent the coefficients of WD, RF, T and SL, respectively. The coefficients of the RT, R, and CA are represented by the values e, f, and g, respectively. The maximum lag (n) in AR and MAR model for the SL forecasting is 12, after which the cyclicity begins due to seasonal behaviour of the data. There are four temporal variables: WD, SL, RF, and T. The RT, CA and R are the spatial variables.




4. Results and Discussion


4.1. Data Analysis


The non-linear comparison between different parameters is found using Spearman rank correlation coefficients which are presented in Table 1. The Spearman rank correlation of T and SL, RF and SL, and WD and SL are represented by r3, r2, and r1, respectively. The WD and SL have a significant and high Spearman rank correlation coefficient value which is represented by r1. It is found that SL has comparatively smallest and greatest values of the Spearman rank correlation with the WD at the Kntanmal and Rajim, respectively among all gauging stations (Table 1). The Pearson rank correlation coefficient between RF and SL has a significant value (greater than 0.5 at all eleven gauging stations) which is represented by r2. It shows that RF is significantly correlated with the SL.



Furthermore, it is observed from Table 1 that the Spearman rank correlation coefficient between T and SL is small and insignificant which is represented by r3. This indicates that T has an indirect effect on SL and did not directly contribute significantly to SL. It is found that the SL data have the greatest coefficient of variation value, maximum/mean, skewness, and Kurtosis among all hydro-climatic data (WD, RF, T, and SL) in the MR which indicates that the SL is more dispersed than the other parameters (WD, RF, and T), as well as extremely erratic and complicated, with a non-normal distribution in the MR basin [24]. Thus, forecasting SL by the model is very difficult as compared to the other variables.



There were significant temporal as well as spatial variations in the SL. Variations of monthly average WD, RF, T, and SL data over 20 years with spatial variation (R, RT, and CA) of each gauge station in the logarithm scale are shown in Figure 3. Due to huge variations in the dataset, we have followed the logarithm scale so that maximum data values are shown in Figure 3. It is seen in Figure 3 that the pattern of decrease in WDs and corresponding sediment load is the same sediment load, except for Kantamal station. Further, Tikarapara station indicates the highest WD, CA, R, RF, and SL, whereas Andhiyarakore station shows the lowest values of it. Furthermore, it has been noted that SL changes proportionally with WD, with the Tikarapara gauge station recording the highest values due to the highest WD amongst all gauge stations. The highest CA is also observed at this gauge station. Lowest R is found at the Bamnidih. The lowest rock value is found at Kantamal. Variations in RF, WD, T, and SL during the decades of 1990–2000 and 2000–2010 at different locations such as upstream, midstream, and downstream in the MR are given in Figure 4. The highest decrement in sediment yield is found at Tikarapara station among all stations. This may have been caused by the SL trap at the Hirakud dam, which is upstream of the Tikarapara. Higher amount of SL is also decreased at Basantpur gauging, which may be due to traping of SL at large Minimata Bango dam nearest to this station.



Since the SL, WD, RF, and T data are seasonal and available monthly, they are influenced by the data from the previous month. The maximum lag for the forecasting model must be selected. To evaluate the temporal correlations of SL, WD, RF, and T, an Autocorrelation Function (ACF) is employed. Figure 5 depicts the ACF of the SL with different time lags. The highest correlation was found at lag 1, and it decreases as the time lag increases (Figure 5). Additionally, it was noticed that ACF exhibited the next highest peak value at lag 12, supporting the seasonality of the SL dataset. The ACF plot illustrates that the highest lag is 12, after which seasonal data behavior indiciate cyclicity.




4.2. ANN-MOGA Forecasting Model


A set of final solutions in the form of Pareto solutions have been provided by the model at predetermined stopping criteria that correspond to the highest number of generations (50). Figure 6a depicts the variation in bias and variance during the training stage. In the training stage, MSE (0.00352) and its subsequent variance value (0.000651) and bias (0.00424) were found to be the best Pareto solution. Figure 6b shows the variation in crowding distance among individuals. Figure 6c displays the rankings of the individual. Figure 6d illustrates the Pareto average spread variation with generation.



Table 2 lists the various types of models with lag input variables. The ANN-MOGA-51 models are built using previous time series of temporal variables (WD, R, SL, and T) with 12 lags for each variable and 3 spatial variables (CA, RT, and R). The ANN-MOGA-48 models are built on prior time series temporal data (WD, R, SL, and T) with 12 lag for each variable and without considering the spatial data. The ANN-MOGA-15 model is developed by 15 input variables (12 lag time series inputs of SL and 3 spatial factors) for forecasting one-step-ahead of SL.



The ANN-MOGA-12 models are established using previous time series SL only data with 12 lags. The lag for each temporal data (RF, T, WD, and SL) is twelve. All of these models’ performances are compared to assess the forecasting capability of models as per statistical error analysis. The statistical error is used as an evaluation metric, and the performances of the different models are compared to one another to determine which model performs the best. Validation, training, and testing dataset are assessed to evaluate error statistics such as the Mean Square Error (MSE), the correlation coefficient (r), the Root Mean Square Error (RMSE), the Mean Absolute Error (MAE), and the error variance (VAR) for the forecasting models.


  RMSE =      (      ∑   i = 1  N   (   O i  −  F i   )   N   )   2     



(8)






  MSE =    (      ∑   i = 1  N   (   O i  −  F i   )   N   )   2   



(9)






  MAE =     ∑   i = 1  N   |   O i  −  F i   |   N   



(10)






  r =     ∑   i = 1  N   (   O i  −   O ¯  i   )   (  F −   F ¯  i   )      ∑   i = 1  N   (   O i  −   O ¯  i   )    ∑   i = 1  N   (   F i  −   F ¯  i   )     



(11)






  VAR =     ∑   i = 1  N     (  E −  E ¯   )   2   N   



(12)




where,    O i   ,      O i   ¯   ,    F i    and      F i   ¯    are measured, measured mean, forecasted and forecasted mean values, respectively. The N value represents the number of samples. The   E ¯   and E represent the mean error and error values.



All hybrid multi-objective GA-based ANN hybrid forecasting models use statistical errors obtained from testing, validation, and training datasets for one-step-ahead forecasting of the SL value, which is presented in Table 3. The statistics of all errors of testing, validation, and training data for the ANN-MOGA-12, ANN-MOGA-48, ANN-MOGA-15, and ANN-MOGA-51 models reveal that r is relatively high, while error variance, RMSE, MAE, and MSE are all low. It can be implied that these models are highly accurate at predicting SL. High levels of consistency across the three datasets show that generalized forecasting models were produced and that neither overfitting nor underfitting occurred. Among all comparative models, the ANN-MOGA-51 model stands out as the best. Table 4 lists the GA-optimized parameters chosen for the designed ANN-MOGA models. Two and twenty-nine are the optimum combinational coefficient (µ) and neurons, respectively. Pure linear and log sigmoidal transfer functions are optimally selected at the output layer and hidden layer, respectively, in the ANN-MOGA-51 model. Twenty-nine neurons are the best number for an ANN model’s hidden layer. After the evolution run, the best-fit chromosomes were used to determine the best solution for the ANN- MOGA-51 model.



Table 5 displays the error statistics for the 11 gauge stations determined with the best ANN-MOGA-51 model. It is also clear from Table 5 that there is a wide range of performance between the stations, with some stations providing good performance and others showing poor performance. The unpredictable and complex non-linear nature of SL delivers the forecasting model incapable of providing accurate forecasts of SL at the Andhiyarakhore and Baronda stations. The forecasting model’s inaccuracy is a direct result of the low CA and the flat land. Located in the Raipur district of Chhattisgarh, India, Simga is the first gauging station of the MR after its origin near Nagri town and Pharsiya village. Both WD and SL are low at this station. At the Simga station, the forecasting model is providing worse results. Due to the high coefficient of variation (COV), max/mean ratio, skewness, and kurtosis value of influential parameters, many AI models were not performing well at some MR stations [36]. Forecasted and actual SL have a high degree of correlation at the Tikarapara, Kurubhata, and Jondhra gauging stations (r values greater than 0.7). This reveals the proposed model’s high performance at these locations. The r value of 0.4780 for the Basantpur gauge station is not significant. Poor correlation between the WD and SL, caused by the large Minimata Bango dam upstream of this station, contributes to the proposed model’s bad performance at this location. The remaining gauging stations have a significant r value between 0.5 and 0.7, indicating a moderate correlation [59].



Figure 7 and Figure 8 illustrate the ANN-MOGA-51 model’s hydrologic graph and scatter plot, respectively. The hydrologic graph revealed that, except for the Kantamal, Andhiyarakore, Simga, and Bamnidih stations, the predicted SL corresponds to the observed SL data’s variability. Andhiyarakhore is a small tributary that has a relatively small CA; however, despite its size, it carries a relatively small SL. The reason for this is that relatively small CA basins are unable to store SL and allow for the complete removal of all material that has been eroded. The presence of a large dam named Minimata Bango at Bamnidih is the primary factor that contributes to the modeled output not being accurate. Although Simga has a topography that is almost entirely composed of limestone and a relatively large catchment area, the area is relatively flat. Because of this, the sediment yield and water discharge are relatively low in comparison to those of other tributaries, such as Seonath and Tel, which have a smaller catchment area. Further, its complex non-linear erosion and transportation process of sedimentation resulted in the poor performance of the proposed model at some gauging stations. The high skewness, Kurtosis, coefficient of variation (COV) and maximum/mean value of suspended sediment load indicate its complex and highly erratic behaviours as compared to other variables (water discharge, rainfall and temperature). Thus, estimation of suspended sediment load through mathematical models is very difficult comparative to other variables [24]. The highest coefficient of variation of rainfall is found at Kantamal. This could also explain the corresponding water discharge and the SL dataset’s wide variation and non-normal distribution. Similarly, the ANN-MOGA-51 results are nearer to the bisector line which is also known as the 45 ° line, except for the four gauging stations that were mentioned earlier (Figure 8). The scatter plots and hydrographs show that the magnitudes and medium, high, and low SL forecasted values generated by the best ANN-MOGA-51 forecasting model are also fairly close to the corresponding actual SL values. The ANN-MOGA-51 model displayed a positive value SL at each of the 11 gauge stations, although the SL output was either 0 or very near zero (Figure 7 and Figure 8). Based on these findings, it was determined that the application of ANN in conjunction with GA is the method that yields the most accurate results for calculating SL in the MR basin system. The forecasting model provides the highest level of accuracy at the Tikarapara gauging station compared to any other station gauging station. This may be due to the location of Tikarapara, which is at the most downstream portion of the MR basin and possesses the highest WD, CA, RF, and SL of any of the gauging stations [24,47].




4.3. AR Forecasting Model


In an autoregression model, the SL forecast is generated through a linear combination of the SL time series data. In this study, AR models are developed by the linear combination of previous data of the variable (sediment yield). The AR model is a fundamental class of time series model. It predicts future values by adding up the weighted sums of lagged past data. Various AR models were developed by different input parameter selections with different autoregression of the variable and compared the performances of each other. In this method, the maximum lag selection is considered 12 due to seasonal variation of data and using ACF.



The error statistics of the AR model are given in Table 6. The test dataset’s low MAE and RMSE, as well as its high  r  value, revealed that the AR forecasting model could justifiably fit the data. The training dataset revealed a similar pattern of behavior, which is not surprising given that the linear model will never be overfitted to the training data. It reveals that the RMSE, MSE, and MAE of training and testing data are trending in the same direction because these are related to one another in a direct proportion, as expected for the linear model. It is observed that this model does not provide satisfactory performance at various gauging stations. The r values are not significant at various gauging stations. Poor correlation is found in all gauging stations except Tikarapara, Kurubhata, and Bamnidih. It is seen in the hydrograph (Figure 9) and scatters plot (Figure 10) that the AR model generates a greater percentage of negative SL values at low SL values as compared to other models. The AR provided the best result at Tikarapara similar to MAR and ANN-MOGA-51 models.




4.4. The Multivariate Autoregressive (MAR) Forecasting Model


The MAR model was designed using training datasets and the combination of the autoregression of multiple factors (WD, RF, SL, and T) as well as spatial variables (CA, RT, and R). The MAR model forecasted a one-step-ahead of the SL value using 51 input parameters (12 from each of the 4 temporal parameters and 3 from the spatial parameters). There is no need for a validation dataset because the linear model does not overfit.



For testing, the same testing data that were applied to the ANN models were used. Table 7 displays the MAR model’s error statistics. During the phases of training and testing, it was observed that the RMSE and MAE are very low, and r is high, demonstrating that the MAR forecasting model can reasonably fit the data. It is observed that Tikarapara shows the highest coefficient of correlation between the actual and forecasted SL values, and Andhiyarakhore station has the lowest correlation coefficient. The proposed model offered the best level of accuracy at the Tikarapara site and the lowest accuracy at Andhiyarakhore.



Figure 11 and Figure 12 show the MAR model’s hydrograph and scatter plot. The figure clearly shows that the MAR model presented a negative number where the SL is zero or near zero. It was also realized that the model could not capture low SL as evidenced by the scatter plot, which predicts a negative value in the case of low SL data including all stations. The modeled SL at Bamnidih and Andhiyarakore varies greatly at all peaks and during small SL. However, SL cannot be negative in actuality.



In the scatter plot, it is found that the MAR results are not closer to the bisector line at the Andhiyarakhore and Bamnidih gauging stations. It was noticed that the linear MAR model is unable to handle non-linearity behavior and, as a result, some negative forecasted values of SL are obtained.




4.5. Comparison Results of Forecasting Models


The best hybrid model (ANN-MOGA-51), traditional MAR, and AR models were compared using the same test data. Table 8 shows that the ANN-MOGA-51 model has the least RMSE, variance, MSE, and highest r score when compared to all other comparative models (MAR and AR). This statistical study indicates that the ANN-MOGA-51 model is the best. As a result, when the optimized input variables and associated elements are taken into account, the ANN-MOGA-51 model outperforms both the AR and MAR models. This advantage is due to the selection of optimal of all ANN parameters using the GA. The good performance of the ANN-MOGA-51 model may be attributed to the utilization of time series lag data of SL, RF, T, and WD with spatial data (CA, R and RT), which are more informative by ANN in conjunction with multi-objective GA method and lagged input variable selection using multi-objective GA.



Table 8 demonstrates that the AR model performs the worst due to the highest RMSE, MSE, variance, and lowest  r  as compared to other models. This worst performance in the AR model is also caused due to the consideration of only SL as the lag time input variable and the exclusion of temporal (WD, T, and RF) and spatial (R, RT, and CA) data. The ANN-MOGA-51 model improved the performance by 12.81% and 10.19% from traditional AR and MAR regression models, respectively. It is also observed from Table 3 and Table 8 that all hybrid intelligence-based models (ANN-MOGA-12, ANN-MOGA-15, ANN-MOGA-48 and ANN-MOGA-51) are providing better results than the traditional regression models (MAR and AR) models on the basis of RMSE and r as performance evaluation criteria.





5. Conclusions


This study revealed the forecasting of SL by the ANN-MOGA-51, MAR, and AR models with a time lag at eleven stations in the MR using various inputs of hydro-climatic factors (RT, RF, T, WD, R, and CA). The input parameters of the SL in the MR were found to be the primary governing factors. The results showed that the ANN-MOGA-51 models performed well and had a higher generalization capability, which was obtained by concurrently optimizing all ANN parameters using the MOGA. As a result, simultaneously optimizing all ANN parameters and input subsets with the MOGA is a better method with satisfactory performance and less computation cost than the traditional grid search and trial-and-error methods. The hydrograph and scatter plots of the ANN-MOGA-51 model also show that the magnitude of the proposed model’s medium, low, and high SL forecasting was closer to the observed values. The best ANN-MOGA-51 model forecasted a positive sediment value even when SL was zero or near zero at all 11 sites in the MR, which is an interesting finding from the hydrograph and scatter plots. On the other hand, MAR and AR models provided negative SL values where SL is low or close to zero. This demonstrated that the data, particularly small, valued samples, exhibit significant non-linear behavior which is not captured by traditional MAR and AR forecasting models.



The results revealed that the hybrid ANN-MOGA model performed significantly better than other traditional MAR and AR models in terms of performance. This is the most appropriate approach because of the relatively better performance and ease of implementation. Thus, the proposed forecasting models are of great assistance to water resource planners and managers because they allow for a better understanding of the problems caused by sedimentation and allow for the finding of alternative solutions to manage the issues in the future by utilizing prior knowledge of forecasting SL. The RF intensity is also an important factor of the SL that is not incorporated in this research due to its unavailability for the improvement of modeling performance but will be considered in future research.
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Figure 1. The elevation map of the Mahanadi River basin with the geographical location of 11 gauging stations [48]. 
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Figure 2. Flow chart of proposed hybrid ANN-MOGA model for SL forecasting. 
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Figure 3. Spatial variation of monthly average hydro-climatic and geomorphological data such as water discharge (cms) (m3/s), temperature (°C), rainfall (mm) and sediment load (t/ month), relief (m), and catchment area (km2). 
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Figure 4. Comparative analysis of long-term variation over the past two decades of (a) WD, (b) RF, (c) SL, and (d) T. 
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Figure 5. The autocorrelation function (ACF) for monthly hydro-climatical data (a) SL, (b) WD, (c) RF, (d) T. 
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Figure 6. (a) Dilemma between the bias and variance objectives. (b) Variation of individuals and distance. (c) Variation of individuals and corresponding ranking. (d) Generation-wise variation of average spreads of Pareto. 
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Figure 7. Comparison of the actual and forecasted SL during the testing phase of the ANN-MOGA-51 forecasting model (a–k). 
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Figure 8. Scatter plot of the actual and forecasted SL of the ANN-MOGA-51 forecasting model during the testing phase (a–k). 
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Figure 9. Comparison of the actual and forecasted SL during the testing phase of the AR forecasting model (a–k). 
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Figure 10. Scatter plot of the actual and forecasted SL of the AR forecasting model during the testing phase (a–k). 






Figure 10. Scatter plot of the actual and forecasted SL of the AR forecasting model during the testing phase (a–k).
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Figure 11. Comparison of the actual and forecasted SL during the testing phase of the MAR forecasting model (a–k). 
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[image: Water 15 00522 g011]







[image: Water 15 00522 g012 550] 





Figure 12. Scatter plot of the actual and forecasted SL of the MAR forecasting model during the testing phase (a–k). 
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Table 1. Spearman rank correlation coefficient ® of hydro-climatolic data from eleven stations for the MR.






Table 1. Spearman rank correlation coefficient ® of hydro-climatolic data from eleven stations for the MR.





	Stations
	r1

(WD-SL)
	r2

(SL-RF)
	r3

(SL-T)





	Tikarapara
	0.891951579
	0.667566099
	0.167164223



	Sundargarh
	0.933162643
	0.719490012
	0.083275757



	Simga
	0.912171157
	0.669144968
	0.016117111



	Jondhara
	0.953615062
	0.634788084
	0.024002708



	Andhiyarakhore
	0.930440984
	0.679483679
	0.172300271



	Kurubhata
	0.914790531
	0.739541786
	0.09457768



	Bamnidih
	0.792975574
	0.673800075
	0.19294038



	Rajim
	0.933515452
	0.652771319
	−0.053703323



	Kantamal
	0.784858255
	0.653582343
	0.045884228



	Baronda
	0.896128553
	0.718865603
	0.170015607



	Basantpur
	0.900261237
	0.717722236
	0.120971863
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Table 2. Various multi-objective GA-based ANN models using different input variables with lags.






Table 2. Various multi-objective GA-based ANN models using different input variables with lags.





	Models
	Number of Initial Inputs
	Input Parameters





	ANN-MOGA-51
	51
	SL, WD, RF, T, RT, R and CA



	ANN-MOGA-48
	48
	SL, WD, RF and T



	ANN-MOGA-15
	15
	SL, RT, R and CA



	ANN-MOGA-12
	12
	SL










[image: Table] 





Table 3. Performance comparison of the hybrid multi-objective GA-based ANN forecasting models in the testing phase.






Table 3. Performance comparison of the hybrid multi-objective GA-based ANN forecasting models in the testing phase.





	Models
	RMSE
	Initially Inputs No.
	MSE
	MAE
	VAR
	r





	ANN-MOGA-51
	0.011639
	51
	0.000135
	0.003802
	0.000136
	0.643313



	ANN-MOGA-48
	0.013343
	48
	0.000178
	0.00381194
	0.0001783
	0.5674853



	ANN-MOGA-15
	0.013637
	15
	0.000186
	0.0044
	0.000186
	0.513217



	ANN-MOGA-12
	0.01181
	12
	0.000139
	0.003626
	0.00014
	0.623344
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Table 4. Optimally selected parameters of ANN-MOG models.






Table 4. Optimally selected parameters of ANN-MOG models.





	Models
	Transfer Function
	Neurons
	Inputs
	µ





	ANN-MOGA-51
	Log-sigmoid, pure linear
	29
	22
	2



	ANN-MOGA-48
	Tan-sigmoid, pure linear
	19
	21
	9



	ANN-MOGA-15
	Pure linear, tan-sigmoid
	15
	10
	10



	ANN-MOGA-12
	Tan-sigmoid, pure linear
	4
	6
	6
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Table 5. Error statistics of ANN-MOGA-51 forecasting model during validation, testing, and training phase.






Table 5. Error statistics of ANN-MOGA-51 forecasting model during validation, testing, and training phase.





	ANN-MOGA-51
	MSE
	RMSE
	r
	Error Variance
	MAE





	Training
	0.000241
	0.015526
	0.668938
	0.000241
	0.004677



	Validation
	5.25 × 10−5
	0.007243
	0.7730
	5.26 × 10−5
	0.002867



	Testing
	0.000135
	0.011639
	0.643313
	0.000136
	0.003802



	Tikarapara
	0.000396
	0.019905
	0.731051
	0.000407
	0.010517



	Simga
	1.17 × 10−5
	0.003422
	0.5930
	9.81 × 10−6
	0.001707



	Andhiyarakhore
	1.10 × 10−5
	0.003319
	0.4001
	9.06 × 10−5
	0.001749



	Sundargarh
	2.60 × 10−5
	0.005097
	0.635
	2.67 × 10−5
	0.002466



	Bamnidih
	3.33 × 10−5
	0.005769
	0.695
	3.27 × 10−5
	0.002765



	Jondhara
	3.02 × 10−5
	0.005499
	0.737
	2.91 × 10−5
	0.002534



	Kurubhata
	2.06 × 10−5
	0.001434
	0.914
	1.97 × 10−6
	0.000865



	Basantpur
	0.000229
	0.015121
	0.478143
	0.000222
	0.006185



	Baronda
	5.66 × 10−6
	0.002379
	0.495
	5.23 × 10−6
	0.001319



	Rajim
	2.10 × 10−6
	0.001448
	0.669
	2.15 × 10−6
	0.000722



	Kantamal
	0.000806
	0.028395
	0.659518
	0.000801
	0.01198
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Table 6. Error statistics of the autoregressive (AR) forecasting model at different gauging stations.






Table 6. Error statistics of the autoregressive (AR) forecasting model at different gauging stations.





	AR
	RMSE
	MSE
	MAE
	VAR
	r





	Training
	0.01640
	0.00027
	0.00473
	0.00027
	0.61268



	Testing
	0.01335
	0.00018
	0.00365
	0.00018
	0.49670



	Tikarapara
	0.02576
	0.00066
	0.01119
	0.00066
	0.51087



	Simga
	0.00185
	3.42 × 10−6
	0.00069
	3.49 × 10−06
	0.19322



	Andhiyarakhore
	0.00020
	4.07 × 10−8
	9.30×10−5
	4.15 × 10−08
	0.40166



	Sundargarh
	0.00555
	3.08 × 10−5
	0.00303
	3.02 × 10−05
	0.44791



	Bamnidih
	0.00024
	5.56 × 10−8
	0.00012
	5.46 × 10−08
	0.58226



	Jondhara
	0.00668
	4.46 × 10−5
	0.00323
	4.48 × 10−05
	0.48917



	Kurubhata
	0.00222
	4.92 × 10−6
	0.00103
	4.72 × 10−06
	0.74650



	Basantpur
	0.01059
	0.00011
	0.00411
	0.00011
	0.32857



	Baronda
	0.00187
	3.49 × 10−6
	0.00073
	3.56 × 10−6
	0.25906



	Rajim
	0.00177
	3.14 × 10−6
	0.00079
	3.18 × 10−6
	0.37205



	Kantamal
	0.03386
	0.00115
	0.01481
	0.00116
	0.36473
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Table 7. Error statistics of single forecasting MAR model at each station.






Table 7. Error statistics of single forecasting MAR model at each station.





	MAR
	MAE
	VAR
	r
	MSE
	RMSE





	Training
	0.00640
	0.00023
	0.68010
	0.00023
	0.01516



	Testing
	0.00562
	0.00017
	0.55620
	0.00017
	0.01296



	Tikarapara
	0.01306
	0.00054
	0.62380
	0.00052
	0.02284



	Simga
	0.00395
	2.65×10−5
	0.49380
	2.99×10−5
	0.00547



	Andhiyarakhore
	0.00260
	1.20×10−5
	0.39130
	1.16×10−5
	0.00341



	Sundargarh
	0.00486
	4.91×10−5
	0.45670
	4.79×10−5
	0.00692



	Bamnidih
	0.00272
	1.53×10−5
	0.61440
	1.66×10−5
	0.00407



	Jondhara
	0.00458
	5.44×10−5
	0.63700
	5.36×10−5
	0.00732



	Kurubhata
	0.00228
	1.01×10−5
	0.74210
	9.80×10−6
	0.00313



	Basantpur
	0.00610
	0.00010
	0.62500
	0.00011
	0.01025



	Baronda
	0.00306
	1.75×10−5
	0.44590
	1.70×10−5
	0.00412



	Rajim
	0.00309
	1.64×10−5
	0.43390
	1.59×10−5
	0.00398



	Kantamal
	0.01652
	0.00111
	0.39780
	0.00108
	0.03292
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Table 8. Statistical performance evaluation of ANN-MOGA-51, AR, and MAR models along with all gauging stations in a testing phase.






Table 8. Statistical performance evaluation of ANN-MOGA-51, AR, and MAR models along with all gauging stations in a testing phase.





	
Models

	
ANN-MOGA-51

	
MAR

	
AR




	
Statistics

	
RMSE

	
r

	
RMSE

	
r

	
RMSE

	
r






	
Testing

	
0.01164

	
0.6433

	
0.01296

	
0.5562

	
0.01335

	
0.4967




	
Tikarapara

	
0.01991

	
0.7311

	
0.02284

	
0.6238

	
0.02576

	
0.5109




	
Simga

	
0.00342

	
0.5930

	
0.00547

	
0.4938

	
0.00185

	
0.1932




	
Andhiyarakhore

	
0.00332

	
0.4001

	
0.00341

	
0.3913

	
0.00020

	
0.4017




	
Sundargarh

	
0.00510

	
0.6350

	
0.00692

	
0.4567

	
0.00555

	
0.4479




	
Bamnidih

	
0.00577

	
0.6950

	
0.00407

	
0.6144

	
0.00024

	
0.5821




	
Jondhara

	
0.00550

	
0.7370

	
0.00732

	
0.6370

	
0.00668

	
0.4892




	
Kurubhata

	
0.00143

	
0.9140

	
0.00313

	
0.7421

	
0.00222

	
0.7465




	
Basantpur

	
0.01512

	
0.4781

	
0.01025

	
0.6250

	
0.01059

	
0.3286




	
Baronda

	
0.00238

	
0.4950

	
0.00412

	
0.4459

	
0.00187

	
0.2591




	
Rajim

	
0.00145

	
0.6690

	
0.00398

	
0.4339

	
0.00177

	
0.3721




	
Kantamal

	
0.02840

	
0.6595

	
0.03292

	
0.3978

	
0.03386

	
0.3647
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