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Abstract


The assessment of water quality assumes a position of utmost significance as it plays a critical role in upholding ecological balance and safeguarding the well-being of human populations. To achieve these goals, an in-depth consideration of water quality trends is essential, as it offers comprehension into the intricate interplay between various elements within aquatic ecosystems. As a consequence, the proposed work investigates the water quality trends specifically within the Valliyar sub-basin, which encompasses the geographical areas of Kattathurai, Colachal, Thuckalay, and Villukuri. The temporal scope of investigation spans from the year 2000 to 2018 using the dependent variable of water quality parameters with dependent variables of climate data. Recognizing the need for advanced methodologies to tackle the multifaceted nature of water quality dynamics, this research harnesses the power of pioneering machine learning techniques. Two notable approaches, the Radial Bias Function Neural Network (RBFNN) and the DenseNet-121-based Convolutional Neural Network (CNN), are brought into performance. The primary objective is to leverage these techniques to forecast water quality trends for the next twenty-two years. The effectiveness of various machine learning models in predicting water quality is evaluated using the following key performance metrics: the Mean-Square Error (MSE), Mean Absolute Percentage Error (MAPE) and Root-Mean-Square Error (RMSE). Notably, the DenseNet CNN model exhibits accurate prediction among the Artificial Neural Network (ANN), Support Vector Machine (SVM), and Deep Learning (DL) models. This research underscores the significance of machine learning techniques, with DenseNet CNN model emerging as a particularly promising tool in this domain.
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1. Introduction


The combination of declining groundwater levels and the growing demands of population, urbanization, and human activities has led to significant global impacts in the groundwater. Groundwater, a vital and renewable resource, is under the constant threat of depletion in India [1,2,3,4]. Influencing the delicate balance of ecosystems underscores the fact that the quality of water plays a vital role in maintaining the equilibrium within ecosystems. Even small changes in water quality lead to the disruption of the intricate balance between different species and natural processes. Recognizing potential groundwater areas is the initial phase in effectively harnessing both groundwater and surface water resources. This requires understanding the movement of groundwater, which is influenced by various factors within a particular region [5].



The chemistry of heavy metals in aquatic environments is deeply influenced by key physicochemical parameters such as pH, temperature, salinity, electric conductivity, Total Dissolved Solids (TDSs), and turbidity, which collectively shape their solubility, speciation, and toxicity levels [6,7]. When toxic heavy metals exceed acceptable thresholds, water becomes unfit for drinking, industrial use, and agriculture, posing risks to human health and ecosystem integrity [8]. However, other significant pollutants also affect groundwater, including Volatile Organic Compounds (VOCs) and Polycyclic Aromatic Hydrocarbons (PAHs), which stem from industrial processes and significantly compromise water quality. VOCs, including trichloroethylene and benzene [9], along with PAHs from the incomplete combustion of carbon associated fuels [10], contribute towards the contamination through industrial and atmospheric deposition. Also, other pollutants from industries such as pharmaceutical residues and endocrine disruption compounds further contaminate the groundwater. But, in the proposed research work, there is no industrial activity near the assessment area, and the contamination is mainly due to agricultural practices, such as pesticides and fertilizers. Due to these persistent biogeochemical effects, ecological impacts, and its non-biodegradable nature, there is an urgent need for environmental management and regulation [11].



The assessment of water quality relies significantly on both physicochemical and microbiological parameters. In the realm of physicochemical properties, numerous parameters come into play, including pH, Electrical Conductivity (EC), TDS, chloride levels, turbidity, phosphate content, hardness, nitrate concentrations, and more [12,13]. Evaluating the suitability of drinking water involves comparing these parameters to established standards, as delineated by the Environmental Protection Agency (EPA) and World Health Organization (WHO) [14,15]. These standards serve as crucial benchmarks for determining the acceptability and safety of drinking water quality.



The demand for robust, dependable, precise, and adaptable prediction models has surged in response to the growing recognition of groundwater pollution concerns and the heightened interest in water quality assessment [16]. These models are expected to offer a precise depiction of the mechanisms behind water quality deterioration [17]. To tackle this challenge, researchers have embraced the concept of modelling both surface and underground water quality utilizing soft computing tools, particularly machine learning models, due to their reputation for reliability and accuracy [18,19]. Nevertheless, these models have encountered difficulties in generalizing and effectively handling the intricate and highly nonlinear relationships among the various modelling parameters.



Table 1 summarizes the existing machine learning methods used for groundwater quality assessment, along with their advantages, disadvantages, and limitations.



Hence it is important to select an advanced machine learning method for groundwater quality assessment based on the problem’s requirements and constraints. As a consequence, the proposed work establishes two different classifiers, the RBFNN and the DenseNet-121-based CNN technique, for more precise classification. Addressing the research gaps of existing studies, improved outcomes are attained by the proposed classifiers. The contributions of the research includes



	
Assessment of long-term water quality trends in Valliyar sub-basin (2000–2018);



	
Introduction of advanced machine learning techniques for water quality assessment;



	
Forecasting of future water quality trends for next twenty-two years (2019–2040);



	
Evaluation of machine learning models using key performance metrics;



	
Identification of a highly effective model for water quality prediction;



	
Emphasis on the significance of machine learning in understanding and forecasting water quality patterns.







2. Study Area


The Valliyar sub-basin is located in the Kanniyakumari district of Tamil Nadu, India. This region is known for its diverse natural landscapes, rich biodiversity, and its importance in environmental studies. As part of the proposed work, specific areas within the Valliyar Sub-basin were studied: Kattathurai (  8 °   17   ′    30 ″    N   &   77 °  16 ′   30 ″  E  ), Colachal (  8 °   10   ′    40 ″    N   &   77 °  15 ′   45 ″  E  ), Thuckalay (  8 °   14   ′    30 ″    N   &   77 °  19 ′   30 ″  E  ), and Villukuri (  8 °   13   ′    30 ″    N   &   77 °  21 ′   30 ″  E  ). These areas play a pivotal role in the proposed research, likely due to their distinctive characteristics, ecological significance, or potential impact on the overall ecosystem of the Valliyar Sub-basin. The latitude and longitude coordinates provided are specific to each area and are crucial for accurately pinpointing their geographical locations on a map, as seen in Figure 1. Transversely, all areas have human impacts on the quality of groundwater, due to residential developments in Thuckalay, and Villukuri, agricultural practices in Kattathurai and to coastal dynamics in Colachal. Understanding and analysing these areas’ geographical features, environmental conditions, and dynamics of chemical and physiochemical variables were essential components of the research work.




3. Proposed System Description


The proposed research highlights the critical significance of assessing groundwater quality. It emphasizes that this evaluation is crucial for maintaining ecological balance and safeguarding human populations’ well-being. By elucidating the critical nature of groundwater quality assessment, this research improves its attention on a specific geographical domain—: the Valliyar sub-basin, encompassing distinctive locales such as Kattathurai, Colachal, Thuckalay, and Villukuri—using advanced machine learning strategies. The architecture illustrated in Figure 2 demonstrates the overview of the proposed work.



The initial stage involved data preparation, in which the proposed work utilized the dataset of Valliyar sub-basin of the year 2000–2018. The dataset consisted of both dependent and independent parameters. The dependent parameters included physicochemical parameters such as potential Hydrogen (pH), Electrical Conductivity (EC), Total Hardness (TH) and Total Dissolved Solids (TDSs), followed by chemical parameters such as Sodium (Na), Potassium (K), Sulphate (SO4), Calcium (Ca), Chloride (Cl), Magnesium (Mg) and Nitrate (NO3). These parameters were collectively utilized to indicate the quality and composition of water, while year, temperature, relative humidity, wind speed, pan evaporation and rainfall were the independent parameters. These variables were crucial as they influenced the water quality parameters under investigation. The dataset underwent a pre-processing stage, which focused on enhancing data quality by addressing missing values. Non-values or gaps within the dataset were systematically eliminated, ensuring that the dataset used for subsequent analyses was consistent, reliable, and free from incomplete or unreliable data points. After pre-processing, the Genetic Algorithm–Grey Wolf Optimization (GA-GWO) algorithm was employed for feature selection. All relevant independent variables were retained through this process, thus refining the dataset for accurate analysis. After selection of features, the classification stage was proceeded with using the RBFNN and DenseNet-121 CNN to predict relationships between independent and dependent variables. The effectiveness of a learning model was established through assessing its performance using MATLAB version-R2021aby various execution measures with diverse evaluation metrics including MSE, RMSE and MAPE, which were analysed individually for each area. Furthermore, the proposed work foreshows the future concentrations of crucial minerals over the year 2019–2040.




4. Modelling of Proposed System


4.1. Data Preparation and Preprocessing


Data preparation is the fundamental initial step in any data analysis. In the proposed research, on forecasting groundwater quality trends, this process involved systematically preparing the raw data for meaningful analysis. This entailed collecting data from the Valliyar sub-basin that provide information on water quality parameters such as pH, EC, TH, TDS, Na, K, SO4, Ca, Cl, Mg and NO3 as well as factors like temperature, humidity, wind speed, evaporation and rainfall from the years 2000–2018. Collecting the data from the Tamil Nadu Public Works Department, often dispersed across various sources, into a consolidated dataset is vital to ensure comprehensive coverage. Additionally, organizing the data into a structured format, typically a tabular arrangement with rows representing observations and columns representing different parameters facilitated subsequent analysis. Through diligent data preparation, the basis for deriving significant insights into the groundwater quality trends within the Valliyar sub-basin over the specified time period was accomplished.



Data pre-processing, the subsequent step after data preparation, is a critical phase that focuses on refining the prepared dataset to ensure its suitability for analysis and modelling. In the context of this research on forecasting groundwater quality trends, data pre-processing involved a series of strategic actions. These encompass addressing outliers and anomalies within both dependent and independent parameters. By identifying extreme values and either transforming or removing them, the dataset was made more robust against excessive influence from outliers.



After pre-processing, the extraction of optimal features from dataset was performed in this research, utilizing a hybrid algorithm combining GA and GWO.




4.2. Feature Selection by GA-GWO


After preparation of data, we created an initial population of feature subsets using binary encoding, where each bit represents the selection status of a feature (0: not selected, 1: selected). The size of the population and the length of each binary string correspond to the number of features in the dataset. Subsequently, we defined a fitness function that quantifies the quality of each feature subset. This function evaluates the performance of a machine learning model using selected features.



Then, we applied Genetic Algorithm operations to evolve the population:



Selection: choose parent feature subsets based on their fitness values.



Crossover: create offspring subsets through crossover operations, combining features from parent subsets.



Mutation: introduce random mutations to maintain diversity.



Replacement: replace less fit parent subsets with better-performing offspring to form the next generation.



Consequently, we incorporated GWO to further refine the feature selections, by converting the fittest feature subsets from GA phase into initial solutions (wolves) for GWO. We updated the positions of (  ω   wolves) around   α ,   β ,   o r   δ   using GWO equations, simulating cooperative hunting behaviour to enhance feature selections.



The encircling operation of   α ,   β ,   a n d   δ   wolves is given by given by       D   a    →  ,     D   β    →    and       D   δ    →   , coefficient vectors as       C   1    →  ,     C   2    →    and       C   3    →   , and the updated position is denoted as     X  →   :


         D   a    →  =       C   1    →  .     X   α    →  −   X  →            D   β    →  =       C   2    →  .     X   β    →  −   X  →            D   δ    →  =       C   3    →  .     X   δ    →  −   X  →        



(1)






         X   1    →  =     X   α    →  −     A   1    →  .       D   α    →            X   2    →  =     X   β    →  −     A   2    →  .       D   β    →            X   3    →  =     X   δ    →  −     A   3    →  .       D   δ    →        



(2)




where         A   1    →  ,     A   2    →    and       A   3    →    denotes co-efficient vectors.


    X  →  ( i + 1 ) =       X   1    →  +     X   2    →  +     X   3    →    3    



(3)







From the above equation, the updated position of     α ,   β ,   a n d   δ   is indicated as       X   1    →  ,       X   2    →    and       X   3    →   .



Iterative optimization was performed in alternate between the GA and GWO phases, as seen in Figure 3, enabling them to collaboratively optimize the feature subsets. GA explored a wide search space, while GWO fine-tuned selections based on fitness values.



Finally, convergence was monitored to identify when the optimization process stabilized. When the predefined termination criteria were met, the process was stopped. Alternatively, if the criteria were not satisfied, the fitness evaluation was repeated, and the subsequent iteration was executed. The input parameters of the GA-GWO approach were given by population size set to 100, allowing a maximum iteration of 50, crossover probability of 0.7 and mutation probability at 0.1. This ensured moderate chance of random variations in selecting optimal features. As a result, features such as year, temperature, relative humidity, wind speed, and pan evaporation were extracted. The final stage of the process was classification, in which the proposed work utilized two distinct classification strategies, which were proceeded as follows.




4.3. Classification by RBFNN


The RBFNN, a type of feed-forward neural network with a single hidden layer, was built upon the kernel method concept. RBF employs radial basis functions as feature maps, which are real-valued functions determined solely by the distances between input vectors and a fixed vector. This model is well suited for the task of regression that involves complex non-linear relationships, and commonly environmental data. In the proposed work, its response to localized input features makes it sensitive to changes in variables for analysing water quality. An example is the Gaussian function     φ   C , σ     x   = e x p   −     x − c     2   / 2   σ   2      , with   c   as a fixed vector and   σ   as a free parameter. Interestingly, the RBF network design shows that varying radial basis functions in the hidden layer has minimal impact on performance, allowing focus on Gaussian functions. These functions are widely preferred due to their effectiveness, serving as prominent feature maps in this context. The specification of RBFNN is listed in Table 2.



The RBF network structure is illustrated in Figure 4. Inputs are n-dimensional real vectors   ( x = (   x   1   ,   .   .   .   ,     x   n   ) ) .   In the hidden layer, each   y i = (   φ     c   i   , σ   ( x ) )   is calculated using a Gaussian function     φ     c   i   , σ     determined by parameters   c   and   σ  . In the end, output is expressed as a linear representation   z =   ∑  i      y   i     w   i       with weights     w   1   … ,   w   M    . To introduce further flexibility, a bias   b   is incorporated, modifying the output to     b +   ∑  i      y   i     w   i      .



Training an RBF network involves two main steps. Initially, we parameterized the Gaussian functions, and specified centres     (   c   i   )   and width     ( σ )  .



Centres can be training samples or, more effectively, can be identified using the K-means algorithm. Here, the number of weights can be notably fewer than training samples. The second step encompasses weight determination through solving a least-square problem.



For instance, consider a binary classification scenario in which there are   M =   2   m     training samples;   t   is a discrete value, and     R   n     suggests   M   data points in the   n  -dimensional space:


        x   ( t )   ,   t   ( t )     ∈   R   n   ×   1 , − 1   : t = 1,2 , … , M    



(4)







When the centres correspond to the training samples, the feature mapping is established as follows.



  f :   R   n   →   R   M     is the network’s ability to map input data in the n-dimensional space to output data in the M-dimensional space, and it is learned during the training of the network to perform classification.


  x ↦     e   −       x −   x   ( 1 )       2     2   σ   2       , … ,   e   −       x −   x   ( M )       2     2   σ   2          



(5)







On choosing     σ =   m a x   r , s       x   ( r )   −   x   ( s )     /  2 M   , the weights are obtained by solving the least-square problem:


      min   w ∈   R   M      ⁡    L  ~    w   =   ∑  t = 1   M        f     x     t       . w −   r   ( t )       2          



(6)







From Equation (6),   w ∈   R   M     denotes the weight vector of the dimension     M  ,     L  ~    w     loss function, which is as close as possible to the actual target values     r   ( t )    .



The training process required to solve the aforementioned least-square problem consumes a significant amount of time when executed on a classical computer. To mitigate this issue, the recursive least-square method is frequently employed. This approach serves to alleviate the computational burden associated with calculating matrix inversion. In the classification phase, we fed the pertinent data (features) into the pre-trained RBFNN. We computed the activation for each hidden layer neuron using Gaussian functions, considering input data and corresponding centres. We computed the weighted sum of hidden layer outputs using established weights. Finally, we employed suitable activation function (like linear activation) to derive the ultimate output. The resulting output signified the anticipated groundwater quality trend or pertinent classification outcome. Subsequently, we measured the precision of RBFNN’s forecasts by employing performance metrics, including MSE, MAPE, and RMSE.




4.4. Classification by DenseNet-121-Based CNN


The DenseNet-121 model is a CNN-based architecture designed for classification tasks. The proposed DenseNet-121model encompasses four main layers, illustrated in Figure 5. In the proposed work, it was designed to be particularly effective for handling high-dimensional and complex datasets, such as those encountered in water quality monitoring. In the CNN model, the process begins with an input data which undergoes filter application to generate a feature map. The     l   t h     layer produces feature maps like     x   0   ,   …   ,   x   l − 1     from subsequent layers, as elaborated in Equation (7):


    X   l   =   H   l         X   0   ,   X   1   , … ,   X   l − 1        



(7)







From above expression, the concatenated set of feature maps is represented as       X   0   ,   X   1   , … ,   X   l − 1       which emerges from the layers spanning from     0   t o   l − 1  . To enhance non-linearity, an activation function like Rectified Linear Unit (ReLU) is employed at pooling layer during feature map input. The function     H   l     generates mapping features at     k   t h     level, subsequently followed by the     l   t h     layer, which is assessed using Equation (8).


    H   l   =   K   0   + K × ( L − 1 )  



(8)







In Equation (8),     K   0     represents the total input layer channels, and the   K   hyperparameter influences the network’s growth rate. Each layer integrates   K   feature maps with distinct states. Neuron weights are computed through dot products, while input data computations consider the volume relationship.



A summary of layers comprising the DenseNet-121 Model is listed in Table 3. It outlines the proposed model, which began with a   7 × 7   convolutional layer accompanying a max pooling layer to minimize the size of input. The interconnection of dense block   1 × 1   and   3 × 3   reduced the dimensionality size of the data. The final global average and softmax layer generated the classified output.



Verification of neuron activation correctness relies on ReLU layers. The input layer is initialized with random weights denoted as     w   0   ,   w   1   ,   w   2   , … ,   w   n    , yielding resultant features. Here,   n   ∈   W  , where   W   signifies set of integers.The output values obtained are used to train weights across transition layers. ReLU maintains input data, while pooling layer reduces feature noise. Higher-level features are determined from Fully Connected (FC) layer outputs. Dense Net 121, part of deep CNN model, comprises 5 convolutional layers and 13 weight layers. It encompasses 4 FC layers and 2 Dense Net layers. Dropout regularization in the FC layer with an activation function is conducted. Activation functions are fed to convolutional layers, as expressed in Equation (9).


    g   i   L   =   b   i   L   +   ∑  − 1     m   1   ( L − 1 )      ψ   i , j   L   ×   h   j   L − 1      



(9)







In Equation (9),     g   i   L     signifies the output layer denoted as     L  ,     b   i   L     represents the base value, and     ψ   i , j   L     is referred to as the filter connection associated with feature map, considering     i   t h     level feature maps and     j   level features.     h   j     signifies output layer containing   L − 1   features. The model’s capability to eliminate unnecessary features effectively addresses the issue of overfitting.


    m   1   L   =   m   1   L − 1    



(10)






    m   2   L   =     m   2   L − 1   − F ( L )       S   L     + 1  



(11)






    m   3   L   =     m   3   L − 1   − F ( L )       S   L     + 1  



(12)







Equations (10)–(12) possess the capability to construct feature maps through a transverse slice filter approach, effectively eliminating irrelevant features and mitigating overfitting challenges. In Equations (11) and (12),     S   L     represents the parameters of a neural network, altering data transformations denoted as     m   1   L   ,     m   2   L   ,   m   3   L     acquired from the filter. Additional layers, ReLU and FC, are depicted as presented in Equations (13) and (14):


    R e   i   l   =   max  ⁡    h ,   h   i   l − 1        



(13)






    F C   i   L   = f     z   i   l       w i t h     z   i   l   =   ∑  j − 1     m   1   ( l − 1 )        ∑  s − 1     m   2   ( l − 1 )        ∑  s − 1     m   3   ( l − 1 )        w   i , j , r , s   l     (   F C   i   l − 1   )   r , s          



(14)




where     R e   i   l     signifies the ReLU layer, the output layer is denoted as   h  , and     F C   i   L     represents the FC layer, followed by convolutional layers that evaluate activation. DenseNet is applied for feature reuse, a key concept enhancing compact versions. Feature propagation’s intensity has led to a reduced parameter count, thereby accelerating model enhancement. DenseNet exhibits seamless interconnectivity between layers, facilitating direct connections among them. The DenseNet-121 architecture leverages pre-trained weights, emphasizing dense connections in the feed-forward network. Consequently, the DenseNet model outperforms alternative network architectures. The DenseNet-121 CNN model, with its dense connections and feature reuse, revolutionizes water quality assessment. Its compact design and pre-trained weights sustain its prediction, while the RMSE, MSE, and MAPE metrics validate its precision.





5. Results and Discussion


In the context of the proposed work, the model’s validation was based on RMSE, MSE and MAPE. The prediction was performed using classifiers such as RBFNN and the DenseNet 121-based CNN model and the outcomes were contrasted with other existing classification topologies. MSE and RMSE quantified the squared differences between the predicted and actual values, providing significance into model reliability. By dealing with larger errors, it ensured accurate predictions for the effective management of water quality. Also, these metrics were simple, with the same units as the predicted variable, making it straightforward for prediction errors. Additionally, the monitoring of MSE and RMSE resulted in enhanced predictive performance in predicting the quality of groundwater. Table 4 illustrates the parameters involved in the work, including both dependent and independent variables. A lot of research has elucidated that temperature, evaporation, and rainfall all impact groundwater quality. However, in the proposed improvements, temperature, wind speed, humidity, and pan evaporation—all of which are positively correlated with evaporation and soil temperature—have an impact on the quality of groundwater.



Based on the dependent and independent variable, error performance measures were evaluated for the areas Kattathurai, Colachal, Thuckalay, and Villukuri of Valliyar Sub-basin. The correlation matrix for all four areas are depicted in Figure 6, Figure 7, Figure 8 and Figure 9. The figures define var1-pH, var2-EC, var3-Na, var4-K, var5-SO4, var6-TH, var7-Ca, var8-Cl, var9-Mg, var10-NO3, and var11-TDS. Similarly, var12-var17 specifies the independent variable in the order year, temperature, relative humidity, wind speed, pan evaporation and rainfall.



The correlation results between dependent and independent variables in Kattathurai are displayed in Figure 6. This correlation matrix mainly provides insights about the relationships between the water quality parameters (var1 to var11) and the independent variables (var12 to var17). Strong correlations (above +0.75) suggest that the related variables have a very significant linear relationship. In the context of water quality parameters, strong correlations indicate direct chemical relationships influencing these parameters. Moderate correlations (0.50–0.75) suggest a substantial but less overwhelming relationship than strong correlations. This reflects a significant but not exclusive linkage between the parameters. Weak correlations (0.30–0.50) suggest a mild relationship, which is not as compelling as moderate or strong correlations. Here, var6 (TH) has strong correlations with var7 (Ca), which reaffirms the fact that calcium is a major contributor to water hardness. Similarly, var11 (Solids, TDS) is also observed to have a strong correlation with var2 (EC) and var8 (Cl). Moreover, EC also has strong positive correlations with Cl, reinforcing the concept that ions are principal contributors to the conductivity of the water.



The correlation results between dependent and independent variables in Colachal are visually presented in Figure 7. The correlation matrix for Colachal reveals insightful relationships between various water quality parameters and climatic factors. Notably, pH is negatively correlated with most of the components, suggesting that water acidity has an inverse relationship with these substances. EC exhibits strong positive correlations with a multitude of dissolved ions such as Na, TH, Ca, Cl, Mg, Nitrate, and TDS. These strong relationships underscore EC as a key indicator of ionic activity in water. Sodium’s strong positive correlation with K, Sulphate, Cl, Mg, and TDS suggest similar behaviours of these ions in the aquatic system. Additionally, strong correlations between sulphate, TH, Ca, and Cl point to the presence of sulphate minerals that significantly influence the water’s physicochemical properties. The correlation of TH with several ions, as well as an apparent increase over time as suggested by its correlation with the year, highlights its role in water quality dynamics. Ca and Mg, essential for determining water hardness, showed strong correlations with Cl, Nitrate, and TDS, indicating their significant contributions to the mineral content of water. Chloride’s correlation with environmental factors such as Year, Temperature, and Relative Humidity implies its fluctuation with climatic conditions, affecting water salinity. Magnesium and Nitrate are not only intertwined with each other but also show a combined influence on TDS levels. Intriguingly, TDSs correlate strongly with temporal and environmental variables, hinting at the substantial impact of climatic changes on dissolved solids in water. Year, Temperature, Relative Humidity, and Pan Evaporation interrelate strongly, suggesting that these environmental measures are closely linked, reflecting broader climatic trends. Contrastingly, Rainfall does not exhibit a significant linear relationship with any of the studied parameters.



The correlations between dependent and independent variables in Thuckalay are graphically represented in Figure 8. The negative correlations observed with several variables suggest that an increase in pH is associated with a decrease in certain groundwater quality parameters, and vice versa. The strong negative correlation, particularly with variables that include ionic substances, indicates their solubility is affected by pH changes. EC stands out with strong positive correlations across a spectrum of ions, highlighting its utility as an indicator of the ionic content in groundwater. Sodium and potassium also share positive relationships with other ions, pointing to their significance in the groundwater’s overall ionic balance. TH correlates strongly with the presence of calcium and magnesium, affirming their roles in contributing to water hardness. These relationships are essential in understanding the mineral composition of groundwater and its overall quality. Furthermore, TDS exhibits positive correlations with numerous ions, reflecting the combined effect of various substances dissolved in the water. The independent variables, representing environmental influences like temperature and rainfall, show varied correlation strengths with the physicochemical properties, indicating that factors like climate play a differentiated role in determining groundwater quality. For instance, the lesser correlation with rainfall point is due to dilution effects or the introduction of new substances through precipitation.



The correlation matrix for the area Villukuri with dependent and independent variables is presented in Figure 9, revealing intricate relationships within the dataset. In Villukuri, the correlation matrix reveals a distinct pattern of strong positive correlations among various ionic constituents and key groundwater quality indicators such as EC and TDS, signifying that these ions are significant contributors to the overall mineral content of the groundwater. High negative correlations with pH suggest an inverse relationship with certain ionic concentrations. Notably, the matrix shows varying degrees of correlations between groundwater quality parameters and environmental factors, indicating the influence of external conditions on groundwater characteristics.



Each of these areas has distinct geographical characteristics, with Kattathurai as agricultural land, Colachal as a coastal area, and Thuckalay and Villukuri as residential areas. In the case of Kattathurai, the strong correlation between TH and Ca [28] indicates that agricultural activities, which often involve the use of calcium-containing compounds, significantly impact water hardness. The strong correlation between TDS and EC, along with Cl, suggests that agricultural runoff, which is rich in soluble salts, influences the water quality [29,30]. Weak to moderate correlations between independent variables like temperature, relative humidity, and wind speed with water quality parameters imply that while climatic factors do influence water quality, their impact is overshadowed by agricultural practices [31]. In case of Colachal, the strong positive correlation of EC with various ions (Na, TH, Ca, Cl, Mg, and     N O   3    ) reflects the significant influence of seawater intrusion and salinity on water quality, a common issue in coastal areas [32]. The negative correlation of pH with most components suggests that the water tends to become more acidic as the ionic concentration increases, possibly due to the dissolution of     C O   2     in seawater [33]. Strong correlations between the year and several parameters, including EC, indicate that water quality is undergoing changes over time, due to increased coastal activities, urbanization, and climatic changes affecting salinity [34]. In the case of Thuckalay, the strong negative correlations observed with pH and several variables indicate that domestic wastewater discharge, which is acidic, significantly impacts groundwater quality [35]. EC’s strong positive correlations across a spectrum of ions highlight the influence of domestic sewage, which contributes various ions to groundwater. The correlation between the year and parameters such as EC suggests a worsening trend in water quality over time, mainly due to increased residential density and insufficient wastewater management practices [36]. Similar to Thuckalay, strong negative correlations with pH and positive correlations with EC and various ions suggest the impact of urban runoff and domestic wastewater on water quality in Villukuri [37,38]. The consistent pattern across residential areas highlights the need for better wastewater treatment and urban planning to mitigate these impacts. The weak correlations between climatic factors and water quality parameters indicate that, although climate plays a role [39,40], the primary drivers of water quality changes in Villukuri are related to urbanization and residential activities [41,42].



Across all areas, the findings underscore the significant impact of human activities—agricultural practices in Kattathurai, coastal dynamics in Colachal and the residential developments in Thuckalay, and Villukuri—on groundwater quality. Climatic factors, while influential, play a secondary role to these anthropogenic factors. This analysis highlights the critical need for integrated water quality management strategies that consider both human and climatic influences to safeguard groundwater resources in these diverse geographical settings.



5.1. Mean-Square Error Measures


The analysis of MSE for physiochemical variables (such as pH, EC, Na, SO4, TH, Ca, Cl, Mg, NO3, and TDS) in different areas (Kattathurai, Colachal, Thuckalay, and Villukuri) of Valliyar Sub-basin with factors including year, temperature, humidity, wind speed, evaporation and rainfall using RBFNN and DenseNet-121 CNN is illustrated in Figure 10. The discussion shows that pH attains the lowest MSE, which is a measure of acidity or alkalinity of a solution that is commonly used to indicate water quality. The pH attained using RBFNN for Kattathurai was 0.0039, 0.0053 for Colachal, 0.0055 for Thuckalay and 0.0052 for Villukuri. However, on comparison, improved results were attained using the DenseNet-121 CNN classifier, where the MSE of pH for Kattathurai was 0.0019, and was 0.0022 for Colachal, 0.0019 for Thuckalay and 0.0018 for Villukuri. The analysis demonstrates that both classifiers provide improved results in predicting pH compared to the original data. The DenseNet-121 CNN classifier appeared to perform better in terms of lower MSE values for all areas compared to the RBFNN classifier. Among all the cases, Kattathurai appears to have the lowest MSE values for both classifiers, indicating that the predictions for pH.




5.2. Root-Mean-Square Error Measures


Figure 11 show cases comparative study involving the RBFNN and DenseNet-121 CNN to predict groundwater quality within the Valliyar sub-basin. The evaluation was based on the RMSE, which measured the water quality predictions. The analysis placed emphasis on variables including pH, EC, Na, SO4, TH, Ca, Cl, Mg, NO3, and TDS, with independent factors such as year, rainfall, temperature, humidity, wind speed, temperature and evaporation, with the RBFNN and DenseNet-121 CNN classifiers leading to a reduction in RMSE. In particular, pH shows reduced error performance, which signifies the acidity or alkalinity of a solution. A reduction in RMSE was observed for pH predictions; notably, for the specific location of Kattathurai, the RBFNN classifier yielded an RMSE of 0.0627, while for Colachal, the value was 0.0727. Similarly, for Thuckalay, the RBFNN classifier resulted in an RMSE of 0.0745, and for Villukuri, the value stood at 0.0718. However, upon comparison, it became evident that the DenseNet-121 CNN classifier exhibited improved outcomes. For Kattathurai, the RMSE dropped to 0.0437, and for Colachal, it decreased to 0.0465. Likewise, Thuckalay showcased an improved RMSE of 0.0437, and Villukuri demonstrated a closely related improvement, with an RMSE of 0.0426. This comparison highlights the enhanced performance of the DenseNet-121 CNN classifier in predicting pH values across all observed areas. The shift towards lower RMSE values signifies the superior ability of the DenseNet-121 CNN model to capture complex relationships within the data, leading to more accurate and reliable pH predictions.




5.3. Mean Absolute Percentage Error Measure


In the context of the Valliyar Sub-basin, the MAPE was evaluated with independent measures for various regions, namely, Kattathurai, Colachal, Thuckalay, and Villukuri. The assessment depicted in Figure 12 utilized the RBFNN and DenseNet-121 CNN to measure the performance of these classifiers in predicting physiochemical variables. Upon examining the MAPE values for all the observed variables, it is evident that pH predictions benefit from both the RBFNN and DenseNet-121 CNN classifiers, resulting in reduced MAPE values. Specifically, for the area of Kattathurai, the RBFNN classifier yields a MAPE of 0.0123. Similarly, for Colachal, it is 0.0172, for Thuckalay, it is 0.0163, and for Villukuri, the value stands at 0.0146. However, when making a comparative analysis, it becomes apparent that the DenseNet-121 CNN classifier offers improved outcomes. For instance, in case of Kattathurai, the MAPE drops to 0.0079. Similarly, for Colachal, it reduces to 0.0092, for Thuckalay, it improves to 0.0079, and for Villukuri, it reaches 0.0077. The consistent reduction in MAPE values signifies the enhanced capability of the DenseNet-121 CNN model to capture intricate relationships within the data, ultimately resulting in more precise and reliable pH predictions.



A comparative analysis was performed in terms of MSE for various parameters, including pH, EC, Ca, Na, K, Cl, TH, and SO4, using machine learning techniques such as ANN [43], SVM [43], DL [43], RBFNN [44] and DenseNet-121 CNN [45], as seen in Figure 13. The findings indicate that the RBFNN and DenseNet-121 CNN techniques yielded the most significant reduction in error. Specifically, when utilizing the RBFNN technique, a pH error of 0.0055 is achieved, and for EC, Ca, Na, K, Cl, TH, and SO4, the values attained are 219.3000, 0.2344, 33.2100, 0.4480, 11.7200, and 33.2140, respectively. In contrast, the DenseNet-121 CNN technique outperformed the other classifiers, resulting in a reduced pH error of 0.0024, an EC error of 0.7210, a Ca error of 3.6400, a Na error of 2.0100, a K error of 0.7800, a Cl error of 20.7700, a TH error of 6.9800, and a SO4 error of 0.7802. It is noteworthy that the DenseNet-121 CNN model achieved the lowest error value for pH, demonstrating its superior performance in the analysis of water quality assessment.



A comprehensive assessment for RMSE was conducted for a range of parameters, including pH, EC, Ca, Na, K, Cl, TH, and SO4, as shown in Figure 14. The performance evaluation was carried out among various machine learning techniques, specifically the ANN, SVM, DL, RBFNN and DenseNet-121 CNN. The findings consistently pointed to the RBFNN and DenseNet-121 CNN techniques as standout performers in terms of error reduction. While employing the RBFNN technique, an RMSE of 0.0741 for pH was achieved. Additionally, for EC, Ca, Na, K, Cl, TH, and SO4, the RMSE values were calculated at 4.3500, 1.5430, 0.4842, 1.5490, 6.6990, 3.4230, and 5.7632, respectively. In comparison, the DenseNet-121 CNN technique exhibited superior performance, resulting in an RMSE of 0.0487 for pH. Furthermore, the RMSE values obtained for EC, Ca, Na, K, Cl, TH, and SO4 were 0.8490, 1.9100, 1.9100, 1.4181, 4.5570, 8.3560, and 0.8833, respectively. From the analysis it is worth emphasizing that the DenseNet-121 CNN model steadily outperformed the other classifiers by achieving the lowest RMSE value for pH.



A comprehensive analysis was performed using machine learning methods, which included the ANN, SVM, DL, RBFNN and DenseNet-121 CNN. This analysis focused on evaluating the MAPE for various parameters, such as pH, EC, Ca, Na, K, Cl, TH, and SO4, as seen in Figure 15. On analysis, it was revealed that both the RBFNN and DenseNet-121 CNN techniques constantly outperformed the other approaches by delivering highly accurate results with minimal error. For the RBFNN method, a pH error value of 0.0173 was obtained. In addition, for EC, Ca, Na, K, Cl, TH, and SO4, the MAPE values were 47.6200, 0.3022, 0.5860, 0.3510, 0.6410, 1.4650, and 1.2030, respectively. Specifically, a remarkable reduction in MAPE was accomplished by the DenseNet-121 Model, resulting in a pH error of just 0.0099. Furthermore, the MAPE values for EC, Ca, Na, K, Cl, TH, and SO4 were notably low at 0.1136, 0.2380, 0.2930, 0.3480, 0.8736, 1.4432, and 0.1868, respectively. Hence, it is concluded that the DenseNet-121 CNN model consistently outperformed the other classifiers, demonstrating its exceptional accuracy and reliability in the field of water quality assessment.



The analysis involved assessing the accuracy of predictions for several parameters, for the years spanning from 2019 to 2040. The predictions, using the RBFNN technique and the corresponding results obtained, are visually presented in Figure 16. One notable trend observed in the data was a consistent and linear increase in pH values from the year 2019 to 2040. This means that there is a clear and steady rise in pH levels over this time period. However, for the other parameters, the situation was more complex. These parameters exhibited a combination of rising and falling trends in their values over the same period. These fluctuations suggest that factors influencing these parameters have varying impacts across different years, leading to periodic increases and decreases in their predicted values. Similarly, as shown in Figure 17, the predictions were performed using the DenseNet-121 CNN technique. From 2019 to 2040, the pH values exhibited a clear and linear increase. This indicates that the DenseNet-121 CNN classifier results in steady and continuous rise in pH levels over this extended time frame. In contrast, the behaviours of other parameters are more intricate and dynamic. The fluctuations imply that the factors influencing these parameters exert varying impacts from year to year, resulting in periodic increases and decreases in their predicted values. It is significant that on comparison, the DenseNet-121 CNN method consistently outperformed the RBFNN approach. This underscores the effectiveness of the DenseNet-121 CNN technique in capturing and predicting complex patterns in water quality data over the years.





6. Conclusions


In this research work, the predictive analysis of Valliyar Basin’s water quality for the years 2019–2040, with two prominent machine learning models, the RBFNN and DenseNet-121 CNN, was proposed. The variable “Year “acted as a chronological marker, highlighting the long-term trends affecting water parameters. The independent variable significantly impacted the chemical reactions in water, with temperature variations for instance, with mineral solubility and changes in patterns of rainfall influencing the dilution and concentration of the water. The key findings of the research demonstrate that the predictive accuracy of RBFNN is dominated by the DenseNet-121 CNN model’s ability to capture the intricate relations in data. The DenseNet-121 CNN not only generates more accurate forecasts of dependent variable concentrations but also excels in identifying delicate shifts in trends over the years. The pH values obtained through the utilization of the DenseNet-121 CNN model, measured in terms of MSE, showcase remarkable performance across the geographical areas of Kattathurai, Colachal, Thuckalay, and Villukuri, registering values of 0.0019, 0.0022, 0.0019, and 0.0018, respectively. Similarly, the RMSE metrics revealed corresponding values of 0.0437 for Kattathurai, 0.0465 for Colachal, 0.0437 for Thuckalay, and 0.0426 for Villukuri. Moreover, the MAPE values further reinforce the precision of these predictions, demonstrating outstanding results with values of 0.0079 for Kattathurai, 0.0092 for Colachal, 0.0079 for Thuckalay, and 0.0077 for Villukuri. The defined water quality assessment technique not only enabled sustainable water management, but also offered information for decision-makers. Future research focusing on incorporating more diverse environmental parameters and exploring the integration of an advanced technique to enhance the model’s predictive accuracy further. More details of table data can be found in Supplementary Materials.
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Abbreviations and Symbols










	Abbreviations
	Definition
	Symbols
	Definition



	RBFNN
	Radial Bias Function Neural Network
	   α ,   β , δ   
	Top three leading wolves



	CNN
	Convolutional Neural Network
	   ω   
	Remaining wolves in pack



	MSE
	Mean-Square Error
	       D   a    →  ,     D   β    →  ,     D   δ    →    
	Distance vector of   α ,   β ,   a n d   δ  



	RMSE
	Root-Mean-Square Error
	       X   1    →  ,       X   2    →  ,     X   3    →    
	Updated Positions of   α ,   β ,   a n d   δ  



	MAPE
	Mean Absolute Percentage Error
	       A   1    →  ,     A   2    →    ,     A   3    →    
	Co-efficient Vectors



	ANN
	Artificial Neural Network
	     X  →  ( i + 1 )   
	Next position of wolf being updated



	SVM
	Support Vector Machine
	   c   
	Fixed vector



	DL
	Deep Learning
	   σ   
	Width



	VOCs
	Volatile Organic Compounds
	     φ     c   i   , σ     
	Gaussian Function



	PAHs
	Polycyclic Aromatic Hydrocarbons
	     w   i     
	Weights



	pH
	Potential Hydrogen
	   t   
	Discrete value



	EC
	Electrical Conductivity
	     r   ( t )     
	Actual target value



	TDS
	Total Dissolved Solids
	     L  ~    w     
	Loss Function



	EPA
	Environmental Protection Agency
	       X   0   ,   X   1   , … ,   X   l − 1       
	Concatenated set of feature maps



	WHO
	World Health Organization
	     K   0     
	Total input layer channels



	KNN
	K-Nearest Neighbours
	     g   i   L     
	Output layer



	PCA
	Principal Component Analysis
	     b   i   L     
	Base value



	TH
	Total Hardness
	     ψ   i , j   L     
	Filter connection with feature map



	Na
	Sodium
	     h   j     
	Output layer with   L − 1   features



	K
	Potassium
	     S   L     
	Neural network parameter



	SO4
	Sulphate
	     m   1   L   ,     m   2   L   ,   m   3   L     
	Altering data transformations



	Ca
	Calcium
	     R e   i   l     
	RELU layer



	Cl
	Chloride
	   h   
	Output Layer



	Mg
	Magnesium
	     F C   i   L     
	FC layer



	NO3
	Nitrate
	   w ∈   R   M     
	Weight vector of dimension   M  



	GA
	Genetic Algorithm
	   M =   2   m     
	Training Samples



	GWO
	Grey Wolf Optimization
	
	



	FC
	Fully Connected
	
	



	ReLU
	Rectified Linear Unit
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Figure 1. Study areas of Valliyar sub-basins. 
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Figure 2. Architecture of proposed system. 
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Figure 3. Flowchart for GA-GWO-based feature selection. 
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Figure 4. Architecture of RBFNN [26]. 
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Figure 5. Weighted DenseNet-121 CNN model [27]. 
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Figure 6. Correlation matrix for Kattathurai. 
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Figure 7. Correlation matrix for Colachal. 
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Figure 8. Correlation matrix for Thuckalay. 
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Figure 9. Correlation matrix for Villukuri. 
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Figure 10. MSE comparison. 
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Figure 11. RMSE comparison. 
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Figure 12. MAPE comparison. 






Figure 12. MAPE comparison.



[image: Water 16 01531 g012]







[image: Water 16 01531 g013a][image: Water 16 01531 g013b] 





Figure 13. Comparison of MSE with machine learning techniques. 
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Figure 14. Comparison of RMSE with machine learning techniques. 
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Figure 15. Comparative analysis of MAPE with machine learning techniques. 
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Figure 16. Prediction using RBFNN technique. 
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Figure 17. Prediction using DenseNet-121 CNN technique. 
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Table 1. Existing classification techniques.






Table 1. Existing classification techniques.





	Classification Technique
	Merits
	Demerits
	Limitations





	Support Vector Machines (SVM) [20]
	Effective in high-dimensional spaces.
	May not perform well with very large datasets.
	Sensitive to the choice of kernel and parameters.



	Artificial Neural Networks (ANN) [21]
	Complex model with nonlinear relationships.
	Computationally expensive for deep networks.
	Requires large amounts of labelled data—risk of over fitting.



	Random Forest [22]
	Good for handling high-dimensional data.
	Over fitting occurs when used with noisy data.
	Interpretability is limited for complex models.



	Decision Trees [23]
	Easy to understand and interpret.
	Prone to over fitting.
	Single decision trees may not capture complex relationships.



	K-Nearest Neighbours (KNN) [24]
	Simple and easy to implement.
	Sensitive to the choice of distance metric.
	Computationally expensive for large datasets.



	Principal Component Analysis (PCA) [25]
	Dimensionality reduction for feature selection.
	May lose some information during dimensionality reduction.
	Assumes linear relationships between variables.










 





Table 2. Specification of RBFNN.
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	Parameter
	Symbol
	Values





	Number of RBF
	-
	50 Neurons



	Type of RBF
	-
	Gaussian



	Centres
	     c   i     
	50 Clusters



	Weights
	     w   i     
	N(0,0.1)



	Width
	   σ   
	    2 × 50    










 





Table 3. Details of layers in DenseNet-121 CNN model.
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Layers

	
DenseNet-121

	
Output Size






	
   C o n v o l u t i o n   

	
   7 × 7   c o n v ,   s t r i d e   2   

	
   112 × 112   




	
   P o l l i n g   

	
   3 × 3   max  ⁡  p o o l   ,   s t r i d e   2   

	
   56 × 56   




	
   D e n s e   B l o c k   ( 1 )   

	
        1 × 1   c o n v     3 × 3   c o n v      × 6   

	
   56 × 56   




	
   T s a n s i s t i o n   L a y e r   ( 1 )   

	
   1 × 1   c o n v   

	
   56 × 56   




	
   2 × 2   a v e r a g e   p o o l ,   s t r i d e   2   

	
   28 × 28   




	
   D e n s e   B l o c k   ( 2 )   

	
        1 × 1   c o n v     3 × 3   c o n v      × 12   

	
   28 × 28   




	
   T r a n s i s t i o n   L a y e r   ( 2 )   

	
   1 × 1   c o n v   

	
   28 × 28   




	
   2 × 2   a v e r a g e   p o o l ,   s t r i d e   2   

	
   14 × 14   




	
   D e n s e   B l o c k   ( 3 )   

	
        1 × 1   c o n v     3 × 3   c o n v      × 24   

	
   14 × 14   




	
   T r a n s i s t i o n   L a y e r   ( 3 )   

	
   1 × 1   c o n v   

	
   14 × 14   




	
   2 × 2   a v e r a g e   p o o l ,   s t r i d e   2   

	
   7 × 7   




	
   D e n s e   B l o c k   ( 4 )   

	
        1 × 1   c o n v     3 × 3   c o n v      × 16   

	
   7 × 7   




	
   C l a s s i f i c a t i o n   L a y e r   

	
   7 × 7   g l o b a l   a v e r a g e   p o o l i n g   

	
   1 × 1   




	
   S o f t m a x   L a y e r   

	











 





Table 4. Factors in analysis.






Table 4. Factors in analysis.





	
Dependent Variables






	
pH

	
EC

    μ S / c m    

	
Na

(mg/L)

	
K

(mg/L)

	
SO4

(mg/L)

	
TH

(mg/L)

	
Ca

(mg/L)

	
Cl

(mg/L)

	
Mg

(mg/L)

	
NO3

(mg/L)

	
TDS

(mg/L)




	
Independent Variables




	
Year

	
Temperature     ℃    

	
Relative Humidity     %    

	
Wind Speed     m / s    

	
Pan Evaporation     m m / d a y    

	
Rainfall     m m    
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