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ABSTRACT  

In this study, a Deep learning-based model, Stochastic Neural Network (SNN), which excels in handling uncertain and complex data, is customized to predict 

groundwater quality in the Kanyakumari District of Tamil Nadu (India), where groundwater is considered a critical source for drinking and agricultural 

purposes. The SNN model captures the stochastic nature of the data and provides reliable predictions by simulating multiple possible outcomes, making the 

model ideal for groundwater quality prediction. A range of groundwater quality indicators, such as pH, EC, TDS, etc. were used to train the model. Rainfall 

patterns were found to have a considerable impact on water quality over a ten-year period, emphasizing the importance to include seasonal data into prediction 

models. Hence, rainfall data was also included in order to evaluate its impact on groundwater quality. The deep learning model demonstrated its effectiveness 

with 95% prediction accuracy. The model's capacity to distinguish between classes was evaluated by the Classification Report, Receiver Operating 

Characteristic (ROC) curves, Area Under the Curve (AUC) values and the confusion matrix. In addition to this, Cross-validation (CV) was employed to 

confirm the model's performance and also to test the reliability of the results. This study provides an efficient method that can assist in sustainable use of 

groundwater resources.  
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INTRODUCTION 

Water is a necessity for survival, economic development and 

human well-being, hence access to clean water is a 

fundamental right (Kirsch, 2006). With rising living standards, 

population demands, and expanding domestic, industrial, 

agricultural, and urban activities, water consumption has 

increased, resulting in overuse and deterioration of both surface 

and groundwater resources (Gilli et al., 2012). Groundwater in 

particular, is difficult to manage and more susceptible to 

contamination from both geogenic and anthropogenic sources 

(Karamouz et al., 2011). As water easily dissolves substances, 

monitoring groundwater quality changes is critical for its 

protection and conservation. Exceeding permissible limits of 

physicochemical parameters, may pose serious health risks 

(Karnena and Saritha, 2019). Groundwater is vital for drinking 

as well irrigation, especially in the study area of Kanyakumari, 

in Tamil Nadu and hence proper quality monitoring is critical 

for sustainable resource management. Given the complex and 

variable nature of groundwater, which is influenced by both 

natural and human influences (Giao et al., 2023), traditional 

evaluation methods based on laboratory testing and statistical 

analysis can be time and resource draining, especially for large 

datasets. To address these limitations, this study utilizes data-

driven modelling to improve the accuracy and reliability of 

groundwater quality predictions.  

Over the last decade, Machine Learning (ML) has grown 

rapidly in groundwater quality modeling, as ML algorithms 

learn patterns directly from data rather than depending on pre-

set equations, allowing for precise predictions of water quality 

parameters (Haggerty et al., 2023). Deep Learning (DL), a 

subset of machine learning, inspired by neural processing in the 

human brain, employs multilayer neural networks to evaluate 

complicated, structured data (Chollet, 2017). These 

developments indicate great potential in groundwater research, 

as neural networks often deliver accurate and dependable 

predictions. They have been extensively used to predict 

groundwater levels, evaluate water quality near shale gas 

reserves, improve MODFLOW simulations, predict nitrate 

contamination and model groundwater drawdown (Lohani and 

Krishnan, 2015; Kulisz et al., 2021; Gholami and Sahour, 2022; 

Stylianoudaki et al., 2022; Kishor et al., 2025). All studies 

indicate that the neural networks may effectively assess 

groundwater quality and quantity, but most studies utilize 

conventional Artificial Neural Networks (ANN), which do not 

capture or forecast uncertainty. Stochastic Neural Networks 

(SNNs), on the other hand, can reduce overfitting and capture 

uncertainty. Despite being widely used in domains such as, 

finance (Kalariya et al., 2022), civil engineering (Emig et al., 

2023), microbiology (Sarmadi et al., 2022), and physics 

(Schneider et al., 2017), their use in groundwater research 

remains limited. SNN’s strength lies in making probabilistic 

predictions and adapting to changing environmental 

conditions. In this study, SNN with Monte Carlo Dropout, was 

used to simulate numerous possibilities per input, resulting in 

uncertainty-aware groundwater quality prediction. Rainfall 

was also included to better express climate-related effects on 

groundwater chemistry.  The main objective of the study is to 

create a sophisticated deep learning model that is specifically 

suited to capturing the diversity and complexity present in 

groundwater quality data, to study the prediction reliability 

using stochastic inference and assess how rainfall affects the 

accuracy of water quality classification in the Kanyakumari 

District of Tamil Nadu, India.  

STUDY AREA 

The study area, Kanyakumari District (Figure 1), is one of 

those areas that heavily relies on groundwater as a freshwater 
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supply for agriculture and drinking. The study area falls 

between 8º 03ꞌ to 8º 35 ꞌ N and 77º 15ꞌ to 77º 36ꞌ E, which is 

located in the southernmost tip of India. It is bounded by three 

water bodies: Indian Ocean, Arabian Sea and the Bay of 

Bengal. The study area enjoys both northeast (NE) and 

southwest (SW) monsoon seasons, resulting in about receiving 

an approximate 1448.6 mm of precipitation on average, every 

year (District Statistical Handbook, 2021-2022). According to 

GSI (2005), groundwater is present in almost all the 

formations.  The studied district is composed of 80% fractured 

hard rocks and 20% sedimentary terrain. 

METHODOLOGY 

Data preparation 

The overall methodology of the study is shown in the Figure 2. 

A decade (2013-2022) worth of groundwater quality data, 

which comprises of 65 locations and rainfall data from 25 rain 

gauge stations, were collected from State Ground and Surface 

Water Resources Data Centre, “Public Works Department”, 

Government of Tamil Nadu. Rainfall patterns are one of those 

parameters that has a greater influence in the groundwater 

quality. And hence, rainfall is also added along with 

groundwater quality parameters such as pH, electrical 

conductivity (EC), total dissolved solids (TDS), major cations 

such as Na+, K+, Ca2+, Mg2+, total hardness (TH, calculated as 

the sum of Ca2+ and Mg2+), and anions such as SO4
2−, Cl−, 

HCO3
−, CO3

2−, F−, NO2
− +NO3

−. Information such as location, 

name of the village and the date of collection were also taken 

along with the parameters. Over the course of the ten-year 

period, a total of 645 data points were obtained from 

groundwater samples taken from 65 monitoring wells, spread 

throughout the study region. Samples were taken twice a year, 

in the pre-monsoon and post-monsoon seasons, and each site 

provided several observations. Theissen Polygon Method, 

which allocates rainfall values to each sampling location 

according to physical proximity and area of effect, was used to 

integrate rainfall data with the groundwater sampling sites. The 

raw data were unsuitable for use without pre-processing and 

hence, it is carried out by handling missing values and any type 

of inconsistencies in the dataset was removed to maintain the 

quality of the data. Missing data and outliers were addressed 

using simple deletion to assure the accuracy of the analysis and  

only complete and validated records were included. Outlier 

detection was also aided by the Calculation of Ion Balance 

Error (IBE) and data points with notable charge imbalance  

excluded.

 

Figure 1. Map showing the distribution of sampling locations and rainfall monitoring stations across the study area in the Kanyakumari 
District, Tamil Nadu, India. 
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Figure 2.  Methodological framework outlining the sequential processes involved in the study. 

IBE also known as Charge Balance Error (CBE), is a quality 

control measure used to evaluate the reliability of analytical 

data in water chemistry analysis and also to remove any other 

inconsistencies in the dataset. The calculated IBE had to fall 

within the permissible range of ±10% (Domenico and 

Schwartz, 1990). Then, Water Quality Index (WQI) for 

drinking is calculated on the relation based on BIS (2012) and 

WHO (2011), which is followed in many studies for example, 

Vasanthavigar et al. (2010). The purpose of computing 

Drinking Water Quality Index (DWQI) is to help the 

researchers, policymakers and the general public to quickly 

assess the safety of drinking water and make knowledgeable 

choices regarding water treatment and consumption by 

condensing complex water quality data into a single numerical 

value based on multiple water quality parameters. It is 

expressed as,  

𝐷𝑊𝑄𝐼 =∑𝑆𝐼

𝑛

𝑖=1

𝑖 

Where ‘SI’ is the Sub- index which is calculated from assigned 

parameter weight, measured concentration (Cᵢ) and the 

permissible limit (Sᵢ) based on BIS (2012) and WHO (2011) 

standards and ‘n’ is the number of parameters. 

After the calculation of Water Quality Index, the results 

obtained are compared with the Water Quality Index (WQI) 

classification in India, which categorizes groundwater into five 

quality levels, helping in determining the suitability of 

groundwater for consumption and indicating the severity of 

water quality degradation.  

The classes are labeled as Class 0, Class 1, Class 2, to be used 

in the prediction. Following the DWQI, the correlation matrix 

(Figure 3) exhibits linear connections between groundwater 

quality metrics, with coefficients ranging from -1 to +1. Strong 

positive correlations were found between EC, TDS, Na, and Cl 

(r > 0.85), showing a strong hydrochemical relationship, 

whereas fluoride, and nitrate showed weaker relations.  

Overall, the matrix highlights significant hydrochemical 

linkages and aids in feature selection for the deep learning-

based groundwater quality prediction model. 

 
Figure 3. Pearson correlation matrix depicting the strength and direction of linear correlations between groundwater quality metrics, 
generated to assist in feature selection. 
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Working of Stochastic Neural Network (SNN) model 

Based on Florensa et al. (2017), a broad category of neural 

networks incorporating stochastic units in the computation are 

called Stochastic neural networks (SNNs). The SNN model is 

customized based on the necessities of the research work. This 

study uses SNN with Monte Carlo Dropout, an effective deep 

learning method for classification problems that gives 

uncertainty estimation in addition to predictions. The 

Framework of SNN model for groundwater quality prediction 

involves the process of data normalization, assignment of 

weightages on the neurons, regularization and model 

compilation after data preparation. Data normalization process 

is done to ensure that the input features follow a typical 

Gaussian distribution, a fundamental requirement for accurate 

and reliable model training called Z-score normalization 

having been used to normalize the features. 

The architecture of the SNN was designed with an input layer, 

two hidden layers and an output layer. The layout of the input 

layer is defined in accordance with the number of features. The 

first hidden layer has 128 neurons with ReLU (Rectified Linear 

Unit) Activation function and the second hidden layer has 64 

neurons. The ReLU activation function was chosen for its 

computational simplicity, strong gradient propagation, and 

ability to prevent the vanishing gradient problem, which was 

observed in trials with deeper networks and in environmental 

datasets with wide range of parameters. The output layer 

consists of three units with Softmax activation function. After 

assigning the neurons, Dropout is used as a regularization 

method to reduce overfitting. Using Monte Carlo Dropout, the 

model may assess uncertainty during inference by producing a 

range of predictions rather than a single output, allowing it to 

better capture variability and prediction confidence. The model 

was trained on 80% of the data and tested on the remaining 

20%, then combined with the Adam optimizer and Sparse 

Categorical Cross-Entropy loss. To reduce overfitting, a 

learning rate of 0.001, 10 epochs, and a batch size of 32, with 

a 0.5 dropout rate after each dense layer, were employed. 

Monte Carlo Dropout with 100 stochastic iterations was 

utilized to assess prediction uncertainty, and early stopping 

based on validation loss (patience of three epochs) guaranteed 

training was stopped once convergence was achieved. 

Evaluation metrics 

In order to evaluate the effectiveness of the deep learning 

model, computation of evaluation metrics is essential (Müller 

and Guido, 2016). To guarantee robustness and dependability, 

the performance of the suggested SNN model was thoroughly 

assessed using an array of statistical and graphical metrics. 

Metrics such as Confusion Matrix, Classification Report, 

Receiver Operating Characteristic (ROC) and Area Under 

Curve (AUC), are computed to assess the model. According to 

Pradhan and Kumar (2019), a confusion matrix, also referred 

to as an error matrix, is generated by comparing the 

observations on actual and predicted values of the dataset. For 

a multiclass classification problem, the confusion matrix is 

taken as 3×3 matrix for three classes, with elements - True 

Positive (TP), False Positive (FP), True Negative (TN) and 

False Negative (FN). Next, Classification Report is generated 

which summarizes significant metrics such as accuracy (the 

percentage of correctly predicted samples), precision (the 

percentage of relevant instances among predicted positives), 

recall (the percentage of relevant instances correctly 

identified), and F1-score (the harmonic mean of precision and 

recall). ROC curve, a graphical plot illustrates the diagnostic 

ability of a classifier system as its discrimination threshold is 

varied and AUC is a numerical value that represents the area 

under the ROC curve. A higher AUC generally indicates a 

better-performing model. Cross-validation was applied to 

assess the model's generalization capabilities; with K-fold CV 

chosen for its reliability, especially when working with limited 

environmental datasets. The five-fold CV ensured that each 

sample contributed to both training and validation, which 

improved model stability and reduced bias. The model was 

trained on 80% of the data in each fold and validated on the 

remaining 20%, and the process was repeated five times to 

ensure a thorough performance evaluation. 

RESULTS AND DISCUSSION 

Groundwater quality in the study area was classified into three 

categories: Excellent (Class 0), Good (Class 1), and Poor 

(Class 2). Figure 4 reveals that 77% of samples are rated 

excellent, 18% good, and 5% poor, indicating an evident class 

imbalance. To address this issue, a class-weighting approach 

was utilized during model training, with weights assigned in 

inverse proportion to class frequencies in order to prioritize 

minority samples while reducing bias toward the majority 

class. Also, Figure 5 suggests that rainfall patterns play a 

crucial role in influencing the groundwater quality. As rainfall 

increases, water quality tends to improve and vice-versa.  

Performance of the SNN model across three categories Class 0 

(excellent water), Class 1 (good water), and Class 2 (poor 

water) are depicted in the confusion matrix (Figure 6). With 

only three samples incorrectly classified as Class 1, the model 

performs exceptionally well, particularly for Class 0. Class 2 

instances are correctly predicted but the iterative instances are 

very small, may be due to the very low number of data points. 

The model is dependable for practical groundwater quality 

evaluation as evidenced by its low misclassification, especially 

when it comes to detecting good and poor water quality.
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Figure 4. Bar chart illustrating the distribution of groundwater quality classes (excellent, good, and poor) across the study area, based on 
the Drinking Water Quality Index (DWQI). 

 

Figure 5. Graph depicting the relationship between groundwater quality classes and rainfall variation in the study area.  

 

Figure 6. The confusion matrix displaying the classification performance of the Stochastic Neural Network (SNN) model across the three 
groundwater quality categories. 
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The classification report (Table 1) demonstrates impressive 

model performance, with Class 0 attaining near-perfect scores 

due to its more widespread inclusion in the dataset, Class 1 

exhibiting solid precision and recall (0.86), and Class 2 with 

reduced accuracy but perfect recall despite limited data. 

Overall, the model reached 95% accuracy, indicating a strong 

and dependable groundwater quality classification. 

To visualize the model's performance across various threshold 

settings, ROC curves (Figure 7) were generated, giving a 

graphical representation of the true positive rate (sensitivity) 

against the false positive rate. The Area Under the Curve 

(AUC) values for all classes are high, indicating strong 

classification performance. The ROC-AUC for each class were 

satisfactory, indicating strong discriminatory ability. 

The prediction graph (Figure 8) displays a clear agreement 

between the actual groundwater quality classes and the SNN 

model's predicted labels, with real values represented by a blue 

solid line and forecasts by an orange dotted line. The close 

overlap of the two curves implies strong sample-wise 

prediction accuracy. The model's resilience is further 

confirmed by its high mean cross-validation accuracy of 93% 

and low standard deviation of 0.03, indicating consistent and 

reliable performance across all folds.

 

Table 1. Classification report on the SNN Model.  

Class labels Precision Recall F1 score Support 

0 0.99 0.97 0.98 91 

1 0.86 0.86 0.86 22 

2 0.60 1.00 0.75 3 

Accuracy   0.95 116 

Macro avg. 0.82 0.94 0.86 116 

Weighted avg. 0.95 0.95 0.95 116 

 

 

Figure 7. The smooth and well-separated Receiver Operating Characteristic (ROC) curves with corresponding Area Under the 

Curve (AUC) values for the Stochastic Neural Network (SNN) model generated for the three groundwater quality classes 
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Figure 8. Prediction graph comparing the actual and predicted groundwater quality class labels generated by the Stochastic Neural 
Network (SNN) model for the test dataset. 

Further, the model produces accurate predictions, particularly 

for Class 0 (excellent water), showing that it has a powerful 

learning source. Misclassifications occur due to overlapping 

attributes; yet, Class 1 (good water) is also predicted 

effectively. Notably, Class 2 (poor water) had perfect recall, 

which means that no instances of Class 2 were overlooked. The 

balance between sensitivity and specificity in minority class 

predictions is statistically supported by the classification report 

and visually by the prediction graph, which validates the 

confusion matrix findings. ROC curves of SNN for multi-class 

classification also demonstrate the effectiveness of the model, 

with high AUC scores suggesting high level of class 

separability. Cross-validation resulted in a consistent mean 

accuracy of 0.93 with moderate variability (SD = 0.03), 

demonstrating consistency across datasets.  Also, the model's 

increased accuracy with rainfall inclusion shows that it 

successfully captured these hydrogeological relationships. 

Overall, the SNN model showed excellent predictive power, 

with encouraging prospects for environmental monitoring. By 

incorporating randomness during inference, the SNN model 

makes it possible to evaluate predictive uncertainty and more 

accurately reflect groundwater dynamics, an advantage that 

significantly aids in making sound environmental management 

decisions. 

CONCLUSIONS 

In this study, a customized Stochastic Neural Network (SNN) 

model was developed to categorize and predict groundwater 

quality in Kanyakumari District of Tamil Nadu. Using Monte 

Carlo Dropout and a wide range of water quality parameters, 

the model significantly improved generalization and quantified 

predictive uncertainty. Evaluation metrics such as the 

classification report, confusion matrix, and ROC-AUC curves, 

verified the model's capacity to distinguish between 

groundwater quality classes, which was further reinforced by 

consistent 5-fold cross-validation results. With 95% accuracy, 

the model is suitable for regions with dynamic groundwater, 

providing probabilistic predictions required for effective 

groundwater management. Future research might delve into 

ensemble stochastic models, Bayesian deep learning, or other 

physical frameworks, as well as extending the approach to real-

time applications on IoT-enabled platforms. To gain a more 

detailed understanding of groundwater quality trends, other 

hydrogeological, climatological, and human-influenced 

variables could be included. Adding variables like seasonal 

fluctuations, land-use changes, and soil composition could 

increase the accuracy of predictions.  
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