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Abstract 
 
Water quality assessment through Geographical Information System (GIS) 

integrated to Water Quality Index (WQI) becomes important in several 

countries. Since the conventional techniques are not suitable to adapt with 

the specific features related to the local regions, machine learning (ML) 

models based on GIS are introduced to predict the WQI. This paper 

introduces an effective water quality prediction model using Sampling Based 

Ensemble Method (SEM) and variational autoencoding unit (VAE), named 

SEM-VAE model. The SEM-VAE model make use of SEM based class 

imbalance data handling. Besides, VAE based prediction process takes place 

to determine the actual water quality level. To perform the simulation 

process, groundwater samples are gathered from the Dharmapuri district in 

Tamil Nadu and are examined by the use of distinct physical and chemical 

variables. The simulation values denoted that the SEM-VAE model has 

resulted to a maximum outcome with the higher accuracy of 77.65%. 
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1 Introduction 

Groundwater is a basic resource of consumable water in metropolitan 

and provincial regions over the globe. Be that as it may, the quickly 

expanding contamination in many areas because of expanded urbanization, 

industrial pollution, and aimless utilization of pesticide in cultivating areas 

has destructively influenced the water quality around the world. Geological 

information system (GIS) and water quality index (WQI) strategies are 

generally utilized to determine the quality of the water. The WQI 

demonstrates a conventional outline of the potential water issues that exist in 

the region. WQI relies upon twelve Physico-chemical boundaries. A few 

Machine learning (ML) models were applied to gauge results with the 

developments of computer techniques [1, 2]. Artificial Neural Network 

(ANN) is mainly utilized in the present time to predict and demonstrate water 

supply factors. ML models for the most part have a more dependable gauge 

of the WQI comparative with different pointers. For this situation, the current 

examination manages groundwater quality valuation dependent on various 

hydrogeochemical boundaries utilizing GIS and WQI.  

 Spatial interjection at the examination time frame, the ArcGIS 

programming tool is utilized for separating the inspecting positions and to 

comprehend groundwater characteristics and spatial distribution patterns [3, 

4]. In spite of the fact that ML models find valuable for water quality 

forecasting, the class imbalance issue represents a significant one, which 

should be settled. There is also a need to set up a compelling strategy for 

foreseeing water quality from imbalanced dispersion for feasible use. Testing 

approaches have been executed in various models as the best way to deal 

with manage information mismatching in AI environment.  

 This paper introduces an effective water quality prediction model 

using Sampling Based Ensemble Method (SEM) and variational 

autoencoding unit (VAE), named SEM-VAE model. The SEM-VAE model 

make use of SEM based class imbalance data handling. Besides, VAE based 

prediction process takes place to determine the actual water quality level. To 

perform the simulation process, groundwater samples are gathered from the 

Dharmapuri district in Tamil Nadu and are examined by the use of distinct 

physical and chemical variables. 

 

2 Literature Review 

 A considerable number of earlier WQI works have concentrated on 

surface water and less works have examined the works related to 

groundwater [5]. Presently, several studies begin to use GIS related models 

for assessing the groundwater quality and examine the groundwater quality 

parameter spatial variability [6, 7]. On the other hand, ML based WQI 
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prediction models have been developed. Besides, the computational 

techniques depending upon artificial intelligence (AI) is considerably 

suggested for integrating the environmental uncertainties to the evaluation 

stage of the groundwater qualities [8, 9]. Through the development of the 

ML simulation method depending upon the topographic features, 

precipitation, and temperature datasets in several literatures, the effectiveness 

of the WQI classification is obtained. The ANN method is mainly depending 

upon the usage of data and exploits restricted processing abilities. 

 On handling the real time data, a common issue exist is the presence 

of noise and imbalance data. The data with imbalance problem becomes a 

difficult one to comprehend and predict. Earlier works on class imbalance 

data handling adequately consider the imbalance problem to an average of 

10-20% of minority classes. Depending upon the earlier works, the influence 

of sampling methodologies is examined on highly imbalanced water quality 

data and undergo a companion with the outcome among traditional sampling 

and presented models. 

 

3 The Proposed SEM-VAE Model 

The workflow encompasses in the SEM-VAE method is depicted in Fig. 

1. The figure demonstrated that the WQI can be predicted on the utilization 

of four dataset such as monsoon, pre-monsoon, post-monsoon, and summer. 

The SEM-VAE model primarily prepocessed the data and assign appropriate 

class labels. Followed by, SME based outlier removal process is carried out 

and VAE model is employed for the classification task. 
 

 
                 Fig. 1. Workflow of SEM-VAE Model 
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3.1 Location and Climate 

The region selected in this work belongs to the Dharmapuri district lying 

of the western side of the Eastern Ghats and is mostly hilly in Tamil Nadu, as 

shown in Fig. 2. It covers 4498 sq.km (3.46 percent) of the geographical 

region of the state is occupied by the district. It is partitioned to 2 revenue 

sections namely Dharmapuri and Harur, five taluks entailing of 470 revenue 

villages, viz. Dharmapuri, Harur, Pennagaram, Palacode, and 

Pappireddipatti. Achaean crystalline rocks exist in the region were selected. 

 

 

 
                  

                             Fig. 2. Palacode and Pennagaram 

 
3.2 Data Acquisition 

For determining the seasonal differences in the quality of groundwater, 

totally 35 water samples are taken and investigated at the time of pre 

monsoon and post monsoon from Palacode and Pennagaram taluks. 

Therefore, a randomized sampling process is made for gathering the 

groundwater samples, which are placed in a clean 1-litre polyethylene 

containers. According to the WHO (2011) drinking water needs, the 

groundwater quality for drinking is estimated by computing the WQI for all 

samples. The resultant dataset is convertible into an acceptable way by the 

consideration of threshold criteria. In case, if the WQI ≥ 62, then it belongs 

to „purity‟ class, else, if WQI< 62, it comes under „impurity‟ class. Also, the 

WQI determination is carried out by the use of SEM-VAE model with 

0.7:0.3 of training and testing sets. 

 

3.3 Data Preprocessing 

The imbalance dataset comprises the unequal groups of classification of 

data. Generally, the predictive outcome of the majority class resulted to the 

fulfilling of the objective function of the model and the predictive outcome 

of the minority class resulted to bad condition. The distinct costs are 

allocated to the training instances or resampling the original database using 
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the oversampling of the minority class or undersampling the majority class, 

the ML model has solved the class imbalance issue. By the use of sampling, 

a main issue is that the oversampling task resulting to the overfitting to the 

included sample instances. Another issue is that the undersampling can 

discard the valued instances. The sampling approaches involved in this study 

were given. 

 

3.3.1 Random Undersampling (RUS) 

It assists balancing the minority class through the random expulsion of a 

particular set of instances fitting to the majority class [10]. 

3.3.2 Synthetic Minority Oversampling (SMOTE) 

SMOTE is a popular concept which places the recent samples in the lines 

interconnecting the unusual instances which present. The minority class gets 

oversampled in the SMOTE oversampling technique by the generation of 

synthetic examples instead of oversampling with replacement.   

 
3.3.3 Ensemble Model 

The exterior model is easy and it can be fixed to all kinds of 

classification models, and the cost of over-fitting or trailing considerable data 

can be sustained concurrently. It results in high adaptability and 

practicability. Here, a concept of integrating the internal level by tuning the 

algorithm and exterior level by the use of data sampling techniques for 

improving the specificity and sensitivity of WQI predictor. All the subsets 

are generated from the Bootstrap phase balanced by SMOTE previously to 

modeling in the presented SBE model. On the application of SMOTE, two 

variables are needed to be chosen namely KNN and sum of minority 

oversampling, class-N.    

 

3.4 VAE based Classification 

As soon as the class imbalance problem is resolved, the succeeding stage 

is the prediction procedure which can be cracked by the VAE technique. It 

utilized DL model for learning the representation from complicated data with 

no guidance. It comprises encoding and deconding unit. The encoding unit 

will learn the latent parameters from the input and the decoding unit 

produces an outcome depending upon the samples of the latent parameters. 

Provided an adequate amount of training data, the encoding and decoding 

units are trained together through the minimization of reconstruction loss and 

Kullback-Leibler (KL) divergence among the distribution of latent 

parameters and independent normal distribution (Doersch, 2016). In case of 

medical image, the decoding unit defines the forward processing of image 

formation and the encoding unit defines the inverse procedure of inference, 

and the learnt latent parameters define the hidden cause which produces the 

image.  
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Assume z be the latent parameter and x is then image. The encoding unit 

parameterized with ϕ deduces z from x, and the decoding unit parameterized 

with θ produces x from z. In VAE, the z and x defines the arbitrary variables. 

The possibility of x provided z on the generative method with θ is 

represented by p_θ (x|z). The possibility of z provivded x on the inference 

technique with ϕ is indicated by q_ϕ (z|x). The marginal possibility of data is 

defined below. 

 

     ( )     [  ( | )||  ( | )]   (     )                      ( ) 

 

As the KL divergence in Eq. (1) is a non negative term, L(θ,ϕ;x) is 

considered as the minimum bound of the data possibility and is given in Eq. 

(2). In case of VAE, the learning rule is the optimization of θ and ϕ through 

the minimization of L(θ,ϕ;x) assumed the training instances of x. 

 

 (     )      [  ( | )||  ( | )]       ( | )[   (  ( | ))]         ( ) 

 

 

4 Performance Validation 

The predictive outcome of the SEM-VAE model is evaluated on four 

dataset. The details about the dataset are given in Table 1. 

 
Table 1 Dataset Description 

 

No. Dataset Name Sources 
No. of 

Attributes 

No. of 

Instances 

Purity/Impu

rity 

1 
Monsoon 

Dataset 
Own 15 35 28/7 

2 
Post-Monsoon 

Dataset 
Own 15 35 27/8 

3 
Pre-Monsoon 

Dataset 
Own 15 35 25/10 

4 Summer Dataset Own 15 35 27/8 

 

Table 2 provides a detailed comparative study of different techniques 

[11-19] with SEM-VAE model. A brief sensitivity and specificity analysis of 

SEM-VAE with existing techniques on the applied dataset is depicted in Fig. 

3. The table values indicated that the RF model has accomplished 

insignificant predictive outcome with the least sensitivity and specificity of 

50.11% and 46.94%. Besides, the NB model has resulted to a slightly 

increased sensitivity and specificity of 73.55% and 49.08% respectively. 

Eventually, the GBT classification model has demonstrated moderate 

sensitivity and specificity of 74.82% and 50.14%. Followed by, the C4.5 

model has exhibited considerably sensitivity and specificity of 78.45% and 

45.22% whereas the ANN model has attained competitive sensitivity and 

specificity of 81.23% and 49.56%. At last, the presented SEM-VAE model 
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 has showcased proficient predictive performance with the sensitivity and 

specificity of 86.94% and 52.41%. 

 
 

Table 2. Result Analysis of Existing with Proposed SEM-VAE Method on Applied 

Dataset 

 

Methods Sensitivity Specificity Accuracy Precision F-score Kappa 

Proposed SEM-VAE 86.94 52.41 77.65 83.67 84.98 39.78 

ANN 81.23 49.56 73.82 76.09 77.12 37.13 

C4.5 78.45 45.22 72.13 73.05 74.31 35.87 

Random Forest 50.11 46.94 75.87 50.63 50.27 31.43 

Naive Bayes 73.55 49.08 72.31 72.69 70.35 33.32 

GBT Classifier 74.82 50.14 73.80 73.80 71.90 34.61 

Bagging - - 67.41 - - - 

K-Star - - 68.89 - - - 

K-NN - - 72.00 - - - 

Linear-SVM - - 76.03 - - - 

Sigmoid-SVM - - 51.41 - - - 

 

 
 

Fig. 3. Sensitivity and Specificity analysis of SEM-VAE Model 
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A detailed precision, F-score, and kappa analysis of SEM-VAE with 

existing models takes place in Fig. 4. The table values designated that the RF 

model has gifted unimportant predictive result with the smallest precision, F-

score, and kappa of 50.63%, 50.27% and 31.43%. Also, the NB model has 

led to a somewhat improved precision, F-score, and kappa of 72.69%, 

70.35%, and 33.32% respectively. Ultimately, the GBT classification model 

has confirmed sensible precision, F-score, and kappa of 73.80%, 71.90%, 

and 34.61%. Followed by, the C4.5 model has displayed noticeable 

precision, F-score, and kappa of 73.05%, 74.31%, and 35.87% whereas the 

ANN model has reached good precision, F-score, and kappa of 76.09%, 

77.12%, and 37.13%. Finally, the presented SEM-VAE model has 

showcased capable predictive performance with the precision, F-score, and 

kappa of 83.37%, 84.98%, and 39.78%. 

 

 

 
 

Fig. 4. Precision, F-score, and Kappa analysis of SEM-VAE Model 

 

An elaborate accuracy analysis of the SEM-VAE model with existing 

techniques take place in Fig. 5. The resultant values demonstrated that the 

Sigmoid-SVM, Bagging, and K-Star models have offered minimal accuracy 

values of 51.41%, 67.41%, and 68.89% respectively. Then, the KNN, C4.5,  
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Fig. 5. Accuracy analysis of SEM-VAE Model 

 

even improved accuracy of 73.8% and 73.82% respectively. Simultaneously, 

the RF and linear SVM models have reached to a competitive accuracy of 

75.87% and 76.03% respectively. But the presented SEM-VAE model has 

obtained a higher accuracy of 77.65%. 

 

5 Conclusion 

This paper has presented an efficient SEM-VAE model for WQI prediction. 

The SEM-VAE model make use of SEM based class imbalance data 

handling. Besides, VAE based prediction process takes place to determine 

the actual water quality level. To perform the simulation process, 

groundwater samples are gathered from the Dharmapuri district in Tamil 

Nadu and are examined by the use of distinct physical and chemical 

variables. The simulation values denoted that the SEM-VAE model has 

resulted to a maximum outcome with the higher accuracy of 77.65%. In 

future, it can be implemented in real time scenarios in the regions of India. 
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