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Summary 

 

In this study, an application of automatic relevance 

determination-based Bayesian neural network (ARD-

BNN) approach is explored to quantify the influence 

of water quality variables for groundwater quality 

modelling of coastal Maharashtra, India. The ARD-

BNN model is trained using training samples 

generated from the bounds of water quality 

parameters. Upon successful training, the trained 

model is tested in validation and test data sets. Since 

the value of hyper-parameters in ARD-BNN 

modelling is important for categorizing the water 

quality variables, the stability of the hyper-

parameters is assessed by optimization test history. 

The groundwater quality map will be useful for 

management of the groundwater system of coastal 

Maharashtra. The novel application of this type could 

be potential alternative scheme for analysing 

complex/fuzzy, interlinked water quality variables 

collected around the world.  
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Introduction 

 

Groundwater is the most important natural resource 

used for drinking, irrigation and variety of other 

domestic purposes. Groundwater quality has been 

under risk due to growing pollution of freshwater 

lenses by various pollution sources (e.g. agriculture, 

industry, human societies, sea water intrusion) 

(Brown et al. 1974; APHA 1985; Das et al. 2016). 

There are various factors which usually control 

groundwater quality. The common factors are 

evolved  as: (i) local geology of the study area,(ii) 

degree of chemical weathering of the rocks, (iii) 

rock-water interaction process, (iv) evaporation, (v) 

industrial return,(vi) irrigation return flow, (vii) 

hydrological changes during a season (Todd 1959; 

Hem 1970; Fetter 1988; Maiti et al. 2013). Moreover, 

the organic matters derived from various fertilizer, 

pesticides and other additive applied in agricultural 

lands are also known to be potential sources in 

degrading groundwater quality (Brown et al. 1974; 

APHA 1985).  Further, over-exploitation of 

groundwater due to rapid growth of industrialization, 

urbanization and human population lead to the 

deterioration of groundwater quality (Brown et al. 

1974; APHA 1985). The optimal use of groundwater 

resource and its sustainability is guided by the 

accurate assessment of trends in groundwater quality. 

Many authors have attempted to model the 

groundwater quality (Brown 1998;Maiti et al. 2013; 

Stedmon et al. 2011; Najah et al. 2013; Maiti et al. 

2012; Sadat-Noori et al. 2014).  Evaluating 

groundwater quality of an area is not a new problem, 

but it is still unresolved problem to quantify 

individual’s impact of water quality parameter on 

groundwater quality. Since many of the water quality 

parameters are interlinked, comprehensive efforts are 

required to better understand the individual’s impact 

for groundwater management in any region.  

Here we explore the specific use of ARD-

BNN to model relative contribution for estimation of 

groundwater quality.  The use of ARD-BNN for 

groundwater quality estimation is the first study in its 

type in India. The objective of this study were to (i) 

find the relative weight of the water quality 

parameter by Bayesian automatic relevance 

determination method(ii) Predict the water quality 

status.  

 

Materials & Method 

 

The present study area in the Sindhudurg district, 

western Maharashtra, India is demarcated by Latitude 
00

9.157.15 −  N and Longitude 
00

8.736.73 −  E 

(Figure 1)(CGWB 2009). Geo-electrical survey along 

with hydro-geochemical sample collection was 

carried out in the study area. Water samples were 

collected from the study area in pre-monsoon season. 

In total 36 sampling sites were chosen, which were 
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evenly distributed according to the complaints made 

by the local villagers (one sample each which 

provided a total of 36 sampling sites altogether). 

Water samples were collected in 1.0 litre plastic 

bottles. Water sample analysis was performed using a 

widely used method (Brown et al. 1974; APHA 

1985). 

 

 

Figure 1:  The location map of the study area. The 

location of vertical electrical sounding (VES) and 

groundwater sampling from respective well (Well) 

are given in the map 

 

A joint information system including geo-

electrical/VES and hydro-geochemical is combined 

to evaluate groundwater quality. As per report (WHO 

1984), given in Table 1, groundwater quality of 

coastal Maharashtra could be classified into three 

classes (1) very good (assigned real code is 1.00), (2) 

good (assigned real code is 0.50), and (3) unsuitable 

(assigned real code is 0.00) (Maiti et al. 2013). We 

use ARD-BNN to estimate the individual water 

quality parameter’s contribution in evaluating 

groundwater quality condition. 

 

 Multi-Layer Perceptron (MLP) is a special 

configuration of an artificial neural networks (ANN) 

(Bishop 1995;Karmakar et al. 2017) that has been 

widely used to solve non-linear mapping problem 

using examples. 

 
The underlying process sets up objective function 

from a finite data set { }Nkyxz kk ,...1;, ==  in 

the form  
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where, ky   and ko   are respectively the 

target/desired and the actual network output at each 

node in the output layer . 

Often, regularization is incorporated to smooth the 

error function  
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where λ  and µ  which control other parameters 

(synaptic weight and biases) known as hyper-
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as weight-decay regularization function and R   is 

the total number of weights and biases in the 

network.  

 

ARD-BNN which is a special configuration of a 

Bayesian neural network approach automatically 

restricts the influence of irrelevant inputs for making 

improved prediction/classification (Calster et al. 

2008). Moreover, ARD-BNN allows accessing the 

relative impact of all input variables in output 

prediction/classification quantitatively. In the plain 

BNN approach (in eq. 2), it is assumed that the 
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general state of prior information about weight of 

input and hidden layers of the network (Maiti and 

Tiwari 2009). This is attributed to application of 

same restriction to all weights (input and hidden 

layers) which is unfavourable to scaling properties of 

network (Bishop 1995). 

 
 

Figure 2: Description of flowchart. 

 

 Therefore, input layer weight ( w ) and hidden layer 

weight ( v ) could be controlled by different λ  

values, which lead to the following expression 

(Nabney 2004; Maiti and Tiwari 2010) 
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Likewise the λ value can further be partitionioned 

conceptualizing that each input weight is controlled 

by their individual λ . The magnitude of λ  would 

control the value of the corresponding weight. If the 

value of λ  is large, optimization process would 

control the weight to be very small and the particular 

input would therefore have low relevance to the 

output prediction (Nabney, 2004). Total methodology 

of the present work is presented in the flowchart (Fig. 

2).      

 

 
Figure 3: (a) Training history of automatic relevance 

determination-based Bayesian neural network 

(b)Root-Mean Squared Error (RMSE) history in 

training, validation and testing interval.  

 

The total data set (1500) is divided into three parts. 

Training data is composed of 50% of the total data 

(i.e. 750). Out of the rest 50% of the total data, 25% 

(i.e. 375) data is kept for validation of the network 

and rest 25 % (i.e. 375) is reserved for testing the 

network.  

The performance of ARD-BNN model was 

evaluated by value of Pearson correlation coefficient 

(r), root mean squared error (RMSE), reduction of 

error (RE), and index of agreement (IA) (Maiti et al. 

2013).The successful calibration of the model is 

assessed by the model performance in two 

independent data sets, called validation and test data 

sets. Table 2 shows that the trained network gives 
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satisfactory prediction results in validation and test 

data sets. 

 

 
 

 
Figure 4(a-b): The stability of water quality 

parameter for modeling and quantifying automatic 

relevance to the groundwater quality prediction. 

 

It can be learned from figure 4a-b that consistency of 

logarithmic values of hyper-parameters is likely to 

occur when the training iteration is beyond 500. The 

output of ARD-BNN is depicted in Figure 5. The 

output value close to 1.0 may be interpreted as “very 

good” class whereas ARD-BNN output value close to 

0.0 may be declared un-fit for drinking. It is found 

that most of the places in coastal Maharashtra is 

likely to have ‘good’ to ‘excellent’ quality of 

groundwater except Kelus and Shiroda (Figure 5), 

which is in agreement with HMC-BNN based results 

(Maiti et al. 2013; their Fig.7). The deplorable 

condition of groundwater quality at Kelus and 

Shiroda is possibly due to the effect of saline water 

intrusion from the Arabian Sea. It is recognized that 

pollution of coastal groundwater system is mainly 

attributed to saltwater intrusion.  

 
Figure 5: Automatic relevance determination-based 

Bayesian neural network prediction of groundwater 

quality status of the study area. The output value 

close to 1.0 is considered as excellent and the value 

close to 0.0 is considered as unfit for drinking. 

 

Conclusions 

 

The automatic relevance determination based 

Bayesian neural network (ARD-BNN) approach is 

able to predict the groundwater quality of coastal 

Maharashtra, India. Once the network is properly 

trained with global training data set, it is able to 

predict the groundwater quality instantaneously from 

new data sets. The present results also indicate that 

most of the places except Kelus and Shiroda are 

characterized to have good quality groundwater.  
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