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In the present study, artificial neural networks (ANN) were used to derive and develop models 
for prediction Kelly’s ratio (KR ), percent sodium (Percent  Na), permeability index (PI ), residual 
sodium carbonate (RSC), sodium absorption ratio (SAR) and soluble sodium percentage 
(SSP) as groundwater quality parameters of Ratnagiri district by using post monsoon season 
groundwater quality parameters (Na, Mg, K, CaCO3 and HCO3) collected for time period 1999-
2014 from Groundwater Surveys and Development Agency, Navi Mumbai as input variables. The 
ANN model was developed with multilayer feed forward back propagation (MLFBP) with sigmoid 
transfer function. While developing ANN model for different input parameters, three steps were 
followed as identification of model structures, to evaluate the performance and adopting model 
for forecasting. The model development data set was further divided into three subsets; training 
set, cross validation set and testing set in 70:15:15 proportions. The ANN models were developed 
for prediction KR, Percent Na, PI, RSC, SAR and SSP using neurosolutions. Performance of model 
was evaluated by statistical criteria which included correlation coefficient, root mean square 
error, index of agreement and mean bias error. The analysis revealed that the selected ANN based 
models had correlation coefficientr>0.95, RMSE<0.3438, IA>0.91and MBE<-0.2450 for Model 3-2-1 
to predict KR, Model 4-2-1 to predict percent Na, Model 4-6-1 to predict PI, Model 4-4-1 to predict 
RSC and Model 3-6-1 to predict SAR and SSP during post monsoon season. The results confirmed 
that developed ANN models were found suitable for prediction of water quality indicators used for 
irrigation purpose. It was recommended that two numbers of nodes in hidden layer can be used for 
modelling of KR and percent Na, four number of nodes for RSC and six numbers of nodes can be 
used for SAR, SSP and PI under limited data availability.
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	 The Ratnagiri district of Maharashtra is outlined 
by coastline and creeks and agricultural land is 
reported to be saline due to sea water ingress along the 
coast and creeks. Ground water quality has become 
saline therefore rendering it unsuitable for irrigation. 
Population has almost doubled within a span of two 
decades in this district directly resulting in a rise in 
irrigation and micro-scale industries. Water required 
for all these activities is sourced from the groundwater 
reserves, thereby deteriorating the quality due 
to manmade tampering. Besides anthropogenic 
activities, natural phenomena such as weathering of 
rocks and dissolution of minerals and climate changes 
also lead to release of certain elements into water. 
Therefore, assessment of the water quality and its 
prediction will help to suggest the type of amendment 

to be adopted or suitable measure to be adopted in 
that area. Routine applications of fertilizers on crop 
fields cause contamination of groundwater as well as 
accumulation of the nutrients in groundwater. Several 
researchers evaluated the suitability of groundwater 
for irrigation quality viz., Jeevanandam et al. (2006), 
Laluraj and Gopinath (2006), Nagarajan et al. (2009), 
Prasanna, et al. (2010) and Tyagi et al. (2009). Total 
dissolved solids (TDS) values are also considered as 
an important parameter in determining the usage of 
water, and groundwater with high TDS values are not 
suitable for both irrigation and drinking purposes as 
reported by Freeze and Cherry (1979).

	 Artificial neural network is a massively parallel 
distributed information processing system that has 

J. Indian Soc. Coastal Agric. Res. 36(2): 122-127 (2018)



36(2) 	 Water quality prediction with artificial neural network	 123

certain performance characteristics resembling 
biological neural networks of the human brain 
(Junsawang et al., 2007). The basic building block of an 
ANN is neuron. They receive an input and produce an 
output, which is passed to other neurons in other layers. 
Neurons having similar characteristics in an ANN are 
arranged in groups called layers. The neurons in one 
layer are connected to those in the adjacent layers, but 
not to those in same layer. The strength of connection 
between two neurons in adjacent layers is represented 
by connection strength or weight (s). Khandelwal and 
Singh (2005),Yesilnacar et al. (2008) and Ehteshami 
et al. (2016) observed that the predicted results of 
chemical parameters of groundwater by ANN was 
very satisfactory and acceptable and seen to be a 
good alternative for prediction of groundwater quality 
parameters. The present study focuses on ascertaining 
the irrigational suitability of groundwater in the study 
area and intends to highlight such issues, if any, for 
future implementation of preventive measures and to 
model and predict the groundwater quality parameters 
using artificial neural network technique.

MATERIALS AND METHODS

	 An ANN normally consists of three layers, an 
input layer, a hidden layer and an output layer. Input 
layer usually receives input signal values. Neurons 
in output layer produce output signal. ANN has been 
found useful for modeling and prediction of uncertain 
and complex phenomena. A neural network trained 
from previous data to forecast future events, without 
accurately understanding physical parameters which 
influence present and future events. In training, 
network was adjusted based on comparison of output 
and target, until network output matches the target. The 
number of nodes in input layer depends on number of 
parameters used in estimating such as residual sodium 

carbonate (RSC), sodium adsorption ratio (SAR), 
soluble sodium percentage (SSP), permeability index 
(PI), percent sodium (% Na) and Kelly’s ratio (KR). 
The input parameters and number of nodes in hidden 
layer consider for different class models is given in 
Table 1.

	 A total of 2236 samples data sets collected were 
divided into a model development set and evaluation 
data. According to Rao and Rao (1995) and Kumar 
(2002, 2008) the data was then normalized in order to 
train network.

	 The model development data set was further 
divided into three subsets; training set, cross validation 
set and testing set in 70:15:15 proportion. The first 
subset was used for computing and updating the 
network weights and biases where as second subset 
was used for cross validation. The error in validation 
set was monitored during the training process. When 
validation error increases for a specified number 
of iterations, training was stopped, and weights and 
biases at the minimum of the validation error were 
returned. The most common architecture composed of 
the input layer, where data are introduced, the hidden 
layer where data were processed and output layer 
where results of given inputs were obtained was used 
with learning functions namely Levenberg- Maquardt 
learning algorithm (Zanetti et al., 2007). Single hidden 
layer with sigmoid transfer function was used. The 
network was trained for 5000 epochs and with goal for 
mean square error of 0.001. The number of neurons 
in input and output layers were fixed as per given 
combinations. The numbers of neurons in hidden layer 
were varied as per input parameters in input layer i.e. 
maximum twice input parameters (2n) in order to get 
best performance as given in Table 1. 

Table1. Number of nodes in hidden layer 

Sr. No. Input parameters No. of nodes in hidden layer  Output parameters
1 CO3

2- , HCO3
-, Ca2+, Mg2 2, 4, 6, 8 Residual sodium carbonate (RSC)

2 Na+, Ca2+, Mg2+ 2, 4, 6 Sodium adsorption ratio (SAR)
3 Na+, Ca2+, Mg2+ 2, 4, 6 Soluble sodium percentage (SSP)
4 HCO3

- , Na+, Ca2+, Mg2+ 2, 4, 6, 8 Permeability index (PI)
5 Na+, Ca2+, Mg2+ 2, 4, 6 Kelly’s ratio (KR)
6 Na+, Ca2+, Mg2+, K 2, 4, 6, 8 Percent Sodium (Percent Na)
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Performance evaluation of ANN model 

	 The evaluation of performance of different 
ANN models was done using statistical analysis. 
The artificial neural network technique was used for 
evaluation of groundwater quality parameters during 
post monsoon seasons for irrigation purpose. 

	 The ANN models were tested using different 
statistical indicator viz., MBE, RMSE and IA. 
(Jacovides and Kontoyiannis, 1995, Stockle et al., 
2004; Vazquez and Feyan, 2003, Willmott, 1982) as 
given below. To evaluate the effectiveness of each 
network and its ability to make precise prediction. 
The Root Mean Square Error (RMSE) can be used to 
determine how well the network output fits the desired 
output.The smaller values of RMSE ensure better 
performance. It is defined as follows:

 	 …(1)

Where,

	 Pi = Predicted for ith observation 

	 Oi = Observed value for ith observation 

	 N = Number of observations.

The Mean bias error (MBE) is given as

	 …(2)

	 Index of agreement (IA) provides a relative 
measure of error and allowing cross comparison of the 
model.

	  		  …(3)

Where,

d = index of agreement (IA)

N = number of observations,

The correlation coefficient (r) is often used to evaluate 
the linear relationship between the predicted and 
measured values. 

	 ...(4)

RESULTS AND DISCUSSIONS

	 The ANN models developed were used for 
prediction of KR, Percent Na, PI, RSC, SAR and SSP 
using neurosolutions. 
Performance of ANN for different neurons in 
hidden layer for KR

	 Kelly’s Ratio (KR) is measured considering 
sodium ion concentration against calcium and 
magnesium ion concentrations. Water sample with 
a KR value <1 are considered suitable for irrigation, 
while those with greater ratios are rendered unsuitable. 
During post monsoon KR values varied between 0.10 
- 0.91. According to Kelly’s ratio, water analyzed is 
suitable for irrigation during post monsoon. Table 2 
showed that, correlation coefficient (r) of model 2 was 
highest among all three models but the IA was high 
in model 1. Mean bias error and RMSE for model 1 
was lowest among all. MBE values with negative sign 
means it underestimated the values of KR. Therefore, 
model 1 (3-2-1) was better for predicting KR values 
during post monsoon season in Ratnagiri district. 
Performance of ANN for different neurons in 
hidden layer for percent Na

	 It is observed from Table 2 that, r and IA values 
were found to be constant for training, testing and 
cross validation in all cases. But values of MBE 
and RMSE changes comparatively more in training, 
testing and cross validation to r and IA values. It may 
be due to the fact that MBE was found to be nearer 
to zero and therefore changes were more visible on 
small scale. MBE was lowest in model 1. MBE values 
with negative sign means it underestimated the values 
of percent Na. RMSE was lowest among all models. 
Performance of model 1 was better as compared to 
model 2 and model 3. Therefore, for post monsoon 
season model 1 (4-2-1 model) was best suited for 

;
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prediction of percent Na values during post monsoon 
season for Ratnagiri district. 

Performance of ANN for different neurons in 
hidden layer for PI

	 Another modified criterion has evolved based on 
the solubility of salts and the reaction occurring in 
the soil solution from cation exchange for estimating 
the quality of irrigative water. Soil permeability is 
affected by long-term use of irrigation water and is 
influenced by total dissolved solids, sodium contents 
and bicarbonate content, etc. It is observed that, 
correlation coefficient (r) for training and testing and 
cross validation was 1.00, 0.98 and 0.99 respectively. 
There was very close index of agreement for training, 
testing and cross validation being 1.00, 0.99 and 0.99, 
respectively for model 3. Mean bias error was close 
to zero in negative direction. RMSE was observed 
lowest among all the models for training, testing and 
cross validation in post monsoon season for Ratnagiri 
district. In Ratnagiri district, for post monsoon season 
model 3 (4-6-1) model was best suited to predict PI.  

Performance of ANN for different neurons in 
hidden layer for RSC

	 The residual sodium carbonate (RSC) index of 
water/soil signifies the alkalinity hazard posed by it 
and it finds the suitability of water for irrigation in 
case of clay soils. Residual sodium carbonate values 
should be preferably less than 1.25 to be rendered 
suitable for irrigational purposes. Data pertaining to 
performance indices viz., correlation coefficient (r), 
index of agreement (IA), mean bias error (MBE) and 
root mean square error (RMSE) of different models 
for changing number of neurons is given in Table 2. 
It was observed that, r values in training, testing and 
cross validation was nearly equal for all considered 
models. In the case of IA change in the number of 
neurons in hidden layer improved performance of 
ANN models. But values of MBE and RMSE changed 
comparatively more in training, testing and validation 
as compared to the r values. The value of correlation 
coefficient and IA was equal in model 2, 3 and 4. MBE 
and RMSE was low as in model 2 compared to other 
three models. Model 2 (4-4-1) was found best suited 

Table 2. Performance of the various groundwater parameters

Parameter Architecture Data set Correlation MBE RMSE IA
KR 3-2-1 Training 0.92 -0.0478 0.1674 0.94

Testing 0.94 -0.0211 0.1005 0.94
Cross validation 0.95 -0.0759 0.1451 0.95

percent Na 4-2-1 Training 0.98 -0.4682 3.2246 0.99
Testing 0.99 -0.4081 2.0632 0.99
Cross validation 0.99 -1.0383 2.6365 0.99

PI 4-6-1 Training 1.00 -0.0270 0.0719 1.00
Testing 0.98 -0.0173 0.0725 0.99
Cross validation 0.99 -0.0144 0.0629 0.99

RSC 4-4-1 Training 1.00 0.0379 0.0713 1.00
Testing 0.99 0.0225 0.0579 1.00
Cross validation 1.00 0.0335 0.0599 1.00

SAR 3-6-1 Training 0.98 -0.2176 0.3698 0.97
Testing 0.97 -0.1348 0.2482 0.90
Cross validation 0.97 -0.2137 0.3438 0.91

SSP 3-6-1 Training 0.99 0.0440 1.7385 1.00
Testing 0.99 -0.4797 1.4172 1.00
Cross validation 0.99 -0.2450 1.7354 1.00
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to predict RSC in Ratnagiri district for post monsoon 
season among four models.  
Performance of ANN for different neurons in 
hidden layer for SAR

	 Sodium adsorption ratio is a measure of the 
sodicity of the soil and is determined through 
quantitative chemical analysis of water in contact with 
it. An excess of HCO3

- and CO3
2- ions in water react 

with Na+ in soil, resulting in a sodium hazard. Based 
on the SAR values all samples have low sodium hazard 
and hence can be considered suitable for irrigation. 
High correlation coefficient (r) for training (0.98), 
testing and cross validation (0.97) were observed. A 
high index of agreement for training (0.97), testing 
(0.90) and cross validation (0.91) was observed. 
Mean bias error was found to be close to zero. The 
biasness which was indicated by Mean Bias Error 
(MBE) represents underestimation as it was negative. 
RMSE was close to zero for training, testing and cross 
validation during post monsoon season for Ratnagiri 
district. Therefore, Model 3(3-6-1) was best suited 
to predict RSC in Ratnagiri district for post monsoon 
season among three models is given in Table 2.
Performance of ANN for different neurons in 
hidden layer for SSP

	 High sodium ion concentration in soil can take 
a toll on internal drainage patterns in soil as release 
of calcium and magnesium ions are facilitated due 
to absorption of sodium by clay particles. The SSP 
values range from 5.02 - 42.01 in post monsoon. 
The SSP values was suitable for irrigation during 
post monsoon. It is observed from Table 2 that the 
correlation coefficient (r) for training, testing and 
cross validation was 0.99 and index of agreement 
for training, testing and cross validation was 1.00 for 
model 3. Mean bias error was close to zero and lowest 
among all models. The biasness as indicated by MBE 
represents underestimation when it is negative. RMSE 
was also lowest among the entire model for training, 
testing and cross validation during post monsoon 
season for Ratnagiri district. Therefore, Model 3  
(3-6-1) was best suited to predict SSP in Ratnagiri 
district for post monsoon season among three models. 

	 The different ANN models were developed for 
prediction of water quality indicators such as KR, 
% Na, PI, RSC, SAR and SSP to test the suitability 

of groundwater for irrigation purpose for post 
monsoon periods. The output of predicted water 
quality indicators were compared with observed 
parameters using statistical performance indicators. 
The analysis revealed that selected ANN based 
modelshad correlation coefficient more than 0.98, 
index of agreement more than 0.98 with less bias 
error and mean error in terms of MBE and RMSE 
for post monsoon season. The analysis revealed that 
for the selected ANN based models had correlation 
coefficient (r>0.95), RMSE (<0.3438), IA (>0.91) 
and MBE (<-0.2450) for Model 3-2-1 to predict KR, 
Model 4-2-1 to predict percent Na, Model 4-6-1 to 
predict PI, Model 4-4-1 to predict RSC and Model 
3-6-1 to predict SAR and SSP during post monsoon 
season. The results confirmed that the developed 
ANN models were suitable for prediction of water 
quality indicators used for irrigation purpose. It was 
recommended that two numbers of nodes in hidden 
layer can be used for modelling of KR and percent Na. 
Four number of nodes for RSC and six numbers of 
nodes can be used for SAR, SSP and PI under limited 
data conditions. The present study revealed that the 
quality parameters for more than 94.60% of the total 
number of samples were within the permissible limits 
for irrigation during post monsoon season, with a 
very few isolated exceptions as per irrigation water 
quality standards.Thus, it could be concluded that the 
groundwater of the study area is in general suitable for 
irrigation purpose. 
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