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ABSTRACT

An approach was used in this study to relate the predicted and calculated water quality index (WQI)
of the Brahmani River. The WQI was predicted using an artificial neural network (ANN) tool, and
the weighted Arithmetic Index technique was used to calculate the WQI (WAI). The WQI is
calculated using physicochemical parameters as input data. Pollution Control Board (India) data was
utilised to train and evaluate the model, as well as to forecast WQI. The ANN model is trained using
the feed-forward back-propogation approach. 70 percent of the data was used for training, whereas
30 percent was used for testing and validation (15 percent) (15 percent). The regression coefficients
for all of the stations were greater than 0.9, indicating that ANN modelling produced successful
results. For all stations, the average percent of variance between anticipated and computed WQI is
8.63 percent. According to the findings of this study, the ANN model may be useful for predicting
the WQI of both surface and groundwater.

Keywords: ANN, Brahmani River, CWC, PCB WQI, WAI.

INTRODUCTION

As a consequence of fast industrialization and growing pollution, the usage of freshwater for
household and industrial reasons has grown day by day. Overuse of water leads to an increase in
water demand [1, 2]. Thousands of new toxins have emerged in recent years as a result of human
activity [3]. Some new pollutants are routinely produced by the cosmetics industry, and heavy metals
are discharged by a variety of industrial processes [4,5]. Water is one of the most important resources
for manufacturing and processing [6]. They used industrial water that had to be treated before being
dumped into neighbouring bodies of water. Many industries, such as dyeing, tannery, sugar, and
paper and pulp, need a large amount of water for a variety of purposes [7,8]. However, these
industries will require proper treatment facilities [9]. Physical, chemical, and biological processes are
the three types of wastewater treatment procedures [10, 11]. The treated wastewater must be recycled
in industries before being released into the environment [12]. Surface and groundwater pollution will
arise if this effluent is not appropriately treated [13]. In India, several factories are located adjacent to
rivers [14]. Rivers are one of the most important sources of surface water. These industries utilize
these rivers for taking the water for their processing and also discharging the wastewater into the

river [15,16]. The toxins in the wastewater will be degraded by the natural process, as rivers are



recognised for their self-purification. However, when pollutants are mixed in large quantities with
the river, the river's self-purification ability is lost, and the entire waste stream is polluted, causing
serious environmental difficulties [17,18]. This contaminated water has been linked to a number of
water-borne disorders [19, 20]. The degradation of surface and groundwater was caused by these
contaminants [21]. Assessment of groundwater and surface water has become a requirement all
across the world [22]. Water contamination has necessitated numerous quantitative methods to
evaluate water quality during the past decade. Researchers have developed a variety of methods for
measuring water quality by incorporating its physicochemical and biological characteristics. [23, 24].
Instead of considering numerous additional parameters, as a single measure, water quality is judged
by the WQI values [25, 26]. Since various national and international authorities frequently monitor
and study water quality [27,28], the water quality index is derived using several criteria. As a result,
many WQIs tailored to specific locales and with varying degrees of application have been established
around the world [29].

WQI is a critical and unique assessment that displays the complete quality of water through time and
aids in the selection of the best treatment technique to solve the issues [30]. The advantages are as
follows:

1. This approach uses data from a range of water quality factors to create a mathematical equation
that scores the water body's health as a sequence of integers. [31].

2. In comparison to total water quality parameters, fewer parameters are required for a specific
application.

3. Useful for giving general water quality information to concerned citizens and policymakers.

4. Important for water quality evaluation and management [32] because it reflects the combined
influence of various factors.

Artificial Neural Networks are a very effective tool for prediction that has been used in recent years
(ANN). A neural network (ANN) is a mathematical model that predicts the output from a set of input
data [33, 34]. Multiple hidden neurons make up an artificial neural network (ANN), which is used to
train, test, and verify data sets. Recently, ANN has emerged as one of the most hopeful technologies
for predicting non-linear and difficult events [35, 36]. Water quality indices can be used to create
artificial neural network models using a variety of methods, including a backup neural network, a
modular neural network, and a radial base function network [37]. Water quality parameters in the Saf-

Saf River were used to develop a water value (WQI) forecasting model utilising neural networks and



multivariate techniques. Three-layer forward feed-forward MLP gradient (GD) networks, Broyden—
Fletcher—Goldfarben—-Shanno (BFGS), and context conjugate gradient (CG) learning were used to
study the association between water quality measures and WQI. In comparison to other types of MLP
models, which have a low root mean square error (RMSE = 0.007) and a high determination value
(R2 = 0.811), their studies demonstrated that the MLP model with BFGS gives the maximum
potential output. As a result, the current research begins by (i) evaluating a river with several stations,
(i) calculating WQI using the WAI method, (iii) predicting WQI using ANN, and (iv) comparing

WQI between predicted and computed values.

MATERIALS AND METHODS

STUDY AREA

The Brahmani River, which comes from the continental Chotanagpur Plateau, is the subject of
investigation (Fig.1). This is the second longest river and occupies 15% of the geographical area of
the state. The river was formed by two major tributaries, Sankh and Koel, which originate in the state
of Jharkhand. From 20° 28' north to 25° 35' north, and 80° 52' east to 82° 30 east, the river runs. The
river's catchment spans Chattisgarh, Jharkhand, and Odisha, with the majority of the water flowing
through Odisha. Sundergarh, Keonjhar, Sambalpur, Deogarh, Angul, Dhenkanal, Jajpur, and
Kendrapada are the eight districts of QOdisha that make up the river delta. Concerning the importance
of the use of water from the Brahmani river, the river basin has been divided into several groups. By
considering the types of the area with respect to agriculture and industry nine stations have been
selected for research purposes. In this study, the selected sampling stations individually are of
specific use. The stations like RSP Nala, Panposh, Talcher, and Kamalanga are sounded by major
industries. The rest of the stations i.e. another five stations (Tilga, Jaraikela, Gomlai, Nandira, and
Jenapur) are the main points for agriculture. So by considering these nine stations we can analyse the
water quality as a mixed influence of daily uses of water. This analysis can provide a fruitful result

for our investigation.
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Figure-2: Sampling Stations on the Brahmani River
WQI Calculation



For calculating the water quality index, the weighted arithmetic index approach has been frequently
used. Each influencing parameter's quality rating or sub-index (qn), which is a number that shows the
relative intensity of the parameter in contaminated water in relation to its standard permitted value, is
computed first in this procedure [38]. The quality index for the specific parameter is then calculated
by multiplying this value by a weightage factor [39, 40]. The various quality indices are then
combined to get an overall quality index. The rating is generated using the current guidelines after
collecting the whole water quality index. The necessary equations are shown below.
qn = 100 * [(, — V5)/(Sn — Vo)]

Where, gn = The nth water quality parameter's quality rating,

Vi = The nth water quality parameter of the obtained sample's estimated value,

Sn = The nth water quality parameter's standard allowable value and

Vo = Ideal water quality parameter nth value.

The unit weight (Wn) is then calculated as an inverse function of the parameter's suggested standard
value Sn.

Wh=1/8n
Where We = The nth water quality parameter's unit weight,

Sn = The nth water quality parameter's standard allowable value and

By linearly aggregating the quality rating and unit weight, the overall water quality index (WQI) is
obtained.

WQI = (gnWh) / ZWh
Where, gn = Water quality parameter quality rating

W, = Different water quality parameters' unit weight

Table. 1: WQI (WAI) RATING SCALE

WQI Ranges Quality of water
0-25 Excellent
26 -50 Good
51-75 Poor
76-100 Very poor




100 Unsuitable for drinking

ANN MODEL

The "nntool"” toolbox in MATLAB is used to generate models using a neural network in this study.
Two windows in the MATLAB window are dedicated to the task of model generation [41]. The
workspace window and the command window are the two. The data is input in the workspace
window, and the neural network toolbox "nntool” is activated in the command window. Physico-
chemical parameters are all input data, but WQI considers them output or response (Target) data.
Table. 2: ANN Modeling Input & Target (Response) Data
(1) pH (pH units)
(ii) Biochemical Oxygen Demand (BOD)
(iii) Dissolved Oxygen (DO)
(iv) Total Phosphorus (P)
(v) Electrical Conductivity (EC)
(vi) Iron (Fe)
(vii) Potassium (K)
(viii) Calcium (Ca)
(ix) Fluoride (F)
(x) Manganese (Ma)
(xi) Chlorides (Cl)
(xii) Total Hardness (TH)
Output | WQI

Input

The feed-forward backpropagation approach was examined for WQI training and prediction. The
data was utilised for training 70% of the time, validation 15% of the time, and testing 15% of the
time. The regression coefficient (R) is increased until it approaches 1.0 (typically >0.8). Figure 3
shows how the TRAINLM and LEARNGDM training functions are used to model a hidden layer of
10 integers. The regression plots contain graphs for the test, training, and validation phases, as well

as a complete regression graph.
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Fig 3: ANN Structure

Result and Discussion

The performance of the models built is examined using two years of PCB data from all nine sites

(2019 and 2020). Tables 3 and 4 show the WQI computed (WAI Method) and forecasted (ANN
Model) for 2019 and 2020, respectively.

Table 3: WQI prediction (ANN Model) vs. calculated (WAI Method) - 2019

) ANN Model WAI Method
Station
Summer | Rainy | Winter | Summer | Rainy | Winter
Jarikela 130.66 | 119.69 | 119.69 | 173.08 | 138.39 | 137.52
Tilga 188.85 | 181.75 | 168.89 | 171.52 | 168.61 | 167.74
Rsp Nala 1679 | 173.69 | 192.28 | 178.52 | 196.89 | 215.02
Panposh 122.07 | 99.73 | 101.22 | 177.96 | 141.41 | 110.37




Talcher 192.72 | 202.63 | 80.77 | 205.24 | 17591 | 80.96
Gomlai 164.25 | 134.25 | 164.25 172.75 | 117.49 | 160.03
Kamalanga | 130.07 | 221.92 | 180.67 | 140.95 | 205.44 | 178.44
Nandira 238.79 | 138.79 | 138.79 | 247.56 | 141.03 | 145.07
Jenapur 100.77 | 110.77 | 203.06 | 107.21 | 109.86 | 207.41

The results show that for practically all stations and seasons, the agreement between the model and
real values is pretty satisfactory. When comparing Panposh to other stations, it can be seen that the
model values deviate more from the computed values. It should also be highlighted that the expected
values for practically all stations and seasons are on the higher side. The anticipated values for the
stations Panposh, RSP Nala, Gomlai, and Nandira are lower than the actual readings. When the WQI
values for table no.1 are considered, it is clear that the water quality for maximum stations in all three
seasons is unfit for human consumption. The river's surface water is used as a supply of water for
domestic uses. For sources utilised for domestic purposes, the WQI should always be less than 100.
The WQI scores at all nine locations indicate that the river is entirely contaminated and unfit for
human consumption. The river became polluted as a result of industrial development and other
activities. Common activities that may add to the pollution load in the river include solid waste
dumping, sewage drainage, and the release of toxic effluents. When pollutants enter the river, they
fully deplete the available dissolved oxygen and transform the aerobic zone to the anaerobic zone.
The river's self-purification also suffers as a result of the frequent disposal of rubbish alongside the
river. Table 3 further shows that all of the station WQI ranges are very high, greater than 100. It
increases the severity of pollution levels, and the river is occupied with constant s loading of
pollutants along its length. Talcher station will be exempt throughout the post-monsoon season. The
anticipated and computed values indicate that the water quality at this site is quite bad. Table 4
depicts the changes discovered at each of the nine locations in 2020. Tables 3 and 4 show that the
WQI for the year 2020 is significantly lower than it was in 2019. Many of the questions, including
Tilga, Panposh, Talcher, Gomlai, and Nandira, were reduced to less than 100. For example, the
average WQI for 2020 was reduced by 21, 17, and 35% for pre-monsoon, monsoon, and post-
monsoon, respectively. The decrease in WQI values indicates that the quality of surface water has
improved as a result of lower pollutant loads in the river. COVID 19 caused a nationwide lockdown

in India after March 2020, resulting in the closure of many small and medium-sized businesses, the



arrest of many recreational activists, the closure of public places, and a reduction in water
consumption. As a result, may be pollution levels have decreased and water quality has improved.

The regression analysis for the ANN model for Station Tilga is shown in Figure 4.

Table 4 indicates that the model and real data agreement is excellent for practically all stations and
seasons. In comparison to other stations, the variance is higher at Gomlai and Nandira. Except for
Jarikela, the anticipated values are lower than the computed values for almost all stations. According
to the anticipated values, the water quality for the stations Panposh and Talcher is very bad in all
seasons, but the water quality is unacceptable according to computed values, which exhibit the
highest variance in comparison to other stations. Table 5 summarises the R? (Regression

Coefficients) predicted by ANN for all stations.

Table 4: WQI prediction (ANN Model) vs. computation (WAI Method) - 2020

Station ANN Model WAI Method

Summer | Rainy | Winter | Summer | Rainy | Winter
Jarikela 230.66 | 80.66 | 80.66 228.4 77.1| 85.03
Tilga 67.23 | 330.97 | 99.97 89.61 | 334.18 | 113.86
Rsp Nala 101.76 | 112.36 | 109.78 | 106.12 | 114.99 | 107.83
Panposh 80.67 | 98.06 | 81.14| 110.47|102.65| 101.86
Talcher 88.33 | 96.34| 89.05| 101.97| 9758 | 88.74
Gomlai 92,62 | 112.62 | 92.62 99.61 | 109.73 | 106.02
Kamalanga | 210.26 | 78.49| 80.76 | 213.23 92.5| 90.05
Nandira 98.79 | 88.79| 108.79 | 108.91| 96.24 | 105.28
Jenapur 140.77 | 140.77 | 110.77 176.45| 131.1| 110.83




Table 5: Percentage Deviations between Compute WQI and Actual

Station 2(_)19 i 2(_)20 i Average
Summer | Rainy | Winter | Summer | Rainy | Winter

Tilga -102 | -7.9 -0.8 24.6 0.9 12 9.3
Jarikela 243 | 134 12.8 -1.1 -4.7 5} 10.15
Panposh 31.2| 29.2 8.2 26.7 4.4 20.1 19.97
Rsp Nala 5.9 117 10.5 4 2.2 -1.9 6
Gomlai 48| -14.3 -2.8 69| -28 12.5 7.25
Talcher 6| -15.3 0.2 13.2 1.2 -0.5 6
Nandira 3.5 1.5 4.2 9.2 7.6 -3.5 4.88
Kamalanga 76| -81 -1.4 13| 149 10.2 7.18
Jenapur 5.9 -1 2 201 | -75 0.1 6.02
Average” 11.02 | 11.27 4.7 11.88 | 5.07 7.23 8.53

Note: * Absolute deviation values are used in average computations.

The percent divergence of WQI between the ANN model projected values and WAI computed values
is calculated and displayed in Table 5 to examine the success of the ANN methodology used at this
time. The variance has been calculated using data from both 2019 and 2020. The model values' total
average variance is predicted to be 8.3 percent. On the upper side, the greatest and lowest deviations
for the 2019 pre-monsoon Panposh and 2019 post-monsoon Talcher values are + 31.2 percent and +
0.2 percent, respectively. The highest and lowest variances, respectively, are -15.3 percent (2019
monsoon Talcher) and -1 percent (2019 pre-monsoon Jaraikela). The regression coefficient analysis
of two years of data with the help of the ANN model has strengthened the comparison between
predicted and computed values. As we know, the closer the R-value is to 1, the closer the two data
are related. As a result, the R values range between 0.91 and 1. Figure 4 shows a sample result from

the Tilga station. In table no. 6, the R values of all stations are listed.
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Figure 4: Regression Coefficient for the Station Tilga - ANN model

Table 6: All stations' regression coefficients
R2

Test | Training | Validation | All
Tilga 0.9908 | 0.9601 0.9209 | 0.9677
Jaraikela | 0.9998 | 0.9961 0.9944 | 0.9963
Panposh 0.9999 | 0.9250 0.9137 | 0.9881
RSP Nala |0.9998 | 0.9941 0.9999 | 0.9995
Gomlai 0.9999 | 0.9998 0.9998 | 0.9998
Talcher 0.9998 | 0.9996 0.9998 | 0.9996
Nandira 0.9997 | 0.9998 0.9999 | 0.9998
Kamalanga | 0.9998 | 0.9984 0.9999 | 0.9985
Jenapur 0.9947 | 0.9996 0.9942 | 0.9988

Station




CONCLUSION
Following are the conclusions reached after modelling, computation, and comparison.
% The current study used ANN modelling to create a model for predicting the WQI for a set of
12 factors for the river Brahmani.
% The regression coefficients for all of the stations were greater than 0.9, indicating that ANN

modelling produced successful results.

X/
°e

The average variation for all stations combined is 8.63 percent, which is a reasonable figure.
The model values are often slightly higher than the real values in the majority of cases.
Except for Jaraikela and Panposh, the average variance for all stations is less than 10%.
Jaraikela and Panposh had average variances of 10.25 percent and 20.07 percent,
respectively. When all stations are taken into account, the pre-monsoon ANN values are
found to be about 11% for both years.

%+ The modelling shows the most accurate result in comparison to the computed value, and this
is solely utilised for the Brahmani river to determine the ANN model's efficiency. Future
predictions can be made using this method by providing suggestions on water contamination,
which will be highly useful in allowing essential action to be taken ahead of time. This model
can also be used to predict water quality in a variety of situations.
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