HiLL

PUBLISHING

International Journal of Statistics and Data Science, 2026, 2(1), 1-10
https://www.hillpublisher.com/journals/ijsds/
ISSN Online: 3070-6459

Application of Artificial Neural Network in the Pre-
diction of Water Pollution for Sustainable Develop-

ment

Olufunminiyi Abiri"’, Benjamin Oyediran Oyelami', Chindo Istifanus Yarkasuwa?, Buba Mamman

Wufem?

'National Mathematical Centre, Abuja 900001, Nigeria.
2Department of Chemistry, Abubakar Tafawa Balewa University, PMB 0248, Bauchi, Nigeria.
3Department of Chemistry, Plateau State University, PMB 2012, Bokkos, Nigeria.

How to cite this paper: Olufunminiyi
Abiri, Benjamin Oyediran Oyelami, Chindo
Istifanus  Yarkasuwa, Buba Mamman
Wufem. (2026) Application of Artificial
Neural Network in the Prediction of Water
Pollution for Sustainable Development. /n-
ternational Journal of Statistics and Data
Science, 2(1), 1-10.

DOLI: 10.26855/ijsds.2026.06.001

Received: December 10, 2025
Accepted: January 26, 2026
Published: February 11, 2026

“Corresponding author: Olufunminiyi

Abiri, National Mathematical Centre, Abuja
900001, Nigeria.

1. Background

Abstract

In this paper, a Multilayer Feedforward Neural Network model with Bayesian regu-
larization (Levenberg-Marquardt) is developed as a means of predicting water points
quality parameters in Nigeria. The use of Bayesian regularized technique reduces the
potential of overfitting and overtraining, thereby improving the prediction quality of
the model. The MFNN model, uses six input variables identified as key high-risk
parameters influencing Total Dissolved Solids (TDS) and these are: Total Coliform
(TTC), Cadmium (Cd), Nitrate (NO3-), Fluoride (F), Arsenic (As), and Lead (Pb)
concentrations. The output variable TDS was selected as the predicted variable, serv-
ing as a general indicator of inorganic water pollution. The complete dataset (n=225)
was randomly partitioned into training (70%, n=158), validation (15%, n=34), and
testing (15%, n=33) sets. All input variables were normalized to [0,1] range using
min-max scaling. The training set was used for weight optimization, the validation
set for monitoring overfitting and determining early stopping, and the test set for the
final, unbiased evaluation of model performance. All input variables were normal-
ized prior to training. MFNN training with the dataset, shows mean square error
(MSE) decreases as a function of the number of epochs. At convergence, the MSE
error is 0.000401, and a high correlation (R=0.97) between predicted and observed
TDS, demonstrating its potential for predicting water quality parameters above reg-
ulatory limits. The model was able to predict the TDS values to be 985.00 which is
above the Nigeria Standard for Drinking Water Quality Maximum Permissive Level
of 500.
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In pursuance of sustainable development, pollution control in groundwater systems via the modeling of qualitative
parameters of water is one of the primary factors that warrant a special focus. Water pollution occurs when the quality
of water in a body of water is negatively affected. This may be due to addition of large amount of contaminants to
the water body. In developing countries such as Nigeria, high pollution levels are found in the groundwater. There is
an urgent need for intervention strategies.

In fulfillment of sustainable development, pollution control in groundwater systems through the modeling of
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qualitative parameters of water is one of the key factors that warrant a special focus. Water is indeed a precious natural
resource that exists on our planet and all forms of life need it. Water pollution occurs when the quality of water in a
body of water is negatively affected. This may be due to addition of large amounts of contaminants to the water body.
In developing countries such as Nigeria, high pollution levels are found in the groundwater system [1,2]. There is an
urgent need for intervention approaches. This modeling work is a contribution to these strategies.

Largely, predictive models can be divided into statistical and physically process-based approaches. Statistical ap-
proaches are relationships between historical data sets, whereas physically based approaches model the underlying
processes directly, [3]. Models developed by statistical techniques are data-driven and computationally very fast and
require fewer input parameters than process-based models. Artificial neural network, ANN, is closely related to sta-
tistical models. This type of data-driven techniques most suited to forecasting applications, [4,5].

This paper utilized ANN in modeling water quality. The water quality variables interactions are dynamic and com-
plex processes. These interactions are hidden in their measurement data. The ANN model can reveal these hidden
relationships in the historical data. The model facilitates the prediction of water quality. The steps followed in the
development of ANN models include the choice of performance criteria, division and pre-processing of the available
data. Other steps are choosing the model inputs and output variables and network architecture, optimization of the
connection weights usually termed training, and model validation [15].

This work will show the accuracy and robustness of an ANN using Bayesian regularization algorithm to predict
heavy metal in Nigeria groundwater system. The multi-layered feedforward neural network (MFNN) with Bayesian
regularization method [17] minimise overfitting. The model improves the generalization of the neural network model.

The water quality parameters were measured at various locations and states covering the six regions of Nigeria.
The models could be used as a prediction tool. This complements the process-based model and field-monitoring
programme in the region [3]. The results of the ANN prediction and forecast model for the groundwater in each region
of the country are discussed in this paper.

2. Statement of the Problem

Water is undoubtedly the most precious natural resource that exists on our planet. Pollution of water occurs when the
quality of water in a body of water is adversely affected due to addition of large amounts of contaminants, [7,8].
Pollution control in groundwater systems through the modeling of qualitative and quantitative parameters of water
warrants is a research focus. In water quality modeling, correlations and interactions between water quality variables
are investigated. This is to see whether a model governing observed patterns exists. This will allow the predictability
of these variables. The identification of such models will serve as a useful mechanism for ecologists and environ-
mentalists, [9], as an example.

3. Methods
3.1 Artificial neural network

Artificial neural network is a mathematical model involving a group of interconnected artificial neurons. The model
tries to simulate the neural structure of the human brain. Artificial neural networks are trained against input and output
data. This training process is also called a learning process. The training process is used to determine the neural
network parameters for the model. A neural network can be described as a multilayer perceptron (MLP) with gener-
alised back propagation optimization algorithm [10]. The MLP can model complex non-linear relations between
inputs and outputs. A MLP is composed of an input layer, hidden layer or layers and an output layer. Independent
processing units, called neurons, connect the layers. The number of neurons in the input and output layers is deter-
mined by the number of input and output variables respectively. The number of hidden layer or layers depends on the
level of complexity appropriate for the modelling problem. The number of neurons in the hidden layer or layers is
determined throughout the training process.

An example of a neural network with one hidden layer is depicted in Figure 1. Data flow only in one direction
through the network, from input x to output y. This type of network is called a multilayer feed forward neural network,
MFNN [15] The mapping of the inputs to the output is expressed in a MLP network written as

DOI: 10.26855/ijsds.2026.06.001 2 International Journal of Statistics and Data Science



Olufunminiyi Abiri et al.

Input layer Hidden layer Output layer

Figure 1. Schematic illustration of neural network architecture.

S/ (x; w; ﬂ?) =& (ZT L& (Zio ﬂ’ﬁxi)) )

where 81 () and £2 () are transfer functions or activation functions. W and e are network weight param-

eters. The numbers N and k of the network parameters in Equation (1) are unknown and they are determined from

optimization [11]. The transfer functions &1 () and 22 (.)mathematically defines the non-linear relationship be-

tween inputs and output of a neuron. Several continuous functions that can be used as transfer functions [10]. An
example of an activation function typically used in the hidden layer is the sigmoid activation function, defined as

1+e* ()

where, x is the input to a neuron. The sigmoid function, Equation (2), in combination with a linear transfer func-

tion in the output layer can approximate any nonlinear function provided a sufficient number of hidden layer units
are available [10].

An ANN makes use of an optimization algorithm to determine how good the error on the training input — output
data set is minimised. It also determines the number of iteration steps, [11]. However, overfitting, [12,13], defined as
the effect of generalization error resulting from the overly complicated model in an optimization process may occur.
This is the case as the model may entirely rely on the training samples and thus inadequately model new inputs that
are not part of the training set. Bayesian regularization is an optimal method that addresses overfitting and thus
improves generalization of the model, [14].

3.2 The water quality data set

The measurement data were obtained in all the 6 geopolitical zones of Nigeria. The country has a large difference in
access to quality drinking water sources. The regions are North-West, North-Central, North-East, South-West, South-
East and South-South. The country and its regions are as seen in Figure 2. In measuring the water quality variables
throughout the regions in the country, different water reservoirs were considered in the measurement. These ground-
water reservoirs considered and numbers of measurement water points are shown in Table 1. The data were obtained
during the year 2016. Several water quality parameters were measured. These comprise of the six high-risk parame-
ters. They are of Coliform bacteria (TTC), Cadmium Cd, Nitrates NO-3, Fluorides FI-, Arsenic As, and Lead Pb. The
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nuisance parameters are of Odour, Taste, Temperature, Colour, pH, EC, TDS, Turbidity, Chlorides Cl-, Sulfates SO
4, Nitrites NO3, Iron Fe, Manganese Mn and Sodium Na The largest numbers of water samples were collected from
borehole. The borehole’s depths were around 100 meters.

Niger

Figure 2. Map of Nigeria showing the 6 geo-political zones.

Table 1. Water reservoir measurement points

‘Water sources Acronym Number of sampling site
Borehole BH 213
Motorized Borehole MBH 3
Protected Dug well PDW 8
Rainwater Harvesting RWH 1

3.3 Modeling and simulation

The MFNN structure for modelling and prediction of the heavy metal (i.e. TDS) in the groundwater system in Nigeria
is depicted in Figure 3.

TTC

Cd Multilayer

NO3
=~ ——— Feedforward DS

As

— > Neural

— | Network

Pb

Figure 3. Schematic diagram of the MFNN water quality model.

The MFNN model, depicted in Figure 3, uses six input variables identified as key high-risk parameters influencing TDS: Total Coliform (TTC), Cadmium
(Cd), Nitrate (NO3-), Fluoride (F), Arsenic (As), and Lead (Pb) concentrations. The output variable is Total Dissolved Solids (TDS)
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In functional form with TDS as dependent variable, the model in Figure 3 is given by
7D8 = f(]TC, Cd,N@,Ay,F,P&)
3)

In Equation (4) and (5), we have the matrix form of the water pollution ANN model with the independent variables
in Equation (3) as input variables.
4

B N 3
— — H,C _ — _ -
ol, o, ol |(Z A, b7
N ol wl, ol |VO? N A, ||| & @)
| COl,l [(1 2} a)l‘,s ] F- | él.r | B a; i
\ | P5 J
and
a
7DS'=[ 0% @02 .. @2, ] %\ a2 5)
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In Equation (3) and (4), s refers to the number of neurons in a hidden layer. The model weights and bias param-
eters @L @2, bland b o4 from the NN training experiments. & is the hidden layer output value.
Following the Kolmogorov theory [15] we are using a g_13—] MFNN in Figure 3. The network input layer

consists of 6 neutron nodes, the single hidden layer contains 13 nodes and the output layer has only one node. The
activation function for the nodes in the hidden layer is a tangent sigmoid transfer function (TANSIG), while the output
layer uses the linear transfer function (PURELIN). Using tangent sigmoid transfer function in the hidden layer nodes

means the nodes return values will fall between [_]-. l] The neural network package in the MATLAB software [16]

was used to develop and execute the model. To address overfitting and improving generalization, the ANN method
with Bayesian regularization model functions were used. The MFNN Bayesian regularization model functions and
ANN data are shown in Table 2.

Table 2. MFNN functions and training data

Neural network Standard backpropagation multilayer feedforward
Network configuration 6:13:1
Trainine aleorithm Bayesian regularization in combination with Levenberg-Mar-
galg quardt training (TRAINBR)
Transfer functions Tan-sigmoid transfer function (TANSIG) and linear transfer
function (PURELIN)
Initialization Automatic
Learning rate 0.01
Epoch 10000

The complete dataset (n=225) was randomly partitioned into training (70%, n=158), validation (15%, n=34), and testing (15%, n=33) sets.All input
variables were normalized to [0,1] range using min-max scaling. The training set was used for weight optimization, the validation set for monitoring
overfitting and determining early stopping, and the test set for the final, unbiased evaluation of model performance. All input variables were normalized

prior to training.
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Table 3. Composition of the dataset used for training the MFNN water quality model

State in Nigeria Region in Nigeria Total number in the dataset

Bauchi North East 80

Benue North Central 42

Ekiti South West 19

Enugu South East 11
Jigawa North West 20
Plateau North Central 53

4. Results

The concentration range of the seven water quality input variables in the model domain is given in Table 4. An
example of Benue state distribution of the high-risk water pollution parameters across its local councils is shown in
Figure 4.

Figure 5 show the mean square error (MSE) curve after the MFNN training with the dataset. The regression anal-
ysis, in terms of the target and network’s output is shown in Figure 6. The R value is 0.970.

The resulting ANN model parameters in Equation (4) and (5) are given in Equation (6), (7), and (10). In Figure 7,
the predictive result of the MFNN model is shown.

Table 4. Seven water quality variables used in the study

Variable Acro- Unit **NSDWQMPL Minimum Maximum Mean Standa.rd devi-
nym ation
77C /100ml 0.00 0.00 320.00 5.58 24.57
'8 4 mg/l 0.03 0.00 0.06 0.00 0.01
NOY mg/l 50 0.00 89.22 8.68 13.04
As mg/1 0.01 0.00 0.28 0.00 0.02
- mg/l 1.5 0.00 1.52 0.54 0.44
Ph mg/l 0.00 0.00 0.02 0.00 0.00
D8 mg/l 500 5.00 985.00 139.74 122.24

*NSDWQMPL is the Nigerian Standard for Drinking Water Quality Maximum Permissible Levels-2007,

120
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Figure 4. High-risk water points pollution parameters throughout all the 41 Benue State local councils.
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Figure 6. Linear regression analysis for the trained MFNN.
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Figure 7. Predictive result of the MFNN model.
5. Discussion

From the example of Benue state distribution of the high-risk water pollution parameters across its local councils as
shown in Figure 4. The high-risk parameters are mostly above the NSDWQ maximum permissive levels especially
for TTC and Nitrate concentrations

Following the MFNN training with the dataset, the result shows MSE decreases as a function of the number of
epochs. At convergence, the MSE error is 0.000401, which is not far to the ideal value of zero. The regression analysis,
in terms of the target and network’s output exhibit good correlation and they are close on to each other with the angle
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of passing of the output line 450. This illustrates that the network has been trained properly with no occurrence of
overfitting.

From the result in Figure 7, the model is in good agreement with the observed measurements. ANN are effectively
used as a groundwater quality prediction model for TDS assessment, [17]. The model was able to predict the TDS
values that were above the Nigeria Standard for Drinking Water Quality Maximum Permissive Level of 500

6. Conclusions

This paper described the implementation of an ANN to model and predict pollutants in the groundwater system in
Nigeria. The input level for the neural network model consists of 6 variables; TTC, Cadmium, Fluoride, Nitrate, Lead
and Arsenic concentrations. The output variable is the Total Dissolved Solids. The measurement data used in training
the neural network was obtained in 2016. They consist of high risk and nuisance water pollution parameters.

Resultant models obtained are positively encouraging with high performance accuracy. From this work, the fol-
lowing conclusion can be drawn:

i. Using ANN with Bayesian regularization affords us the opportunity of combining nonlinear functions in parallel
for the modelling of the heavy metal in the groundwater system.

ii. The reduced and definite parameters obtained by training the neural network make the interpretation of the
MFNN model of Equations (4) and (5) possible.

iii. The model was able to predict water points with TDS above the Nigeria Standard for Drinking Water Quality
Maximum Permissive Level.

iiii. The model can be improved as more experimental measurement becomes available.
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