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ABSTRACT: Water quality (WQ) is to serious environmental and health concern as a result of worldwide 

population growth. A predictive model for WQ is essential for the timely prevention and management of 

water pollution. This study proposes a novel Bio-Inspired Spiking Neural Network (SNN) for identifying 

water pollution in the environment. The data pre-processing stage finds the missing data and shows the 

duplicate WQ values through data imputation and data cleaning methods. Also, the data normalization 

where WQ data are normalised as mounting data into nominal data and transformed the better WQ data 

using data transformation. Then the WQ data are split as 80% train and 20% test using a data splitting 

technique. The Bio-Inspired SNN model is trained and tested on processes WQ data, enabling to accurately 

predict pollution. Implemented using Python software, the WQ data is chosen from WQ dataset and 

effectively evaluated pollution sources with an improved prediction accuracy of 93%.  

Keywords: Spiking Neural Network, Data cleaning, Data imputation, Data Normalization, Data 

Transformation, Data Splitting, and Water Quality. 

1. Introduction  

Water is one of the most valuable resources in 

daily life that is measured by a health of aquatic 

life. Consequently, it is impacted by water 

contamination, which lowers the quality of the 

water. Since monitoring WQ and ensuring the 

survival of marine species are crucial [1]. 

Whereas, WQ concerns and challenges require 

mitigating and controlling water pollution. Many 

governments throughout the world have started to 

develop ecological water management programs 

in an effort to understand the state of the nautical 

ecosystem [2]. Approximately one billion people 

lack access to safe drinking water, and two 

million people die each year as a result of 

contaminated water, inadequate sanitation, and 

unclean conditions. Therefore, maintaining the 

quality of the freshwater is essential for daily use 

[3]. To ensure safe drinking water at affordable 

prices, there is an increasing demand for 

improved water management and WQ control. 

Systematic evaluations of freshwater, disposal 

systems and organizational monitoring practices 

are required to address these problems [4]. 

However, WQ forecasting involves predicting the 

features of variations in the health of a water 

system. Planning and regulating WQ depend 

heavily on the results of WQ assessments [5]. 

Additionally, predicting WQ data at various 

pollution levels is crucial for developing practical 
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measures to prevent further contamination. Thus, 

the effective pollution control strategies are built 

on three pillars: monitoring, modelling, and 

management [6-7]. The conventional techniques 

for assessing WQ count on comparing parameter 

values that have been found experimentally with 

the current recommendations [8]. Consequently, 

Water Quality Indices (WQI) are the methods that 

greatly reduce the amount of data and make it 

easier to communicate the state of the WQ [9]. 

Physico-chemical and bacteriological 

characteristics are used to calculate the WQ by 

the following techniques [10].  

Using various existing classification techniques, 

the WQ data is classified and analysed to assess 

the different levels of WQ and support effective 

decision-making. Using Decision Tree (DT) 

technique, the WQ assessment in diverse water 

body type is calculated with higher accuracy. 

Low requirements for data preparation, 

interpretability and the capacity to deal with 

missing values and non-linear connections are 

happened in this classifier. Whereas, over fitting, 

is susceptible to fluctuations in data, and not 

effective with huge datasets or high-dimensional 

data [11]. A Support Vector Machine (SVM) 

classifier is used as a predictor for the WQ data. 

SVM have a higher value of relative index 

prediction error and classify the data with higher 

accuracy. However, computationally costly, 

prone to outliers and noise, have difficulty using 

large datasets [12]. To improve the classification 

and prediction of WQ, CAT-Boost model is used. 

It is a flexible and effective gradient boosting 

algorithm with excellent accuracy and precision, 

reduces over fitting, and offers feature 

importance analysis. Nonetheless, includes the 

possibility of data quality loss and the 

requirement for meticulous parameter adjustment 

[13]. 

Consequently, a LightGBM classifier is used to 

predict the WQ data with higher accuracy. 

LightGBM uses the large dataset for prediction 

and produces higher accuracy and performance. 

However, it takes more processing time to access 

a single data and over fitting for noise [14]. 

Whereas, using Random Forest (RF) classifier in 

WQ data is calculated to more accurate allocation 

of pollution sources and identifying possible 

causes of variances. It’s provides higher accuracy 

and adaptability in managing problems involving 

regression and classification. Nevertheless, its 

drawbacks include its high processing cost and 

lack of interpretability [15]. To overcome these 

issues the proposed Bio-Inspired SNN 

classification technique used to predict higher 

WQ accuracy and good performance.   

2. Related Work 

Hmoud Al-Adhaileh et al [16] (2021) have 

proposed a Feed-Forward Neural Network 

(FFNN) and K-Nearest Neighbours (KNN) 

applied to classify WQ. FFNN and K-NN that 

estimate water pollution concentrations in various 

urban locations by utilizing WQ data. The 

model's dependence on data, sensitivity to WQ, 

and extensive network. However, the 

effectiveness this method it fails to achieve the 

necessary level on hyper parameters.   

Wu et al [17] (2022) have developed an Artificial 

Neural Network (ANN), Discrete Wavelet 

Transform (DWT), and Long Short-Term 

Memory (LSTM) to predict the WQ. ANN-

DWT-LSTM techniques classify and predict the 

WQ with better performance. The Prediction of 

WQ data is analysed by using the lake water with 

high accuracy. However, it have over fitting 

problem when the noise reduction process going 

on and computationally expensive.  

Alfwzan et al [18] (2023) have presented a Deep 

Learning based Bi-directional Long Short Term 

Memory (Bi-LSTM) to classify the ground WQ. 

To find the ground WQ Bi-LSTM process in both 

forward and backward direction and it is an 

effective as well as precious method. Its benefit is 

finding the quality of ground water upward and 

down ward direction with high accuracy. 

Nevertheless, higher memory needs and 
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computational complexity in comparison to 

conventional LSTMs.  

Pérez-Beltrán et al [19] (2024) have proposed an 

ANN to calculate the WQ with high accuracy and 

performance. ANN is an effective machine 

learning tool for WQ control and problem 

identification. ANN finds the problem depth wise 

and control the WQ for lakes, ponds, sea etc. 

Whereas, it have good sensitivity and specificity 

value when controls the WQ. However, increased 

computational burden, then observe the character 

of model building, and susceptibility to over 

fitting.  

Arepalli et al [20] (2024) have developed an 

enhanced Dilated Spatial-Temporal Convolution 

Neural Network (DSTCNN) for WQ monitoring 

in aquaculture. DSTCNN captures the real-time 

data from the aqua ponds and aqua river. Capacity 

to identify temporal and regional patterns in data, 

as well as the application of mixed activation 

functions to increase accuracy. However, 

possibility of high blunt expenditures, integration 

difficulty, and a lack of appropriate data. 

The Contributions of the Work are as follows: 

 Data pre-processing involves Data 

cleaning and imputation to handle missing 

WQ values and remove outliers.  

 Data normalization converts the WQ 

data’s from mounting data into nominal 

data and data transforms convert the raw 

WQ data into processed WQ data. 

 Employs a Bio-Inspired SNN to calculate 

the WQ, provides precise and robust 

predictions for WQ related metrics.  

3. Proposed Work 

Figure 1 shows the block diagram of the proposed 

Bio-Inspired SNN model for environmental 

analysis that uses advanced learning method. Bio-

Inspired SNN efficiently predicts WQ using the 

WQ dataset. Firstly, the data pre-processing 

technique uses data cleaning, data imputation to 

find the missing WQ values and remove outliers. 

By data normalization the WQ data’s are 

normalised as mounting data into nominal data. 

Then transforms the raw WQ data in to processed 

WQ data using data transformation.  Following to 

data transformation the processed data is test and 

trained using data splitting technique. Finally, the 

trained WQ data is given as an input to proposed 

Bio-Inspired SNN classifier. The Bio-Inspired 

SNN classifier classifies the WQ spikes, which 

are more realistic in terms of biology and energy 

efficiency.  

Figure 1: Block diagram for proposed Bio-Inspired SNN  

3.1 Data Pre-Processing for WQ 
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The first step in the data pre-processing includes 

WQ is data cleaning, data imputation, data 

normalization and data transformation. 

3.1.1 Data Cleaning for WQ  

The process of finding and fixing errors, 

variations, and inaccuracies in a WQ dataset,  in 

order to enhance its data quality and usability, is 

called data cleaning, referred to as data cleansing. 

Some of the data cleaning techniques are finding 

and fixing problems including inaccurate data 

entry, missing numbers, duplicates, and poor 

formatting. 

3.1.2 Data Imputation 

Data imputation models assessed, and their loss 

functions or missing WQ values computed. It 

decreases the size of the WQ dataset and result in 

skewed findings and the loss of important 

information, particularly if the dataset have a 

significant proportion of missing values. 

 

Figure 2: Data imputation for WQ 

Figure 2 shows the data imputation for WQ. The 

simplest imputation methods include weighted 

averaging, arithmetic, and mean imputation and 

linear interpolation, which only use the time-

series data that is available to carry out the 

imputation. 

3.1.3 Data Normalization 

The process of data normalization, is converting 

the rising data into nominal data. Each value in 

the instances is scaled to an equal contribution as 

part of the normalizing procedure in figure 3.  

 

Figure 3: Data normalization for WQ 

It addresses outliers, which delay the training 

process of classifier design, and decreases the 

bias of characteristics, allowing numerical 

differentiating to effectively distinguish between 

classes. The data normalization classes are mini-

max scalar, Z-score normalization that 

normalizes the WQ data. 

3.1.4 Data Transformation 

The process of transforming raw data into 

structure for analysis in order to enhance its WQ 

dataset is known as data transformation. Log and 

square root transformations are common 

strategies for mitigating the consequences of 

outliers and skewed distributions. Log 

transformation significantly lowers the impact of 

extreme values, whereas square root 

transformation provides a less forceful 

adjustment and is especially good for positively 

skewed data. Following to this, the pre-processed 

data is given to the data splitting. 

3.2 Data Splitting for WQ 

In data splitting two parts of the dataset are 

separated as a test set and a training set. 20% of 

the total data in the test set, whereas 80% in the 

training dataset. To predict or select an 

alternative, the machine learning algorithm 

establishes a relationship with the independent 

and dependent parameters. To get around this 

issue, every model is constructed 20 periods using 

various random subsets of training and testing 

data. Followed by the data splitting WQ data is 

given to the proposed Bio-Inspired SNN.  

3.3 Data classification by Bio-Inspired SNN 

for WQ 
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The proposed Bio-Inspired SNN is utilized for 

effective classification of WQ assessment. 

3.3.1 Introduction to Bio-Inspired SNNs 

 In order to create artificial intelligence that is 

more realistic and energy-efficient, SNNs are 

made to behave similarly to biological neurons in 

the water. The general architecture moves from 

simple to sophisticated representations by 

progressively extracting and refining features 

from the incoming data. Convolutional and 

pooling layers work together to improve the 

network's generalization and pattern recognition, 

which makes it useful for image recognition 

applications. Figure 4 shows the basic bio-

inspired SNN. A spike is produced when a 

membrane potential hits a specific threshold. In 

this work, numerous attempts have been made to 

model and replicate the water's computational 

operations. The timing of spikes is the basis for 

SNN computation; spikes that fire simultaneously 

are linked together and become more strongly 

connected.  

 

Figure 4: Basic Bio-inspired SNN 

3.3.2 Bio-Inspired SNN Architecture: 

In Figure 5, the Bio-Inspired SNN to WQ, this 

includes data preparation and classification. The 

first layer processes raw data, encodes it into 

spike trains, and applies a WQ data. After that, it 

is linked to a convolutional layer, which separates 

each input into many identically sized features 

and a stride window that moves over the 

  input. 

Figure 5: Bio-Inspired SNN architecture 

A convolutional feature, which serves as an input 

to the excitatory layer, is formed by each 

convolutional window. The following formula is 

used to determine the number of neurons 𝑂 in the 

convolutional layer: 

𝑂 =
(𝑖𝑛𝑠𝑖𝑧𝑒−𝑐𝑠𝑖𝑧𝑒)+2𝑃

𝑐𝑠𝑡𝑟𝑖𝑑𝑒
+ 1               (1) 

Where 𝑐𝑠𝑡𝑟𝑖𝑑𝑒the size of the stride in the 

convolutional layer, 𝑃  indicates padding, 𝑐𝑠𝑖𝑧𝑒 is 

the size of each feature in the convolutional layer, 

and 𝑖𝑛𝑠𝑖𝑧𝑒is the size of the input image in the input 

layer. The convolution output size 𝑂, is the square 

root of the convolutional layer's neuron count in 

figure 6.  
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Figure 6: Bio-Inspired SNN with nine output strides 

All feature patches other than the one to which a 

neuron is linked are suppressed in the third layer, 

which is an inhibitory layer. The number of 

excitatory layer patches is directly correlated with 

the number of neurons in the inhibitory layer. By 

using the Bio-Inspired SNN the WQ is calculated 

depth wise with good performance. 

4. Result and Discussion 

In this section the proposed Bio-Inspired SNN is 

to predict the WQ data. For WQ assessment all of 

the data divided into two sets: 20% were used for 

testing, and the remaining 80% used for training. 

WQ datasets used in the models' execution using 

Python software. Moreover, the model's 

computation time for future prediction algorithm 

implementation in performance metrics is another 

crucial factor.  

 

Figure 7: WQ category distribution  

Figure 7 shows the WQ category distribution as 0 

and 1, where 0 shows the class value of 88.6% 

and 1 have the class value of 11.4%. The dataset 

is taken from the water quality dataset. 

 

Figure 8: Comparison of silver and uranium 

distribution for WQ 

Figure 8 shows the comparison of silver and 

uranium distribution for WQ. The X-axis shows 

the concentration value and Y-axis shows the 

density value. Silver is indicated in blue color and 

uranium is indicated in orange color. Uranium 

value is 12 which are increased in-between 0 to 

0.1. Then the silver value is 6 which are increased 

in-between 0 to 0.1 and decreased still 0.55. 

 

Figure 9: Effect of bacteria on is safe  

Figure 9 shows the effect of bacteria on is_safe 

for WQ.  The X-axis shows the is_safe 0 and 1 

and Y-axis shows the bacteria. 0 is indicated in 
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light green color and 1 is indicated in dark green 

color. 0 have the bacteria of 0.6 and 1 have the 

bacteria of 0.56. 

 

Figure 10: Fluoride and radium level in water 

Figure 10 shows the fluoride and radium level in 

water.  The X-axis indicates the sample index and 

Y-axis indicates the concentration. Fluoride is 

indicated in blue color and radium is indicated in 

green color. The sample indexes have the values 

up to 8000 and concentration have the value up to 

7. Radium have the vibrations in the 

concentration between 2 to 7, sample index is 0 to 

4000 then concentration 0.5 to 7 and sample index 

is 4000 to 8000. Fluoride concentration is in 

between 0.5 to 1.5 and sample index is up to 8000. 

 

Figure 11: Correlation heatmap of selected 

water contaminants 

Figure 11 shows the correlation heatmap of 

selected water contaminants for WQ. The WQ is 

calculated as lead, mercury, arsenic, nitrates, 

bacteria and viruses.  The value for lead, mercury, 

arsenic, nitrates, bacteria and viruses is 1.  

 

Figure 12: Virus concentration distribution by 

water safety category 

Figure 12 shows the virus concentration 

distribution by water safety category for WQ. The 

water safety class is distributed as 0 and 1. 0 

indicated in purple color and 1 indicated in blue 

color, virus concentration in between 0 to 1.2. 

 

Figure 13: Distribution of fluoride and bacteria 

levels 

Figure 13 shows the distribution of fluoride and 

bacteria levels for water.  The X-axis indicates the 

concentration and Y-axis indicates the frequency.  

The bacteria are concentrated in between 0 to 1 

and it is very high up to 3000 in the concentration 

0.0. Fluoride is increased and decreased in 

between the concentration 0 to 1.45 and 

frequency up to 500. 
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Figure 14: Class distribution after SMOTE 

Figure 14 shows the class distribution after 

SMOTE for WQ.  The class 0 have the percentage 

of 50 and class 1 have the percentage of 50 for 

WQ. 

4.1 Performance Metrics  

Performance metrics like accuracy, sensitivity 

and specificity which indicate WQ be correctly 

detected and appropriately analysed as the 

probabilities calculated by the Bio-Inspired SNN. 

The true positive, true negative, false positive and 

false negative results are denoted by TP, TN, FP, 

and FN, respectively. Sensitivity[𝑇𝑃/(𝑇𝑃 +

 𝐹𝑁)], specificity [𝑇𝑁/(𝑇𝑁 +  𝐹𝑃)], F-value 

[2 × (𝑟𝑒𝑐𝑎𝑙𝑙 ×  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)/ (𝑟𝑒𝑐𝑎𝑙𝑙 +

 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)], and accuracy [(𝑇𝑃 +  𝑇𝑁)/

(𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁 +  𝑇𝑁)]. 

 

Figure 15: Training vs validation accuracy, 

training vs validation loss 

Figure 15 shows the training vs validation 

accuracy, training vs validation loss. The X-axis 

denotes the epochs and Y-axis is accuracy for 

training and validation accuracy simultaneously 

for training and validation loss X-axis for epochs 

and Y-axis for loss. The Model Accuracy graph 

illustrates increasing accuracy of 93%, with the 

model achieving high performance and minimal 

over fitting. Training and validation loss is 

reliably declining in training and validation loss, 

representing improved learning and reduced 

error. 

 

Figure 16: Confusion matrix for proposed work 

The confusion matrix for WQ is shown in figure 

16. Proposed method evaluates the model's 

performance in predicting class 0 and class 1 of 

WQ. It shows high accuracy for all classes, with 

1343 for class 0 and 156 for class 1. 

 

Figure 17: ROC curve  

Figure 17 shows the ROC curve for proposed 

work. The suggested Bio-Inspired SNN continues 

to have the highest AUC value of 0.99 for WQ 

demonstrating the approach. 

4.2 Comparison for the Proposed Method 

The comparison of proposed method with 

existing method is presented in table 1. The 

CATBoost have the classification accuracy of 
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90.5% [13] and LightGBM have the accuracy of 

91.08% [14]. The proposed Bio-Inspired SNN 

have the higher accuracy of 93% compared to the 

existing method.  

Table 1: Comparison for the Proposed Method 

Study Method Accuracy 

 Nasir et al [13] CATBoost 90.5% 

  Zegaar et al.[14] LightGBM 91.08% 

Proposed 

approach 

Bio-Inspired SNN 93% 

 

 

Figure 18: Comparison of performance metrics 

Figure 18 shows the comparison for Precision and 

recall value for proposed work. The LightGBM 

have the precision value of 89% and recall value 

of 90% [14] and proposed Bio-Inspired SNN 

have the precision value of 94% and recall of 93% 

for accessing the WQ.  

5. Conclusion 

In this paper, WQ data is classified and identified 

using the proposed Bio-Inspired SNN method. 

The data preprocessing techniques using data 

cleaning and data imputation, it effectively finds 

the missing values and outliers by data cleaning, 

finds the duplicate WQ values by data imputation. 

By data normalization and data transformation, 

the WQ data is effectively normalized and 

transferred. Finally, the proposed Bio-Inspired 

SNN to improve the network's generalization and 

produce higher accuracy. The performance 

evaluation, conducted on the WQ dataset, 

demonstrates the superior capabilities of the Bio-

Inspired SNN model compared to existing state-

of-the-art methods. By using Python software the 

proposed Bio-Inspired SNN model, it improved 

the high accuracy of 93% compared to the 

existing method.     
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