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Abstract: Prediction of water quality (WQP) and the safety of drinking water is one of the most difficult tasks given the intricate
interrelationship of physicochemical and biological factors, the imbalance in the data, and the other features within the dataset. The
proposed approach fuses deep learning techniques and machine learning to establish a hybrid method. In particular, the input
features are extracted using convolutional neural networks (CNNs) from the input data with 64 features first, followed by the
classification using an RBF kernel as the input on support vector machine (SVM). Pre-processing steps include data cleaning
through imputation of both moving mean and global mean. The data is addressed when the data is imbalanced using SMOTE
method. This reduces the imbalanced distribution from 7:1 to nearly 1:1 after the algorithm’s operation. Then the predictions made
are checked for success with a pair of benchmarks, where the general prediction of water quality (WQP) has 20 predictors as well
as the predicted potable water has a total of nine predictors, respectively. For comparison, SMOTE-based techniques greatly
enhance baseline algorithms effectiveness. Our proposed hybrid technique applied as combination of CNN-RF and CNN-SVM
techniques performs better, which is evident from (the WQP dataset), whose accuracy is 96.7% and 97.25%, while the accuracy of
the water potability dataset using the same techniques is 82% and 82.87%.

Keywords: Water Quality Prediction, Hybrid CNN-SVM, Water Potability, Machine Learning, Deep Learning, Radial Basis
Function

1. Introduction:

Water quality prediction (WQP), is essential for humanity it’s honestly fundamental if we want to protect the
environment and ourselves, and use our water resources responsibly. Every year, more pollutants seep into rivers and
lakes water. It is since, more people, more factories, more stuff being produced in recent times. That makes it even
more important to keep an eye on water quality, so it don’t end up facing nasty consequences. For ages, people have
relied on collecting samples and running lab tests to figure out what’s in the water. Sure, these methods work. They’re
tried and true, but let’s be real, they’re slow and take a lot of effort. It needs skilled technicians, and everything has to
be done carefully. That means water quality reports come with a pretty big delay, and by the time you get results,
things might already have changed. Thus, it required smart Al solution to predict WQP. As shown in Figure 1, this is
an attempt at visualizing the evolution of water quality prediction systems due to the rise in environmental threats.
The first section of the figures shows the difficulties caused by human activities (industrialization, urbanization,
intensive agriculture), the problems associated with lowering the quality of surface water types (rivers, lakes) and
subsurface water. Consequently, the pollution levels and water condition deteriorate, and in order to control and predict
the changes, it is necessary.
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Figure 1: Major challenges and issues for continuous and accurate WQP requirement

This portion of the schematic reflects on the relevance of these findings to ecological protection and public
health, as well as sustainable resource management. As in Figure 1, the traditional water quality control techniques
used include laboratory analysis and sampling. While these strategies have enjoyed great fame for reliability and
precision, they may fall short of what is needed in today’s world. That gap can be fatal in some scenarios where there
needs to be an answer to pollution incidents and environmental threats. Current research works such as a recent trend
in the literature indicate that machine learning (ML) and deep learning (DL) methods are taken as possible solutions
to solving this problem. ML and DL algorithms have been capable of addressing the intricate relationships among
various water quality parameters including pH, dissolved oxygen, turbidity, temperature, and biochemical oxygen
demand (BOD). Popular conventional ML algorithms such as Support Vector Machines (SVM), Decision Trees, and
k-Nearest Neighbours are commonly used because of their robustness and capability to withstand changes in input
data. Out of these algorithms, SVM has become one of the most popular approaches used to solve environmental
problems. Especially in the case of complex high-dimensional data, applying SVM performs very well for
classification and regression. Additionally, SVM also is not complicated over computations and ensures that maximum
margin optimization will prevent overfitting.

But most traditional ML methods rely on manual feature selection methods, which might not be able to detect
complex spatial or hidden dependencies and characteristics in water quality datasets. To tackle this problem, deep
learning models, with CNNs in particular, have become increasingly popular in recent years. CNNs can capture
hierarchical structures on-the-fly from the input by automatic feature extraction and could raise prediction accuracy
with less need for manually generated features. Because CNNs are designed for image classification, they can be

used for structured environmental data as well, if they are properly adapted. A good deep learning architecture
is trained on a large amount of data in an appropriately balanced way. But as mentioned above, that balance is rarely
found in practical water quality databases.

Usually, one has far more data on common conditions than on unusual cases, which may include, for instance,
specific classes of pollution. In this case, the machine learning technique just disregards less frequently occurring
samples and trains on more frequently occurring instances. This reduces system efficiency owing to its inability to
manage classes that appear less frequently. To address this issue, there are different ways of balancing the classes,
including SMOTE, random over- or under-sampling.
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This research presents a combined deep learning-SVM approach for WQP based on CNNss to extract the features
and SVMs for the classification process, in accordance with these problems and possibilities. The goal is to label the
multi-feature water quality data as safe or unsafe quality using a binary classification problem. This hybridization
takes advantage of deep learning networks for representation learning and SVMs for their excellent generalization
capabilities, which increases prediction performance and robustness.

Research presents a comprehensive hybrid predictive model that integrates deep learning and classical ML in
depth to improve the efficiency of water quality assessment. Our approach mainly combined automatic feature
extraction based on CNN and an optimized classifier based on SVM and exploit the complementary strengths of both
models. The CNN architecture is responsible to learn complex, non-linear, and high-level feature representations on
the raw input data. Thanks to its hierarchical structure and fully connected layers, the network can produce compact
yet informative 64-dimensional feature vectors, which are capable of capturing inherent trends and underlying
relationships between water quality parameters. The deep feature embeddings are then exploited as inputs for the SVM
classifier, which is provided with an RBF kernel to process the nonlinear decision boundaries.

In addition, the SVM method also automatically selects kernel scales and standardizes features for high margin
separation while improving generalization effectiveness on diverse data. Not only does this integrate the process, but
this also helps improve classification accuracy and reduce the risk of overfitting, which is a typical issue in a standalone
deep learning model, especially when trained with small datasets. Generalizability is challenged on two different water
quality data repositories. Moreover, the study handles a significant difficulty found in practical environmental datasets,
which is the class imbalance. To mitigate this challenge, the SMOTE approach is used as a data balancing
methodology. Synthetic samples generated by SMOTE for classes having less information or a unique feature category
in datasets are likely to give an even distribution of data to those classes, thus enabling lower bias in these models and
more reliable and robust prediction in specific categories of water quality conditions. The novelty of the proposed
framework is realized by combining the CNN derived deep feature representations with an optimized SVM classifier
along with an efficient data balancing method. Additionally, the scheme includes a solid data preprocessing pipeline
with a two-stage missing value imputation technique mixing moving mean and global mean approaches.

Framework provide a customized data augmentation to improve model data consistency, which is implemented
using the SMOTE method and synthetic samples create in order to balance the class distributions of the dataset by
augmenting the minority class. Its lightweight CNN architecture is computationally efficient, allowing the model to
effectively address real-time and resource-constrained applications like IoT-based environmental monitoring systems.
The hybrid

model in contrast to the traditional single model or the only system with the single handcrafted model or the
end-to-end deep learning, has shown that the model makes both the feature learning and the classification efficiency
trade-off in balance. This leads to relatively better prediction accuracy and capability and a better performance on
generalization ability and resilience towards the noise and imbalance introduced by the given dataset. Our idea
provides a novel technique in that it is scalable, accurate and robust to handle real-time water quality prediction,
supporting real-time environment monitoring and decision-making scenarios.

For the rest of paper, it will first describe the associated works for hybrid DL based research in the section 2. In
section 3 the two completely different water quality databases, which are used in the generalizability test used in this
study, have been described. The proposed data processing and feature extraction DL framework is presented in section
4. The proposed method for safe and unsafe water quality classification with SVM-RBF-based optimization is
presented in section 5. Section 6 will qualitatively and quantitatively present the results of the sequential ML based
classifiers as well as the proposed hybrid Approach. The main conclusions, scope and discussions are presented later
on.

2. Literature Review

WQP has become an important domain of research owing to growing environmental contamination from
pollution, industrialization, and the demand for sustainable management of natural water resources. Several studies
based on ML and DL have been done recently to try improving the classification performance. This section has
sequentially reviewed the most topical works on each of these topics. Huang et al. [1] (2025) introduced a hybrid deep
learning and machine learning architecture for urban water quality prediction. Their approach mixes feature extraction
via deep neural networks with the final prediction with traditional ML models enhancing both accuracy and robustness.
Nevertheless, the model is computationally intensive and relies on large-scale datasets for better performance.
Muhammad et al. [2] (2022), used a Support Vector Machine (SVM) for drinking water classification. The procedure
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of pre-processing water characteristics and SVM classification is used. Although the model performed well, sensitivity
towards kernel choice and tuning of parameters resulted in a generalization effect. Zaky et al. [3] (2023) used a
Decision Tree (DT) classifier to predict water potability. The model is interpretable and simple to apply, but it is prone
to overfitting and instability when dealing with noisy or imbalanced data. Sangwan and Bhardwaj [4] (2024)
established a full ML scheme, using several classifiers and feature engineering. Their methods allow for comparison
and selection towards better predictions. It is, however, computationally expensive to implement, and there is a lack
of real-time applicability. Kumar and Jeevanantham [5] (2024) described a review on hybrid deep learning frameworks
employing optimized feature selection. This work emphasizes the significance of feature optimization approaches.
The limitation is that it is theory-based with very little experimental validation. Afzal et al. [6] (2024) introduced a
machine learning (ML)-based predictive modeling strategy for water quality assessment. This involves preprocessing,
feature selection, and comparative analyses of models. Performance is impacted by dataset imbalance and scalability
limitation. Zhu et al. [7] (2025) proposed a hybrid deep learning model that leverages CNN-based feature extraction
and sequence modeling. This model correctly incorporates spatial-temporal dependencies. Despite improved accuracy,
it entails higher computational cost and requires extensive training data.

Karthick et al. [8] (2024) proposed a data-driven ML strategy using data augmentation techniques. It increases
the diversity and robustness of the dataset. Nevertheless, the synthetic

data generating approach could be biased and lead to unrealistic patterns. Thota et al. [9] (2024) proposed the
CNN-SVM and CNN-RF hybrid models for water-based microplastic detection. The pairing adds accuracy to
classification. However, the model suffers from complex architecture design and longer training time. Abuzir and
Abuzir [10] (2022) used machine learning classifiers for water quality classification. The methodology compares
several models and indicates the success of ensemble methods. It has disadvantages such as lack of real-time
implementation and dependency on dataset issues. Alex and Brindha [11] (2025) have also introduced a hybrid
preprocessing pipeline with wavelet denoising and ensemble ML models. This enhances the data quality prior to the
classification process. The preprocessing pipeline, however, imparts computational overhead and adds more
complexity. Tverdokhlib et al. [12] (2022) presented an analytical and ML-based approach to the water suitability for
consumption. Although it is effective, the method suffers from reliance on defined thresholds and domain-specific
tuning. Ahmed et al. [13] (2019) proposed supervised ML models to efficient WQP that would be primarily based on
regression and classification methods. Although the study shows well predictive ability, it does not consider temporal
dynamics. Haghiabi et al. [14] (2018) utilized ML systems including ANN and regression model for water quality
prediction. While proven to be effective, the models depend on manual feature engineering and are also noise sensitive.
Ahmed et al. [15] (2019) have evaluated several ML approaches such as RF, ANN, and SVM and demonstrated
improved prediction accuracy. Nevertheless, issues of data preprocessing and parameters tuning are raised in the
research.

Azrour et al. [16] (2022) presents a comparative study of ML algorithms for WQP and finds ensemble models
that outperform individual classifiers. However, they are still computationally expensive and lack interpretability.
Zrouri and El Farissi [17] (2024) investigated the utilization of IoT and ML for predictive water quality monitoring.
The approach combines real-time sensor observations and cloud prediction. Despite this, concerns about sensor noise,
communication delay, and security threats persist. Kaddoura [18] (2022) reviewed ML algorithms for predicting
sustainable drinking water quality. The study focuses on sustainability but suffers from limited dataset diversity and
generalization issues. Bhalerao and Mohan [19] (2023) developed ML based water quality monitoring models with
different classifiers. Good though the research was, it does not have the benefit of being deployed into real-time
systems. Suwansukho and Wutthithanyawat [20] (2024) applied deep neural network (DNN) in edge computing
devices to perform real-time water quality testing. This minimizes latency, however, limitations on hardware and
processing capabilities apply. Anand et al. [21] (2023) applied CNN for predicting water quality. The model
automatically features are extracted which is enhanced performance. Yet CNN based models requires big data and
high computational capabilities.

Yan et al. [22] (2024) reviewed the ML methods for WQP in detail within the past five years. The study reveals
trends and some issues but not experimental verification. Luthra et al. [23] (2024) applied ML techniques on the water
quality prediction using the prediction of the class classification accuracy enhancement. The method works well, but
is constrained by the performance from specific datasets. Helaly et al. [24] (2025) introduced ML and DL
developments in WQP, and highlighted hybrid methods as the most promising ones. But difficulties such as system
complexity and interpretability still go unresolved. Islam et al. [25] (2025) proposed an IoT-based intelligent water
quality monitoring system with ML model integration. Though it allows for real-time monitoring, sensor reliability
and scaling of a system's operations becomes an issue. Cardia et al. [26] (2026) proposed a multivariate ML-based
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estimation method for water quality estimation. Using statistical and ML, we can use them. With the exception of one
specific case, this is a great but poorly done modeling that relies on quality multivariate data and lack the contextual
environment adaptability. Review overview is summarized in Table 1.

Author and Reference

Methodology + Dataset

Performance

Limitations

Huang et al. [1] (2025)

Hybrid DL + ML using urban water

datasets

95% accuracy

High computational cost

Muhammad et al. [2]
(2022)

SVM classifier using drinking water
dataset

91-99% accuracy

Sensitive to kernel tuning

Zaky et al. [3] (2023)

Decision Tree using water potability
dataset

54.3% accuracy

Overfitting, instability

Sangwan and Bhardwaj

[4] (2024)

Multi-ML framework using water
quality

dataset

RF 92- SVM
96%

High complexity, no
real-

time

Abuzir and Abuzir [10]

ML classifiers using water dataset

68 % accuracy

No real-time system

(2022)

Alex and Brindha [11] Wavelet + Ensemble ML using water | 99% accuracy High preprocessing cost

(2025) potability dataset

Ahmed et al. Supervised ML using water dataset 85.7 % accuracy | No temporal modelling
[13]

(2019)

Haghiabi et al. [14] ANN + Regression using water dataset | ~88-93% Manual feature

accuracy engineering

(2018)

Azrour et al. ML comparison using water dataset ~90-95% Low interpretability
[16] accuracy

(2022)

Kaddoura [18] (2022)

ML models using drinking water
dataset

73.1 % accuracy

Limited generalization

Bhalerao and Mohan
[19] (2023)

ML models using water dataset
accuracy is

maximum for ANN

82-97% accuracy

No deployment

Anand et al. [21] (2023)

CNN using water dataset accuracy of
8o

70-80% accuracy

Needs large data

Luthra et al. [23] (2024)

ML models using water dataset

70.01 % Score

Dataset dependency

Cardia et al. [26] (2026)

Multivariate ML using multivariate
dataset

94-97% accuracy

Needs high-quality data

Table 1 Summary of Review and Limitations Problem statements and gaps
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According to the reviewed papers (Table 1), a number of the common limitations and research questions hamper
the development of a highly consistent water quality prediction (WQP) system and encourage the need for advanced
mix between methods. Figure 2 shows a diagram with circular clusters summarizing the main restrictions and research
needs for Water Quality Prediction (WQP).
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Figure 2 Research Gaps and challenges of WQP problem

The inner circle points out some of the key limitations (noisy and limited datasets, inability to capture complex
relationships, high computational cost, poor interpretability, lack of real-time deployment, sensor-related issues, static
feature selection, and weak generalization). By contrast the outer ring highlights comparable research gaps around
large and standardized datasets, advanced nonlinear modeling, lightweight deep learning architectures, explainable Al
integration, real-time edge-enabled systems, robust sensor fusion, adaptive feature selection, and scalable models. The
diagram can indeed be seen that the above-mentioned interconnected gaps of the WQP systems can be solved to
develop efficient, accurate and intelligent hybrid WQP systems.

Another prevalent challenge is the absence of real-time deployment capability, which is particularly concerning
in IoT-based systems, where the effect of latency, sensor drift, and communication constraints all interfere with
prediction accuracy. What's more, most of the existing models are static, without either adaptive or dynamic feature
selection, making it hardly possible for them to respond to the dynamic changes in the environment. On a research
side, there is a glaring need for lightweight, scalable, and explainable hybrid framework designs combining ML, DL,
and optimization techniques. The future work can include robust preprocessing of the data (e.g., denoising and
imputation), intelligent feature selection, ensemble learning, and edge-enabled real-time processing, and the
application of explainable Al (XAI) for trust and decision-making. Filling these gaps can give rise to efficient,
adaptive, and high-accuracy hybrid models for the next generation water quality predictions.

3. Proposed WQP Methodology

Figure 3 shows the holistic structure of the proposed hybrid CNN-SVM method for water quality prediction
which can be categorized into three basic main stages: data preparation, CNN feature learning and feature
classification with evaluation. For the first phase, termed Data Preparation, raw water quality data is first loaded and
pre-processed. This involves dealing with missing values, normalization and class balancing for quality and
consistency of data. The

resulting data set is segmented into training and test datasets via the train—test split algorithm, for unbiased
model assessment.
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Figure 3 Proposed system block diagram for hybrid approach of WQP

In the next stage of the model pipeline, CNN Processing, deep features are extracted. The pre-processed input
datasets are initially modified in a CNN fed form. It is subsequently fed through the described CNN layered
architecture with convolutional layers, batch normalization, and activation functions, where intricate nonlinear
relationships between water quality parameters were revealed. The network is implemented with labelled data, and
the high-level discriminative features are created from the intermediary layers in a compact feature representation.
The selected CNN features can be transferred into a SVM classifier in the last stage, Classification and Evaluation.
The SVM with a suitable kernel (e.g., RBF) can be used for classification, by maximizing the margin among the water
quality classes. The trained model is then applied to make predictions on test data and is evaluated based on its
accuracy, precision, recall and F1-score. By using the deep feature learning capability of CNN + classification power
of SVM, this hybrid model ensures better accuracy and generalization for water quality prediction.

4. Problem Formulation:

The dataset in the suggested water quality forecasting framework is defined as X = {x;}m € Rm'n 1
where m refers to the total number of water samples collected from various locations and n means the 20
physicochemical properties in WQP database, whereas the pH, turbidity, dissolved oxygen (DO), total dissolved solids
(TDS), conductivity, and temperature for the water potability database are given. A label y; € {1,2, ..., k} indicates
a sample xi; the name of it represents the water quality class (e.g., safe, moderate, polluted) or pre-defined Water

Quality Index (WQI) categories.
X= {x;-}’:; € Rmmy = {yf}':‘:{y; ef{12 ...k} ()

Where m is the number of samples, n is the number of features, and k is the number of classes. Its goal is to
understand a mapping;:

fiR*— {1,2,...,k} 2)
So, it results in the lowest possible classification error. The key is to learn a predictive function

f:R*— {1,2, ..., k},, that maps the input feature space to the correct water quality class with low classification
error. This formulation allows the construction of an intelligent model that can accurately evaluate water quality
conditions based on observed environmental parameters, supporting real-time monitoring and decision-making in
water resource management.

4.1 Data Preprocessing
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For enhancing the prediction performance, the water quality dataset is pre-processed to eliminate missing values
and to minimize data imbalance. This pre-processing is achieved in three steps as follows;

4.2 Missing Value Imputation

For our proposed water quality prediction model, missing data in the input features are handled using a two-
stage imputation strategy to ensure data completeness and reliability. Initially, a local interpolation approach is applied
using a moving mean window of size five.

For a missing feature value xi,, it is replaced by the average of its neighbouring values, specifically from xito
xir. For each feature value x;,:

1 2
xj, 1if xi is missing

3)

xi={5"" 2
Xi, otherwise
Remaining missing values are replaced by average:
m
1
i s m Z:l 5 ( )
=

This approach maintains local trends and continuity in the data, particularly important in the case

of environmental parameters of pH, turbidity, and dissolved oxygen that develop gradually. Where missing data
still exist after this step (for instance, at boundary points or in very sparse areas), a global mean imputation is made.
Here the missing value is replaced with the overall mean p computed across all available samples. This two-level
imputation process increases the data quality, mitigates bias, and guarantees that the dataset is suitable for successful
training of machine learning models.

4.3 Data Normalization

Feature normalization is carried out in this framework for water quality prediction to guarantee equal
contribution of all input variables to the learning of the model. The use of raw data directly can bias the model towards
features with larger magnitudes as the dimensions of water quality parameters like pH, turbidity, dissolved oxygen,
and conductivity may vary across units and range. To mitigate this, min—max normalization is done for each feature,
which converts each one of the values to a normalized scale from 0 to 1 as.

vnorm _ —% = Xmin_ (5)

Xmax ~ Xmin

Concisely, we normalize every feature value using the difference between the minimum and maximum values
of the dataset such that the smallest value is mapped to 0 and the largest value is mapped to 1. This scaling increases
the numerical stability, speed of convergence and the performance of machine learning algorithms, particularly hybrid
ones like CNN and SVM that can be sensitive to the scaling of the features.

4.4 Data Balancing (SMOTE)

In the proposed water quality prediction model, the class imbalance is solved by implementing the Synthetic
Minority Over-sampling Technique (SMOTE) to enhance the learning capability of the classifier. For many real-world
water datasets, certain classes (for example, polluted or unsafe water) have considerably fewer samples than others,
resulting in biased model outputs. To mitigate this, SMOTE generates synthetic samples for the minority class through
interpolation of existing samples.

Xi = xi+ 8(m — xi), 6 ~ U(0,1) (6)

A new sample as x; is established by instances from the minority class as x; and one of its nearest
neighbors represented by xua. then generating a point along the line segment joining them with a random factor
given as § € (0,1). This contributes a significant expansion towards the feature space of the minority class. For extreme
imbalanced cases where there are very few samples available, synthetic data is generated by overlaying small
Gaussian noise with the existing sample: xi = x; + €, where € ~ N'(0, 6?)..
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Xi=xi+ee€~N©00) (7

This prevents overfitting while maintaining variability in the dataset. SMOTE-based balancing improves
classification performance, generalization, and ensures that all water quality classes are well represented in the dataset
in training the model.

4.5 CNN based Features Extraction

In the proposed water quality prediction framework, the Convolutional Neural Network (CNN) is employed as
a nonlinear feature extractor to learn complex patterns from the input data. Unlike traditional methods that rely on
manually engineered features, the CNN automatically captures meaningful and discriminative representations from
the input feature space.
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Figure 4 CNN layered architecture diagram used for DL feature extractions

Figure 4 illustrates the proposed Convolutional Neural Network (CNN) architecture designed for water
quality prediction based on physicochemical input features such as pH, turbidity, dissolved oxygen (DO), and
conductivity. The model begins with an input layer where the feature vector is represented in the form R*!*!, This is
followed by the first convolutional layer consisting of 16 filters of size 3 x 1, which extracts initial feature patterns
and generates feature maps of dimension Rv!*16, A batch normalization and ReLLU activation layer is then applied to
enhance training stability and introduce nonlinearity. Subsequently, a second convolutional layer with 32 filters of the
same kernel size further refines the learned representations, producing deeper feature maps of size Rv*1*32, Again,
batch normalization and ReL.U activation are employed to improve convergence and generalization. The output is then
passed through a flattening layer, which converts the multidimensional feature maps into a one-dimensional vector.

This flattened vector is fed into a fully connected layer with 64 neurons, serving as the feature extraction
layer that captures the most discriminative information from the input data. Finally, the extracted features are fed into
an output layer with kneurons corresponding to the number of water quality classes. A softmax activation function
is applied to generate class probabilities, where each output

yjrepresents the likelihood of the input belonging to class j. The network is trained using the cross-
entropy loss function, which measures the difference between the predicted probabilities and the true class labels.
This architecture effectively combines feature learning and classification, enabling accurate and robust water quality
prediction. The overall architecture effectively combines convolutional feature learning and dense classification to
achieve accurate and robust prediction of water quality.

Mathematically, the CNN performs a transformation;

@cnN: R — R4
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where the original n-dimensional input features are mapped into a lower-dimensional latent feature space of
size d = 64. This transformation enables the model to encode nonlinear relationships among water quality parameters
such as pH, turbidity, dissolved oxygen, and conductivity. The extracted feature vector provides a compact and
informative representation of the input data, which is subsequently used by the classifier (e.g., SVM) for accurate
prediction. This approach improves model robustness, enhances classification performance, and reduces the
dependency on manual feature selection. The details of CNN feature layer is shown in Table 2.

Feature Source Layer Name Number of Description
Layer Features
Fully Connected Feature- 64 Learned feature representation
Layer Layer .
used as input to SVM
classifier

Table 2 CNN Feature Extraction Layer Details

The features extracted from the CNN model are the activations obtained from the fully connected layer. The
fully connected layer named feature-Layer generates a 64-dimensional feature vector, which serves as a compact and
discriminative representation of the input data. These extracted features are subsequently used as input to the SVM
classifier for improved WQP and classification performance.

Convolution Operation

In the proposed CNN-based feature extraction framework, the convolution operation is the fundamental
building block used to learn spatial and feature-level representations from the input data. At each layer [, the feature

map F? is obtained by applying a set of learnable filters W to the output of the previous layer F‘lil), followed by
the addition of a bias term b, This operation is mathematically expressed as:

FO — 5 w® gD 4 p0)

where *denotes the convolution operation. The convolution process involves sliding the filters across the
input feature map to capture local patterns and dependencies among the input features. After convolution, a nonlinear
activation function is applied to introduce nonlinearity into the model. In this work, the Rectified Linear Unit (ReLU)
activation function is used, defined as;

0(z) = max(0, 2),

Which effectively retains positive values while suppressing negative ones. This not only helps in learning
complex nonlinear relationships among water quality parameters but also improves computational efficiency and
mitigates issues such as vanishing gradients

In the proposed water quality prediction model, the Convolutional Neural Network (CNN) is trained using
the cross-entropy loss function, which is widely used for multi-class classification problems. This loss function
measures the difference between the true class labels and the predicted probability distribution generated by the
network. Mathematically, the loss is defined as

m k
Leww = 2520 vic log(Pic)

i=1c=1

where m is total number of training samples and kis the number of classes. Term y(i,c) represents the
true label (one-hot encoded) for sample ibelonging to class ¢, while y{i,c) denotes the predicted probability for that
class obtained through the softmax function. The loss function is evaluated and is minimized for improving the
accuracy of detection.

4.6 Hybrid CNN-SVM Classifier

In the proposed water quality prediction framework, the SVM classifier is applied on the high-level features
extracted by the CNN. Instead of directly classifying raw input data, the CNN first transforms the original feature
space into a more discriminative latent representation # € Rd, capturing complex nonlinear relationships among water
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quality parameters. These learned features are then used as input to the SVM for final classification. The SVM aims
to learn an optimal decision boundary in this transformed feature space, defined as:

f(h)=w'p(h) +b

where w is defined as the weight vector, variable b is the bias term, and ¢(-) represents a nonlinear mapping
induced by the kernel function (typically the Radial Basis Function, RBF). This mapping allows the SVM to separate
data points that are not linearly separable in the original space. In this hybrid approach, the CNN acts as an automatic
feature extractor, while the SVM serves as a powerful classifier that maximizes the margin between different classes.
The SVM optimizes the decision boundary by solving a convex optimization problem, ensuring better generalization
and robustness, especially for small or imbalanced datasets. By combining CNN’s deep feature learning capability
with SVM’s strong classification performance, the proposed model achieves higher accuracy and improved reliability
in water quality prediction tasks

4.7 Optimization Objective

In the proposed hybrid CNN-SVM framework, the SVM) is trained on the features extracted by the CNN to
determine an optimal decision boundary. The objective of the SVM is to maximize the margin between different
classes while minimizing classification errors. This is formulated as a convex optimization problem:

m
1
min_ 1w 124+ CZE
whé 2 i1 ‘
i=

subject to:

yilwTep(h) + b) =21 — &

Here, w represents the weight vector, bis the bias term, and &; are slack variables that allow for misclassification
of some samples. The parameter Ccontrols the trade-off between maximizing the margin and minimizing classification
errors. A larger value of Cemphasizes correct classification, while a smaller value allows a wider margin with some
misclassification. This formulation ensures robust generalization, especially when dealing with complex and noisy
water quality data.

4.8 Radial Basis Function (RBF) Kernel

To handle nonlinear separability in the feature space, the SVM employs the Radial Basis Function (RBF) kernel,
defined as:

K(hi, hy) = exp(—y Il hi=h; II?)

where yis a kernel parameter that controls the spread of the Gaussian function. The RBF kernel implicitly maps
the input features into a higher-dimensional space, enabling the SVM to construct nonlinear decision boundaries. This
is particularly useful in water quality prediction, where relationships among parameters are often complex and
nonlinear.

4.9 Hybrid Model Prediction

The overall hybrid model integrates deep learning and machine learning as:

f(x) = SVM(¢penn(x))

In this formulation, the CNN first processes the input data xand extracts high-level feature representations
@CNN(x). These features are then fed into the SVM classifier, which performs classification by identifying the optimal
separating hyperplane. Thus, the CNN is responsible for automatic feature learning, while the SVM ensures optimal
margin-based classification, leading to improved prediction accuracy and generalization. Once the model is trained,
prediction is performed by assigning each input sample to the class with the highest posterior probability:

¥i = argmaxP(y =c | h)
s

where h; is representing the CNN-extracted feature vector for the i-th sample. The classifier
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outputs probabilities for each class, and the class with the maximum probability is selected as the final
prediction. This approach ensures reliable and accurate classification of water quality categories.

4.10 Proposed Hybrid Models (CNN+SVM)

as clear from Figure 5 illustrating the complete workflow of the proposed hybrid CNN—-SVM model for water
quality prediction using deep learning techniques. The process begins with the decision to analyse water quality data,
followed by loading the dataset. An initial check is performed to ensure that a valid dataset is available. The system
then evaluates the presence of missing values; if detected, appropriate preprocessing techniques such as moving mean
and global mean imputation are applied to handle incomplete data. The proposed sequential flow chart is illustrated
in the Figure 5. The flowchart introduces an integrated pipeline that combines preprocessing of missing
physicochemical data with intelligent feature learning to enable accurate and reliable water potability prediction
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Figure 5 Flow Chart of the Proposed Hybrid CNN-SVM methodology for WQP
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5. Results and Discussions

This research has presented the results of the water quality prediction or classifications. The two-distinct
database are used one for water quality prediction and for water potability database. both are unique in their features.

Dataset Head:
aluminium ammonia arsenic barium cadmium chloramine chromium copper \
e 1.65 9.08 ©.04 2.85 ©.007 ©.35 ©.83 e.17
ki 2:.32 21.16 ©.01 3.31 ©.002 5.28 9.68 ©.66
2 1.01 14.02 ©.04 ©.58 ©.008 4.24 ©.53 ©.02
3 1.36 11..33 ©.e4 2.96 ©.001 723 ©.03 1.66
4 9.92 24.33 9.3 9.20 ©.006 2.67 9.69 ©.57
flouride bacteria lead nitrates nitrites mercury perchlorate \
e ©.05 e.20 ©.054 16.08 1223 ©.007 37.75
i ©.90 ©.65 ©.100 2.01 1.93 ©.003 32.26
2 ©.99 ©.05 ©.078 14.16 b e K ©.006 50.28
3 1.e8 .71 ©.0916 1.41 129 ©.004 9.12
a4 9.61 ©.13 ©.117 6.74 1.3% ©.003 16.90
radium selenium silver wuranium is_safe
e 6.78 ©.es8 ©.34 ©.02 i 4
1 3.21 ©.es8 0.27 ©.05 a £
2 7.7 ©.07 ©.44 ©.01 (=}
3 1.72 ©.02 ©.45 ©.0e5 1
4 2.41 ©.e2 0.06 0.02 pr £

Table 3 screen shot of the WQP data features as head

The head of the WQP dataset is shown in Table 3, with 20 input features and 1 target variable. The 20 input
features contain parameters from chemical indicators (aluminium, ammonia, arsenic, barium, cadmium, chloramine,
chromium, copper, fluoride, mercury, perchlorate, radium, selenium, silver, and uranium) and biological indicators
(bacteria, lead, nitrates, and nitrites). All input features are extremely relevant as they cover various physical and
chemical properties and microbiology of the water body, which ultimately affects the drinkability of water. The
presence of heavy metals (arsenic, cadmium, mercury, lead), nitrates, and nitrites implies pollution by chemicals,
whereas the concentration of bacteria indicates pollution due to biological contaminants. Chloramine and fluoride are
associated with the water treatment process. The target variable is_safe (0/1), where 0 means water is unsafe, and 1
means water is safe for human consumption.

ph  Hardness Solids Chloramines Sulfate Conductivity Organic_carbon Trihalomethanes Turbidity Potability |
0 NaN 204.890455 20791.318981 7.300212 368.516441 564.308654 10.379783 86.990970 2.963135 0
1 3716080 129.422921 18630.057858 6.635246 NaN  592.885359 15.180013 56.329076  4.500656 0
2 8099124 224236259 19909.541732 9.275884 NaN 418.606213 16.868637 66.420093  3.055934 0
3 8316766 214.373394 22018.417441 8059332 356.886136  363.266516 18.436524 100.341674  4.628771 0
4 9092223 181.101509 17978.986339 6.546600 310.135738  398.410813 11.558279 31.997993  4.075075 0

Table 4 water potability dataset description as head

Table 4 provides a description of the water-potability dataset consists of key physicochemical parameters used
to assess whether water is safe for human consumption. It includes nine input features such as pH, hardness, total
dissolved solids, chloramines, sulfate, conductivity, organic carbon, trihalomethanes, and turbidity, which collectively
describe the chemical composition and quality of water. The target variable, Potability, classifies water as safe (1) or
unsafe (0). The presence of some missing values indicates the need for preprocessing before model development.
Overall, the dataset provides a balanced and practical representation of real-world water conditions, making it suitable
for training machine learning models for accurate water quality prediction.

5.1 Results of the Oversampling (SMOTE)

Figure 6 presents a clear comparison of the class distribution in the water potability dataset before and after
applying SMOTE oversampling. In Figure 6(a), the dataset exhibits a strong class imbalance, where the non-potable
class (0) significantly outnumbers the potable class (1). Such imbalance can lead to biased model learning, where the
classifier tends to favour the majority class, resulting in poor detection of potable water instances.
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Figure 6 the representation of the data class distribution before and after SMOTE

In contrast, Figure 6(b) shows the distribution after applying the Synthetic Minority Over-sampling Technique
(SMOTE), where the minority class is augmented with synthetically generated samples to achieve a nearly balanced
distribution between both classes. This balancing improves the model’s ability to learn from both classes effectively,
enhances generalization, and leads to more reliable and unbiased prediction performance in water quality assessment.
It is clear from Figure 6 that before SMOTE, the class distribution is highly imbalanced (approximately 7:1 in favor
of the non-potable class), whereas after SMOTE, it becomes nearly balanced at a 1:1 ratio between potable and non-
potable classes.

5.2 Results of ML classifier without Using CNN

In this section the results of the WQP or classification performance of various conventional ML methods are
presented. The comparative evaluation of the four confusion matrices as given in the Figure 7 a) to d), reveals notable
differences in classification performance across the applied models for water quality prediction. The baseline Decision
Tree (DT) model without SMOTE achieves an accuracy of approximately 93.5%, which marginally improves to 93.7%
after applying SMOTE, indicating that oversampling has a limited but positive effect on DT performance. In contrast,
the Random Forest (RF) with SMOTE demonstrates the best overall performance, achieving the highest accuracy of
approximately 96.6%, reflecting its superior ability to generalize and effectively handle class imbalance through
ensemble learning. However, the SVM model with SMOTE exhibits a significantly lower accuracy of approximately
64.7%, despite achieving very high true negative classification, suggesting poor sensitivity toward the minority
(potable) class. This indicates that individual SVM classifier might struggles to balance precision and recall in the
presence of synthetic data. Thus, it creates the straight forward demand of designing the hybrid classification approach
capable of increasing the accuracy of the classification. Although using data balancing (SMOTE) method is capable
of improving the accuracy. Similarly, the highly imbalance water-potability dataset results for different ML methods
are presented in the Figure 8.
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The performance comparison of four ML models, including DT, RF, SVM as the baseline model, in their
validation phase based on SMOTE or non-SMOTE is illustrated in Figure 7. Without SMOTE, the DT model (Fig.
8a) displays decent accuracy, although there is significant

misclassification of the data point between potable and non-potable water samples. With SMOTE, the DT model
(Fig. 8b) can obtain better class balance in terms of increased recall value of minority samples. With SMOTE, the RF
model (Fig. 8c) achieves the highest level of consistency in classification, which indicates that this model provides
the best accuracy and least false prediction. On the other hand, with SMOTE, the SVM model (Fig. 8d) is precise for
detecting non-potable water samples but less sensitive to detect potable samples because of class overlap despite the
oversampling.

It is apparent that there are significant disparities in accuracy among the four models. Without using SMOTE,
the DT model produced an accuracy of 60.3% with notable class imbalance. When SMOTE was used accuracy level
dropped slightly to 59.4%. The RF with SMOTE model generated the best accuracy at 68.6%, indicating the model's
superior generalization and good classification accuracy for both classes. On the other hand, the SVM with SMOTE
produced the worst accuracy at 59.2%. This model showed high accuracy in predicting non-potable water but low
sensitivity for potable water, resulting in lower accuracy scores.

Model Precision Recall F1-score
Decision Tree (No SMOTE) 0.738 0.665 0.700
Decision Tree (SMOTE) 0.933 0.941 0.937
Random Forest (SMOTE) 0.955 0.978 0.966
SVM (SMOTE) 0.981 0.300 0.459

Table 5 Comparative quantitative performance of Models for WQP database

Model Precision Recall F1-score
Decision Tree (No SMOTE) 0.490 0.467 0.478
Decision Tree (SMOTE) 0.589 0.622 0.605
Random Forest (SMOTE) 0.684 0.689 0.686
SVM (SMOTE) 0.987 0.185 0.311

Table 6 Comparative quantitative performance of Models for water_potability database

The tables below show how various models perform in comparison on the WQP dataset (Table 5) and the water
potability dataset (Table 6). In regards to the WQP dataset, use of SMOTE greatly improves model performance,
especially in case of DT where the Fl-score improves from 0.700 to 0.937. The model that performs best using
SMOTE is the RF since it has the highest accuracy in terms of precision (0.955), recall (0.978) and F1-score (0.966).
Although the model that has the highest precision is SVM (0.981), its recall is quite low (0.300), giving a poor F1-
score (0.459), which indicates poor model performance since the model cannot effectively identify the minority class.
On the other hand, the model that has the best performance on the water potability dataset when SMOTE is used is
the RF. The F1-score increases from 0.478 to 0.605 in case of DT. These initial validations offer significant challenge
of handling the data imbalance in case of water-portability database. Therefore, in this research a hybrid approach of
DL based on CNN and SVM combination is proposed.

5.3 CNN Training Results

The training process of the Convolutional Neural Network (CNN) for water quality prediction is carried out
using an optimized deep learning configuration to ensure efficient learning and high accuracy. The model is trained
for a maximum of 10 epochs, during which the network iteratively updates its weights using the Adam optimization
algorithm. A mini-batch size is employed to process subsets of data, enabling faster convergence and improved
generalization.
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Figure 10 Loss function validation for hybrid WQP system

During training, the model performs forward propagation to extract hierarchical features from the input data
trading accuracy is validated as in Figure 9, followed by backpropagation to minimize the cross-entropy loss function
as shown in Figure 10. The learning rate is maintained constant at 0.001, ensuring stable and consistent weight updates
throughout the training process. Validation is performed periodically after every 50 iterations to monitor model
performance and prevent overfitting.

The training process consists of 7080 total iterations, with 708 iterations per epoch and above results are shown
for the WQP database, and is executed using a single GPU to accelerate computation. The total training time recorded
is approximately 6 minutes and 37 seconds. Upon completion, the model as shown in Figure 9 achieves a validation
accuracy of 96.58%, indicating strong predictive capability and effective learning of underlying patterns in the water
quality dataset. The lower loss function as in Figure 10 signifies the good quality of training and validation.

5.4 Results of the Hybrid Model based WQP

The results of the various ML models and their respective Confusion matrix for water potability analysis and
predictions. Figure 11 have presented the results of the validate confusion matrix for the hybrid approached of various
ML models for WQP. Similarly, the Figure 12 presented the Confusion matrix for the hybrid CCN-RF and CNN-SVM
approaches for the water potability database (DB). It is clear from the Figure that significant accuracy improvement
is achieved by the proposed hybrid model over previous validation results. The Figure 13 shows the percentage
accuracy comparison between two hybrid models, CNN-RF and CNN-SVM, on two datasets: Water Quality DB and
water potability DB. As far as Water Quality DB is concerned, CNN-RF has an accuracy of 96.70% whereas CNN—
SVM has a higher accuracy than CNN-RF with 97.25%, which signifies that both models have almost perfect accuracy
and CNN-SVM has a slight edge over CNN—RF.
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Figure 13 Accuracy comparisons result for hybrid CCN-RF and CNN-SVM models

On the other hand, when it comes to Water Potability DB, as in Figure 13 the CNN-RF has 82.00% accuracy
whereas CNN—SVM has a slight edge over CNN—RF by obtaining an accuracy of 82.88%.

The comparison of class-wise performance measures presented in Table 7 and Table 8 clearly shows the inherent
strengths of the hybrid CNN-RF and CNN-SVM approaches for the Water Potability and Water Quality datasets. In
the case of the Water Potability dataset (Table 7), the hybrid CNN—RF approach showed equal performance for Class
0 with precision of 80.48%, recall of 84.50%, and F1-score of 82.44%, whereas the hybrid CNN-SVM approach had
higher precision (86.23%) and lower recall (78.25%) for Class 0, which gave it a similar F1-score of 82.04%. As far
as Class 1 is concerned, the hybrid CNN—RF approach achieved 83.68% precision and 79.50% recall (F1 = 81.54%),
while the hybrid CNN-SVM approach increased recall dramatically (87.50%) at the cost of reduced precision
(80.09%), giving it a superior F1-score of 83.63%.

Class For Hybrid CNN-RF For Hybrid CNN-SVM
Precision (%) | Recall (%) | F1 Score (%) | Precision (%) | Recall (%) | F1 Score (%)
Class 0 80.48 84.50 82.44 86.23 78.25 82.04
Class 1 83.68 79.50 81.54 80.09 87.50 83.63
Table 7 Comparative Class-wise Performance for water potability dataset
Class For Hybrid CNN-RF For Hybrid CNN-SVM
Precision (%) | Recall (%) | F1 Score (%) | Precision (%) | Recall (%) | F1 Score (%)
Class 0 97.56 95.76 96.66 98.20 96.26 97.22
Class 1 95.84 97.60 96.71 96.33 98.23 97.27

Table 8 Comparative Class-wise Performance Metrics for CNN -SVM WQP database

Unlike the other datasets, the Water Quality dataset (as in Table 8) shows nearly perfect classification
performance for both models, where the CNN-SVM model outperforms the CNN-RF model slightly. Specifically,
for class 0, the CNN—RF model gives an accuracy of 97.56%, recall of 95.76%, and F1 of 96.66%. However, the
CNN-SVM model performs slightly better,

giving an accuracy of 98.20%, recall of 96.26%, and F1 of 97.22%. Likewise, for class 1, the CNN-RF model
obtains an accuracy of 95.84%, recall of 97.60%, and F1 of 96.71%. In contrast, the CNN-SVM model obtains an
accuracy of 96.33%, recall.

Figure 14 shows the performance of the Hybrid CNN-SVM classifier on a per-class basis, emphasizing how
consistent it is with respect to both the classes. In terms of Class 0, the precision, recall, and F1-score of the classifier
were 98.20%, 96.26%, and 97.22%, respectively, showing that the classifier has performed exceptionally well in
identifying cases where water samples are not potable and has been very sensitive. On the other hand, when the same
measures were considered for Class 1, the model produced scores of 98.23% (precision), 96.33% (recall), and 97.27%
(F1-score). It is evident from the above discussion that the performance of the Hybrid CNN-SVM model has been
fairly similar in terms of precision, recall, and F1-score across both classes, thereby signifying that it does not exhibit
any bias towards either of the two classes.

These results are further justify from the Figure 15 depicts the Receiver Operating Characteristic (ROC) curve
for the Hybrid CNN-SVM model applied to the Water Potability dataset. The curve demonstrates the trade-off
between the True Positive Rate (sensitivity) and the False Positive Rate across varying classification thresholds. The
ROC curve rises steeply toward the top-left corner, indicating strong discriminative ability of the model. The Area
Under the Curve (AUC) is reported as 0.9725, which reflects excellent classification performance, signifying that the
CNN-SVM model can reliably distinguish between potable and non-potable water samples. The curve is contrasted
against the diagonal baseline of a random classifier
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Model Precision (Class 1) | Recall (Class 1) |F1 Score (Class 1)
P. Kamath RF Ensemble (2025) 73.0 75.0 74.02
Karthick et al (2024) LightGBM 94.90 74.00 83.10
Karthick et al (2024) RF 95.50 65.00 77.40
Karthick et al (2024) CatBoost 93.80 68.00 78.80
Proposed Deep CNN-+RF Model 95.84 97.60 96.71
Proposed Deep CNN+SVM Model 96.33 98.23 97.27

Table 9 Comparison of the State of art performance for proposed hybrid modes tested

The comparative findings presented in Table 9 prove the dominance of the proposed hybrid CNN-SVM method
compared to other previous state-of-the-art methods. In relation to the precision measure of Class 1, the hybrid CNN-
SVM model attained a value of 96.33%, which is an increase of +23.33% from the RF Ensemble method of P. Kamath
(73.0%), as well as +1.43% from the highest value among all traditional ensembles (RF with a value of 95.50%). On
the other hand, for recall, CNN-SVM scored 98.23%, a high increase of +23.23% from Kamath’s RF Ensemble
(75.0%), as well as +33.23% from RF (65.0%). Thus overall, it is concluded that proposed hybrid CNN-SVM offers
significant edge over the existing ML based approaches and offers the relatively significant edge on bot datasets. for
water-potability dataset prosed hybrid approach offers nearly 15 % hick in accuracy signifies the good generalizability

of model.
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6. Conclusions and Future Scope

This study shows that our proposed hybrid CNN-SVM model significantly outperforms both classic machine
learning methods and other hybrid models towards prediction of water characteristics. Since the feature extraction of
CNN is deep and the classification of SVM is powerful, the hybrid approach achieves better parametric performance
between different datasets.

Thus, the hybrid CNN-SVM model obtained a validation accuracy of 97.25% on the Water Quality Prediction
(WQP) dataset and 82.88% on the water potability dataset, which significantly surpassed hybrid CNN-RF methods
that obtained 96.70% and 82.00% respectively. The Area Under the Curve (AUC) for the hybrid CNN-SVM on the
water potability dataset was 0.9725 as shown.

Thanks to incorporating SMOTE, this model manages some of the problems such as class imbalance well, while
showing excellent generalizability and reliability, with high AUC values and balanced class-wise performance metrics.
Compared to traditional ML models with

combined methods for instance SMOTE, the results showed much improved precision, recall and F1-scores
from a hybrid CNN-SVM model. For instance, on the WQP sample, both the Random Forest with SMOTE obtained
F1-score of 0.966 and the CNN-SVM achieved 0.9727.

Compared with the RF Ensemble method proposed by P. Kamath (2023), there was a

+23.33% precision increase and +23.23% recall improvement for Class 1 for proposed hybrid CNN-SVM
model and outperformed state-of-the-art ensemble methods. The results verify that hybrid CNN-SVM architecture
provides an effective and practical approach for the accurate and reliable water quality sampling, overcoming current
state-of-the-art approaches and serving as a significant instrument for environmental monitoring and human health
safeguarding.

As a future scope the optimize method can integrate with the hybrid CNN-SVM by introducing a more
sophisticated feature selection to minimize dimensionality and increase computational efficiency. Considering other
kernel functions or adaptive kernel learning in the SVM component may provide more effective performance among
the nonlinear data from water quality. Studying ensemble hybrid models to combine few deep learning architectures
with different classifiers to increase predictive ability and generalization to different water quality data could be
promising
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