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Abstract: Water quality management is critical for sustainable resource utilization, public
health protection, and environmental conservation. This study employs machine learning
techniques to enhance the water quality classification (WQC) for Keenjhar Lake, Karachi,
Pakistan, using a comprehensive dataset spanning from 1993 to 2022. Three machine learn-
ing models, the Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Random
Forest (RF) algorithms, were evaluated for their performance on a dataset comprising
360 monthly instances and 6 key water quality parameters: temperature, pH, dissolved
oxygen, electrical conductivity, BOD5, nitrate, fecal coliform, and total coliform. The mod-
els were assessed using statistical metrics, including accuracy, precision, recall, Pearson’s
correlation, and F1-score. Among the models, the SVM algorithm demonstrated superior
performance, achieving a classification accuracy of 99.50% for WQC. This study highlights
the integration of machine learning in water quality analysis as a novel approach for
precise classification, offering insights into improved decision-making for water resource
management and treatment strategies.

Keywords: water quality index; water quality classification; machine learning algorithms;
Keenjhar lake; Pakistan

1. Introduction
Water quality classification (WQC) is essential for monitoring the condition of water

bodies. It helps to identify potential contaminants and ensure water source safety. The
Water Quality Index (WQI) is an effective tool to assess overall water quality. It considers
various parameters such as temperature, pH levels, dissolved oxygen, turbidity, and levels
of pollutants. These parameters are assigned specific weights and scores, which are then
combined to calculate the overall WQI [1]. Consequently, there is a pressing need to develop
a comprehensive and standardized approach to calculating the water quality classification
for drinking water, ensuring that it accurately reflects potential health risks and facilitates
informed decision-making for both regulatory bodies and consumers [2].

Machine learning (ML) is an essential component of artificial intelligence (AI) that
enables systems to automatically learn and improve from experience without the need for
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explicit programming [3]. ML techniques use in-depth data analysis to identify patterns and
adjust accordingly [4,5]. In water quality (WQ) studies, ML provides significant potential
for assessing, classifying, and predicting WQ indicators. For instance, given sufficient data
availability, ML models can accurately simulate hydrological processes and contaminant
transport [6].

In recent years, researchers have demonstrated the feasibility and effectiveness of
artificial intelligence (AI) in estimating WQ. Liao and Sun [7] combined artificial neural net-
works (ANN) with decision tree algorithms to predict WQ. Other researchers [8] developed
a deep learning network model, outperforming supervised learning-based techniques in
forecasting water-dissolved oxygen and pH levels. To classify WQ, Shafi et al. [9] applied
four machine learning (ML) algorithms—SVM, NN, DNN, and KNN—across various water
bodies, finding that the DNN algorithm achieved the highest accuracy at 93%. A recent
study explored the application of machine learning models in predicting water quality
parameters, focusing on the relationships between the physical attributes of the catchment
area and the in-stream water quality. Using data from the Iran Water Resource Management
Company, the study examined 11 water quality parameters over 5 years (1998–2002) and
evaluated model performance through various metrics, including Pearson’s Correlation
Coefficient and MAPE. The Random Forest model demonstrated superior performance
across the parameters [10].

These studies underscore the increasing adoption of ML for water quality prediction
and classification. They also highlight the growing recognition of its capability to handle
complex, non-linear relationships and large datasets, making it a valuable tool for real-time
water quality monitoring. This research extends the current knowledge by employing
three machine learning algorithms, namely the SVM, KNN, and RF algorithms, to predict
and classify the water quality in Keenjhar Lake, Karachi, Pakistan. By utilizing data from
1993 to 2022, this study seeks to enhance the accuracy of water quality classification and
provide a more reliable solution for water management in the region.

2. Material and Methods
This study used three machine learning algorithms, namely the SVM, KNN, and

RF algorithms, to predict the classification of drinking water for human beings. Machine
learning is one of the most remarkable and fast-growing fields in computer science. Machine
learning is built on practical algorithms that use tools and functions to deal with massive
and composite datasets. This study divided the WQI into different classes, namely excellent,
good, poor, very poor, and unfit. This study used performance evaluation metrics such
as sensitivity, specificity, F1-score, and accuracy to find the best-fitting algorithm. The
proposed ML algorithms are shown in Figure 1.

2.1. Study Area and Dataset Collection

In this study, we selected Keenjhar Lake as our research area, as it is one of the primary
sources of drinking water for approximately 1.8 million people in the city of Karachi and
parts of the Thatta district, Sindh, Pakistan [11], as shown in Figure 2.

• Surface area~13,468 ha (33,280 acres);
• Max. L~15 miles and Max. W~3.7 miles;
• Water Volume~0.53 × 106 acre. ft (650 hm3).

Table 1 shows the data collected from a lake at several locations between 1993 and 2022.
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The Irrigation Department of Sindh (IDS), Pakistan, collected these data to ensure that
the water was safe for drinking.

The dataset was split into two subsets: a training set (80%) and a test set (20%).
To evaluate the representativeness of both sets, statistical characteristics such as mean,
maximum, minimum, and standard deviation values were calculated for the input variables
(e.g., dissolved oxygen, pH, and turbidity) and the output variable (e.g., Water Quality
Index). The statistical properties of the training and test sets were compared to ensure that
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they were statistically similar, providing a fair representation of the overall dataset. Table 2
presents these statistics for the training and testing sets.

Table 1. Description of the input/output dataset.

Sr. No Input Data Unit Duration Data Source Output

1 Temperature ◦C 1993–2022 IDS

WQC2 PH - 1993–2022 IDS
3 DO mg/L 1993–2022 IDS
4 EC µS/cm 1993–2022 IDS
5 BOD5 mg/L 1993–2022 IDS
6 Nitrate mg/L 1993–2022 IDS

Table 2. Description of the dataset.

T ◦C PH DO EC BOD5 Nitrate WQI

Mean 25.95 7.51 13.77 657.53 2.20 1.93 54.05
Std 1.5 0.49 1.75 62.01 1.07 2.73 27.91
Min 21.8 6.64 1.45 203 0.13 0.00 4.20
Max 31 9.13 17.53 1002 7.41 45.5 168.42

2.2. Water Quality Index (WQI) Calculations

The Water Quality Index (WQI) is determined by averaging the individual index
values of selected parameters [12]. In this study, the WQI scores were used to classify
the water samples, with the following formula applied to calculate the WQI, written in
Equations (1)–(4):

WQI =
∑N

i=1 qi ∗ wi

∑N
i=1 wi

(1)

qi = 100 ∗
(

Vi − Videal
Si − Videal

)
(2)

wi =
K
Si

(3)

K =
1

∑N
i=1 Si

(4)

where wi is the weight unit determined for each parameter, as indicated in Equation (3)
below, N is the number of parameters employed in the water computation, and qi is the
quality rating scale of each parameter qi, determined by Equation (2).

Where Vi stands for the measured value of the parameter i in the water samples under
investigation, Si is the suggested standard value for the parameter i. Clean water with all
parameters set to 0, except pH, which is set to 7.0, and dissolved oxygen (DO), which is
set to 14.6 mg/L, is ideal. K, which stands for the proportionality constant, is described in
Equation (4).

Water quality classification (WQC) is essential in predicting the precise results from
the Water Quality Index. The WQI values were categorized into five water quality classes:
a range of 0–25 represents excellent water quality, 26–50 indicates good water quality,
51–75 corresponds to poor water quality, 76–100 denotes very poor water quality, and
values above 100 indicate water that is unfit for drinking purposes [13]. Figure 3 shows the
WQC in our dataset.
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2.3. Methods
2.3.1. Support Vector Machine

The Support Vector Machine (SVM) algorithm is a supervised machine learning
algorithm primarily used for classification and regression tasks. This study applied the
SVM algorithm to classify water quality by finding the optimal hyperplane that separates
the data points of different classes in a multidimensional feature space. The algorithm aims
to maximize the margin, which is the distance between the hyperplane and the nearest data
points (support vectors) from each class, as shown in Figure 4.
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Mathematically, for a given dataset (xi, yi), where (xiϵRn) represents the input fea-
tures and yi ∈ {−1, 1} represents the class labels, the SVM algorithm solves the following
optimization problem:

minw,b
1
2
∥ w ∥2
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This equation is subject to the following:

y = yi

(
wTxi + b

)
≥ 1, ∀i

Here, w is the weight vector defining the orientation of the hyperplane and is also the
bias term. The goal is to minimize 1

2∥ w ∥2, which maximizes the margin between classes.
In cases where the data are not linearly separable, a kernel function ϕ(x) is introduced

to map the input features into a higher-dimensional space where a linear separation is
feasible. Commonly used kernel functions include the following:

■ Linear kernel = K ( xi, yi) = xT
i xj;

■ Polynomial kernel = K (x i, yi) =
(

xT
i xj + c

)d ;

■ Radial Basis Function (RBF) kernel = K (x i, yi) = exp
(
−γ ∥ xi − xj ∥2

)
.

The RBF kernel was selected for this study because it can handle non-linear rela-
tionships between the water quality parameters. The regularization parameter C was
tuned to balance the trade-off between maximizing the margin and minimizing the
classification errors.

y = 0 (x lies on hyperplane)

y < 0 (x lies on negative side of hyperplane)

y > 0 (x lies on positive side of hyperplane)

For all green points: w × x + b ≤ −1.
For all blue points: w × x + b ≥ 1.

2.3.2. K-Nearest Neighbor

The K-Nearest Neighbor (KNN) algorithm is a non-parametric and instance-based
supervised machine learning algorithm for classification and regression tasks. In this
study, the KNN algorithm was employed to classify water quality by comparing new data
points with existing labeled data points based on similarity. The algorithm classifies a new
data point by assigning it to the class most frequently represented among its K-Nearest
neighbors, where k is a user-defined parameter.

The similarity between data points is measured using the Euclidean distance, which
quantifies the straight-line distance between two points in an n-dimensional feature space.

D =

√
n

∑
i=1

(xi − yi)
2 (5)

xi= Coordinate point A.
yi = Coordinate point B.
D = Distance b/w two points A and B.

As shown in Equation (5), this formula determines the distance between a new data
point and all training data points. The k closest data points are then identified, and the
majority class among these neighbors is assigned to the new data point.

In this study, the value of k was optimized by evaluating the model’s performance
across different values, and the optimal k was selected based on accuracy and other
performance metrics.

• Figure 5a illustrates how the KNN algorithm groups new variables into classes based
on their similarity to existing data points.
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• Figure 5b demonstrates the calculation of Euclidean distance, visually representing
the process of identifying the closest neighbors in the feature space.

The KNN algorithm is computationally simple and intuitive; its performance is highly
dependent on the choice of k, the distance metric, and the scale of the data. To ensure
optimal performance, the dataset was standardized to avoid biases introduced by differing
scales among the features.

2.3.3. Random Forest

The Random Forest (RF) algorithm is a supervised learning algorithm widely used
for classification and regression tasks, due to its robustness and ability to handle high-
dimensional data. In this study, the RF algorithm was applied to classify water quality by
creating an ensemble of decision trees, where each tree contributed to the final classification
based on majority voting.

The algorithm works by constructing multiple decision trees during the training phase.
Each tree is built using a subset of the training data and a random subset of features,
a process known as bootstrapping, and feature randomness is shown in Figure 6. This
reduces the likelihood of overfitting and ensures diversity among the trees in the forest,
thereby improving the overall model accuracy.

• Number of Estimators (n_estimators): This parameter specifies the number of decision
trees in the forest. In this study, n_estimators were set to 100 after tuning, which
provided a balance between computational efficiency and model accuracy.

• Maximum Features (max_features): This parameter determines the number of features
considered for splitting at each node. Setting max_features to

√
m, where m is the total

number of features, ensures that each tree is trained on a diverse subset of features,
improving model generalization.

The RF algorithm classifies data by aggregating the outputs of all decision trees. For a
given input x, the prediction is determined as follows:

y′ = majority vote (y1, y2, . . . . . . . . . . . . , yk)

where y1, y2, . . . . . . . . . . . . , yk are the predictions from individual trees.
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2.4. Performance Evaluation Matrix

The performance of the classification models was assessed using confusion matrices,
which are instrumental in evaluating the predictive accuracy of machine learning algo-
rithms. A confusion matrix provides a detailed breakdown of the model’s predictions by
showing the number of true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN) in comparison to the actual labels in the test dataset.

Several key performance metrics were calculated from the confusion matrix, as out-
lined in Table 3.

Table 3. Results of proposed algorithms.

SVM (%) KNN (%) RF (%)

Precision 94.57 45.72 91.99
Recall 93.73 45.09 94.28

F1-score 93.63 44.79 91.66
Accuracy 99.5 58 95

2.4.1. Precision (Specificity)

Precision is calculated by dividing the number of true positives by the total number of
positives. Mathematically, it is expressed as follows:

Precision (P) =
True Positive

True Positive + False Positive

2.4.2. Recall (Sensitivity)

Recall shows how well our algorithm can pick out true positives. Mathematically, it
can be written as follows:

Recall (R) =
True Positive

True Positive + False Negative

2.4.3. F1-Score

The F1-score is calculated as the weighted average of precision and recall. Unlike
accuracy, which may not effectively account for false positives and false negatives, the
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F1-score provides a more balanced measure, especially when the class distribution is
uneven. This makes it more useful in many scenarios. It is expressed as follows:

F1-Score = 2 ∗ Precisoin ∗ Recall
Precision + Recall

2.4.4. Accuracy

A machine learning algorithm’s accuracy can be measured by comparing it to the
training data to determine which is most effective at identifying correlations and patterns
among the variables in the dataset. It is written as follows:

Accuracy =
True Negative + True Positive

Total

2.4.5. Pearson’s Correlation Matrix Coefficient

The Pearson’s correlation matrix coefficient method analyzes the correlation between
the significant dataset characteristics utilized to predict the WQI values.

R =
n∗∑ (u∗v)− (∑ u)(∑ v)

[n∑(u2 )− ∑(u2)]∗[n∑ (v2)− ∑ (v2)]
× 100

where

R: Pearson’s correlation coefficient approach;
u: Input values in the first set of the training data;
v: Input values of the second set of the training data;
n: Total number of input variables.

3. Results
Pearson’s correlation coefficient (R) was used to evaluate the linear relationships

between the Water Quality Index (WQI) and all input variables, including dissolved oxygen,
pH, conductivity, biochemical oxygen demand (BOD5), nitrate, fecal coliform, and total
coliform. This analysis helped identify the most influential variables for predicting the
WQI values. The results revealed strong correlations between all variables and the WQI,
confirming their critical importance in determining the water quality. Figure 7 illustrates
the correlation of each variable with the WQI.

The dataset was split into two subsets: 80% for training and 20% for testing. The
training dataset was used to develop the machine learning models, while the testing
dataset was used to evaluate the models’ predictive performance. This approach ensures
that the models are trained effectively while maintaining a separate dataset to assess their
generalization capabilities.

The purpose of using this 80/20 split is twofold. First, it ensures that the models
are trained on a sufficiently large dataset, capturing the underlying patterns and relation-
ships between variables. Second, by keeping 20% of the data exclusively for testing, the
study provides an unbiased evaluation of the model’s predictive accuracy on unseen data,
minimizing the risk of overfitting.

The strong correlations between the WQI and the selected variables reinforce their
significance for water quality classification. The 80/20 split strategy further strengthens the
methodological framework, providing a reliable basis for evaluating the performance of
machine learning classifiers in real-world applications.
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Figure 8a–c illustrates the 5 × 5 confusion matrices for the Support Vector Machine
(SVM), K-Nearest Neighbor (KNN), and Random Forest (RF) classifiers, respectively. Each
confusion matrix is color-coded to visually represent the distribution of correctly and
incorrectly classified instances for the respective models. These matrices were utilized to
compute the key performance metrics in Table 3, including accuracy, precision, recall, and
F1-score.
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The Support Vector Machine (SVM) classifier utilized a Radial Basis Function (RBF)
kernel, known for effectively handling non-linear data patterns, to achieve optimal perfor-
mance. The regularization parameter (C) was set to 1000, balancing the trade-off between
achieving a low error rate on the training data and maintaining a more straightforward
decision boundary. In contrast, the kernel parameter (γ) was tuned to 0.1 to control the
influence of individual data points. For the K-Nearest Neighbor (KNN) classifier, the
number of nearest neighbors (k) was optimized and set to 4, with the Euclidean distance
metric used to determine the similarity between data points. This configuration allowed the
KNN model to classify instances effectively based on the features’ proximity. The Random
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Forest (RF) classifier consisted of an ensemble of 500 decision trees (n_estimators=), where
the maximum number of features considered at each split was set to the square root of
the total features, to ensure diversity among trees and reduce the likelihood of overfitting.
Additional hyperparameters, such as the maximum tree depth and minimum samples
per leaf, were tuned to enhance the RF model’s performance further. These carefully se-
lected parameters for each classifier underline the methodological rigor of this study, and
contribute significantly to the reliability of the results.

The performance comparison shows that in Table 3, the SVM model outperformed the
other classifiers, achieving a remarkably high accuracy of 99.5%. The RF model followed at
95%, while the KNN model lagged, with an accuracy of 58%. The superior performance
of the SVM classifier can be attributed to its ability to handle complex, non-linear data
patterns effectively using the RBF kernel.

Figure 9a–c presents the Receiver Operating Characteristic (ROC) curves for the
classifiers, displaying both individual class curves and micro and macro-average labels.
The Area Under the Curve (AUC) quantifies the overall performance of the classifiers, with
a higher AUC indicating better discrimination capability. In this study, the SVM algorithm
exhibited superior ROC–AUC values compared to the other classifiers, highlighting its
effectiveness in distinguishing between classes.
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Figure 10a–c shows the precision-recall (PR) curves for all classifiers, which provide an
additional perspective on classifier performance, especially in scenarios with imbalanced
class distributions. The results demonstrate that the SVM algorithm outperformed the
other models, maintaining higher precision and recall values. These curves provide critical
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insights into the models’ predictive performance, reinforcing the conclusion that the SVM
algorithm is the most reliable classifier for this dataset.
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This study found that the SVM classifier achieved the highest accuracy score of 99.5%
on the actual dataset, outperforming both the KNN and RF classifiers, which attained 58%
and 95% accuracy scores, respectively. These results are detailed in Table 3 and visualized
in Figure 11.
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4. Discussion
This study presents an intelligent, real-time water quality monitoring framework

using machine learning techniques, focusing on Keenjhar Lake, Pakistan. The dataset,
spanning from 1993 to 2022, included 360 samples with key water quality parameters, such
as dissolved oxygen, pH, conductivity, biochemical oxygen demand (BOD5), nitrate, fecal
coliform, and total coliform. These features influence aquatic ecosystems, making them
essential for water quality classification.

Three machine learning classifiers were used in this study, namely the Support Vector
Machine (SVM), K-Nearest Neighbor (KNN), and Random Forest (RF) algorithms, and their
performance was assessed using metrics such as precision, recall, F1-score, and accuracy,
derived from confusion matrices. Among these models, the SVM algorithm demonstrated
superior performance, with an accuracy of 99.5%, significantly outperforming the RF (95%)
and KNN (58%) algorithms. The SVM classifier also showed consistent reliability across the
precision–recall, ROC, and average precision curves, confirming its robustness for water
quality classification tasks.
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The results emphasize that the SVM algorithm’s strong performance stems from its
ability to effectively handle complex, multidimensional datasets. Its kernel-based approach
allows it to model non-linear relationships between water quality parameters and their
classification outcomes [14]. This aligns well with the physical reality of water quality
dynamics, where interactions between parameters such as the dissolved oxygen, BOD5,
and pH are non-linear and interdependent. For example, higher levels of BOD5 often
result in decreased dissolved oxygen, adversely affecting aquatic life, a pattern effectively
captured by the SVM model [15].

From a practical standpoint, the findings have significant implications for water
quality monitoring. The high accuracy of the SVM classifier supports its deployment in
real-time water monitoring systems, enabling stakeholders to make timely decisions for
environmental management and public health protection. The classification system can aid
in identifying contamination events, optimizing water treatment strategies, and ensuring
compliance with environmental regulations [16].

This study also highlights the potential for interdisciplinary collaboration in water
quality research. By integrating machine learning expertise with domain knowledge
in hydrology and environmental science, more robust and adaptive solutions can be
developed for monitoring and managing water resources.

Future research directions include the hardware implementation of the proposed
system for real-time applications, integration with Internet of Things (IoT) platforms, and
expansion into other domains, such as biomedical studies and industrial wastewater man-
agement. Furthermore, these studies could explore ensemble models or hybrid approaches
to enhance classification performance. Expanding the dataset to include seasonal varia-
tions and anthropogenic influences could also provide deeper insights into the temporal
dynamics of water quality.

In conclusion, this study underscores the potential of machine learning techniques, par-
ticularly the SVM algorithm, for accurate water quality classification. The proposed frame-
work provides a valuable sustainable water resource management and environmental con-
servation tool by bridging the gap between computational methods and physical processes.
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