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Abstract—Water is a vital resource for our daily existence and plays a crucial role. Therefore, utilizing artificial
intelligence and Internet of Things (IoT') devices can be imperative to monitor water quality efficiently. To
address water quality, this study presents the development of a hybrid voting method for detecting water qual-
ity. The objectives of this study: 1) develop a hybrid voting model; 2) Analyze the ML model’s memory and
time complexity; 3) Integrate the best model with an IoT to monitor water quality. However, the voting
method, consisting of LR, SVM, and XGBoost models, achieved an accuracy of 96%. Furthermore, we
extensively examined diverse machine learning models, encompassing both instances with and without fea-
ture reduction. The analysis reveals that the models, namely XGBoost, SVM, LR, KNN, RF, and DT, exhib-
ited accuracy rates of 94, 95, 85, 92, and 90%, respectively, without employing any feature reduction tech-
niques. In contrast, when utilizing the PCA feature reduction technique, the accuracy percentages for the
same models were 89, 92, 91, 84, 86 and 78%, respectively. Ultimately, we thoroughly examined our suggested
model, considering variables such as memory complexity, time complexity, statistical error analysis, measure-
ments based on the Internet of Things (IoT’), and a comparative investigation with other research discoveries.
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INTRODUCTION

Surface water serves a vital role in all life. Water is
the most significant resource for our daily lives and is
essential for maintaining the existence of most living
things, including humans. The water of sufficient
purity is necessary for living organisms’ survival. Wer
has become most important for the ecology, social
well-being, agriculture, and industry [16]. In some
reports of the United Nations Environment Program
(UNEP), In some nations, surface water provides up
t0 90% of the population’s primary resources of drink-
ing water. The UNEP included three significant find-
ings in their report [16]: (1) approximately one-third
of the rivers in Latin America, Africa, and Asia have
been contaminated by severe pathogen pollution;
(2) one-seventh of the rivers on the same continents
have severe organic contamination and (3) nearly one-
tenth of the rivers reported moderate to severe salinity
contamination. Water is significantly crucial in the
human body. Therefore, depending on the human
organism, water can make up to 90% of its body
weight. An adult human body typically contains

around 60% water. According to Mitchell and others
(1945), our brains and hearts comprise 73% water, and
the lungs are about 83% water [28]. On the other hand,
river water quality is an essential issue, and there are
several reasons for river water pollution. It depends on
location, circumstances, and other issues [16]. For
instance, industrial wastewater, chemicals, and heavy
metals are responsible for water pollution. Moreover,
pesticides and fertilizers play a vital role in river water
pollution.

Traditional quality assessment methods depend on
the physical, chemical, and biological processes-
based theoretical models used to detect water quality
[31]. By creating mathematical equations, these mod-
els describe and forecast changes in characteristics
related to water quality. These models provide predic-
tive modeling and analysis of changes in water quality,
facilitating evaluations of the state of the aquatic envi-
ronment and the development of policies to enhance
water quality [31]. However, traditional mechanism
models have some limitations. Firstly, they required
many input data and parameters, such as flow rate,
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rainfall, sediment properties, etc., necessitating intri-
cate data collection and processing [18]. Secondly,
developing and calibrating the model requires high
practical expertise, in-depth professional knowledge,
and significant data [30].

To overcome the limitations of the traditional
methods, some Machine learning (ML) models have
been increasingly applied to solve numerous environ-
mental engineering problems, including river water
quality modeling to address these issues. The most
popular machine learning algorithms are the gradient
Boosting Algorithm [6, 10, 23], support vector
machine [12, 27, 36], Random Forest Algorithm [24,
25, 45], and others. Although machine learning mod-
els are frequently used for water quality analysis, they
also have several drawbacks, such as a heavy reliance
on training and testing data and poor forecast accuracy
[26]. Moreover, some researchers come up with a deep
learning-based model (DNN, LSTM CNN) used for
water quality prediction [5, 9, 19, 34].

Wang et al. [32] suggest a thorough weight-based
method to identify critical elements in water quality
prediction by combining the Pearson correlation coef-
ficient and entropy weighting. This method takes
information content and feature correlation into
account in an efficient manner. In their work, Hassan,
Mehedi, et al. [8] classified a water quality dataset in
various locations across India, using machine learning
algorithms including RF, NN, MLR, SVM, and
BTM. In their study, Kouadri, Saber, et al. [11] devel-
oped two scenarios: one using 8 models with all
parameters for efficiency and another using sensitivity
analysis to identify key parameters for predicting water
quality index in critical cases. Neural network-based
approaches such as Nonlinear autoregressive neural
network (NARNET) and long short-term memory
(LSTM), Multi-Layer Perceptron Neural Networks
(MLP-ANN), Radial Basis Function Neural Net-
works (RBF-ANN), and Adaptive Neuro-Fuzzy
Inference System (ANFIS) [17] is also used for better
water quality prediction. They demonstrate how
this research proposes to combine recurrent neural
networks (RNNs) with enhanced Dempster/Shafer
(D-S) evidence theory (RNNs-DS), and this
approach offers strong assistance for early risk assess-
ment and mitigation in aquatic environments [13].
Future perspectives on the viability of different water
quality input variables as novel discriminant features
are explored in this work. The new discriminant fea-
tures make adaptive water quality criteria based on the
land use activities along the river possible [33]. Some
regression-based machine learning models also detect
the water quality index.

Uddin, Md Galal, et al. [29] presents four machine
learning-based models, including support vector
machines (SVM), Naive Bayes (NB), random forest
(RF), k-nearest neighbor (KNN), and gradient boost-
ing (XGBoost). When it came to successfully forecast-
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ing the water quality for seven WQI models, the
XGBoost algorithm (99.9% correct and 0.1% incor-
rect) outperformed the KNN algorithm (100% correct
and 0% incorrect). In this study [6], machine learning
models were developed to predict Escherichia coli and
enterococci levels based on environmental parameters
and examined their dynamics and relationships with
environmental stressors. The data from routine moni-
toring of these bacteria were collected from 15 public
beaches in the Croatian city of Rijeka.

In this research, they propose a multi-source trans-
fer learning-based water quality prediction approach
for an IoTl water environmental system so that the
water quality data from neighboring monitoring sta-
tions can be efficiently utilized to increase the predic-
tion accuracy [37]. The evaluation predicts the con-
centration of fecal indicator microorganisms using
physico-chemical data from sensors. As the findings
demonstrate, water quality monitoring in smart cities
may be improved by utilizing transfer learning [3].

Despite having the above existing literature, our
observation reveals a gap in research concerning non-
linear complex relationships in the ML model. Some
studies exhibit nearly perfect accuracy, potentially
indicating overfitting, while others identify underfit-
ting in model training and testing. Most of the above
research studies do not consider the models' memory
usage, time complexity, and model utilization in real-
world applications. Therefore, this research aims to fill
the gap using different machine learning models with
adaptive methodological architecture, hyperparame-
ter tuning, and a hybrid voting method to asses the best
model for performance. Analyze the ML algorithm’s
memory and time complexity. In addition, this study’s
aim is the best model integrated with the IoT approach
for real-time water monitoring.

In this research study, we have presented a new
approach to predicting water quality index using a
hybrid machine learning technique with the voting
approach. Our study, which included IoT-based data
collection with Arduino, has the potential to impact
the field of environmental science significantly. Addi-
tionally, we use the dimension reduction technique to
examine the effectiveness of the machine learning
model. We also thoroughly investigated the memory
and time complexity of the machine-learning algo-
rithms to make sure it was efficient, scalable, and easy
to use. Our comprehensive experimental evaluations
demonstrated that our proposed hybrid voting classi-
fier strategy offers improved prediction accuracy and
performs considerably better than current techniques,
inspiring further research and development in this
area.

However, this study has some specific objectives,
which are listed below:

to develop and implement Logistic Regression,
SVM, and XGBoost-based voting methods to reduce
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overfitting, underfitting, and increase the reliability of
model performance;

to investigate various machine learning models
with hyperparameter tuning, evaluating their perfor-
mance with and without feature reduction techniques
such as PCA and LDA;

to comprehensively evaluate our proposed model,
considering various factors, including memory com-
plexity, prediction time complexity, statistical error
analysis, and measurements based on the Internet of
Things (IoT);

to integrate the best-performance machine learn-
ing model with IoT for water quality monitoring.

The research study is structured into four intercon-
nected sections. Section two presents the entire study
materials and method. Section three analyzes the
study performance. Finally, section four concludes the
study.

MATERIALS AND METHOD

Our proposed research has two key components. In
the first phase, we developed a robust machine-learn-
ing model to predict water quality utilizing data col-
lected through an Arduino device. In the second
phase, we collected data from water resources through
IoT devices. The proposed working architecture is
shown below.

Machine Learning Model

This second section dissects the machine learning
model build architecture into several segments. First,
we delve into data collection and preprocessing. Sec-
ond, we meticulously examine data analysis and fea-
ture engineering, ensuring a comprehensive under-
standing. Additionally, in the classifier section, we
explore different algorithms for this study using a
hyperparameter tuning approach. Finally, the most
accurate algorithms are used for the voting approach
in this study.

We collected the dataset from here [8] for this
research study. In the pre-processing, we used numpy
and Pandas libraries to remove unnecessary columns
from the dataset. Then, we checked if there were any
duplicate values in the columns. After that, we
checked for any missing values in every feature col-
umn. If it finds so, we convert the missing values with
NumPy-none-value and fill the missing values using
the median. Then, we saved the dataset correctly, and
the z-score normalization method was used for outlier
detection. Subsequently, we built a water quality
index label column with the water quality index equa-
tions [8].
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Table 1. Dataset feature description

Features Descriptions

Temp Temperature of water

DO Amount of oxygen

PH Water acidity and basicity are measured

Conductivity | Conductivity is a measure of the ability
of water to conduct an electric current

BOD BOD is an important indicator of the
level of organic pollution in water bodies

NI Excess nitrates, but essential plant nutri-
tion, in combination with phosphorus,
can hasten eutrophication

Fec_Col Fecal coliforms are a group of bacteria
that are used as indicators of fecal
contamination in water

Tot_Col Total coliforms are a group of bacteria
that are commonly used as indicators
of the microbial quality of water

Table 2. Water Quality Index Wise Label

Water Quality Index (WQI) Label
0-25 Excellent (3)
26—50 Good (2)
51-100 Poor (1)
WQI > 100 Unsuitable for Drink (0)

N
Z q:w;

\\7/0) i — (1)

N

2w
i=1

After building the water quality index, we catego-
rized the label based on the water quality index value
(Tables 1, 2).

In this part, we have analyzed data to explore the
knowledge and understand the data pattern. For this
analysis, understanding the statistical distribution is
needed, as described in Table 3. On the other hand,
correlation analysis is done for feature importance
detection. This process involves understanding the
data for analysis. We have shown the correlation graph
with the water quality index and WQI classifier label.
In addition, only eight features are used for this study
that are impactful for accurate results. Finally, we have
used the StandardScaler method for feature scaling.

Support Vector Machine. It was the identification
of the ideal hyperplane that effectively distinguishes
between the classes. While it is simple to have a hyper-
plane in the SVM classifier among these classes [8,
29], the best hyperparameter was identified for the
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Table 3. Statistical Information of Feature Column

Temp DO PH Con BOD NI Fec_Col Tot_Col
Mean 26.24 6.43 7.22 1006 3.96 1.11 2264.42 7242.59
Std 3.23 1.25 0.58 2764 7.13 1.62 8259.47 40230.19
Min 10 0.0 2.90 11 0.10 0 0 0
25% 25 6 6.90 83 1.10 0.26 46 108.75
50% 27 6.7 7.22 183 1.80 0.52 233 465.0
75% 28.20 7.2 7.60 489.25 3.40 1.10 672.5 1650.0
Max 30 10 9.01 18569 88 13.20 150250 967500

training using GridSearchCV before the implementa-
tion of SVM. This process helps us build robust and
accurate models, balancing bias and variance and pre-
venting the model from overfitting or underfitting.
The RBF (Radial Basis Function) kernel is better at
achieving comparative accuracy with another kernel.
We used C = 1000 for a smaller margin, which helped
avoid misclassifying each training sample. The Cvalue
was selected for SVM after searching within the range
of [400—1000] because it provided the best accuracy
on the validation set. The GridSearchCV was used
with a 5-fold cross-validation strategy to systemati-
cally explore the hyperparameter space. In addition,
Gamma = 0.01 has been used for the closest point
decision boundary with hyperplan in SVM algorithm.
Finally, the other parameters are used as a default
value, following standard practices in SVM imple-
mentation. The all hyperparameter values are stated in
Table 4.

XGBoost. XGBoost is a distributed gradient boost-
ing library optimized for efficiency and scalability in
machine learning model training. This ensemble
learning technique generates more robust predictions
by combining the predictions of several weak models.
It can also be applied to address classification and
regression difficulties. Researchers want XGBoost
because it executes quickly out of core computation
[29]. The XGBoost works as follows: Let DS be a data-
set of m features and » samples.

DS ={(x,,y,);i=1...n, x;eR",y, eR}. (3)

Let y, represent the expected result of an ensemble
tree model obtained using Eq. (4).

Table 4. Hyperparameter for SVM Model

Parameter Value
C 1000
Gamma 0.01
Kernel rbf
Others Parameter Default

WATER RESOURCES  Vol.52 No.6 2025
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To answer the above Equation, we must identify
the optimal set of functions by minimizing the loss and
regulation, where k is the number of trees in the model

and f, is the (kth) tree. On the other hand, we have
used specific parameters for tuning the model, such as
booster, device, verbosity, and others. The booster
parameter value = gbtree for XGBoost was selected
based on its superior performance on the validation set
compared to other booster types. This study set vali-
date _parameters = false to allow flexibility during
experimentation. The nthread parameter was left
unset, allowing XGBoost to utilize the maximum
number of available threads. The disable de-
fault_eval metric was set to false so the default evalu-
ation metric would be used. All other parameters were
kept at their default values. All the hyperparameters
are stated in Table 5.

K-Nearest Neighbor. This KNN algorithm mea-
sures the distances between a given data point in the
set and every other K number of data points in the
dataset close to the initial point. Different distances
are typically used to calculate distances. Therefore, the
final model is just the labeled data arranged in a cer-
tain way [29]. KNN reduces overfitting, and selecting
the optimal value for K is crucial to ensure its effec-
tiveness. The n_neighbors parameter value = 5 for
KNN was selected after searching within the range
[2—6], as it provided the best accuracy on the testing
set, along with weights = ['uniform’,'distance'],
metric = ['minkowski','euclidean’,'manhattan’] and 3
cross validation. All the hyperparameters are stated in
Table 6.

Logistic Regression. The relationship between a set
of independent (explanatory) factors and a categorical
dependent variable is known as the logistic regression
model, and it is used to calculate the likelihood that an
event will occur. The mean of a continuous dependent
variable in multiple regression is predicted using a
mathematical model of a group of explanatory factors.
Equation (5) demonstrates that the logit transforma-
tion is expressed mathematically, where p is the prob-
ability and the associated odds. The value of
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C = np.logspace(—4, 4, 20) for Logistic Regression
was selected along with penalty = ['11', '12', 'elasticnet’,
'none'], solver = ['Ibfgs', newton-cg','liblin-
ear','sag','saga'], and Max_iter = [100, 1000, 2500,
5000] as this combination provided the best accuracy
on the testing set. Other parameters were kept at their
default values. Nonetheless, Table 7 displays the LR
values utilized in the code for fine-tuning.

I = logit(p) = In (Lj (5)
1-p

Decision Tree. The decision tree (DT) algorithm, a
top choice in data mining, is characterized by its top-
down divide-and-conquer approach. At its core is the
Greedy algorithm, which drives the recursive top-
down division. To enhance its decision tree algorithm

performance, we utilized the Table 8 parameter.

Random Forest. The random forest (RF) technique
builds an ensemble of decision trees in training by
switching and altering the covariates to enhance pre-
diction performance [29]. We fine-tuned the model
using Table 9 parameters to enhance the performance
of this algorithm. To enhance the performance, the
n_estimators parameter value range = [5, 10, 25, 50,
100], Max_feature = ['sqrt’,'log2'], Max_depth =
[50, 100], Max_leaf nodes = [50, 100], and Others
Parameter = default. The RF prediction process also
involves storing the expected result, or target, and then
analyzing the votes for each possible target.

Hybrid Voting Method. In this method, we have
used the top three voting models: support vector
machines, logistic regression, and the XGBoost algo-
rithm. The findings of the SVM, LR, and XGBoost
models are inputted into our hybrid voting model and
predicted based on the average probability given to
that class. For this voting approach, the soft voting
method is used in this study. The voting method
gained experience for classification from SVM, LR,
and XGBoost base models. On the other hand, the
final determination used the majority vote of the base
model.

loT-based Data Collection

This part is responsible for IoI-based data collec-
tion for water quality prediction. The core part of this
scheme is Arduino, which acts as the center of the
whole IoT orientation. A set of water-related sensors
connects to the microcontroller, collecting raw data in
real time and relaying it back to the microcontroller.
Then, the microcontroller moves on to the data trans-
mission via the Global System for Mobile Communi-
cations (GSM) module to build a remote connection
between the microcontroller and the cloud server. The
server is responsible for real-time water monitoring
and efficient data storage. In this server, we have
deployed our voting model for water quality prediction
and monitoring.

MD NADIM KAYSAR et al.

Table 5. Hyperparameter for XGBoost Model

Parameter Value
Booster gptree
Device cpu
Verbosity 1
Validate parameters False
nthread Default to maximum
number of threads available
if not set
Disable_default_eval_metric False
Others Parameter Default

Table 6. Hyperparameter for KNN Model

Parameter Value
n_neighbors [2—6]
Weights ['uniform’,'distance’]
metrics ['minkowski','euclidean’,'manhattan’]
Verbose 1
cv 3
n_jobs —1

Table 7. Hyperparameter for LR Model
Value

Parameter

Penalty ['11', '12', 'elasticnet’, 'none']
C np.logspace(—4, 4, 20)

Solver ['Ibfgs’,'newton-cg','liblinear’,'sag’,'saga’']
Max_iter [100, 1000, 2500, 5000]

Others default

Parameter

Table 8. Hyperparameter for DT Model

Value

12, 3,5, 10, 20]
5, 10, 20, 50, 100]

Parameter

Max_depth
min_samples_Leaf

Criterion [‘gini’, ‘entropy’]

cv 4

Verbose 1

n_jobs —1

Others Parameter default
PERFORMANCE ANALYSIS

We organize the performance analysis into three
sections, each dedicated to machine learning perfor-
mance metrics. In the first section, we analyze differ-
ent error-based metrics, including means square error,
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Table 9. Hyperparameter for RF Model

Parameter Value
n_estimators [5, 10, 25, 50, 100]
Max_feature ['sqrt’,'log2']
Max_depth [50, 100]
Max_leaf nodes [50, 100]
Others Parameter default

root means square error, and mean absolute error. The
second section discusses the precision, recall, F1
scores, Confusion Matrix, and precision-recall curve.
Again, the ROC-AUC curve will be discussed in the
third section of this performance analysis part. In
addition, the time and space complexity analysis is in
the fourth section. Finally, we compare our study with
other research studies for a comprehensive under-
standing. Through this analysis, we tried to measure
the ML algorithm’s capability for water index predic-
tion for this dataset.

Statistical Error Analysis

In this section, we evaluate the models using some
statistical indices, including root means square error
(RMSE), means square error (MSE), and mean abso-
lute error (MAE). We observed that the voting classi-
fier model achieved the lowest error rate, as shown in
Table 10. The RMSE represents the sample standard
deviation of the discrepancies between computed and
observed values. Additionally, the MAE provides
another measurement of the discrepancy between
computed and observed values.

Precision, Recall, F1 Scores and Confusion Matrix

Precision is the ratio of the total number of
expected positive observations to the accurately antic-
ipated positive observations. The low false-
positive rate is achieved through excellent accuracy.
Equation (6) illustrates accuracy:

Table 10. Statistical Error Evaluation

1345
Precision
_ True Positives _ TP (6)
(True positives + False Positives) (TP + FP)

Recall, also known as the true positive rate (TPR),
represents the percentage of data samples correctly
classified as belonging to the positive class out of all
the samples for that class.

Modifying different parameters or hyperparame-
ters can affect the recall value of a machine learning
model, either raising or lowering it by adjusting these
factors.

True Positives
(True Positives + False Negatives)
TP
(TP + FN)

The F1 score provides an overall assessment of a
model’s accuracy by combining precision and recall,
similar to how addition and multiplication combine
two ingredients to create a whole new dish. In other
words, having a low false positive and false negative
score indicates correctly identifying serious threats
and not being bothered by false alarms.

The precision, recall, and F1 score values are below
in Tables 11—13. Table 11 shows the result without
dimension reduction, Table 12 shows after dimension
reduction using PCA, and Table 13 shows LDA
dimension reduction-based accuracy. In PCA imple-
mentation, we have achieved higher accuracy using
7 dimensions for model training and testing and
achieved higher accuracy utilizing 4 dimensions used
for the LDA dataset. Finally, we found that LDA and
PCA-based feature reduction models demonstrated
limited effectiveness in the context of this research
study. The hybrid voting model was built using three
effective models: SVM, Logistic Regression, and
XGBoost.

In Fig. 1, we present the confusion matrices for the
top performance six models in Fig. 1. This confusion
matrix is used for error analysis of ML algorithms.
Additionally, Fig. 2 displays the precision-recall

Recall =

(7

Without Dimension Reduction With PCA With LDA

models MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE
XGBoost 0.07 0.26 0.06 0.10 0.32 0.10 0.31 0.55 0.27
SVM 0.05 0.22 0.05 0.08 0.28 0.08 0.89 0.94 0.46
KNN 0.16 0.40 0.15 0.17 0.41 0.16 0.37 0.61 0.33
Random Forest 0.11 0.33 0.09 0.15 0.39 0.14 0.33 0.57 0.29
Decision Tree 0.14 0.38 0.11 0.22 0.47 0.22 0.41 0.64 0.31
Logistic Regression 0.04 0.21 0.04 0.10 0.31 0.09 1.18 1.08 0.57
Voting Classifier 0.04 0.20 0.04 0.08 0.29 0.07 0.28 0.53 0.24

WATER RESOURCES  Vol.52 No.6 2025
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Table 11. Models Precision, Recall, F1 Scores

MD NADIM KAYSAR et al.

Models Label Precision Recall F1 Accuracy

XGBoost Excellent (3) 1.00 1.00 1.00 0.94
Good (2) 0.96 0.92 0.94
Poor (1) 0.94 0.97 0.95
Unsuitable (0) 0.93 0.88 0.90

SVM Excellent (3) 1.00 1.00 1.00 0.95
Good (2) 1.00 0.96 0.98
Poor (1) 0.91 1.00 0.95
Unsuitable (0) 1.00 0.81 0.90

KNN Excellent (3) 1.00 1.00 1.00 0.85
Good (2) 0.76 0.50 0.60
Poor (1) 0.82 0.94 0.88
Unsuitable (0) 0.93 0.79 0.85

Random Forest Excellent (3) 1.00 1.00 0.90 0.92
Good (2) 0.77 0.89 0.94
Poor (1) 0.99 0.87 0.82
Unsuitable (0) 0.81 1.00 1.00

Decision Tree Excellent (3) 1.00 1.00 1.00 0.90
Good (2) 0.85 0.69 0.76
Poor (1) 0.92 0.92 0.92
Unsuitable (0) 0.85 0.95 0.90

Logistic Regression | Excellent (3) 1.00 0.94 0.97 0.95
Good (2) 0.96 1.00 0.98
Poor (1) 0.99 0.94 0.96
Unsuitable (0) 0.85 0.98 0.91

Voting Classifier Excellent (3) 1.00 1.00 1.00 0.96
Good (2) 1.00 0.96 0.98
Poor (1) 0.93 1.00 0.96
Unsuitable (0) 1.00 0.85 0.92

curves for these models. Moreover, it is important to
note that all the confusion matrix and precision-recall
curves depicted in the figures are without feature
reduction.

ROC-AUC Curve

In machine learning, the prediction strength of a
classification model is evaluated using the ROC-AUC
curve, especially in scenarios where the class distribu-
tion is imbalanced or where there is a need to fine-
tune the model’s sensitivity and specificity. To investi-
gate it, Fig. 3 shows the ROC-AUC curve for the Vot-
ing Classifier, Logistic Regression, SVM, XGBoost,
Random Forest, and Decision Tree. We obtained
comparatively better performance in the Voting classi-
fier, SVM, and Logistic regression models than in oth-
ers without using dimension reduction. The AUC val-

ues for unsuitable class water are 0.97 in the Voting and
SVM models, while the Logistic Regression model
achieves an AUC of 0.95 for the same class. The mod-
els, including Voting, SVM, and Logistic Regression,
for poor, good, and excellent water classes achieved
AUC values of 1.00, which shows the model’s capabil-
ity for water quality prediction.

Time and Memory Complexity Analysis

This analysis assessed the memory and time com-
plexity of the machine learning models for training
and prediction. One thousand tabular augmented data
were generated using tbGAN for the prediction time
analysis. After that, we calculated memory using the
trained model and recorded the prediction time for
this new augmented dataset, as detailed in Table 14.
Moreover, we found that the DT model required only
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Table 12. Models Precision, Recall, F1 Scores After PCA Implementation

PCA Implemented Accuracy

models label precision recall F1 accuracy

XGBoost Excellent (3) 1.00 1.00 1.00 0.89
Good (2) 0.81 0.76 0.79
Poor (1) 0.92 0.89 0.91
Unsuitable (0) 0.83 0.95 0.87

SVM Excellent (3) 1.00 1.00 1.00 0.92
Good (2) 0.89 0.80 0.84
Poor (1) 0.95 0.91 0.93
Unsuitable (0) 0.83 1.00 0.91

KNN Excellent (3) 1.00 1.00 1.00 0.84
Good (2) 0.66 0.70 0.68
Poor (1) 0.83 0.89 0.86
Unsuitable (0) 0.97 0.75 0.85

Random Forest Excellent (3) 1.00 0.94 0.97 0.86
Good (2) 0.63 0.74 0.68
Poor (1) 0.93 0.84 0.88
Unsuitable (0) 0.79 0.97 0.87

Decision Tree Excellent (3) 1.00 1.00 1.00 0.78
Good (2) 0.60 0.69 0.64
Poor (1) 0.83 0.77 0.80
Unsuitable (0) 0.68 0.75 0.71

Logistic Regression | Excellent (3) 1.00 1.00 1.00 0.91
Good (2) 0.87 0.84 0.85
Poor (1) 0.95 0.90 0.93
Unsuitable (0) 0.82 0.97 0.89

Voting Classifier Excellent (3) 1.00 1.00 1.00 0.93
Good (2) 0.96 0.83 0.89
Poor (1) 0.89 1.00 0.94
Unsuitable (0) 1.00 0.80 0.89

9 KB, and for PCA and LDA, it needed 11 KB mem-
ory, which is lower than that of other algorithms. For
the prediction time calculation, the SVM model per-
forms more satisfactorily than other algorithms.

Comparative Analysis

Table 15 compares different existing studies. The
aim of this comparative analysis: validate the proposed
method and compare it with the existing methods and
their applicability. The waterbody column shows the
water resource type, and the model’s column states the
machine learning and deep learning algorithms.
Finally, the proposed voting classifier with XGBoost,
SVM, and LR algorithm achieved 96% accuracy, sur-
passing the performance of most other studies. On the

WATER RESOURCES  Vol. 52
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other hand, [2, 4] showed equal accuracy with our
proposed voting method.

loT-Based Analysis

This subsection provides the experimental data
analysis and calculation with the IoIl-based orienta-
tion. We primarily focus on the data collection
through the ten (0) samples in real-time. The most
suitable features for our analysis are the Potential of
Hydrogen (pH), Dissolved oxygen (DO), Chemical
Oxygen Demand (COD), Nitrogen Peak values, Tem-
perature, and Ammonia. We have collected these
samples from different regions in Bangladesh, includ-
ing various water resources like ponds, canals, drains,
and rivers, measured the data with the sensors, and
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Table 13. Models Precision, Recall, F1 Scores after LDA Implementation

LDA Implemented Accuracy

models label precision recall F1 accuracy

XGBoost Excellent (3) 1.00 1.00 1.00 0.75
Good (2) 0.50 0.43 0.46
Poor (1) 0.80 0.79 0.80
Unsuitable (0) 0.57 0.67 0.62

SVM Excellent (3) 0.69 0.60 0.64 0.69
Good (2) 0.00 0.00 0.00
Poor (1) 0.99 0.69 0.81
Unsuitable (0) 0.20 1.00 0.33

KNN Excellent (3) 0.96 1.00 0.98 0.68
Good (2) 0.28 0.21 0.24
Poor (1) 0.71 0.77 0.74
Unsuitable (0) 0.55 0.49 0.52

Random Forest Excellent (3) 1.00 0.96 0.98 0.72
Good (2) 0.33 0.44 0.38
Poor (1) 0.78 0.76 0.77
Unsuitable (0) 0.60 0.58 0.59

Decision Tree Excellent (3) 1.00 0.87 0.93 0.72
Good (2) 0.42 0.45 0.43
Poor (1) 0.77 0.77 0.77
Unsuitable (0) 0.57 0.61 0.59

Logistic Regression Excellent (3) 0.46 0.50 0.48 0.65
Good (2) 0.00 0.00 0.00
Poor (1) 0.96 0.69 0.80
Unsuitable (0) 0.23 0.47 0.31

Voting Classifier Excellent (3) 0.96 1.00 0.98 0.77
Good (2) 0.50 0.42 0.45
Poor (1) 0.78 0.85 0.81
Unsuitable (0) 0.72 0.60 0.66

verified the data in the wet lab. The experimental data
clearly shows a pH, DO, and COD fluctuation. On the
other hand, the temperature level for the sample water
is almost the same, but we found the highest tempera-
ture to be 28.52°C. Table 16 summarizes the results,
and Fig. 4 shows the experimental data analysis using
the bar chart representations.

CONCLUSIONS

All living organisms depend on surface water. The
most important resource for our daily necessities is
water, which is also necessary for the survival of the
majority of living creatures, including humans. To sur-
vive and live, pure and sufficient water is important in
our daily life. This research focuses on detecting water

quality utilizing the water quality index and machine
learning algorithms. This research aimed to investigate
the machine learning algorithm’s performance in
these datasets and analyze all algorithm’s memory and
time complexity. In addition, the hybrid voting
method is applied to measure the performance. For
this investigation, we used two types of datasets;
firstlyy, we applied SVM, Logistic Regression,
XGBoost, Random Forest, Decision Tree, and KNN
algorithms without feature reduction. Subsequently,
the same machine-learning algorithms were applied
after feature reduction. Finally, we have examined dif-
ferent ways for model evaluation, such as statistical
evaluation, precision, recall, F1 score, and the AUC-
ROC curve. We have found three maximum accura-
cies for the dataset without feature reduction. The

WATER RESOURCES  Vol. 52
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Fig. 1. Confusion Matrix of XGBoost, SVM, RF, DT, LR, Voting Classifier.

highest accuracy models were SVM at 95%, Logistic
Regression at 95%, and XGBoost at 94%. Subse-
quently, we have used a voting classifier with these
three models with a soft voting approach and obtained
96% accuracy.

WATER RESOURCES  Vol.52 No.6 2025

The proposed research study demonstrates higher
accuracy compared to other research studies. In the
future, we aim to expand our work by incorporating
more datasets for training models and proper model
selection. In addition, we plan to extend our efforts to
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Fig. 3. ROC-AUC Curve of XGBoost, SVM, RF, DT, LR, Voting Classifier.

other water locations with different deep-learning advancement this study. This method allows for more
models. Moreover, the bayesian optimization can be  precise selection of hyperparameters compared to grid
use at future for hyperparameter tuning in future or random search. These future works are considered

WATER RESOURCES  Vol.52 No.6 2025
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Table 14. Time and Space Analysis

MD NADIM KAYSAR et al.

Without Dimension Reduction PCA LDA
Models - - -
time memory time memory time memory

XGBoost 4 us 604 KB 3us 744 KB 5us 681 KB
SVM 3 us 41 KB 3us 38 KB 4 us 72 KB
K-Nearest Neighbors 4 us 156 KB 5us 126 KB 4 us 97 KB
Random Forest 4 us 2.5MB 5us 3.4MB 5 us 3.4MB
Decision Tree 4 us 9 KB 4 us 11 KB 5us 11 KB
Logistic Regression S5us 174 KB 5 us 174 KB S5us 174 KB
Voting Classifier 4 us 1.6 MB 4 us 1.7 MB 5 us 8§ MB
Table 15. Comparison with existing Models

Citation Waterbody Models Performance, %
[21] SVM, KNN, NN, and Deep NN 93
[14] LSTM 94
[15] Wastewater ANN 79
[2] Rivers and lakes ANFIS and FFNN 96
[22] ANFIS (EC and TDS) 9 and 92
[7] Coastal waters ANN for Chl-a data 89
[4] ANN 99
[1] MLP 85
Proposed Voting Classifier with (XGBoost, SVM, LR) 96

to be limitations in this study. However, despite those
limitations, this study achieved the objectives and

effectively monitored water quality.
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Table 16. Experimental data analysis with IoT-based setup and mean values from the number of samples

Serial | No. of Sample (1.001)_?4'00) DO, mg/L | COD, mg/L | NO;, mg/L | Temperature, °C | NH,, mg/L
1 12 7.53 7.24 70.06 0.14 27.54 0.29
2 4 8.18 7.23 27.84 0.02 28.67 0.47
3 5 8.24 8.63 27.82 0.14 25.88 0.51
4 11 7.79 717 46.91 0.05 24.08 0.23
5 5 8.22 8.06 50.19 0.15 25.13 0.14
6 4 7.85 7.04 17.07 0.37 28.18 0.27
7 4 8.06 7.28 17.06 0.09 25.77 0.34
8 13 7.66 7.68 70.23 0.13 25.74 0.50
9 8.10 8.48 27.52 0.03 28.52 0.27

10 8.19 8.21 27.42 0.05 28.34 0.36
WATER RESOURCES Vol. 52 No. 6 2025
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