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Abstract — Rivers play a critical role in supporting ecosystems
and human activities. However, water quality in rivers is
increasingly threatened by various pollutants. The growing
threats to river ecosystems demand immediate and effective
solutions to monitor and mitigate pollution. Traditional water
quality monitoring methods have several concerns such as high
cost and difficulty to deploy in remote areas. The necessary
actions are needed to control river pollution. Mobile Ad-hoc
Networks (MANETS) offer an effective solution for water quality
monitoring in real-time based on their infrastructure-less, self-
configuring, and scalable nature. In this work, the integrated
solution is proposed for water quality monitoring. It includes
new clustering techniques and deep models for effective
communication prediction. For reliable communication, a new
clustering protocol is proposed by considering multiple
clustering metrics. The Cluster Head (CH) is selected using the
metaheuristic ~ optimization algorithm of the Walrus
Optimization Algorithm (WOA). To achieve higher accuracy in
prediction, a new hybrid deep learning (DL) model combines
Convolutional Neural Networks (CNNs) and Long Short-Term
Memory (LSTM) models. Simulation results show the proposed
approach is better in terms of delay, packet delivery ratio (PDR),
and energy consumption when compared to other techniques.

Index Terms — MANET, Water Quality, WOA, Clustering
Protocol, Hybrid Deep Learning Model, Convolutional Neural
Networks.

1. INTRODUCTION

Rivers play major roles in ecosystems and human societies. It
is supported by giving water for drinking, agriculture and
recreational activities [1][2]. Today, the water quality is
extremely vulnerable to many pollutants and their harmful
effects. The monitoring of water quality is very essential for
several reasons: Pollution Detection, Ecosystem Health,
Public Health and Agricultural Impact. Early detection of
pollutants is vital to prevent environmental degradation and
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protect aquatic life. Further, the appropriate measures can be
taken to maintain water quality and safeguard these vital
resources.

Mobile Ad-hoc Networks (MANETS) an infrastructure-less
networks which connect wirelessly [3]. The MANET
technology is well suited for dynamic and remote
environments. The unique behaviour of MANETS are Self-
Configuration, Dynamic  Topology, Scalability and
Decentralization [4]. The nodes in the network automatically
discover and configure themselves. It allows flexible and
adaptive communication paths. In addition, MANETSs can
easily scale by adding new nodes to cover larger areas or by
replacing faulty ones. These features make MANETS the best
choice for collecting and transmitting water-quality data in
real-time.

Despite their advantages, MANETs encounter several
challenges that can impede their effectiveness in real-world
applications. The limited bandwidth restricts data
transmission rates when multiple nodes communicate
simultaneously. The energy consumption is critical due to the
battery-powered nodes. The dynamic topology environment
causes routing challenges which require robust protocols.
Lastly, data integrity and reliability are compromised due to
transient connections. It causes packet loss or corruption in
this scenario.

The implementation of MANETS in river water quality
monitoring meets essential needs for environmental
sustainability. Real-time data collection is enabled through the
dynamic configuration of nodes. It allows continuous
monitoring from various sensors deployed along the river. In
addition, cost-effectiveness is achieved by reducing the need
for fixed infrastructure and reducing expenses related to
traditional monitoring networks.
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In MANET, clustering is the process of grouping nodes based
on some criteria. This clustering concept is used to optimise
communication and resource management within the network.
Clustering is a technique used in MANETS to organize nodes
into manageable groups, each managed by a CH [5]. This
hierarchical structure optimizes communication and resource
management within the network. It reduces the number of
communications between nodes and reduces the energy
consumption of individual nodes. So, the clustering process
improves the efficiency and effectiveness of data collection
and transmission in MANET river quality monitoring
systems. In water quality analysis, the DL model has
received greater attention based on their accuracy and
flexibility [6-11]. It can capture complex temporal
dependencies and water quality data patterns and reliable
predictions.

This work contributed a novel clustering protocol based on
the WOA. It improves communication efficiency and reduces
energy consumption in  MANET-based water quality
monitoring applications. This work aims to develop an
integrated to monitor water quality using MANETs and
advanced DL techniques where the proposed work ideology is
given in the following.

Design a reliable and scalable MANET for water quality
monitoring. It uses new clustering techniques to optimize
network communication and energy consumption.

Propose a novel clustering protocol that considers multiple
metrics for cluster formation and selects the optimal CH using
the WOA. Develop a hybrid model for water quality
prediction with higher accuracy by capturing both spatial and
temporal dependencies.

The paper is organized as follows. Section 2 presents water
quality prediction techniques relevant works. Section 3
describes the proposed model for prediction. The
experimental results carried out in section 4 and section 5
present the summary of the work.

2. RELATED WORK

Wang Jingmeng, et al [12] explored a fuzzy method for
TongHui River water prediction. It applies fuzzy
memberships and spatial clustering to analyze the water
quality parameters. However, the fuzzy-based model may not
capture temporal dependencies in the data which could affect
long-term predictions.

In their study, Yunchao Jiang et al [13] introduced an artificial
neural network (ANN) integrated water quality assessment
model in the Yellow River of China. The features are
extracted using self-organizing maps. Then, the ANN model
is applied for quality categorization. Likewise, the author Z.
-I. Hao et al [14] presented a multilayer feed-forward neural
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network model for quality prediction. The model weights are
altered to learn the complex pattern of water quality data.

Z. -l. Hao, et al [15] derived a mathematical model based on
an empirical equation to predict water quality in the Indian
River. It considers multiple attributes like pH, Oxygen
Demand and temperature for accurate prediction. Similarly,
A. K. Shukla et al [16] analysed the quality of the Indian
River using index mapping. In addition, the geographic
information system is used to consider spatial relationships. In
[17], the author introduced an Internet of Things (loT)
enabled solution for monitoring water quality in rivers. The
collected data from the sensor is updated on the server every
fifteen days. The artificial intelligence-based algorithm is
applied for quality analysis. Likewise, R. P. N. Budiarti et al
[18] presented a Raspberry Pi processor for water quality.
However, the system's accuracy is dependent on the quality
and maintenance of the sensors which can degrade over time.
Similarly, A. L. Lopez [19], proposed an loT system
combined with DL models for water quality prediction. The
overall accuracy achieved by the model is only 91.4%. The
hybrid model which combines fuzzy rules and Maximum
Connection Degree Principle (MCDP) is used by Shuang Zhu
et al [20] for Huai River Basin quality detection. MCDP
extracts hidden features from the data set for accurate
prediction. Results show that the hybrid model attains 92%
accuracy on the test data. However, the model requires more
training data.

Chellaswamy C et al [21] constructed a river water quality
assessment. It includes a CNN and recurrent neural network
to learn the temporal patterns of water quality data. By
combining the CNN and recurrent network, the proposed
model further improves the accuracy by at least 8.8%.
However, the model complexity increases and requires more
computational resources.

In [22], the author analyzed the performance of a gated
recurrent model for water quality analysis. The gated model
effectively handles vanishing gradient and overfitting issues
compared to other recurrent models. The proposed model
reduces the error rates by 12.89 compared to the existing
model. But it requires manual tuning of parameters.

Here Gradient Boosting Model (GBM) is used by A. -A.
Nayan et al [23]. The water parameters from the year 2012 to
2018 are collected from the Songhua River Harbin Region
and processed using GBM models. Compared to random
forest models, the GBM model shows higher accuracy in
prediction. In [24] , the author proposed an adaptive fuzzy
system in the Hei River water prediction. Initially, the
membership rules are framed based on input variables. Based
on training data, the membership functions are updated.
However, the model’s performance is highly dependent on the
input data quality and requires complex tuning of membership
functions.

©EverScience Publications 661


https://ieeexplore.ieee.org/author/37088511381

International Journal of Computer Networks and Applications (IJCNA)
Volume 11, Issue 5, September — October (2024)

DOI: 10.22247/ijcna/2024/41

RESEARCH ARTICLE

The three-fold model is proposed by A. P. Kogekar et al [25]
in the Ganga river water. It includes CNN, LSTM and
Support  Vector Regression for extracting features
individually. Then, the fusion process is applied for final
quality prediction.

L. Guo et al [26] proposed an Extreme learning machine
(ELM) based river water quality prediction model. Initially,
the data is pre-processed using principal component analysis.
Then, the extracted components or features are further
processed by ELM for prediction. In addition, the particle
swarm optimization base parameter tuning is used in ELM for
accurate prediction. The execution time of the model is higher
due to the local minima issues of the swarm optimization
algorithm.

The hybrid LSTM model-based water quality prediction
technique is proposed by D. Zhang, et al [27]. For
preprocessing, the Ensemble Empirical Mode Decomposition
(EEMD) is applied which decomposes data based on the
signal’s intrinsic characteristics. The LSTM model combined
with EEMD shows a higher accuracy than sole models.
Similarly, In [28], Z. Guo, et al proposed a Bi-LSTM model
combined with an attention model. It is used to process the
data selectively based on data importance. However, the
integration of attention mechanisms increases the model’s
computational requirements.

A. P. Kogekar et al [29] applied a modified Auto-Regressive
Integrated Moving Average (ARIMA) model to process the
Ganga River’s water quality. ARIMA is a statistical method
which uses the concept of regression to process the sequential
data. The implementation results show that the ARIMA
model suffers from the nonlinearity of data and an error rate
of about 45.2%.

H. Sun et al [30] T-S fuzzy neural network model for the
prediction of air quality in Yangtze River. A Takagi-Sugeno
(T-S) fuzzy model is used to handle nonlinear and complex
systems more effectively. This model uses fuzzy if-then rules
to create a fuzzy inference system and it typically employs a
neural network to optimize and tune the fuzzy’s parameters.

P. Siagian, et al [31] introduced a smart system for water
quality monitoring system. The sensor node with embedded
controllers is used to collect the data from the river and
processed in a base station for quality prediction.

In [32], the author proposed an echo state for analyzing water
quality in Zhengzhou City. It works based on reservoir
computing to deeply learn the features of water quality
parameters. The echo state model requires fine-tuning of the
reservoir size to prevent overfitting. It increases execution
time by 8.9% when compared to previous models.

S. Chopade, et al [33] applied a sensor network system
integrated with DL models for water quality analysis. The
CNN is used to differentiate the quality of water data.

A., Rajaram et al [34] proposed a MANET clustering protocol
using Cellular Automata and African Buffalo Optimization
algorithm for CH selection. Likewise, Venkatasubramanian, S
et al [35] proposed a CH selection protocol using the Vortex
Search Algorithm (VSA). The fitness function of cluster
selection is solved using VSA. Hamza, F et al [36] proposed a
fuzzy combined Emperor Penguin Optimization (EPO) based
clustering protocol for MANET. EPO is applied to solve the
CH selection problem. The overall summary of the above
works is in Table 1.

Table 1 Literature Summary

Authors Methodology

ANN with SOM for

Yunchao Jiang et al. [13] feature extraction

Advantages Disadvantages
Does not capture
Handles large datasets; | temporal dependencies.

clustering via SOM

Average error rate about
24.52%

Z.-l. Hao et al. [14] Multilayer FNN

Models
relationships

non-linear

Does not handle

sequential data

Simple and interpretable.

A. K. Shukla et al. [16] Index mapping with GIS

relationships

Z.-l. Hao et al. [15] EqTE;”éal ar?rr?tgtilrs with Overall accuracy is | Limited generalizability
plep 93.5%.
Considers spatial | Computationally

expensive

R. P. N. Budiarti et al.
[18]

loT-enabled system with
Raspberry Pi

real-time data collection

Sensor accuracy depends
on maintenance
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A. L. Lopez [19] loT + deep learning

Improved feature

extraction High computational cost

Hybrid  model  with

Shuang Zhu etal. [20] Fuzzy Logic and MCDP

Computationally

. 0,
Higher accuracy of 92% | ;oncive

Chellaswamy C et al. Hybrid CNN and RNN

Improved accuracy of High model complexity

Z. Guo etal. [28] attention mechanism

[21] 91.8%
. . . Sensitive to
i Gradient Boosting | High accuracy compared
A-A Nayan etal. [23] Model (GBM) to random forest hyper_pgram(_eters,
overfitting risk
. . . Complex and
D. Zhang et al. [27] EE’?\;'S LSTM  with :Erré;:')\:lcl):\)/ed accuracy with computationally
expensive
Bi-LSTM  with  an | Selectively focuses on

relevant data High computational cost

L Sensor network  with . L Requires robust
P. Siagian et al. [31] embedded controllers Real-time monitoring infrastructure
Cantures complex Requires large labeled
S. Chopade et al. [33] Sensor network + DNN " P datasets, prone  to
patterns -
overfitting

2.1. Research Gap

From the literature, significant advancements have been made
in water quality monitoring through various DL models.
However, several gaps remain in the existing literature. Many
studies concentrate on specific algorithms but fail to integrate

MANETs for real-time monitoring which limits their
effectiveness in  dynamic and remote environments.
Additionally, current clustering protocols neglect the

necessity for multi-metric optimization in cluster head
selection. It reduces overall clustering performance.

3. PROPOSED CLUSTERING AND QUALITY
PREDICTION MODEL

The proposed method consists of both static and mobile units
including UAVs and autonomous boats to predict water
quality. Static nodes are strategically placed along riverbanks
to continuously measure various parameters. The mobile
nodes cover areas outside the reach of static sensors.

The network is organized into clusters with optimal CHs
selected using the WOA to ensure efficient data aggregation.
Data is transmitted to a base station for preliminary
processing before being sent to a central server where
advanced analysis is conducted using hybrid CNN and LSTM
to learn from both historical and real-time data that attain
accurate water quality predictions. Figure 1 shows the overall
proposed architecture.
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3.1. System Architecture

This architecture consists of different key elements. It
includes sensor nodes, cluster heads, a base station, and a
central server for data processing and analysis.

3.1.1. Sensor Nodes

Sensor nodes are crucial for collecting water quality data. It
has static and mobile sensor nodes. Static sensor nodes are
deployed at fixed locations along the riverbank and at key
points within the river. It continuously monitors pH,
temperature, dissolved oxygen and turbidity levels in water.
On the other hand, mobile sensor nodes used for an
autonomous boat equipped with sensors move along the river
to collect data from areas not covered by static nodes.

3.1.2. Clustering and CHs

Initially, the clusters are formed using K-Means Clustering. It
partitions the nodes into K clusters by assigning each node to
the nearest centroid based on the distance and iteratively
updating the centroids until convergence. After clustering, the
optimal CH is selected using WOA. The workflow of the
proposed approach is given in Figure 2.

3.1.3. Base Station

The base station is strategically located on the riverbank. It
serves as the main data collection hub. The main function of a
base station is receiving aggregated data from CH and mobile
nodes. The base station handles initial data processing and
forwards the processed data to the central server for detailed
analysis.
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3.1.4. Central Server

It is used to process and analyse advanced data. It receives
pre-processed data from the base station and performs further
cleaning and preprocessing to handle missing values, noise,
and normalization. In this work, a hybrid DL model is used to
analyse the data and predict water quality parameters. The
hybrid model consists of CNN and LSTM layers to process
the sequential water quality data. The model is trained using
historical and real-time data to learn patterns and make
accurate predictions.

Residential
Land

Farmland

3.1.5. Data Flow and Communication

Initially, sensor nodes (both static and mobile) continuously
collect water quality data. The mobile nodes move along the
river to cover areas not monitored by static nodes and relay
data from static nodes in their vicinity. The collected data is
then aggregated at the cluster level, with CHs collecting and
aggregating data from their member nodes. The aggregated
data is transmitted to the base station using multi-hop
communication if necessary. The base station preprocesses
the data and forwards it to the central server, where DL
models analyze the data for quality prediction.

ke DL model

\ (Prediction)

Data

bage
Data

visualization

Water
authority

Moving
sensor node

Static
sensor node

Figure 1 Proposed Architecture
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deployment

CH Selection

Performance
analysis

Figure 2 Proposed Clustering and CH Selection

3.2. Walrus Optimization Algorithm (WOA)

The metaheuristic optimization algorithms are used for
solving complex problems [37]. WOA is inspired by the
behaviour of Walrus in the Arctic Ocean for their survival
[38]. It has unique behaviours of roaming, escaping, and
fighting predators. This behaviour is motivated to frame the
optimization model for solving real-time problems. Unlike
traditional optimization techniques, WOA’s unique approach
minimizes the risk and enables it to explore a broader solution
space. It includes three stages: feeding strategy, roaming and
escaping

3.2.1. Feeding strategy

Walruses have a diverse diet but prefer benthic bivalve
molluscs like clams. Their feeding involves searching the sea
floor with energetic motions and sensitive vibrissae
(whiskers). The strongest walrus, identified by its tusks, leads
the group to find food, akin to guiding the search for the best
solutions. It can be mathematically modelled as follows (Eqg. 1
& Eq. 2):

Piﬁ-l = Pi,' + Tand(Mi,- - [i,ipi,j) |:1,2N (1)
P1 P1

p— [PFL A <H 2
P, ELSE

Where, P! indicates ith walrus newly generated location,
rand denotes random number in [0, 1]. M indicate the one
member, j is the dimension, I;;are random numbers from the
set {1, 2}.

3.2.2. Roaming

This stage is used to explore and exploit for optimization. The
walrus moved to the next best location based on its food
resources. This migration is mathematically expressed as
follows (Eq. 3) :

3.2.3. Escaping

This stage belongs to the exploitation process of optimization.
The walrus strategically escaped and attacked the predators
and moved to safer locations. This escaping behaviour is
mathematically modelled as follows (Eq. 4):

—rand. llfocal,j)) (4)

xi133 = Xij + (ulltocal,j
Where, xff is the new location of the walrus, ul and Il is the
upper and lower limit of search space.

3.3. CH Selection Process

The CH selection process is considered an optimization
problem in this work. For CH selection, the multiple CH
selection parameters like node speed, distance and energy.
The optimal CH is selected using WOA.

3.3.1. Node Speed

The node speed is the essential parameter in MANET
clustering. The node with the lowest speed has minimum
distance and has more stability. The node with minimum
speed would stay longer time within a cluster. The speed of
the node is calculated as (Eg. 5):

b—bmin
bn - bmax—bmin (5)
Where bmin and bmax represents the maximum and minimum
speeds of the vehicle. b indicates an average speed.

3.3.2. The distance between the member node and CH

Consider Kth clusters with Nj nodes where i = 1,2,....K and
node’s average distance is given in (Eq. 6):

(CMj,CHyj)
dist, = ;=4 "% ”—”} (6)

An overall energy consumption is computed as follows (Eq.
7):

x_P_Z _ {xi,j + T'and(xk’j - Ixi’]-), (Fk < Fi (3) ] U
K x5 + rand(xi,j - xk’j) ,ELSE Equm = Zic1(Eey + Z 1 Emem U]
Where, xiﬂZSl is the new location of Walrus. The above values of the nodes are normalized into maximum
' average values. The fitness function for CH selection as a
ISSN: 2395-0455 ©EverScience Publications 665
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function of energy, distance, energy consumption and node
speed can be framed as follows (Eqg. 8):

F = o,dist; + o,dist, + 63Epea1 + 04Ttotar (8)

Where, 0,,0,,05and o, are the positive factor values used to
vary the importance of parameters. The summation of all
factors is equal to one. Algorithm 1 outlines the proposed CH
selection approach.

Step 1: Initialization

Initialize the population of walruses (candidate CH nodes) P;
Evaluate the fitness F; for each candidate solution P;
Identify the strongest walrus (best candidate) based on fitness
Step 2: Main loop of WOA

For each iteration do:

For each walrus i in the population do:

Feeding strategy

For each dimension j do:

P& = P+ rand(M;; - I;;* Pyj)

End for

Selection based on new position

If Fpy < Fp; then

P, = PiPl

End if

End for

Roaming

For each walrus i in the population do:

For each dimension j do:

If F, <F; then

V= x5+ rand(xy - 1* x;)

Else

xF2= x5 + rand(x; ) - X

End if

End for

End for

Escaping

For each walrus i in the population do:

For each dimension j do:

ISSN: 2395-0455

XP]3 = X + (UI(lllocal,j)' rand * llltOCal,]')

End for
End for
Update the best candidate solution

Identify the strongest walrus (best candidate) based on
updated positions and fitness

End for
Step 3: Output the optimal CH nodes
Algorithm 1 CH Selection Using WO

3.3.3. Return the Best Candidate Solutions as the Selected
CH Nodes

The process begins with the initialization of the population,
where each walrus represents a candidate CH node. The
fitness of each candidate is measured using a predefined
fitness function that considers node speed, distance from
member nodes, and energy consumption. The strongest
walrus, representing the best candidate CH is identified based
on the fitness values.

3.4. Hybrid Method

To achieve a higher accuracy, a hybrid CNN and LSTM
model is proposed for water quality prediction which is
shown in Figure 3.

3.4.1. CNN Model

The CNN method is used to extract spatial features from the
input data that has multiple convolutional layers followed by
pooling layers. The input layer receives the water quality
time-series data. These layers apply convolution operations
using multiple filters to extract spatial data. The pooling
layers are used to minimise the feature map’s dimensionality.

3.4.2. LSTM

LSTM network is used to implement the efficient and highly
predictive model. This model is used to overcome the
limitation of RNN. It is mainly focused on overcoming the
issues of vanishing gradient and short contexts. While
performing a backpropagation in the LSTM, the neuron
gradient value tends to zero. So, there is no need for a neuron
propagation which is called an exploding gradient issue.

The LSTM can vanish gradient issues by considering long-
term memory dependencies effectively which is given in
Figure 4. It has input gates, hidden or forget gates and output
gates. The input gate is used to collect data; the hidden gate is
used to make a decision which is an intermediate gate
between input and output. Next, the output gate is used to
provide a valid solution to the network. In this network, the
forget gate operation is the main function. It is used to spread

©EverScience Publications 666
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valid data to the network to avoid irrelevant data. The
FORGET Gate is effective in decision-making and can be
forwarded to the data by estimating or eliminating cell state
for the next step. The data in the forget gate are propagated

through the sigmoid activation function. When the output data
is not equal to zero, it is forward to evaluate the cell state. If
the output data of the forget gate is zero, then the data will be
eliminated.

Convolutional Pooling layer Flatten layer
layer (Feature (Feature (Spatial LSTM Layer
maps) maps) feature)

connected
layer

Figure 3 Hybrid CNN+LSTM Model

Ct-1——>© > ) » Ct

tanh

<)
Q

tanh

ha 1 1

Xt

Figure 4 LSTM Model for Prediction

The Input Gate in the LSTM network is used to generate a
cell state and validate the data importance. Then the data is
sent to the forget gate. This forgets gate can process a data
elimination or propagation. The input gate provides a data
priority to determine and store the more appropriate data in
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memory. This gate can be used to perform a tanh activation
function to control the network’s flow. The relevant data
updates a Cell state. Then the forget gate is multiplied with an
output gate to avoid the zero values possibilities. Then, the
addition of pointwise is done with an input gate to generate
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the cell state update. Finally, in the LSTM network, the
Output gate is helped to choose the next hidden cell state.
Then the updated cell state is shifted to the tanh’ function.
Then this function value is multiplied with the sigmoid
response. This response is to select the hidden state of data to
be revealed.

The functions of gate outputs and LSTM outputs can be seen
below (Eq. 9 — Eq. 16):

ft = G(fo.xt+.th.ht -1 +bf) (9)
it = O'(Wxi.xt +'Whi'ht -1 +bl) (10)

¢ = tanh(Wye.x, + . Wyeohy —1 +b.) (11)
Ct = fe*Ceq+ig*Ct (12)
0; = c(Wyo.x¢ + Wyo.hy —1 +b,) (13)
hy = O, * tanh (14)

Ve = a(Why.ht + b)) (15)
o(x) = (16)

1+e™*

Where f;,i;,0; represents forward, input and output gate
functions with weights of W, (-, W,;and W,, and b denotes the
bias values respectively.

4. RESULT AND DISCUSSION

In this section, the simulation results are described for the
proposed clustering and prediction model using MATLAB
software. The simulation parameters are listed in Table 2. In
the network, the Nodes are deployed and located in the area of
500*500m randomly. The node's quantity is varied with a
difference of 20 up to 100 for instance 20,40,60,80 and 100
respectively. The initial node energy is assigned as 10.5J with
a 75m transmission range. The value of 0.660W and 0.395W
is the power range of transmitting and receiving nodes and
also the size of every packet is fitted to 512. The performance
metric of this model is considered for an evaluation in terms
of delay, energy, PDR and data accuracy respectively.

Table 2 Simulation Parameters Settings

Parameter Value

Area 500m x 500m
Number of Nodes 20, 40, 60, 80, 100
Initial Node Energy 10.5J
Transmission Range 75m

Transmission Power 0.660W
Receiving Power 0.395W

Packet Size 512 bytes

ISSN: 2395-0455

4.1. Delay Analysis

Delay analysis

20 40 60 80 100

mMC

N

1.

()]

[y

0.

(&)

o

mRC

m VVSA based protocol m EPO based protocol

m Hybrid protocol = Proposed

Figure 5 Delay vs Number of Nodes

For a fair comparison, the proposed clustering is compared
with Random Clustering (RC), Multi-parameter Clustering
(MC), VSA [35], EPO [36] and hybrid algorithms [34]. From
the above Figure 5, the x-axis denotes a number of nodes in
terms of 20,40,60,80 and 100.

The Y-axis represents the delay in seconds where the time
taken to transmit the packets to the source and destination
node. When the nodes are increased then the delay of end-to-
end network is also increased. As a result, the proposed model
delay is compared to previously proposed models.

The output of the graph (Figure 5) shows that the proposed
model has obtained a very minimum time delay for packet
transmission than the VSA, EPO and Hybrid methods.

4.2. PDR Analysis

From the Figure 6, the x-axis represents a node in terms of
20,40,60,80 and 100. The Y-axis indicates PDR which is the
quality ratio of a packet to the source and destination node
with a minimum error. When the node’s count is increased
then the PDR is also increased. As a result, the proposed
model is compared with an existing method.

The output of the graph shows that the proposed model has
obtained a higher PDR value than other methods. Therefore,
the performance of the proposed method is observed that the
PDR value is 26% greater than the VSA, EPO and Hybrid
methods.
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Figure 6 PDR vs Number of Nodes
4.3. Energy Analysis

Energy analysis
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Figure 7 Energy Consumption vs Number of Nodes

From the Figure 7, the x-axis denotes a number of nodes in
terms of 20,40,60,80 and 100. The Y-axis represents the
energy consumption in Joule which is the overall energy
consumed for an end-to-end packet delivery. When the
number of nodes is increased then the energy consumption of
the end-to-end network is also increased. As a result, the
proposed model's energy consumption is compared with other
models. The output of the graph shows that the proposed

ISSN: 2395-0455

model has consumed a much less amount of energy than other
methods.

4.4. Lifetime Analysis

lifetime analysis
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Figure 8 Lifetime vs Number of Nodes

From the Figure 8, the x-axis represents a node in terms of
20,40,60,80 and 100. The Y-axis represents the lifetime of the
nodes in hours. When the number of nodes is increased then
the lifetime of the network is reduced. The output of the
graph shows that the proposed model has a better lifetime
than other methods due to the optimal selection of cluster
heads.

4.5. Throughput Analysis
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Figure 9 Throughput vs Number of Nodes

©EverScience Publications 669



International Journal of Computer Networks and Applications (IJCNA)
Volume 11, Issue 5, September — October (2024)

DOI: 10.22247/ijcna/2024/41

x

=\

RESEARCH ARTICLE

From the Figure 9, the x-axis denotes a number of nodes in
terms of 20,40,60,80 and 100. The Y-axis represents the
throughput of the communication. The output of the graph
shows that the proposed model has better results than others
even when increasing network size.

4.6. Accuracy Analysis

The water quality data is collected from the Kaggle website
(https://mww.kaggle.com/datasets/adityakadiwal/water -

potability). The data set includes different water quality
parameters. The dataset includes a total of 3277 samples. The
visualization of a data set is given in Figure 10. From the data

set, 80% data is trained by a hybrid model and the remaining
20% data is used for validation purposes.

The overall performance of the model is given in Table 3. The
hybrid model achieved better performance than other models.
The model attained a higher accuracy of 97.8%, with a
Precision score of 95.2 %, and a Recall score of 85.4.

The confusion matrix plot of the proposed classifier is given
in Figure 11. The diagonal cells represent the correct
predictions of true positives and true negatives. The off-
diagonal cells represent the incorrect predictions of false
positives and false negatives. It proves the suitability of the
prorposed mcL)JdeI for V\Aater qual‘ity predicJtion in real-time.

A B C D) 3
1 |ph Hardness Solids ~ Chloramin Sulfate  Conductiv Organic_c TrihalomeiTurbidity Potability
2 204.8905 20791.32 7.300212 368.5164 564.3087 10.37978 86.99097 2.963135 0
3 | 3.71608 129.4229 18630.06 6.635246 592.8854 15.18001 56.32908 4.500656 0
4 1 8.099124 224.2363 19909.54 9.275884 418.6062 16.86864 66.42009 3.055934 0
5 | 8.316766 214.3734 22018.42 8.059332 356.8861 363.2665 18.43652 100.3417 4.628771 0
6 |9.002223 181.1015 17978.99  6.5466 310.1357 398.4108 11.55828 31.99798 4.075075 0
7 | 5.584087 188.3133 28748.69 7.544869 326.6784 280.4679 8.399735 54.91786 2.559708 0
8 | 10.22386 248.0717 28749.72 7.513408 393.6634 283.6516 13.7897 84.60356 2.672989 0
9 | 8.635849 203.3615 13672.09 4.563009 303.3098 474.6076 12.36382 62.79831 4.401425 0
10 118.9886 14285.58 7.804174 268.6469 389.3756 12.70605 53.92885 3.595017 0
1111118098 227 93158 95484 51 QN772 404 N41A 5R3 RRRG 17.97781 71 97RF 4 3705R7 0
Figure 10 Trained Data Set Visualization
Table 3 Performance Analysis
Model Accuracy Precision Recall F1 Score
Proposed model 97.8 95.2 85.4 89.6
GRU 95.50 92.00 80.00 85.50
LSTM 88.75 84.50 65.00 73.50
CNN 86.50 82.00 60.00 70.00
Confusion Matrix
2500
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E
- 1000
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s

'
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Figure 11Confusion Matrix Plot
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5. CONCLUSION

This work presents a new approach for river water quality
monitoring using clustering and deep learning models in

MANETS.
improves

The use of the WOA for selecting optimal CHs
network efficiency with reduced energy

consumption and delays. The proposed clustering protocol
shows better performance in all evaluation parameters.
Moreover, the hybrid CNN-LSTM model is used for water
quality prediction. It effectively captures complex spatial and
temporal patterns in the data. The hybrid model achieved an
accuracy of 97.8%, outperforming other models such as GRU,
LSTM, and CNN in terms of precision, recall, and F1 score
rates. In future work, a federated learning approach will be
integrated into the water quality monitoring system using
MANETSs. This integration will reduce communication costs
and further improve network performance.
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