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ABSTRACT

Modern communication networks have been completely transformed by the Internet of Things (IoT), which
makes it possible for a wide range of devices to exchange data efficiently. But maintaining the best possible
Quality of Service (QoS) in IoT networks—especially in cluster-based architectures—remains a major
difficulty. In order to improve QoS metrics in IoT routing, this study presents the Deep Belief Lion
Optimization (DBLO) algorithm, a novel combination of the Lion Optimization and Deep Belief Networks
(DBN). Modern techniques such as Ant Colony Optimization (ACO), Krill Herd Algorithm, and
Convolutional Lion Routing Optimization (CLRO), which blends LOA with Convolutional Neural
Networks (CNN), are compared to the DBLO algorithm. Critical QoS metrics, including throughput,
energy consumption, routing overhead, packet delivery ratio (PDR), and end-to-end delay, are used to
gauge performance. Results from experiments show how effective the DBLO algorithm is at maximizing
network performance, cutting down on energy use, and guaranteeing dependable data delivery. The
suggested method opens the door for more effective and scalable IoT networks by providing a solid
solution for QoS improvement in IoT.
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Optimization Algorithm (LOA),Deep Belief Networks (DBN),Cluster-Based loT Network,
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1. INTRODUCTION

With billions of devices connected
globally, the Internet of Things (IoT) has become a
paradigm-shifting technology that facilitates
smooth communication and automation in a wide
range of industries, including healthcare, smart
cities, agriculture, and transportation [1]. Ensuring
reliable and effective communication becomes
increasingly important as IoT networks get bigger
and more sophisticated. The dependability and
performance of IoT networks are largely
determined by Quality of Service (QoS) indicators,
such as End-to-End Delay, Packet Delivery Ratio
(PDR), Routing Overhead, Throughput, and Energy
Consumption. In IoT networks, routing is essential
to preserving QoS, particularly in cluster-based
systems. By assembling devices into clusters and
assigning cluster heads to manage inter-cluster
communication, cluster-based networks maximize
resource efficiency. Despite these benefits,

changeable topologies, low device energy, and
fluctuating data traffic patterns make it difficult to
develop effective routing protocols for these
networks [2]. Many optimization strategies have
been used to solve loT routing issues. Although
they have demonstrated potential, methods like
Krill Herd Algorithm and Ant Colony Optimization
(ACO) frequently struggle to fully balance QoS
criteria. By utilizing machine learning capabilities
to optimize routing decisions, the Convolutional
Lion Routing Optimization (CLRO) algorithm,
which combines the Lion Optimization with
Convolutional Neural Networks (CNN), has shown
better performance.

To meet the increasing needs of IoT
applications, more advancements are needed. In
order to address the shortcomings of current
methods, this study suggests the Deep Belief Lion
Optimization (DBLO) algorithm, a novel fusion of
Deep Belief Networks (DBN) and Lion
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capacity to maximize feature extraction and model = Networks (CNN). CLRO improves decision-

intricate patterns. The usefulness of the suggested
algorithm in attaining improved performance is
demonstrated by comparison with ACO, Krill Herd
Algorithm, and CLRO across important QoS
parameters. The structure of this document is as
follows: A thorough analysis of current routing
methods and their drawbacks is given in Section 2.
The suggested DBLO algorithm and its
incorporation into a cluster-based Internet of
Things network are presented in Section 3. The
experimental setup and assessment measures are
described in Section 4, along with the performance
analysis and outcomes. Lastly, Section 5 provides
information about the findings and potential
avenues for further study.

2. LITERATURE REVIEW

IoT routing has advanced significantly,
and many optimization strategies have been created
to overcome obstacles in obtaining Quality of
Service (QoS). An outline of the main methods,
their uses, and their drawbacks is given in this part,
emphasizing the necessity of the suggested Deep
Belief Lion Optimization (DBLO) algorithm.

Ant Colony Optimization (ACO) is a
bioinspired algorithm that draws inspiration from
ants' foraging habits. Because of its capacity to
identify almost ideal routes using pheromone-based
communication, it has been extensively used to
optimize routing in Internet of Things networks.
For example, Rao et al., 2018 [4] emphasized its
efficiency in lowering energy consumption and
delay, while Dorigo et al., 1996 [3] showed its
adaptability for dynamic networks. However,
ACQ's application in real-time IoT settings is
limited due to its sluggish convergence and
processing complexity in large-scale networks.
Another metaheuristic method for resolving
optimization issues is the Krill Herd Algorithm,
which draws inspiration from the herding behavior
of krill swarms. By effectively searching the
solution space, studies like Gandomi and Alavi,
2012 [5] have demonstrated its potential in
resolving routing issues. According to Singh et al.,
2021 [6], despite its benefits, the algorithm
frequently runs into local optima and is not flexible
enough to adjust to changing [oT environments.

To improve routing performance, the
Convolutional Lion Routing Optimization (CLRO)

making in cluster-based IoT networks by utilizing
CNN's capacity to extract features from intricate
network data. When compared to conventional
techniques, research by Patel et al., 2023 [7]
showed notable gains in throughput and packet
delivery ratio. However, the computational
complexity caused by CLRO's reliance on CNN
could reduce its effectiveness in IoT devices with
limited power. Deep learning techniques have
become popular in IoT routing because of their
capacity to simulate nonlinear interactions and
adjust to changing circumstances. A type of
generative models called Deep Belief Networks
(DBNs) has demonstrated promise in tasks
involving feature extraction and optimization.
Studies like Zhang et al., 2020 [9] and Hinton et al.,
2006 [8] have shown how DBN can enhance
network scalability and performance. By utilizing
its deep feature representation capabilities, DBN
can be integrated with optimization techniques to
further improve QoS measures.

2.1 Cluster-Based IoT Network Architecture

In large-scale IoT deployments, cluster-
based network designs are essential for effective
resource management and dependable
communication. Devices in these networks are
organized into clusters, each of which is overseen
by a Cluster Head (CH). In addition to improving
network scalability and energy efficiency, this
hierarchical structure streamlines routing and
lowers communication overhead [10]. A number of
crucial elements make up cluster-based IoT
networks, which improve energy management and
communication effectiveness. Sensors, actuators,
and smart appliances are examples of IoT devices
(Nodes), which function as end devices and are in
charge of data creation and preliminary processing.
These gadgets speak with Cluster Heads (CHs),
which act as go-betweens, combining data,
processing it locally, and sending it to the Base
Station (Sink). All cluster data is gathered by the
base station, a high-capacity node, for subsequent
processing, analysis, or transfer to other systems.
The network is organized into clusters, each of
which consists of a single CH and several IoT
devices. By minimizing direct transmissions to the
base station, clustering lowers energy usage and
increases network longevity. The cluster-based
method is intended to maximize energy usage and
boost communication effectiveness in Internet of
Things networks. Cluster-based models efficiently
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manage network scalability and improve reliability
by utilizing a hierarchical structure and minimizing
the amount of direct transmissions to the Base
Station (BS).

A Cluster Head (CH) oversees each of the
clusters that make up the network in a cluster-based
IoT routing paradigm. CHs are mostly used for data
forwarding and aggregation, which reduces
redundant transmissions and energy usage. By
adding clusters as needed while keeping a constant
communication  overhead, the  architecture
guarantees scalability. Furthermore, dynamically
re-electing CHs according to network parameters
such as energy levels and node connectivity
enhances reliability [11] [12].

The network configuration is made up of
20 nodes, designated N1 through N20, that are
dispersed throughout a region. C1, C2, C3, and C4
are the four clusters into which these nodes are
arranged. Nodes in each cluster are grouped
according to signal strength, proximity, or
clustering methods like DBSCAN or k-means.
Cluster Members (CMs) and a single Cluster Head
(CH) are the two main positions within each
cluster. Metrics including residual energy,
centrality, and distance from other cluster nodes are
used to dynamically choose the CH. This procedure
guarantees effective communication between the
CHs and the Base Station (BS) as well as inside the
cluster. Because they aggregate data from the CMs
and cut down on the number of transfers to the BS,
the CHs are essential to the network. CHs can send
aggregated data to the BS directly or via nearby
CHs, depending on the routing protocol. As
network conditions change, such as when a CH's
energy levels are exhausted, CHs are dynamically
re-elected to preserve energy efficiency and
dependability. In contrast, the CMs receive
information from their surroundings and relay it to
the appropriate CHs. CMs use less energy since
they exclusively interact inside their clusters.

Cluster C2
Cluster C1 B N7
N ) N8
N2 —
N4
N3 CH2
CH1
Base Station
CH4
Nl
N19
N8
w20 N16
CH3
N15 Cluster C4

N4 /
~— ‘ji/ Ni2 N13

ClusterC3
—

Figure 1: Network Setup for a Cluster-Based IoT Model

The BS serves as the hub for gathering and
processing data. The CHs provide it with
aggregated data, which is subsequently examined or
sent for decision-making. Node initialization is the
first step in the entire process, during which nodes
are deployed and given distinct IDs and
predetermined energy levels. After then, nodes are
arranged into clusters according to their signal
intensity or geographic location. The CMs send
their sensed data to the CHs for forwarding and
aggregation, and the CHs are dynamically chosen
according to predetermined parameters. In order to
preserve optimal network performance, new CHs
are chosen when network conditions change, such
as energy depletion [13]. The trade-off between
energy consumption and Quality of Service (QoS)
measures, including Packet Delivery Ratio (PDR),
End-to-End Delay, Throughput, Routing Overhead,
and Energy Consumption, is successfully balanced
by this hierarchical cluster-based approach. A
strong loT network is ensured by the architecture's
support for effective communication, scalability,
and energy efficiency. In order to increase the
effectiveness of cluster-based IoT networks,
optimization methods are essential. In order to
ensure balanced energy usage, they assist in
choosing the best Cluster Heads (CHs) and
clustering techniques. These algorithms also
minimize transmission delays by identifying
energy-efficient routing paths.

They allow IoT networks to function
effectively in dynamic environments by improving
network scalability and adaptability [14]. Building
on these ideas, the suggested Deep Belief Lion

e ——
6647




Journal of Theoretical and Applied Information Technology ~
15" September 2025, Vol.103. No.17 ]

© Little Lion Scientific

" A mmmm—
S/

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

Optimization (DBLO) method integrates Deep
Belief Networks to describe intricate network
traffic patterns and uses the Lion Optimization for
efficient CH selection and routing. The goal of this
hybrid strategy is to improve QoS metrics while
tackling the particular difficulties faced by cluster-
based IoT networks.

3.2 Deep Belief Lion Optimization (DBLO)
Algorithm

The Deep Belief Lion Optimization (DBLO)
method is a new hybrid technique that combines
Deep Belief Networks and Lion Optimization to
improve routing in cluster-based IoT networks.
Through this integration, a more reliable and
effective routing mechanism is produced by
combining the learning and feature extraction
characteristics of DBNs with the exploration and
exploitation skills of LOA.

The social behavior of lions in the wild, which
includes strategies like pride formation, territorial
defense, and nomadic group dynamics, served as
the model for LOA. By mimicking lion behaviors,
LOA is used in DBLO for optimal route selection,
finding the best routes based on metrics like energy
consumption, latency, and reliability [15] [16] [17]
[18]. One kind of deep learning model is called a
DBN, which is made up of stacked RBMs. DBNs
are used in DBLO to examine and discover intricate
patterns in network characteristics, including
connection quality, traffic load, and node energy
levels. The algorithm can choose routes and assign
CHs intelligently thanks to the learned features
[19-23]. The DBLO Algorithm's workflows are
Step 1. Initialization: Deploy nodes in the IoT

network and divide them into clusters using

proximity-based clustering algorithms.

Initialize parameters for LOA, including pride

size, number of nomads, and territorial

boundaries. Train the DBN using historical
network data, such as energy levels and
transmission delays, to learn the underlying
patterns and trends.
Cluster Formation:
e Distance between
calculated as,

d(N;, N)) = J(Xi —x)*+ (vi —yj)?
Where, (xi,yi) and (Xj,y;) are the coordinates of
nodes Nj and Nj, respectively.
e Nodes are grouped into clusters based on the

nearest cluster centroid using algorithms like k-
means,

C = {Nizarg ™R}I|N; — |1}

two nodes (N;Nj) is

Where, pi is the centroid of cluster Cy.

DBN Initialization:

e DBN is pre-trained using Restricted Boltzmann
Machines (RBMs). The energy function for an
RBM is,

E(V, h) = —Z biVi — Z Clh]
i j
- Z Vihj Wi,j

ij
Where, v and h are visible and hidden
layer states, b; and c; are biases, and wi;
are weights.

Step 2. Cluster Head (CH) Selection: Use LOA
to identify optimal CHs within each cluster.
CH selection criteria include residual energy,
centrality, and connectivity. The DBN
evaluates these metrics to refine the selection
process by predicting the longevity and
effectiveness of potential CHs.

o Residual Energy Calculation: Residual
energy (Er ) of a node,

Er = Einit_ZTx+ZRx
Where Eini¢ 1s initial energy, Tx is
transmission energy, and Ry is reception
energy.

e  Fitness Function for CH Selection: CHs
are selected based on a multi-objective
fitness function,

E, 1 degree(N;)

Fon = wy Einit w2 2 d(N;, N;) "3 max degree

Where, wl,w2,w3 are weights for energy,
proximity, and connectivity criteria.

Step 3. Route Optimization: LOA is applied to
determine the best routes from CHs to the Base
Station (BS). DBNs assess the network's
dynamic conditions (e.g., traffic and energy) to
provide real-time adjustments and improve
routing decisions.

e LOA Position Update: LOA updates the
position of lions (X;) based on their pride or
nomadic groups:
=  Pride members move using,

XP = X¢ + r1(Xpest — Xt) + r2(Xrandom
—Xo)

= Nomads move using,

X?ew =X¢+ 0t(Xbest - Xt)
Where, 1, r; are random numbers, o is a
learning factor, and Xy is the best lion
position.

e DBN Feature Extraction: DBNs extract
features like energy, traffic, and delay. The
hidden layer representation is,

e ——
6648




Journal of Theoretical and Applied Information Technology ~

15 September 2025. Vol.103. No.17

RN

© Little Lion Scientific

" A mmmm—
S/

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

h] = G(b] + ZViWi]‘>
i

1
1+e=*

Where,o(x) =
function.

e Route Selection: The final route is selected
based on a weighted score,

+w,PDR

is the sigmoid activation

Froute = W1 m

— w3 energy consumption
Step 4. Data Transmission: Cluster Members

(CMs) send sensed data to their respective

CHs. CHs aggregate the data and forward it to

the BS using the routes optimized by the

DBLO algorithm.

o Energy for Data Transmission: Energy
consumed by a node to transmit (Et ) and
receive (Er ) data,

ET = 1 Eelec + l eamp' dn ) ER = l Eelec
Where, 1 is the packet length, E¢jec is the
energy per bit, €.mp is the amplifier energy,
d is the distance, and n is the path loss
exponent.

e Aggregation at CH: CH energy
consumption (Ecn),

N
Ben = ) (Er(D) + Eagg)
i=1

Where, Eag, is the aggregation energy.
Step 5. Adaptive Reconfiguration: As network
conditions change, such as energy depletion or
increased traffic, the DBN predicts these
changes and updates CH assignments and
routing paths dynamically. LOA ensures that
the updated solutions maintain global
optimization while avoiding local optima.
e CH Re-election Criteria: A node is re-
elected as CH if,

E,. > threshold energy, and z d(Ni, Nj)

< maximum range
The re-election is triggered when the
current CH’s energy falls below a
threshold.
By increasing routing efficiency, the Deep Belief
Lion Optimization (DBLO) method is intended to
improve the quality of service (QoS) in a cluster-
based Internet of Things network.

Initialization IoT Network

Deploy Nodes and Cluster Formation

Select Cluster Head (CH)
Evaluate Fitness Function for CH Selection

CH Selection Criteria

Update CHs Dynamically Based on Metrics

DBN Model Training

DBN Pre-training with RBMsz
Routing Selection

Extract Features with DEN Optimize Routes using LOA

Update Lion Positions Based on Fitness
Evaluate Routes Using QoS Metrics

Select Optimal Routs
Check Energy Levels and Network Conditions G Dp s

Transmit Data from Cluster Members to
Energy Depleted CHs

Energy Sufficient

CH D: d Sendsto BS
Re-elect Cluster Heads Aggopice Data aud endslo

Continue Data Transmission

End: Optimized Routing Achieved

Figure 2: Workflow of the DBLO Algorithm

The algorithm achieves efficient data routing, lower
energy consumption, and enhanced network
performance by combining the advantages of Deep
Belief Networks and Lion Optimization. Nodes are
dispersed around a region and aggregated into
clusters using clustering methods like DBSCAN or
k-means, proximity, or signal strength in the
cluster-based IoT network design. A Cluster Head
(CH) oversees intra-cluster communication and
sends aggregated data to the Base Station (BS)
from each cluster.

The network is initialized and CHs are dynamically
selected using measures like residual energy, node
centrality, and distance to other cluster nodes
before the DBLO process starts. DBNs are used to
extract features from the network data after the CHs
have been chosen. The DBN learns hierarchical
representations of the network's state, such as
energy levels, signal strength, and node connection,
after being pre-trained using Restricted Boltzmann
Machines (RBMs). The LOA then uses these
features to improve the routing routes between the
BS and CHs.

With individual solutions (lions) standing in for
possible routing paths, the LOA simulates the
behavior of lions in the wild. Lions use a fitness
function that assesses QoS measures such Packet
Delivery Ratio (PDR), End-to-End Delay,
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Throughput, Routing Overhead, and Energy
Consumption to repeatedly update their placements.
In order to guarantee that the algorithm converges
to the best routing plan, the best solutions are kept.
CHs compile data from Cluster Members (CMs)
and send it to the BS as data transmission moves
forward. The CH energy levels and other network
variables are dynamically monitored by the
program. To preserve efficiency and dependability,
a new CH is chosen when a CH's energy drops
below a certain level. In cluster-based IoT
networks, effective data routing is ensured by the
hierarchical structure of the DBLO algorithm, the
sophisticated learning capabilities of DBNs, and the
optimization skills of LOA. The DBLO algorithm
greatly improves the overall performance and
scalability of IoT networks by balancing energy
usage and enhancing QoS metrics.

By decreasing end-to-end latency, increasing
throughput, improving packet delivery ratio (PDR),
eliminating routing overhead, and reducing energy
consumption through optimal cluster head (CH)
selection and routing, DBLO improves Quality of
Service (QoS). The network can dynamically adapt
to changes in traffic patterns and topology thanks to
its scalability and adaptability. Furthermore, the
intelligence and resilience of DBLO are derived
from the Lion Optimization Algorithm (LOA) for
effective optimization and Deep Belief Networks
(DBNs) for predictive capabilities, guaranteeing
dependable and flexible performance. Traditional
routing algorithms like Ant Colony Optimization
(ACO), Krill Herd approach [24], and
Convolutional Lion Routing Optimization (CLRO)
are outperformed by the suggested DBLO
approach. DBLO outperforms all assessed QoS
measures by fusing the deep learning prowess of
DBN with the optimization powers of LOA.

4. RESULT AND DISCUSSIONS

Experiment Setup: A computer running
Microsoft Windows 7 with a CORE 15 CPU, 8 GB
of RAM, and a clock speed of 2.2 GHz was used to
execute the simulations using the NS-3 simulator.
The assessment centers on contrasting the
suggested Deep Belief Lion Optimization (DBLO)
algorithm with the Convolutional Lion Routing
Optimization (CLRO), Ant Colony Optimization
(ACO), and Krill Herd Algorithm techniques.
Numerous Quality of Service (QoS) indicators,
such as End-to-End Delay, Routing Overhead,
Packet  Delivery  Ratio  (PDR),  Energy
Consumption, and Throughput, were used in the
investigation. The studies were carried out with

different node densities—50, 100, 150, 200, and
250 nodes—in order to replicate various network
circumstances. A trust value of 0.5 was initially
assigned to every node in the Internet of Things
network. Under the trusted model, the total number
of nodes reflected the population in the network,
offering a realistic setting for evaluating algorithm
performance. The following table lists the
simulation parameters:

Table 1: Simulation Parameters

Parameter Value

Number of Nodes 50, 100, 150,200, 250
(h) nodes

Network Size (Bt x 1000m % 1000m

Ct)

Transmission Range 1000 m

Initial Energy (K;) 120J

Propagation Model = Two-Ray Ground
Number of Rounds 100

Packet Size 2 MB

Traffic Type CBR

MAC Type 802.11

Antenna Type Omni-Directional Antenna

DBLO, ACO, Krill Herd,
CLRO

Each algorithm's parameter values were carefully
selected to maximize its performance in the Internet
of Things network. Three prides and seven nomads
made up the initial lion population of ten for the
Deep Belief Lion Optimization (DBLO) algorithm.
Three layers were used by the deep belief network:
input, hidden, and output. To guarantee effective
learning, a learning rate of 0.01; momentum of 0.9;
and weight decay of 0.0005 were used. Twenty
ants were used in the Ant Colony Optimization
(ACO) method, which had a maximum of 100
iterations, a pheromone decay coefficient of 0.5,
and an exploration factor of 1.2. With a starting
krill population of 30, the Krill Herd Algorithm was
trained with a diffusion coefficient of 0.8, a
foraging speed of 1.0, and a convergence limit of
0.01. The initial lion population for the
Convolutional Lion Routing Optimization (CLRO)
method was ten, split into three prides and seven
nomads. Two CNN layers—convolution and
pooling—with a learning rate of 0.005 and a
dropout rate of 0.3 were part of the model.

Examined Protocols

The experiment's workflow comprised a number of
crucial components. At first, nodes were positioned
at random in a 1000 m x 1000 m space. After that,
predetermined energy and trust levels were
initialized for each node. Based on their proximity,
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nodes were grouped into clusters, and Cluster
Heads (CHs) were chosen at random. To make data
transmission easier, the routing protocols for each
method were then simulated. Lastly, measures
related to Quality of Service (QoS) were measured
and examined for different situations. These metrics
included End-to-End Delay, Routing Overhead,
Packet  Delivery  Ratio  (PDR),  Energy
Consumption, and Throughput. The algorithms
were rigorously tested under various network
densities and situations thanks to this extensive
setup.

End-to-End Delay refers to the total time taken for
a data packet to travel from the source node to the
destination node across the network. It
encompasses all delays, including transmission,
propagation, processing, and queuing delays. It is a
critical Quality of Service (QoS) metric in IoT
networks, as lower delay ensures faster
communication and real-time responsiveness.

n
DeZe = Z(Dtrans + Dprop + Dproc + uneue)
i=1
Where, Dians: Transmission delay (time to push all
packet bits onto the link). Dy, : Propagation delay
(time for the packet to travel through the medium).
Dproc : Processing delay (time for routers to process
the packet headers). Dqueue : Queuing delay (time a
packet waits in a queue). n: Total number of links
the packet traverses.
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Figure 3: End To End Delay Vs Number Of Nodes

Figure 3 emphasize that when it comes to reducing
End-to-End Delay, the DBLO algorithm performs
better than ACO, Krill Herd, and CLRO. This is
accomplished by effective Cluster Head (CH)
selection, in which DBLO uses a DBN to pick CHs
according to closeness, energy levels, and
centrality, hence cutting down on pointless hops.
Furthermore, Lion Optimization and DBN's
predictive capabilities are integrated into optimized
routing paths to guarantee low-delay, energy-
efficient transmission. Even in high-density

settings, the system maintains performance by
dynamically adjusting to network changes.
Additionally, its hierarchical clustering technique
reduces processing delays and congestion.

The hybrid structure of DBLO is responsible for its
exceptional performance. By combining the deep
learning features of DBN with the optimization
capabilities of LOA, DBLO can anticipate the best
routes with the least amount of delay. DBLO is
adjusting to node conditions and network density
fluctuations. improving data aggregation and
cutting down on redundant transmissions. Due to its
ability to achieve the lowest End-to-End Delay in
every evaluated scenario, DBLO is a reliable
algorithm for cluster-based IoT networks.

Packet Delivery Ratio (PDR) measures the
efficiency and reliability of a routing algorithm by
evaluating the percentage of data packets
successfully delivered to the destination nodes
compared to the total packets generated by source
nodes. Higher PDR values indicate a more reliable
network with efficient routing and minimal packet
loss.
PDR

Total Packets Successfully DeliveredTotal

Total Packets Sent

Where, Total Packets Successfully Delivered:
Number of packets received by destination nodes.
Total Packets Sent: Number of packets transmitted
by source nodes.

Figure 4 It out that the Deep Belief Lion
Optimization (DBLO) algorithm outperforms the
Ant Colony Optimization (ACO), Krill Herd
Algorithm, and Convolutional Lion Routing
Optimization (CLRO) algorithms in terms of
Packet Delivery Ratio (PDR). This is a result of
dependable routing path selection, in which the
Deep Belief Network (DBN) of DBLO predicts
stable and ideal paths, minimizing packet loss from
congestion or connection breakdowns. In order to
minimize dropouts, its effective Cluster Head (CH)
management dynamically chooses high-energy,
well-connected nodes. Furthermore, redundant
transmissions are decreased via efficient data
aggregation at CHs, which lowers routing overhead
and improves network throughput. Adaptive
learning is made possible by the hybrid
combination of DBN and Lion Optimization
Algorithm (LOA), which enables DBLO to sustain
high PDR under various network conditions.
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Figure 4: Packet Delivery Ratio Vs Number Of Nodes

Because of its hybrid architecture, which combines
Deep Belief Networks (DBN) and Lion
Optimization, DBLO has a high Packet Delivery
Ratio (PDR). By ensuring that data transmission
takes energy-efficient routes, energy-aware routing
reduces the likelihood of connection failures. By
optimizing Cluster Head (CH) selection and data
aggregation, its dynamic clustering system lowers
packet collisions and retransmissions. Furthermore,
DBN's real-time adaptation allows DBLO to adapt
to shifting network conditions, guaranteeing steady
performance at different node densities. For
Internet of Things networks, DBLO is the best
option since it strikes a balance between scalability,
energy efficiency, and dependability.

Routing Overhead measures the additional
communication load imposed on the network due to
control messages used for route discovery,
maintenance, and updates. Lower routing overhead
indicates more efficient network protocols with
minimal use of resources for control operations.
Routing Overhead
Total Control Packets Transmitted

" Total Data Packets Successfully Delivered
Where, Total Control Packets Transmitted:
Number of routing or control messages sent within
the network. Total Data Packets Successfully
Delivered: Number of data packets successfully
received by destination nodes.

Usually, routing overhead is given as a percentage
or ratio. Through a number of significant
improvements, the Deep Belief Lion Optimization
(DBLO) method outperforms Ant Colony
Optimization (ACO), Krill Herd method, and
Convolutional Lion Routing Optimization (CLRO)
in terms of routing overhead. Stable clusters are
maintained and fewer route modifications are
required because to its effective cluster
management, which dynamically chooses the best

Cluster Heads (CHs). Deep Belief Networks (DBN)
enable intelligent routing decisions that minimize
route discovery operations by predicting stable
pathways. The Lion Optimization Algorithm
(LOA) guarantees that routing procedures use the
fewest resources possible. Data aggregation at CHs
also lowers control message overhead and improves

network  efficiency by  reducing  packet

transmissions.
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Figure 5: Routing Overhead Vs Number Of Nodes

Figure 5 show that the DBLO algorithm's effective
cluster-based structure allows it to achieve the
lowest routing overhead of all the techniques
compared. The majority of routing activities are
managed by Cluster Heads (CHs), which drastically
cuts down on control packet exchanges. With the
help of Deep Belief Networks (DBN) and the Lion
Optimization Algorithm (LOA), dynamic route
optimization minimizes the need for frequent
updates by ensuring adaptive path selection.
Furthermore, disturbances that result in an excess
of routing messages are avoided by steady cluster
formation. DBLO is perfect for IoT contexts
because it optimizes resource utilization while
guaranteeing good network performance by
maintaining a balanced trade-off between routing
overhead, Packet Delivery Ratio (PDR), and energy
economy.

Throughput refers to the total amount of data
successfully delivered from source to destination
within a specific time frame. It is an essential
metric in evaluating the efficiency of routing
algorithms, particularly in IoT networks, as it
reflects the network's ability to handle data
transmission under varying conditions.

Total Data Packets Delivered x

Packet SizeSimulation Time
Simulation Time

Throughput =
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6652




Journal of Theoretical and Applied Information Technology
15% September 2025. Vol.103. No.17

S

RN

© Little Lion Scientific

" A mmmm—
S/Mnnn

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

Where, Total Data Packets Delivered: Number of
data packets received at the destination. Packet
Size: Size of each data packet (in bits or bytes).
Simulation Time: Total time of the simulation (in
seconds). Throughput is typically expressed in bits
per second (bps) or kilobits per second (kbps).

T T T T
s F=JAco

—— Kirill Herd
a5 —4— CLRO

e Jl=+—Db8LO

800

750 /
e 1

700

650

Throughput (KBPS)

600

550 /‘ |
b

500

—

450

50 100 150 200 250
Number Of Nodes

Figure 6: Throughput Vs Number Of Nodes

Because of its effective architecture, the DBLO
algorithm performs better in throughput than the
ACO, Krill Herd Algorithm, and CLRO algorithms.
Deep Belief Networks (DBN)-powered intelligent
data routing reduces packet loss and guarantees
secamless data  delivery. Its cluster-based
architecture maximizes transmission bandwidth by
lowering overhead and congestion. By modifying
routes in response to current circumstances,
dynamic routing techniques avoid network
congestion. Moreover, DBLO is perfect for [oT
networks since its efficient energy use prolongs
node operations and maintains excellent throughput
over time.

Figure 6 emphasize that, out all the approaches
compared, the DBLO algorithm achieves the
maximum throughput. Deep Belief Networks
(DBNs) enable enhanced packet delivery, which
guarantees that data is sent via dependable and
effective channels. Lion Optimization Algorithm
(LOA) and DBN are integrated into its dynamic
cluster and routing optimization, which adjusts in
real-time to reduce packet loss. Nodes remain
operational for longer when resources are used
efficiently, maintaining steady throughput as the
network grows. Additionally, increased bandwidth
for data transmission is made possible by lower
routing overhead. Because of these benefits, DBLO
is a great option for Internet of Things networks,
guaranteeing dependable and effective high-load
communication.

Energy Consumption measures the total energy
utilized by the nodes in the network during data

transmission, routing, and other operations. It is a
critical metric for evaluating the sustainability of
routing algorithms in resource-constrained IoT
networks.
Energy Consumption (J)
N

= Z(ETx.i + Erxi + Eidie,i)
i=1

Where, Eryi: Energy consumed by node iii during
data transmission. Ery;i: Energy consumed by node
iii during data reception. Eiqii : Energy consumed
by node iii in idle state. N: Total number of nodes
in the network. Energy consumption is usually
expressed in Joules (J) or as a percentage of initial
energy.

Because of its effective energy management
techniques, the DBLO algorithm uses the least
amount of energy when compared to the ACO,
Krill Herd Algorithm, and CLRO algorithms. By
dynamically  choosing  low-energy-consuming
cluster heads (CHs), it makes use of energy-
efficient clustering to lower intra-cluster
communication expenses. LOA and DBN-powered
optimized route selection reduces energy-intensive
retransmissions. Adaptive load balancing also
guarantees equitable job distribution, avoiding
sudden energy depletion in certain nodes. DBLO
saves energy by lowering routing overhead and
implementing an effective sleep-wake process,
greatly increasing network lifespan.
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Figure 7: Energy Consumption Vs Number Of
Nodes

Figure 7 show off DBLO's exceptional energy
efficiency, which is attained by combining
sophisticated optimization with astute network
management. By avoiding nodes with excessive
energy consumption, the Deep Belief Network
(DBN) forecasts energy-efficient routes. By
ensuring balanced energy consumption, the Lion
Optimization Algorithm (LOA) increases the
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longevity of networks. Furthermore, DBLO's
cluster-based IoT design greatly lowers energy
consumption by minimizing communication
overhead, particularly in dense networks. These
characteristics make DBLO perfect for IoT
networks with limited resources since they allow it
to provide great performance while preserving
energy.

5. CONCLUSION

In cluster-based IoT networks, the suggested Deep
Belief Lion Optimization (DBLO) method performs
exceptionally well in improving the Quality of
Service (QoS). With the use of Deep Belief
Networks (DBNs) and the Lion Optimization
Algorithm (LOA), DBLO efficiently distributes
network load, lowers energy usage, and improves
routing choices. Analytical comparisons with Ant
Colony Optimization (ACO), Krill Herd Algorithm,
and Convolutional Lion Routing Optimization
(CLRO) demonstrate that DBLO can outperform
these algorithms in terms of important metrics like
throughput, energy consumption, packet delivery
ratio (PDR), end-to-end delay, and routing
overhead. The experimental findings support the
scalability and effectiveness of DBLO, especially in
cases involving dense IoT networks, where it
improves energy efficiency and extends network
lifetime. Because of its dependable and energy-
efficient communication, DBLO is a potential
option for practical Internet of Things applications.
Future studies can concentrate on modifying DBLO
for dynamic IoT networks where nodes join or
depart regularly in order to further improve its
capabilities. The versatility of DBLO can be
increased by extending it to include other QoS
measures, such as scalability, dependability, and
fairness. Performance may be further improved by
investigating hybrid optimization techniques, such
as combining DBLO with Particle Swarm
Optimization (PSO) or Genetic Algorithms (GA).
Furthermore, DBLO's application to low-energy
IoT systems will be expanded by optimizing it for
resource-constrained situations such as Low Power
Wide Area Networks (LPWANS).
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