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Abstract: The Internet of Things (IoT) is a promising technology for sensing and monitoring the environment to
reduce disaster impact. Energy is one of the major concerns for IoT devices, as sensors used in IoT devices are
battery-operated. Thus, it is important to reduce energy consumption, especially during data transmission in
disaster-adverse situations. Clustering-based communication helps reduce a node’s energy decay during data
transmission and enhances the network’s lifetime. Many hybrid combination algorithms are proposed for cluster-
ing and the routing protocol to improve the network lifetime in disaster scenarios. However, the performance of
these protocols is widely varied based on the underlying network configuration and the optimisation parameters
considered. In this research, we have used the clustering parameters that are most relevant to disaster scenarios,
such as the node’s residual energy, distance to sink, and network coverage. Then, we proposed a bio-inspired
hybrid (BAO-PSO) algorithm where the Butterfly Optimisation Algorithm (BOA) is used for clustering and
Particle Swarm Optimisation (PSO) is used for the routing protocol. The performance of the proposed algorithm is
compared with the benchmark protocols LEACH, DEEC, PSO, PSO-GA, and PSO-HAS. Residual energy, network
throughput, and network lifetime are considered performance matrices. The simulation result showed that the
proposed algorithm increases network lifetime by 10%-20% by comparison with the benchmark algorithm.

Keywords: IoT; WSN; clustering protocol; routing protocol; energy efficiency

1. Introduction

The number of natural disasters escalates due to global warming, environmental pollution,
urbanisation, etc. According to the statistics, an average of 60000 people died due to disaster [1].
The faster detection of disasters can save many lives. To achieve this, it is required to monitor
the environmental parameters (temperature, wind pressure, gas or chemical compositions, etc.) by
implementing a wide range of sensors. The Internet of Things (IoT) focuses on an emerging paradigm
to provide scalable solutions for a wide range of disaster problems [2]. The objects (e.g. mobile phones,
RFID tags, sensors, etc.) in IoT networks can communicate with each other to perform a complex task
by collecting data and processing it without human intervention [3]. The WSN, which acts as a virtual
layer of the IoT network, covers a range of loT applications for disaster management which includes
pre-disaster environment monitoring [4,6], disaster preparedness[7], Early Warning System (EWS) [8],
post-disaster response [9]. Figure 1 shows the WSN applications for the disaster management.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Different types of disaster applications for the pre and post-disaster.

In WSN-based IoT applications, sensor nodes collect data from the operating environment and
send it to the sink or base station[5], which is then further processed to evaluate the situation. However,
there are limitations to using the WSN-based IoT network in disaster situations: limited battery life,
power outage, limited memory, etc. [10]. The fundamental paradigm of the network, such as sensing
the environment, data collection, and transmission, minimises the energy level of a node, which may
result in the breakdown of the Communication link between the sensing nodes and the sink and
disrupt the whole process. Moreover, during the 4disaster time, replacing the sensors or batteries
may not be possible. As a result, the entire network may collapse, causing a delay in the response
system. Hence, many researchers are working towards energy-efficient communication to increase the
network’s longevity.

Clustering-based communication addresses the power-conserving issue by providing energy-
efficient communication [11]. The clustering algorithm creates a group of sensor nodes and decides
which cluster head (CH) to associate with among various choices. In every cluster, there is a CH,
and the CH will be responsible for collecting data inside the cluster from nodes known as cluster
members. CH also directly manages communication with the other CH, external gateway, or sink.
Transferring data to the base station (BS) or other CH requires high energy. Therefore, it is important
to select or design an energy-efficient routing protocol to reduce the energy consumption of the CH
nodes. An energy-efficient routing protocol identifies the best route to transfer data between BS and
the CH, which reduces the energy consumption to enhance the lifetime of the network [12]. Several
energy-efficient routing protocols have been studied to select the CH dynamically and jointly optimise
the energy efficiency. However, these protocols cannot be directly applied to disaster scenarios because
of sudden peak network traffic, power outages, and delay sensitivity. Thus, using an efficient algorithm
to find the optimal CH and best routing protocol is essential for the WSN-based IoT network in case of
disaster management.

This paper aims to prolong the network lifetime by minimising the node’s energy consumption
during communication between the node and sink. This paper proposes a bio-inspired energy-efficient
cluster and routing (BICR) algorithm to enhance the network lifetime in disaster scenarios. The
Butterfly Optimisation Algorithm (BOA) with a modified fitness function is used for cluster formation
due to its high stability and lower computational complexity. The objective of the modified fitness is to
prolong the network lifetime and extend connectivity in a disaster scenario. The network’s lifetime is
further increased by optimising the routing path generation using particle swarm optimisation (PSO).
The PSO algorithm is dynamic, prompts convergence, provides the highest throughput and reduces
energy consumption compared to the other heuristic and mathematical approaches.

The main contributions of this paper are summarised below:

1. Proposed an improved BOA algorithm for the optimal cluster by utilising the search parameters
critical to a disaster scenario, including residual energy, distance to the neighbours, distance to
the BS, and degree of connectivity.

2. Proposed a shortage path multi-hop routing protocol using the PSO algorithm. Here, the PSO is
optimised with residual energy, the distance between source and destination, and the number of
relay nodes involved in the path.
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3. Improved the state-of-the-art method to enhance average energy consumption, network coverage,
and network lifetime by dynamically adjusting the sink position in different locations.

2. Literature Review

It is important to note that numerous researchers have made significant contributions to the field
of WSN by proposing algorithms that enhance performance in terms of energy consumption, network
coverage, and network availability. As energy is a critical factor in measuring WSN performance,
extensive research has been conducted on clustering and routing algorithms to enhance energy
efficiency. Swarm-based optimisation methods are widely studied in the literature as one of the
search strategies to find the global minimum. Finding an IoT node from a group of competitive
nodes and identifying the best routing path from source to destination can be described as a searching
problem where the objective is to minimise energy consumption and maximise network lifetime.
Many researchers have focused on swarm-based methods to solve global optimisation problems,
using single meta-heuristic algorithms or hybrid models. This section will delve into some notable
previous research works, providing a comprehensive overview of the existing knowledge. A plethora
of optimisation algorithms have been developed that are fundamentally inspired by nature, such as
the intelligent behaviours of birds, bees, fireflies, pigeons, etc. Some of the existing nature-inspired
algorithms are Ant Colony Optimisation (ACO) [13], Firefly Optimisation Algorithm (FFA) [14],
Artificial Bee Colony (ABC) [15], Roach Infestation Optimisation (RIO) [16], Cuckoo Search Algorithm
(CSA) [17], Honey Bee Mating Optimisation (HBMO) [18], Particle Swarm optimisation (PSO) [19],
Pigeon Inspired Optimisation (PIO) [20], Bat Algorithm (BA) [21], Lion Pride Optimiser (LPO) [22],
Butterfly Optimisation algorithm (BOA) [23], Lion Optimisation Algorithm (LOA) [24], and many
more. ACO and PSO are extensively used for clustering and routing in WSN.

The authors in[25][26] proposed ACO based clustering and routing algorithm for the IoT network.
The author [25] proposed a routing algorithm using ACO to obtain the best routing benefits by
categorising the IoT environment depending on network types and applying the most suitable ACO to
the concerned network. Multiple network types in an IoT environment result in overlapping areas
between completely different networks. To optimise the routing for the overlapped areas, authors in
[26] proposed a dual agent-based ACO algorithm to avoid overlapped intersections.

Furthermore, the authors in [27] proposed an integrated ACO and PCA-based clustering method
to optimise energy dissipation and data transmission rate by formulating the fitness function with
residual energy and inter-cluster distance for data aggregation. In [28], authors proposed a Harmony
search algorithm (HSA) for clustering and routing in WSN and optimised it by considering the residual
energy and distance between node to CH and CH-BS. An integrated PSO and HAS based algorithm is
proposed in [29] to achieve global search with a rapid convergence rate. The result showed that the
consumption energy and throughput were increased when using the standalone algorithm PSO and
HAS.

A Genetic Algorithm (GA) based clustering and routing algorithm is presented [30] to improve
the energy efficiency in WSNs. It showed sufficient improvement in the energy consumption and
network lifetime when using the residual energy, distance, and routing phase in the fitness function.

Another bio-inspired energy efficient CH selection algorithm is proposed by the author using
an Artificial bee colony (ABC)[31]. The result showed that the optimal number of clusters improves
network performance but only for the single hop to communicate with the CH to sink.

To increase the network coverage, a multihop communication between the sink and the CH is
considered in [32] and proposed an energy efficient cluster based routing protocol by integrating ABC
with the firefly algorithm. Lalwani et al. [33] proposed a biogeography-based optimisation (BBO)
algorithm for the CH selection; however, it suffers from single node failure as all the traffic is forwarded
by the CH to sink, resulting in faster battery depletion. The Integrated Cuckoo Search (CS) method is
used for the clustering and HAS for the routing in [34]. The proposed protocol considered uniform
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distribution of the energy consumption, though the node near the sink consumed more energy due to
the traffic load.

Gao et al.[35] proposed a PSO-based clustering and routing algorithm to optimise the energy
consumption in WSN. The higher residual energy of a node is considered the CH candidate during
the clustering process. Morteza et. Al [36] proposed a novel fitness function using energy efficiency,
cluster closeness and improved PSO-HSA.

From the above literature, it can be summarised that the hybrid metaheuristic algorithm performs
better than the single metaheuristic model for the clustering and routing algorithm in terms of energy
efficiency. No research is conducted using a hybrid model of BOA with the PSO for the clustering and
routing algorithm. The performance of BOA and PSO algorithms is highly dependent on the fitness
function. In this study, we have considered the fitness parameters that can best in a disaster scenario.
This study uses this hybrid model to measure the performance of the network.

3. Network Model

The network model used in this study is shown in Figure 2 based on the assumption mentioned
below:

1. The network is considered a homogeneous network. At the time of the IoT-based sensor deploy-
ment, all the nodes are isomorphic, which means all the nodes have the same energy at the time
of deployment.

2. The sensor node is operated by the battery, and there is no energy harvesting method applied or
replenished used.

3. The area covered by the IoT-based sensors is randomly distributed. The location of the sensors is
fixed, and each of the sensor nodes has a unique network identifier.

4.  The entire sensor node perceives its location. The distance between other nodes can be calculated
using the Euclidean distance equation.

5. The base station has unlimited energy and computational power.

* Sensor Node

(= /* j\( Cluster Head
Client — *\

o
A

Base Station

Figure 2. Cluster based sensors in WSN.

The first-order radio model is considered in this study, presented by the author [37]. The ratio
of the energy consumption model is based on the distance between the sender and receiver. Figure 3
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shows the ratio of energy consumption mode where the energy consumption to send a message is
calculated by sender and receiver distance and the total length of the message.
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n bit packet ; .
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Figure 3. First order radio energy model.
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ETx(nrd) = { 1)

n*EelEC+n*empf*d4,d > dy

In Equation (1), E7x(n,d) is the required energy to transmit # bit over the distance d, E,j. is the
energy required to transmit a bit.e, is the amplification factor over free space model and ¢, ,is for

the multipath fading model. dj is the distance threshold which is dy = 4/ gef Sf . When the distance is
mp

less than the threshold, the free space model is considered, and when the distance is greater than the

threshold, consider the multipath fading model. In addition, to receive # bit of data energy required

ERX = Eelec * 1.

4. CH Formation

The butterfly uses chemo-receptors to sense fragrance. While the butterfly moves to random
places, it spreads intense labels of fragrance. This fragment helps to guide the butterfly agent to search
for a butterfly and also helps to find a mating partner. If any given butterfly fails to get fragmented,
it searches within the area in a random position, known as local exploitation. If the butterfly gets
intensely fragmented, then it moves toward the butterfly known as global exploration. The fragrance
of a butterfly can be defined by the f = CI*. Where f is the fragrance emitted by a butterfly, c is the
sensory modality range [0,1], and I is the intensity of the fragmented, and « is the power exponent.
Equations (2) and (3) represent the local search and global search [38]

it =l 4 (rZXx]t- —xi) Xfi 2)

= xb+ (PXg" — X)) Xf; 3)

where x! is the solution vector for the i number of butterfly at f number iteration, r is random
number
[0,1]

, x]t- and x}, are j butterfly and k bitterly, g* are the best solution is the current iteration. According to
our network, each butterfly is initialised with an ID from 1 to N. N is the total number of sensors.
Every butterfly position is denoted by the (Bi, p) that belongs with (1<p<O) where O is the optimal
number of CH.

Assume that N is the total no of sensors in the A(axa) area. considering the free space energy
consumption model, the energy consumption of a CH per round is denoted as:

N
ECH:”*Eelec(6_1)+”*EDA*N+n*Eelec+n*£fS*dis (4)

The energy consumption of a cluster member per round is denoted by:

Em:n*Eelgc—i—n*sfs*dzCH 5)
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Energy consumption of the cluster per round is denoted by:

N
Ecrr = Ecu+ (- = 1) *Em (6)
The total energy consumption of the network for the O number of CH per round is denoted by:
Etotal = Ecpr # O = n(2N % Egjc + N % Epa + £75(Ofg + N % dgy)) @)

The optimal number of CH can be found by the differentiating of O is denoted by [39]:

Nxn
Oopt = 1| — 8
ort \/ 2md3 ®)

Similarly, for the multipath fading model, the optimum number of CH is denoted by:

\/N st*n
ﬁn’ smp*dBS4

Oopt = )

4.1. Fitness Function

The cluster head (CH) selection will be based on the residual energy (Rs), node distance Np, and
network coverage (N¢).

Residual energy: Residual energy is one of the vital factors in selecting CH, as CH requires more
energy to perform tasks. CH is responsible for receiving data from the node member and passing
it to another CH or BS. Because of that, the node with higher residual energy has a high chance of
becoming CH.

Oopt 1

Rg = _—
i=1 Ech

(10)
From the Equation (10), Ecy, is the residual energy of the it" cluster
Node Distance: This is also an essential factor for energy consumption. The less distance node

between the CH dissipation, the less energy for the transmission. The equation for the distance between

the node and the CH is: N
J

oopt

Np=Y)_ (Z distance(CHj, Xi)/lj> (11)
j=1 \i=1

Network coverage: The higher network coverage by assigning the CH of the node that node did

not include with any other CH. This will provide higher scalability and increase the lifetime of the

network[39]. The network coverage is denoted as [36]:

(Nx—D)—-YB_,CcxMp

Nc = (12)
YB—1C*Mp
The fitness function used for the BOA algorithm for this study is as follows:
Fitnesscy = Rg * f1 + Np * 32+ N3 (13)

whereZ?:l 1,B; € (0,1). For this study, we assume, 1 is consider .50, 52 is .30 and 83 is consider .20.
The optimal CH selection process is given in Algorithm 1.

d0i:10.20944/preprints202407.0341.v1
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Algorithm 1 CH selection algorithm process using BOA

Define the objective function from Equation (13)
Create a population of butterfly
Stimulus sensor modalityc, switch probability p and power exponent «
while iteration < maximum do
for each butterfly in population: do
calculate fragrance using
update optimal butterfly population
end for
for each butterfly in population: do
generate r (random number|[0,1])
if r<p then
move towards best butterfly using Equation (3)
else
moves randomly using Equation (2)
end if
end for
update power exponent value «
end while
the optimal solution for selecting the CH

5. Routing Protocol

The Cluster Head (CH) collected data from the cluster member and sent it to the BS. We assume
that CH maintains a list for the BS route. The main objective of this routing algorithm is to minimise
overall distance travel from source to destination as the distance is proportionally related to the energy
decay and the network lifetime. The fitness function evaluates the quality of the routing protocol.

For this study, we have considered an improved PSO algorithm for the routing protocol. PSO
algorithm [19] is a bio-inspired swarm of birds or fish moving in a multidimensional space for the food
search. CH node is considered each of the particles, and each of the CH was initialised of a random
velocity and position.

let P; = P;1, P;0, P;3,.....P; p where D is equal to the optimal number of CH. The particles update
the position based on the intensity of movement and the deviation. Particle’s observes the (L) and
(Qpest) and then adjust the position and velocity as follows [19]:

VIt = w* V! + Clx randl « (Lyest — P!) + C2 x rand2 * (gpesy — P!) (14)

1 1
pitt =pf+ VT (15)

where, ¢ is the current iteration, w is the inertia weight w** = 0.9 and w,,;;, = 0.2. rand1 and rand2
are a random numbers
[0,1]

Each of the CHs is assigned a random number
[0,

from a uniform random distribution. This number is then used to connect the CH with a random
destination, known as the nearest relay node. We assume that each of the CHs is connected within the
range of the CH or the BS.The P;, D is assigned to the final destination node CHp, which is connected
with the BS. This process ensures that the data sent from the source CH CHyg is routed to the BS via
CHp, thereby optimising the routing process.
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The improved fitness function for the PSO algorithm is considered for the residual energy, the
distance between source and destination, and the total number of relay nodes. The fitness function is
as follows:

D D D
D E
Fitnesspso = P1+ Y Distance(CHs, CHy) + 2 * Zﬂ’;;Er + B3+ Y relay(CHs, Desty)  (16)
i=1 i=1

where, E, is the residual energy, AvgE is the average energy of all alive node
and Distance(CHg, CH,) is the distance between source and destination node.

Let’s consider the network according to Figure 4 where graph G(V, E) shows the vertex, which is
the CH acts as a gateway, and E is the edge. Table 1 shows nodes within the range of a particular CH and
the total number of the relay nodes. According to Figure 4, there are 7 CHs (CH1,CH2,CH3,...,CH7)
connected with each other in the communication range. We assign every CH with a random number

P(i,d)e[0,1], mapped to a random relay node destination. Some of the CHs are connected with the BS.
When the CH1 wants to send data to the BS, it can send through CH2, CH3, CH5 nodes.

» (ais) Q
A \
Base

Station

CH1

®

.

CH7

Figure 4. WSN topology for the 5 cluster head and one BS.

Table 1. Possible relay node of the CH.

Cluster Head Relay Node No of Relay Node

CH1 { CH2,CH3,CH5 } 3
CH2 {CH3,CH4} 2
CH3 {CH4,CH5} 2
CH4 {CH6,CH7} 2
CH5 {CH6} 1
CH6 {BS} 1
CH7 {CHé6,BS} 2

After the optimization process is completed with the fitness function, CHs have information about
their members and the different routes to send the other CH. The TDMA scheduler is used to solve
congestion and collision issues. Each and every node has a dedicated slot to send data to the CH. The
cluster member sends the data according to the specific time slot CH. The collected data is aggregated
by the CH and sent by the optimized route according to the proposed model to the BS.

After every iteration, according to Equations (14) and (15), the particle position and velocity will
update with respect to Py, and Gy,s;. The updated new position value might get < 0 or > 1 because
of algebraic addition and subtraction. To solve this issue, we regulate positions used [40]:

P(i.d) = 1 if P(i,d) > 1 17)
" \min(7) i P(i,d) <0

7 is a vector of random numbers [0, 1].
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Table 2 shows the optimization details route for the network. Figure 5 shows the optimization
route for each of the CHs to aggregate data and send it to the BS.

Table 2. Optimised relay path of the CH.

Cluster Head Relay Node No of Relay Node P(i,d) Relay Node

CHI1 { CH2,CH3,CHS) 3 65 CH5
CH2 {CH3,CH4} 2 .73 C4
CH3 {CH4,CHS) 2 96 C5
CH4 {CH6,CH?) 2 52 CHé
CH5 (CH) 1 87 CH6
CH6 (BS) 1 29 BS
CH7 (CH6,BS) 2 18 BS
CH1 > CH5 > CHe

]Ttb-— »

o—9¢

Figure 5. Optimisation path for the IoT network.

The Algorithm 2 shows the method to select the optimal routing path.

Algorithm 2 Optimal routing path selection algorithm for the PSO

Define the objective function from Equation (16)
Input: Optimal number of CH (CH;, CHy,CHs, .....,,CHy)
Initialise of particles (P;)
Initialise swarm S,
fori=1to S, do
compute fitness value using equation-16
Lpest < P;
end for
while iteration > Maximum do
fori=1to S, do
update the velocity and position of each particle
Evaluate the value of P; using equation 16
if Lye; > currentvalue then
Lpest <= Pi
elseGbest <= Lpest
select the best fitness value
end if
end for
end while
Optimal routing path by finding the optimal relay node

6. Simulation Results

The simulation was conducted to validate the proposed model. Matlab 2019b is used to perform
the simulation. The properties of the Matlab installation environment are as follows: Windows 10
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64-bit operating system, Intel(R) Core(TM) i7-6700 CPU @ 3.40GHz, 16GB RAM. To validate the model,
our proposed model’s simulation result is compared with the traditional model LEACH [41], DEEC
[42] and state-of-the-art meta-heuristic algorithm based on PSO[43] and hybrid models PSO-GA[45]
and PSO-HSA [46]. The parameters used for this simulation are given in Table 3.

The simulation considers two scenarios for the 200X200m area.

Scenario-1: This scenario is considered a normal situation where BS/Sink is located in (100,100)
locations. All the sensors are around the BS for short-length communication.

Scenario-2: This scenario is considered a disaster situation where BS/sink is located in a (0,0)
location. All the sensors are far from the BS for long-range communication.

This simulation will help to understand and compare the proposed model stability in different
situations with different models.

Table 3. Possible relay node of the CH.

Parameters Value
Initial Energy E, 0.5
Transmission and Receive Energy (E,j.) 50(nj/bit)
Multipath Fading (Eqmp) 0.0013pj/bit/m*
Free space transmitter amplifier energy (E;) 10 pj/bit/m?
Power exponent 0.1
Sensory modality 0.01
Particle Position (X,,i;, Xmax) 0,200
particle Velocity (V,,in, Vinax)m/s 0,200
No of Round 2000
No of Iteration 5
Swarm Size 15
Accelartion Constant 2

The following performance matrices are considered to validate the proposed model:

* Residual Energy: The sum of all the alive sensors” node remaining energy is considered as a
performance matrix to evaluate the model. The residual energy is directly related to the energy
utilisation within the network and influences the network lifetime.

¢ Throughput: This is another important performance factor to evaluate the protocol. Throughput
defines how much information the client gets from a monitoring area that the sensors collect and
send. It measures how many packets the BS receives from the sensor node.

* Network lifetime: The main objective of this proposed model is to maximise the network lifetime.
This is to measure how much node is alive and able to send information to the sink. As mentioned
above this matrix is directly related to the residual energy of a node.

Figures 6 and 7 presented the average residual energy of all the nodes for scenario 1 and scenario
2, respectively. The residual energy of the proposed model is compared with the LEACH, DEEC, and
PSO models. For the calculation of the residual energy, 200 nodes are considered for both scenarios.
According to the figures, the proposed model achieved the higher residual energy for all the nodes
with the different numbers of rounds.

For scenario-1 (Figure 6), For the LEACH and DEEC model, all node’s residual energy is empty
after 1200 rounds. PSO performs better than the LEACH and DEEC. The residual energy became low
around 1450 rounds. However, the proposed model performs much better than LEACH and DEEC,
the residual energy finish after 1957 rounds.
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Figure 6. Residual Energy for the scenario-1.

On the other hand, for scenario 2, LEACH, DEEC, and PSO’s residual energy died at 967,1187
and 1325 rounds, respectively. However, the proposed model finishes after 1600 rounds. The reason
for finishing residual energy for the LEACH was higher energy consumption for the selection of
random CH and single-hop data transmission. For the DEEC algorithm, the optimal distance was not
considered when selecting the CH. The PSO considered the residual and distance of BS but did not
consider the distance between two CH and orphan nodes. The proposed model performs better as it
considered higher residual energy, distance as well and orphan nodes for the extent of network lifetime.
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Figure 7. Residual Energy for the scenario-2.

Figures 8 and 9 show the network performance throughput for the proposed model and compare
it with the LEACH, DEEC, and PSO for scenario 1 and scenario 2, respectively. The throughput was
also measured by changing the different nodes. For both scenarios, the network throughput for the
proposed model is significantly higher compared with the other protocol. The proposed model has
a higher throughput from 10%-20% than the other models. The reason behind the proposed model
fitness function is to use less energy consumption during data transmission to achieve a higher network
throughput.
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Figure 10 shows the total packet received by the BS. Scenario 2 considered 200 nodes for this
evaluation. More than 18000 packets were received by the BS for the proposed model. However, the
LEACH and DEEC could not send enough packets compared with the PSO. The proposed model
sends more than 12000 packets to compare with the LEACH and DEEC, and 4000 packets higher than
PSO. The reason behind that is that the proposed model fitness function preserves the residual energy
for the nodes, which increases the nodes ’ lifetime. This will help to enhance the network lifetime and
also increase the number of packets that are transmitted to the BS.
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Figure 11 shows the packet drop ratio for scenario 2 with the different nodes. The proposed
model achieved a lower packet drop ratio compared with the other models. LEACH and DEEC have
significantly higher packet drop ratios for the different node numbers than the proposed model. The
packet drop ratio in the proposed model increased by approximately 5% with the increase of 100 nodes.
The proposed fitness function helps to minimise the drop of the data transfer as the model selects the
energy-efficient shortage path to send the data. However, the PSO model achieves less percentage of
drop ratio because of the routing efficiency. Nevertheless, due to the inefficient selection of CH and
routing path, LEACH and DEEC have higher packet drop ratios.
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Figure 11. Packet drop ratio for the different nodes in WSN.

Figures 12 and 13 show the percentage of improvement of the network lifetime of the proposed
model for scenario 1 and scenario 2, respectively. The proposed model also compares with the state-of-
the-art PSO and Hybrid models. The proposed model has significantly improved the network lifetime
and increased from 27%,24%, and 21% for scenario-1 for the 100 nodes, 200 nodes, and 300 nodes,
respectively. Scenario 2 (Figure 13) shows the proposed model increased by 23%, 21%, and 17% for
the 100,200 and 300 nodes. The proposed model achieved a higher network lifetime compared with
the other state of art models, the network lifetime increases by approximately 10%. The reason is due
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to the significant CH selection process, preventing energy consumption of the node during packet
transmission, and finding the optimised route for the packet delivery.
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Figure 12. Percentage of improved network lifetime for the scenario-1.
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Figure 13. Percentage of improved network lifetime for the scenario-2.

7. Conclusions and Future Direction

This paper proposes a bio-inspired optimisation algorithm model for selecting the energy-efficient
cluster head and optimal routing protocol. The proposed model targets increasing the network lifetime
and reducing energy consumption, vital parameters for the IoT network in a disaster. For selection,
the CH and routing algorithm’s effective fitness functions are used, ensuring the model’s performance
enhancement. The analysis assumes a different situation by placing the BS in a different location.
The proposed model is compared and evaluated with the benchmark models that use CH-based
routing protocol for the IoT network. The performance matrix considers residual energy, network
throughput, packet delivery, and network lifetime to evaluate the proposed model. The experimental
result evaluates that the proposed model significantly enhanced the residual energy and network
throughput and increased network lifetime by 10%-20% compared with the LEACH, DEEC, PSO, and

hybrid PSO.
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In the future, a more comprehensive scenario needs to be considered to extend the simulation
models. It is also required to validate the proposed model with the broader range of the bio-inspired
proposed models.
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