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Abstract

Wireless sensor network (WSN) is one of the most challenging study areas in the field
of information technology. Among the many challenges posed by WSN, optimization in the
presence of multiple conflicting objectives is one of the most major challenges. This paper
discusses the previous research work in the field of MOO WSN. This research proposes a
new algorithm, Enhanced NSGA-III which is a reference based with new dynamic weight-
based cluster scheduling algorithm. ENSGA uses multi-parent order crossover (MPOX) to
enhance fresh child to produce the best Pareto Fronts (PF). Total number of sensor nodes,
network coverage and energy consumption are considered as the three conflicting objectives
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for the optimization study. ENSGA exhibits promising results in comparison to the NSGA-II
and NSGA-IIL. The possible future work is also discussed in the paper.
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1. Introduction

A wireless sensor network, sometimes known as a WSN, is an open
wireless network with the capacity to observe and manage physical
environments. It has numerous tiny, autonomous nodes that are spatially
distributed. These widespread deployment of autonomous devices in the
WSN are designed to collect data on the state of the environment or
physical objects. The desired attributes of sensing nodes include low
power consumption, versatility, self-adaptation, configuration. The
latency, coverage, and impartiality among the competing sensor nodes
comprise the quality of service (QoS). Maintaining QOS on the WSN node
is challenging specially with the constraint of limited battery life [25-26].

The optimal deployment of the sensor nodes in WSN is obtained by
optimization study. A simpler optimization study is solving a single
optimization problem with one objective in focus with other objectives
considered as constraints'. Thisisnotan effective study as it overemphasizes
the objective in focus on the cost of other objectives’. A simultaneous
multi-objective optimization (MOO) gives equal emphasis on all the
objectives. Thus, it is more realistic approach for optimal deployment of
nodes in WSN’. The classical method of finding multi-objective
optimization results was by solving a single-objective optimization
problem with the single objective as a weighted sum of all the different
objectives’. The challenge with such population-based algorithms is that
we cannot get one single best deployment. The result of MOO study is a
set of non-dominated points as solutions’. These sets of non-dominated
solutions are known as Pareto set. Every point in this Pareto set represents
one optimal deployment of the sensors. The multi-objective algorithms for
solving WSN problems are population-based methods. Thus, the result
gives the user a choice to choose any of the solution based on the user’s
priority of the various objectives’. In such cases the priority for different
objectives can be represented in the form of weights. Fei et al." have
reviewed of various MOO algorithms for optimization of WSN. The
lifetime of the WSN and the energy efficiency are the major performance
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metrics. Significant work has been done in the field of MOO study of WSN
in the last two decades. To consider energy efficiency in WSN a lossy
compression technique’ is proposed for the constrained resources available
(nodes) is used. MOGA is used to create a collection of factors controlling
the information loss with compression performance for ideal trade-offs.
Maximizing reliability of WSN and with minimum deployment cost are
recently studied using competitive multi-objective marine predator’s
algorithm (CMOMPA)".

The result of MOO problem makes it difficult for the user to utilize
the results as one optimal deployment of nodes. Bouzid et al.” have
proposed MOO algorithm MOONGA for the application in WSN. Based
on the preferences of the network and the specifications of different
applications, this algorithm gives an optimal deployment of sensor nodes
according to the topology, the environment, and the designer users. A
comparative study" of Multi Objective Ant Colony Optimization (MOACO)
against NSGA-II, SPEA-II is studied on maximizing coverage area and
lifetime of the network based on coverage and a method of minimizing
potential cost. The numerous machine learning algorithms for clustering
to create a two-tier network architecture are discussed in detail"". Yetgin et
al.” studied the best paths between sources and destinations when
competing goals, such as end-to-end delay, dissipated energy, and
arbitrary multi-hop networks. The NSGA-II and MODE (Multi-Objective
Differential Evolution) algorithms were compared by the authors. A
performance comparison® between the resulting algorithm MOEA /DFD
and MOEA dubbed NSGA-II has shown a trade-off solution has been
contrasted with node deployment schemes (single objective) based on DE
(original), JADE, and Comprehensive Learning PSO. MOEA/DFD was
reported to perform better than all test cases. The other study focusing on
congestion control in WSN proposed a congestion control technique called
PSOGSA" algorithm. The waiting for queue size, level of congestion, data
transmission rate, total packet loss, and delay are considered as
performance measures. It is suggested that subsequent research look at
load balancing and security issues [27-30].

NSGA-II has been the most widely used MOO algorithm due to its
simplicity and robustness. The MOO study considering coverage and
connectivity * and the MOO study considering lifetime, coverage, and
connectivity' have shown that NSGA-II is a robust algorithm for obtaining
optimal solutions in WSN too. Many application-based modifications
have also been studied for WSN applications. An adaptive NSGA-II with
learning automata termed as MOOCTC" is studied for coverage and
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topology control. The algorithm of NSGA-II has been modified to NSGA-
[II'""® by considering a reference plane in place of crowding distance to
maintain the diversity of the Pareto solution. This reference-based algorithm
has also shown promising results in WSN applications”. The reference
plane in NSGA-III is defined in such a manner to make the MOO algorithm
robust for various applications. An application-based modifications™ in the
reference plane of NSGA-III has shown a better result in other fields. Such a
study suggests possible modified reference plane work for WSN applications.
We have proposed an enhanced algorithm ENSGA by modifying the
reference plane in NSGA-III in this work.

2. Problem Description and Objective function

This research addresses three objectives MOP. Those three objectives
are: minimizing the number of sensor nodes, increasing network coverage,
and consuming the least amount of energy possible.

2.1 Minimization of number of sensor nodes

Each sensor increases the overall system cost and maintenance cost™.
Minimization of number of sensors depends on the maximization of
number of active sensors.

) =X, Status, )

-f;ICﬁZIL’ sensor(x

N: Total number of sensor nodes X, Y,

F,, : Minimum Number of Senser in WSN
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2.2 Maximization of network coverage

Coverage corelated to the sensing range™. The coverage objective is to
ensure that the finite set of points in the target region are covered or
monitored by at least one sensor node. Here we take maximum segregation
is used to maximize the coverage.
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Rs: Sensing range, the same for all sensors.
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2.3 Minimization of energy consumption

Sensor nodes have limited battery power because of that total energy
consumption is a crucial issue”. Reducing intersection area between two
or more sensors will decrease the energy consumption [31-32].

f;mergy consumtion (q)Zzl\:ll Z?Ll R Si ﬁRS] (3)

3. Network model and Proposed work

A clustering and scheduling based technique are applied. This
algorithm helps to solve the multi objective problem by providing better
convergence [33-34]. The new multi objective fitness function is proposed
for achieving the multi objectives that is network coverage, active sensor,
and energy consumption. this method based on node connectivity and
clustering. The radius is taken as constraint which ensures the path
reliability. We choose the new cluster heads (CH), based on the
communication range, sensing range and total node energy consumption.
The node scheduling techniques is used for enhancing the objective.

3.1 Clustering

The clustering techniques is used for dividing the large amount of
sensor into a similar group or collection of objects based on resemblance
and difference between them. In WSN the clustering [30-32] is used to ease
the scalability to the large number of nodes and prolong the network
lifetime by maintain the energy efficiency while communicating with
neighbour sensor. in this work clusters are formed based on the active and
inactive status of the sensor node. Let NS in the parameter for Node Status
which can be active or nonactive node and CW is the weighted cluster
value.

3.2 Novel Multi parent order crossover (MPOX)

A crossover operator called multi-parent order crossover (MPOX)
[24] is adopted to resolve metaheuristic issue. MPOX enhances GA’s
performance by extending the order crossover (OX) into a multi-parent
crossover. The primary driver for using a successful MPOX for order-
based representation is to produce legal offspring with no duplicate
numbers. MPOX uses a three-step process: first is substring selection,
second step is substring copy, and third step is elements selections. In the
MPOX substring selection phase an n-parent MPOX, nl crossover points



1930 R. YADAV AND R. SINGH

are created at random. to split each parent into its child strings. The chosen
substrings in this instance are n. Each parent is divided into four substrings
by the chosen crossover points. The second chosen substring is copied into
the newly formed offspring during the substring copy phase at the same
absolute position as the first, in between the primary and
secondary crossover points. The MPOX only produces one child from n
parents since it is stated to pass the substring from the original parent to
the new offspring. MPOX starts at the second crossover point of the second
parent and then chooses the missing components to add to the child in the
element selection phase to create a viable offspring from more than two
parents. Following that, the filling phase will begin at the second crossing
point that is the third substring. Up until the completion of the offspring
of the third substring, the process is repeated. The MPOX proceeds until
the fourth crossing point of the succeeding parent, at which time it chooses
the elements missing from the progeny and begins to add them. Up until
the next crossing point or the end of the offspring, this cycle is repeated.
When MPOX reaches the final parent, it begins at the beginning of the
parent, picks the components that the offspring is missing, and copies
those components until the second crossover point is achieved, into the
progeny commencing at the starting point. As a result, the offspring is
complete and is full of all the necessary components.

3.3 Enhance Non-dominated Sorting Genetic Algorithm I1II (ENSGA).

The NSGA, NSGA-II, and NSGA-III algorithms are all evolutionary
algorithms for MOO problems that use non-dominated sorting to achieve
convergence. A group of non-dominated solutions constitute a MOO
problem’s solution. As a result, the MOO problem also aims to achieve a
well-diversified solution set in addition to convergence. Both NSGA and
NSGA-II use the principle of crowding distance to achieve this. The
crowding distance is determined by NSGA using decision variable space
and NSGA-II using function space. NSGA-III uses the concept of
association of a reference plane to obtain a well-diversified solution. In
Figure 1 shows the framework of evolutionary Algorithm. This research
suggests an improved clustering and scheduling based multi objective
method called Enhance NSGA-III (ENSGA), which is based on, to address
performance issues in QoS for WSNs. Previous multi-objective algorithm
issues including premature early convergence and the adverse impact of
similar repeated redundant solutions can be avoided with this method. In
comparison to other algorithms, ENSGA also produces more convergent
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global solutions by using MPOX operation and adjusted dynamic weighted
clustered scheduled reference points (RP), the NSGA-III algorithm is
improved.

Tournament
Selection

Crossover
and
Mutation

Child
Population

Mixed
Population

Parent
Population

Tournament Selection

Figure 1

Framework of Evolutionary Algorithm

3.4 Calculation of Weight Value in ENSGA

The ENSGA algorithm is designed to accelerate the convergence of
the NSGA-III algorithm. It is based on weighted clustered scheduled with
vector adjustment. By using novel differential evolution techniques,
ENSGA improves ability for evolution while dynamically modifying the
weight vector. Cluster densities are too low if they are lower.

Weight value = weight value + ((minimum threshold xcluster density) * 2 — minimum
distance) x Neighbors weight value

True

if (cluster density)> (Population) density)

1 False

[ Weight value = weight value + ((minimum distance - minimum threshold x cluster ]

density) x Neighbors weight value of another quadrate

Figure 2

The distribution of weighted vectors

than the minimal population density. If the weighted clustered scheduled
vector is not removed in this situation, the two nearest weighted clustered
scheduled vectors are modified. If the cluster density (CD) is higher than
the MPD (maximum population density), it is said to be excessive. The
weighted clustered vector (WCV) should be considered in this situation;
otherwise, the vectors of the two closest neighbors must be modified.
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Figure 2 shows the how modifications done in the weight value base on
cluster density and population density.

4. Result and Analysis

We simulate the proposed method (ENSGA) using MATLAB 2018a to
determine how effectiveness of algorithm. MATLAB is widespread used
for mathematical Calculation and simulation. In this simulation we
assume that the network is free from packet collision and wormhole attack
problem also assume that the network environment is dynamic in nature.

100 4
DRW= Y Y (PEC+NAS+NC+NCT) (4)

iteration 25 objective=1

here

DRW = Dynamic Random Weight

PEC = Percentage of Energy Consumption
NAS = Number of Active Sensors

NCT = Normalized Computation Time

NC = Network coverage

The algorithm configuration entails the utilization of 20 N division
values along with crossover and mutation values of 1, and a mutation rate
of 0.2. The total number of iterations ranges from a minimum of min 25
(+25) max 100 iterations. The population size ranges from a minimum of
10 (+10) maximum of 100 size. Ten different configurations were tested in
the experiment. Table 1 shows the parameters of simulation of WSN. The
Dynamic Random Weight (DRW) is calculated shown in equation 4.the
normal as well as dynamic both value is taken under consideration. Figure
2 shows the result that the computed outcomes demonstrate that the

Table 1
Parameters of WSN (simulation)

WSN size 100*100 m’

Total sensor nodes (n) min100 (addition 100)max 500
Sensing Radius (RS) Min 1 to max 300cm
Communication Radius (R)) Minl to max 300cm

No of Objective 3
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Figure 2

The MOO Resultant by Dynamic Random Weight Vs Number of Iteration for
different number of Nodes.

suggested ENSGRA algorithm is superior to the other techniques and has
been assigned the highest value would be next followed by other two
algorithms. This result shows that, even when the combination model
considers computation time, ENSGRA is still capable of outperforming
the other techniques of MOO.

5. Conclusion and future work

The current research focuses primarily on enhancing two or more
objectives and solving the Multi Objective Problem (MOP) is an NP-hard
issue. finding solutions for conflicting multi-objectives by using meta-
heuristic MOO algorithms. The most widely used algorithms in this field
for providing Pareto Fronts (PF) solutions, which help the decision-making
choose the optimum course of action, are NSGA-II and NSGA-III. For
improving the performance of WSN, we proposed a ENSGA which is
based on NSGA-3. Result shows the improved optimize result by using
new algorithm. To evaluate the suggested method, we therefore want to
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consider more objectives in the future, investigate their performance, and
add more indications.

References

[1] Reddy BSP, Rao CSP, A hybrid multi-objective GA for simultaneous
scheduling of machines and AGVs in FMS. International Journal of Ad-
vanced Manufacturing Technology. 31(5-6) : 602-613 (2006).

[2] Lu], Wang X, Zhang L, Zhao X., Fuzzy random multi-objective op-
timization-based routing for wireless sensor networks. Soft comput.
18(5) : 981-994 (2014).

[3] Gao T, Song JY, Zou JY, Ding JH, Wang DQ, Jin RC., An overview
of performance trade-off mechanisms in routing protocol for green
wireless sensor networks. Wireless Networks 22(1) : 135-157 (2016).

[4] Fei Z, Li B, Yang S, Xing C, Chen H, Hanzo L., A Survey of Multi-
Objective Optimization in Wireless Sensor Networks: Metrics, Algo-
rithms, and Open Problems. IEEE Communications Surveys and Tutori-
als. 19(1) : 550-586 (2017).

[5] Deb K., Multi-objective Optimisation Using Evolutionary Algo-
rithms: An Introduction. Multi-objective Evolutionary Optimisation
for Product Design and Manufacturing (2011).

[6] Sengupta S, Das S, Nasir MD, Panigrahi BK. Multi-objective node de-
ployment in WSNs: In search of an optimal trade-off among cover-
age, lifetime, energy consumption, and connectivity. Eng Appl Artif
Intell. 26(1) : 405-416 (2013).

[7] Marcelloni F, Vecchio M., Enabling energy-efficient and lossy-aware
data compression in wireless sensor networks by multi-objective evo-
lutionary optimization. Inf Sci (N Y). 180(10) : 1924-1941 (2010).

[8] ChenL, XuY, Xu F, Hu Q, Tang Z., Balancing the trade-off between
cost and reliability for wireless sensor networks: a multi-objective op-
timized deployment method. Applied Intelligence (2022).

[9] Bouzid SE, Bouzid SE, Seresstou Y, Raoof K, Omri MN, Mbarki M,
Dridi C., MOONGA: Multi-Objective Optimization of Wireless Net-
work Approach Based on Genetic Algorithm. IEEE Access. 8:105793—
105814 (2020).



A MULTI OBJECTIVE OPTIMIZATION IN WIRELESS SENSOR NETWORK 1935

[10] le Berre M, Hnaien F, Snoussi H., Multi-objective optimization in
wireless sensors networks. Proceedings of the International Confer-
ence on Microelectronics, ICM (2011).

[11] Chang Y, Yuan X, Li B, Niyato D, Al-Dhahir N., Machine-Learning-
Based Parallel Genetic Algorithms for Multi-Objective Optimization
in Ultra-Reliable Low-Latency WSNs. IEEE Access. 7 : 4913-4926
(2019).

[12] Yetgin H, Cheung KTK, Hanzo L., Multi-objective routing optimiza-
tion using evolutionary algorithms. IEEE Wireless Communications
and Networking Conference, WCNC. : 3030-3034 (2012).

[13] Singh K, Singh K, Son LH, Aziz A., Congestion control in wireless
sensor networks by hybrid multi-objective optimization algorithm.
Computer Networks. 138 : 90-107 (2018).

[14] Syarif A, Benyahia I, Abouaissa A, Idoumghar L, Sari RF, Lorenz P.,
Evolutionary multi-objective based approach for wireless sensor net-

work deployment. 2014 IEEE International Conference on Communi-
cations, ICC 2014 : 1831-1836 (2014).

[15] Jameii SM, Faez K, Dehghan M., Multiobjective Optimization for To-
pology and Coverage Control in Wireless Sensor Networks (2015).
http:/ /dx.doi.org/101155/2015/363815. doi:10.1155/2015/363815.

[16] Jameii SM, Faez K, Dehghan M., AMOF: adaptive multi-objective op-
timization framework for coverage and topology control in heteroge-
neous wireless sensor networks. Telecommun Syst . 2023 Feb 7] 61(3)
: 515-530 (2016). https:/ /link.springer.com/article/10.1007 /s11235-
015-0009-6.

[17] Deb K, Jain H., An evolutionary many-objective optimization algo-
rithm using reference-point-based nondominated sorting approach,
Part I: Solving problems with box constraints. IEEE Transactions on
Evolutionary Computation. 18(4) : 577-601 (2014).

[18] Jain H, Deb K., An evolutionary many-objective optimization algo-
rithm using reference-point based nondominated sorting approach,
Part II: Handling constraints and extending to an adaptive approach.
IEEE Transactions on Evolutionary Computation. 18(4) : 602-622
(2014).

[19] Shi B, Yue Z, Yin S, Metiaf A, Wu Q., Wireless Sensor Network
Deployment Optimization Using Reference-Point-Based Non-



1936 R. YADAV AND R. SINGH

dominated Sorting Approach (NSGA-III). ] Phys Conf Ser 1284(1) :
012063 (2019). doi:10.1088/1742-6596/1284/1/012063.

[20] Chaudhari P, Garg S., Multi-objective optimization of maleic anhy-
dride circulating fluidized bed (CFB) reactors. Chemical Engineering
Research and Design. 141 (2019). doi:10.1016/j.cherd.2018.10.020.

[21] Syarif A, Benyahia I, Abouaissa A, Idoumghar L, Sari RF, Lorenz P.,
Evolutionary multi-objective based approach for wireless sensor net-
work deployment. In: 2014 IEEE International Conference on Com-
munications (ICC). p. 1831-1836 (2014).

[22] Konstantinidis A, Yang K, Zhang Q, Zeinalipour-Yazti D., A multi-
objective evolutionary algorithm for the deployment and power as-

signment problem in wireless sensor networks. Computer Networks.
54(6) : 960-976 (2010). doi:10.1016 /j.comnet.2009.08.010.

[23] Chang Y, Yuan X, Li B, Niyato D, Al-Dhahir N., Machine-learning-
based parallel genetic algorithms for multi-objective optimization in
ultra-reliable low-latency WSNs. IEEE Access. 7 : 4913-4926 (2018).

[24] Arram A, Ayob M., A novel multi-parent order crossover in genetic
algorithm for combinatorial optimization problems. Comput Ind
Eng. 133 : 267-274 (2019). doi:10.1016/j.cie.2019.05.012.

[25] Meena, N., & Singh, B., Firefly optimization based hierarchical clus-
tering algorithm in wireless sensor network. Journal of Discrete Math-
ematical Sciences and Cryptography, 24(6), 1717-1725 (2021).

[26] Arivudainambi, D., Pavithra, R., & Kalyani, P., Cuckoo search algo-
rithm for target coverage and sensor scheduling with adjustable sens-
ing range in wireless sensor network. Journal of Discrete Mathematical
Sciences and Cryptography, 24(4), 975-996 (2021).

[27] Yuvaraj, D., Sivaram, M., & Navaneetha Krishnan, S., Intelligent de-
tection of untrusted data transmission to optimize energy in sensor
networks. Journal of Information and Optimization Sciences, 41(3), 799-
811 (2020).

[28] Kumar, A., Singh, K., & Khan, T., L-RTAM: Logarithm based reliable
trust assessment model for WBSNs. Journal of Discrete Mathematical
Sciences and Cryptography, 24(6), 1701-1716 (2021).

[29] Khan, T., & Singh, K., Resource management based secure trust mod-

el for WSN. Journal of Discrete Mathematical Sciences and Cryptogra-
phy, 22(8), 1453-1462 (2019).



A MULTI OBJECTIVE OPTIMIZATION IN WIRELESS SENSOR NETWORK 1937

[30] Khan, Tayyab, and Karan Singh. “RTM: Realistic Weight-Based Reli-
able Trust Model for Large Scale WSNs.” Wireless Personal Commu-
nications 129, no. 2 : 953-991 (2023).

[31] Shariq, M., Singh, K., Lal, C., Conti, M., & Khan, T., ESRAS: An ef-
ficient and secure ultra-lightweight RFID authentication scheme for
low-cost tags. Computer Networks, 217, 109360 (2022).

[32] Kumar, A., Singh, K., Khan, T., Ahmadian, A., Saad, M. H. M., & Man-
jul, M., ETAS: An efficient trust assessment scheme for BANs. IEEE
Access, 9, 83214-83233 (2021).

[33] Khan, T., Singh, K., & Purohit, K. C., ICMA: An efficient integrated
congestion control approach. Recent Patents on Engineering, 14(3),
294-309 (2020).

[34] Khan, T., Singh, K., Shariq, M., Ahmad, K., Savita, K. S., Ahmadian,
A., ... & Conti, M., An efficient trust-based decision-making approach

for WSNs: Machine learning oriented approach. Computer Commu-
nications, 209, 217-229 (2023).

Received February 2023



