(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 12, No. 7, 2021

Snapshot of Energy Optimization Techniques to
Leverage Life of Wireless Sensor Network

Kavya A P!

Assistant Professor
Dept. of Electronics and Communication Engineering
Vidyavardhaka College of Engineering
Mysuru, Karnataka, India

Abstract—Energy Optimization in Wireless Sensor Network
(WSN) deals with the techniques which targets higher degree of
energy efficiency using resource-constraint sensor nodes with
minimal inclusion of any different variants of resources. At
present, there are various approaches and techniques towards
addressing the problems of energy but not all the research
implications can be considered as optimized approach.
Therefore, this paper reviews all the existing energy optimization
schemes, categorizes them, briefly discuss about their strength
and weakness to offer a compact snapshot of existing energy
optimization techniques in WSN. The paper also contributes
towards exploring the updates research trends and highlights
about the open-end research problems in WSN. It is anticipated
that the study findings of this manuscript will offer a true picture
of study effectiveness in dealing with energy challenges so that
favorable direction of investigation towards evolving up
optimized solution comes up with promising outcome.
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I.  INTRODUCTION

Wireless Sensor Network (WSN) has been used for long
time towards remote sensing various attributes of physical
environment [1]. One of the prime beneficial factors of relying
on WSN is its capability to work in harsh environment which
are inaccessible to humans. There are various applications in
WSN and majority of them demands to have an extensive life
time [2]-[5]. In this regard, optimizing the energy attribute has
become one of the significant concerns among the researchers
as well as users in the field of WSN. The primary reason for
interest in energy optimization is because of limited lifetime of
external batteries within this sensing device [6]. Usually, this
external battery offers the direct power for all the internal and
external operations to be carried out by a sensing device in
WSN. After the battery is exhausted, they are usually discarded
and the sensors are considered to be operationally dead.
However, a recent concept of energy harvesting allows the
node to harvest energy and achieve power from different
sources which can recharge the battery [7][8]. Although this
idea is impressive, but an energy harvester module will require
obtaining power from external environment where there is no
guarantee of its availability [9]. Hence, it is always a wise
decision to focus on energy optimization principle rather than
looking for other non-sustainable alternatives for energy
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conservation in WSN. The study towards energy problems is
very old and various standard protocols as well as schemes has
been already evolved out [10]-[14]; however, there is no such
scheme which has offered a proof that there is a long lasting
sensor. Basically, a sensor is a very miniature device
characterized by external battery as well as its components is
characterized by low processing capability too. Even if a
potential solution towards energy efficiency is designed, it is
essential that it should be operationally supported by the
processing components of a sensing device. Existing
approaches has discussion of various energy conservation
techniques but they are highly symptomatic in nature which
deals with one set of problem only. Hence, in spite of large
archives of investigation work towards energy issues in WSN,
the problem is yet an open-end problem by large. Apart from
this, it is also known that a sensor node is an integral part of
Internet-of-Things (loT) which offers further magnified
connectivity of sensors [15]. IoT connects all nodes with
common platform of internet and certain operating devices like
switches and gateways [16]. The amount of traffic on 10T is
extensively more compared to WSN and existing standards of
energy conservation techniques are not directly executed over
an loT platform leading to another set of incompatibility. This
problem of offering a communication bridge by using a
translation services is now possible by using gateway in loT.
However, the question still is left open: How to optimize the
energy in sensor nodes when connected in form of network?
The answer to this question would possibly lead us towards
evolving a novel energy optimization principle in future.

Therefore, this paper contributes towards offering a
compact snapshot of strength and weakness of existing
schemes which is claimed for offering energy optimization in
WSN. The idea is to assist the research community to make a
practical decision and derive a conclusive remark about the
existing picture of different variants of energy optimization
schemes in WSN. The organization of the proposed manuscript
is as follows: Section Il discusses about the WSN energy
optimization scheme in existing times followed by discussion
of existing approaches of energy optimization in Section III.
Section 1V highlights about existing trends of research
approaches followed by significant highlights of open-end
research problems in Section V. Finally, study findings of this
paper are presented in Conclusion under Section VI.
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Il.  INSIGHTS ON WSN ENERGY OPTIMIZATION

This section discusses about all the necessary information
associated with energy optimization in WSN. At present, there
are three terms which looks more-or-less alike to each other
with respect to energy e.g., energy efficiency, energy aware,
and energy optimization. The first term energy efficiency is
about implementation scheme which attempts to restore
maximum amount of possible energy by adopting different
methodologies. However, the final outcome of energy
consumption could be still high, but this is the most practical
plan and widely used. The second term energy aware is based
on implementation techniques using budgeted amounts of
resources in presence of test environment. Such techniques are
good for assessing smaller scale of implementation or when the
test environment is practically equivalent to real-environment
of implementation. The third term energy optimization is
associated with those techniques where the target is to reduce
energy consumption without adding or utilizing more number
of resources. There has been some number of studies towards
energy optimization in WSN and still it is an ongoing arena of
research in order to yet come out with some fail-proof solution.
Prior to understanding the energy optimization, it is necessary
to review various essential points associated with this. They are
briefed as below:

A. Reason for Energy Depletion in WSN

A modern architecture of a sensor node basically consists
of a power unit and power harvester [17]. There are various
components within a power unit i.e., sensing units, computing
units, communication unit, and power unit. All this units have
different ranges of energy consumption. All the existing and
ongoing research studies towards energy management system
as well as optimization is carried out over the block of power
management and energy prediction which resides within a
computing unit of sensor hardware architecture as shown in
Fig. 1.

It will mean that other units (power, sensing, and
communication) are ignored while modelling existing solution.
Hence, existing models are not found to consider the complete
hardware perspective while modelling solution towards energy
problems in WSN and hence the problems still exit todays.

Computing Unit

Sensing Unit N
CPU o 9
83 7 = -
8 INERE
[ »] o 3,
2 |
Power Energy = g
Management | Prediction
1
. Energy Energy Power
Power Unit Storage Storage || Harvester

Fig. 1. Hardware Architecture of Sensor node in WSN [17].
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However, the good news is that existing research work
towards energy problems has made some potential discover
towards exploring prominent reason for energy depletion in
WSN as follows:

e Energy Conservation Problems: This problem is
associated with predicting data, compressing higher
ranges of aggregated data, reduction of data size, and
optimizing the radio. The significant problem is that
none of the above-mentioned attributes has been ever
combinely studied for solving energy problems [17].

e Energy Transfers Problems: This kind of problem is
mainly linked with power units of a sensor and
therefore it is essential to consider. Various problems
associated with charging techniques, energy transfer
techniques, its associated tools, integrated data and
energy transmission are essential attributes of an
upcoming investigation in WSN, which is still under the
roof of research and development [17].

o Energy Harvesting Problems: Currently, all the sensor
node that is meant for deploying in critical environment
are equipped with harvester node. At present, there are
various ongoing and completed research in this
perspective [17]; however, the addressed issues are still
associated with source of energy to be harvested,
energy storage, and performing neutral operation on
energy.

e Addressing Routing Issues: At present, there are good
number of research publication where routing [18] and
clustering [19] has been used for achieving energy
conservation in WSN. However, this scheme majorly
doesn’t consider the complete attributes that causes
energy depletion. Hence, the effectiveness of such
solution is only partially reasonable and applicable in
real world environment.

B. Existing Studies on Energy Optimization

There are various studies that have been carried out towards
energy optimization schemes by various means. Different non-
linear optimization issues have been discussed by Asorey-
Cacheda et al. [20] while multi-objective optimization schemes
are reviewed by Fei et al. [21]. According to Cao et al. [22],
there is a potential contribution of swarm intelligence-based
optimization scheme applicable in case of involvement of
mobility in sensor network. The work carried out by Diab et al.
[23] discussed various data transmission scheme in WSN
integrated with cognitive network emphasizing on energy
constraints. The study carried out by Srinidhi et al. [24] have
discussed about network optimization associated with 10T. The
most recent study carried out by Khisa and Moh [25] has
presented review of updated data transmission scheme towards
energy efficiency associated with underwater WSN
applications. Discussion presented by Williams et al. [26] has
presented updated schemes of energy harvesting schemes in
WSN. Therefore, there are various existing approaches towards
addressing energy optimization under different methodologies.
However, the extent of successful optimization associated with
energy is yet not quantified till date.
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1. EXISTING APPROACHES OF ENERGY OPTIMIZATION

This section briefs about different approaches targeting
towards optimizing energy. The term optimization
experimentally refers to accomplishing the target aim of
controlling every factor and reason to reduce energy efficiency
without inclusion of very large or significant number of
resources involved in it. However, it is yet to investigate the
degree of optimization used in the adopted approaches, its
degree of solution associated with problems, its beneficial
aspect as well as its limiting factor. The proposed investigation
witnesses different methods towards an objective of solving
energy problems in WSN and hence, they have been clustered
into six different approaches as discussed below:

A. Game-based Approach

From the theoretical aspect, game theory is basically
known to assists in making decision for a given number of
confusing choices of strategies [27]. Owing to the potential of
carrying out decision, game theory is used in carrying out
decision towards data forwarding in WSN [28]. The sensor
node can be assumed as a player in game theory who is
required to opt for choosing a route for data transmission
towards base station (in single hop) or to neighboring cluster
head (in multi-hop). At present, there is a slowly increasing
adoption towards using game theory; however, the target is
again a scattered one. The work carried out by Chowdhury et
al. [29] targets towards two problems i.e., energy depletion and
congestion in WSN emphasizing over low-end sensor node
deployment. The author has designed non-cooperative game in
order to optimize the process of improving data forwarding rate
with an idea of resisting bottleneck condition in WSN. Game
theory is also witnessed to be used in improving clustering
approach as seen in work of Lin et al. [30] where a game
model is designed using Nash Equilibrium point selecting dual
cluster heads. This work uses energy and distance to carry out
the process of optimizing cluster head. Apart from this, it is
also known that Software-Defined Network (SDN)
significantly improves network performance of WSN. This fact
is reported to be further improved upon by Peizhe et al. [31]
where game theory is used by mapping the SDN and WSN.
Different from all above-mentioned work, Shahrokhzadeh and
Dehghan [32] has presented a unique study where coverage
performance is improved for WSN with capability to sense
visual signals. A unique distributed game model is constructed
which bridges the gap between energy depletion and quality of
network coverage of visual sensor node. Another unique
approach of game modelling is carried out by Zayene et al.
[33]. The solution is for addressing the problems associated
with cooperative exchange of data. This model is constructed
on the basis of consumed energy and completion time where a
unique merge and split algorithm is constructed along with
network coding which can perform instantaneous decoding
capabilities. A coalition game model is developed emphasizing
over achieving energy efficiency assessed over a test bed of
WSN with mobility aspect being considered. Hence, game
theory has offered some unique techniques in order to perform
routing which directly or indirectly also controls energy
efficiency in WSN.

Vol. 12, No. 7, 2021

B. Machine Learning Approach

The evolution of Machine Learning (ML) approaches dates
back more than two decades old while its implementation
witnesses a potential hike in various forms of applications and
services. Powered by the potential of artificial intelligence, ML
approach offers significant capability to solve complex
problem without any instruction from humans [AR]. At
present, ML approaches are widely used in networking in order
to enhance its management, analytical operation, and security
[AR]. Different numbers of computational models are used in
order to embody ML approach. In the area of WSN, ML has
been used for multiple purposes which directly or indirectly is
linked with routing operation. Basically, ML approaches are
classified into supervised approach and unsupervised learning
approach (Fig. 2).

e Supervised Learning Approach: Supervised learning
approach is further categorized as classification and
regression-based approaches. From classification
perspective, there are four variants viz. Support Vector
Machine (SVM), discriminant analysis, naive bayes,
and nearest neighbor. In recent studies, SVM is reported
to be used for improving the accuracy of the sensor
readings in WSN (Jeong et al. [34]). The usage of SVM
is also witnessed in work of Li et al. [35] where the idea
is mainly to offer fault detection in WSN considering
temperature and acceleration. The next role of
classification approach is played by discriminant
analysis where it is reported to be used for formulating
dynamic adjustment policy toward monitoring multiple
sinks in WSN for data aggregation (Chen et al. [36]).
Another variant of classification scheme under
supervised learning policy is Naive Bayes which
performs probability-based classification (Chu et al.
[37]). The work carried out by Barnawi and Keshta [38]
have carried out a study where Naive Bayes is studied
alongside with multi-layered perceptron and SVM. The
outcome of this study is not in favor of Naive Bayes as
better form of classification existing in current times.
Finally, the nearest neighboring approach is used in
supervised learning approach in WSN. The work
carried out by Fu et al. [39] have used nearest
neighboring approach for performing query processing
in WSN with an idea of optimizing latency and energy
involved. The work carried out by Marchang and
Tripathi [40] have focused on crowd sensing
particularly on spatial and temporal perspective. From
regression-based supervised learning approach, there
are following approaches seen to be used in WSN i.e.,
Linear Regression (LR), Support Vector Regression
(SVR), Ensemble method, Decision Trees, and Neural
Network. The first form of the supervised regression
scheme is Linear Regression scheme. The work carried
out by Yilmaz et al. [41] has carried out study of WSN
with respect to achieve the accuracy of target along
with stopping criterion formulation. Upadhyay et al.
[42] have implemented Gaussian Regression of non-
linear form in order to form an effective clock
synchronization. The scheme uses adaptive modelling
with outcome of lower error rate in time
synchronization. The next technique of regression is
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Support Vector Regression (SVR) which is meant for
performing analysis of data with respect to
classification and regression. The work carried out by
Shamshirband et al. [43] where SVR is combined with
Kalman filtering in order to carry out data fusion in
WSN. The study outcome shows that SVR performs
well with Radial Basis Function better than other SVR
approaches with polynomial kernel approach. The work
carried out by Guo et al. [44] have used SVR for the
purpose of predicting the energy required for
forwarding data in WSN of distributed form. The
outcome shows SVR performing better with random
forest regression. The next method is Ensemble learning
which is another frequently used mechanism in
regression-based supervised learning scheme. This
method makes use of different learning models in order
to achieve its optimization target. Most recently, the
work is being carried out by Alotaibi [45] have used
this technique for detecting the mode of sensor-based
transportation application. The study outcome shows
different accuracy score for different dataset. Study
towards optimizing sensory array was witnessed in
work of Wijaya [46] where ensemble method is used
for monitoring the quality of food. The next prominent
process of regression in supervised learning method is
decision tree. The study carried out by Rout et al. [47]
and Zheng et al. [48] have used decision tree for
addressing energy conservation  problems and
recognition problems in WSN. The final form of
regression-based supervised learning scheme is neural
network, which is also one of the most frequently
deployed schemes in wireless networks. Neural network
implementation has been seen in the study carried out
by Lin et al. [49], Wu et al. [50], and Mukherjee et al.
[51] addressing the problems associated with energy
consumption, energy harvesting, and identification of
cluster head respectively.

Unsupervised Learning approach: This approach
basically carries out clustering operation which are
further classified into Fuzzy C-Means, Gaussian
Mixture, Neural Network, and Hidden Markov Model.
Fuzzy-C Means (FCM) clustering offers the benefit of
more tangible unsupervised learning by offering more
data points for analysis. The work of Cheng et al. [52]
has used FCM approach towards location quantification
using received signal strength indicator in WSN.
Further usage of FCM was witnessed in study of Fei et
al. [53] emphasizing over clustering operation towards
energy efficiency. The second type of unsupervised
learning scheme is Gaussian Mixture Model (GMM)
which is a potential clustering algorithm. A unique
usage of GMM was witnessed in work of Shi and Feng
[54] where the target is to retain maximum signal in
WSN. On the other hand, GMM was also witnessed in
work of Eguchi et al. [55] which carry estimation of
joint angle. Discussion of recent studies in neural
network is carried out in previous approach. The final
model of unsupervised clustering technique is Hidden
Markov Model (HMM). The work carried out by Liu et
al. [56] have used HMM for training occupancy sensing
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while the work of Xu & Wang [57] have used HMM for
meteorology factor identification.

Fig. 2 highlights the taxonomies of existing ML
approaches. Proliferated usage of ML approaches in WSN is
seen in work of Kim et al. [58]. Apart from the above
discussed frequently used ML approaches, there are various
other approaches too viz. Deep reinforcement learning
(Ashiguzzaman et al. [59], Ke et al. [60], Nguyen et al. [61]),
deep neural network with sparse autoencoder (Ayinde [62]),
opportunistic routing (Dinh et al. [63]), energy saving using
simulated annealing (Kang et al. [64]), and energy harvesting
using artificial neural network combined with linear regression
(Kwan et al. [65]), Hence, it can be said that there are various
dedicated research attempt towards using ML approach over
WSN; however, not all the approaches are found to directly
address energy problems in WSN.
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Fig. 2. Taxonomy of ML based Approach in WSN (Need Amendment).
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C. Scheduling Approach

Scheduling based approaches mainly make use of making a
proper routine along with provisioning of resources in order to
ensure accomplishment of pre-defined target. Provisioning
scheme assists in optimal deployment of sensor as witnessed in
study of Du et al. [66]. Scheduling scheme is also reported to
save energy depletion along with secure communication in
WSN (Feng et al. [67]) using probability-based modelling.
Scheduling approach is also applied for estimating the state of
the remoteness on the basis of stochastic event considering the
case study of WSN with cognitive radio networks (Huang et al.
[68]). It was also noticed that there is a significant
improvement in system performance when allocation of
different attributes of resource is considered in scheduling
process. Such direction of work is carried out by Li et al. [69]
towards tracking multiple targets; however, it lacks
optimization. Focus on optimizing the scheduling from
temporal aspects is seen in work carried out by Liu et al. [70]
which is basically meant for 10T networks by improving the
power allocation ratio. A different form of study has been
carried out by Shi et al. [71] in order to address the problems
associated with convergecast scheduling. The idea of this work
is mainly to increase the number of concurrent transmissions in
WSN considering the constraints of integer programming. The
work of Wan et al. [72] has presented discussion about sleep
scheduling approach in WSN for conserving energy. The study
has used fuzzy concept in order to perform organization of
sensors along with aggregation of data on the basis of
similarity matrix. Wang et al. [73] have carried out study
towards deterministic scheduling for controlling an effective
transmission delay. The study implements a scheduling rule on
the basis of classified link conflict and initial reduced extent of
conflict. The work carried out by Yang et al. [74] has presented
a scheduling policy using unique power allocation scheme in
WSN. Another scheduling scheme using distributed Multiple
Input Multiple Output (MIMO) has been implemented by
Zhang et al. [75] emphasizing over allocation of resource and
scheduling of device for the purpose of detection and tracking
in WSN.

D. Harvesting Approach

Energy harvesting technique is strongly linked with energy
optimization scheme in WSN. Using varied sources of energy
(magnetic, vibration, temperature, solar, etc.), a harvester node
stores energy ensuring to deliver a satisfactory backup for the
energy supply demanded by the specific sensor node. Hence,
node using harvesting module should have better harvesting
capabilities. At present, there are existing research studies
towards energy harvesting techniques in WSN are i) using
reinforcement learning (Aoudia et al. [76]), duty-cycle based
modelling (Chew et al. [77]), opportunistic routing with
cooperative charging (Hu et al. [78]), intra-vehicular
communication based energy harvesting (Koca et al. [79]),
energy aware interface design with vibration-based energy
harvesting (Ruan et al. [80]), polynomial time-scheduling for
solar energy harvesting (Wang et al. [81]), multi-objective
optimization based hybrid energy harvesting (Xiong et al.
[82]), and optimized data buffer scheme (Zhu et al. [83]).
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E. Cross Layer Approach

From the viewpoint of protocol layer, both hierarchical and
cross-layer approach is meant for incorporating optimized
performance growth in  WSN. However, hierarchical
architectures suffer from issues e.g., signal fading, interference
between users, access conflicts. However, proper maximization
of the limited resources in protocol stack is not possible in
hierarchical design, which is possible using cross-layer
approach. By using cross-layer approach, it is possible for
different layers to interact with each other for exchange of
information. This phenomenon is utilized for solving different
issues in WSN. From bottom to top, the protocol stack of WSN
consists of IEEE 802.15.4 layer, which has data link layer and
physical layer, network layer, transmission control layer, and
application support layer. At present, there are various cross-
layer based approach presented for improving performance on
various aspects in WSN. However, there exists specifically
only few approach associated with respect to energy aspect
using following cross-layer based methodologies viz. routing
reliability using time-based factor for energy (Abbasi et al.
[84]), improved geographic routing for green efficiency in loT
with Markov queuing model (Hasan et al. [85]), maximizing
network lifetime using cross layer (Hermann [86]), MAC
scheduling with adaptiveness (Ngo et al. [87]), optimization of
cross-layer for shortest and multipath routing (Shimly et al.
[88]), optimizing data aggregation and choosing cluster head
using particle swarm optimization using cross layer approach
(Sun et al. [89]), optimizing energy-efficient routing for
conventional LEACH protocol using cross layer (Zhang et al.
[90]). Majority of the existing approaches of cross layer in
WSN make use of network management layer which consist of
physical layer, data link layer, network layer, and transmission
control layer. They are meant for serving remote management,
mobility control, network security, quality of service
supportability, energy management, and topology control.

F. Swarm Intelligence Approach

This approach is designed on the basis of decentralized
behaviour of self-organized system. Theoretically, swarm
intelligence falls under the category of population-based search
approach of metaheuristics method in optimization technique.
It comes within approximated combinatorial method. They are
designed on the basis of cognitive behaviour of certain
biologically inspired entity e.g., ant, honeybee, firefly, frog,
fish, cat, dolphin, etc. The studies that has used swarm
intelligence linking with energy efficiency are as follows:
Gray-wolf optimization (Arafat et al. [91]), Bat algorithm (Cao
et al. [92]), flocking control scheme using swarm intelligence
(Dai et al. [93]), firefly mating optimization (Faheem et al.
[94]), fish algorithm with k-means clustering (Feng et al. [95]),
multi-swarm optimization (Hasan et al.[96]), Harris’ Hawk
optimization (Houssein et al. [97]), particle swarm
optimization (Mukherjee et al. [98]), Chicken swarm
optimization (Osamy et al. [99]), reinforcement learning with
swarm intelligence (Wei et al. [100]). However, different
approaches have their own structure of working which is
implemented on WSN on different targets of optimization
towards energy efficiency. Table | summarizes the existing
reviews.
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Authors

Problems

Solution

Advantage

Limitation

Chowdhury et al. [29]

-energy depletion
-congestion

Non-cooperative game,
optimizing data transmission
rate

Better energy and delay
control

Not applicable for
heterogeneous network

Lin et al. [30]

Optimizing clustering

Dual cluster head selection

Increase span of network
lifetime

Doesn’t deal with data
complexity and not applicable
for sparse network.

Peizhe et al. [31]

Energy completion

SDN with game model

A synced communication
between controller and sensor
node

Doesn’t support dynamic
environment

Shahrokhzadeh and Dehghan
[32]

Improving coverage

Learning algorithm on the
basis of pay-off.

Improve network lifetime

not applicable for large
dynamic network.

Zayene et al. [33]

Energy depletion

Coalition game model

Improve scalability

Involves computational
complexity owing to highly
iterative operation.

Jeong et al. [34], Li etal. [35]

Assessing reading accuracy

Support Vector Machine

Satisfactory accuracy

Doesn’t contribute towards
energy efficiency directly.

Chen et al. [36]

Multi-sink monitoring

Discriminant Analysis

Good energy conservation

Unable to differentiate data
acquisition process

Barnawi and Keshta [38]

Comparative study

Naive Bayes

Simpler comparison

Naive Bayes not found to be
an effective

Chuetal. [37]

Classification of data fault

Naive Bayes

Higher accuracy in fault
detection

Dynamic faults not accessed
in the study

Fu et al. [39], Marchang [40]

Query processing, crowd
sensing

Nearest neighboring

Reduced resource
consumption

Not applicable for
heterogeneous network

Yilmaz et al. [41]

Sequential estimation,
decentralized

Linear Regression

Effective stopping time

Doesn’t emphasize on peak
traffic condition

Upadhyay et al. [42]

Clock synchronization

Non-linear gaussian
regression

Reduced error

Applicable on static
environment only

Shamshirband et al. [43]

Comparison analysis of SVR

Kalman filtering + SVR

Higher precision

Doesn’t evaluate energy
efficiency

Guo et al. [44]

Energy prediction

SVR with random forest,
gradient boosting regression

Higher precision

Doesn’t evaluate energy
efficiency

Alotaibi [45]

Detecting mode of
transportation

Ensemble Learning

Satisfactory accuracy

Doesn’t deal with scalability
performance

Wijaya [46]

Optimizing sensor array

Ensemble Learning

Higher accuracy

Limited to static and low
scale application

Rout et al. [47]

Finding optimal switching
policy

Decision Tree, Markov

Satisfactory energy control

Absence of benchmarking

Zheng et al. [48]

Recognition of target

Decision Tree

Effective benchmarking
outcomes

Not applicable for
heterogeneous and massive
data

Lin et al. [49]

Estimation of energy
depletion

Neural Network (Radial basis,
generalized regression)

Lower energy consumption

Lower scope of test
evaluation

Wau et al. [50]

Energy harvesting

Neural Network

Higher learning efficiency

Doesn’t evaluate energy
efficiency

Mukherjee et al. [51]

Identification of cluster head

Neural Network (Back

Better control of energy

Computational complexity

propagation) consumption not analyzed.
The study is carried out in
Cheng et al. [52] Location Quantification FCM Simplified voting process low-end application
environment.
Leads to computational
Fei et al. [53] Clustering FCM Energy efficient complexity due to higher
iteration.
. . . High quality of signal Doesn’t address energy
Shi and Feng [54] Signal restoration GMM preservation optimization
. L L. . Doesn’t address energy
Eguchi et al. [55] Estimation of joint angle GMM Higher accuracy optimization
. Training for accuracy in S Not applicable for
Liu et al. [56] Occupancy sensing HMM Improve sensing time heterogeneous WSN
Quantification of fine . . .
Xuetal. [57] particulate HMM Simplified operation Absence of benchmarking
Scheduling using wireless A .
Du et al. [66] Node placement energy transfer Optimizes node deployment Absence of benchmarking

Feng et al. [67]

Energy saving

Sleep scheduling

Energy saving performance is
good

Not applicable for
heterogeneous network

Huang et al. [68]

Estimating remote state

Open-close loop scheduling
of stochastic events

Reduces communication rate

Doesn’t discuss its impact on
energy consumption

Li et al. [69]

Tracking multi target

Resource allocation, sensor
scheduling

Effective resource saving

Involves computational
overhead.

www.ijacsa.thesai.org

127|Page




(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 12, No. 7, 2021

Liuetal. [70]

Increasing data transmission
rate

Time scheduling

Effective analysis of outage
probability

Complete power attributes for
device not considered

Shietal. [71]

Maximize concurrent
transmission

Convergent scheduling

Reduces latency

Doesn’t evaluate energy
extensively

Wan et al. [72]

Energy efficiency

Sleep scheduling

Ensure data accuracy

Not assessed for scalability

Wang et al. [73]

Reduction of transmission
delay

Scheduling based on
classified link conflict

Low complexity

Low scale deployment

Yang et al. [74]

Distributed filtering

Power allocation,
experimental

Improves estimation accuracy

Low scale deployment

Zhang et al. [75]

Detection and tracking of
target

Allocation of resource,
distributed MIMO

Lower computational burden

Iterative scheme leading to
lowering of network lifetime
in long round.

Aoudia et al. [76]

Energy harvesting

Reinforcement learning

Significant increase in
average packet rate

Doesn’t address bottleneck
condition in traffic

Chew et al. [77]

Energy harvesting for TSCH
nodes

Network joining using duty-
cycle

Simplified design architecture

Absence of benchmarking

Huetal. [78]

Environmental changes

Integrating energy transfer
approach with energy
harvesting, opportunistic
routing

Enhanced network lifetime

Not applicable for dynamic
and large-scale network

Kocaetal. [79]

Feasibility analysis of energy
harvesting in vehicles

Intra-vehicular
communication

Effective transmission
performance

Leads to computational
complexity

Ruan et al. [80]

Energy harvesting

Harvesting using Vibration

Energy aware modelling

Doesn’t ensure scalability

Wang et al. [81]

Wireless charging

Harvesting using Solar,
polynomial time scheduling

Reduce energy consumption
and cost of vehicle moving

Time of wireless charging not
sufficient enough in case of
large traffic scenario

Xiong et al. [82]

Energy harvesting

Bidirectional local search,
particle swarm optimization
with multiple objectives

Prolonged network lifetime

Not scalable for large traffic

Zhu et al. [83]

Maximize throughput during
harvesting

Data buffer, super-frame
optimization, stochastic
modelling

Improved throughput

Specific to device with IEEE
802.15.4 standard only

Abbasi et al. [84]

Communication reliability

Cross-layer based routing

Better quality of service

Lacks optimization of
resources

Hasan et al. [85]

Essential of cooperative
demands in multihop
communication

Cross-layer based queuing
model, geographic switching

More green efficiency

Doesn’t consider hardware-
based factors for switching

Herrmann et al. [86]

Maximizing network lifetime

Lifetime optimization

Significant energy depletion
control

Not scalable for large traffic

Ngo et al. [87]

Adaptive scheduling in body
sensor network

Cross layer, MAC scheduling

Better quality of service

Absence of benchmarking

Shimly et al. [88]

Any-to-any routing

Cross layer optimization

Reduce retransmission

Possess overhead when
exposed to dynamic traffic

Sun et al. [89]

Clustering

Cross-layer sensing

Optimize aggregation
efficiency

Highly iterative process

Zhang et al. [90]

Clustering efficiency

Cross layer optimization of
LEACH protocol

Reduce cluster computation

Not analyzed with dynamic
traffic system

Arafat et al. [91]

Clustering, localization

Compressive sensing based
on gray-wolf optimization

Efficient routing tree

Involves cost and complexity

Caoetal. [92]

Data fusion

Bat algorithm

Improve network lifetime

Cannot handle bottleneck
condition

Dai et al. [93]

Decision making for
autonomous vehicular
movement

Swarm intelligence,
experimental

Low energy consumption

Doesn’t ensure data quality

Faheem et al. [94]

Energy-efficient routing

Firefly mating optimization

Ensure satisfactory quality of
service

Residual energy could be
optimized more

Feng et al. [95]

Optimizing Network
Coverage

Fish swarm algorithm, K-
means algorithm

Good energy saving

Tested over small network

Hasan et al. [96]

Meeting Quality of service for
Industrial 10T

Particle Swarm Optimization

Satisfactory quality of service

Tested over small network

Houssein et al. [97]

Sink node placement

Harris Hawk Optimization

Reduced energy consumption

Throughput is dependent on
node position

Mukherjee et al. [98]

Resource allocation

Adaptive Particle Swarm
Optimization

Faster response time and
reduced energy

Computationally complex
process

Osamy et al. [99]

Clustering

Chicken Swarm Optimization

Enhanced network lifetime

Static fitness function design

Wei et al. [100]

Charging sensors

Firefly algorithm,
Reinforcement learning

Better energy utilization

Dynamic energy consumption
not evaluated.
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IV. CURRENT RESEARCH TRENDS

The previous section has discussed about taxonomies of all
the existing approaches that are frequently used for solving
energy problems in WSN. However, all the solutions evolved
up till date cannot be termed as optimized problems. There are
different categories of research-based solution towards this
purpose by different names; therefore, this paper contributes
towards forming up a standard name of this approach in order
to understand the current research trends. Fig. 3 highlights the
number of different publications towards different types of
research-based solution for addressing energy problems in
WSN.

swarm intelligence based
cross layer based
harvesting based
scheduling based
machine leaming

game theory

clustering-based scheme

Energy-based Investigation

routing-based scheme

survey work

0 500 1000 1500 2000 2500
Number of Publication (2016-2021)

Magazine M Early Access Journal conference

Fig. 3. Current Research Trend towards Energy in WSN.

Following are the findings of the research trends seen from
the research-based manuscript published within the year of
2016-2021 as one of the contributions of proposed study being
carried out:

e More insights towards research approaches are now
evolving towards energy harvesting based approaches.
Although, this is another level of future of using
sensory application for network lifetime improvement
but yet no robust standardization is yet obtained for
harvesting models in WSN. It still has a long way to go.

¢ Routing-based and clustering-based approaches are the
most frequently used approach that are being
consistently adopted as core research problem since last
decade. There are evolution of standard routing and
clustering techniques known for energy efficiencies in
WSN; but still, they do not encapsulate all the factors
responsible for energy depletion.

e Scheduling-based and machine learning is next
frequently adopted approach for energy efficiencies.
Although, these approaches are proven fruitful towards
energy conservation schemes in WSN but they are less
inclined towards energy optimization.

¢ A unique observation is obtained from cross-layer based
and game theory-based schemes as they are not yet
found fruitful towards energy optimization. They are

Vol. 12, No. 7, 2021

proven fruitful for solving other problems in WSN but
not much in energy control and management.

o Adoption of swarm intelligence is still a novel approach
towards energy optimization although they are proven
effective for solving other problems in WSN. There is a
need of more number of researches in order to consider
this approach towards energy optimization.

V. OPEN RESEARCH CHALLENGES

After reviewing the existing studies towards controlling
energy problems in WSN, certain level of conclusive remarks
has been formulated. The open research challenges associated
with the achieving optimized energy in WSN are briefed as
following:

e Mono-issue Modelling Practices: Majority of the
discussed techniques is found to address a specific
problem which is associated with energy. For an
example, problems associated with routing and energy
is considered without considering hardware inclusion or
without considering clustering techniques. Such
approaches cannot be considered as wholesome
solution as other connected factors related to energy are
often found ignored, irrespective of any techniques
discussed in this study. Hence, majority of the
modelling practices in current times considers
addressing one problem of energy in WSN.

e Less Focus on Practical Modelling: It should be known
that majority of the application of WSN is hypothetical
and less practical from commercial and real-time
aspect. Commercial practices in current times calls for
using sensors in 10T or smart city development which
has massive number of challenges and issues to be
sorted out apart from energy problems. Apart from this,
even if WSN domain is researched than there is a need
to consider heterogeneity in protocol implementation,
data quality, data complexities, environmental
parameters affecting data transmission should be
considered. Protocols of WSN are not applicable in 1oT
and protocols of 10T are not applicable in WSN. Hence
gateway concept comes in features to bridge this
incompatibility issues. This aspect of energy modelling
is found extremely low in existing studies in WSN as
well as in 10T towards energy challenges.

o Ambiguity in Defining Optimization: There are various
manuscript with title or with discussing of using
optimization principle to reduce energy. However, this
is slightly far from reality as such papers are often
found with a big gap between their theoretical
implication and practical implication. The practical
implication of optimization concept calls for an
evidential proof of higher energy retention with lower
involvement of resources (both hardware and software).
It is also required to offer an evidence that optimized
outcome is also scalable in nature for truly
understanding its effectiveness. Further computational
complexity is also required to be proven low, which is
not found in existing.
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e Absence of Benchmarking during Analysis: Adoption
of analytical test bed which has universal acceptance
towards performance parameters, test values, initialized
values of simulation parameters, involvement of
standard and reliable energy computational, and
involvement of multiple test cases is very much
required. Existing studies towards energy optimization,
although they are few in relevancy of implementation,
are not found to be benchmarked.

V1. CONCLUSION

Majority of existing as well as upcoming application of
WSN demands a node to work for an extensive period of time
unattended. This paper has discussed about various approaches
which are found to address the problems associated with
energy factor. There are large number of techniques in existing
system towards energy problems in wireless sensor network,
but there is a lack of compact study carried out towards
discussion effectiveness of recent literatures. Hence, this paper
contributes to review maximum number of significant
implementation in energy problems in wireless sensor network
and contributes to highlight the appropriate information
associated with strength and weakness of existing studies. This
findings will contribute towards research community to make a
better decision towards evolving up with a necessary model to
deal with identified problems and challenges in energy
efficiency in sensory network. The contribution of this paper
are in terms of essential findings as follows viz. i) unlike
existing review studies or discussion paper, this paper makes a
categorization of extensively used energy conservation
approaches which are claimed to offer optimization; ii) there is
highly scattered study towards addressing the challenges
associated with energy optimization in WSN, in fact, there are
extremely few existing approaches to offer evidence of energy
optimization in WSN; iii) almost all the existing approaches
are found to have limitations which is necessary to address in
order to show practicality as well as adaptability of existing
models; and iv) here is a need to evolve up with a novel
mathematical model with multi-objective function and with
less iterative scheme to offer benchmarked outcomes and cost
effectively in data aggregation of WSN. Hence, developing an
effective scheme for ensuring better lifetime in sensory
application demands inclusion of various factors, e.g. states of
nodes, types of links, scheduling scheme being used, inclusion
of both hardware and software resources, as well as algorithm
effectiveness. The lighter the algorithm operation, more is
computational efficiency that will result in more extensive
operation resulting in improved network lifetime.

Hence, the future work will be carried out in the direction
of addressing the research gap discussed the proposed study.
The future work should be initially designed to construct a
formulation which considers all the practical constraints of
WSN followed by developing a mathematical modelling of
energy optimization. Essential check point should be given to
ensure less iterative, faster computation, and higher data
quality, and cost effectiveness along with scalability is ensured
along with future modelling of energy optimization.
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