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Summary
Recently, underwater acoustic sensor networks (UASNs) have been considered as a
promising approach for monitoring and exploring the oceans in lieu of traditional
underwater wireline instruments. As a result, a broad range of applications exists
ranging from oil industry to aquaculture and includes oceanographic data collection,
disaster prevention, offshore exploration, assisted navigation, tactical surveillance,
and pollution monitoring. However, the unique characteristics of underwater acous-
tic communication channels, such as high bit error rate, limited bandwidth, and var-
iable delay, lead to a large number of packet drops, low throughput, and significant
waste of energy because of packets retransmission in these applications. Hence,
designing an efficient and reliable data communication protocol between sensor
nodes and the sink is crucial for successful data transmission in underwater applica-
tions. Accordingly, this paper is intended to introduce a novel nature‐inspired evolu-
tionary link quality‐aware queue‐based spectral clustering routing protocol for
UASN‐based underwater applications. Because of its distributed nature, link qual-
ity‐aware queue‐based spectral clustering routing protocol successfully distributes
network data traffic load evenly in harsh underwater environments and avoids
hotspot problems that occur near the sink. In addition, because of its double check
mechanism for signal to noise ratio and Euclidean distance, it adopts opportunisti-
cally and provides reliable dynamic cluster‐based routing architecture in the entire
network. To sum up, the proposed approach successfully finds the best forwarding
relay node for data transmission and avoids path loops and packet losses in both
sparse and densely deployed UASNs. Our experimental results obtained in a set of
extensive simulation studies verify that the proposed protocol performs better than
the existing routing protocols in terms of data delivery ratio, overall network
throughput, end‐to‐end delay, and energy efficiency.
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1 | INTRODUCTION

Routing, an integral part of underwater acoustic sensor net-
works (UASNs), faces several challenges because of the
unique nature of underwater environments. Existing under-
water routing solutions mainly focus on the traditional tech-
niques that are not appropriate to obtain high‐energy
efficiency and low‐memory requirement in case of large‐
wileyonlinelibrary.com/journal/da
scale network deployments. These routing solutions are gen-
erally not used in many underwater applications where link
reliability is a critical issue due to inaccurate approximation
for the delay and distance measurements. Moreover, most
of the existing routing schemes designed for a specific under-
water scenario do not consider loop‐free topological issues
and node over assignment costs while carrying information.
All these above‐mentioned factors intensely provide a
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platform in which a resource‐aware routing approach plays a
key role in accomplishing numerous application requirements
with highly dynamic environmental challenges. Understand-
ing the facts, significant importance is given to the develop-
ment of reliable routing schemes to provide an effective
route discovery between the source nodes and sink.

Energy‐efficient routing protocols for ad hoc and terres-
trial sensor networks (AHTSNs) have been heavily investi-
gated in recent years.1–8 However, existing terrestrial
energy‐efficient routing solutions are inappropriate for these
networks because of the nature of the underwater environ-
ment and the requirements of time‐critical applications. As
a result, the idea of using tiny sensor nodes equipped with
the capability of wireless communication in underwater envi-
ronments has received increasing interest in the fields of
commercial exploitation and scientific exploration, and hence
UASNs have been used for many different applications
including monitoring, control, surveillance, and measure-
ment.9 On the other hand, in some specific applications such
as marine surveillance and oceanographic data collection,
highly efficient time‐critical and temporal‐spatial continuous
aquatic environment observing systems are essential. Even
though the UASNs and AHTSNs have certain common prop-
erties, UASN applications significantly differ from the tradi-
tional ground‐based sensor network applications. First, in
the UASN applications, acoustic communication replaces
radio communications since radio communications exhibit
extremely diverse travel time and characteristics in underwa-
ter environments. Second, in the UASN applications, sensor
nodes may move with water flows while most ground sensor
nodes are immobile. Third, the UASN topology is highly
dynamic due to the nature of underwater channels, and acous-
tic channel features high propagation delay, excessive bit
error rate (BER), and low data rate.10 Bit error rate is
extremely high in the underwater environment compared to
the AHTSNs because of extreme interference due to multi-
path data pass and unpredictable nature of underwater acous-
tic channels.

Although there are alternatives to overwhelm the difficul-
ties encountered by acoustic wave based systems such as
cabling, electromagnetic waves, and optical signals to witness
under water natural resources, they have their own limita-
tions.11 For instance, cable‐based systems call for high instal-
lation and maintenance cost along with frequency calibration.
On the other hand, electromagnetic wave bands have
extremely excessive attenuation in underwater wireless chan-
nels. Although just a minor portion of the long electromag-
netic wave bands might pass through with relatively less
attenuation, eg, 6‐10 m distance with frequency 122KHz con-
taining data rate of 1‐8 Kbps. In addition, huge aerials and
high‐transmission power are also needed.12 Optical signals
seem to be one of the most prominent choices for underwater
network scenarios and have been recognised as one of the
most efficient and generic approaches to deal with high trans-
fer data rates ranging from a few kilobits per second to
megabits per second and for a distance of up to 100 m. How-
ever, the short‐range optical signals get scattered poorly in
the underwater environment. Therefore, they are not promis-
ing due to the highly dynamic network topology, the high
absorption, and required high accuracy.13 Moreover,
although in recent years, many long‐range optical modems
for point‐to‐point communications have been developed for
underwater wireless sensor networks (UWSNs); they are
extremely costly; and thus for large‐scale deployments where
from a few hundreds to thousands sensor nodes are needed,
this choice seems not feasible.

A review of the recent literature shows that, up till now,
employing acoustic signals is the best choice for practical
implementations of UWSNs because of their less attenuation,
long distance communication with sophisticated reliability,
and low cost for large deployments. Unfortunately, only a
KHz bandwidth is available with a range of 100 m for sensor
nodes for their effective communication, thus the bandwidth
restriction is the major problem for UASNs. However, for
the acoustic signals, available communication bandwidth is
very restricted. Furthermore, like other types of underwater
signals, acoustic signals also have to face high‐attenuation
problems and that upsurge with the rise in the frequency
range.9 In case of a long range, absorption also increases
and this drops signal to noise ratio (SNR) severely. In addi-
tion, since the speed of acoustic signals is extremely slow in
saline water (nearly 1500 m/s), which is 2 × 100 000 as com-
pared to electromagnetic waves, propagation delay is rather
high.10 Because of the above‐mentioned challenging proper-
ties of the environment and the unique nature of the underwa-
ter applications, the existing routing schemes designed for the
terrestrial sensor networks are not directly appropriate for
UWSNs. In the past, many simple underwater‐observing sys-
tems were introduced. However, they were only suitable for
the small‐scale networks and failed to achieve performance
when the system generated huge data volumes in time‐critical
applications.

To sum up, the UWSN and more specifically UASN
applications require more energy‐efficient network solutions
with extended buffering capacity to avoid congestion issues,
availability in clustering and routing failures, repairing ability
with low delay, and energy consumption for reliable data
delivery. Therefore, in this study, we focus on the develop-
ment of a link quality‐aware queue‐based spectral clustering
routing protocol. Mainly, we have 4 contributions to the liter-
ature. First, we propose an energy‐efficient evolutionary
spectral clustering algorithm to solve clustering problems
for reliable data collection over variable quality links. Sec-
ond, to proportionally distribute energy load in the entire net-
work by taking into account the nodes connectivity issues,
we develop an energy‐efficient evolutionary cluster‐head
selection algorithm. Third, we propose an energy‐efficient
evolutionary routing algorithm that follows a tree‐like struc-
ture to provide reliable data gathering in UASNs. Fourth, an
extensive set of simulations and experimental studies carried
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out in this study show that our proposed routing approach
performs better than existing routing protocols in terms of
major performance parameters such as data delivery ratio,
end‐to‐end delay, network throughput, and energy efficiency.

The rest of the paper is organised as follows. An extensive
literature survey is presented in Section 2. Section 3 intro-
duces the statement of the problem addressed in this paper.
Section 4 investigates methodologies and approaches to
address the problem and explains the proposed approach.
Section 5 reports simulation model and results of a set of sim-
ulation studies performed to prove the effectiveness of the
proposed routing approach. Finally, the paper is concluded
in Section 6.
2 | RELATED WORK

Because of the unique nature of the underwater environments
and the requirements of time‐critical applications, routing for
reliable data transmission is a key issue in UWSN research.
In the literature, a great deal of efforts have been devoted to
routing protocols since their performances differ depending
on the nature of underwater applications and the architecture
of the underlying networks. As in 1 study,14 a depth‐based
routing protocol called DBR is proposed to provide robust
data packet delivery in UWSNs. In DBR, observed informa-
tion is routed based on local depth information of the nodes.
Depth‐based routing protocol is suitable for small‐sized net-
works where up to a few hundreds sensor nodes are involved
to explore undersea miracles. However, in large network
deployments, it experiences control message overheads due
to excessive rerouting in addition to network delay because
of information holding time at each hop‐energy and high‐
energy consumption because of the lack of a mechanism,
which considers appropriate link quality among nodes in
the routing process.

In another study,15 an energy‐efficient depth‐based
routing protocol called EEDBR for UWSNs is discussed. In
the knowledge acquisition phase of EEDBR, each sensor
node shares its residual energy and depth with its neighbours.
In the data‐forwarding phase, each sender includes a list of its
neighbouring nodes to the data packets. The set of the
neighbouring nodes called forwarding set is selected based
on the depth of the neighbouring nodes to carry information
towards the sink. EEDBR performs well in terms of data
delivery and energy consumption and does not require the
localization of the sensor nodes in UWSNs. However, upon
receiving data packets, forwarding nodes hold the packets
for a certain time, and this increases delay in the network.

The authors in 1 study16 proposed a distributed routing
protocol for non‐time‐critical, long‐term aquatic monitoring
applications for underwater environments. The proposed
routing protocol uses a data aggregation technique to elimi-
nate redundant information in UWSNs, proactively decreases
routing message exchanges, and avoids flooding. It achieves
a very high packet delivery ratio (PDR) while significantly
increasing the network throughput and reducing the network
overhead. However, in dense deployments, it cannot distrib-
ute data traffic load evenly and cannot address memory over-
run issues.

In another study,17 authors try to minimise energy con-
sumption of routing processes by using a novel trimming
mechanism. The proposed trimming mechanism significantly
improves PDR by avoiding additional spreading of the
forwarded data packets. However, it consumes a considerable
amount of energy because of forwarding a large number of
redundant data packets in the network. Moreover, it fails to
preserve highly reliable links among sensor nodes and hence
excessive rerouting is experienced in the network.

The authors in 1 study18 solve the problem of least net-
work delay for UASN‐based underwater applications. The
proposed approach relies on multipath routing to improve
data delivery robustness from a source node towards the sink.
However, this multipath routing at lower layers increases
redundant data packets, which lead to node buffer overflow
problem in the network. Moreover, it fails to exploit new data
paths in voids and shadow zones due to lack of considering
dynamic adjustment power mechanism in UASNs.

A novel multipath energy‐efficient routing approach is
proposed in 1 study.19 The approach efficiently integrates
multipath communications to eliminate retransmission
attempts and enhance reliability level in UWSNs. To reduce
the transmission cost, it calculates overall packet error rate
to decide the number of multiple paths that guarantee the
desirable packet error rate. However, the proposed approach
encounters high‐memory overflow due to its flooding nature.
In addition, because of lack of considering the dynamic data
traffic load distribution, the nodes lie in cross layers die
quickly. Thus, a huge amount of data packets can be lost
because of voids.

A layer‐based distributed routing protocol that addresses
routing table complexity, node failures, and routing over-
heads is proposed.20 The proposed protocol uses the idea of
per‐contact routing to carry data packets in UWSNs and sig-
nificantly increases PDR in both dense and sparse deploy-
ments. However, especially in large‐sized networks, during
joining a new node in each new round and in a case when a
source node cannot get a response from the other nodes, it
has to wait for a notable amount of time. Therefore, network
delay increases linearly from the source node towards the
destination in the network.

A link‐state based adaptive feedback routing protocol for
UASNs is proposed.21 The proposed protocol takes into
account 3‐dimensional (3D) direction of underwater sensor
nodes, and the impact of beam width to get data transmission
routes effectively. It is able to reduce the power consumption
of the underwater sensor nodes and avoids energy consump-
tion, which results from frequent routing table updates. How-
ever, it experiences control and data packet collisions due to
inappropriate synchronization in the network.
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In 1 study,22 a reliable and energy‐efficient routing proto-
col called R‐ERP2R is proposed for UASNs. The proposed
protocol utilises distance as a routing metric to balance
energy consumption among sensor nodes. It also considers
link quality towards the forwarding nodes to provide required
reliability and takes into account the residual energy of the
forwarding nodes to extend network lifetime. However, its
performance is degraded by the nonconnective interval of
the layers and in sparse network deployments it occasionally
fails to provide accurate measurement of the link quality and
residual energy of the sensor nodes.

The authors in another study23 propose a layer‐by‐layer
angle‐based flooding routing protocol to handle continuous
sensor node movements and address end‐to‐end delay and
energy consumption. For this goal, without using any explicit
location information or configuration, every node can calcu-
late its flooding angle to forward data packets toward the
sinks. Although based on a flooding‐based technique, it
increases the reliability of the network, due to harsh underwa-
ter environments; it fails to calculate appropriate angles for
the flooding zones to prevent unnecessary flooding of
packets over the entire network. Thus, it degrades effective-
ness of the minimum energy consumption.

The work in 1 study24 proposes a delay‐sensitive routing
approach for UWSNs. The proposed approach employs an
optimal weight function to compute transmission losses and
speed of received signal. It achieves efficient data‐forwarding
performance and minimal relative transmissions in low‐depth
regions and decreases end‐to‐end delay with a small reduc-
tion in total network throughput. However, it fails to equally
distribute energy load in the network.

In 1 study,25 the authors propose an energy‐efficient
delay‐aware routing protocol for UWSNs. The proposed pro-
tocol counts on a distance‐bandwidth relationship and effec-
tively handles intermittent connectivity problems. It
involves an adaptable energy‐efficient forwarding node selec-
tion mechanism and reduces collision rates in UWSNs. How-
ever, the increase in the number of relay nodes increases the
channel interference related issues. Moreover, if multiple
relay nodes are appointed at each layer, the network encoun-
ters high data redundancy.

In another study,26 an adaptive hop‐by‐hop vector‐based
routing protocol is proposed. In the proposed protocol, dur-
ing a transmission process, the radius of the virtual pipeline
is changed hop‐by‐hop to restrict the forwarding range of
data packets. Also, for energy efficiency, the transmission
power is adjusted adaptively hop‐by‐hop in a cross‐layer
fashion. Moreover, the proposed protocol selects forwarding
nodes based on the distance from current node to destination
node. Therefore, it effectively reduces end‐to‐end delays.
Finally, it guarantees transmission reliability even in sparse
regions and reduces duplicate packets in dense regions.

Geographic forwarding based on geospatial division and
greedy geographic forwarding based on geospatial division
are proposed in 1 study.27 In both of the proposed schemes,
the entire underwater network is first divided into small cube
spaces. Then, the data packets are transmitted as unit of cube
spaces by selecting optimal sensor nodes as next hop nodes in
1 cube space. At the expense of longer paths and larger delay,
the proposed schemes are able to achieve more route paths
and expense less energy.

In another study,28 authors proposed a pressure sensor‐
based reliable routing protocol for UWSNs. The proposed
protocol benefits from a set of metrics provided by link qual-
ity estimator along with depth distance and residual energy
level to select a single reliable node for data forwarding. Nev-
ertheless, each sensor node holds information for a prominent
time during finding an effective next hop relay, thus it
degrades effectiveness of the minimum delay. Moreover, the
proposed protocol does not consider interference issues dur-
ing forwarding data packets in the network.

In another study,29 a geographic and opportunistic
routing protocol that routes data packets from sensor nodes
to multiple sinks is proposed. To overcome the void regions,
it offers a depth adjustment based topology control approach,
which moves the void nodes to new depths. The proposed
routing protocol significantly improves the network perfor-
mance in both sparse and dense network deployments. How-
ever, it consumes a significant amount of energy and holding
time at each hop to find routes in void regions.

In 1 study,30 an intracluster and intercluster communica-
tion architecture for data aggregation in UWSNs is proposed.
The proposed architecture uses fuzzy approach to effectively
select cluster heads and estimate cluster size in UWSNs.
Employing this approach, the network is able to provide
energy‐efficient data transmission between the sensor nodes
and the clusters to extend the network lifetime. Although
the proposed architecture performs well in terms of energy
consumption, end‐to‐end packet delay and PDR, it is unable
to address major issues such as appropriate cluster size, load
balancing, and data redundancy in UWSNs when applied in a
densely deployed scenario.
3 | PROBLEM STATEMENT

Routing in UASNs poses many challenges because of the
peculiarities of the underwater channel. These challenges
include excessive and mutable propagation delays, restricted
bandwidth, high BERs, multipath effects, and temporary
losses of connectivity. Though routing protocols for UWSNs
exist, their scopes are limited, and the majority of those solu-
tions (see Section 2) have been designed to meet application‐
specific design objectives and requirements in a particular
scenario. Although these studies guide design decisions for
exploring and monitoring UWSN‐based applications, most
of the existing routing schemes achieve 1 or 2 of these design
objectives at the expense of others. For example, energy sav-
ing during data collection introduces excessive delay and
overhead in the network. Moreover, they generally ignore
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the impact of external interference and noise on transmission
reliability in harsh underwater environments. Furthermore,
they ignore the large memory requirements for the time crit-
ical applications, which generate a huge amount of data in
underwater environments. Therefore, the routing in UWSNs
in the context of reliable data delivery with low‐energy con-
sumption and delay is still an important problem depending
on the event characteristics. The existing network solutions
due to their fixed or inefficient routing strategies fail to han-
dle the underwater acoustic communication challenges; and
thus, they are not resilient or efficient enough to provide
desired reliable data delivery for UWSN‐based applications.
Therefore, in this study, particular importance is given to
design a reliable link quality aware evolutionary queue‐based
spectral clustering routing scheme for UASNs. Extensive
simulations and experimental studies performed confirm that
our approach outperforms the existing well‐known routing
schemes in terms of high PDR, network throughput, and
low network delay and energy consumption. The obtained
results of the simulations also verify that the designed routing
solution is efficient, robust, and practical for small‐sized and
large‐sized network deployments.
4 | PROPOSED LRP SCHEME

4.1 | Role of evolutionary queue‐based spectral
clustering approaches in LRP

For the last couple of decades, Metaheuristics have been used
to create a robust search tool to handle optimization and local
optima problems in various domains. The evolutionary com-
putation, a form of meta‐heuristic, has become one of the
most popular techniques in both theoretical analysis and
industrial applications and is used as an optimization and
search tool in several domains.31 It is a fast growing interdis-
ciplinary research field developed beyond its original mean-
ing of “biological evolution” and has been successfully
applied to a number of classes of complex combinatorial
problems to solve large and dynamic issues in a unified
framework. For solving real‐world issues that are usually
very challenging for the conventional computing techniques,
the main purpose of the nature inspired‐evolutionary algo-
rithms (EAs) and techniques is to identify the mechanism of
such complex computational systems and to develop an
extremely malleable, proficient, and robust algorithms with
a realistic execution time near optimal results.32 In EAs, the
fitness function is responsible for measuring the quality of
an individual; the individual with superior quality has more
chance to be elected as a solution of the initial population.
Generally, a fitness function is a particular type of objective
function used to measure the closeness of a design solution
to achieving the set aims. The typical EA starts with the main
loop of a selection procedure by granting that the better indi-
viduals have more opportunity to breed by imitating natural
selection. In the mating pool, several available variation oper-
ators also can be used to alter recent information. The varia-
tion operator is named as mutation if the gene of an
individual changes on itself. The variation operator is named
recombination or crossover if the gene interchange is com-
pleted between 2 or more individuals. Generally, EA follows
user‐defined instructions under which recombination and
mutation are made. These above‐mentioned advantages of
the evolutionary computation approaches make them
extremely appropriate for the complex problems associated
with the highly unpredictable environment. If the existing
best solution is unpredictable in continuously changeable
problematic environment, then there might be an alternative
solution in the population, which fits the existing environ-
ment well.

Although clustering is indeed a challenging research
problem, because of its distinct advantages, it has become
an active topic of research in recent years. In the last couple
of years, a new approach has started to get much attention
namely spectral method that can produce high‐quality cluster-
ings. Spectral clustering is an attractive approach since it is
easy to implement and reasonably fast and therefore has been
applied in a wide‐ranging set of applications to solve complex
clustering problems.33 Also, intrinsically, they do not suffer
from the problem of local optima. Usually, the spectral
methods for clustering involve taking the top eigenvectors
of some matrix based on the distance or SNR between sensor
nodes and then split them into multiple clusters where each
sensor node belongs to only 1 cluster. Generally, spectral
clustering algorithm forms an n× n affinity matrix and com-
pute eigenvectors of this matrix with least computational
complexity. Thus, for a given set of sensor nodes Snif gni¼1;

Sni∈R1 × d, the main goal of the spectral clustering is to dis-
tribute the sensor nodes into disjoint groups based on their
similarities between all pairs of sensor nodes Sni and Snj,
where R is l×d matrix. In spectral clustering algorithm, the
point of departure is a weighted similarity graph g(v, e),
where the weights corresponding to the pairwise similarities
and vertices correspond to sensor nodes. Each edge (ei, ej)
in the graph is assigned a weight w(ei, ej) reflecting the orig-
inal similarity matrix A between Sni and Snj as

w ei; ej
� � ¼ exp −

Sni−Snj2
�� ��

2σ2

 !
for i ≠ j

0 for i ¼ j

8><
>: ; (1)

while the diagonal degree matrix D of sensor node Sni and
Snj can be computed as

D ¼ ∑
n

j¼1
w Sni⋅Snjð Þ; (2)

in which i=1 , 2 , … , n and σ is the scaling parameter indi-
cates how fast w(ei, ej) falls off with the Ecludian distance
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(Ed) between Sni and Snj. The evolutionary spectral cluster-
ing techniques are based on this weight form Laplacian
graph, which transforms the problem into a tractable eigen-
vector problem. To perform bipartitioning of the given data
where large numbers of clusters are created, the developed
algorithm uses the thresholding notion for the second eigen-
vector of the Laplacian. The eigenvector with the second least
eigenvalue is nominated; however, to find clustering solution
directly, herein developed algorithm uses multiple eigenvec-
tors considering normalise cut (Ncut) described as

Ncut Sni; Snjð Þ ¼ cut Sni; Snjð Þ þ cut Snj; Snið Þ
w Sni; Snjð Þ : (3)

Particularly, the relaxation for Ncut is based on rewriting
Equation 2 as a normalised quadratic form involving indi-
cator vectors. These indicator vectors are then replaced
with real‐valued vectors, resulting in a generalised eigen-
vector problem that can be conveniently summarised in
terms of the normalised graph Laplacian L of A defined
as follows:

L ¼ D−1
2 D−Að ÞD−1

2; (4)

inwhichD= diag{d1,d2, … , dn}withdi ¼ ∑n
j¼1w ei; ej

� �
; i ¼

1; 2;…; n.
In addition, recently conducted experimental tests reveal

that organizing sensor nodes in multiple centralised queues
improve the clustering performance mainly thanks to its
load‐sharing characteristic. Also, it allows mutually exclusive
access to all sensor nodes in queues to avoid bottleneck by
reducing the number of processors in entire clustering net-
work. Moreover, with the use of a round robin assignment
strategy, the arriving sensor nodes are assigned to ready
queues in a cyclic fashion, and the clustering performance
is significantly improved compared to the traditional cluster-
ing schemes.

By inspiring the above‐mentioned advantages of the evo-
lutionary, spectral clustering, and queue‐based approaches,
we developed an energy efficient evolutionary queue‐based
clustering routing protocol, which is extremely appropriate
to solve complex clustering and routing problems associated
with the highly dynamic underwater environment.

4.2 | Network model

In this research, network model is represented as an undi-
rected graph g(v, e), where g is weight, v is the set of all
underwater sensor nodes vertices denoted by v={Sn1,
Sn2, , … , Snn}, and e represents the set of all connected edges
e={e1, e2, ..., en} among the sensor nodes. For each pair of
sensor node Sni , Snj∈ v, a similarity S(Sni, Snj) =S(Snj,
Sni)≥ 0 is given. The similarities S(Sni, Snj) can be viewed
as weights on the undirected edges e(Sni, Snj) of a graph g
over S. The matrix A= [S(Sni, Snj)] plays the role of a “real‐
valued” adjacency matrix for g. The set of edges between 2
disjoint cluster sets E ,F ⊆ v is called the edge cut or the nor-
malise cut between E , F. A clustering C={C1,C2, … ,Ck}
is a partitioning of v into the nonempty mutually disjoint sub-
sets C1 ,C2 , … ,Ck. In the perspective of graph theory, a
clustering represents a normalise multiway cut in the graph
g. The distance among sensor node Sni and Snj can be
denoted as Sni∈ Snj , d(Sni, Snj)≤ dth, and the delay can be
defined as Sni∈ Snj ,De(Sni, Snj)≤De(th). Herein, dth and
De (th) show the distance and delay threshold, respectively.
A 3D view of the designed network model is shown in
Figure 1. For easiness, the designed 3D model is formally
mapped to 2D model as shown in Figure 2. The designed
scheme considers an m layer data collection underwater sen-
sor network, which is composed of sensor nodes, relay nodes,
and a sink. All sensor nodes and relay nodes are used ran-
domly at different depths. All the sensor nodes are responsi-
ble for sensing and gathering local underwater activities and
transmit the gathered data to the surface sink through multi-
ple relays. The function of the relay nodes is to decide the
path to the destination and forward the received packets to
the next hop node. All the relay sensor nodes rely on a
store‐and‐forward technique; hence, a packet received or gen-
erated in a slot can be forwarded from the next slot. In addi-
tion, the relay nodes collect data in some cases. The sink
node is equipped with both acoustic modem and radio
modem and is used in the middle of the water surface. There-
fore, the sink node can both communicate with the underwa-
ter sensor nodes and the on‐shore base stations or satellite. In
this paper, we assume the following properties about the
UASN. First, every underwater sensor node knows both its
location and the location of the surface sink by means of
location services as presented in 1 study.34 Second, it is
assumed that each node is static. Third, the acoustic channel
is symmetric; therefore, the energy required to transmit a
message from node Sni to Snj is the same as the energy
required to transmit a message from node Snj to Sni for a
given Ed or SNR. Fourth, every node can dynamically adjust
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its transmission power. Fifth, the sink node is a superior node
and can receive a large number of data packets at the same
time without any collision. Sixth, the communication links
between the sensor nodes are symmetrical. Moreover, to
avoid data packet collision among nodes, a carrier sense mul-
tiple access (CSMA) mechanism is assumed. In addition, we
also assumed that a sensor node can be a part of a pair of
cluster heads; however, it will have different time slots
assigned by each cluster head using time division multiplex
access. Furthermore, it is also assumed that each node has
at least 1 existing route to the sea surface sink going through
reliable links. To analyse routing phenomenon more realisti-
cally, the arrival time follows a Poisson distribution while
the service time is considered exponentially distributed.
4.3 | Network initialization

In the beginning, after sensor node deployment in an under-
water environment, sea surface buoys is responsible to initi-
ate the clustering process by disseminating multiple copies
of a hello message to neighbouring nodes in range. After
receiving information from the sink, each node is responsi-
ble to restricted broadcast this hello message to its
neighbouring nodes by taking into account the carrier sense
multiple access mechanism. This hello message consists of
information about the sender node identity and residual
energy. Then after receiving initiation message successfully,
each receiver node replies to the sender node by sending an
acknowledgment message, which guarantees that a message
has been received successfully. This acknowledgment mes-
sage contains the information of the receiver node identity,
residual energy, received signal strength, and distance infor-
mation measured during receiving information from the
sender node. Herein, we noticed that because of harsh
underwater environmental challenges, it is highly possible
that a sender message can be lost to its neighbours.
Therefore, we used tuple mechanism where each node is
responsible to send maximum up to 3 hello messages to
its neighbouring nodes if it does not receive acknowledg-
ment message in specific time ti. Consequently, in our
scheme, it may also be possible that a sensor node may
receive multiple copies of hello message copies from the
same or different sender node neighbours. In this case, after
receiving the first hello messages, the rest of the hello mes-
sages from the same sender will be dropped. Initially,
throughout the sending and receiving process, each node is
responsible to maintain the information about neighbouring
node identity, residual energy, and received signal strength
information. In each round, hello messages are generated
to periodically share the updated information among sensor
nodes deployed in underwater environment.

4.4 | Evolutionary queue based‐spectral clustering
algorithm (QSCA)

In proposed nature‐inspired queue‐based spectral clustering
routing scheme, evolutionary spectral clustering algorithm
plays an important role by providing a reliable clustering
architecture in the entire UWSN. The proposed algorithm
effectively reduces high‐transmission energy‐consumption
cost and provides reliable data collection at extremely low‐
clustering complexity. In designed scheme, after nodes
deployment in underwater environment, a surface buoys is
responsible to run QSCA for partitioning the set of acoustic
sensor nodes into multiple queues based on their similarity
values. Then, an initial population of individuals (sensor
nodes) is generated (of size n=400), by using a random num-
ber generator Rn∈ [0, 1], and each individual is evaluated by
a predefined fitness function. In current population, σ0
denotes the dead or inactive individuals with insufficient
energy and σ1 for the active individuals with sufficient
amount of residual energy. Each individual based on the fit-
ness values is placed in predefined number of queues with
diameter D and length L based on their similarity values in
decreasing order. The total queuing system energy‐consump-
tion cost can be numerically written as

Qcost ¼ cost∑
k

i¼1
∑
n

j¼1
∑
QDC

ℂ1i Dið ÞLi þ ∑
QPC

ℂ2i Pið Þ þ ∑
QOC

ℂ3i Oið Þ þ ∑
QRC

ℂ4i Rið Þ
 !Qj

;

(5)

in which QDC, QSC, QPC, QOC, and QRC show the queue
designing, queue storage, queue processing, queue overhead,
and queue repairing cost, respectively. On the other hand,
ℂ1i is the cost for designing a queue having length Li and diam-
eter Di, ℂ2i(Pi) is the processing cost of the ith queue have n
number of sensor nodes, ℂ3i(Oi) is the cost of ith queue over-
head, and ℂ4i(Ri) is the queue repairing cost in terms of a sen-
sor node failure. Thus, the objective function of the developed
clustering algorithm is to minimise entire queuing system and
energy‐consumption cost as



FIGURE 3 Small‐size clusters are generated by queue based‐spectral
clustering algorithm for optimization in underwater acoustic sensor networks
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Fit costð ÞCi ¼ min ∑
k

i¼1
Qi

cost þ ℂiTx þ Rx

� �
; (6)

whereQi
cost is the ith queue cost and ℂi is the transmission and

reception energy cost during a set of clusters generation in the
underwater environment.

Then, a looping phenomenon of selection, crossover, and
mutation operators is applied on each individual (sensor
node) to improve the quality of solution through the
predefined probabilities until the termination criterion is
satisfied for the complete clustering solution. By applying
selection operator, developed algorithm produces new indi-
viduals in the new population. The selection operator is
responsible for assigning each set of pair of individuals a pos-
itive weight to find a set of partition graph. The value of this
assign weight is based on the SNR or Ed, which is propor-
tional to the fitness function (Fit) of each individual in region
Ri. Thus, the probability of a particular cluster Ci from the
available set of clusters Cj, being selected with the highest
weight based on the location information in region Ri, can
be formally expressed as

ρC ið Þ ¼ FitCi=∑
n

j¼1
FitCj : (7)

The probability of each sensor node Sni being selected in
cluster Ci with the highest weight of minimum delay and
residual energy can be formally expressed as

ρSni ¼ FitSni=∑
n

j¼1
FitSnj: (8)

To form a mating pool of k parents, selection operator
randomly chooses best individuals from the current popula-
tion set and repeat this process n times until the defined
criteria satisfy. To produce a pair of offspring strings, cross-
over operator is responsible for partial swapping of the bits
between 2 parent strings. In other words, in crossover, each
gene in the offspring is copied from the same gene from
one of the 2 parents with the same probability. For a given
crossover probability (ρc=0.98), each pair of clusters from
the new generated population is randomly picked out by
developed algorithm. Then, a random number is generated
between 0 and 1. If the generated random number is less than
the predefined value, then QSCA is responsible to apply the
crossover operator for producing swapping generation, other-
wise it does not apply crossover operator on these 2 particular
clusters. Through applying the crossover operator, multiple
crossover points in a predefined range [Cp1,Cp2,…,Cpn ] for
2≤ n≤ 5 are also randomly generated in the clustering net-
work. A crossover operator plays a key important role for
swapping individual values from 1 cluster to another pairwise
cluster in the generated population for creating highly stable
dynamic clusters in the entire network. Lastly, by applying
the mutation operator, the value of each individual in a cluster
changes in the new population. Herein, a mutation operator
with the probability of (ρm=0.01 ) is applied to perform the
mutation operation by ensuring that no important genetic
information is lost. Initially, in new clustering population,
which is the result of reproduction and −crossover, the
designed algorithm takes into account each individual bit‐
by‐bit by generating a random number between 0 and 1. If
the generated number is less than the predefined value, then
it applies −mutation operator to the new individual; else, it
does not consider mutation operator to that particular individ-
ual in a cluster. Herein, the core aim of the designed algo-
rithm is to find the best clustering solution for the given
population. If the better individual belongs to a cluster solu-
tion cannot be found in a given time over a predefined num-
ber of cycles (ie, limit), then that individual is supposed to be
abandoned. Figure 3 shows the initial clusters generated by
QSCA algorithm for optimization in UASNs. This entire pro-
cess repeats until the termination criterion of the developed
algorithm is satisfied for the best small‐size cluster (best_Ci)
solution in the entire UASNs, which can be numerically
expressed as

∀ Cð Þ1;2:;…;n ¼ ∑
n

j¼1
Fit Cjð Þ<∑

k

i¼1
Fit best_Cið Þ: (9)

The various queue‐based network characteristics formally
have been expressed from Equations 10 to 22, in Table 1.

4.5 | Evolutionary cluster‐head selection algorithm
(CHSA)

The key aim to develop evolutionary CHSA is to decrease
energy‐consumption load in the whole clustering network
by appointing a set of cluster heads in the middle of each
cluster in UASNs. Hence, less energy is spent during the



TABLE 1 Formulation used in link quality aware queue‐based spectral clustering routing protocol

Definition Formulation Explanation
Equation

no.

Sum of all queue diameter (Dsum) Dsum ¼ D1;D2;…:Dn ¼ ∑
n

i¼1
C Di; Lið Þ

� �
Fit is the fitness function, D is the

diameter of the queue, L is the length
of the queue, Di and Li are the
diameter and queue length of the ith
queue, respectively.

(10)

Mean queue length (MQL) including nodes being served MQL ¼ ∑
L

l¼1
∑
D

d¼1

A Snið Þ½ �2
P Snið Þ−A Snið Þð Þ
h iQi A is the arrival rate of a sensor node

Sni, and P is the processing rate of a
sensor node Sni in a queue Qi

(11)

Expected number of sensor nodes E(Sni) in each queue
(including being served)

E Snið Þ ¼ ∑
n

i¼1

A Snið Þ
P Snið Þ−A Snið Þ
h iQi

− (12)

Queue robustness constraint ∑
n

i¼1
Sni Qinð Þ−∑

n

j¼1
Snj Qoutð Þ ¼ ∑Qp Qin represents the number of sensor

nodes entered in the queuing system,
and Qout is the number of leaving
sensor nodes from the queuing
system during processing under the
constraint that the value of Qp is
always positive.

(13)

Queue looping constraint ∑
n

i¼1
Sni Qj

� �
−∑

n

j¼1
Snj Qj

� � ¼ 0 Total number of sensor nodes enter in a
queue Qj must be equal to total
number of sensor nodes leaving the
queue Qj at the end of the process.

(14)

Average waiting time (wt) for each sensor node in a queue wt ¼ ∑
n

i¼1

A Snið Þ
P Snið Þ P Snið Þ−A Snið Þð Þ
h iQi

A(Sni) and P(Sni) are the arrival and
departure rate of the sensor nodes in
a queue Qi, respectively.

(15)

Probability of spending time for each sensor node
in a queue ρ(wt≤ T)=∑

n

i¼1
1−ρe− 1−ρð ÞP Snið Þt� �Qi T is the maximum spending time of a

sensor node in a queue.
(16)

Probability of more than defined sensor nodes in each
queue

ρ(Sni > N) = [ρN + k]Qi N is the maximum number of sensor
nodes in a queue, and k is the
additional sensor nodes added to a
queue.

(17)

Edmin(w) Edmin wð Þ ¼ ∑
n

i¼1
∑
k

j¼1
w Sni; Snjð Þx×y Sni−Snj2

�� ��≤ Edmaxi Edmin(w) is the minimum Euclidean
distance in terms of weight w
between sensor node Sni and Snj,
and x and y are the coordinates of a
sensor node Sni and Snj. While
Edmaxi is the maximum distance
threshold value.

(18)

Euclidean distance error (Ede) Ede ¼ ∑
n

k¼1

Sni−Snj2k k
Snk ≤Edemaxi Snk is the number of neighbouring

sensor nodes associated to a sensor
node Sni, and Edemaxi is maximum
acceptable value.

(19)

Signal to noise ratio(SNR) between a pair of nodes SNR Sni; Snjð Þ ¼ PSignal

Pnoise
≥SNR Sni; Snjð Þmin PSignal and Pnoise are the power of the

received signal and power of the
noise, respectively. SNR(Sni, Snj)min
is the minimum acceptable value of
SNR.

(20)

Delay (De) Demin wð Þ ¼ ∑
n

i¼1
∑
k

j¼1
w Sni; Snjð Þ dt ni−Snjð Þk k2 The minimum delay Demin(w) is the

time difference dt in terms of weight
w between a pair of sensor nodes Sni
and Snj. This difference is based on
the packet time of arrival (TOA) and
time of departure (TOD).

(21)

Residual energy (Re) Remax wð Þ ¼ ∑
n

i¼1
∑
k

j¼1
w Sni; Snjð Þ Eik k2 Remax(w) is the maximum residual

energy of a sensor node in terms of
weight. Ei is the energy consumed of
a sensor node Sni after sending a
request or data packets to its
neighbouring node Snj.

(22)

Intradistance (Idis.) Idis: wð Þ ¼ ∑
n

i¼1
∑
k

j¼1
Sni;Cjð Þx×y jjSni−Cj jj2 Edmin(w) is the minimum Euclidean

distance in terms of weight w
between sensor node Sni and cluster
center Cj. x and y are the coordinates
of a sensor node Sni to Cj.

(23)

Interdistance between clusters (IDC) IDC ¼ k ∑
n

i¼1
∑
n

j¼1

Snijj j2
Citj j⋅ Cjt−1j j−1

 !
|Snij| is the number of sensor nodes that

are both in Ci and Cj at time t and t
− 1, respectively. k is a scaling factor
set to 1.

(24)
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FIGURE 4 Clustering heads generated by cluster head selection algorithm
for optimization in underwater acoustic sensor networks
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intracluster, and intracluster data processing computed using
Equations 23 and 24. This way, more energy can be pre-
served for the inter‐cluster relay traffic. The core aim of
designed evolutionary CHSA is to provide an effective
way for reliable data collection and extending the lifetime
of a UASN. Therefore, the designed algorithm considers a
double check mechanism of Ed and SNR for providing reli-
able intracluster data collection in the entire underwater
clustering network. Moreover, it selects cluster heads with
more residual energy and rotates each cluster head periodi-
cally to distribute the energy consumption among nodes in
each cluster and prolong the network lifetime. In addition,
in the existing schemes (see Section 2), the cluster heads
nearer to the sink are burdened with heavy relay traffic
and deplete their energy much faster than the other cluster
heads. Therefore, those areas of the network become uncov-
ered, and the network becomes partitioned. To cope this hot
spot problem, we appointed a set of 2‐hop cluster heads
with lower distance to the sea surface sink iteratively by
the designed algorithm. After dividing the entire network
into multiple small‐size clusters, in the second phase of
our proposed scheme, an initial population of individuals
is generated using a random number generator Rn∈ [0, 1].
Each individual in the current population is evaluated by a
predefined fitness function, which consists of higher resid-
ual energy; SNR lower intradistance and distance to the
sink (dsink) can be numerically indicated as

Fit Snið ÞCHi ¼ FitSni=∑
n

j¼1
FitSnj ReSnj þ ISnjdis: þ dSnjsink

	 

: (25)

The selection operator selects a pair of best individuals in
each cluster by measuring the fitness value by taking into
account the abundant individuals indicated as σ0. Then a
looping phenomenon of multipoints crossover and mutation
operators are applied to each individual through the
predefined probabilities of Pc=0.95 and Pm=0.03. In each
round of the proposed routing protocol, the cluster‐head for-
mation phase generates an initial population of solutions,
the fitness of which is then evaluated, and the parents are
selected to generate a new population via recombination
and mutation operators based on the fitness values. During
the association phase, a best individual (CH) is selected in
each cluster based on the fitness value. Figure 4 shows the
initial cluster heads generated by CHSA algorithm for optimi-
zation in UASNs. Moreover, herein, by sharing mutual infor-
mation between each pair of clusters, the quality of each
cluster is measured using following Equation.

MI ¼
∑k

i∑
k
j Sn i; jð Þ log Sn i;jð Þn

SniCaSn
j
Cb

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑k

i¼1Sn
i
Ca log

SniCa
n

	 
r
∑k

j¼1Sn
j
Cb log

SnjCb
n

	 
 ; (26)
in which MI is the mutual information used for comparing a
pair of clusters. Snia is the number of sensor nodes in cluster

Ca, Snjb is the number of sensor nodes in cluster Cb, and n is a
constant set to 1. This process repeats until the termination
condition of the EA is satisfied for the complete cluster‐head
solution in each cluster of the clustering network and can be
formally shown as

Fit CHið ÞCk ¼ ∑
n

k¼1
bestFitSni=∑

m

j¼1
FitSnj

 !Ck;

: (27)
4.6 | Evolutionary multihop minimum spanning tree
routing algorithm (MTRA)

One of the main objectives of proposed routing algorithm is to
route data packets over loop free‐spanning tree from the
source towards the sink in the network. In the proposed
routing algorithm, observed information is routed over a set
of cluster heads by considering a double check mechanism
of high SNR or minimum distance and over‐assignment cost
(OC) to reduce high‐transmission energy‐consumption and
packet loss. The minimum distance for a next hop‐relay node
is computed as

RCN CHið Þ ¼ ∑
k

j¼1
d CHi;CHj
� �þ d CHj; Sink

� �
; (28)

in which RCN(CHi) represents the relay cluster‐head node
CHi and d is the distance between a pair of cluster heads
CHi to CHk and then to sea surface sink, such that k≤ n,
where n is the maximum number of relay nodes in a route.
Generally, during route discovery process, when a source
cluster‐head node needs to initiate a communication, it
sends route discovery packets (RDP) to its neighbouring
cluster‐head nodes in range. When the destination node
receives the first RDP packet it calculates its residual
energy, distance to sender cluster head, distance to sink
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cost, and its over‐assignment cost of participating in the
route and sends it to the sender using reply route request
(RRDP) packet. The receiver node calculates the cost of
each reply RRDP massage from CHs and selects the best
next hop‐relay node with low cost to route data packets.
Thus, in the routing, each cluster head (gateway) is sup-
posed to send its aggregated data to the sink directly if
the sink within its range, otherwise it sends the data through
appropriate next hop cluster‐head relay nodes. Moreover,
routing information of a cluster is shared with only other
cluster heads. Therefore, the number of transmissions car-
ried out for distributing routing information reduces. In evo-
lutionary implementation, after dividing the entire sensor
nodes into multiple clusters, an initial population of individ-
uals (cluster heads) is generated, using a random number
generator, and each individual is evaluated by a predefined
fitness function. A set of individuals in the initial popula-
tion with greater fitness value is selected as the current best
solution, ie, the best next hop CHs leading to the lowest
energy and over‐assignment cost for robust data delivery
over reliable links towards sink. These objectives enable
routes with intermediate cluster‐head nodes with higher bat-
tery reserve to be selected. This helps to balance the packet‐
forwarding task in the network so that a few sensor nodes
do not run out of their battery power earlier compared to
other CHs. Moreover, buffer length as a metric helps to
select routes that are not congested, thereby decrease con-
gestion loss and end‐to‐end delay resulting from queuing
delay. Finally, link stability metric enables the route selec-
tion process to select relatively long‐lived and more stable
routes and guarantees a lower packet loss rate as a result
of the movement of intermediate CHs and fewer route fail-
ures. Thus, the fitness function for an appropriate next hop
cluster head i as a relay node formally can be described as

Fit CHið Þ ¼ FitCHi=∑
n

j¼1
FitCHj ReCHj þ OCCHj þ dCHjsink

	 

; (29)

in which ReCHj, OCCHj, and dCHjsink are the residual energy,
the over‐assignment cost, and the distance to sink of a
next hop cluster‐head node CHj, respectively. In each
round of the proposed routing protocol, to improve the
quality of individuals (an appropriate next hop‐relay CH
node with low‐energy consumption and over‐assignment
cost), we applied a loop of multipoint crossover and
mutation operators to each parent individual through the
predefined probabilities as ρc=0.99 and ρm=0.002. This
entire process repeats iteratively until the termination cri-
terion is satisfied for the complete cluster‐based routing
solution over a set of shortest path cluster heads in a
greedy manner from the source towards sink. Let us con-
sider a fully connected undirected network graph; selec-
tion operator assigns each cluster head in the population
a set of weight g(v, e), where a finite set of vertices
v={1, 2, … , n} and edge e={(i, j)| i, j∈ v} are connected
between each cluster‐head node in the system. The each
edge in fully connected graph assigned a positive real
number value denoting distance among cluster heads and
can be represented as w={w1,w2, … ,w(N − 1)N}, where
decision variable can be expressed as

CH ijð Þ ¼
1 if edge i; jð Þ is slelected
0 otherwise

�
for ∀edges i; jð Þ∈e:

(30)

Let vector v of graph g represents the spanning tree and ω
is the set of all such vectors in graph g corresponds to span-
ning tree, the minimum spanning tree (MST) problem pre-
sented in 1 study,35 in improved form and can be expressed as

MST ¼ min ∑
n−1

i¼1
∑
n

j¼iþ1
wCH ijð Þ vij

� �
v∈ωj

( )
: (31)

To solve the problem of the edge constraints on each vertex
v, it is assumed that the edge of each vertex is not always arbi-
trary in the spanning tree such that at each vertex vi the corre-
sponding edge value ek is at most a given value ∂k which is
based on distance and residual energy of a pair of cluster head
nodes i and j in terms of weightwCH(ij). Therefore, the problem
can be expressed as

MST ¼ min ∑
n−1

i¼1
∑
n

j¼iþ1
wCH ijð Þ vij

� �
ek≤∂k; i; j; k∈v; v∈ωj

( )

(32)

consequently, if there are N total numbers of clusters in the
minimum spanning tree network and there are n numbers of
sensor nodes in each cluster where a cluster head can be repre-
sented as CHi in each individual cluster. Then the average
shortest path (ASP) for N number of cluster heads is the length
of a shortest path (ASP) from a cluster‐head node i to sensor
node k towards the sink is calculated as

ASP ¼ 1
N N−1ð Þ ∑

n

k¼1
CH1þ;…;CHk þ Sink½ �; (33)

in which N is the number of cluster heads over a shortest path
from a cluster head node CH1 to cluster head node CHn. In
MTRA, for measuring CHi over‐assignment cost, the entire
network is divided into internal and external traffic by consid-
ering M/M/1 and M/M/N queuing models as discussed in 1
study,36 respectively. The sensor nodes in the same cluster
generate internal traffic while the external data traffic
(EDT) cost is from the other cluster heads is calculated using
Equation 34. While the Jobs blocking probability (JBP) of a
cluster head CHi when queue is full is computed using
Equation 35.
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EDT CHið Þ ¼ ∑
n

k¼1
∑
n

j¼1
Ck⋅λj 1−Pbð Þ; (34)

JBP CHið Þ ¼ ∑
n

k¼1
∑
n

j¼1
Lk Ckð Þ⋅ Cjλj 1−Pbð Þ; (35)

in which λj is the packets arrival rate from a set of
neighbouring clusters Ck with probability Pb, and Lk is the
queue length of a cluster‐head node for storing data packets.
To represent the connection between a cluster head to its
neighbouring cluster head, we simply draw a n×n topological
matrix as l1 and n×m topological matrix as l2. To show the
connectivity among a set of neighbouring clusters and also
to cluster member sensor nodes (Sni), we use l1i! j and
l2i! j in the entire network where the spanning tree matrix
[l1l2] define as n× (n+ l). Then, we can formulate a topologi-
cal problem as

l1ij ¼
1 if Sni∈CHj

0 otherwise

�
for i; j ¼ 1; 2;…; n; (36)

l2ij ¼
1 if CHi∈CHJ

0 otherwise

�
for i; j ¼ 1; 2;…; n; (37)

min
1
δt

∑
n

i¼1

TCHi

DTCCHi−TCHi
þ ∑

n

i¼1
∑
n

j¼1
dCH ijð ÞgTCH i;jð Þ

" #
; (38)

min ∑
n−1

i¼1
∑
n

j¼iþ1
wlij⋅g⋅l1ij þ ∑

n

i¼1
∑
m

j¼1
w2ij⋅g⋅l2ij

" #
; (39)

∑
k

j¼1
l1ij<Maxi; i ¼ 1; 2;…; n; (40)

∑
l

i¼1
l2ij<Maxi; j ¼ 1; 2;…; n; (41)

where δi denotes the entire offered data traffic, TCHi shows the
maximum data traffic at cluster head i, Tc(ij) denotes total data
traffic through the link (k, l),DTCCHi represents the data traffic
capacity of cluster head i, dCH(ij) indicates the between cluster
head node i and cluster head node j, g is a constant set to 0.1,
and w1ij and w2ij represent the weight of the link between clus-
ter head j and sensor node i and cluster head node i and cluster
head j, respectively. Overall genetic representation of the pro-
posed scheme is shown in Figure 5.
5 | COMMUNICATION CHANNEL MODEL

The communication channel model derived in 1 study37 for
underwater acoustic channels is used in this study. The path
loss, PL(d, f), of acoustic signal with transmission range d
in meters and frequency f in KHz is given in dB as
PL d; fð Þ ¼ k log dð Þ þ α fð Þ d×10−3; (42)

where α(f) is the absorption coefficient and k is the spreading
factor caused by energy spreading. Herein, we assume
orthogonal frequency division multiplexing encoding tech-
nique and use the quadrature amplitude modulation scheme
to calculate the amplitude and phase of the sub‐carrier. In
our model 16–quadrature amplitude modulation with orthog-
onal frequency division multiplexing transmission is consid-
ered. Bit error rate is computed as

P16QAM
b ¼ 3

2k
erfc

ffiffiffiffiffiffiffiffiffiffiffiffi
k
10

Eb

N0

r� �
; (43)

SNR is calculated as:

SNR ¼ 10SNR d;fð Þ=10 (44)
5.1 | Simulation model and metrics

In this study, experiments were conducted using a network
simulator based on MATLAB38 to evaluate the performance
of LRP against the existing underwater protocols such as R‐
ERP2R,22 EEDBR,15 and DBR14 using 4 widely used metrics:
(1) PDR, (2) delay, (3) throughput, and (4) energy consump-
tion. Packet delivery ratio is regarded as the ratio between
the number of packets successfully received by the sink and
those sent by the source nodes.39 Delay is the time taken by
a packet to reach any destination node from a source node.
Throughput is the number of data packets processed in a given
time (bits per second) defined in another study.40 Residual
energy is the amount of remaining energy after energy con-
sumed during successful transmission of data packets by the
nodes. A 3D sensor network of length × width × height with
values 1000 × 1000 × 100 is created, and the nodes are
deployed randomly at different depths. The total number of
deployed underwater sensor nodes ranges from 50 to 400
nodes. One sink is floating on the surface of the sea. The car-
rier frequency is 40 kHz for bandwidth efficiency of 20 bits per
second. All sensor nodes are identical with the same capabili-
ties, and each of them is assumed to be equipped with a micro-
phone with a sensing range of 120 m, and acoustic
communication capabilities with communication range far‐
field distance is set to 80 m with an initial energy value of
5 J. A total of 5 sensor nodes positioned at the bottom of the
deployment region were selected as the source nodes. In the
network, each source node generated a packet every 10 sec-
onds. The size of the data packets was fixed at 32 bytes. As
soon as a packet is generated, it is associated with a source
node randomly selected among all the nodes except for the
sink. The destination of all packets is the sink in each simula-
tion round. The reception energy waste is 0.24 W, and the
transmission energy consists of 2 levels for the selected value
of the carrier frequency and the bandwidth: 1.5 W to keep the
transmission electronics turned on at their highest level and
1 W for low‐level transmission with respect to hop distance.



FIGURE 5 Shows the genetic representation of our proposed LRP scheme. In the scheme, 0 to 10 indicates the different number of acoustic sensor nodes
involved in genomic process. A, Shows the selection of chromosomes in the current population. B, Indicates the selection of chromosomes when new
cromosomes information is added in the current population. C, Represents the removal of duplications cromosomes after multipoint crossover. D, Demonstrates
the random shuffling of cromosomes using a random number generator. E, Illustrates the selection of the chromosome for mutation process. F, Shows the best
individuals (sensor nodes/cluster heads) after multipoint mutation to find complete clustering and routing solution in the current population
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Moreover, the idle listening power and sleep power were set to
0.064 and 3 × 10−16 W, respectively. The values for the acous-
tic propagationmodel factors, such as temperature in °C, salin-
ity, acidity, and cylindrical spreading coefficient factor were
set to 35, 8, 22, and 10, respectively. Fifty simulation rounds
are conducted to obtain statistic average performance of the
simulated protocols for each topology. Each of the simulation
run lasted until one of the nodes ran out of energy. The hello
packet interval was set to 13 seconds. After every 13 seconds,
the SNR, distance, and link values are computed, and the
residual energy information is shared among the neighbour
nodes for updating routing tables.
5.2 | Performance results and discussions

Figure 6 shows the measurement of PDR for 4 protocols
with varying number of rounds between 1 and 2500. Here,
it can be seen that the PDR in all routing schemes increases
with the increase in number of rounds between 1 and 2500.
In the beginning, the performance of EEDBR is better than
DBR and R‐ERP2R routing schemes in terms of high PDR.
This is because of exploiting its aptitude to carry informa-
tion by following alternative data paths in case of a route
node failure. However, when the network size becomes
larger between round numbers 1000 and 2500, the PDR of



FIGURE 6 Packet delivery ratio vs number of rounds between 1 and 2500.
DBR indicates depth‐based routing protocol called; EEDBR, energy‐
efficient depth‐based routing protocol; LPR, link quality aware queue‐based
spectral clustering routing protocol; R‐ERP2R, reliable and energy‐efficient
routing protocol

FIGURE 8 Throughput vs nodes density. DBR indicates depth‐based
routing protocol called; EEDBR, energy‐efficient depth‐based routing
protocol; LPR, link quality aware queue‐based spectral clustering routing
protocol; R‐ERP2R, reliable and energy‐efficient routing protocol
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EEDBR becomes poor than LRP and R‐ERP2R routing
schemes. This is because of its forwarding data packets over
a set of nodes having low‐residual energy and node memory
overrun issues, which is found more in DBR routing
scheme. In the meanwhile, the performance of R‐ERP2R to
achieve network delay is observed slightly better than both
EEDBR and DBR routing schemes as shown in Figure 7.
Herein, we observed that this better performance of R‐
ERP2R is with the cost of low network throughput com-
pared to EEDBR and LRP routing schemes as shown in
Figure 8. The residual energy profile of each routing scheme
is shown in Figure 9. Herein, it is clearly shown that the
upkeeping residual energy profile of R‐ERP2R is found bet-
ter than both EEDBR and DBR routing schemes. However,
FIGURE 7 Delay vs nodes density between 1 and 400. DBR indicates
depth‐based routing protocol called; EEDBR, energy‐efficient depth‐based
routing protocol; LPR, link quality aware queue‐based spectral clustering
routing protocol; R‐ERP2R, reliable and energy‐efficient routing protocol
observed poor than LRP routing scheme. This low
upkeeping residual energy performance in R‐ERP2R is due
to its high‐energy consumption during sending a notable
amount of request messages to find a reliable data path
towards the sink in the network. Herein, it is witnessed that
in terms of high PDR, throughput and upkeeping residual
energy, the graphs of our proposed scheme LRP is usually
higher than all other routing schemes. During performing
experimental studies, we witnessed a number of possible
reasons that may possible deteriorates the network perfor-
mance of R‐ERP2R, EEDBR, and DBR routing scheme in
the network: First, DBR and EEDBR routing schemes do
not have effective and efficient routing table management
mechanism in terms of updating and route finding. Second,
FIGURE 9 Residual energy vs number of rounds between 1 and 2500.
DBR indicates depth‐based routing protocol called; EEDBR, energy‐
efficient depth‐based routing protocol; LPR, link quality aware queue‐based
spectral clustering routing protocol; R‐ERP2R, reliable and energy‐efficient
routing protocol
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one of the main reasons, which causes highly inconsistent
performance in both DBR and EEDBR routing schemes, is
their huge amount of generating redundant data packets in
the network. Thus, each hop near to the base station has to
face congestion management issues, which lead to high data
packet collision in the network compared to R‐ERP2R and
LRP routing schemes. Third, the other main reason, which
rapidly increases the packet loss ratio and network delay in
DBR, EEDBR, and R‐ERP2R routing schemes, is because
of their not considering the node over‐assignment costs dur-
ing forwarding information. This may cause node memory
runoff problems result in huge amounts of packets lost.
Fourth, during experimental studies, it is detected that the
stable link reliability between each set of pair of nodes is
an important, challenging issue in R‐ERP2R routing scheme
leading to a certain amount of data packets drop in the net-
work. Fifth, excessive multihop data packet transmission is
another main challenging issues in DBR and EEDBR com-
pared to R‐ERP2R routing scheme, which causes excessive
data packet delay and individual node energy in the net-
work. Thus, seeing the local data traffic at each node, sensed
information has to wait for some time at each hop to get
attention, as well as the time required to forward the data
to next hop or sink, which makes routing schemes prone
to longer delay. Moreover, both DBR and EEDBR routing
schemes are suffering from an intelligent suitable mecha-
nism to guarantee link reliability between each set of node
pairs in harsh nature of the underwater environment. As
the distance among sensor nodes increase, the link quality
becomes poorer, which result in excessive message
exchanges to cope link stability problem compared to R‐
ERP2R routing scheme. This excessive message sharing
consumes a significant amount of energy in DBR, EEDBR,
and R‐ERP2R routing schemes leading to poor upkeeping
nodes residual energy in the network. In addition, high inter-
ference among sensor nodes is another challenging issue in
R‐ERP2R routing scheme, which generates a significant
amount of corrupted data packets in the network. These
corrupted packets are routed at each hope consume a notable
amount of individual node energy. To achieve better delay
level performance in LRP, we find that the behavior of
QSCA, CHSA, and MTRA mechanisms play important
roles to increase the nodes upkeeping residual energy by
minimizing energy consumption and network delay to pro-
vide a robust and link reliability aware multihop greedy
routing architecture for UASNs. To provide quality aware
links among nodes, the designed scheme considers a double
check mechanism of SNR and Ed information and adopts
the best among the available one, opportunistically. In the
first phase of LRP, QSCA starts to generate small‐size
highly reliable dynamic clusters in the entire network.
Herein, the core aim of organizing sensor nodes in multiple
short hierarchical centralised queues is to provide better
clustering performance mainly because of its load‐sharing
characteristic. Moreover, the use of a round robin
assignment strategy, in which the arriving sensor nodes are
assigned to ready queues in a cyclic fashion, improves the
clustering performance significantly compared to the tradi-
tional clustering schemes. In addition, it allows mutually
exclusive access to all sensor nodes in queues to avoid bot-
tleneck by reducing the number of processors in the cluster-
ing network. Typically, the numbers of generated queues are
less than the number of sensor nodes in the network. In the
second phase, CHSA appoints a set of cluster‐head nodes
from the normal nodes in the center of each cluster based
on high residual energy and minimum intradistance to dis-
tribute energy load evenly in the clusters. This substantially
reduces the battery drainage of each sensor node, which
only needs to communicate with their respective CHs over
relatively short distances. Moreover, a set of appointed clus-
ter heads are periodically rotated in each round of the
designed scheme. The main aim of rotation is to balance
the intracluster and intercluster energy consumption among
cluster heads and member nodes. This mechanism avoids
hot spots and network partitioning problems caused due to
unbalanced energy consumption at different CHs. Herein,
the designed clustering algorithm aims to generate small‐
size clusters in such a way that any node in any cluster is
single hop away from the cluster head to achieve better load
balancing. Consequently, the proposed algorithm has a time
complexity of O(μ ⋅n), where μ is the number of initializa-
tions and n is the total number of nodes. The computational
time complexity of the clustering algorithm is linear to μ. In
the third phase, MTRA divides the entire network into mul-
tiple loop‐free virtual LANs like architecture to route infor-
mation in the form of minimum spanning tree from the
source towards the destination. The designed MTRA routing
architecture is responsible to evenly distribute energy load in
the network by appointing a set of CHs as backbone nodes
by considering their residual energy, minimum distance,
and node over‐assignment cost. Thus, it takes the advantage
of shortest path routing near optimal number of hops by
considering minimum distance values in the network, which
prevents unnecessary multihop and data path looping in the
network as well as maintain node residual energy when
deployed for UASNs applications. For shortest path routing,
the designed routing algorithm has a time complexity of
O(μ ⋅CHn) compared to existing routing algorithms, which
are suitable only for networks with a small number of sensor
nodes, where n is the number of cluster heads. This makes
the new routing algorithm suitable for networks of small
and large number of nodes. In case of a backbone route
node failure, routing table helps to find an appropriate next
hop relay node with low network delay, energy consump-
tion, and node over assignment cost to convey information
towards the sink with low network delay. Herein, it is impor-
tant to note that to find an appropriate next hop node, first,
sender will look into its low‐transmission single‐hop routing
table (it stored maximum up to 8 hops neighbouring nodes
in range with transmission power (10≤ dth≤ 30) meters); if
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fail to find, then it route information using high‐transmission
single‐hop routing table information (it stored maximum up
to 5 hops neighbouring nodes in range with transmission
power (10≥ dth≥ 30) meters) in the network. Thus, in sum,
each CH is responsible to maintain dual information in its
routing table called low‐level and high‐level single‐hop
routing information differentiated by a unique pointer. This
mechanism reduces the impact of management complexity
at extremely low cost; as a result, high throughput is
reported for UASNs applications in harsh nature underwater.
This routing information of a new relay node is then shared
with only other cluster heads or cluster gateways, which
reduces the number of transmissions realized for distributing
routing information. Also, it minimises the information
processed by sensor nodes and data stored in sensor nodes.
Furthermore, as stated before, since this process extremely
reduces the impact of data path looping and unnecessary
multihop data transmission for UASNs applications. There-
fore, the impact of control message overheads is reduced
indirectly, and a significant amount of network energy is
saved in LRP compared to all the other routing schemes in
UWSNs.
6 | CONCLUSION AND FUTURE WORK
Underwater acoustic sensor networks are getting growing
interest because of their wide range of applications. These
applications include pollution monitoring, offshore explora-
tion, tsunami warnings, and tactical surveillance. On the
other hand, the unique characteristics of the underwater
acoustic channel, such as limited bandwidth capacity, high
error rate, and variable delays, impose many challenges that
limit the utilization of underwater sensor networks for these
applications. Therefore, designing of an efficient routing pro-
tocol that provides reliable data delivery over longer periods
in a timely and efficient manner for UASNs is very challeng-
ing. To address these problems and challenges, in this paper
we proposed a novel nature‐inspired evolutionary link qual-
ity‐aware queue‐based spectral clustering routing protocol
for UASN‐based underwater applications.

In the proposed approach, to decrease the total transmis-
sion power aggregated over the nodes in the selected path
and balance the load between the nodes for extending the
network lifetime, we used a highly stable clustering archi-
tecture. The clustering architecture designed in this study
reduces unnecessary retransmissions, delay, and the residual
energy to provide energy balancing in UASNs. On the basis
of a distributed architecture, the proposed approach success-
fully distributes network data traffic load evenly in harsh
underwater environment. The results of our extensive simu-
lations confirm that compared to the existing approaches,
the proposed approach expends significantly less energy
and decreases communication delay for successful packet
delivery and improves throughput. However, its shortest
queue strategy used in the clustering architecture creates
complexity overhead, which can be addressed by mecha-
nisms that dynamically select appropriate queue size. Future
work of this study consists of designing mechanisms to
address the impact of node density on reducing the proba-
bility of collisions in queues in the MAC layer so that the
performance of the proposed approach can be improved in
a cross‐layer fashion.
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