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Abstract: This research introduces a hybrid approach combining bio- and nature-inspired metaheuris-
tic algorithms to enhance scheduling efficiency and minimize energy consumption in Underwater
Acoustic Sensor Networks (UASNs). Five hybridized algorithms are designed to efficiently schedule
nodes, reducing energy costs compared to existing methods, and addressing the challenge of un-
scheduled nodes within the communication network. The hybridization techniques such as Elephant
Herding Optimization (EHO) with Genetic Algorithm (GA), Firefly Algorithm (FA), Levy Firefly
Algorithm (LFA), Bacterial Foraging Algorithm (BFA), and Binary Particle Swarm Optimization
(BPSO) are used for optimization. To implement these optimization techniques, the Scheduled
Routing Algorithm for Localization (SRAL) is introduced, aiming to enhance node scheduling and
localization. This framework is crucial for improving data delivery, optimizing Route REQuest
(RREQ) and Routing Overhead (RO), while minimizing Average End-to-End (AE2E) delays and
localization errors. The challenges of node localization, RREQ reconstruction at the beacon level,
and increased RO, along with End-to-End delays and unreliable data forwarding, have a significant
impact on overall communication in underwater environments. The proposed framework, along
with the hybridized metaheuristic algorithms, show great potential in improving node localization,
optimizing scheduling, reducing energy costs, and enhancing reliable data delivery in the Internet of
Underwater Things (IoUT)-based network.

Keywords: bio-inspired; genetic algorithm; beacon node localization; energy reduction;
metaheuristic algorithms

MSC: 68W50; 68T20

1. Introduction

Underwater environment is complex in nature and exploration is not an easy job. The
complexity further increases due to its high dynamic and harsh condition. In such envi-
ronments, the traditional algorithms are not suitable for data routing with an appropriate
set of beacon nodes, because these algorithms are only based on a partial optimization
approach [1]. Metaheuristic optimization is a method of solving complex optimization
problems by using metaheuristic algorithms. These algorithms are inspired by natural
processes and are used to find approximate solutions to problems that are difficult or im-
possible to solve exactly. They work by mimicking the behavior of natural systems, such as
the movement of particles, the evolution of populations, or the search behavior of animals,
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to find the optimal solution to a problem [2]. Metaheuristic optimization algorithms [3] are
generally divided into two categories: population-based and individual-based. Population-
based algorithms, such as Genetic Algorithms (GA), Firefly Algorithm (FA), Levy Firefly
Algorithm (LFA), Bacterial Foraging Algorithm (BFA), etc., work by maintaining a popula-
tion of candidate solutions and repeatedly applying genetic operators such as selection,
crossover, and mutation to find the optimal solution [2-5]. Individual-based algorithms
such as Binary Particle Swarm optimization (BPSO), Ant Colony Optimization (ACO), etc.
whichthat simulate annealing and particle swarm optimization, work by iteratively modi-
fying a single candidate solution to find the optimal solution. Metaheuristic optimization
algorithms have a wide range of applications including engineering, physics, and computer
science [5]. They have been used to solve problems such as scheduling, logistics, object
optimization, and ranking of nodes in wireless networks. One of the key advantages of
metaheuristic optimization algorithms is their ability to find approximate solutions to com-
plex problems, even in the presence of noise and uncertainty. They are also relatively easy
to implement and can often be applied to problems with many variables or a complex and
non-linear structure. However, bio-inspired approaches in computer science have gained
wider adoption within the research community compared to other fields. Additionally,
solutions to bio-related issues and computational challenges are increasingly reliable and
effective, enhancing user satisfaction and computational performance [6]. In this study,
metaheuristic algorithms are used in Underwater Acoustic Sensor Networks (UASNs)
to optimize and further hybridized with Elephant Herding Optimization (EHO) [7] for
various aspects of the network, such as scheduling/ranking of nodes, path routing, sensor
deployment, and so on. The specific algorithms used include Genetic Algorithm (GA),
Bacterial Foraging Algorithm (BFA), Firefly Algorithm (FA) and its latest version Levy
Firefly Algorithm (LFA), and Binary Particle Swarm Optimization (BPSO), all of which are
hybridized with Elephant Herding Optimization (EHO). Moreover, GA, BFA, FA, LFA, and
BPSO are applied with hybridized EHO [7] for the Scheduled Routing Mechanism (SRM)
to design Scheduling Routing Algorithm for Localization (SRAL). To reduce delays and an
unnecessary long routing path, these hybrid schemes help by optimizing the route from
source to destination. Moreover, EHO can potentially be used for scheduling and routing
mechanisms, as it is a general optimization algorithm that can be applied to a wide range
of problems. However, the performance of EHO for scheduling and routing problems
specifically would depend on the specific problem and its fitness function and its error
value. Scheduling and routing problems typically involve finding the optimal order or
sequence of tasks or routes based on certain constraints and objectives [8]. These problems
can be formulated as optimization problems, and EHO can be used as an optimization
algorithm to find an optimal or near-optimal solution. All of the above techniques have
latency issues when only used for optimization [9] but the optimization with hybridization
of metaheuristic approaches such as EHO with GA, FA, LFA, BFA, and BPSO have enough
potential on those areas where the large-scale network needs to be tackled, such as an
underwater environment.

All of these algorithms are hybridized with EHO for particular tasks so that EHO-
BEFS is used for selection population update, EHO-BFA emphasizes the selection of the
best, EHO-GA is used for the selection of flight (routing) path, BFS-FA is used for select
positions, BFA-LFA is used to calculate directions (best selection), and BFA-BPSO provides
scheduled positions updated for beacon node localization. After that, the architecture of
scheduled beacon node broadcasting and fitness functions of metaheuristic techniques are
analyzed to identify the impact of scheduled /unscheduled nodes before going to extensive
simulation setup with state-of-the-art benchmark techniques. The proposed model, SRAL,
is finally compared with other competing schemes such as Range-based Directional Beacon
Forwarding (RDBF) [10], Energy Efficient Probabilistic Depth Based Routing (EEPDBR) [11],
Using Directional Beacon (UDB) routing [12], Three-Dimensional Underwater Localization
(3DUL) [13], Underwater Localization (UL) [14], and Range-free scheme based on Mobile
Beacon (RSMB) [15].
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The rest of this paper is structured as follows: Section 2 deals with related work
while Sections 3 and 4 discuss the system and proposed model. In Sections 5-10, the
hybridization of nature- and bio-inspired techniques is presented. Moreover, the beacon
node broadcasting is presented in Section 11 while simulation results are described in
Section 12. Finally, the conclusion is presented in Section 13.

Contributions
The core contributions of the proposed communication framework are as follows:

e  The proposed framework integrates multiple bio-inspired metaheuristic algorithms,
such as GA, FA, LFA, BFA, and BPSO, with optimization and hybridization of EHO.
This hybridization optimizes the scheduling of underwater nodes, resulting in signifi-
cant energy savings and improved network efficiency.

e  The framework is designed to enhance the Packet Delivery Ratio (PDR) by addressing
the limitations of existing routing protocols such as RDBF, EEPDBR, UDB, 3DUL, UL,
and RSMB, respectively. Through the strategic use of scheduled beacon nodes and
optimized routing processes, the proposed scheme outperfoms the prior protocols.

e  Results from extensive simulations indicate that the scheme performs well even with
an increased number of nodes (up to 700), maintaining stable performance with
minimal localization errors and optimized resource utilization. These results validate
the scheme’s effectiveness in managing network traffic, improving communication
efficiency, and ensuring reliable data delivery in large-scale underwater networks.

These contributions collectively address the core challenges of underwater communi-
cation, providing a highly efficient and reliable solution for managing the unique character-
istics of UASNs. The proposed scheme demonstrates potential for real-world applications,
particularly in scenarios where energy efficiency, accurate localization, and optimized
routing for data transmission are critical.

2. Related Work

Many traditional techniques are proposed to handle the issue of scheduling the beacon
nodes to some extent such as [10-15] but in fact no one takes the inspiration from Bio-
Inspired Algorithms (BIAs) particularly in the field of UASNs [6]. Energy-efficient, low-
latency scheduling has been addressed in the past, but they only aim to optimize traffic in
one direction (broadcast or converge cast). For tree-based networks, a prior study describes
the low-latency two-way beacon scheduling (LTBS) issue [16], where beacon nodes provide
broadcast and converge cast traffics. This scheme does not cover the localization error and
ignores the latency issue with adopting the two-way scheduling. Many techniques like
proportion of line-of-sight (LoS) beacon scheduling based on angle of information/arrival,
Time Difference of Arrival (TDoA) based scheduling, etc. [17] worked well in WSN5s
but failed underwater due to compatibility issues. For node scheduling, underwater
metaheuristic techniques are used to optimize the scheduling by introducing shiftable
nodes. The major reasons are due to dynamic topology, local work optima, link quality,
and support for multi-path options to reach the destination within the shortest time.

Sufficient research focuses on ensuring the successful operation of UASNs in chal-
lenging conditions, including application, transportation, network, medium access, syn-
chronization, and localization. This takes into account the difficulties caused by mobility
and energy limitations [18]. A conventional oceanographic technology known as “acoustic
based localization” uses either the Short Base Line (SBL) or Long Base Line acoustic-based
procedures (LBL) [19,20]. Due to the high complexity of the procedures, semi-centralized
and distributed localization strategies for UASNs must be developed. Article [21] reviewed
various range-based projection and localization phases in 3D-UASNs using Angle of Arrival
(AoA) conversion to 2D-UASNs optimization-based good localization ratio and coverage
while consuming less energy. Although using a wide array of beacon nodes increases the
computational complexity, it also reduces the energy consumption, but because there are
fewer unknown nodes, this approach may be used to locate more mobile nodes with less
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energy and less time expense than using a narrow array of beacon nodes. SOSNET (Smart
Ocean Underwater Sensor Network) [22] introduced adaptive node clustering techniques
that employ a moth flame optimizer (MFO) [23] for selecting the nearest optimal cluster.
MEFO is basically a bio-inspired technique that detects the movement of moths toward
light (it is the same as firefly tendency to move towards light). SOSNET-FMO [22,23] was
compared with other algorithms, including Grey Wolf Optimization (GWO) [24] and Ant
Colony Optimization (ACO) [25]. Transmission range, node density, and grid size are the
comparison parameters that show the MFO outperformed the other schemes. To enhance
the reliability of data transmission through a hybrid metaheuristic algorithm, GSLS was
performed in [26]. This algorithm integrates a Global Search Algorithm (GSA) and a Local
Search Algorithm (LSA). The GSA, inspired by the principles of Genetic Algorithms, and
the LSA, derived from scattered search techniques, function concurrently to effectively
explore the problem space. This approach not only reduces runtime but also improves the
quality of the path taken. An innovative multi-objective optimization (MOO) agent that
integrates Particle Swarm Grey Wolf Optimization (PSGWO) with inverse fuzzy ranking is
proposed in [27]. The enhanced PSGWO model was then employed to create a population-
and multi-criteria-based soft computing algorithm known as fuzzy PSGWO. Additionally,
the results indicate lower average values for the fitness function and demonstrate the
computational efficiency of the proposed algorithm.

In general, the GA [28] is a bio-inspired optimization technique that mimics the
process of natural selection. It uses operators such as selection, crossover, and mutation
to evolve a population of solutions towards an optimal solution. Hybridization of GA
with other algorithms can enhance convergence speed and solution quality by combining
exploration (global search) and exploitation (local refinement) capabilities. In the same
way, FA [29] is inspired by the flashing behavior of fireflies, where brighter fireflies attract
others. The brightness is associated with the fitness function, and the movement of less
bright fireflies toward brighter ones represents the search for optimal solutions. Similarly,
LFA [30] is a variation in the Firefly Algorithm that incorporates the Levy flight distribution,
allowing for more random, long-distance movements in the search space. This enhances
the exploration ability of FA, making it less likely to become trapped in local optima,
especially in complex optimization problems. Meanwhile, the BFA [31] is inspired by
the foraging behavior of E. coli bacteria, where bacteria “swim” or “tumble” in search
of nutrients (optimal solutions). It involves chemotaxis, reproduction, and elimination-
dispersal processes. Moreover, BPSO [32] is a variant of the Particle Swarm Optimization
(BPSO) adapted for binary search spaces. It is used for discrete optimization problems
where variables take binary values. Hybridizing BPSO with other metaheuristics like EHO
enhances the exploration of the solution space while maintaining robustness in finding
optimal or near-optimal solutions. EHO is a nature-inspired optimization algorithm based
on the social behavior of elephant herds. It uses clan updating and separating operators
to optimize solutions. When hybridized with algorithms like [28-32], the EHO [7] can enhance
the exploration—exploitation balance and improve global search capabilities, leading to faster and
more accurate convergence.

It is worth noting that each of these algorithms can be hybridized with Elephant
Herding Optimization (EHO) to combine the strengths of various approaches, leveraging
the global search capabilities of one method with the local refinement potential of another
for more effective optimization.

3. System Model

This section provides a solution to the identified problem in which beacon-based
broadcasting of node localization with scheduled underwater nodes is addressed, although
many schemes already exist for beacon-based broadcasting for node localization underwa-
ter without a scheduling mechanism [21-27]. The scenario of beacon broadcasting is when
a beacon node finds another volunteer node in the communication zone for localization to
include the action of data packet forwarding. There are multiple objectives, including the
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minimization of nodes broadcasting, accommodating a set of minimum neighboring nodes
with the maximum set of localized nodes, and priority-based scheduled beacon broadcast-
ing, for beacon node localization An effective method is provided to manage beacon nodes
for optimal broadcasting, with its objective function framed as a multi-objective scheduling
problem, where beacon node broadcasting is considered for two instances: (i) adaptive
beacon broadcasting and (ii) opportunistic beacon broadcasting modes. The mechanism
of Beacon Node Localization (BNL) [33] is also incorporated because it influences more
power scheduling with the help of metaheuristic Bio-Inspired Algorithms (BIAs) during
critical condition of unlocalized nodes. The BNL and scheduled BNL also help in reducing
the cost of nodes and energy during the broadcasting of nodes in a large scale of area such
as UASNSs.

The sonobuoys are assumed to locate and satisfy the initial node position that helps
to determine the other node locations through beacon nodes. These beacon nodes are
deployed usually on seabed (middle of the ocean) and set accordingly with respect to area
of interest. Beacon nodes include two-way motion which is diagonal (3D space) and vertical
to accommodate the number of nodes for its location [21]. Many responsibilities such as
running the beacon chain, synchronizing the beacon chain with peer nodes, and keeping
track of the nodes chain state are in line with beacon node localization [33]. The underwater
network is connected to the base station, which is further linked with sonobuoys. The
sonobuoys send classified messages to beacon nodes. Beacon nodes are either adaptive
or opportunistic for further broadcasting for scheduling (according to the defined fitness
function) which is taken from [34,35]. Under the concept of opportunistic broadcasting and
routing underwater, the proposed technique first locates the nearby node. The nodes that
are located first as the result of beacon-based broadcasting are called a ‘primary node’. The
primary nodes then locate further nodes associated as ‘secondary node’. Figure 1 presents
a quick description of the system model.

ﬁ AQQMA

Tropical Cyclone

Floods
Igenttfication

Figure 1. Conceptual overview of system model.

4. Proposed Model

Existing work regarding scheduled beacon node broadcasting in underwater network
provide the location using adaptive and opportunistic methods formulated under different
schemes such as Time of Arrival (ToA), Time Difference of Arrival (TDoA), and receiving
signal strength indicators without introducing the scheduled mechanism [17]. Additionally,
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many existing techniques offer linear algorithm control parameters, such as centroid and
range-based or range-free algorithms, to modify and expand the criteria of beacon-based
broadcasting. In GA, FA, LFA, BPSO, BES, BFA [28-32] algorithms also give ideas to use a
metaheuristic approach in TWNS and provide motivation for the application of UASNS.
To address these challenges, a range-free metaheuristic-based beacon node broadcasting
algorithm is proposed with the following key parameters, beacon frequency, transmission
power, and beacon interval, optimized in UASN algorithms to ensure network performance
while conserving energy. Algorithms can incorporate adaptive scheduling to adjust beacon
behavior based on node status, balancing accuracy, and energy efficiency. The proposed
method does not require the adjustment of algorithm-specific control parameters but the
control parameters like population size of control, fitness function, lifetime of the nodes,
and impact of scheduled beacon nodes need to be modified when and where required. The
scheduling of the beacon nodes problem, defined as a multi-objective scheduling problem,
is solved by the metaheuristic-based method. The goal of the multi-objective scheduling
issue is to optimize the data packet forwarding ratio while decreasing localization error,
false identification of beacon nodes, and shortest scheduled route for data forwarding.
Many metaheuristic-based approaches, like BFA, GA, FA, LFA, and BPSO [28-32] with
their hybridization of EHO, are implemented for computation analysis in order to calculate
the performance of the suggested method. The formulation of beacon-based broadcasting
and its parameter modification are discussed in detail in the next section.

4.1. Formulation of Objective Function

A Beacon-based Scheduled Routing Algorithm for Localization (SRAL) (either adap-
tive or opportunistic) requires the following information for optimal results: Node deploy-
ment order (ONP) which refers to the sequence in which nodes are deployed in a network.
Number of beacon nodes (B™it) which is the total number of beacon nodes in a network.
Broadcasting communication scenario (5°t) which refers to the conditions under which
broadcasting is conducted in a network. The criteria of beacon broadcasting (CB) are the
factors that determine when a beacon node will broadcast its information. The neighboring
list of primary nodes (LNF) is a list of all the primary nodes that are in close proximity to a
given primary node.

e Node deployment order (ONP);

Number of beacon nodes (Bit);
Broadcasting communication scenario (S<t);
Criteria of beacon broadcasting (CB);
Neighboring list of primary nodes (LNP).

For optimal node scheduling problems, the metaheuristic algorithms have their own
characteristics, therefore the objective functions are split into two cases. The primary goal is
to optimize energy efficiency, cost-effectiveness, and network overhead while maximizing
trust, security, and the lifetime of the network with the help of simulation models in which
nodes are randomly distributed as shown in Equation (1) as follows:

|CB]

Obj*(N) = MinyY_ ( L(Ff(N.E) x BU{(N.E) + S°Y(N.E) + *,; (UID(N.E)x
EUP(NE) + ¥/ N (UIDIN(NE) x EVP(P)) + YN (UNIN(NLE) x EVP (P)+ 1)

Zlfill)\ (ND(N.E) x ENP(NLE)) + ZLB:I\im(BNBB”"”+S+CB+E+LNP+UD+ND(N.E) « EBNB
(N.E)))

where |UIDI, I1UD/, IB™it| |LNP|,and INDI are the coordinates of UID (Un-identified
Nodes ID), UD (Identified Nodes), B, LN¥, and ND, respectively.

1, If the nth node dispatch LNp is turn ON

unit _ _
B"™(N.E) = [x| = {o, If the nth node dispatch LNp is turn OFF @
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where ‘E’ is taken as each associated node energy at any given time ‘t’; B"™ (N.E) is the nth
beacon neighboring node while F}? is total fitness function cost; St is the scenario cost, and
CB is the denoted criteria parameter of beacon broadcasting that are usually common in all
types of data scenarios which are taken from [36]. UID is the unidentified node while UD is
the identified; ND is the node deployment order (layer-by-layer scenario is adopted); and
NLF is the neighboring list of nodes which are primary. In order to decide the number of

sub-units of BNB Equation (3) works, in such a way that, the E(N B”n”), E(NND), E(NYID),
E(N ub ), and E(N LN P) are the cost evaluation of B™it, ND, UID, UD, and LN, respectively.

The beacon node generation function is given in Equation (3) as follows:

F§ (NE) = Fa(N) + Fy(N) + EPNB(N) + FEND(N) < (FENP(N)1)? 3)

The startup function cost is given in Equation (4) that helps to initiate the process of
broadcasting as follows:

SSOSYNLE) = {5, if B™MY(N.E) — BN, t — 1) = 1, 0 otherwise} (4)

where S is the initial startup cost. In case II (opportunistic beacon broadcasting), the
maximum node broadcast is obtained from the localization revenue by sub-structuring
the production cost of the scenario, and consequently the operation and energy costs are
minimized. Thus, the objective function is split into Ob ]f and Ob ]5 as demonstrated in
Equations (5) and (6).

Obj¢ (N) = miny]_, (G(t) x E(t) + ch 1 (FF(N.E)) x x BUNH(NLE) + S°Ot(NLE) +

Y (UID(NE) x BYP(N.E)) + £V (UIDIN (N.E) x BV (P)) 4 U2 (UNWN, (NE))  (B)
+EUD(P) ‘ND‘ J(ND(N.E)) x ENP(NLE) + ©XNE (BNB(N.B) x EPNB(N.E)))

where, given t, G,(t) is the total generation cost of beacon node operation and ELoc(t)
denotes the total cost of localization in G,y (t). Meanwhile, all other related parameters
must be greater than zero as ELoc(t) > 0.

ObS (8) = maxTl_; (~Gaa (1) x EOS(t) + £ (F5(n, £)xBU™ (n, 1) + 8% (n, 1)+
Y% (UID(n, 1) x VP (n, 1)) + T (UID™N (n,t) x EVP(P)) + TU2N(UNWN, (n,1)) + EWP(P)  (6)
+XNPUND(n, £)) x END (n,t) + YBVB (BNB(n.t) x EBNB(n.t)))

where Objlc and Objg are objective functions of case II. At any given time, ‘t’ G, (t) is the
total generator cost of allocated nodes as beacon nodes. The negative sign of Gg,y (t), the
deallocating cost, should be less than the G (t) cost. The generation cost at any time, ‘t’, to
the beacon node must be less than zero as P2 (t) < 0.

4.2. Formulation of Multi-Objective Scheduling Problem
The diversion of the objective function from adaptive and opportunistic modes is for-
mulated for a multi-objective problem by keeping the capacity of beacon node broadcasting
and data packet exchange, which is discussed in Equation (7).
EPmln ( ) EII:E{,ZCOH( ) < Epmax ( ) (7)

beacon beacon

where E}: ;;’égn (t) and Ef e (t) are the maximum and minimum position exchange Eb cacon D)
The value of E}_ (t) can be as large as possible at any given time, ‘t". The net position
exchange, EF  (t), with generation of allocated and deallocated cost of beacon node is

computed as in Equation (8) to Equation (11).

Eheacon( ) Gall(t) - Gdel(t> (8)
EN () < EF(t) < Enfe(t) ©)
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where Ei{n (t) and E,I;Z{,x(t) are maximum and minimum function F¥ (t).
EF(t) = {EFf(t) > 0, if not allocated,
EF(t) < 0, if allocated,
EF(t) = 0, if empty (10)
Epin' (£) <EON(t) < Epgd! (1) (11)

where E fn?nN (t) and E;ON(t) are the minimum and maximum state of node (SoN) ESON(t)
which is further computed from Equation (12).

EFf(t) x ESON(t)

ESON (t + 1) _ ESON(t) . Bunit(t) SSON

(12)

where at any given time, ‘t’, EF{(t) is the total function efficiency and 6"/ is the related
positioning exchange capacity as described in Equation (13).

23;1 EUB (t) + ZtE:Fj; (n/ t) — E{;l:’;ﬂSt (t) _ EBunit(t) _ ELNP (t) _ EGaH(t) _ EGdel(t) (13)
where at any given time ‘t’ Ei;;r;m(t) is the forecast load demand. Equation (13) presents
the demand and supply of beacon node to balance equation.

The opportunistic based allocated demand from UD and unallocated node from UID
area are discussed. SRAL adoption and its memory with On\Off station of dispatched LN"
as per Equation (2) and determine which LNY is ON.

If the LN¥ for beacon nodes are dispatched, then it is turned On. If the allocated
node is less than the deallocated node, the F F (fitness function) [37] starts working to
explore other criteria options for CB. Otherwise, it again starts to continue allocating more
nodes as required. This study considered SON of beacon if the allocated or deallocated
nodes are empty. This process continues until the F F does not stop to explore other nodes.

For the B4t operation, it directly depends upon the neighboring list of primary nodes.
For the FJE, it depends upon the sub-structuring of all related beacon nodes to meet the
allocated criteria. In our scenario, two cases are considered as the F]‘S is directly applied

to all neighboring nodes or only applied when a node is sent through a proper channel
as described in Objf and Objg3 , respectively. The symbols used in equations and their
acronyms are listed in Table 1.

Table 1. Acronyms and their meanings.

Acronyms Meanings

(OND) Node Deployment Order

(Bunity Number of Beacon Nodes

(Seost) Broadcasting Communication Scenario
(CB) Criteria of Beacon Broadcasting
(LNP) Neighboring List of Primary Nodes
(ND) Node Deployment

E(Bunit) Cost Analysis Is Counts As

EVID Cost of Un-Identified Nodes ID

Fjﬁ Cost of Fitness Function

BNB Beacon Node Broadcasting

Geost Initial Startup Cost
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Table 1. Cont.

Acronyms Meanings

Eloc Energy For Localization

Gan () Total Generation Cost of Beacon Node Operation
ELoc(t) The Total Cost of Localization In Result of G4;(T).
Ggel(b) Total De-Allocation Cost f Beacon Node Operation

5. Nature- and Bio-Inspired Metaheuristic Algorithm Optimization for Scheduled
Routing Mechanism

The fact that nature presents a variety of incredibly amazing, dynamic, resilient,
sophisticated, and intriguing phenomena makes it a tremendous source of inspiration
for figuring out how to simplify complex issues in computer science. The greatest and
most ideal solutions, inspired by nature, are always found while monitoring and balancing
exploitation and investigation. The basic idea behind bio/nature-inspired computing
systems is that they are metaheuristic in nature, which is why a lot of studies have been
focused in this field. It is important to expand the horizons of the research of bio/nature-
inspired algorithms for exploring new areas of applications with greater prospects in
computing is still young and the outcomes are spectacular. In underwater communication
networks, multiple optimization algorithms are combined to improve the performance of
the routing path. The specific algorithms that can be used in the hybrid approach include
GA, BFA, FA, LFA, and BPSO with optimization of EHO for scheduled routing. In this
research, five hybrid schemes are proposed. Modern GA, BFA, FA, LFA, and BPSO are
applied with hybridized EHO for the Scheduled Routing Mechanism (SRM) to design SRAL.
To reduce delays and unnecessary long routing paths, these hybrid schemes help with the
optimization of the route from source to destination. Moreover, EHO can potentially be
used for scheduling and routing mechanisms, as it is a general optimization algorithm
that can be applied to a wide range of problems. However, the performance of EHO for
scheduling and routing problems specifically would depend on the specific problem and
the implementation of the algorithm. Scheduling and routing problems typically involve
finding the optimal order or sequence of tasks or routes based on certain constraints and
objectives. These problems can be formulated as optimization problems, and EHO can be
used as an optimization algorithm to find an optimal or near-optimal solution. It is also
worth noting that there are other optimization algorithms that are specifically designed
for scheduling and routing problems, such as Ant Colony Optimization (ACO) and Tabu
Search (TS) [38]. These algorithms have been well studied for their performance on a variety
of scheduling and routing problems. The quick short description and output function of
each scheme are discussed below. GA is a widely used optimization algorithm that is
inspired by the process of natural selection. In the context of SRM, GA can be used to
generate a diverse set of routing schedules and find the optimal schedule that minimizes
the energy consumption while satisfying the constraints of the network. The BFA is a
bio-inspired optimization algorithm that is inspired by the foraging behavior of bacteria. It
has been proposed as a solution to the problem of scheduling and routing in underwater
sensor networks. The algorithm mimics the foraging behavior of bacteria by dividing the
network into several clusters, each led by a ‘leader’ node that is responsible for coordinating
the activities of the other nodes in the cluster. The leader nodes then communicate with
each other to exchange information about the network’s state and to determine the best
routes for data transmission. The BFA has been shown to be effective in reducing energy
consumption and increasing network lifetime in underwater sensor networks by using the
natural behavior of bacteria as inspiration to solve routing and scheduling problems. FA is
a population-based optimization algorithm inspired by the flashing behavior of fireflies. FA
uses the attraction and brightness of the fireflies to guide the search process. In the context
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of SRM, FA can be used to find the optimal schedule that minimizes energy consumption
while satisfying the constraints of the network.

The latest version of FA is Levy Firefly Algorithm (LFA) which uses light intensity
as a measure of firefly attractiveness to update the traditional function of FA. In the case
of scheduling and routing in UASNs, a BFA can be used to optimize the selection of the
beacon nodes, schedule data transmissions, and adapt to changing network conditions. The
algorithm can be integrated into the beacon routing protocol to optimize the selection of
the beacon nodes, which are responsible for transmitting the network’s control information,
and to optimize the schedule of data transmissions. BPSO is a variant of the Particle Swarm
Optimization (PSO) algorithm that is specifically designed to handle binary variables.
In the context of SRM, BPSO can be used to find the optimal schedule that minimizes
energy consumption while satisfying the constraints of the network and the hop-by-hop
addressing based routing mechanism [39].

In a hybrid approach, the strengths of multiple optimization algorithms are combined
to improve the performance of the SRM. For example, GA can be used to provide a diverse
population of solutions, while BFA can be used for its ability to handle binary variables.
Similarly, FA and LFA can be used for their ability to handle multi-modal optimization
problems and EHO and BPSO can be used for their ability to handle optimization problems
with discrete and binary variables, respectively.

It is important to note that hybridization is not a magic solution, and the performance
of hybrid algorithms depends on the problem at hand and the way the algorithms are
combined. It is also important to note that an appropriate selection method chooses the best
algorithm for the current iteration. The simulation is conducted based on inline scheduled
algorithms for underwater nodes. The SRM evaluated the output of the five hybrid
algorithms and selected the best one for underwater node broadcasting for forwarding the
data packets. It is assumed that all hybrid algorithms underwater node time intervals are
equivalent. The simulation was conducted for 700 nodes by using different parameters.

6. Hybridization of Elephant Herding Optimization

Elephants are very sociable creatures, and they prefer to herd together and adhere to
herding customs. Elephants that live in herds in the form of clans are collectively governed
by a female known as the matriarch, who is typically the leader of all elephants living in
the herd at the time. The matriarch oversees upholding the clan’s herding customs while
the males live apart and use low-frequency vibration to stay connected to their primary
family group, the female and the calves dwell in the main family group. The group taps
with their feet to create the vibrations. When they reach adulthood, the male calves are
compelled to join the other males and are removed from the main family group. As a result,
the two aspects of elephant herding, creating clans and separating the males from the main
family group, are crucial. To implement the suggested scheme like SRM, the two phases of
the elephant herding rules are combined with GA, FA, LFA, BES, BFA, and BPSO in this
study. First, a problem’s population is divided into sub-populations (clans), and then the
worst elements, typically nodes that are not scheduled, are either eliminated from the clans
or the best elements are chosen. The best element (matriarch) in a clan influences changes
to the clan’s elements (location of underwater nodes). Equation (14) is used by the clan’s
elephant, designated “E”, to update its location.

Pnew,cluni,E = Pclani,E + ,B X (Pclanhest,E - Pclzmi,E) X w (14)

where Py,oy c1ani £ is the updated position of the elephant from the clan, ‘i". Py, g is the old
position of the elephant, E. The best position of the matriarch which is the fitness in clans
is Pejanpest, e While B is the influence of the matriarch with [0, 1]. ‘w” is used for uniform
distribution with range of [0, 1]. In the simulation, the random function is used to generate
‘8" and ‘w’. The BFA is a metaheuristic optimization algorithm that is inspired by the
foraging behavior of bacteria hybridized with EHO. The algorithm simulates the behavior
of bacteria searching for food in a specific area. In the BFA, each bacteria represents a
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solution to the optimization problem and the flock of bacteria represents the population
of solutions. The bacteria move in the search space following the foraging behavior of
bacteria. The time complexity of the BFA depends on several factors, for example, the size
of the search space, the number of bacteria in the flock, and the number of iterations. In
general, the time complexity of the BFS algorithm is ‘O (n*T)” where ‘n’ is the number of
variables and “T” is the number of iterations. If the elephant ‘E’ from the clan is best, then
the matriarch is updated as per Equation (15). Furthermore, the hybridization of EHO with
the BFA is discussed in Algorithms 1 and 2, respectively.

Pnew,clani,E =790 X Pclancentre,E (15)

When ‘v’ is the factor of [0, 1] to determine the influence of the central elephant of the
clan Pnew,clﬂni,E-

Algorithm 1. Hybridization of EHO-BFS: Scheduling Population Update

1. for Egglg‘con(t) = 1: P class (for all bacteria (underwater nodes)do

2. for Esg‘géon(t) = 1: 8" class (all bacteria (underwater nodes) in the nest)do
3 Update E{;acon and Esmam and generate

4 Egg‘;zon(t) , Egg’;éon(t)using Equations (7) and (8)

5. if Eln(t) 2 Egluion () then

6 Update Ef, . (t)and fix the E;fin(t) and Ei{ax(t) Equation (9)

7 end if

8 end for

9. end for

Algorithm 2. Hybridization of EHO-BFS: Selection Best

1. forEl ..(tyand Ej,  (t)=1: P, S group of birds
2. (nodes) do

3 Find the best pair using Equation (10)

4. if EL (), Enfax(t) >0

5 Update and choose the pair using Equation (11)

6 end if

7. end for

The divide and conquer principle can improve the performance of an algorithm by
reducing its runtime. To optimize the execution of the hybrid SRM for underwater nodes,
the EHO algorithm can be combined with other metaheuristic techniques like GA, FA, BFA,
and BPSO. Updating the clans about matriarchs can also be incorporated as part of the
EHO process to further reduce runtime and complexity while still obtaining an optimal
solution from the population. To incorporate the necessary components of SRM-EHO, the
other hybrid algorithm is further broken into detailed sections in the next section.

7. Hybridization of EHO-BFS: Genetic Algorithm

GA is an algorithm inspired by natural selection in biology [28]. The genetic properties
of an element are changed through the evolutionary processes of crossover and mutation.
The population is generated at random, and elements are chosen using a fitness function,
with the best element serving as the ‘parents’ for genetic crossover and mutation to produce
the next population. The early stages of GA are used in the proposed hybrid SRM-GA to
establish and evaluate the population for element positioning. The initial stage of EHO
receives input from the examined population. The population of size ‘n” produces the ‘w’
number of clans. Each clan’s population is updated and mutated accordingly. Each clan’s
element is updated under the guidance of the matriarch. Furthermore, the hybridization
of BFS with GA as BFS-GA is discussed in Algorithms 3 and 4, respectively. If an element
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is superior to the matriarch, it eliminates the matriarch population. The second phase
involves eliminating the least suitable parts, leaving just the finest ones. On the updated
population, GA’s crossover and mutation operations are put into practice. This procedure
continues until the right (best) answer is found. The effect of the GA stages on the updated
EHO population optimizes the time complexity and offers a productive remedy. The
time complexity of the proposed hybrid GA depends on the total population ‘n” and the
number of clans ‘w’ (sub-population). In the proposed system, the complexity of SRC-GA
is 0(n x w), where n # w and the size of the population n > size of clan d.

Algorithm 3. Hybrid of BFS-GA: Selection of Flight (Routing) Path

1. Initialize the population ‘n’

2 fori=1:ndo

3 Evaluate the population

4 end for

5. Initialize the flight path XTAter+1 — rd A

6. Sub — population of size X5 of d, size = %

7. While Max Generate do

8 Generate the new population using Algorithm 1

9. fori=1:w, For number of flight paths of actreai do

10. forj=1:d, for all bactreia in follar, do
11. Evaluate jth bacteria in flight path

12. end for

13. end for

14. Clf = Converger evaluated folts

15. Evaluate Fitness of population (Uf)

16. end while

17.  LBP = Produce list of best position

18. CLBP = Calculate cost of list best position (scheduled position)
19. Update best position Algorithm 2 from Uf

20. Conv = Converge (Un) and (LBP)

21. for k =1: Inter Nodes; For all interraptible do

22. for m = 1 : position; for all positions for a day
23. for k™ Inter Node do

24. Cross Over(Conv|[m], rand(CLBP)
25. end for

26. end for

27. end for

Algorithm 4. Hybrid of BFS-FA: Selection of Positions

1.

Initialize the objective function Qq, Qz, Qs ,and Qq with its parametres and modified parametrs
Calculate the objective function cost f(x) = (Q1, Q2, Q3,... ,Qrw.r.t time

Generate initial population of firefly X; (i=1,2,... ,n)

I; for the X; is determined by f(x;)

Calculate the B; from I; is determined by f(x;)

Coef ficient of light absorption is defined ()

7 Divide the firefly population of f equal sub population of (f folks, clans)

8. Update (UC;) folks , clans using Algorithm 1 and converge the updated clans of firefly
9. LBP = Find the list of best postion using Algorithm 2

10. while f < Max Generation do

11. fori=1:mn, all n fireflies (UC.)do

ook W N

12. forj=1:iall‘n' fireflies do
13. if (I; > J;) move i towards j then
14. Distance ‘v’ varies the attractiveness

15. Find the new solution and update the light intensity f(x;)
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16. endif

19. Idx = Find current beat and store in an index
20. Cldx = Calculate the cout for(Idx)

21. Mbp = Mega beat porition (BPs) and (Idx)
22. fork =1":length (Nbe,mn > Avgp’s>do
23. for Nyeacon Hodes greater than the average distance
24. primary and secendory nodes rating Avg, .

25. form =1:BT forlengthof (BT)

26. for kth firefly in a folks/clans do

27. do while

28. Select location from (Mbp)(priority)minors

29. cost (Cldx)

30. end for

31. end for

32.end while

8. Hybridization of EHO-FA: Firefly Algorithm

FA is a flashing pattern-influenced algorithm that draws inspiration from nature.
Flashes are used for a variety of things, mostly to attract new partners and for defense.
High, brilliant fireflies warn off attackers and promote dominance. Distance has an inverse
relationship with luminous intensity, which makes it changeable. The population is updated
in the proposed hybrid algorithm utilizing the EHO and GA sub-steps, where population
input is performed by Algorithms 1 and 2 in FA. In Algorithm 4, the steps for hybridized
FA are described. FA generates the initial population, which EHO updates in two phases.
Each sub-population of the population is referred to as a ‘clan’. Each clan has an ideal
member who is known as the matriarch. A portion of the ‘w’ clans is supplied to the
current FA. The worst aspect in each clan is eliminated in the second installment of EHO
and GA, leaving just the greatest element, after it, the related best places are combined. The
original population is separated into sub-populations throughout Algorithm 4’s phases
and updated using Algorithm 1. Using Algorithm 2, the best sub-population component
is chosen. The pieces that do not fit are all removed. The best elements are kept with
their costs in a list, which is often a routing table. The list is combined with the top
element produced by Algorithm 2, and a new population is created. The shiftable nodes
in the final phase of EHO-FA have a lower fitness function rating than the submerged
nodes, including beacon nodes. Every node is replaced with the least expensive location
(already determined). The time complexity of EHO-FA depends on BP which is found
using Algorithm 2 and the total updated population ‘n’. However, BP # n and the time
complexity of proposed hybridized FA is 6(BP x n). Furthermore, the hybridization of
BFS-FA is discussed in Algorithms 4 and 5, respectively.

Algorithm 5. Hybrid of BFA-FA: Calculate Direction (Best Positions)

1. Initialize all ‘b’ population
2. fori=1:bdo

3 Fitness evaluation of each Bacterium b;
4. end for

5. while Max Generation do
6. forj=1:bdo

7 Discard and introduce new for un fit

8 end for

9. fork=1:bdo

10. Calculate fitness and tumble in random direction [—1, 1]
11. Calculating new direction (positions)

12.  Evaluate the fitness for new position
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13. if Last Fitness < Current then

14. Replace Last Fitness with Current position

15. F/N

16. random direction (new position)

17. endif

18. Evaluate fitness for new position selected best position
19. end for

20. LbP = Return list of best position

21. CbP = Calculate cost of list best position (Clans)
22. Update each clan using Algorithm 1

23. FbP = Find best position using Algorithm 2

24. LFbP = Converge (LbP) and (FbP)

25. fork =1:length (Npegcon > Avg,, ) do

26. for Nygacon greater than average energy rating Avgy.. on

27. forb=1:BT: forlengthof (BT) for k' for, do

28. Select position from (LFbP) prefer (priorty) minimum at (CbP)
29. end for

30. end for

31.end while

9. Hybridization of EHO-BFA: Bacterial Foraging Algorithm

The E. coli bacterium species’ behavior when looking for food served as the model for
the BFA. The bacteria look for food in the surroundings while it is foraging. The neighbors
are informed when plentiful food is found. The educated bacteria swarm towards the
direction of food. The following swarm behaviors are seen throughout this process.

The meal is covered in bacteria;

Chemotaxis motion help a bacteria identify food in their environment (tumble and swimming);
The bacterium with insufficient nourishment perishes and vanishes;

Bacteria that successfully proliferate and live reach the food. Additionally, they entice
others by creating chemicals.

In the quest for new food sources, the germs disperse once more. The fitness of ran-
domly chosen bacteria is assessed once the population has been initiated in the EHO-BFA.
The BFA process is then used, which involves removing unhealthy bacteria, conducting
a tumble, and swimming toward the food supply. With every instance of tumbles or
swimming, the bacteria move either closer to the food or farther away from it. Every step
in the water or during a tumble updates the population. The procedures are carried out for
the entire population, returning a list of the top bacteria. The population on the list is brand
new and is broken up into ‘w” sub-populations or clans. Algorithm 1 is used to update the
sub-populations. The upgrade is carried out with the help of the matriarch (local best). When
another ingredient proves to be more suitable than the matriarch, the matriarch is updated. Each
clan is updated, and Algorithm 2 only preserves the best components while eliminating the
remainder of the undesirable components from the population. Each clan’s result is combined
to create a new list, and the cost of the items on the new list is determined. The nodes that have
the closer position towards the sink are placed into less expensive time slots. As a result, nodes
are placed in the optimal locations. The EHO-BFA stages are listed in Algorithm 5. For the
number of nodes with an energy status larger than the average energy of all shiftable nodes, the
temporal complexity of the proposed EHO-BFA is (length (NBeacons > AvgPr)). Hence, the
complexity of EHO-BFA is O(length(NBeacons > AvgPr) x BP).

Due to their conceptual similarities, BFA and FA’s scheduling habits are comparable.
Due to the allure of the dominating components, scheduling behavior in the proposed
EHO-BFA, and EHO-FA is comparable. It is possible to use a hybrid of BFA and FA for
scheduling and routing mechanisms in underwater environments, as both algorithms are
general-purpose optimization algorithms that can be applied to a wide range of problems.



Mathematics 2024, 12, 3447

15 of 29

Scheduling and routing problems in underwater environments typically involve finding
the optimal order or sequence of tasks or routes based on certain constraints and objectives.
These problems can be formulated as optimization problems, and a hybrid of BFA and FA
can be used as an optimization algorithm to find an optimal or near-optimal solution.

10. Hybridization of EHO-BPSO: Binary Particle Swarm Optimization

PSO has the capacity to be upgraded for a particular circumstance to offer effective
answers. The PSO-based binary discrete search space is referred to as BPSO [32]. By
requiring the velocity to be either 0 or 1 rather than between 0 and 1, the logical properties
of the PSO and BPSO are not altered. The population in the proposed EHO-BPSO is
initialized. Each particle’s fitness is assessed. By comparing each particle with the one
that is now fitted, the population is updated. This provides a list of the most recent (best)
particles found using BPSO and each particle’s price is computed for the list.

Using Algorithm 1, the list is divided into ‘w” sub-populations or clans and updated
for each of them. The update is carried out while being influenced by the ‘matriarch’
(best in the clan). The particle transforms into a matriarch if its value exceeds that of
the matriarch. Using Algorithm 2, the best components are chosen from each clan. All
clans’ offspring are combined. Furthermore, the hybridization of EHO with BFA-BPSO is
discussed in Algorithm 6.

A cost-effective solution is offered by this hybridized algorithm. The runtime is
unaffected because the update and population evaluation are carried out independently.
However, the time complexity of the proposed algorithm is influenced by the number
of beacon nodes, which possess higher energy levels compared to the average energy
across all available beacon nodes (NBeacons > AvgPr) and their BT. The time complexity of
proposed EHO-BPSO is O (length (NBeacons > AvgPr) x BT).

Algorithm 6. Hybrid of BFA-BPSO: Scheduled Positions Updated
START

1 Initialize all ‘T’ particles with their dimensions

2 while Max Generation do

3 fori=1:Tdo

4 Evaluate fitness values for each particle T;
5. if T; particle is better than fitness value then
6 Set current particle as BEST

7 endif

8. end for

9. fori=1:mselect global BEST from all switch do
10. Update variety of particle (between 0 — 1)

11. Update position of particles

12. end for

13. end while

14. RLuy = Return list of updated position of particles

15. CLuy = Calculate cost of (RLuy)

16. Divide list (RLuy)into'n’equal sub population (clans)

17.  Update each clan using Algorithm 1

18. Find Best position using Algorithm 2

19. BP = Find best position using Algorithm 2

20. LBP = Find best position using Algorithm 3

21. UC. = Find best updated scheduling UC. using Algorithm 4
22. fork =1:length (Nycheduieq > Avgpr)underwater nodes
23. Niceq with best scheduled positions and rating

24. Avgpr do

25.  form =1:BT; forlength of Burst Time (BT)

26.  for k' foradaydo

27. Select position for Cp minimum scheduled
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28. cost (Lup)
29. end for

30. end for

31. END

11. Scheduled Beacon-Based Node Broadcasting

The proposed architecture for Beacon Node Broadcasting is presented in Figure 2. It
has been demonstrated that the SRM-BNB method, which is a metaheuristic intelligence-
based approach, offers the best scheduling for limited situations and unscheduled nodes. It
is recognized that certain control parameters for optimization-based algorithms might affect
them. Every algorithm has its own set of parameters, and the performance is governed by
the correct setting of the control parameters. By avoiding a poorer option, the employment
of the Bacteria Foraging Search (BFS) and its BFA with the BNB algorithm, which is
influenced by metaheuristic, ensures that the solution to be determined does not depart
from the optimum solution. It also has a single phase, making it simple to implement.

Let ‘h(x)" be the objective function that is minimized at any iteration ‘t’. Suppose that
there are ‘n” decision variables (i.e.,j=1, 2, .. .n) in the jth variable, Vj value is obtained for
the 1" individual performing the 1" iteration. For our case, the modified value is obtained
with Equation (16) as follows:

‘h(x) = V/j,t,l+V',t,1 + Vl,t,l(Vj,ideal,t - |Vj,t,1 ) — Vz,jl(Vj,worst,t - |V',It| 1 (16)

where V’ jt1 is the updated value of Vi) and Vy). V) is in the range [0, 1]. The term
Vijl (Vjideart - I'Vj, 111 1) indicates the tendency of the solution to move closer to the ideal
solution. The term V3 1(Vjworstt — | Vjy1+ 1) indicates the tendency of the solution to avoid
the worst solution. Vj, 1 is accepted for a better function value at the end of the iteration
that is used as the input to the subsequent iteration. The several functions described above
are considered to determine how the suggested model works. Here, the value of ‘x” that
minimizes the multi-objective function is sought for. The stages that make up the suggested
model are as follows:

Step 1: Obtain the beacon node generating individual dispatchable B™, the G,;; and
Ggal, load, while ‘P’ is taken as 30 individuals” solution to exchange the position, and
100 iterations are used as the stopping criteria.

Step 2: Use the upper and lower limits to generate the starting population at random
within the range value that corresponds to h(x). A counter is set to the maximum iteration
after the population generation.

Step 3: Run the first beacon node dispatch without the BNB, then use Equations (1) and (5),
respectively, to obtain the objective function that has to be reduced for the adoptive and
opportunistic nodes.

Step 4: At the conclusion of each iteration, update the population based on the fitness
function comparison. In the event that the answer makes the goal constraint clear, be
sure to perform the local search. Implement a strategy to keep and add variety to the
population. Additionally, if the new solution provides a higher objective value, a global
solution is obtained.

Step 5: Convert the adoptive population to a binary representation that is indicated by the
on/off value of a dispatchable BU™,

Step 6: For each iteration, run the BNB method for each person and calculate their related
objective value.

Step 7: The energy scenario and turn on the dispatchable standby node if it is empty.
Otherwise, turn off the dispatchable node.

Step 8: A control signal is transmitted to another dispatchable node and memory, and the
routing table is modified by BNB if the load demand of UID at a specific time ‘t" is high.



Mathematics 2024, 12, 3447

17 of 29

IS Load
< threshold

Step 9: To obtain the best and worst solution, adjust the solution in accordance with
Equation (16), and then carry out the dispatch after taking the updated solution into
consideration. Then, find the objective value for each solution and accept it. If the ideal
answer is offered, the termination will be carried out step by step.
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Figure 2. The proposed architecture for Beacon Node Broadcasting.

11.1. Comparative Analysis of Metaheuristic Approaches for Fitness Function

A fitness function is a mathematical function used in optimization algorithms (GA,
BFA, BFS, FA, LFA, BPSO) to evaluate the quality or suitability of a potential solution or
candidate solution. The fitness function assigns a fitness score to each candidate node,
which indicates how well the solution solves the problem at hand. The goal of the optimiza-
tion algorithm is to find the candidate solution with the highest fitness score. The fitness
function plays a crucial role in the optimization process as it directly influences the quality
of the solutions generated by the algorithm [37].

By evaluating the fitness of candidate solutions, the optimization algorithm is able to
generate new solutions that are progressively better in terms of the specific problem being
solved. A well-designed fitness function can help the optimization algorithm converge
faster and find higher quality solutions. Therefore, the separation and minimization of
UIDn are formulated in Equation (17) as follows:

0, = min(um}f - LIIDn) 17)

where UIDnB is the total un-identified beacon nodes that are calculated using Equation (18)
and Equation (19), respectively.

El=Y"" BRI Uy xG (18)

B
Ell= Yy BRI -U, (19)

where E!%! represents the aggregated total cost of the network during the process of select-

ing and separating out the reliable beacon nodes (BRel). “Un’ represents the aggregated
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value of the total unknown nodes inside the network. Meanwhile, y= 1, 0 and selecting
and unselecting B" (trusted beacon node) from ‘B’ beacon nodes.

This feature aids in the discovery of the best explanation. From ‘Ff’, choose the fitness
criteria via list F]fop to avoid the unnecessary selection and saturation of beacon nodes in
Equation (20) to Equation (25).

Fs=min (F,,,) (20)

Meanwhile, Frlfop is calculated using Equation (5) as follows:

B < BC}S" < By if In=0

h — b
Fron= 5y, < E(Bfit) < Bpsif Iy=1 D
Biy= Sum (BCheae x B! ) —std (E(BCyis') ) 22)
Bip= stdE(BCy.S" )+ x min(E(BC,is!) ) (23)
Bj; = mean(E(BCp8") (24)
Locs Locgegh(Bll) — min (ListiLnotCB) (Bip) )

max Locgegh (Bj3) — min (List}f‘ch) (Bpp)

The ‘n’ value is determined to minimize costs by selecting beacon-enabled neighboring
nodes as a by-product of the interaction between the beacon node and its neighboring
nodes. The reason for taking 1 = 2 and the location of the beacon are considered as per
setV1e {2,3,4,...} for every value of the beacon node and its corresponding location.
Intentionally, we start from 1 = 2 because the first beacon node must be selected and
considered as an anchor node to start the process; therefore, n = 2 for the localized BC
and the limited criteria Bly, Bly, and Bl3, respectively. While the limitation of the total
beacon limit (Bl;) and its related standard deviation (Bl;) with its mean value of (Bl3) can
be calculated using Equation (20) to Equation (25), respectively. Therefore, the distribution
of localization can be carried out using Equation (25), where Locp (localization of beacon
nodes) is calculated from Equation (25). Meanwhile, all analyses of fitness functions are
observed in Figures 3-5, respectively.
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Figure 3. (a) Comparative analysis of fitness function and fitness error value for 100 iterations;
(b) results for 200 iterations.
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Figure 4. (a) Comparative analysis of fitness function and fitness error value for 200 iterations;
(b) results for 300 iterations.
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Figure 5. (a) Comparative analysis of fitness function and fitness error value for 300 iterations;
(b) results for 400 iterations.

11.2. Performance Evaluation of Metaheuristic Technigues

Population-based metaheuristic algorithms are suitable for global searches because
they can explore the entire search space and make use of local resources. However, tradi-
tional optimization algorithms such as dynamic programming, backtracking, and branch-
and-bound may not be effective in solving complex and non-linear optimization problems.
Exhaustive search is not feasible in these cases due to the exponential growth of the search
space. The BFA is modeled after the behavior of bacteria defending their territory by
following directional cues to reduce the search area to the target location with respect to
their fitness function and error values.

The fitness error value indicates how far a candidate solution is from the optimal
solution in the search space. It is the difference between the computed fitness value and
the best-known or ideal fitness value. In bio-inspired or metaheuristic algorithms, the
fitness function serves as an objective criterion to measure the “quality” of a solution.
The fitness error value represents the difference between the current solution’s fitness
value and the best or optimal solution’s fitness value. From Figure 3a,b, the function
evaluation and fitness error value are compared with the approximate of between 0 (min.)
and 1 (max) coordinate.

The comparison across the algorithms (GA, BFS, FA, ABC, CS, BPSO, BFA) in plot
(a) reveals that BFS is the most efficient algorithm in terms of quickly reaching the lowest
fitness error value. The other algorithms, FA and ABC, converge slower, indicating less
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optimal performance for this function. The different parameter configurations (e.g., N = 10,
N = 30) influence the convergence rate of the fitness error values. Smaller configurations
(e.g., N = 10) converge faster initially, but larger configurations like N = 150 or N = 200 take
longer to improve the solution.

Similarly, beacon nodes perform a similar function by broadcasting their signals in a
specific direction to reduce the search area for non-beacon nodes. Both BFS and BNB by
SRAL aim to improve the efficiency of the search process by reducing the search area and
focusing on the target location. Additionally, the BFS algorithm and beacon broadcasting
can be adjusted and modified based on the accumulated historical experience. Many
algorithms modeled after natural processes, including BFS, FA, GSA, CS, ABC, DE, and
PSO, have been proposed to address these limitations. This work aims to rigorously
evaluate each algorithm, with a focus on the BFS and its ability to reach global optimum
conditions. BFS is modeled after the behavior of bacteria defending their territory by
following directional cues to reduce the search area to the target location. The underwater
nodes also serve to increase local exploration capability which is important for maintaining
a balance between exploration and exploitation, just as bacteria search abilities are improved
depending on their historical performance. Then, as demonstrated in Figure 3a,b, BFS
performed similarly to the employed underwater search abilities and outperformed FA,
LFA, GA, BFA, and BPSO.

Figure 4a shows simulations to demonstrate that the scheduling behavior of a node
with a BFS (Bacterial Foraging Search) in which the BFA is working similarly when utilizing
a foraging strategy with a 60-minute Simulation Time Interval (STI). Nodes with scheduled
locations and equal energy status are favored to change positions more slowly. For BFA,
GA, FA, LFA, and BPSO, the cost of every node shift or exchange is controllable, yet the
fitness error values continue to rise. It has been observed that the route for scheduled
nodes has an error of fitness function, which is the reason the BFA is usually chosen and
considered the best fit for the scheduling problems. The average rate of BFS is usually
between 2 and 2.5 unit until the number of nodes reaches 100. Due to the spiral strategy
of the path routing (to search for food), the BFA also helps to optimize the nodes among
all metaheuristic approaches. The BFA outperformed against the STI 60 minutes to reduce
the fitness error from Figures 4b and 5a, respectively. Furthermore, the analysis is also
performed when the number of BFS nodes are 200 which is shown in Figure 5b.

12. Simulation and Results

This section illustrates the effectiveness of the proposed system model through two
case studies: adaptive and opportunistic algorithm modes. The proposed multi-objective
algorithm is simulated in NS-3 along with the support of the AquaSim framework. The
results of the proposed method are analyzed and compared with the baseline schemes,
e.g., RSMB, EEPDBR, UDB, 3DUL, and UL, respectively. The rationale for choosing these
schemes lies in their similar nature of localization, which facilitates the scheduling and
appropriate positioning of nodes. The extensive experimental setup connects 700 nodes
that start from 50 until it reaches its limits, like 700 nodes.

In many UASN simulation models, nodes are randomly distributed within a 3D space
(with defined boundaries for the X, Y, and Z coordinates). This approach is often used for
simplicity and generalization, as it does not require any prior knowledge of the underwater
environment. A 3D environment with 1600 x 1000 x 1000 dimensional area is used with
acoustic link 1500 m/s. All of the other important parameters like data packet size, data
rates, transmission range, initial energy, and beacon message size are listed in Table 2.
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Table 2. Simulation parametric values.

Simulation Parameters Values
Number of nodes 700
Network range 1600 x 1000 x 1000
Initial energy 100j
Bandwidth 2Kh
Acoustic network speed /link 1500 m/s
Transmission range 200 m
Receiving 0.8W
Data packet size 50 B
Beacon message size 52 Bits
Data rates 10 kbps
Network simulator with AquaSim framework NS-3 (v3.35)

12.1. Protocol Analysis

This section discusses the routing schemes, Range-based Directional Beacon Forwarding
(RDBEF), Energy Efficient Probabilistic Depth Based Routing (EEPDBR), Using Directional Beacon
(UDB) routing, Three-Dimensional Underwater Localization (3DUL), Underwater Localization
(UL), and Range-free scheme based on Mobile Beacon (RSMB) [10-15], compared against the
proposed protocol with various performance metrics. Deep and shallow water significantly
impact node density, which increases with depth and distance. The mobility speed of the
nodes also affects the performance of node density; therefore, we fix the mobility speed of
the nodes, for example, 5 to 25 m/s of RREQ packets, for all compatible techniques.

12.2. Analysis of Normalized Number of RREQ and RO

In Figure 6a, for route discovery, the performance metrics directly affect the perfor-
mance of the optimization method. With increasing forwarding, the RREQ is directly
meant to increase the node density. For example, RREQ propagation is not restricted by the
routing scheme; it may be propagated to those areas that are far from the destination nodes.
Therefore, to re-ensure the node’s availability and its accurate position, the flow of RREQ
increased.. On average, RREQ will decrease by 10% for the proposed scheme compared to
a 2% increase for EEPDBR, along with an increase of 6% UDB, 4.5% 3DUL, 4.1% UL, and
3.9% RSMB schemes, respectively. Under some constraints, it will further decrease by more
than 10% compared with EEPDBR. Consequently, from the result, we determined that both
SRAL and RDBF can significantly reduce the normalized numbers of RREQ against the
different density of nodes. Moreover, the traditional gossip protocol shows that for the
normalized number of RREQ packets, the information with varying numbers of nodes
from all observing techniques like RDBF, EEPDBR, UDB, UL, 3DUL, and RSMB.

To evaluate the performance of the ROs in Figure 6b, the combination of RREQ, RREP,
and RERR was included. Both have two extra overhead trends when compared with the
proposed scheme. On average, the RO is reduced when the control number of RREQ is
maintained for all schemes like 6.2% RDBF, 4.1% EEPDBR, 4.3% UDB, 4.0% 3DUL, 2.5%
UL, and 2.9% RSMB, respectively.
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Figure 6. Performance analysis in terms of (a) RREQ, and (b) routing overhead, for various algorithms

in different scenarios.

12.3. Analysis of PDR and AE2E

The Packet Delivery Ratio (PDR) for RDBE, EEPDBR, and the proposed SRAL scheme
is shown in Figure 7a. It is evident that EEPDBR and SRAL exhibit a bend in their curves
when the number of nodes is around 75. At this point, RDBF achieves a PDR of 89.2%, but
as node density increases, the PDR drops to 88%, showing a declining trend. This decrease
in PDR is characteristic of RDBF, reflecting the negative effect of higher node density. In
this analysis, we did not account for the impact of dead nodes in our implementation.
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Figure 7. Performance analysis in terms of (a) PDR, and (b) Average End-to-End delay, for various

algorithms in different scenarios.

When the number of nodes exceeds 125, EEPDBR shows a more stable performance,
maintaining a PDR of around 93.7% before gradually decreasing to approximately 92.5%,
a much smaller decline compared to RDBF’s 4.1% decrease. Similarly, other benchmarks
exhibit high PDRs, including UDB at 94.7%, 3DUL at 93.1%, UL at 94%, and RSMB at
94.1%. The proposed blockchain-based localization scheme achieves an even higher PDR of
96%. SRAL, in particular, maintains a nearly linear PDR performance starting from around
100 nodes (approximately 65 nodes per square kilometer) and up to 200 nodes, achieving a
PDR of 96%, which surpasses that of RDBF, UDB, 3DUL, UL, and EEPDBR.

Figure 7b illustrates the Average End-to-End (AE2E) delay for CBR packets recorded
at the destination. The AE2E delay follows an inverse trend to the PDR, showing that when
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node distribution is sparse, SRAL does not outperform RDBF or EEPDBR. However, as the
number of nodes increases (around 76 nodes per square kilometer), SRAL demonstrates a
slight improvement, with delays 0.3% lower than RDBF and 0.45%, 0.23%, 0.39%, 0.40%,
and 0.41% lower than EEPDBR, UDB, 3DUL, UL, and RSMB, respectively. The presence of
void holes in denser networks leads to increased RREQs, RREPs, and RERRs, contributing
to a sudden spike in delay, particularly for RDBF and EEPDBR, where delays exceed 3 s.

The results of PDR, normalized RREQ, RO, and AE2E delay, show that SRAL performs
best in dense networks, especially when the network size increased around 370 to 480 nodes
over large areas, as validated by extensive simulations.

12.4. Analysis of AE2E Delay, RREQ, RO, and PDR with Maximum Speed

This section examines the routing schemes, including RDBEF, EEPDBR, RSMB, 3DUL,
UL, and UDB [10-15], comparing them against the proposed protocol under varying
maximum node speeds from Figure 8a—d. Both deep and shallow water environments play
a critical role in node density, which increases with depth and distance. Node mobility
speed significantly impacts node density performance, so for this study, the mobility speed
was fixed between 5 and 25 m/s for RREQ packets across all techniques.

Figure 8a illustrates the Average End-to-End (AE2E) delay for CBR packets recorded
at the destination. The AE2E delay follows an inverse trend to the PDR, showing that when
node distribution is sparse, SRAL does not outperform RDBF or EEPDBR.

The Packet Delivery Ratio (PDR) for RDBE, EEPDBR, and the proposed SRAL scheme
is shown in Figure 8b. It is evident that EEPDBR and SRAL exhibit a bend in their curves
when the number of nodes is around 98. At this point, RDBF achieves a PDR of 89.2%, but
as node density increases, its PDR drops to 88%, showing a declining trend.

The maximum speed analysis is conducted across different schemes, observing similar
reactions in node mobility and the corresponding RREQ and RO ratios in Figure 8c,d. Each
scheme exhibited varying behaviors; for example, RDBF and EEPDBR achieved control
ratios of 21% and 27%, respectively, while UDB reached 19.6%, UL reached 15%, 3DUL
reached 17%, and RSMB reached 22%. The proposed scheme, however, maintained a
significantly lower control ratio of only 15%. Despite variations in node mobility speed,
all routing schemes successfully managed RREQ, RO, and enhanced PDR in a structured
manner, as shown in Figure 8c. However, protocols EEPDBR and SRAL effectively limit
this range and show a decreasing trend compared to RDBF, UDB, 3DUL, UL, and RSMB.
EEPDBR and SRAL exhibit reductions of 76.2% and 79.5%, respectively, compared to RDBF
and especially UL. Under the same network conditions, these protocols show only a 2-4%
increase. The normalized RO, as shown in Figure 8d, which includes RREQ, RREP, WFA,
and RERR packets, demonstrates a significant reduction in RO for both EEPDBR and SRAL.
As discussed in Figure 8c, the normalized number of RREQ for these protocols is reduced,
leading to more than a 50% reduction in RO compared to RDBF and a 45% reduction
compared to EEPDBR. Under the same network conditions, RDBF continues to increase
with the rising maximum speed of up to 25 m/s, while EEPDBR and CGDBLR maintain
close performance, likely due to their restricted RREQ range, contributing to the control of
RO across RDBF, UDB, 3DUL, UL, and RSMB.

Figure 8c,d analyzes the normalized RREQ and RO at varying maximum speeds,
demonstrating that all schemes exhibit a sufficient capability to manage and control lo-
calization errors to a certain extent. The core concept of SRAL is to optimize the routing
path while limiting the number of RREQs. By reducing RREQ packet propagation, SRAL
minimizes RREQ and RO. Under the same conditions, RDBF and EEPDBR exhibit signifi-
cantly higher RREQ values, with RDBF at 12 and EEPDBR at 3.5, while SRAL maintains
an average of around 2 across speed intervals of 5, 10, 15, 20, and 25 m/s. Conversely,
RDBF shows a continuous increase in both normalized RREQ and RO values, which include
packets of RREQs, RREPs, and RERRs. The same trend is observed for PDR and AE2E delay
analysis for SRAL (proposed scheme) and the baseline schemes in Figure 8c,d, respectively.
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Figure 8. Comparative analysis with maximum speed of nodes for (a) AE2E delay; (b) Packet Delivery
Ratio; (¢) number of RREQ); and (d) number of RO.

12.5. Analysis of Localization Error and Energy Reduction

In this scenario, the speed of the nodes plays a crucial role in affecting network
topology. For this experiment, the number of nodes is fixed, starting at 500 and increasing to
700, while the maximum speed varies from 5 m/s to 25 m/s. The performance evaluation of
metrics, for example, normalized Route REQuest (RREQ), Routing Overhead (RO), Packet
Delivery Ratio (PDR), and Average End-to-End (AE2E) delays are detailed in Table 3.

Figure 9a illustrates the localization error for all studied protocols, showing that as the
network stability decreases with an increase in node speed, the PDR also declines. Despite
this, the proposed SRAL protocol successfully restricts the maximum number of RREQs,
ensuring that increased node density does not negatively impact performance. Furthermore,
SRAL improves PDR through enhanced routing path stability. By reducing the number
of RREQs, the likelihood of packet collisions decreases, ultimately enhancing PDR and
minimizing localization error. Notably, SRAL achieves approximately 97% accuracy in
reducing localization error, outperforming EEPDBR and RDBF, which show 2% higher
localization errors as node density increases up to 500 nodes. In contrast, RDBF experiences
a 21% reduction in PDR, while EEPDBR shows a 6% drop in PDR as network density and
speed approach their limits. At a node count of around 400, which represents a mid-sized
network, the localization errors for RDBF, EEPDBR, UDB, 3DUL, UL, and RSMB are 21%,
27%, 19.6%, 17%, 15%, and 22.2%, respectively. In contrast, the proposed SRAL only
increases by 15% with the error continuing to decrease as the network size grows.
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Table 3. Comparative analysis of different baseline schemes with proposed approach under differ-
ent parameters.

Performance Parameters

Benchmark Localizati E RREQ and RO Metaheuristi
Schemes ocalization nergy an etaheuristic
AE2E RO RREQ  PDR Error Consumption Reliability Enabled
RDBF 0.3% 6.2% 6.5% 89.2% 21% 88,000 ] No No
EEPDBR 0.45% 4.1% 4.2% 93.7% 27% 83,000 ] No No
UDB 0.23% 6.1% 6.1% 94.9% 19.6% 81,000] No No
3DUL 0.37% 4.5% 4.5% 93.0% 17% 87,000 ] No No
UL 0.39% 4.1% 4.1% 93.8% 15% 90,000 J No No
RSMB 0.4% 3.9% 3.9% 94.5% 20% 81,000] No No
Proposed 0.2% 2.1% 2.2% 95.5% 15% 72,000 J Yes Yes
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Figure 9. Performance analysis for (a) localization error and (b) energy consumption.

Figure 9b depicts the energy reduction (measured in Joule) for all benchmark tech-
niques. The results show that all techniques are compatible with metaheuristic approaches
when performed with hybridization. Among all baseline schemes, SRAL consumed the
least energy at 72,000 J, compared to other techniques like RDBE, which consumed 90,000 ].

12.6. Impact Analysis of Scheduled and Unscheduled Nodes

Figure 10 presents a detailed comparative analysis of the impact of node scheduling
on three critical performance metrics in a network: Packet Delivery Ratio (PDR), End-
to-End delay, and energy consumption. The analysis is carried out for both scheduled
and unscheduled nodes using five optimization algorithms: Bacterial Foraging Algorithm
(BFA), Firefly Algorithm (FA), Levy Firefly Algorithm (LFA), Genetic Algorithm (GA), and
Binary Particle Swarm Optimization (BPSO).

In Figure 10a, the graph illustrates the Packet Delivery Ratio (PDR) as a function of
the number of nodes in the network. As the number of nodes increases from 100 to 700, the
PDR improves for both scheduled and unscheduled nodes. However, it is evident that the
scheduled nodes consistently exhibit a higher PDR compared to unscheduled nodes. This
implies that node scheduling plays a significant role in optimizing the PDR, which directly
impacts the reliability of the network. The PDR for scheduled nodes reaches around 95.5%
as the number of nodes increases, while unscheduled nodes only achieve around 80%.
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Figure 10. Impact analysis of (a) Packet Delivery Ratio; (b) End-to-End delay; and (c) energy
consumption for scheduled and unscheduled nodes in network.

Figure 10b shows the effect of node scheduling on End-to-End delay. Here, we observe
that scheduled nodes significantly outperform unscheduled nodes in terms of reducing
delay. Asthe number of nodes increases, both scheduled and unscheduled nodes experience
a reduction in delay. However, scheduled nodes demonstrate a much steeper decline in
delay, reaching below 3 s when there are 700 nodes. In contrast, unscheduled nodes still
experience higher delays, approximately 5 s, even as the number of nodes increases. This
highlights the efficiency of node scheduling techniques like BFA, FA, GA, and BPSO in
minimizing the latency within the network.

Lastly, Figure 10c presents the energy consumption trends for scheduled and un-
scheduled nodes. As the number of nodes increases, energy consumption initially rises
for both scheduled and unscheduled nodes due to higher network traffic and processing
requirements. However, the energy consumption for scheduled nodes is consistently lower
than for unscheduled nodes. At the peak, the energy consumption for unscheduled nodes
reaches nearly 8000 Joules, while scheduled nodes consume around 7000 Joules. This reduc-
tion in energy consumption through scheduling is essential for prolonging the network’s
operational lifetime, particularly in energy-constrained environments such as UASNs [40].

Overall, the figure demonstrates the effectiveness of scheduling techniques such as
BFA, FA, LFA, GA, and BPSO in optimizing network performance. Scheduled nodes
outperform unscheduled nodes across all three-performance metrics, PDR, End-to-End
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delay, and energy consumption, highlighting the importance of intelligent scheduling
mechanisms in enhancing network efficiency and reliability.

13. Conclusions

In this study, we proposed a hybridization of bio/nature-inspired metaheuristic algo-
rithms to optimize node scheduling and reduce energy costs in UASNs. The integration of
five hybridized algorithms such as GA, FA, LFA, BPSO, and BFA with EHO was shown to
effectively improve the scheduling of nodes, leading to energy efficiency compared to exist-
ing methods. The challenges of node localization, RREQ reconstruction at the beacon level,
and increased RO, along with End-to-End delays and unreliable data forwarding, have a
significant impact on overall communication in underwater environments. By introducing
the Scheduled Routing Algorithm for Localization (SRAL), we successfully optimized the
localization and routing process, addressing the key challenges of node localization, RREQ
reconstruction, and the reduction in RO, AE2E delay and energy reduction. The proposed
scheme provides significant improvements in data delivery, communication reliability,
and resource utilization in underwater environments. The results demonstrate that this
hybridized approach holds great potential for future applications in UASNSs, contributing
to more efficient and secure network operations. The proposed framework, along with the
hybridized metaheuristic algorithms, show great potential in improving node localization,
optimizing scheduling, reducing energy costs, and enhancing reliable data delivery in
the Internet of Underwater Things (IoUT)-based network. Future research should focus
on real-world implementation and further validation of the proposed scheme framework
across varying underwater scenarios.
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