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Abstract

The device-to-device (D2D) communication that underlays cellular networks is a key
enabler in the process of improving the utilization spectrum and energy efficiency (EE) of 5G
systems. Most EE optimization studies have focused solely on a single-band configuration
or single cell, while practical deployments inherently involve multi-cell and multi-band
interference coupling that significantly affects the power allocation and system-level EE
performance. In this study, we investigated EE maximization for multi-band, multi-cell
D2D underlaying networks and propose two hybrid metaheuristic optimization algorithms:
the evolutionary algorithm enhanced-particle grey wolf optimizer (EA-PGWO) and the
memetic particle-guided grey wolf optimizer with derivative local learning (MPGWO-
DLL). For fairness and a more comprehensive evaluation, three baseline algorithms—the
derivative algorithm (DA), particle swarm optimization (PSO), and the genetic algorithm
(GA)—were benchmarked and compared against our proposed algorithms. The proposed
hybrid algorithms use population-based global exploration with local refinement to increase
and stabilize the optimization under non-convex and interference-limited conditions. From
the obtained simulation results, we obtained a clear outperformance from both the EA-
PGWO and MPGWO-DLL in terms of EE against all three baseline algorithms and across
varying D2D and cellular user densities. Among all the evaluated methods, MPGWO-DLL
achieved the highest EE gains due to its memetic local learning stage combined with its
derivative-guided refinement.

Keywords: energy efficiency; 5G; device to device; optimization; EA-PGWO; MPGWO-DLL

1. Introduction

The device-to-device (D2D) communication that underlays cellular networks has
been used as a key enabling technology for 5G wireless networks and systems, with
improvements reflected in multiple areas, such as spectral efficiency, latency reduction,
and energy efficiency (EE), through its enabling of direct communication between nearby
devices while reusing cellular spectrum resources [1-3]. With the reduction in transmission
distances and the offloading of traffic from the base station, D2D communication is crucial
in supporting data-intensive services and emerging applications, such as the Internet of
things, smart cities, and ultra-dense networks [4,5].

However, integrating D2D into cellular networks introduces significant challenges,
primarily due to the mutual interference between D2D and cellular users sharing the same
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frequency resources. This interference directly affects the signal-to-interference-noise ratio
(SINR), achievable data rates, and ultimately the EE of the network [6]. As a result, energy-
efficient power allocation and resource management have become the central research
problems in all D2D-enabled cellular networks.

Early research efforts into D2D EE optimization have largely focused on the single-cell
and single-band scenarios, with analytical or derivative-based optimization techniques
used to allocate the transmission power while satisfying quality-of-service constraints [6].
Consequently, optimization strategies developed for simplified single-cell settings may
lead to suboptimal or unstable performance when extended to dense multi-cell networks.

In order to deal with the non-convex and complex EE optimization in D2D networks,
metaheuristic optimization algorithms have increasingly been adopted. These methods
offer flexibility and robustness in handling interference-limited high-dimensional opti-
mization problems, where closed-form solutions cannot be easily obtained [7,8]. Among
these, particle swarm optimization (PSO) and the genetic algorithm (GA) are two base-
line techniques widely used due to their population-based search mechanisms and their
ease of implementation [8,9], albeit that PSO is prone to premature convergence in highly
nonlinear optimization landscapes and GA normally exhibits slow convergence due to
excessive randomness in its genetic operations, especially in interference-coupled wireless
optimization problems [10].

In recent years, grey wolf optimization (GWO) has gained research attention for its
ability to balance exploration, exploitation, and simple leadership-based search mecha-
nisms. However, standard GWOs may still experience reduced solution diversity when
applied to complex and multi-modal optimization problems, such as multi-cell D2D EE
maximization. In order to overcome these limitations, multiple studies have proposed
hybrid GWO-based algorithms, where GWO is combined with evolutionary operators,
swarm intelligence, or adaptive learning strategies to enhance convergence stability and
solution quality [11,12].

Motivated by these solutions, we focused on EE maximization in multi-band, multicell
D2D underlaying cellular networks, proposing two hybrid metaheuristic optimization
algorithms. The first, the evolutionary algorithm enhanced-particle grey wolf optimizer
(EA-PGWO), integrates the evolutionary operators with GWO to improve the population
diversity and global exploration. The second, the memetic particle-guided grey wolf opti-
mizer with derivative local learning (MPGWO-DLL), incorporates memetic local search
and derivative-guided refinement to enhance convergence accuracy in the final optimiza-
tion stages.

In order to be fair and unbiased in the performance evaluation, the proposed hybrid al-
gorithms were benchmarked against three baseline optimization approaches that represent
different paradigms: the derivative algorithm (DA), PSO, and the GA. All the algorithms
were evaluated under identical system-level network parameters and constraints, allowing
performance differences to be attributed solely to the optimization strategies rather than
parameter tuning.

This work addresses EE maximization in multi-cell, multi-band D2D underlaying
cellular networks, capturing inter-cell and cross-band interference effects that are not
adequately represented in single-cell studies [7,13]. An example of this architecture is given
in Figure 1.

Two distinct hybrid metaheuristic algorithms are proposed. The EA-PGWO enhances
GWO through evolutionary operators for exploration improvement, while the MPGWO-
DLL adds the memetic local search and uses derivative-guided refinement to enhance
convergence and accuracy. Three different systematic comparisons were conducted against
the proposed hybrid algorithms, representing analytical swarm intelligence and evolutionary
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optimization paradigms. A robust EE performance evaluation was performed under
varying network densities and different D2D scenarios to demonstrate the robustness and
scalability of the proposed hybrid algorithms in dense interference-limited environments.

% Base Station

D2D Link

Cellular Link

D User Equipment

Figure 1. Example of a device-to-device (D2D) underlaid cellular network.

We intended to provide practical insight into how hybrid metaheuristic optimization
balances exploration and exploitation in non-convex D2D EE problems, highlighting the
advantages of combining evolutionary search, swarm intelligence, and derivative-based
refinement for the next generation of wireless systems.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
metaheuristic optimization algorithms. Section 3 presents the system model and problem
formulation. Section 4 presents the proposed hybrid optimization algorithms in detail.
Section 5 discusses the simulation setup and the numerical results and provides a compre-
hensive discussion of the obtained results, and Section 6 concludes this paper.

2. Metaheuristic Optimization Algorithms

Multiple metaheuristic optimization algorithms have already been used to improve the
EE of underlaid D2D communications with the application of 5G networks. The reason for
this is that 5G networks using D2D communication are typically non-convex, so traditional
methods handle D2D-related optimization poorly. In addition, metaheuristic optimization
algorithms offer wide solution diversity, one of their most important advantages being
flexibility for hybridization [14]. Derivative algorithms are considered to be the base
algorithm and as such have been used in many studies to reduce energy consumption and
increase EE in the overall network. Single-cell and multi-band scenario studies have been
conducted by Zhang Y et al. [8].

By contrast, GWO has been considered in several studies [14,15]. This can be combined
with PSO algorithms as a hybrid algorithm offering significantly improved solution and
convergence diversity characteristics. Incorporating a local derivative adjustment increases
precision in resource allocation [11]. This improvement arises from considering, rather than
neglecting, gradient information [16].

Grey wolf optimization, as introduced by Mirjalili S et al. [17], has become one of
the most popular algorithms for balancing exploitation and exploration in optimization.
Other concerns have arisen in high-dimensional and multi-modal problems, including
premature convergence and slow adaptation to dynamic environments [18]. Hybridization
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is considered to be one of the optimal solutions for overcoming the abovementioned
problems, with multiple studies having proposed variants of hybrid algorithms based on
GWOs. In Shaikh M et al. [15], a hybrid GWO-PSO (HGWPSO) was shown to improve
convergence speed and robustness by using the PSO’s position-update mechanism. The
memetic GWO (MGWO) used by Huang H et al. [12] enhances the fine-tuning ability
through local search strategies, such as derivative approximation and hill climbing. Another
hybrid variant is the adaptive GWO [10], which introduces adaptive parameters (learning
mechanisms) to maintain the balance between local and global searches.

Evolutionary algorithms (EAs), such as GAs and differential evolution (DE), have
been widely applied, primarily to tackle complex multi-objective problems. They naturally
perform selection, crossover, and mutation to find optimal solutions with well-distributed
populations [16]. However, using EAs alone increases randomness and leads to a slow
convergence rate. To address this, combining an EA with GWO—-for example, to form an
EA-PGWO—1Ileverages the EA’s global search with the GWO'’s fast leader-based adapt-
ability. This methodology was successfully applied by Shaikh M et al. [11], who combined
the PSO update of velocity into GWO. Fuzzy system optimization combines genetic op-
erations with GWO, providing improved performance compared to using either method
alone [11]. Table 1 summarizes multiple studies on hybrid algorithms, their methods, and
their findings.

Table 1. Summary of hybrid algorithm studies and the methods used therein.

Study Method Used and Findings
Grey wolf optimization (GWO)-particle swarm optimization (PSO)
Intelligent hybrid grey wolf particle swarm optimizer for optimization allows integration of the velocity-based search used in PSO with the
in complex engineering design problems [11]. GWO hunting strategy. This combination has shown exceptional

performance in solving engineering problems.

Innovative hybrid grey wolf PSO [15].

Combined PSO and GWO for better engineering design tasks and
better convergence.

Memetic GWO algorithm (MGWO) for solving cumulative CVRP [12]. Used to solve routing problems for vehicles.
Improved GWO algorithm for solving functional optimization and Multi-strategy fusion of GWOs, such as hybrid corrections, nonlinear
engineering design problems [19]. control, and inverse learning.
Improved multi-strategy adaptive GWO for practical engineering Combined inverse multi-quadratic function with GWO to show
applications [14]. performance over engineering problems.

Modified GWO and its application in parameter optimization [20].

Modified GWO algorithm for applying to a PI controller by adding sin,
cos, Gauss, and Cauchy.

3. System Model and Problem Formulation
3.1. Network Model

We considered a multi-cell cellular network underlaid with D2D communication,
where multiple D2D transmitter receiver pairs reuse the uplink spectrum resources allo-
cated to cellular users. This configuration reflects realistic 5G deployments, where frequency
reuse across neighboring cells and spectrum sharing between cellular and D2D users are
unavoidable [1,19].

Each cell contained one base station (BS), a set of cellular users communicating with
the BS, and a set of D2D pairs communicating directly with one another. The network
operated over multiple orthogonal frequency bands indexed by k =1, 2, ..., K, where
each band may be simultaneously accessed by both cellular and D2D users. This multi-
band structure allows efficient spectrum reuse but also introduces cross-tier and inter-cell
interference, which significantly impacts the system’s EE.

The D2D was assumed to operate in underlay mode, meaning that the D2D users
share spectrum resources with cellular users under predefined interference and power
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constraints. This kind of underlay configuration has been widely adopted in the literature
due to its high spectral efficiency and practical relevance for dense networks [13,21].

3.2. Channel and Interference Model

The wireless channels between transmitters and receivers are modeled using distance-
dependent path loss with exponent &, combined with small-scale fading. The received
signal quality is characterized by the SINR, which is caused by the interference between the
cellular users and D2D receivers, between the D2D transmitters and cellular receivers, and
the inter-cell interference caused by spectrum reuse across neighboring cells. In multi-cell,
multi-band systems, these interference components are coupled across frequency bands
and cells, resulting in a non-convex EE optimization problem [8]. As cellular and D2D user
densities increase, interference grows rapidly, leading to diminishing returns in throughput
and EE unless power allocation is carefully optimized [8].

The EE of the D2D communication system is defined as the ratio between the achiev-
able data rate and the total power consumption. For the kth band, the EE depends on
the D2D transmission power, channel conditions, and interference levels. The overall EE
is computed as the aggregated contribution across all spectrum bands, consistent with
prior multi-band D2D studies. This formulation captures the fundamental trade-off be-
tween throughput maximization and power consumption minimization, which is central
to energy-aware resource allocation in 5G networks [7].

3.3. Optimization Aim and Constraints

The aim of this work was to maximize the total EE of D2D communication across
all spectrum bands by optimizing the D2D transmission power allocation, subject to the
total transmit power constraint, ensuring that the aggregate D2D transmission power
did not exceed a predefined maximum budget, per-band power constraints limiting the
minimum and maximum transmission power on each frequency band, and that the quality
of service constraints ensured acceptable SINR levels for both cellular and D2D users.
These constraints reflect practical hardware limitations and interference management
requirements in real cellular networks [21].

Due to the nonlinear and interference-coupled nature of the EE expression, the result-
ing optimization problem is non-convex, making classical convex optimization methods
ineffective or computationally too expensive for large-scale multi-cell systems. This en-
courages the use of metaheuristic and hybrid optimization techniques that are capable of
efficiently exploring complex solution spaces [9,17].

The main aim in all the applied algorithms was to maximize the EE using multi-
ple spectrum bands for D2D communication by considering the interference and power
constraints. The EE is calculated as follows:

2

EE —iﬂexp —B (1> (1)
total = Pd,k k Pd,k

A = W -log, (1 + Tyx) - exp(—#ax - Aak) 2)

=

where

2
B = aje - Ack - Py 3)
and

Py i is the D2D power transmission for band K;

« is the exponent path loss;

Ack and Ay are the identities of the users; and

14 and 7. are the constants based on distance and thresholds.
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The constraint is as follows:
K .
2 Pd,k < P;lotal, P;lkm < Pd,k < arlr,lkax ( 4)
k=1

where:
K is the total number of available spectrums in the band;
Ptotal is the total available power for D2D communication;
P js the minimum allowable transmission power on k; and
P is the maximum allowable transmission power on k.

3.4. Baseline Optimization Algorithms

To ensure a comprehensive and fair benchmarking framework, we evaluated the
proposed hybrid algorithms against three baseline optimization approaches, each rep-
resenting a distinct optimization paradigm commonly adopted in wireless resource-
allocation problems.

3.4.1. Derivative-Based Algorithm

A derivative-based power-allocation algorithm was adopted as an analytical baseline.
This method iteratively adjusts the D2D transmission power by exploiting the gradient
of the EE with respect to the power variables. This approach has been widely applied in
D2D EE optimization due to the algorithm’s low computational complexity and analytical
tractability, particularly in simplified single-cell scenarios [7].

However, because DAs rely on local gradient information, they are sensitive to ini-
tialization and prone to convergence toward local optima, especially in multi-cell and
multi-band environments where interference coupling leads to highly non-convex opti-
mization landscapes.

For the DA applied to the problem, the derivative of EEy is computed with respect to
P;k, and the minimal marginal efficiency (smallest absolute gradient) is selected to satisfy
the total power constraint. The derivative-based equation is as follows:

2 2
d(EEy) 1 \=# —Ar  2ABy [ 1 \i'?
Py exp( By (Pdk> ) + (5)

Px%,k 0 Pd,k
First, initialize P, to an initial guess of (

2Bk

. > ? Then, iteratively reduce the power

on the selected band until Zle Py = P{fl‘)tal. This is called the “greedy adjustment.”

3.4.2. Particle Swarm Optimization

Here, PSO was employed as a population-based swarm intelligence baseline. In PSO,
candidate solutions or particles update their positions based on both individual best experi-
ences and the global best solution, enabling fast convergence in early iterations [22]. Despite
its simplicity and rapid convergence, PSO is known to suffer from premature convergence
in nonlinear and interference-limited optimization problems, such as EE maximization in
dense D2D underlay networks [23]. This makes PSO a relevant, but challenging, benchmark
for evaluating the effectiveness of hybrid optimization strategies [24].

For the PSO algorithm applied to the EE maximization problem, each particle repre-
sents a candidate D2D power-allocation vector in the equation, as follows:

Py = [P41,Paz, ..., Pyk] (6)
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Subject to the total power constraint, at iteration ¢, the velocity and position of the ith
particle in the kth dimension are updated, according to the following:

vik(t+1) = wo;(t) + cyr1(pbest; — Pix(t)) + cora(gbesty — P (t)) (7)

Pii(t+1) = Py(t) + v (t+1) 8)

where:

w is the inertia weight;

c1 and c; are the cognitive and social acceleration coefficients;

pbest; ;. denotes the best position previously visited by particle i; and

gbesty denotes the globally best position found by the swarm.

After each position update, the power vector is projected into the feasible region by
enforcing the following equation:

Pi(t+1) € [P, P, Esz t+1) = pw! ©)

The fitness of each particle is evaluated using the total D2D EE, as follows:

& A Ly*
EEd(Pd)—ZP exp!| — By Pax (10)

k=1 "dk
The global best solution is then iteratively updated until convergence.

3.4.3. Genetic Algorithm

The GA was adopted as a classical evolutionary optimization baseline, employing
selection crossover and mutation operators to explore the solution space [25]. The GA is
widely used in wireless resource allocation due to its strong global search capability and
robustness against local optima. However, it often exhibits slow convergence and a high
computational overhead when applied to large-scale interference-coupled optimization
problems because excessive randomness in genetic operations may delay the exploitation
of high-quality solutions. This limitation is particularly pronounced in multi-cell D2D EE
optimization scenarios.

In the GA, each chromosome encodes a feasible D2D power-allocation vector similar
to the PSO to satisfy the total power constraints. The fitness of each chromosome is defined
as the total EE, presented as follows:

K 2
F(Py) = EE4(Py) = Z—" < <Pik> ) a1

— d

Selection is performed based on fitness values, using a fitness proportional or tourna-

ment strategy. Given two parent chromosomes, P‘gll) and P(z), crossover generates offspring,

as follows:
P — gpM 1 (1 - )PP, ~u(0,1) (12)

Mutation is applied to introduce diversity by perturbing individual genes, as follows:
tf
Plgrr’r;ut) — Pig,(l)( ) + Ak! Ak ~ N(O’ 0-2) (13)

This is followed by feasibility repair to satisfy the following:
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K
(mut) i (mut) _ ptotal
Piw " € [Pﬂn, gjﬁ]f > P =P (14)
k=1
The population is updated through elitist replacement, and the algorithm iterates until
convergence or until a predefined maximum number of generations is reached.

3.5. Motivation for Hybrid Optimization

In order to overcome the limitations of derivative-based and conventional metaheuris-
tic methods, we propose two hybrid GWO-based algorithms: EA-PGWO and MPGWO-
DLL. These hybrids were designed to combine the fast analytical guidance of DA, the
population diversity of GA, the collective learning behavior of PSO, and the balanced
exploration—exploitation mechanism of GWO. By integrating these complementary charac-
teristics, the proposed hybrid algorithms achieved superior robustness and EE performance
in multi-cell, multi-band D2D underlay networks while maintaining fairness through
identical system-level simulation parameters across all evaluated algorithms.

4. Proposed Hybrid Optimization Algorithms

Here, we describe the design logic of the proposed hybrid optimization algorithms,
with particular emphasis on the solution generation, parent selection, and hybridization
mechanisms that are critical for reproducibility and performance interpretation in hybrid
metaheuristic frameworks.

The proposed algorithms were designed to solve non-convex EE maximization prob-
lems arising in multi-cell and multi-band D2D underlaying cellular networks. Due to
strong interference coupling and nonlinearity, classical derivative-based approaches cannot
guarantee global optimality [7,13]. These two hybrid algorithms are proposed to address
these challenges. The two proposed algorithms were based on, and built on, the GWO
framework [17], while incorporating extra mechanisms from EAs, swarm intelligence, and
derivative-based refinement.

4.1. Grey Wolf Optimizing Algorithm

In standard GWO, each candidate solution is represented as a wolf, and the pop-
ulation is hierarchically structured based on fitness values. Three best solutions were
selected (referred to as alpha, beta, and delta) as representing the best, second-best, and
third-best solution, respectively. The remaining wolves followed these leaders and updated
their positions based on a weighted combination of the leader’s position. This mecha-
nism enables a balance between exploration and exploitation through leadership-based
guidance [10]. However, in complex optimization landscapes, such as multi-cell D2D EE
problems, standard GWO may suffer from limited population diversity and premature
convergence.

First, the grey wolf update rule is calculated for the optimization, where:

Doj = |C1-Poj — Pig|, X1 = Pk — A1+ Dok (15)
X1+ X+ X
i1 X1+ X+ X3

Pl == (16)

Understanding that Aj = 2a-r; —a,C; = 2-rj,j € {1,2,3} are the coefficient vectors,
and Py x, Pg k., Ps i are the best three solutions
The addition of the EA is where we mix two wolves into one, named P4

Pchild,k = Vpparentl,k + (1 - V)PparentZ,k/V € [O/ 1] (17)
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With a random perturbation for mutation named Pyy:
Pmut,k = Pk+0-'-N‘(011) (18)

GWO will grant the global search, and then the memetic phase will fine-tune the
updates in the local neighborhood, and the DLL will use the analytical gradient to estimate
the number, based on the original EE expression, to obtain values close to optimal. After
GWO initialization, the memetic local search performs a greedy one-dimensional search
around the current position, using small-step perturbations and accepting moves that
improve the fitness, as follows:

Pyev = POl & eif EE; 1 (19)

Understanding €y is considered a small adaptive step.

Second, for the top few wolves (e.g., the best 10%), an analytical derivative step is
applied for one more refinement, accelerating local convergence after global exploration.
The DLL expression is as follows:

d(EE
g = . 05 (20)
with J(EE
(EE) from derivative formula above. (21)
de,k

4.2. Evolutionary Algorithm-Enhanced Grey Wolf Optimizing Algorithm
4.2.1. Parent Selection Mechanism

In the EA-PGWO, each wolf represents a candidate power-allocation vector. Hy-
bridization is achieved by explicitly introducing evolutionary operators where the parents
are selected from two complementary subsets of the population. The first will be the elite
parents, where the alpha, beta, and delta wolves are always eligible as parents due to their
high fitness values. These elite solutions guide exploitation. The second are the diverse
parents, where additional parents are randomly selected from the remaining population
to maintain diversity and to prevent stagnation. This mixed-parent selection strategy
ensures that the new solutions inherit high-quality traits, while preserving the exploration
capability consistent with evolutionary optimization principles [10].

4.2.2. Hybrid Solution Generation

Once the parents have been selected, new candidate solutions or offspring are gener-
ated using crossover-like operations, where solution components from two parent wolves
are combined to form a child solution, and mutation-like perturbations, where small ran-
dom variations are introduced to enhance exploration and to avoid premature convergence.

After the evolutionary operations, the resulting offspring are integrated back into the
GWO population, where the fitness evaluation and hierarchical ranking are updated. This
preserves the original GWO leadership structure, while enhancing the population diversity.
Note that the GWO position update rule will remain active, that is, the evolutionary
offspring are still influenced by the alpha, beta, and delta wolves in subsequent iterations.
This integration differentiates the EA-PGWO from the standalone GA or PSO approaches.

4.2.3. Design Rationale

The EA-PGWO algorithm combines GWO leadership-based exploitation, GA-inspired
diversity through parent recombination, and PSO-like collective guidance via leader
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influence. As a result, the EA-PGWO is particularly effective at avoiding local optima and
maintaining stable convergence in interference-limited D2D optimization problems [11].

Figure 2 presents the flowchart of the proposed EA-PGWO algorithm. The algorithm
integrates evolutionary operators with GWO to enhance global exploration. Candidate
power-allocation vectors evolve through selection crossover and mutation, followed by
grey wolf position updates. Constraint handling and normalization are applied at each
iteration to ensure feasibility. This hybrid design improves robustness against local optima,
while maintaining convergence stability in non-convex optimization landscapes.

Start

v

Initialize Population of candidate power
allocation Vectors

v

Evaluate Fitness (EE) of
population

v

Identify a, B, & wolves
(best three solutions)

v

Apply evolutionary operations
(selection, crossover, mutation)

v

Update wolf positions
(Grey Wolf Optimization)

l

Apply constraint handling
and power normalization

l

Convergence criterion
satisfied?

l YES

Output best power allocation

l

End

—

NO

Figure 2. Evolutionary algorithm enhanced-particle grey wolf optimizer (EA-PGWO) flowchart.

4.3. Memetic Particle-Guided Grey Wolf Optimization with Derivative Local Learning
4.3.1. Global Search Phase

In MPGWO-DLL, the global exploration phase follows standard GWO dynamics. The
parents in this phase are implicitly the alpha, beta, and delta wolves whose positions guide
the population search. Unlike in an EA-PGWO, no evolutionary crossover is applied at this
stage. Instead, the focus is on efficient global exploration using leadership-based guidance.
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4.3.2. Memetic Local Learning Phase

After the global GWO phase, MPGWO-DLL introduces a memetic local search stage,
where a subset of elite wolves undergoes localized refinement. In this phase, the concept
of multiple parents is replaced by a single-solution refinement. Each elite solution acts
as its own parent, generating improved variants through small adaptive perturbations.
Memetic optimization enhances exploitation capability and improves solution precision
near convergence [12].

4.3.3. Derivative Local Learning Phase

To further refine the convergence accuracy, MGWO-DLL incorporates a derivative-
based local learning mechanism, applied selectively to the best-performing solutions. This
stage uses analytical gradient information of the EE function to guide fine-grained power
adjustments. Unlike the derivative-based baseline algorithm, DLL is applied only after
global exploration, avoiding sensitivity to poor initialization [26]. Here, the notion of the
parents is no longer applicable. Instead, the current best solution is iteratively refined.

Figure 3 depicts a flowchart showing the proposed MPGWO-DLL algorithm. This
algorithm operates in two stages. First, a population-based grey wolf global search is
performed to explore the solution space and identify promising regions. Once convergence
reaches a predefined threshold, a derivative-based local learning mechanism is activated to
refine the solution near convergence. This memetic structure effectively balances explo-
ration and exploitation, enabling improved convergence accuracy and robustness under
dense multi-cell interference conditions.

Start

v

Initialize Population of candidate power
allocation Vectors

v

Evaluate Fitness (EE) of
population

v

‘Global search using Grey Wolf
Optimization

¥

Apply constraint handling and
normalization

v

«

NO

Global convergence
threshold reached?

¢ YES

Activate derivative
local learning

v

Local refinement using EE gradient

|

Apply constraint
handling

!

Final convergence

i YES

Output refined optimal power allocation

|

End

-

NO

Figure 3. Memetic particle-guided grey wolf optimizer with derivative local learning (MPGWO-
DLL) flowchart.
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4.4. Comparison of Hybridization Strategies

The key difference between the two proposed hybrid algorithms can be summa-
rized as follows. The EA-PGWO emphasizes population diversity and global exploration
through explicit parent selection and evolutionary operators. The MPGWO-DLL em-
phasizes solution precision and convergence accuracy through memetic refinement and
derivative-guided learning. Both approaches preserve the GWO leadership hierarchy, while
addressing its limitations in different optimization phases, making them complementary
solutions for multi-cell D2D EE optimization.

4.5. Computational Complexity Analysis and Discussion

Here, using Big-O, we analyze the computational complexity of the evaluated opti-
mization algorithms in terms of population size and iteration count, providing insights
into their relative computational costs and scalability. Let N denote the population size and
T the maximum number of iterations. The dimensionality of the optimization problem is
determined by the number of spectrum bands, K, and remains fixed across all algorithms.

The derivative-based algorithm updates the transmission power values sequentially
based on analytical gradient calculations. In each iteration, the EE gradient is evaluated for
all K bands, leading to a computational complexity of O (T.K).

Due to its low computational overhead, the DA converges rapidly, although it is highly
sensitive to initialization and prone to convergence toward local optima in non-convex
interference-coupled environments [7].

In PSO, each particle updates its position based on its personal best and the global
best solution. Fitness evaluation and velocity updates are performed for all particles in
each iteration, resulting in a computational complexity of O (T.N.K). While PSO exhibits
rapid early convergence, its computational efficiency deteriorates in highly nonlinear
optimization landscapes due to stagnation and repeated fitness evaluation [24].

The GA performs selection crossover mutation and fitness evaluation at each gen-
eration. These operations collectively lead to a computational complexity of O (T.N.K).
Although the GA maintains strong population diversity, its convergence speed is typically
slower than that of PSO due to stochastic genetic operations, which can increase the number
of iterations required to achieve high-quality solutions [25].

The EA-PGWO extends standard GWO by incorporating evolutionary operators. In
each iteration, position updates are performed for all wolves, followed by crossover and
mutation applied to a subset of the population. The resulting computational complexity
can be expressed as O (T.N.K). Although the EA-PGWO introduces additional evolutionary
operations, these do not change the order of complexity relative to PSO and the GA. Instead,
they improve the solution quality and convergence robustness by enhancing exploration
without significantly increasing the computational burden [10].

MPGWO-DLL further augments GWO with a memetic local learning phase and
derivative-guided refinement applied to a small subset of elite solutions. Let N, << N
denote the number of elite solutions selected for local refinement. The computational
complexity of MPGWO-DLL can be approximated as O (T.N.K) + O (T.N,.K). Because N,
represents only a small fraction of these populations, the additional cost remains limited.
As a result, MPGWO-DLL preserves the scalability of population-based metaheuristics,
while achieving improved convergence accuracy in the final optimization stages.

From a complexity perspective, all the population-based algorithms, PSO, GA, EA-
PGWO, and MPGWO-DLL, share the same asymptotic complexity order. However, their
practical performances differ significantly due to differences in convergence speed and
solution quality. While the DA has the lowest computational complexity, its performance
deteriorates in complex multi-cell scenarios.

https://doi.org/10.3390/ electronics15071448


https://doi.org/10.3390/electronics15071448

Electronics 2026, 15, 1448 13 of 24

From a practical standpoint, the dominant computational cost of all population-based
algorithms lies in the fitness evaluation rather than control operations, such as crossover
mutation or local learning. Because EA-PGWO and MPGWO-DLL use the same population
size and iteration count as PSO and the GA, their additional hybridization steps introduce
only limited overhead. In MPGWO-DLL, the DLL is applied exclusively to a small elite
subset, ensuring that the overall computational burden remains comparable to those of
conventional metaheuristic approaches. To summarize, Table 2 provides a brief comparison
of the five algorithms.

Table 2. Simplified comparative summary table describing the five algorithms.

Feature DA GA PSO EA-PGWO MPGWO-DLL
T Based on point and Population-based, Population-based, . Base.d on local
ype of search : X . Based on population learning and the
considered as greedy evolutionary evolutionary .
population
. Dependent on . . . With the local stage
Use of gradient gradient No gradient usage No gradient usage No usage of gradient only
Capablhty of Considered low Moderate to high Moderate to high Considered highest Considered high
exploration

Refinement or
exploitation

Done in early stages

Moderate via
selection and
mutation

Moderate via
selection and
mutation

Considered moderate

Best because it is
done at the
convergence level

Models can be used

Convex or simple
models

Non-convex and
large-scale models

Non-convex and
large-scale models

Non-convex or
large-scaled models

Systems where
accuracy and
robustness are

needed (complex)

Note.  DA—derivative algorithm; GA-—genetic algorithm; PSO—particle swarm optimization; EA-
PGWO—evolutionary algorithm enhanced particle grey wolf optimization; MPGWO-DLL—memetic particle
grey wolf optimization derivative local learning.

5. Simulation and Results

The simulations were conducted in MATLAB 2024b for all considered optimization
algorithms, and the corresponding system-level and algorithm-specific parameters are
summarized in a single unified parameter in Table 3. All network and system parameters
were kept identical across all simulations to ensure a fair and unbiased comparison.

Figures 4-6 show the D2D EE versus the D2D user reference density using the three
baseline algorithms (DA, GA, and PSO, respectively). The uplink consists of five bands,
each 20 MHz, shared by cellular and D2D. The curve rises to a peak and then declines,
forming an arc. The simulations used three user transmission powers: 325, 375, and 425
mW. The efficiency drop at higher densities is due to increased interference from higher
cellular power as the reference density increases.

The same analysis was conducted for the EA-PGWO algorithm, simulating EE at
cellular powers of 325, 375, and 425 mW, as shown in Figure 7. It can be seen that the EE
increases with density up to a maximum and then decreases due to interference caused by
higher cellular power.

Figure 8 shows EE versus D2D user density, under the same three power levels of
325, 375, and 425 mW. Using the MPGWO-DLL hybrid optimizer, the curves show higher
peak EE than the previous results, followed by a decline for the same interference-related
reasons observed with the DA and EA-PGWO.

Table 4a presents a numerical comparison of four algorithms: the DA [8], the modified
DA [11], the EA-PGWO, and MPGWO-DLL. For the modified DA, different parameters
were used, with the Pd fixed at 65 mW (ignoring power variations), the cellular distance
increased, and the D2D distances fixed at 20 m. The other results share the same parameters,

https://doi.org/10.3390/ electronics15071448


https://doi.org/10.3390/electronics15071448

Electronics 2026, 15, 1448

14 of 24

evaluating the total EE versus D2D user density under the three power scenarios of 325,
375, and 425 mW.

Table 3. Unified simulation parameters for DA, GA, PSO, EA-PGWO, and MPGWO-DLL algorithms.

Value
Simulation Parameter
DA PSO GA EA-PGWO MPGWO-DLL
Number of bands, K 5 5 5 5 5
Bandwidth of the ith band, Wi 20 MHz 20 MHz 20 MHz 20 MHz 20 MHz
Path loss exponent, & 4 4 4 4 4
Probability for the cellular ith 01 01 01 01 01
band, 6;
Probability for the D2D ith 01 01 01 01 01
band, ed,i
Cellular threshold, T; 0dB 0dB 0dB 0dB 0dB
D2D threshold, Ty, 0dB 0dB 0dB 0dB 0dB

Distance to BS, R,
Distance between D2D nodes, R;

Cellular user density, A,

D2D user density, A4

Transmission power between D2D
users, Py

Maximum power between D2D

users per band, Py
Tolerance, €
Maximum iterations
Size of population
Number of independent trials
Inertia weight, w
Cognitive coefficient, c;

Social coefficient, ¢,

Selection method

Crossover probability, P,
Mutation probability, P,,
Probability of local learning, Pja,

Elite fraction

[50, 60, 70, 80, 90] m
[10, 20, 30, 20, 10] m
[10,1, 10, 10, 10] x

[50, 60, 70, 80, 90] m
[10, 20, 30, 20, 10] m
[10, 1, 10, 10, 10] x

[50, 60, 70, 80, 90] m
[10, 20, 30, 20, 10] m
[10, 1, 10, 10, 10] x

[50, 60, 70, 80, 90] m
[10, 20, 30, 20, 10] m
[10,1, 10, 10, 10] x

[50, 60, 70, 80, 90] m
[10, 20, 30, 20, 10] m
[10,1, 10, 10, 10] x

Ac,ref /\c,ref )\c,ref /\C,re’f /\C,P‘Ef
[10,1, 10, 10, 10] x [10, 1, 10, 10, 10] x [10,1, 10, 10, 10] x [10, 1, 10, 10, 10] x [10, 1, 10, 10, 10] x
)\d,rcf /\d/?‘éf )\d,mf /\d,mf /\d/)’(’f
60 mW 60 mW 60 mW 60 mW 60 mW
20 mW 20 mW 20 mW 20 mW 20 mW
1073 1078 1073 1073 1073
-- 500 500 500 500
- 60 60 60 60
- 30 30 30 30
- 0.7 - - -
- 15 - - -
- 15 - - -
Tournament selection
- - size =2 - -
- - 0.9 - -
— - 0.1 - -
-- - - -- 0.4
_ B B B 0.05 (top 5% of refined
solutions)

Note. ~ DA—derivative algorithm; GA-—genetic algorithm; PSO—particle swarm optimization; EA-
PGWO—evolutionary algorithm enhanced particle grey wolf optimization; MPGWO-DLL—memetic particle
grey wolf optimization derivative local learning.
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Figure 4. Energy efficiency (EE) vs. reference density of D2D users using the DA.
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Figure 5. EE vs. reference density of D2D users using the GA.
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Figure 6. EE vs. reference density of D2D users using PSO.

Table 4b presents a numerical comparison of four algorithms: the GA, PSO, EA-PGWO,
and MPGWO-DLL. The results were obtained by evaluating the total EE versus D2D user
density under three power scenarios: 325, 375, and 425 mW. All the results obtained from
this analysis share the same parameters for all the algorithms, including the DA.

Table 4a,b present the total EE achieved by all the algorithms as a function of the
D2D user density for three maximum D2D transmission power levels. Across all power
levels, there was an initial increase in EE as the D2D user density grew. This is due
to improved spatial reuse and more efficient spectrum utilization at moderate densities.
However, beyond a certain density threshold, the EE gradually decreased due to increased
interference, which degrades the success probability of D2D transmissions. This trend was
consistently observed for all algorithms, confirming the validity of the system model.
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Figure 7. EE vs. reference density of D2D users using the EA-PGWO.
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Figure 8. EE vs. reference density of D2D users using MPGWO-DLL.

At low and moderate D2D densities, derivative-based approaches (the DA and mod-

ified DA) provided reasonable performance, their EE quickly saturating and degrading

as the density increased. This behavior highlights the limitation of gradient-dependent

methods in highly non-convex interference-dominated environments.

The population-based algorithms exhibited superior robustness, with the GA and

PSO consistently outperforming the DA across all density levels, indicating their improved

exploration capability in non-convex optimization landscapes. However, both the GA and

PSO showed notable performance degradation at higher densities, particularly under strict

power constraints, suggesting limited exploitation capabilities.
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Table 4. (a) Obtained EE comparison between the DA, modified DA, EA-PGWO, and MPGWO-
DLL with respect to the user density for D2D. (b) Obtained EE comparison between the GA, PSO,
EA-PGWO, and MPGWO-DLL with respect to the user density for D2D.

(a) Total EE (Kbps/])
User Density 325 mW 375mW 425 mW
for D2D) DA Modified EA- MPGWO- |\ Modified EA- MPGWO- [\ Modified EA- MPGWO-
(User/m?) DA PGWO DLL DA PGWO DLL DA PGWO DLL
10 x 1073 423 5.75 42156 427452 3.71 1.564 3.68985 3.7046 3.25 1.398 3.298 3.269
20 x 1073 10.05 11.57 8.8996 12.7535 8.84 8.262 8.02326 11.0531 7.75 7.265 7.143 9.753
30 x 1073 15.66 20 14.3048 18.2234 13.72 16.373 12.145 15.7937 11.98 4393 11.140 13.936
40 x 1073 18.77 26.6 17.7168 207197 1643 22.486 14.8704 17.9571 1433 19.766 13.393 15.844
50 x 103 20.06 30.18 18.2831 21.2665 17.56 25.811 16.2827 18.4309 15.30 22.688 14.673 16.263
60 x 103 19.80 30.98 18.0979 20.5399 17.33 26.640 16.4057 17.8012 15.10 23.417 14.580 15.707
70 x 103 18.45 29.71 16.663 18.8966 16.14 25.629 15.1723 16.377 14.06 22.529 13.564 14.450
80 x 1073 16.45 27.14 15.4105 16.7269 14.39 23453 13.5932 14.4966 12.53 20616 12.195 12.791
90 x 1073 14.19 239 13.4551 14.3573 12.41 20673 11.866 12.443 10.81 18.172 10.560 10.979
100 x 1072 11.91 2045 11.5346 12.0199 10.42 17.699 10.095 104172 9.08 15.558 8.999 9.192
(b) Total EE (Kbps/J)
User Density 325 mW 375 mW 425 mW
for D2D EA- MPGWO- EA- MPGWO- EA- MPGWO-
(User/m?) GA PsO PGWO DLL GA PSO PGWO DLL GA PSO PGWO DLL
10 x 1073 4231 3472 4215 4274 3.683 3.253 3.689 3.704 3.264 3.25 3.298 3.269
20 x 1073 9.949 8.079 8.899 12.753 8.673 7.148 8.023 11.053 7.697 6.47 7.143 9.753
30 x 103 15.66 12.82 14.304 18.223 13.60 11.79 12.145 15.793 12.025 9.64 11.140 13.936
40 x 1073 18.94 16.44 17.716 20.719 16.43 13.84 14.870 17.957 14.51 12.31 13.393 15.844
50 x 1073 20.17 19.16 18.283 21.266 17.49 16.63 16.282 18.430 15.44 14.70 14.673 16.263
60 x 1073 19.87 19.25 18.097 20.539 17.23 16.70 16.405 17.801 15.20 14.75 14.580 15.707
70 x 1073 18.49 18.11 16.66 18.896 16.02 14.70 15.172 16.377 14.14 13.86 13.564 14.450
80 x 1073 1647 16.24 15.410 16.726 14.28 14.08 13.593 14.496 12.60 12.43 12.195 12.791
90 x 1073 14.20 14.06 13.455 14.357 12.31 12.19 11.866 12.443 10.86 10.76 10.560 10.979
100 x 1072 11.92 11.84 11.534 12.019 10.33 10.26 10.095 10.417 9.12 9.05 8.999 9.192

Note. DA—derivative algorithm; GA—genetic algorithm; PSO—particle swarm optimization; EA-PGWO—
evolutionary algorithm enhanced particle grey wolf optimization; MPGWO-DLL—memetic particle grey wolf
optimization derivative local learning.

The proposed hybrid algorithms, EA-PGWO and MPGWO-DLL, achieved the highest
EE values across all D2D densities and power levels. The EA-PGWO benefitted from
enhanced exploration, leading to consistent improvements over the GA and PSO. The
MPGWO-DLL further improved performance by including derivative-based local learning
at the final optimization stage, enabling refined power allocation near convergence. As
a result, MPGWO-DLL consistently achieved the maximum EE values in all examined
scenarios, demonstrating both stability and scalability with respect to D2D user density.

In the next results, the EE characteristics were simulated versus the reference density of
cellular users instead of D2D users. Fixed D2D distances of 15, 20, and 25 m were considered,
using the same simulation parameters. Figures 9-11 show decaying curves for the DA, GA,
and PSO as the baseline algorithms. This decline was caused by the increase in interference
with increasing distance, which reduced the average sum rate and lowered the EE.

In Figure 12, showing the EA-PGWO with fixed D2D distances of 15, 20, and 25 m, the
EE is higher than with the DA but still decays as the cellular user density increases, due to
rising interference.

Figure 13 presents the EE of D2D underlaying cellular users using MPGWO-DLL.
Reference distances of 15, 20, and 25 m were considered. As expected, smaller distances
yielded higher EE. As the cellular user density increased, the EE declined due to the rising
signal-to-interference ratio.

Table 5a presents a numerical comparison of the four algorithms: the DA [8], modified
DA [11], EA-PGWO, and MPGWO-DLL. For the modified DA, different parameters were
used, the P, being fixed at 65 mW (ignoring power variations), the cellular distance increased,
and the D2D distances fixed at 20 m. The other results shared the same parameters, evaluating
the total EE versus cellular user density using three reference distances: 15, 20, and 25 m.
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Table 5a,b show the results of the total EE as a function of the cellular user density
for three D2D link distances. For all the algorithms, the EE decreased monotonically as
the cellular user density increased. This behavior was expected because higher cellular
densities lead to increased cross-tier interference, reducing the achievable D2D transmission
success probability. The decrease is more pronounced for larger D2D distances, where path
loss and interference effects are amplified.

Total Energy Efficiency EEd (Kbps/J)

0 1 |
0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3 1.4 1.5

. -5
The reference density of cellular users A (user/mz) x10
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Figure 9. EE of D2D users vs. reference density of cellular users using the DA.
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Figure 10. EE of D2D users vs. reference density of cellular users using the GA.
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Figure 11. EE of D2D users vs. reference density of cellular users using PSO.
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Figure 12. EE of D2D users vs. reference density of cellular users using the EA-PGWO.

The derivative-based algorithms exhibited the fastest EE degradation with increasing
cellular density, especially at greater D2D distances. This confirms their sensitivity to
interference variations and their limited adaptability in dense cellular environments.

The GA and PSO demonstrated improved robustness compared to the derivative-
based methods, maintaining higher EE values across all densities. However, their per-
formance gap relative to the hybrid methods widened as the cellular density increased,
indicating that exploration alone is insufficient to guarantee optimal performance under
severe interference conditions.
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Figure 13. EE of D2D users vs. reference density of cellular users using MPGWO-DLL.

Table 5. (a) Obtained EE comparison between the DA, modified DA, EA-PGWO, and MPGWO-
DLL with respect to the cellular user density. (b) Obtained EE comparison between the GA, PSO,
EA-PGWO, and MPGWO-DLL with respect to the cellular user density.

(a) Total EE (Kbps/])

User Density 15 m 20m 25m

for Cellular pa  Modified EA- MPGWO- . Modified EA- MPGWO- . Modified EA- MPGWO-
(User/m?) DA PGWO DLL DA PGWO DLL DA PGWO DLL
0.5 x 1075 7.644 10.851 12.369 12.369 4780 7.045 5.6116 56116 2.153 3.278 224078 2240779
0.6 x 1075 5.460 7.669 8.590 8.590 3.366 4912 3.89695 3.89695 1.505 2271 1556098  1.556099
0.7 x 1075 4138 5.760 6.311 6.311 2.509 3.632 2.86306 2.86306 1.113 1.666 1143257  1.143257
0.8 x 1075 3.277 4526 4832 4.832 1.949 2.802 2.19203 219203  0.857 1275 0.875306  0.875306
0.9 x 1075 2.684 3.682 3.818 3.818 1.563 2234 1.73218 173197  0.681 1.007 0.692874 0.6916
1% 1075 2.258 3.079 3.092 3.092 1.285 1.827 1.4029 1.4029 0.554 0.816 0562331 0.560196
11 x 1075 1.942 2.635 2.556 2.556 1.077 1.525 1.16062 115942 0.459 0.674 0463171  0.467949
12 x 1073 1.702 2298 2.147 2.147 0.917 1.294 0979176 0974231  0.387 0.566 039215  0.403277
1.3 x 1075 1.516 2.038 1.830 1.853 0.791 1.113 084787  0.830113  0.330 0.481 0337647  0.352137
14 x 1073 1.369 1.833 1.580 1.657 0.690 0.969 0736252 0.721978  0.285 0.414 0293603  0.310818
15 x 1073 1.251 1.670 1414 1.498 0.607 0.851 0.663035  0.646085  0.248 0360 0258385  0.27681

(b) Total EE (Kbps/J)

User Density 15m 20m 25m

for Cellular EA- MPGWO- EA- MPGWO- EA- MPGWO-
(User/m?) GA Pso PGWO DLL GA Pso PGWO DLL GA Pso PGWO DLL
0.5 x 1075 10.026 10.323 12.369 12.369 5.202 5.321 5.6116 5.611 2.19 2210 2.240 2.240
0.6 x 1075 7.054 7.156 8.590 8.590 3.639 3.681 3.896 3.89 1.53 1.520 1.556 1.556
0.7 x 1075 5.265 5.327 6.311 6311 2.695 2.710 2.863 2.863 1.13 1.152 1.143 1.143
0.8 x 1075 4108 4212 4832 4832 2.082 2.192 2.192 2.192 0.87 0.873 0.875 0.875
0.9 x 1075 3.321 3.401 3.818 3.818 1.661 1.680 1.732 1.731 0.68 0.685 0.692 0.691
1x 1075 2.765 2.810 3.092 3.092 1.359 1.395 1.402 1.402 0.55 0.559 0.562 0.560
11 x 1073 2.365 2416 2.556 2.556 1135 1.140 1.160 1.159 0.461 0.462 0.463 0.467
12 x 1073 2.074 2,081 2.147 2.147 0.964 0.965 0.979 0.974 0.389 0.391 0.392 0.403
1.3 x 1073 1.830 1.832 1.830 1.853 0.827 0.828 0.847 0.830 0.331 0332 0.337 0.352
14 % 1073 1.578 1.579 1.580 1.657 0.716 0.718 0.736 0.721 0.286 0.291 0.293 0.310
1.5 x 1073 1.374 1.388 1.414 1.498 0.624 0.625 0.663 0.646 0.248 0.249 0.258 0.276

Note.  DA—derivative algorithm; GA-—genetic algorithm; PSO—particle swarm optimization; EA-
PGWO—evolutionary algorithm enhanced particle grey wolf optimization; MPGWO-DLL—memetic particle
grey wolf optimization derivative local learning.

The EA-PGWO consistently outperformed the GA and PSO by maintaining higher EE
values across all cellular densities and D2D distances, and MPGWO-DLL further enhanced
this performance by combining population-based exploration with derivative-guided local
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refinement, resulting in the slowest EE degradation among all the considered algorithms.
This confirms the effectiveness of the proposed memetic design in addressing both the
global search and local exploitation requirements in dense multi-cell environments.

The comparison between the proposed hybrid optimization algorithms and the clas-
sical baseline approaches under different network densities and power constraints was
conducted in terms of the total D2D EE achieved (in Kbps/J) using identical system param-
eters and constraints for all the algorithms to ensure fairness. All the results presented in
the figures and tables clearly demonstrate a consistent performance hierarchy across all
scenarios, with MPGWO-DLL outperforming the EA-PGWO, which outperformed the GA
and PSO, which outperformed the DA.

This ordering highlights three key observations. The first is that the population-based
optimization significantly outperformed the purely derivative-based approaches in non-
convex interference-limited D2D communication systems. Second, hybridization strategies
that enhance the exploration EA-PGWO yielded notable gains over the classical evolution-
ary and swarm-based methods. Third, the integration of DLL at the final optimization
stage (MPGWO-DLL) provided additional refinement, enabling superior convergence and
robustness under varying density and power conditions.

Overall, the proposed MPGWO-DLL algorithm achieved the best trade-off between
exploration and exploitation, leading to consistently higher EE across all evaluated sce-
narios. These results confirm the suitability of the proposed hybrid framework for energy
efficient resource allocation in dense 5G D2D underlaying networks.

To evaluate the convergence behavior and robustness of the proposed hybrid algo-
rithms, each optimization method was executed over R independent runs with different
random initializations. Figure 14 illustrates the average convergence curves in terms of the
best EE achieved versus iteration number. The proposed MPGWO-DLL converged faster

and achieved higher steady-state EE than the EA-PGWO.

Convergence with Variance (mean+tstd), R=30, PctdB]=25.74D, Ay re1=5.0x10"‘
19 :

18
17
16
0-9®-9-0-0-06-0-0-0-0-0-06-0-0-0-0-0-6—_
S 150 ‘
[ ]
E‘ '
= ul ¢
w I
w
-— I
2]
O 43+ (]
© : EA-PGWO = 1 std
h MPGWO-DLL = 1 std
] = @ =EA-PGWO (mean)
12 —s— MPGWO-DLL (mean)
]
i
1M1&
10
g 1 1 L 1 1 L 1 1 L ]
0 50 100 150 200 250 300 350 400 450 500

lteration

Figure 14. Convergence behavior of the EA-PGWO and MPGWO-DLL in terms of total EE over

30 independent runs (mean =+ standard deviation).
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Table 6 reports the mean standard deviation and extreme values of the final EE
obtained over 30 independent runs, confirming the robustness and reduced performance
variability of the proposed MPGWO-DLL algorithm.

Table 6. Statistical performance comparison of the EA-PGWO and MPGWO-DLL over 30 indepen-
dent runs.

Algorithm Mean EE (Kbps/]) Std Dev (Kbps/]) Best EE (Kbps/]) Worst EE (Kbps/])
EA-PGWO 15.408 1.5873 16.661 10.431
MPGWO-DLL 18.431 6.5698 x 1075 18.431 18.431

6. Conclusions and Future Work

We investigated the problem of EE maximization in multi-band, multi-cell D2D com-
munications underlaying cellular networks. To address the non-convex and interference-
limited nature of the problem, two hybrid metaheuristic optimization algorithms—EA-
PGWO and MPGWO-DLL—were proposed and evaluated against classical baseline ap-
proaches, including derivative-based algorithms, GAs, and PSO.

The comprehensive numerical results demonstrated that the population-based op-
timization methods significantly outperformed the purely derivative-based approaches
in dense D2D environments. Also, while the GA and PSO provided improved robust-
ness over gradient-dependent methods, their performances degraded under higher EE
by enhancing global exploration, whereas the MPGWO-DLL algorithm further improved
in performance by incorporating derivative-based local learning near convergence. As a
result, MPGWO-DLL achieved the highest EE across all evaluated D2D and cellular density
scenarios, transmission power constraints, and D2D link distances.

Our results confirm that combining a population-based global search with local re-
finement mechanisms provides an effective balance between exploration and exploitation,
leading to stable and scalable performance in complex multi-cell D2D underlay networks.
The consistent performance gains observed across different scenarios validated the ro-
bustness and general applicability of the proposed hybrid framework for energy-efficient
resource allocation in future 5G systems.

Future work will focus on extending the proposed framework to more realistic network
settings, including dynamic user mobility, imperfect channel state information, and the
heterogeneous quality of service requirements. In addition, investigating distributed
implementations and reducing computational overheads will be essential to assess the
feasibility of real-time deployment in large-scale 5G networks and beyond.
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BB Branch and Bound
BS Base Station
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CVRP Capacitated Vehicle Routing Problem

DA Derivative Algorithm

DE Differential Evolution

D2D Device to Device

DLL Derivative Local Learning

EA Evolutionary Algorithm

EA-PGWO Evolutionary Algorithm Enhanced-Particle Grey Wolf Optimization
EE Energy Efficiency

GWO Grey Wolf Optimization

GA Genetic Algorithm

HGWPSO Hybrid Grey Wolf Particle Swarm Optimization

TIoT Internet of Things

LTE Long-Term Evolution

MGWO Memetic Grey Wolf Optimization

MIMO Multiple Input Multiple Output

MPGWO-DLL Memetic Particle Grey Wolf Optimization Derivative Local Learning
PSO Particle Swarm Optimization

SINR Signal-To-Interference-Noise Ratio
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