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Abstract

A novel hybrid metaheuristic optimization algorithm for antenna design optimization is
presented in this paper. The proposed algorithm, called the Hybrid Grey Wolf~Whale Parti-
cle Swarm Optimization Algorithm (HGWWOA-PSO), combines the exploration capability
of Grey Wolf Optimizer (GWO), the exploitation mechanism of the Whale Optimization
Algorithm (WOA), and the adaptive search strategy of Particle Swarm Optimization (PSO)
to solve a multi-objective antenna design problem. The proposed hybrid algorithm is
evaluated and validated based on its convergence characteristics and distribution of cost
function value in comparison with GWO and WOA. The proposed HGWWOA-PSO is
used to optimize the reflection coefficient, gain, and radiation efficiency of a terahertz
antenna with a footprint of 0.24A, x 0.24A, at 361 GHz. The optimization targets three
resonant frequencies (361 GHz, 391.6 GHz, and 611.2 GHz). The optimized antenna has
a reflection coefficient of —51.35 dB, —16.7 dB, and —20 dB at 361.0 GHz, 391.6 GHz, and
611.2 GHz, respectively. The resonances at 361.0 GHz and 391.6 GHz combine to form a
lower operating band, hence a dual-band antenna. The lower operating band achieves a
—10 dB impedance bandwidth of 56.21 GHz (347.34—403.55 GHz), while the upper band
impedance bandwidth is 183.21 GHz (524.60-707.81 GHz). The peak gain and radiation
efficiency achieved are 4.5 dBi and 95%, respectively, while maintaining an omnidirectional
radiation pattern in the E-plane and H-plane across both operating bands. The combination
of miniaturization, multiband capability, high gain, and high radiation efficiency makes the
proposed antenna an attractive candidate for terahertz communication systems.
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The rapid evolution of sixth-generation (6G) wireless communication, ultra-high-

distributed under the terms and high-resolution sensing has accelerated research into terahertz (THz) antenna technologies.
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and improved spectral efficiency than the conventional microwave and millimeter-wave
spectrum, which makes it a promising spectrum for future wireless systems [1-3].

The antenna, being a composite part of wireless communication, in the terahertz antenna
must be compact and produce a satisfying radiation performance such as good radiation
efficiency and gain due to the terahertz spectrum use cases mentioned earlier. However,
designing a compact terahertz antenna that simultaneously achieves low return loss, high
gain, and radiation efficiency with multiband operation capability remains a challenging
multi-objective optimization problem due to the complex electromagnetic interactions among
antenna geometrical parameters [4-11]. For instance, the authors in [6] presented multiple
rectangular-shape cascade terahertz antennas operating at the resonant frequency of 8.84 THz
with a footprint of 1.03A, x 1.06A,. The authors in [4] presented a DNA-shaped terahertz
antenna with a footprint of 0.451, x 0.36A, at 0.27 THz. An elliptical-shaped terahertz antenna
is presented in [10] with a footprint of 2A, x 1.9, at 1.262 THz. The authors in [5] presented
a quartz substrate-based antenna operating at 0.5 THz with a footprint of 0.83A, x 0.73A,.
The work presented in [12] is developed using a Minkowski Island fractal patch on a duroid
substrate with the footprint of 0.47A, x 0.47A,. It is worth noting that all these authors used
trial-and-error techniques (parametric analysis embedded in the simulators), as no reference is
made to any optimization techniques in the presented manuscript.

Traditional deterministic optimization techniques often struggle with highly nonlinear,
multimodal design spaces and are susceptible to convergence toward local optima [13,14]. Con-
sequently, nature-inspired metaheuristic optimization algorithms have emerged as powerful al-
ternatives for antenna optimization because of their ability to efficiently explore complex search
spaces and obtain near-optimal solutions with minimal computational assumptions [15,16].
Among these algorithms, Grey Wolf Optimizer (GWO), Whale Optimization Algorithm (WOA),
and Particle Swarm Optimization (PSO) have demonstrated considerable success in optimizing
antenna characteristics such as return loss, gain, bandwidth, and radiation efficiency [17-21].
For instance, the authors in [20] presented an improved WOA and its application in an ultraw-
ideband antenna. The array antenna radiation pattern is optimized by the authors in [21] using
WOA. In addition, the authors in [19] used WOA to optimize an aperture-coupled E-shaped
antenna to achieve dual-band operating frequencies.

Nevertheless, each algorithm possesses inherent limitations, including premature con-
vergence, inadequate exploration—-exploitation balance, and reduced population diversity
during the optimization process. To address these shortcomings, this study proposes a
novel Hybrid Grey Wolf~Whale Particle Swarm Optimization (HGWWOA-PSO) algorithm
that integrates the complementary strengths of GWO, WOA, and PSO to optimize the patch
antenna to achieve a minimized reflection coefficient and maximize gain and radiation
efficiency at three different resonant frequencies.

In the optimization algorithm, weighting determines how competing criteria are combined
into a single decision. This is done using different techniques, such as normalization-based
weighting techniques, which determine the scale on which the weights are applied [22,23]. The
authors in [22,23] show that the choice of normalization and distance measure can influence
rankings, particularly when criteria have different scales or when outliers are present. Another
technique is called preference-based methods, in which weights are derived from expert
judgments, but it may be affected by subjectivity and bias [24].

The multi-criteria decision-making (MCDM) approach has also been proposed in the
literature, which combines normalization, weighting, and aggregation to support decisions
involving multiple criteria, while hybrid methods combine subjective and objective weight-
ing information [25]. In multi-objective optimization, scalarization uses weight vectors to
convert multiple objectives into a single objective [26]. Adaptive weighting methods have
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been proposed in the literature where weights change during optimization, with studies
reporting improved results compared with fixed-weight approaches [27].

In this work, a scalarization technique is used to handle the three competing perfor-
mance metrics (S11, peak gain, and radiation efficiency) at the target frequencies. The
proposed hybrid grey wolf-whale optimization algorithm (HGWWOA) converts the multi-
objective design problem into a single scalar cost using weighted-sum scalarization with
penalty-based constraint handling. The cost minimizes the summed S11 and maximizes
the weighted summed gain and radiation efficiency. Quadratic-free linear penalty terms
are applied whenever S11, gain, or efficiency at any target band falls outside its acceptable
threshold. This lets the GWO and WOA sub-populations, whose division ratio is adapted
by a particle swarm optimizer, rank candidate designs with a single fitness value.

The contributions of this work are as follows: (i) Development of a novel Hybrid Grey
Wolf-Whale Particle Swarm Optimization algorithm for multiband antenna performance
optimization, and (ii) design of an ultracompact dual-band antenna without compromising
the reflection coefficient, gain, and radiation efficiency. The rest of this work is arranged
as follows: Section 2 presents the detailed methodology of the proposed HGWWOA-PSO-
optimized antenna. The results and discussion are presented in Section 3. Section 4 presents
the comparative analysis of the proposed HGWWOA-PSO-optimized antenna, followed by
the conclusion in Section 5.

2. Methodology

This section is divided into two subsections. The initiator antenna design parameter is
presented in Section 2.1, while the mathematical formulation of the proposed algorithm is
presented in Section 2.2.

2.1. Proposed Candidate Antenna Initiator

The initial candidate antenna is based on a square-shaped radiating microstrip patch
with two orthogonal L and rectangular slits, as shown in Figure 1. It is etched on a Duroid
substrate with a relative permittivity of 2.2 and a footprint of 0.24A, x 0.24A, at 361 GHz
with a partial-ground plane, as shown in Figure 1. The initial candidate parameters are
presented in Table 1. The antenna optimization problem is formulated as a multi-objective
optimization problem. The design vector is x = [w3, ls, wa, I, feedy).
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Figure 1. Proposed HGWWOA-PSO-optimized terahertz antenna initiator.
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Begin
1. Randomly initialize population Xi (i=1, ..., N) Fitness Evaluation
2. Evaluate fitness of each solution
3. Identify Alpha, Beta and Delta wolves Evaluate all updated solutions
4. Set GlobalBest = Alpha If new fitness is better
5. Initialize PSO particles for population ratio Accept new solution
6. Set currentRatio = 1o Else
7. For iteration= 1to T Retain previous solution
Update GWO parameter a End If
Update WOA parameters (4,C,[,p)
Determine number of GWO agents: Elite Update
NGWO = round(currentRatio x N)
Assign Update Alpha
NGWO agents - GWO Update Beta
N — NGWO agents —» WOA Update Delta
If Alpha is better than GlobalBest
GWO Phase GlobalBest = Alpha
End If
For each GWO agent
Compute X1 using Alpha Improvement Measurement
Compute X2 using Beta
Compute X3 using Delta Compute average fitness improvement
Update position ImpGWO
Xnew = (X1 + X2 + X3)/3 ImpWOA
Apply boundary limits
End For PSO Dynamic Population Ratio Update
WOA Phase Evaluate each PSO particle (candidate ratio)
Update personal best (Pbest)
For each WOA agent Update global best (Gbest)
Generate random numbers Update velocity
If p <05 V=wV + ¢;r1(Pbest — X)
If|A| <1 + 1, (Gbest — X)
Encircle GlobalBest Update ratio position
Else Ratio = Ratio + V
Search using random whale Limit ratio within [RatioMin, RatioMax]
End If currentRatio = GbestRatio
Else Store convergence history
Perform spiral bubble-net attack End For
End If Return GlobalBest
Apply boundary limits End
End For
Figure 2. Pseudocode of the HGWWOA-PSO algorithm.
Table 1. Initial agent parameters.
Parameter I 173 I3 Iy Is Ig 17 lg Loub
Value (um) 80 5 10 50 85 15 70 70 200
Parameter Iy w1 wy w3 wy ws we Wsyp feedy,
Value (um) 75 130 75 50 15 15 5 200 20
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The objectives are to minimize the reflection coefficient and maximize gain and radia-
tion efficiency. The optimization is subject to lower and upper bounds imposed on each
design variable as constraints. An initial population of candidate antenna geometries is
generated randomly within the design bounds. Each candidate solution represents a com-
plete set of antenna parameters that is automatically transferred from MATLAB (R2024b) to
HEFSS for electromagnetic simulation. The pseudocode of the proposed HGWWOA-PSO is
presented in Figure 2. The mathematical model of the proposed algorithm is discussed in
Section 2.2 and was implemented using MATLAB interfaced with a High-Frequency System
Simulator (HFSS). The MATLAB-ANSYS interface procedure is as shown in Figure 3. The
global best candidate antenna parameters are presented in Figure 4, and the optimized
parameter values are presented in Table 2.

Initialize the HGWWOA-PSO selects « ’
parameters the possible solution
within the bound E DT

Antenna simulation for
selected possible

\ solution in HFSS )

( Best Optimum \ NO
antenna dimension

Max iterations Return S11. Gai
YES or eturn , Gain,

. and Efficiency at the
- - S11, Gain, and desired Frequencies

\ ) Efficiency

Figure 3. MATLAB-HFSS interface of the proposed methodology.
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Figure 4. Proposed HGWWOA-PSO-optimized terahertz antenna.
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Table 2. Best candidate agent parameters.
Parameter I I, I3 Iy Is Ig I lg Leub
(‘frlrge 79.7072 5.2928 9.7072 24.3049 85 15 69.7072 70 200
Parameter lf w1 wy w3 Wy ws We Wsyb feedy,
(‘frle)e 75 130 55.1027 42.3707 15 15 5 200 28

2.2. Proposed HGWWOA-PSO Algorithm Mathematical Modeling

The problem mathematical formulation is depicted in Equations (1)—(4). In Equation
(1), the decision variables of the antenna are defined, where each particle or search agent
in the optimization algorithm represents one possible antenna geometry. The parameters
w3, ly, wa, Ip, and feed,, are as shown in Figure 1. Equation (2) specifies the lower (1) and
the upper (u) limits of each design parameter to prevent the optimization algorithm from
generating a physically impossible antenna dimension. The quantities of optimization are
defined in Equation (3). The HFSS sweep range and the target frequencies are specified. In
Equation (4), the quantities for optimization are checked at the specified target frequencies
rather than the whole frequency spectrum.

Let the design vector be

x = (w3, ly, wo, Iy, feedy| € R? 1)
Bounded by
I < x < u, =120, 20, 40, 2, 10], u = [90, 40, 110, 8, 40] )
A full-wave electromagnetic simulator (HFSS) defines the response operator as:
®(x) = (S11(f;x), G(f;x), n(f;x)), f € [100,1000]GHz 3)
evaluated at target frequencies f, k = 1,2,3(f; = 361, f, = 391.6, f3 =611.2 GHz) :
Sk = St (fis x), Gk = G(fis x), e = 1(fis x) (4)

As can be observed above, the problem defined above is a multi-objective problem
which involves minimization of the return loss and maximization of gain and radiation
efficiency, as shown in Equation (5). These three (3) contradicting objectives are converted
into one scalar cost J(x) using Equation (6), with a penalty P(x) given in Equation (7)
whenever the design requirements are violated.

The multi-objective problem

K K K
minF(x) = Y Sy1(x) —wg Y Ge(x) —wg Y _ k(%) (5)
k=1 k=1 k=1

xeQ)

subject to I < «x < u is scalarized by weighted-sum aggregation with exterior
penalty functions:

J(x) =Y S11x—wg Y Ge —wg Y ik + P(x) (6)
k k k

N~
matching
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P() = As Y[S1e — %] T+ s D6 6] T ae Ll w] T )
k k k

where []Jr = max(0, -), and constants are wg = 1.0, wg = 0.05, As =5, Ag =2, A =0.5,

with floors Sfloor = —10 dB, Gfleor = 3 dBi, pfloor = 50%.

Therefore, the actual cost minimized by the hybrid GWWOA-PSO is defined by
Equation (8). Hence, every candidate antenna receives one numerical fitness value, and the
lower the fitness value, the better the antenna.

The final fitness minimized by the algorithm is:

(x) = J(x) (8)

The entire population is dynamically divided between the Grey Wolf Optimizer and
the Whale Optimization Algorithm, as shown in Equations (9) and (10), ensuring that every
individual belongs to only one optimizer (no solution is simultaneously processed by both
GWO and WOA).

A population X(!) = xgt), ey x%) , N = 15 is randomly partitioned each generation

t using ratio pt € [Pmin, Pmax] = [0.15, 0.85]:
Ncwo(i’) = round(ptN), NWOA<t) =N-— Ncwo(t) 9)

Zowo(t) UZwoa(t) = {1,..., N}, Zgwo(t) N Iwoa(t) = @ (10)

The Grey Wolf Optimizer formulation is given in Equations (11)—(13) [19]. The con-
trol parameters for exploration and exploitation are defined in Equation (11). Ay, is the
exploration coefficient for each leader («, B, ¢), and it determines how aggressively a wolf
moves. a(t) decreases linearly from 2 — 0 during optimization, and ry and r, are random
numbers uniformly distributed between 0 and 1. C;, is the random weighting coefficient
that introduces randomness into the estimated position of each leader to prevent premature
convergence and improve the algorithm’s ability to escape local optima. The distance from
the leader (D,,) is defined in Equation (12). It computes the distance between the current
wolf and one of the three leaders. Xj, is the candidate position relative to one leader (each
leader independently suggests where the wolf should move). The average of the three
(3) gives the new wolf position (x/¢*), as shown in Equation (13). Therefore, instead of
following only the best solution, each wolf follows the combined guidance of the three
best wolves.

The with decaying coefficient is a(t) = 2 —2t/T, and Xg, Xp, X5 are the three
fittest individuals:

Ay =2a(t)ry —a(t), Cy=2r;, me{a, B, 6} (11)
Dy = [ConXon —xi,  XI, = X — ApDyp (12)

X, + X5+ X}
XY = s i € Igwo(t) (13)

x; is the current position of wolf i.

Xy is the position of the leader m (alpha, beta, or delta).

X} is the candidate position suggested by the alpha wolf.

XE is the candidate position suggested by the beta wolf.

Xj is the candidate position suggested by the delta wolf.

Zcwo(t) is the set of individuals currently assigned to the GWO subgroup.

The whale optimizer formulation is given in Equations (14) and (15) [19]. The control
parameter is denoted as a(t), which decreases linearly from 2 — 0 during optimization,
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while a5 (t) is the spiral parameter and decreases from —1 — —2. [ is the spiral variable, and
ris a random number uniformly between 0 and 1. a(t) controls the transition between global
exploration during early iterations and local exploitation during later iterations. Hence,
at the beginning, whales search widely across the design space, but toward the end, they
focus on refining the best antenna design found so far. a,(t) controls the logarithmic spiral
used during the bubble net attacking phase. Therefore, as iterations proceed, the spiral
becomes tighter around the best solution, enabling increasingly fine local optimization. !
ensures that each whale follows a slightly different spiral trajectory toward the best solution,
hence enhancing diversity and helping avoid premature convergence. A is the exploration
coefficient, and C is the random coefficient that introduces stochasticity into the movement
to help the population to maintain diversity and avoid stagnation. Equation (15) has three
cases (encircling, search, and bubble net attack), each dependent on p and A. e controls
the spiral radius, and cos(27tl) produces the circular spiral motion. These update rules are
applied only to the individuals assigned to the WOA subgroup.
With a(t) =2— 2%, ap(t) = =1 —t/T, 1 = (ax(t) = V)r+1, p ~ U(0,1) :

A =2a(t)r; —a(t), C=2r (14)

Xbest — A|CXbest - xi| p< 0.5, |A| <1
XY = & Xynd — A|Cxpand — Xil, p < 05, |[A| >1 i€ Tywoal(t) (15)
Xpest — il cos(27l) + Xpest, p > 0.5

where spiral constant b = 1. The probability (p) is randomly generated between 0 and 1.

After the WOA and GWO subgroups independently update their candidate antenna
designs, the PSO component evaluates their relative performance and dynamically adjusts
the population ratio between the two algorithms for the next iteration. This adaptive
collaboration enables the hybrid optimizer to balance exploration and exploitation more
effectively than either GWO or WOA alone.

The adaptive learning mechanism of the proposed algorithm is presented in Equations
(16)—(21). The boundary projection in Equation (16) occurs immediately after GWO or
WOA updates a candidate antenna design in (13) or (15), respectively, to project every
design variable back into its feasible range. This ensures that every antenna generated
during optimization remains physically realizable and can be simulated in HFSS.

e e Ty () (16)

The greedy selection is introduced in Equation (17) to ensure that the optimizer does
not replace a good solution with a poor one. If the new antenna has a lower objective value
(better performance), it replaces the old one. Otherwise, the old solution is retained. Then,
the leader is updated using Equation (18). After every individual has been updated, the
algorithm ranks all solutions according to fitness. The three best solutions become alpha
(«), beta (B), and delta (9), where the alpha («) wolf is stored as X,

i1 X e (xW) < ¢ xl(t)
(1) { . (") (17)

x;’, Otherwise

(Xar Xp, X5) = top — 3({c(xl(t+l)> }i 1) Xpost = argm;'nc(xgj)) (18)

Equations (19) and (20) measure how much improvement was achieved by the grey

wolf subgroup and whale optimization during the current iteration, respectively. [z]"

means improvement contributes, deterioration contributes zero, and the average improve-
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ment over all GWO and WOA individuals is calculated. Equation (21) is the adaptive re-
ward normalization to convert the two improvement measures to normalized performance
scores, and ¢ in the denominator is to ensure a non-zero denominator. The score must satisfy
Swoa(t) + Scwo(t) = 1. Therefore, if GWO performs better, then Sgwo(t) > Swoa(f),
but if Swoa(t) > Sewo(t), then WOA performs better.

Tpemot) = |Ic1wo| ierG:Wo e(x) - c(xi(m))r (19)

1 +
Fowon® = e &, 057) —() )
T t
Sewol(t) rcwol! ; Swoal(t) =1—Sgwol(t) (21)

- ImPGWO<t) +ImPWOA(t) +e’

These scores become the inputs to the PSO module, which uses the normalized scores
to compute the next population division ratio (ps+1).

Equations (22)—(26) describe the PSO component and how it integrates GWO and WOA
into the proposed HGWWOA-PSO algorithm. Unlike conventional PSO, the particles here
do not optimize antenna dimensions directly. Instead, they optimize the population division
ratio (o) between the GWO and WOA sub-populations. This adaptive mechanism enables
the algorithm to allocate more search agents to the optimizer that is currently performing
better. r is the candidate proportion of the population assigned to GWO, and (1 —r) is
the proportion assigned to WOA. Syoa (t) is the normalized performance score of WOA,
and Sgwo(t) is the normalized performance score of GWO. If GWO has been producing
larger improvements than WOA, the fitness value increases as r increases. Conversely, if
WOA performs better, lower values of r yield higher fitness. Thus, PSO searches for the
population ratio that maximizes the expected effectiveness of the hybrid algorithm.

Equation (22) evaluates each candidate allocation using the normalized reward scores
from Equation (21). Equations (23) and (24) update the swarm of candidate allocations
using standard PSO dynamics. While Equation (23) performs velocity update, Equation (24)
performs particle position update. Equation (25) selects the best-performing allocation for
the next iteration. Finally, Equation (26) applies this allocation to repartition the population,
allowing GWO and WOA to update their assigned solutions before merging them into the
next generation. This adaptive feedback loop enables the hybrid algorithm to automatically
emphasize the optimizer that is currently contributing the most to improving antenna
performance, thereby enhancing both convergence speed and solution quality compared
with a fixed-ratio hybrid approach.

For a swarm of N, = 8 particles, 7; € [0uin, Pmax] maximizes the surrogate fitness

fit(r) =rSewo(t) + (1 —r)-Swoa(t) (22)
vj(t+1) = wo;(t) +c1u1(pj—rj) +czu2(g—rj) (23)
ri(t4+1) = H[pmm, o] (ri(t) +clip(vj(t+1), £0max)) (24)

where p; = arg max<; fit(r;(t)) (personal best), g = arg max; fit(r;(t)) (global best),
w=07c¢=c=15 0, =02,t=1,2,..., T, v]-(t) is the current velocity of particle j,
cy is the cognitive learning coefficient, c; is the social learning coefficient, and u; and u, are
independent random numbers [0, 1].

pPri1 =8 (25)
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pe+1 = PSO(Sewo(t), Swoal(t))
XD = setect (x(0, GwO (X ), WOA(XY) ) (26)
Igwo(t+1), Iwoa(t +1) = Partition (N, ps41)
The algorithm returns:
X = Xjggy € = (") @)

Population size (N) = 15, maximum iterations (T) = 15.

Initial GWO population ratio (r,) = 0.5, PSO parameters (w, c1,¢2) = (0.7, 1.5, 1.5).

3. Results and Discussion

This section is divided into two sections, i.e., Sections 3.1 and 3.2. The results of the
performance evaluation of the proposed HGWWOA-PSO algorithm compared with the
parent algorithm are presented in Section 3.1, while the results of the HGWWOA-PSO-
optimized antenna are presented in Section 3.2.

3.1. HGWWOA-PSO Performance Analysis

Figure 5a—c present the convergence characteristics, statistical performance, and adap-
tive population division ratio of the proposed HGWWOA-PSO as applied to the antenna
optimization problem. As shown in Figure 5a, the proposed HGWWOA-PSO algorithm
performs well compared to the standalone GWO and WOA. It reaches a stable minimum
value (—112.1) within the first three generations, while WOA converges quickly but settles
at a slightly higher cost value (—112.07), and GWO shows some instability within the
iterations, as shown in Figure 5a.

This efficiency in the proposed optimization algorithm is due to the combination of
the broad search nature of GWO with the exploitation strength of WOA, guided by PSO
to balance the approach continuously. The proposed HGWWOA-PSO algorithm has the
lowest objective values with no spread, as seen in Figure 5b. The near-zero dispersion of the
proposed algorithm shows that it is repeatable and is insensitive to random initialization,
which is important for electromagnetic optimization where each full-wave simulation is
costly and dependable convergence is expected. Figure 5c shows the evolution of the GWO
population ratio determined by the embedded PSO algorithm during the optimization
process. It can be observed that the adaptive ratio initially decreases from 0.5 (initial ratio)
to 0.33, which means that the algorithm gradually allocates a larger proportion of the
population to WOA during the early search stage because WOA provides greater fitness
improvement. As optimization progresses, the ratio slowly increases toward approximately
0.47, reflecting a rebalancing of computational resources between GWO and WOA as
the search approaches convergence, as shown in Figure 5c. This adaptive mechanism
demonstrates that the proposed optimizer does not rely on a fixed population partition
but instead continuously learns which search strategy contributes more effectively at each
iteration. Consequently, the algorithm achieves an improved exploration—-exploitation
balance compared with conventional hybrid metaheuristics that employ static population
allocations. Figure 5d shows the paired per-run final cost differences between GWO/WOA
and HGWWOA-PSO. It can be observed that HGWWOA-PSO has a positive per-run
difference relative to GWO in all 30 runs, while the WOA difference is exactly zero in all
30 runs. Thus, HGWWOA-PSO consistently produced a lower final cost than GWO and
exactly the same final cost as WOA.
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Figure 5. Proposed HWWOA-PSO: (a) convergence on THz antenna surrogate cost, (b) distribution of
final best cost across independent runs, (¢) HGWWOA-PSO adopted ratio over time (red dashes represent
the bound), (d) paired per-run final cost differences between GWO/WOA and HGWWOA-PSO.
Table 3 presents the descriptive and inferential statistical comparison of the final costs
obtained by GWO, WOA, and HGWWOA-PSO over 30 independent runs. HGWWOA-PSO
obtained a mean and median final cost of —112.0870, with zero standard deviation and
zero IQR because the same final value was obtained in all 30 runs. GWO obtained a mean
final cost of —111.9345 and a median of —111.9290, with a standard deviation of 0.0670 and
an IQR of 0.0888, as shown in Table 3.
Table 3. Descriptive and Wilcoxon signed-rank statistical comparison of final costs for GWO, WOA,
and HGWWOA-PSO over 30 independent runs.
. . Wilcoxon Effect Size Improvement of
Algorithm Mean Std. Dev. Median IQR W p-Value (Rank-Biserial) HGWWOA-PSO (%)
GWO —111.9345 0.0670 —111.9290 0.0888 0.000 < 0.001 1.000 0.1362%
WOA —112.0870 0.0000 —112.0870 0.0000 — — — 0.0000%
HGYWOA™ 1120870 00000 1120870 00000 — — — Reference

The paired comparison between GWO and HGWWOA-PSO showed that all 30 paired
differences were positive, with a mean difference of 0.1525 and a median difference of
0.1580. The Wilcoxon signed-rank test yielded W = 0 and p < 0.001, with a rank-biserial
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effect size of 1.000. This indicates that HGWWOA-PSO consistently produced a lower final
cost than GWO across all 30 runs. In contrast, WOA and HGWWOA-PSO produced the
same final cost (—112.0870) in all 30 runs. Consequently, all paired differences were zero,
and no Wilcoxon signed-rank statistic could be meaningfully estimated for this comparison.
The corresponding percentage improvement of HGWWOA-PSO over WOA was, therefore,
0.0000%. Relative to the mean GWO cost, the improvement achieved by HGWWOA-PSO
was approximately 0.1362%.

3.2. Results of the HGWWOA-PSO-Optimized Antenna
3.2.1. Reflection Coefficient |Sq1 |

The reflection coefficient of the initiator and the HGWWOA-PSO-optimized antenna
is shown in Figure 6. It can be seen that the initiator has resonance at three frequencies
at 299.8 GHz, 362.8 GHz, and 544.6 GHz, with reflection coefficients of —14.4 dB, —15 dB,
and —23.4 dB, respectively. It is worth noting that out of the three frequencies, only one is
almost at one of the target frequencies, as shown in Figure 6. The proposed HGWWOA-
PSO-optimized antenna has resonances at 361 GHz, 391.6 GHz, and 611.2 GHz (which are
the targeted frequencies) with reflection coefficients of —51.3 dB, —16.7 dB, and —20 dB,
respectively, as seen in Figure 6. It can be observed that the first and the second resonant
frequencies form a single band with a —10 dB bandwidth of 56.21 GHz, and the third
resonant frequency has a —10 dB bandwidth of 183.21 GHz, as seen in Figure 6. This
result shows that the proposed HGWWOA-PSO algorithm can easily be used to optimize
antenna design parameters to achieve any desired resonant frequency without doing a
time-consuming trial and error.

07
-10
& 20
S ]
4 =30
] —— HGWWOA-PSO
—40 - Initiator
-501
_60-'"'I""I""I""I""I""I""I""I""I
100 200 300 400 500 600 700 800 900 1000
Freq.(GHz)

Figure 6. | S1; | response of the initiator and the proposed HGWWOA-PSO-optimized antenna.

3.2.2. Gain, Radiation Patterns, Efficiency, and Current Density of the Proposed
HGWWOA-PSO Antenna

The gain, radiation efficiency, and radiation patterns of the proposed HGWWOA-PSO-
optimized antenna are presented in Figure 7, Figure 8, and Figure 9, respectively. It can be
observed in Figure 7 that the gain in the lower band is between 0.48 dBi and 2.4 dBi, while
that of the upper band is between 2.5 dBi and 4.5 dBi. The radiation efficiency achieved
at the lower band range is 45-55%, while the upper band is 85-95%, as shown in Figure 8.
These results show that the HGWWOA-PSO-optimized antenna achieved a balanced trade-
off between antenna miniaturization and radiation performance. These characteristics
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confirm the suitability of the proposed antenna for high-speed terahertz communication,
imaging, sensing, and other emerging terahertz applications requiring compact size and
high electromagnetic performance. The omnidirectional radiation patterns are observed
at 361 GHz and 611.2 GHz in both the E-plane and H-plane of the proposed HGWWOA-
PSO-optimized antenna, as shown in Figure 9. Therefore, the proposed antenna is a good

candidate for many terahertz applications.

5
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Figure 7. Gain of the proposed HGWWOA-PSO-optimized antenna.
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Figure 8. Radiation efficiency of the proposed HGWWOA-PSO-optimized antenna.

Figure 10 presents the simulated surface current density (Jsurf) distributions on the
proposed HGWWOA-PSO-optimized antenna at its three resonant frequencies, 361 GHz,
391.6 GHz, and 611.2 GHz, to provide physical insight into the antenna’s multiband
operation mechanism. It can be observed that the current distribution at both 361 GHz
and 391.6 GHz is almost the same except that there is a stronger current concentration
around the right-hand side L-slit, as seen in Figure 10a,b. This explains the reason for both
resonant frequencies form a single band. At 6.112 GHz, the current is more pronounced at
the lower left-hand side rectangular slit with reduced current magnitude spreading into
the upper patch area, as shown in Figure 10c. The close correspondence between current
path length and resonant frequency validates the antenna design and confirms that the
HGWWOA-PSO optimization successfully tuned the slot dimensions to achieve the desired
three resonant frequency responses while maintaining acceptable current confinement, that
is, low surface current leakage to the ground plane, depicted as a uniformly blue outer

regions, as shown in Figure 10.
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Figure 9. Radiation patterns of the proposed HGWWOA-PSO-optimized antenna.
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Figure 10. Current distribution of the proposed HGWWOA-PSO-optimized antenna at (a) 361 GHz,
(b) 391.6 GHz, and (c) 611.2 GHz.
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4. Comparative Analysis

Table 4 compares the proposed HGWWOA-PSO-optimized antenna with recently
reported terahertz antennas in terms of electrical size using free-space wavelength (A, ) at
the lowest frequency, number of operating bands, peak radiation efficiency, and peak gain.
It can be observed from Table 4 that the proposed antenna has the most compact electrical
size of 0.24A, x 0.24A, at 361 GHz, which shows a significant reduction in the antenna
footprint compared with the recently published works. The antenna presented in [19]
has a dual band but with a higher footprint compared with the proposed HGWWOA-
PSO-optimized antenna, which achieves a dual band with a more compact footprint. This
combination of miniaturization and multiband capability makes the proposed antenna
an attractive candidate for terahertz communication systems, where compactness and
dual-band are essential design requirements.

In terms of radiation performance, the proposed HGWWOA-PSO-optimized antenna
attains a peak radiation efficiency of 95%, which is the highest among all the compared
works. The peak gain of the proposed HGWWOA-PSO-optimized antenna exceeds the
gains achieved in references [12,28-30] despite its compactness. Although the maximum
gain of the proposed antenna is lower than the gains reported in references [19,31,32], it is
noteworthy that the proposed antenna is more compact, and antennas in [31,32] operate
for a single band only. Therefore, the proposed HGWWOA-PSO-optimized antenna offers
a well-balanced trade-off between compactness, multiband operation, radiation efficiency,
and gain, demonstrating superior overall performance and making it a good candidate
for next-generation terahertz wireless communication and sensing applications. It is
worth noting that at dimensions of 5-90 pum, fabrication tolerances become critical at THz
frequencies, since deviations of even a few micrometers can shift the resonant frequencies
and degrade matching and gain, so the reported results assume ideal manufacturing and
should be validated through tolerance analysis and experimental fabrication in future work.

Table 4. Comparative analysis of the HGTWOA-optimized antenna with previous works.

Ref.

Size

Number of Peak Gain

(Year) (Ao Ao) @f, (GH) Bands Pealc Eff. (%) (dB) Technique Optimizer
[31] . SPC Substrate +
2020 ’ ’ ’ Rectangular Patc
1.02 x 1.02 @ 607 Single 89.79 9.75 gul h NO
[28] . Dual Rectangular
(2024) 0.62 x 0.3 @450 Single 32 3.1 Patch + Slot NO
(2[(2)?]9) 0.37 x 0.24 @ 309 Single 13 1 Rectangular Patch NO
(2[33(])) 1.40 x 0.70 @ 210 Single NR 7 Vivaldi NO
(2[88]9) 2.58 x 2.58 @ 775 Single 55.88 35 Rectangular Shape NO
(2[(1);,1-)) 0.47 x 0.47 @ 290 Single 85 3.1 MIF + AMC NO
[19] Aperture-Coupled
(2021) 0.52 x 0.64 @26.4 Dual NR 7.13 E-Shaped WOA
This work 0.24 x 0.24 @ 361 Dual 95 45 Rectangular Patch + GWO + WOA
Slot +PSO

SPC—silicon air photonic crystal; NR—not reported; MIF—minkowski island fractal; AMC—artificial
magnetic conductor.

5. Conclusions

In this paper, a new hybrid metaheuristic algorithm called HGWWOA-PSO for antenna
design optimization has been presented. The developed algorithm was deployed for a
multi-objective antenna design problem (minimize reflection coefficient, maximize gain and
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radiation efficiency) at three different resonant frequencies. The proposed HGWWOA-PSO-
optimized antenna resonates at the three target resonant frequencies (361 GHz, 391.6 GHz,
and 611.2 GHz), two (361 GHz and 391.6 GHz) of which eventually form a band. Hence,
the HGWWOA-PSO-optimized antenna is a dual-band antenna. The —10 dB bandwidth
of the lower band is 56.21 GHz, while the upper band bandwidth is 183.21 GHz, with
an antenna footprint of 0.24A,x 0.24A, at 361 GHz. At the lower band, the range of
gain and radiation efficiency achieved is 0.48-2.4 dBi and 45-55%, respectively, but at
the upper band, the range of gain and efficiency is 2.5-4.5 dBi and 85-95%, respectively,
while maintaining an omnidirectional radiation pattern at the E-plane and H-plane. The
features such as compact size, multiband operation, high gain, and high radiation efficiency
make the proposed antenna suitable for terahertz communications. This study focused
on evaluating the complete HGWWOA-PSO framework against GWO and WOA under
identical computational conditions. Evaluation of partial hybrid variants is recommended
as future work.
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