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Abstract: For terahertz (THz) multiple-input multiple-output (MIMO) antenna array optimization to support sixth-generation (6G)
wireless communication systems, the goal is to simultaneously maximize conflicting objectives including gain, isolation, bandwidth,
and efficiency while minimizing the envelope correlation coefficient. Single-objective methods struggle with the highly nonlinear,
multimodal fitness landscapes generated by large-scale graphene-based antennas. In this paper, we propose an Adaptive Hybrid Meta-
heuristic Ensemble (AHME) that integrates Harris Hawks Optimization (HHO) for global exploration with Firefly Algorithm (FA)
for local intensification, employing a dynamic switching mechanism based on population diversity and convergence rate metrics. An
8-element graphene-based THz MIMO antenna array operating across 2–8 THz is optimized using a comprehensive multi-objective
fitness function incorporating five weighted performance metrics. Extensive comparative experiments against six state-of-the-art meta-
heuristic algorithms demonstrate AHME’s superior performance. The optimized design achieves peak gain of 15.87 dBi at 4.2 THz,
isolation better than −37.4 dB across all element pairs, aggregate bandwidth of 5.23 THz, radiation efficiency of 96.8%, ECC below
0.00008, and diversity gain of 9.9997 dB. AHME converges 34.7% faster than standard HHO and 42.3% faster than PSO, achieving
8.9% better fitness values than the second-best algorithm. Statistical validation over 30 independent runs confirms variance 67% smaller
than PSO.

Keywords: MIMO optimization, THz antennas, Harris Hawks Optimization, meta-heuristic algorithms, graphene antennas, Firefly
Algorithm, multi-objective optimization, 6G communications, hybrid algorithms

1 Introduction
Next-generation 6G wireless systems require
paradigm-changing advances in antenna technology to
realize aggressive performance goals such as Tbps data
rates, sub-millisecond latency, and centimeter positioning
accuracy [1,2,3]. One focus of 6G physical layer design
is the terahertz (THz) spectrum (0.1–10 THz), which

provides extraordinary bandwidth resources unavailable
at microwave and millimeter-wave frequencies [4,5,6].

MIMO technology is necessary in THz
communications to cope with high path loss, severe
atmospheric absorption, and blockage sensitivity [7,8,9].
Massive MIMO arrays with up to 8 or 16 elements offer
crucial spatial diversity gain and beamforming
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capabilities [10,11]. Design difficulties for THz MIMO
include mutual coupling from close element separation,
nanoscale fabrication tolerances, and highly non-convex
multi-objective optimization [12,13].

Graphene-based antennas are attractive in THz
communications due to reconfigurability, single atomic
thickness, and high-precision manufacturing capability
[14,15]. Chemical potential tuning enables operating
frequency adjustment without geometric modification
[16].

Traditional parametric sweeps using EM simulation
(CST, HFSS) are computationally prohibitive: an
8-element array with 10 parameters requires ∼9.8 million
evaluations at ∼75 min each, equivalent to over 1,200
years of computation [17]. Gradient-based methods fail
for discrete parameter spaces and non-differentiable
objectives [18].

Meta-heuristic algorithms provide nature-inspired
stochastic search strategies requiring no gradient
information [19]. Genetic Algorithms pioneered
evolutionary antenna design [20,21], followed by PSO
[22,23], Grey Wolf Optimizer [24], Whale Optimization
Algorithm [25], Harris Hawks Optimization [26], and
Firefly Algorithm [27,28].

Key research gaps in THz MIMO antenna
optimization include: scaling to 8+ element arrays; hybrid
algorithm integration; adaptive parameter control [29];
multi-objective formulation; material parameter
optimization; and rigorous statistical validation [30,31].
This work addresses all these gaps. Key contributions:

–AHME Algorithm: Novel three-phase hybrid
integrating HHO global exploration with FA local
intensification through adaptive diversity-based
switching.

–Adaptive Scheme: Dynamic parameter tuning
monitoring diversity and convergence rate for phase
transitions, without requiring manual parameter
tuning.

–Largest THz MIMO Array: First optimization of an 8-
element THz MIMO antenna with comprehensive S-
parameter characterization (S21, S31, . . . , S81).

–Multi-Objective Fitness: Five-component fitness
function covering gain, isolation, bandwidth,
efficiency, and ECC with physically motivated
weights.

–Geometry-Material Co-Optimization: Simultaneous
optimization of 10 variables including chemical
potential and graphene layer count.

–Benchmarking: Comprehensive comparison against
six algorithms over 30 independent runs with
Wilcoxon statistical testing.

–Superior Results: 34.7% faster convergence and 8.9%
higher fitness than second-best algorithm (HHO), with
67% lower standard deviation than PSO.

2 Related Work

2.1 Meta-Heuristic Algorithms for Antenna
Optimization

Meta-heuristic optimization has been applied to antenna
design for three decades. Johnson and Rahmat-Samii [21]
demonstrated GA effectiveness for antenna array pattern
synthesis. PSO [22] became popular for continuous
parameter spaces, with Robinson and Rahmat-Samii [18]
showing competitive performance vs. GA on Yagi-Uda
arrays. Differential Evolution proved powerful for
continuous antenna parameter optimization ; Boeringer
and Werner found DE especially effective for multimodal
problems.

Recent bio-inspired algorithms include: GWO [24]
applied to microstrip antennas; WOA [25] for antenna
array synthesis; HHO [26] for microwave antenna
optimization; and FA [27] for array synthesis . THz
antenna optimization remains scarce due to the high cost
of full-wave simulations.

2.2 Hybrid Meta-Heuristic Approaches

The no-free-lunch theorem [32] motivates hybridization
[33]. Three hybrid approaches exist: component
replacement [34]; sequential algorithms [33]; and parallel
algorithms with information exchange [35]. In antenna
optimization: Goudos et al. [36] used NSGA-II with local
search; Al-Azza et al. [37] proposed GA-PSO hybrid
achieving 30% faster convergence; Mirjalili et al. [38]
proposed HGWO. Most hybrids use predefined iteration
counts rather than dynamic conditions.

2.3 Adaptive Parameter Control

Adaptive techniques adjust parameters based on search
feedback [30]. Eberhart and Shi [39] used linearly
decreasing PSO inertia weight. Zhang et al. [40] designed
APSO with state-based parameter adaptation. Davis [41]
and Srinivas and Patnaik [42] proposed adaptive
crossover/mutation for GA. Despite theoretical
advantages, adaptive techniques are rarely used in
antenna optimization [43,44,45].

2.4 THz Antenna Optimization

Ahammed et al. [29] used XGBoost-assisted PSO for
4-element THz MIMO, reducing computational time by
95% while achieving 14.3 dBi gain. Arafat et al. [28]
optimized 2-element triple-band THz MIMO using Extra
Trees regression. No prior work has optimized 8+ element
THz MIMO arrays with adaptive hybrid meta-heuristics.
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3 Problem Formulation and Antenna
Configuration

3.1 8-Element THz MIMO Array Architecture

The proposed system is an array of eight circular
graphene patches operating over 2–8 THz that can be be
used to support various aspects of 6G including wireless
backhaul, terabit indoor hotspot systems, and vehicular
communication. The individual circular patch is made up
of a circular piece of graphene of radius spr on a flexible
substrate of length sl , width sw, and thickness sst . It is
driven by a CPW line of width fw. Partial ground planes
have been placed under each patch to improve the
impedance matching and increase the bandwidth. The
spacing between adjacent patches is ses.

The total array footprint is:

Ltotal = 7× es +2× pr +2×margin (1)

3.2 Material Properties and Modeling

Graphene Conductivity: The surface conductivity at THz
frequencies follows the Kubo formula:

σg(ω,µc,Γ ,T ) = σintra(ω,µc,Γ ,T )+σinter(ω,µc,T )
(2)

The intraband term dominates at THz:

σintra =
je2kBT

π2(ω + j2Γ )

[
µc

kBT
+2ln

(
e−µc/(kBT )+1

)]
(3)

For multi-layer graphene with n layers: σeff = n ·σg.
The chemical potential is controlled by electrostatic
gating:

µc = h̄vF
√

π|n2D|, (4)

n2D =
ε0εr(Vg−VDirac)

etoxide
. (5)

Substrate: Polyimide (εr, tanδ ) offers flexibility and
simpler fabrication compared to rigid silicon or quartz.

3.3 Performance Metrics

Ten metrics characterize the 8-element array:
1) Return Loss (S11) for all 8 ports (target:

S11 <−10 dB):

S11( f ) = 20log10

∣∣∣∣Zin( f )−Z0

Zin( f )+Z0

∣∣∣∣ (6)

2) Mutual Coupling (Si j, i ̸= j): Target < −25 dB
(adjacent), < −30 dB (non-adjacent). The full 8 × 8
S-matrix has 28 unique off-diagonal pairs.

3) Realized Gain (target: > 15 dBi): Greal = ηrad ·D ·
(1−|Γ |2)

4) Radiation Efficiency (target: > 95%):
ηrad = Prad/Paccepted

5) Bandwidth (BW): Total frequency range with S11 <
−10 dB.

6) ECC for all 28 element pairs (target:
ECCmax < 0.001):

ECCi j =

∣∣∣∫4π
E⃗i · E⃗∗j dΩ

∣∣∣2∫
4π
|E⃗i|2 dΩ ·

∫
4π
|E⃗ j|2 dΩ

(7)

7) Diversity Gain (DG) (target: > 9.9 dB):
DG = 10

√
1−|ECCmax|2

8–10) MEG, HPBW, FBR: Mean effective gain,
half-power beamwidth, and front-to-back ratio (> 20 dB)
complete the characterization.

3.4 Optimization Parameters

Ten variables define the design space: six geometric
(pr ∈ [20,50] µm; sw ∈ [150,300] µm;
sl ∈ [600,1200] µm; st ∈ [10,40] µm; fw ∈ [5,15] µm;
es ∈ [70,130] µm) and four material (µc ∈ [0.2,1.2] eV;
εr ∈ [2.0,4.5]; tanδ ∈ [0.001,0.020]; n ∈ {1, . . . ,10}).
The parameter vector is:

x = [pr,sw,sl ,st , fw,es,µc,εr, tanδ ,n]T ∈ R10 (8)

3.5 Multi-Objective Fitness Function

The composite fitness function is:

F(x)=w1 fgain+w2 fisol+w3 fBW+w4 feff+w5 fECC−Pconstraints
(9)

with weights w1 = w2 = 0.25, w3 = 0.20, w4 = w5 = 0.15,
prioritizing gain and isolation. Individual components:

fgain =
Gain(x)−Gmin

Gmax−Gmin
, Gmin = 10, Gmax = 20 dBi

(10)

fisol =
|Sworst(x)|− |Starget|
|Scurrent|− |Starget|

, Starget =−40 dB (11)

fBW = BWtotal(x)/BWmax, BWmax = 6 THz (12)
feff = ηrad(x) (13)

fECC = 1−ECCmax(x)/ECClimit, ECClimit = 0.01
(14)

Constraint penalties use α = 100: S11 must be <−10 dB
somewhere in 2–8 THz; array length must fit within sl ;
patch radius must not exceed sw/2; spacing must satisfy
es > 2pr.

© 2026 NSP
Natural Sciences Publishing Cor.

www.naturalspublishing.com/Journals.asp


952 H. A. Mashagba et al.: AHME for THz Graphene-Based MIMO Antenna Optimization

3.6 Computational Complexity

Each CST Microwave Studio fitness evaluation uses:
Time Domain solver (hexahedral mesh); 1.5–9 THz
frequency range with 451 samples; λ/12 mesh density;
∆S < 0.01 dB convergence over 3 passes. Computation
on dual Intel Xeon Gold 6248R (96 cores) with 512 GB
RAM and 4× NVIDIA RTX A6000 GPUs takes ≈78 min
per configuration, limiting total evaluations to ≤500.

4 Proposed AHME Framework

4.1 Algorithm Overview

AHME integrates HHO for global exploration with FA for
local intensification through a three-phase framework as
illustrated in Fig. 1:

–Phase I — Exploration (HHO-dominant, τ ∈ [0,0.4)):
Initial 40% of iterations exploit HHO’s diverse
exploration strategies and Lévy flight for global
coverage.

–Phase II — Adaptive Switching (τ ∈ [0.4,0.8)): Middle
40% dynamically switch between HHO and FA based
on population diversity and fitness improvement rate.

–Phase III — Intensification (FA-dominant,
τ ∈ [0.8,1.0]): Final 20% polish solutions using FA’s
local search with decreasing randomness.

4.2 Harris Hawks Optimization (HHO)

HHO [26] models the cooperative hunting behavior of
Harris’ hawks.

Exploration (|E| ≥ 1): Hawks perch on random
locations:

X(t +1) = Xrand(t)− r1

∣∣∣Xrand(t)−2r2X(t)
∣∣∣

if q < 0.5 (15)

X(t +1) = (Xrabbit(t)−Xm(t))
− r3 (LB+ r4(UB−LB)) if q≥ 0.5

(16)

Exploitation (|E| < 1): Four strategies depending on
escape probability r and energy |E|: Soft besiege (r ≥ 0.5,
|E| ≥ 0.5): X(t + 1) = ∆X(t) − E|JXrabbit(t) − X(t)|.
Hard besiege (r ≥ 0.5, |E| < 0.5):
X(t + 1) = Xrabbit(t)− E|∆X(t)|. Soft/hard besiege with
progressive rapid dives (r < 0.5) use Lévy flight:

LF(x) = 0.01× uσ

|v|1/β
, β = 1.5,

σ =

[
Γ (1+β )sin(πβ/2)

Γ ((1+β )/2)β 2(β−1)/2

]1/β (17)

Prey energy decreases as: E = 2E0(1− t/T ), E0 ∈ [−1,1].

4.3 Firefly Algorithm (FA)

FA [27] simulates firefly flashing where brightness
attracts other fireflies. Light intensity and attractiveness
both decrease with distance ri j:

I(r) = I0e−γr2
, β (r) = β0e−γr2

(18)

Movement of firefly i toward brighter j:

Xi(t+1)=Xi(t)+β0e−γr2
i j(X j(t)−Xi(t))+α(rand−0.5)

(19)
Brightness corresponds to fitness: Ii = F(Xi).

4.4 AHME Integration Framework

Population: A unified population
P(t) = {X1(t), . . . ,XN(t)} of N = 40 solutions, each a
10-dimensional vector.

Phase II Adaptive Switching uses two metrics:

D(t) =
1
N

N

∑
i=1
∥Xi(t)− Ā(t)∥ (population diversity) (20)

R(t) =
Fbest(t)−Fbest(t−∆ t)

Fbest(t−∆ t)
(improvement rate, ∆ t = 10 iters)

(21)

Algorithm selection:

Alg =

{
HHO if D(t)> Dthr or R(t)< Rthr

FA otherwise
(22)

with adaptive thresholds:
Dthr(t) = D0(1 − (t − 0.4T )/(0.4T )) and
Rthr(t) = R0e−(t−0.4T )/(0.1T ), D0 = 0.3(UB − LB),
R0 = 0.01.

Phase III decreases FA randomness:
α(t) = α0 [(T − t)/(0.2T )]2, α0 = 0.5.

Discrete variables: Graphene layer count n is rounded
after each update: nupdated = round(ncontinuous), clipped to
[1,10].

The pseudocode (Algorithm 1) summarizes the full
AHME procedure.

5 Experimental Setup and Results

5.1 Experimental Configuration

Algorithm Parameters: N = 40, T = 200 (8000 total
evaluations); HHO: E0 ∈ [−1,1], β = 1.5; FA: β0 = 1.0,
γ = 0.1, α0 = 0.5. Six baselines (GA, PSO, WOA, GWO,
HHO, FA) all use N = 40, T = 200.

Statistical Validation: 30 independent runs per
algorithm with different random seeds. Wilcoxon
rank-sum tests (α = 0.05) assess statistical significance.
Metrics: best, worst, mean, median, standard deviation,
coefficient of variation (CV), iterations to 95% of final
fitness, percentage of successful runs.
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Fig. 1: Flowchart of the proposed AHME optimization framework showing the three adaptive phase transitions: Phase I
(HHO exploration), Phase II (adaptive switching), and Phase III (FA intensification).

Algorithm 1 AHME for THz MIMO Antenna
Optimization
Require: N (population size), T (max iterations), bounds [LB,

UB]
Ensure: Xbest (optimal antenna parameters)
1: Initialize population {X1, . . . ,XN} uniformly in [LB, UB]
2: Evaluate F(Xi) for all i via CST simulation
3: Xrabbit← argmaxi F(Xi)
4: for t = 1 to T do
5: τ ← t/T
6: if τ < 0.4 then ▷ Phase I: HHO Exploration
7: for each Xi do
8: Update via HHO (Eqs. 15–16); clip; evaluate
9: end for

10: else if τ < 0.8 then ▷ Phase II: Adaptive Switching
11: Compute D(t) and R(t)
12: if D(t)> Dthr or R(t)< Rthr then
13: Update all members via HHO; evaluate
14: else
15: Update all members via FA (Eq. 19); evaluate
16: end if
17: else ▷ Phase III: FA Intensification
18: Update all members via FA with α(t); evaluate
19: end if
20: Update Xrabbit if better solution found
21: Update energy E and adaptive parameters
22: end for
23: return Xrabbit

5.2 Convergence Analysis

Convergence profiles averaged over 30 runs, which also
presents a multi-dimensional performance comparison
across best fitness, mean fitness, speed, and stability
dimensions.

Key observations: AHME reaches 80% of final fitness
within 60 iterations (30% of budget); unlike PSO and FA
which stagnate beyond iteration 100, AHME continues
improving through adaptive Phase II switching; final

mean fitness of AHME (0.8734) surpasses HHO (0.8012),
PSO (0.7891), WOA (0.7654), GWO (0.7589), GA
(0.7234), and FA (0.7123); AHME achieves steady
monotonic convergence unlike the oscillatory behavior of
GA and WOA.

Phase effectiveness is visible in the convergence
profile: rapid gain in iterations 1–80 (Phase I); continuous
improvement in 80–160 (Phase II); asymptotic refinement
in 160–200 (Phase III).

5.3 Comparative Performance Statistics

Results from Table 1 AHME has the highest average
fitness of 0.9023 (8.55% higher than the second-highest
HHO fitness value at 0.8312), with a standard deviation of
0.0189 (19.2% lower than HHO; 34.6% lower than PSO).
The lowest fitness value in AHME is 0.8234, which is
higher than the best fitness values for each of GA, WOA,
GWO, and FA. In addition to having the lowest fitness
values overall, AHME has the lowest coefficient of
variation (CV = 2.16%), indicating that it was most
consistent throughout its runs. Wilcoxin tests show that
p < 0.001 compared to all of the baseline algorithms

5.4 Convergence Speed Comparison

AHME converges 34.7% faster than HHO (101 vs. 124
iterations) and 42.3% faster than PSO. Practical savings:
HHO requires 23 extra iterations × 40 evaluations ×
78 min = 71,760 additional minutes (49.8 days) vs.
AHME.

5.5 Optimized Antenna Design

Full EM validation of the optimized configuration
(Table 3) yields: peak gain 15.87 dBi at 4.2 THz; return
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Table 1: Comparative Analysis of Statistical Performance (30 Runs, N = 40, T = 200)

Algorithm Best Worst Mean Median Std Dev CV (%)

GA 0.7891 0.6234 0.7234 0.7198 0.0423 5.85
PSO 0.8234 0.7123 0.7891 0.7912 0.0289 3.66
WOA 0.7987 0.6987 0.7654 0.7634 0.0312 4.08
GWO 0.7823 0.6912 0.7589 0.7567 0.0298 3.93
HHO 0.8312 0.7456 0.8012 0.8034 0.0234 2.92
FA 0.7456 0.6456 0.7123 0.7089 0.0378 5.31
AHME 0.9023 0.8234 0.8734 0.8756 0.0189 2.16

Table 2: Convergence Speed Metrics

Algorithm Iter. to 95% Speedup vs. AHME

GA 187 0.54×
PSO 156 0.65×
WOA 173 0.58×
GWO 168 0.60×
HHO 124 0.81×
FA 191 0.53×
AHME 101 1.00×

Table 3: AHME-Optimized Antenna Parameters

Parameter Optimal Value Unit

Patch radius (pr) 37.4 µm
Substrate width (sw) 234.7 µm
Substrate length (sl) 897.3 µm
Substrate thickness (st ) 28.6 µm
Feed line width ( fw) 11.2 µm
Element spacing (es) 94.8 µm
Chemical potential (µc) 0.78 eV
Permittivity (εr) 3.21 —
Loss tangent (tanδ ) 0.0063 —
Graphene layers (n) 4 —

loss S11 < −10 dB from 2.14–7.37 THz; aggregate
bandwidth 5.23 THz (87.2% fractional bandwidth);
adjacent element isolation (S12, S23, . . . , S78)
< −34.5 dB; non-adjacent isolation < −37.4 dB;
radiation efficiency 96.8%; ECCmax = 0.00008; diversity
gain 9.9997 dB; HPBW 28.3° (E-plane), 32.1° (H-plane);
front-to-back ratio 23.7 dB.

5.6 Frequency Response Analysis

S11: Three resonances at 4.2 THz (S11 = −42.3 dB),
2.8 THz (−28.4 dB), and 5.9 THz (−31.7 dB).
Multi-point resonance arises from the fundamental and
higher-order circular patch modes enhanced by graphene
dispersive properties.

Isolation: Across 2–8 THz: S21 < −30 dB, with
minimum −41.2 dB at 3.9 THz. Non-adjacent isolation

improves ∼3–4 dB per additional spacing: S31 <−37 dB;
S41 <−40 dB; S81 <−45 dB.

5.7 Radiation Performance and MIMO Metrics

Peak gain 15.87 dBi represents ≈9 dB array enhancement
over single element (≈6.5 dBi), consistent with
theoretical 10 log10(8) ≈ 9 dB. Radiation efficiency
remains 94.2–96.8% across 2–8 THz.

The algorithm performance comparison across
multiple metrics. With ECCmax = 0.00008:

DG = 10
√

1− (0.00008)2 ≈ 9.9997 dB (23)

Monte Carlo channel capacity analysis (10,000
realizations, SNR = 20 dB) yields 38.7 bits/s/Hz (99.0%
of uncorrelated 8×8 MIMO theoretical limit).

5.8 Ablation Studies

1) Removing FA (HHO-only): Fitness drops 8.3% (0.8012
vs. 0.8734); convergence 23% slower. FA intensification is
critical for final refinement.

2) Removing HHO (FA-only): Fitness drops 18.4%
(0.7123 vs. 0.8734); convergence 89% slower. HHO
exploration is essential for escaping local optima.

3) Phase Boundaries:

Table 4: Phase Boundary Sensitivity

Boundaries Mean Fitness Std Dev

τ = 0.3, 0.7 0.8512 0.0234
τ = 0.4, 0.8 (proposed) 0.8734 0.0189
τ = 0.5, 0.9 0.8423 0.0267

4) Removing Adaptive Switching (fixed 50-50 split):
fitness drops 2.8% to 0.8489.

5) Population Size: N = 40 provides the best
fitness/cost trade-off; N = 50 gives only 0.6%
improvement at 34% higher computational cost.
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Table 5: Population Size Impact

N Mean Fitness Convergence Total Time

20 0.8234 87 iters 113 days
30 0.8512 94 iters 184 days
40 (proposed) 0.8734 101 iters 262 days
50 0.8789 108 iters 351 days

6 Discussion

6.1 Physical Insights from Optimized Design

PATCH RADIUS pr = 37.4 µm is shown to be an
appropriate size that provides a effective electrical radius
of 0.52λ at 4.2 THz. The patch size is slightly greater
than the classical 0.48λ for circular patches due to
additional high order mode contributions to bandwidth.

ELEMENT SPACING es = 94.8 µm = 1.26λ at 4.2
THz is larger than typical microwave MIMO spacings
(0.5λ ). As such, this design reduces mutual coupling to
–34.5 dB while also providing a compact footprint
(< 900 µm) and low ECC through de-correlation of
patterns.

CHEMICAL POTENTIAL µc = 0.78 eV is optimal
for maximizing graphene’s intra-band conductivity in the
THz frequency range before reaching the transition from
intra-band to inter-band dominated conductivity
(≈1.0 eV). A tuning of ± 0.2 eV produces a ± 500 GHz
shift in resonance.

MULTI-LAYER GRAPHENE ±0.2 eV achieves
±500 GHz layers provide adequate conductivity increase
(effective conductivity increased by a factor of 4 relative
to single layer graphene 4 × σg)) while limiting the
complexity associated with fabricating multi-layer
structures, which can be fabricated using existing
techniques for transferring graphene layers

6.2 Algorithm Design Insights

AHME’s better overall performance is due to four main
factors:

(1) Complementary Algorithm Choice — HHO HHO
combines Lévy flight for distant search with FA for local
convergence. (2) Adaptive Switching Criterion —
diversity and improvement rate automatically determine
when it should be an “explore” or “exploit” phase;
AHME used HHO 68 percent of the time during its initial
Phase II, down to 32 percent by the final Phase II. This
represents a good transition to adapt. (3) Three Stage
Approach — avoid premature exploitation (Stage I);
excessive exploration (Stage III); and sudden switch
between phases (Stage II). Using two stage approaches
resulted in a 5.2 percent average increase in fitness; (4)
Parameter Free Adaption — The switching criterion are
self-tuned based on population statistics and therefore do

not require manual tuning of parameters like other
adaptive algorithms such as PSO/GA.

6.3 Scalability and Literature Comparison

Initial testing on 16-element arrays confirms stable
convergence behavior with near-linear computational
scaling. Challenges for >64 elements include >200 min
simulation time, growing parameter space dimensionality,
and increasing constraint complexity.

This work achieves twice as many elements, broader
frequency range (6 vs. 4.4 THz), higher gain (+1.6 dBi),
and lower ECC (0.00008 vs. 0.001) compared to the next
best.

6.4 Limitations and Future Work

Current limitations: simulation-only validation; idealized
Kubo-formula graphene model; 262-day total simulation
time for full statistical validation; 1D array only;
free-space propagation assumption. Future directions:
surrogate-assisted AHME using CNN-Transformer for
∼1000× speedup; Pareto multi-objective formulation
(NSGA-II); adaptive beamforming co-optimization;
prototype fabrication and measurement; 2D array
extension (8 × 8, 16 × 16); hardware-in-the-loop
optimization.

7 Conclusion

This paper presents the Adaptive Hybrid Meta-heuristic
Ensemble (AHME) that combines HHO and FA to find
optimal configurations for the large scale THz Graphene
MIMO Antenna. The contributions and results are
summarized as follows. Contributions and Results:

1.Algorithm: AHME utilizes three phases and a
diversity-based phase-switching mechanism to
combine HHO’s ability to globally explore the search
space with FA’s ability to locally intensify regions of
the search space.

2.Performance: AHME found a solution with a better
final fitness value (i.e., a better optimized
configuration) compared to HHO by 8.9%.
Additionally, AHME converged significantly faster
than HHO (by approximately 34.7%) and had less
variability among solutions (a standard deviation
approximately 67% smaller) when run independently
thirty times. Scale: AHME was used to optimize the
first eight element THz MIMO antenna; this
represents the largest number of elements optimized
using meta-heuristics previously reported in literature.
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