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This paper presents an efficient procedure for the synthesis of current excitation amplitude weights of
linear antenna arrays (LAA) aimed at suppressing side lobe levels (SLL) while preserving the main-beam
shape. The approach combines the exploratory strength of the moth flame optimization (MFO) algorithm
with a surrogate model constructed using a random forest regressor. The surrogate replaces the majority of
full electromagnetic evaluations during the optimization cycle, thereby reducing computational burden with-
out compromising accuracy. The methodology is examined through the design of 10-element and 16-element
arrays with half-wavelength spacing. Numerical results confirm that the proposed hybrid strategy provides
improved side lobe performance and faster convergence compared with conventional uniform excitation and
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standalone MFO.
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1. INTRODUCTION

Linear antenna arrays remain indispensable in mod-
ern wireless and sensing systems owing to their
straightforward geometry and their suitability for em-
bedded beam forming [1]. Despite these advantages, one
enduring challenge is the control of side lobe radiation,
particularly in environments requiring strict interfer-
ence mitigation. Classical amplitude tapers such as the
Taylor, Chebyshev or Binomial distributions offer pre-
dictable performance but lack flexibility when uncon-
ventional beam shapes or additional constraints must be
imposed.

In recent years, stochastic optimizers have become
attractive tools for array synthesis [4-12]. Algorithms
such as genetic algorithms (GA), differential evolution
(DE), particle swarm optimization (PSO) and the moth
flame optimization (MFO) technique have demonstrated
strong performance on non-linear, non-convex design
problems. However, these approaches often demand
large numbers of array factor evaluations on fine angu-
lar grids, which considerably increases computation
time.

Surrogate-assisted optimization [2] has emerged as
an effective remedy for this drawback. Instead of relying
entirely on expensive electromagnetic evaluations, a sta-
tistical or data-driven model approximates the mapping
between candidate design variables and the perfor-
mance metric of interest. In this study, a randomforest
regressor [3] is adopted as the surrogate model. Its ro-
bustness, minimal hyper parameter sensitivity and
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inherent ability to capture non-linear behaviour make it
well suited to array synthesis problems.

The main aim of this paper is to integrate the ran-
domforest surrogate with MFO [5] to accelerate side lobe
optimization in linear arrays. The hybrid scheme is eval-
uated through two representative array sizes, and the
results clearly demonstrate the benefits of the proposed
strategy.

The remaining section of the paper is structured as
follows: Section II presents the design of linear antenna
array. Section III shows a brief discussion of moth flame
optimization. Random forest surrogate model are pre-
sented in Section IV. Numerical results are discussed on
section V. Finally Section VI concludes the paper.

2. LINEAR ANTENNA ARRAY MODELING
2.1 Array Geometry

An array with N isotropic radiating elements, uni-
formly placed along the x-axis and separated by half a
wavelength (d = 0.51), is considered. The position of the
nth element is:

X, =(n—%}d; where,n=0,1,..., N—-1 (1)

Only amplitude weights are optimized, and all ele-
ments share a common phase to ensure a broadside main
beam.
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Fig. 1 - LAA geometry

2.2 Array Factor Formulation

The array factor for a direction 6 is written as

(AF)ZM = 2% I, cos[(%).k.d. cos6+¢ ] (2)

2.3 Side lobe Level (SLL)

The optimization objective is to reduce the peak side
lobe compare to the main beam:

SLL = max AF,, (6) 3

O260aim

where, the main beam region is identified automatically
by examining the vicinity of 8 = 0 deg. All amplitude vec-
tors are normalized so that their largest entry equals
unity.

3. MOTH FLAME OPTIMIZATION (MFO)

MFO is a population-based heuristic inspired by the
tendency of moths to orient their movement using fixed
celestial light sources. Candidate solutions (moths) move
in spiralling trajectories towards elite solutions (flames).
The number of flames decreases gradually throughout
the run, guiding the algorithm from broad exploration to
focused exploitation.

For a moth located at X; and its corresponding flame
Fj, the update is

X =|F,- X,

exp(bt) cos(2xt) + F, 4)

where, b controls the spiral’s tightness and ¢ € [- 1, 1] is
a random parameter. All updated solutions are clipped to
their feasible range and subsequently reassessed.

4. RANDOM FOREST SURROGATE MODEL
4.1 Rationale

The random forest method builds a collection of deci-
sion trees, where each tree is generated using randomly
selected samples and feature subsets from the dataset.
This ensemble strategy enhances generalization by com-
bining the predictions of multiple independently trained
trees. The predicted output is obtained by averaging the
individual tree outputs. This structure gives rise to a
model that is naturally resistant to over fitting and ca-
pable of capturing nonlinear dependencies with little
need for parameter tuning.

Such properties are ideal for approximating the
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relation between amplitude weights and the SLL, which
is smooth yet sufficiently complex to benefit from non-
linear regression models.

4.2 Surrogate Construction

A preliminary dataset is generated by sampling am-
plitude vectors uniformly in [0, 1]V and computing their
exact SLL using the array-factor model. This dataset is
augmented with additional samples drawn from inter-
mediate solutions during early MFO iterations, which
improves local model fidelity around promising regions
of the design space.

A random forest regressor with a reasonably gener-
ous number of trees (here, 300) is trained using this da-
taset. The surrogate then replaces the true SLL evalua-
tion for the majority of the optimization steps. To pre-
vent modelling drift, a small proportion of candidate so-
lutions typically around 10 % are evaluated using the
true SLL expression and used as check points. This
strategy provides an excellent compromise between ac-
curacy and computational efficiency.

4.3 Hybrid Evaluation Strategy

During optimization, MFO uses the surrogate for
most fitness evaluations, while periodically computing
true SLL values for a random subset (e.g., 10 %). These
true evaluations are essential to prevent drift and main-
tain surrogate fidelity. Thus, the true fitness is evalu-
ated. This approach significantly reduces runtime while
maintaining accuracy.

5. NUMERICAL EVALUATION

The hybrid optimization procedure was tested on 10-
element and 16-element arrays.

In this study, the MFO technique and its Random
Forest—guided extension are applied to achieve effective
side-lobe suppression in linear antenna arrays. The re-
sulting optimized current amplitude weights for both
the 10-element and 16-element LAA structures, each
configured with a uniform spacing of /2 between adja-
cent elements, are listed in Table 1.

Table 1 - The current excitation amplitude weights of LAA
using the MFO and RF-assisted MFO algorithm

No. of|Algo- Current Excitation | Maxi- | Exe-
Ele- rithm Weights mum cution
ments SLL Time
(dB) (Sec)
10 RF-As- 1.0008 0.8965 0.6971|—26.07 |1.89
sisted 0.4937 0.2973
MFO
MFO 1.0000 0.8987 0.7188|—25.65 |2.33
0.5024 0.3861
16 RF-As- 1.0001 0.9349 0.8127|—40.38 |1.97
sisted 0.6541 0.4863 0.3204
MFO 0.1929 0.1006
MFO 1.001 0.9403 0.8477|— 35.45 |2.54
0.7104 0.5596 0.4114
0.2697 0.2035
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The SLL value obtained by using the MFO and RF-
assisted MFO algorithm for the design of 10-element
LAA is —25.65 dB and —26.07 dB, respectively. The
MFO and RF-assisted MFO algorithm takes 2.33 sec and
1.89 sec, respectively, to obtain the optimal result. For
the 16-element LAA, the MFO algorithm achieves an
SLL of — 35.45 dB, whereas the RF-assisted MFO fur-
ther improves it to — 40.38 dB. In terms of computation
time, MFO requires 2.54 seconds to reach the optimal
excitation weights, while the RF-assisted version accom-
plishes the same task more quickly, taking only 1.97 sec-
onds.

The emission profile of 10-element LAA attained by
using MFO and RF-Assisted MFO are plotted in Fig. 2.
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Fig. 2 — Radiation profile of 10-element LAA

Table 2 — Comparing the outcomes of the MFO and RF-as-
sisted MFO algorithms for 10-element LAA

Algorithm Peak SLL | HPBW (deg)
(dB)

RF-assisted MFO —26.07 12.56

MFO — 25.65 12.24

Uniform —12.97 10.08

Table 2 shows the comparison of the RF-assisted
MFO and MFO algorithm based result of SLL and half
power beam width (HPBW)) value for the design of 10-
element LAA.

The comparison of SLL and HPBW values for the de-
sign of 16-element LAA by using the RF-assisted MFO
and MFO algorithm are given in Table 3.

Table 3 — Comparing the outcomes of the MFO and RF-as-
sisted MFO algorithms for 16-element LAA

Algorithm Peak HPBW (deg)
SLL (dB)

RF-assisted MFO —40.38 8.88

MFO - 35.45 8.28

Uniform -13.15 6.48

The emission profile of 16-element LAA achieved by
employing RF-assisted MFO and MFO algorithm are
plotted in Fig. 3.

Now, to compare the emission profile achieved by us-
ing the RF-assisted MFO and MFO algorithm as given
in Table 1 are plotted in Fig. 3.

5.1 Statistical Results for the Design of LAA

Table 4 summarizes the key statistical measures of
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the CF values obtained from both the MFO and RF-as-
sisted MFO algorithms for the 10-element and 16-ele-
ment LAA designs. The reported metrics indicate that
the spread in CF values remains relatively small for
both array configurations, confirming consistent behav-
ior across multiple runs. Notably, the RF-assisted MFO
exhibits even tighter variability, reflecting its enhanced
reliability. Overall, the statistical evidence presented in
Table 4 underscores the robust and stable performance
of the RF-assisted MFO in addressing both LAA design
problems.
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Fig. 3 — Radiation profile of 16-element LAA

Table 4 — The statistical findings of CF acquired by designing
10-element and 16-element LAAs utilizing the RF-assisted
MFO and MFO algorithm.

Number | Algo- Mini- Maxi- | Mea | Stand-
of Ele- | rithms mum mum n ard de-
ments CF CF CF viation
10 RF-as- 1.81 2.16 2.06 | 0.11

sisted

MFO

MFO 1.94 2.36 2.25 | 0.10
16 RF-as- 2.54 2.92 2.89 | 0.10

sisted

MFO

MFO 2.68 3.11 3.02 | 0.14

5.2 Box- and- Whisker Plots

In this study, box-and-whisker plots [6] are used to
compare the performance of the RF-assisted MFO and
the MFO algorithms for the synthesis of 10-element and
16-element LAAs. Each algorithm is run 50 independent
times, and all resulting CF values from these runs are
incorporated into the box-plot analysis. In the box plots,
the upper and lower box boundaries denote the 75th and
25th percentiles, while the median CF value is marked
with a green triangle for quick visual reference.

Figure 4 presents the box-plot results for the 10-ele-
ment LAA configuration. The RF-assisted MFO achieves
a median CF of 1.92, compared with 2.09 for the conven-
tional MFO. The spread of CF values also differs be-
tween the two techniques: the RF-assisted MFO yields
values ranging from 1.81 to 2.16, whereas the MFO re-
sults vary between 1.94 and 2.36.
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Box Plot for 10-Element LAA
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Fig. 4 — Box-and-whisker plots of 10-element LAAs

Similarly, Figure 5 displays the box-and-whisker
plots for the 16-element LAA. Here too, the RF-assisted
MFO demonstrates better central performance, with a
median CF of 2.71 in contrast to 2.85 obtained using the
standard MFO.

For the 16-element LAA, the RF-assisted MFO pro-
duces CF values that fall within the range of 2.54 to 2.92,
while the MFO results span from 2.68 to 3.11 across re-
peated runs. These distributions clearly highlight the
consistency of the RF-assisted MFO, which shows a nar-
rower and more favorable spread of CF values.

Box Plot for 16-Element LAA
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Fig. 5 — Box-and-whisker plots of 16-element LAA

Overall, the box-and-whisker visualizations for both
the 10-element and 16-element LAA designs demon-
strate that the RF-assisted MFO delivers more stable
and reliable performance compared with the conven-
tional MFO approach.

5.3 Convergence Plots

To examine how the algorithms progress toward the
optimal solution, the minimum CF values obtained at
each iteration were tracked to form the convergence
curves. Figures 6 and 7 illustrate the convergence be-
havior for the 10-element and 16-element LAA designs
using both the MFO and the RF-assisted MFO ap-
proaches. From these plots, where the cost function val-
ues gradually decrease over successive iterations, it is
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OCHOBi BUIIQJKOBHUX JIiCiB /1A NPUAYIIEHHA Oi9HUX MEJIOCTOK Yy JIHIHHUX aHTEHHUX PemriTeax
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VY crarti npencraBiieHO epeKTUBHY IIPOIEAYyPY CHHTE3y BATOBHX KOe(IIlIE€HTIB aMIUNITYOu 30yI:KeHHS
crpymy JiHIAHUX aHTeHHUX peuriTok (LAA), cipsMoBaHUX HA IPUIYIIEeHHA PiBHIB 6lunux nesocrok (SLL) ai
30epeskeHHAM (PopMuU TOJIOBHOTO TTpoMeHs. 1ei miaxis moeaHye TOCTITHUIIBKY CAJIY aJITOPUTMY OITHMI3aril
noaym'ss meresimka (MFO) i3 cyporaTHoo Mozeso, mody0BaHO0 3a T0IIOMOT00 PErpecopa BUIAKOBOrO JIiCy.
Cyporat 3amMiHIOe OLIBIIICT ITOBHUX €JIEKTPOMATHITHHX OIIIHOK ITiJT Yac IIMKJIY ONTUMI3allil, THM CAMHUM 3Me-
HIYIOYN 00YHCIIOBAIbHE HABAHTAKEHHA 0e3 IIIKOIH JJI TOYHOCT1. MeToa0JI0Ti0 JOC/ i KYIOTD IILJIIX0M IPOo-
eKkTyBaHHA 10-eJleMEeHTHUX Ta 16-eJIeMEeHTHHUX PEIIITOK 3 BIICTAHHIO B IIOJIOBUHY JOB/KHHM XBHJI. YmciIoBi
pesyJbTaTh IMATBEPIKYIOTh, III0 3allPONOHOBAHA TIOpHIHA CTpaTeris 3abesmedye MOKPAIIEHY IIPOIYyKTHB-
HICTb OIYHHUX IIEJIIOCTOK TA IIBUIIIY 3019KHICTH IIOPIBHAHO 31 3BUYANHUM PIBHOMIPHUAM 30yIsKeHHAM Ta aBTO-
uwomaum MFO.

Kmiouori ciopa: Jlimifina anrenHa permTka, PiBeHb OIYHHX II€JIIOCTOK, Perpecop «BHUMAIKOBHU JIiC»,
OrrruMi3artiss MEeTOIOM «METeJIMK — II0JIyM s».
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