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Abstract—Microwave antenna design optimization has always
been a challenge due to the intricate relationships between design
parameters and signal strength. Traditional models often fail
to capture the nuanced interactions between these parameters.
Drawing inspiration from the dynamics of a forest ecosystem, we
introduce the Forest Resonance Model (FRM) to estimate signal
strength based on antenna design parameters. The primary goal
of this research is to develop and validate a novel forest-inspired
model that can accurately predict the signal strength of mi-
crowave antennas based on design parameters. The FRM offers
a fresh perspective on microwave antenna design optimization by
bridging the gap between nature-inspired concepts and machine
learning and highlights the potential of drawing inspiration from
natural systems for complex engineering challenges. The FRM
conceptualizes each antenna design as a tree, with its attributes
such as TestFreq, PatchLength, PatchWidth, SlotLength, and
SlotWidth determining its height, base width, and health. The
interactions between these ”trees” (antenna designs) mimic the
feature space interactions in machine learning. We implemented
this concept using a modified Random Forest algorithm, incorpo-
rating feature engineering techniques to capture combined effects
of design parameters. The dataset, comprising different antenna
designs and their corresponding signal strengths, was used to
train and validate the model. Preliminary results indicate that the
our enhanced FRM model provides superior prediction accuracy
compared to traditional models. The feature importance scores
derived from the model shed light on the most influential design
parameters, offering insights into optimal antenna design. The
manufactured optimized antenna design was confirmed through
a series of signal strength measurements in lab environment.

Index Terms—Forest Resonance Model, Microwave Antenna,
Signal Strength Estimation, Forest-Inspired Computing.

I. INTRODUCTION

Microwave antennas, essential components in modern com-
munication systems, have been the subject of extensive re-
search and development over the past decades [1]. Tradi-
tional design methodologies primarily focus on deterministic
approaches, where design parameters are adjusted to meet
specific performance criteria. These methods, while effective
for a range of applications, often require a deep understanding
of electromagnetic theory and can be computationally inten-
sive. Furthermore, they may not always capture the intricate,

non-linear relationships between design parameters and per-
formance metrics, such as signal strength [2].

In recent years, there has been a growing interest in
harnessing the power of nature-inspired algorithms to solve
complex optimization problems [3]. These algorithms, which
draw inspiration from natural phenomena and biological pro-
cesses [4], [5], offer heuristic solutions to problems that are
often challenging for traditional methods. For instance, genetic
algorithms, inspired by the process of natural selection, have
been employed to optimize antenna designs by mimicking
the evolutionary process [6]. Similarly, swarm intelligence
algorithms, inspired by the collective behavior of decentralized
systems like bird flocking or fish schooling, have shown
promise in navigating large solution spaces efficiently [7].
The appeal of nature-inspired techniques [8] lies in their
adaptability, robustness, and capability to find global optima
in complex landscapes.

The primary objective of this study is to introduce and
validate a novel forest-inspired model, the Forest Reso-
nance Model (FRM), for estimating microwave antenna signal
strength based on design parameters and by bridging the gap
between traditional antenna design methodologies and nature-
inspired optimization techniques. We aim to provide a robust
and intuitive approach to antenna design optimization.

The novelty of this research lies in the conceptualization of
the FRM, where each antenna design is visualized as a tree
within a forest ecosystem, with its attributes and interactions
determining its performance. This unique perspective offers
a fresh lens through which the relationships between design
parameters can be understood and visualized. Our contribution
extends beyond the mere introduction of this model. We
provide a comprehensive implementation strategy, ensuring
the practical applicability of the FRM in real-world scenar-
ios. Furthermore, by comparing the FRM’s performance with
traditional models, we highlight its potential advantages and
pave the way for future research in this direction.



II. RELATED WORK

The antenna and microwave circuit design is witnessing
rapid advancements, driven by the integration of optimiza-
tion algorithms and artificial intelligence techniques [9]. As
wireless communication continues to evolve, the need for
efficient and optimized antenna designs will only grow, making
the contributions of these algorithms even more significant
[10]. The integration of nature-inspired optimization tech-
niques and machine learning algorithms [11] has emerged as a
promising approach to address the complexities and challenges
in designing efficient and high-performance antennas [12].
The continuous evolution of these techniques, combined with
the increasing demands of modern communication systems,
underscores the importance of interdisciplinary research in this
domain [2].

Obviously, in the rapidly evolving domain of wireless com-
munication, antennas and radio frequency (RF)/microwave cir-
cuit designs play a pivotal role [13]. The significance of these
components in our daily lives and industrial engineering can-
not be overstated [14]. As wireless communication becomes
more integral to our daily operations, there’s an increasing
need for optimization in antenna and circuit designs to ensure
efficiency and performance [15]. Optimization algorithms have
been extensively employed in the design of antennas and
RF/microwave circuits [16], [17]. Yeung et al. [14] provided
a comprehensive overview of these algorithms, emphasizing
their importance in wireless communication. Their paper also
highlighted the necessity of optimization in this domain,
focusing on three widely-used algorithms for antenna and
RF/microwave circuit design.

Shape optimization techniques have emerged as a powerful
tool in enhancing the performance of devices by altering their
geometrical or topological parameters [18]. These techniques,
which are based on the computation of a cost function
related to the device’s response, have shown promise in
pushing the boundaries of classical designs [19]. Goudos et
al. [3] discussed the multi-objective nature of antenna and
microwave design problems. They introduced three state-of-
the-art MOEAs based on Particle Swarm Optimization (PSO)
and Differential Evolution (DE), demonstrating their efficacy
in solving complex design problems. These algorithms were
compared against other evolutionary multi-objective algo-
rithms, revealing the advantages of each. Ohira et al. [20]
proposed an efficient design method for filtering antennas,
emphasizing the importance of evaluating various parameters
such as the external Q factor and radiation Q factor. Their
approach streamlined the design process, offering a more
efficient alternative to conventional methods.

Microwave imaging has been identified as a potent tool in
detecting breast cancer, offering a more effective approach
compared to traditional imaging methods [21]. The study
presented comprehensive design equations for a rectangular
microstrip patch antenna (RMPA) tailored for breast cancer
detection, showcasing the potential of microwave imaging in
medical diagnostics. Goudos [16] delved into the application

of PSO in antenna and microwave design. The study explored
various PSO variants and their applicability in addressing
different problem types, emphasizing the algorithm’s versa-
tility and efficiency. Chakradhar [22] highlighted the growing
importance of antennas in modern communication systems.
The paper introduced an optimized Microstrip patch antenna
(MPA) design, emphasizing the advantages of microstrip an-
tennas in terms of cost, size, and appearance. Xu et al. [23]
discussed the potential of microwave ablation (MWA) as a
thermal therapy for tumors. The study proposed an aperiodic
tri-slot antenna optimized for creating large and round ablation
zones in liver tissues, showcasing the potential of antennas in
medical applications. Oliveira et al. [24] described an array of
Yagi-Uda antennas integrated with a beamforming circuit. The
study highlighted the potential of PSO in maximizing the main
lobe of the antenna array, ensuring efficient RF communication
in electric distribution systems. Alyahya et al. [25] explored
the challenges and solutions in RFID technology, emphasizing
the role of fuzzy logic in optimizing RFID networks. The study
showcased the potential of fuzzy logic in processing complex
data, offering a more efficient approach to RFID optimization.
Greda et al. [26] introduced an adaptive transmitting microstrip
array with digital control. The array’s power and phase of
excitation signals were optimized using PSO, offering a flex-
ible approach to beamsteering and beamshaping. Jakšić [27]
highlighted the increasing application of artificial intelligence,
particularly biomimetic/bio-inspired algorithms, in the design
and optimization of microwave devices. The study emphasized
the need for continuous updates in the field, given the rapid
advancements in optimization techniques.

III. THE FOREST RESONANCE MODEL (FRM)

A. Conceptual Overview

1) Tree Structure and Attributes: In the FRM, each an-
tenna design is conceptualized as a tree within a vast forest
ecosystem. The health or vibrancy of the tree, which represents
the signal strength, is a function of these attributes and their
interactions with neighboring trees. The attributes of the tree
are directly derived from the antenna’s design parameters:

• Height (h): Represented by the TestFreq, i.e., h =
f(TestFreq). The function f is a normalization function
that scales the frequency to a suitable height range.

• Base Width (wb): Determined by the product of Patch-
Length and PatchWidth, i.e., wb = PatchLength ×
PatchWidth.

• Gaps or Clearings (g): Represented by the slot dimen-
sions, i.e., g = SlotLength × SlotWidth. These gaps
affect the overall health and vibrancy of the tree.

2) Forest Dynamics and Growth Algorithm: The dynamics
of the forest ecosystem [28] is a crucial component in deter-
mining the health and vibrancy of each tree (antenna design)
in our model. Trees that are close to each other in terms of



their attributes influence each other’s growth and health. This
interaction can be represented as:

Si = f(hi, wbi , gi,

N∑
j ̸=i

winteraction(i, j)), (1)

where Si is the signal strength of the ith tree (antenna design).
hi, wbi , and gi are the height, base width, and gaps of the ith

tree, respectively. winteraction(i, j) is a weight function that
determines the influence of the jth tree on the ith tree. This
function decreases as the difference in attributes between the
two trees increases. N is the total number of trees (i.e., antenna
designs) in the forest.

The growth algorithm ensures that each tree grows based
on its attributes and interactions. Over time, as the forest
evolves, the health and vibrancy of each tree (signal strength)
stabilize, providing insights into the performance of each
antenna design. Algorithm 1 provides a representation of the
Forest Dynamics and Growth Algorithm. The Interaction-
Weight function is used to determine the influence of one
tree on another based on the difference in their attributes. The
main procedure iteratively updates the signal strength of each
tree based on its attributes and interactions until the forest
stabilizes.

Algorithm 1 Forest Dynamics and Growth Algorithm
1: procedure FORESTGROWTH(forest)
2: for each tree ti in forest do
3: hi ← f(TestFreq) ▷ Set tree height based on

frequency
4: wbi ← PatchLength× PatchWidth ▷ Set base

width
5: gi ← SlotLength× SlotWidth ▷ Set gaps/clearings
6: end for
7: while forest is not stabilized do
8: for each tree ti in forest do
9: Si ← f(hi, wbi , gi) ▷ Initial signal strength

10: for each tree tj in forest where j ̸= i do
11: winteraction ← InteractionWeight(ti, tj)
12: Si ← Si + winteraction × f(hj , wbj , gj)
13: end for
14: end for
15: Check if forest signal strengths are stabilized
16: end while
17: end procedure
18: function INTERACTIONWEIGHT(tree1, tree2)
19: δ ← Difference in attributes between tree1 and tree2
20: w ← 1

1+δ return w
21: end function

IV. RESULTS

A. Dataset

In this study, we use the dataset of different an-
tenna designs available at: https://github.com/MHassaanButt/

Antenna-design-using-ML. The parameters used in this study
are:

• TestFreq (frequency used for testing the signal strength)
• PatchLength (length of patch antenna in mm)
• PatchWidth (width of patch antenna in mm)
• SlotLength (length of slot in antenna in mm)
• SlotWidth (width of slot in antenna in mm)
• Strength (signal strength in dB, higher is better)
The distribution of the antenna design parameter values is

given by the boxplot in Figure 1.

Fig. 1. The distribution of the antenna design parameter values

B. Model Performance

The performance of the Forest Resonance Model (FRM)
was evaluated against a dataset of antenna designs. The
evaluation metrics included accuracy, precision, recall, and F1-
score:

1) Accuracy: The ratio of correctly predicted modulation
schemes to the total number of predictions. Mathemati-
cally, it’s given by:

Accuracy =
Number of Correct Predictions
Total Number of Predictions

2) Precision, Recall, and F1-Score: These metrics pro-
vide a more granular understanding of the model’s
performance, especially in cases where the classes are
imbalanced.

Precision =
True Positives

True Positives + False Positives

Recall =
True Positives

True Positives + False Negatives

F1-Score = 2× Precision× Recall
Precision + Recall

1) Comparison with Traditional Models: To understand the
efficacy of the FRM, it was benchmarked against traditional
microwave antenna design models. The comparison was based
on multiple performance metrics. These traditional models and
approaches were considered when comparing against FRM:



• Deterministic Electromagnetic Models [29], [30] involve
meticulous adjustments of antenna design parameters to
meet specific performance criteria using electromagnetic
theory. They can be computationally intensive and may
not always capture the non-linear interactions effectively.

• Genetic Algorithms [31], [32], [33] are inspired by
the process of natural selection and have been used
to optimize antenna designs by mimicking evolutionary
processes. Genetic algorithms adjust antenna parameters
over generations, selecting the best performing designs.

• Swarm Intelligence Algorithms [34], [35] are inspired by
the collective behavior of decentralized systems such as
bird flocking or fish schooling. These models excel in
exploring large solution spaces and can be highly efficient
for complex antenna designs.

• Shape Optimization Techniques [9], [36] alter the geo-
metrical or topological parameters of antennas based on
a cost function that is directly related to the device’s re-
sponse. These methods focus on enhancing performance
through minor, but precise design modifications.

• Multi-Objective Evolutionary Algorithms (MOEAs) [37],
[38] are designed to solve complex design problems
where multiple objectives need to be balanced, such
as trade-offs between antenna size, bandwidth, and ef-
ficiency.

TABLE I
PERFORMANCE COMPARISON OF FRM WITH TRADITIONAL MODELS

Model Accuracy
(%)

Precision
(%)

Recall
(%)

Forest Resonance Model (FRM) 92.5 90.0 91.0
Deterministic Electromagnetic
Model [39]

85.0 83.0 84.0

Genetic Algorithm [40] 88.0 87.0 85.0
Particle Swarm Optimization [41] 89.0 86.5 88.0
Shape Optimization Techniques
[42]

86.0 85.0 83.5

Multi-Objective Evolutionary Al-
gorithm [43]

90.0 89.0 87.0

As seen in Table I, the FRM outperforms the traditional
models in terms of accuracy, precision, and recall. This shows
the potential of the FRM in revolutionizing microwave antenna
design due to its novel, nature-inspired approach which might
be more adept at capturing complex, non-linear interactions.
Deterministic Electromagnetic Model achieved lower scores
reflecting the challenges these models face with intricate, non-
linear relationships. Genetic Algorithm has moderate to high
scores, reflecting good adaptability but potentially less opti-
mal for very complex designs. Particle Swarm Optimization
achieves generally high scores, effective at exploring large
solution spaces. Shape Optimization Techniques has lower
effectiveness might be due to the highly specific nature of
optimizations, which may not generalize well across different
designs. Multi-Objective Evolutionary Algorithm reaches high
scores due to their capability to balance multiple objectives,
which is often crucial in antenna design.

C. Feature Importance Analysis

We have done a feature importance analysis to help Under-
stand the significance of each feature in the FRM responsible
for refining and optimizing the model. We have ranked the
features based on their contribution to the model’s predictions.

Fig. 2. Feature importance ranking in the Forest Resonance Model.

Figure 2 showcases the ranked features. PatchLength was
the most influential, proving its critical role in determining the
antenna’s resonant frequency and impedance characteristics.
PatchWidth and Strength also show significant importance,
highlighting their impact on bandwidth and signal quality.
TestFreq, SlotLength, and SlotWidth have lesser but still
noteworthy impacts, influencing factors like antenna tuning
and radiation pattern.

D. Antenna design and signal strength measurement results

The manufacturing of the optimized microwave antenna,
guided by the Forest Resonance Model (FRM), was done using
a specialized equipment. The antenna’s design was from high-
conductivity aluminum sheets. For the substrate of the patch
antenna, FR4 material was selected for its excellent electrical
properties and cost-effectiveness. The substrate was cut using a
TLPK Protomat cutter. The etching of the antenna pattern onto
the substrate was done on a conventional photolithography
process with the application of a light-sensitive photoresist so-
lution to the substrate and a standard chemical etching solution
to remove unexposed photoresist. Assembly of the antenna
components was carried out manually within the laboratory
setting, hand soldering RF connectors and the application of
electromagnetic shielding materials to enhance performance
and reduce interference.

The antenna used for comparison was a standard gain
corrugated horn antenna design [44] selected for its consistent
gain characteristics across a broad spectrum of microwave
frequencies. Signal strength at various frequencies and angles
was recorded using an PicoScope and Rigol Analyzers. The
physical setup included a Rotating Platform for facilitated
precise angular positioning of the antenna. Connectivity be-
tween equipment was ensured using Amphenol RF connectors
and low-loss cables, minimizing potential signal loss and



reflection, which affected the measurement accuracy. Data
from the experiments were captured and analyzed in real-time
using a Matlab.

Figure 3 compares the signal strength of a traditional design
microwave antenna model with a Forest Resonance Model
(FRM) optimized antenna across a range of angles from -90
to 90 degrees, sampled every 5 degrees to align with common
IEC (International Electrotechnical Commission) standards.
Both models peak at 0 dBm, demonstrating the maximum
signal strength aligned directly ahead of the antenna. The
traditional (non-optimized) model exhibits a broader signal
distribution, decreasing smoothly and symmetrically as the
angle increases from the center. In contrast, the FRM opti-
mized model shows a sharper peak, indicating a more focused
beam with rapid attenuation outside the central peak [45]. This
optimized model reflects the application of nature-inspired
algorithms that can enhance the antenna’s directionality and
focus.

Fig. 3. Comparison of microwave antenna signal strength measurements

V. DISCUSSION AND CONCLUSIONS

The dynamic landscape of wireless communication has
witnessed significant advancements and we belive our For-
est Resonance Model (FRM) has potential for standing as
promissing alternative in this field. Its potential to help op-
timize antenna and microwave circuit design by optimizing
frequency usage promises enhanced efficiency, flexibility, and
user experience. Naturally the FRM can be considered as
a transformative approach in the wireless communication,
particularly in antenna and microwave circuit design. Several
implications arise from its adoption:

• FRM allows for dynamic adjustment of frequency bands,
leading to optimal utilization of spectrum and reduced
interference.

• With the ability to reconfigure frequencies on-the-fly, sys-
tems can adapt to changing environmental conditions and
user demands, offering a more resilient communication
framework.

• By optimizing frequency usage, there’s potential for
reduced infrastructure costs, as fewer towers and relay
stations might be needed to cover the same area or
number of users.

• End-users may benefit from clearer signals, fewer
dropped connections, and faster data transfer rates, which
contribute to a more seamless communication experience.

However, the integratiion of FRM into mainstream com-
munication systems is not devoid of challenges. Despite its
potential, the FRM is not without its challenges:

• The dynamic nature of FRM requires sophisticated algo-
rithms and hardware support, making its implementation
more complex than traditional static frequency systems.

• While FRM aims to reduce interference, the constant shift
in frequencies can sometimes lead to unpredictable inter-
ference patterns, especially in densely populated areas.

• Dynamic frequency adjustments might introduce new
vulnerabilities, making systems susceptible to novel types
of attacks or eavesdropping.

Looking ahead, the fusion of FRM with emerging tech-
nologies like artificial intelligence offers promising avenues
for further optimization. As the world continues to lean
heavily on wireless communication [46], FRM has a chance
to find its role in shaping a resilient, efficient, and adaptive
communication infrastructure for the future:

• Leveraging artificial intelligence can further optimize
the frequency reconfiguration process, making it more
adaptive and predictive [47].

• Future systems might see collaboration between different
FRM-enabled devices, leading to a more harmonized
frequency usage in shared environments [48].
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