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Abstract – In Unmanned Aerial Vehicle (UAV) com-
munications, Air-to-Ground (A2G) channel modeling
is complex due to high mobility and environmental
dynamics. While Machine Learning (ML) and Deep
Learning (DL) techniques have been adopted to improve
prediction accuracy over traditional empirical models,
their performance remains highly dependent on hyper-
parameter configuration. Recent techniques such as Ran-
dom Search and Bayesian Search are commonly used
for hyperparameter tuning; however, they often struggle
with convergence efficiency and prediction stability. To
address these challenges, this study aims to develop a
hyperparameter tuning framework based on the Gravita-
tional Search Algorithm (GSA) to enhance the predictive
performance of ML-based A2G models. The framework
is applied to K-Nearest Neighbors (KNN), Decision
Tree (DT), Random Forest (RF), and Long Short-Term
Memory (LSTM) models at 1 GHz, 2 GHz, and 5.8 GHz.
Experimental results demonstrate that GSA-optimized
models demonstrate improved predictive stability and
competitive accuracy, with GSA-LSTM and GSA-RF
achieving an Root Mean Square Error (RMSE) of
5.46 dB, representing a 56% improvement over the
free-space model. The proposed approach demonstrates
improved robustness compared to conventional search
strategies.

Index Terms – Air-to-Ground channel model-
ing, Bayesian search, deep learning, gravitational
search algorithm, hyperparameter optimization,
machine learning, path-loss prediction, random search,
unmanned aerial vehicles.

I. INTRODUCTION
The rapid expansion of 5G and the emergence of

beyond-5G (B5G/6G) networks are driving an unprece-
dented increase in wireless traffic and intensifying
the need for adaptable, high-capacity communication
infrastructures [1]. Among emerging technologies, UAV
have become a prominent trend due to their flexible
deployment, strong line-of-sight connectivity, and effec-
tiveness in enhancing coverage, disaster recovery, and
capacity offloading in dense urban environments. As
these cutting-edge systems transition toward 6G, the
integration of intelligent and autonomous components
becomes essential to manage the dynamic nature of A2G
links [2, 3].

Accurate A2G path-loss (PL) modeling is critical
for UAV-assisted communication, as it directly influ-
ences link budget design, coverage estimation, and
interference management [4]. Traditional PL models,
such as empirical, deterministic, and analytical, often
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struggle to capture the complexity of A2G propagation,
particularly in dense urban scenarios. Empirical models
(e.g., Log-Distance, Okumura–Hata) fit measurement-
based path-loss formulas, offering simplicity and fast
computation. Their accuracy, however, is limited to
the environments and frequencies used for calibration,
making them poorly suited for highly variable A2G
channels.

Deterministic models, particularly ray-tracing tech-
niques, rely on physical propagation laws and detailed
three-dimensional environmental information to achieve
high prediction accuracy. However, their practical appli-
cability is often constrained by substantial compu-
tational complexity and the requirement for high-
resolution geographical data, which limit scalability in
large-scale or dynamically evolving environments [5–7].
Consequently, recent research has increasingly focused
on ML and DL-based path-loss modeling approaches,
which have demonstrated strong predictive capability
across diverse propagation scenarios [8–10].

Despite these advancements, the performance of
ML/DL models remains highly sensitive to hyperparam-
eter configuration. It is widely recognized that hyper-
parameter optimization (HPO) plays a critical role in
influencing convergence behavior, generalization per-
formance, and training efficiency [11]. In the context
of ML-based path-loss prediction, hyperparameter tun-
ing is frequently conducted through manual adjustment
or conventional search strategies, which may result in
suboptimal convergence and increased computational
burden, particularly in complex A2G propagation envi-
ronments. Furthermore, a unified and systematic opti-
mization framework capable of consistently supporting
heterogeneous ML and DL architectures under varying
propagation conditions has not been comprehensively
investigated.

To address these challenges, this paper proposes a
hyperparameter optimization framework based on the
GSA for A2G path-loss prediction. The main contribu-
tions are:

(i) Development of a GSA-based hyperparameter opti-
mization framework for KNN, DT, and RF models.

(ii) Architecture and hyperparameter optimization for
LSTM, including the number of neurons, learning
rate, and training epochs.

(iii) A comprehensive evaluation of KNN, DT, RF, and
LSTM models for A2G PL prediction using a pub-
licly available dataset in dense urban environments.

The rest of this paper is organized as follows.
Section II introduces the system model, while section III
presents the path-loss modeling approach. Section IV
formulates the optimization problem, and section V
describes the proposed GSA-based solution. Numerical

results and discussions are provided in section VI, and
conclusions are drawn in section VII.

II. SYSTEM MODEL
A. UAV-to-Ground Link

The system model is illustrated in Fig. 1. A commu-
nication link is established between a UAV and ground
receivers. The UAV hovers at an altitude of 200 meters,
while the receivers are located 2 meters above ground.
The A2G communication channel is characterized by
three key parameters: the distance between the UAV
and the receiver, the elevation angle formed by the
transmitter-receiver line, and the carrier frequency. In
this work, the carrier frequencies of 1 GHz, 2 GHz, and
5.8 GHz are investigated.

Fig. 1. The system model.

B. The data set
The dataset utilized in this study was obtained from

the publicly available Mendeley Data repository [12],
which is associated with the work reported in [7]. The
dataset was originally generated through electromag-
netic ray-tracing simulations using Wireless Insite in a
dense urban environment. The surveyed region covers
approximately 0.748 km² and includes 1,419 buildings,
predominantly high-rise structures. It comprises 36,753
propagation samples collected at carrier frequencies of
1 GHz, 2 GHz, and 5.8 GHz. Each record contains
parameters such as the 3D UAV–receiver distance, ele-
vation angle, and measured path loss.

In this work, the dataset is used solely to evaluate
the proposed GSA-based hyperparameter tuning frame-
work. No additional simulation or virtual laboratory
platform was developed or accessed by the authors.

Each data record consists of the following features:
distance, elevation angle, carrier frequency, and receiver
location (altitude and 3D coordinates). After preprocess-
ing, the dataset is randomly split into training and testing
sets in an 80/20 ratio.
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III. PATH LOSS MODELING
Accurate modeling of path loss is essential for

predicting the performance of A2G channels. In this
study, both traditional free-space models and machine
learning-based approaches are considered.

A. The free space model
The free space path loss (FSPL) model is commonly

used as a baseline for channel loss estimation. The path
loss is expressed as:

PLCI(d, f ) = PLFS,re f ( f )+10nCI log10(d)+ξσ ,CI .
(1)

Where PLFS,re f ( f )stands for the route loss calculated
for free space propagation using Friis’ law at a reference
distance of one meter.

PLFS,re f ( f ) = 20log10

(
4π f

c

)
. (2)

Where: c is speed of light; f is carrier frequency; nCI
is the path loss exponent; and ξσ ,CI is the shadow
fading obey Gaussian distribution with zero mean 0 and
standard deviation of σ [13].

Although FSPL provides a simple estimate, it can-
not capture complex urban propagation effects, motivat-
ing the use of machine learning models.

B. Machine learning-based path loss prediction
Machine learning has recently been applied to

model path loss under complex propagation conditions.
The performance of each ML model depends on fac-
tors such as the dataset, algorithm, network architec-
ture, and hyperparameters. While certain parameters can
adjust automatically during training, key hyperparame-
ters, such as the number of layers, number of neurons,
and learning rate, must be defined in advance and have
a substantial influence on overall model performance
[14, 15].

Common hyperparameter optimization methods
include:

Grid Search performs an exhaustive evaluation
of all defined hyperparameter combinations to iden-
tify the optimal model. However, this brute-force
approach is often computationally prohibitive and time-
consuming [16].

Random Search (RS) improves efficiency by ran-
domly sampling hyperparameters but fails to utilize
historical performance data to guide the optimization
process, resulting in limited convergence efficiency [17].

Bayesian Optimization (BO) is an informed search
strategy that builds a probabilistic surrogate model to
guide the selection of hyperparameters based on past
evaluations. This iterative learning process makes it

highly effective for complex, high-dimensional search
spaces where exhaustive testing is infeasible [18].

Metaheuristic algorithms, such as Genetic Algo-
rithm (GA) and Particle Swarm Optimization (PSO),
are widely used for complex hyperparameter optimiza-
tion. GA mimics evolutionary processes but often suf-
fers from slow convergence [19, 20]. Conversely, PSO
leverages swarm intelligence for faster convergence but
remains sensitive to initialization and prone to local
optima trapping [21].

In this work, the GSA is utilized due to its algo-
rithmic simplicity and demonstrated global search capa-
bility. It is proposed as an efficient solution for the
specific task of ML hyperparameter tuning, providing
researchers with another reliable option for accurate
A2G path loss estimation.

IV. PROBLEM FORMULATION
Let Pobs and Ppre denote the observed and predicted

path loss values, respectively. Let H denote the hyper-
parameter search space and x ∈H represent a candidate
hyperparameter vector. The HPO problem is formulated
as minimizing the mean absolute error (MAE):

f (x) = min
1

No

No

∑
i=1

|PLi
obs −PLi

pre(x)|

s.t. x ∈ H . (3)

This formulation constitutes a non-convex optimization
problem, where the search space H typically contains
mixed continuous, discrete, and categorical variables.
Given the high dimensionality and non-linearity of this
space, conventional tuning strategies are often computa-
tionally inefficient or prone to suboptimal convergence.
Therefore, a global optimization strategy is required
to effectively explore the feasible set H . In the next
section, the GSA is introduced as a suitable metaheuris-
tic framework to address this challenging optimization
problem.

V. PROPOSED APPROACH
A. Gravitational search algorithm

The GSA is a population-based metaheuristic
inspired by Newton’s law of gravity and mass interac-
tions [22]. In GSA, each agent (candidate solution) is
treated as an object whose mass reflects the quality of its
solution. Better solutions correspond to heavier masses
that exert stronger gravitational forces, attracting other
agents towards promising regions of the complex search
space. This mechanism facilitates simultaneous explo-
ration (global search) and exploitation (local refine-
ment).The gravitational force Fi j(t) exerted by agent j
on agent i at time t is calculated based on their masses
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and distance:

Fi j(t) = G(t)
Mi(t)×M j(t)

Ri j(t)+ ε
(X j(t)−Xi(t)), (4)

where G(t) is the gravitational constant, M represents
the masses, Ri j(t) is the Euclidean distance between
agents i and j, and ε is a small constant. The net force
(Fi) acting on agent i is the randomized sum of forces
from all better agents (Kbest).

Fi(t) = ∑
j∈Kbest, j ̸=i

rand jFi j(t). (5)

The acceleration (ai) and subsequent velocity (vi) are
updated based on the net force and inertial mass:

ai(t) =
Fi(t)
Mi(t)

, vi(t +1) = randivi(t)+ai(t). (6)

Finally, the agent’s position Xi, which represents the
candidate solution, is updated:

Xi(t +1) = Xi(t)+ vi(t +1). (7)

GSA has been widely used in various optimization tasks,
including hyperparameter tuning in machine learn-
ing [23, 24]. However, to the best of our knowledge,
no prior work has applied GSA to the HPO problem for
A2G channel modeling. In this study, GSA is selected
for its simplicity and strong global search capability,
which make it well-suited for non-convex optimization.
In the A2G path-loss HPO problem, each agent encodes
a candidate hyperparameter vector, and its fitness is eval-
uated based on the model’s prediction error (Equation 3).
Through iterative updates, GSA effectively explores the
search space to identify near-optimal configurations,
thereby improving model accuracy and generalization.

B. The hyperparameter tuning algorithm
In machine learning, hyperparameters are prede-

fined configuration variables that control the training
process and model structure, such as the number of
layers, the number of neurons, or the learning rate.
Proper selection of hyperparameters significantly influ-
ences model accuracy and generalization performance.

Figure 2 presents the detailed workflow of the pro-
posed GSA-based hyperparameter tuning algorithm for
A2G path loss prediction. The process begins with data
preprocessing, including normalization and train–test
splitting. The preprocessed dataset is then distributed
into two parallel branches corresponding to conventional
ML models and DL models.

In the ML branch, KNN, DT, and RF models are
first initialized with default hyperparameters. In parallel,
the DL branch initializes the LSTM architecture and its
associated training parameters.

Fig. 2. Proposed GSA-ML/DL process.

For both branches, hyperparameter tuning is formu-
lated as a numerical optimization problem and solved
using the GSA. The algorithm searches the predefined
hyperparameter space by iteratively generating candi-
date configurations and evaluating them using a predic-
tion error metric computed on the validation data.

Once the optimal hyperparameter set is identified
for each model, the models are retrained using the
optimized configuration. Finally, the optimized ML and
DL models are evaluated and compared to determine the
most accurate model for A2G channel prediction.

This structured and parallel tuning strategy ensures
consistent hyperparameter optimization across heteroge-
neous learning paradigms while maintaining fairness in
model comparison.

Set X = {x1,x2, . . . ,xk} ∈H as the hyperparameter
vector to be optimized, where k is the number of hyper-
parameters. In the GSA context, each X represents an
agent’s position.

Dtrain and Dtest denote the training and testing
datasets, respectively.

The hyperparameter optimization procedure using
GSA is summarized in Algorithm 1.

Figure 3 shows a flowchart of the GSA-based
hyperparameter optimization process. The algorithm
iteratively updates a population of agents (candidate
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Fig. 3. Flowchart of GSA-based hyperparameter opti-
mization.

Algorithm 1 HPO via GSA
Input: k, N (number of agents), Niter (number of itera-
tions), Dtrain, Dtest
Output: X = [x1, x2, . . . , xk], the best hyperparameters
1: Initialize X randomly in H
2: For t = 1 to Niter:
3: Train model M on Dtrain with parameters X
4: Predict outputs PLpre = M (Dtest)
5: Evaluate fitness (Equation 3)
6: For each agent j = 1 to N:
7: For each hyperparameter i = 1 to k:
8: Compute mi

j,M
i
j,a

i
j (Equation 4–6)

9: Update xi
j (Equation 7)

10: End for
11: End for
12: Identify the best agent X
13: End for

hyperparameters) based on gravitational forces, evalu-
ates model fitness, and returns the best hyperparameters.
The overall time complexity is O

(
Niter · (Ttrain +N · k)

)
,

where Niter is the number of iterations, N is the number
of agents, k is the number of hyperparameters, and Ttrain
is the model training cost.

VI. RESULTS AND DISCUSSION
Predicted values were generated by feeding the

held-out test dataset into the trained ML/DL model,
while observed values (ground truth) were sourced

directly from the target variable of the test data (as
described in Section B).

A. Performance evaluation
Two statistical properties, namely MAE and

RMSE [25], are selected as measures to assess the
performance of various models. By comparing the antic-
ipated path loss with the test set’s data, they may be
computed as:

MAE =
1
N

N

∑
i=1

|yi − ŷi|, (8)

RMSE =

√
1
N

N

∑
i=1

(yi − ŷi)2. (9)

In this:

N denotes the overall count of test samples
ŷi is the ith predicted and yi is the ith observed value.

B. Hyperparameters tuning for machine learning
This section presents the results of hyperparameter

optimization for the RF, KNN, and DT algorithms in
predicting path loss. Although each algorithm provides
a large set of hyperparameters, not all of them have a
significant impact on model performance. Therefore, in
this study, we focus on optimizing only the core hyper-
parameters that directly influence prediction accuracy,
such as depth, number of estimators, split criteria, and
neighborhood size [26]. This reduces the search space
and makes the optimization more efficient while preserv-
ing modeling performance. The reduced sets considered
in this study are:

{H }RF = {n-estimators, max-depth, max-features,

min-samples-split, min-samples-leaf}.

{H }KNN = {n-neighbors, p, weights}.

{H }DT = {max-depth, max-features,

min-samples-split, min-samples-leaf}.

Table 1 shows the accuracy based on MAE and
RMSE parameters of each model in predicting A2G
channel loss when selecting the hyperparameters based
on the suggestions of the optimization methods.

The quantitative results in Table 1 indicate that
machine learning models substantially outperform the
traditional free-space path-loss model in predicting A2G
channel loss. The free-space model yields an MAE
of 9.29 dB and an RMSE of 12.63 dB, which are
considerably higher than those achieved by data-driven
approaches such as DT, KNN, and RF. This con-
firms that learning-based models are more capable of
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Table 1: The accuracy of models

Optimize
Method

Model MAE RMSE

Default
hyperparameters

Decision tree 4.79 7.25

KNN 5.82 7.95
Random forest 3.80 5.41

Random Search Decision tree 5.76 7.89
KNN 4.13 5.81
Random forest 5.62 7.69

Bayes Search Decision tree 5.83 7.98
KNN 4.09 5.93
Random forest 4.34 5.90

GSA Decision tree 4.49 6.43
KNN 3.98 5.59
Random forest 3.85 5.46
Free space 9.29 12.63

capturing the complex propagation characteristics in
A2G environments.

It can also be observed that default hyperparame-
ter configurations do not consistently provide optimal
performance. While the RF model achieves relatively
strong results with default parameters (MAE = 3.80 dB,
RMSE = 5.41 dB), the DT and KNN models exhibit
noticeable performance gaps under default settings. This
highlights the importance of systematic hyperparameter
tuning, particularly for models that are sensitive to
parameter selection.

To ensure fair comparison, RS, BO, and the pro-
posed GSA-based hyperparameter optimization were
conducted within the same search space and using the
same dataset. The results show that the GSA-based
approach provides competitive and consistently strong
performance across different models. For example, the
GSA-optimized DT, KNN, and RF models achieve MAE
values of 4.49 dB, 3.98 dB, and 3.85 dB, respectively,
with corresponding RMSE values of 6.43 dB, 5.59 dB,
and 5.46 dB. Although the RF model with default
parameters achieves slightly lower RMSE in a single
run, the proposed GSA-based framework demonstrates
stable and comparable performance across multiple
architectures, indicating its effectiveness as a unified and
model-independent optimization strategy.

To further analyze the performance characteristics
of the optimization strategies, 100 independent runs
were conducted for each method (RS, BO, and GSA)
using the RF model. RF is selected as a representative
ensemble tree-based model due to its practical relevance
and sensitivity to hyperparameter configuration.

Figure 4 presents the boxplots of RMSE, R2,
and execution time distributions. Here, R2 denotes the

Fig. 4. Distribution of RMSE, R2 and execution time for
the RF model.

coefficient of determination, which measures the propor-
tion of variance in the target variable explained by the
model [25].

The accuracy distributions indicate that the GSA-
based approach achieves the lowest median RMSE and
the highest median R2 among the compared methods.
In addition, the interquartile range (IQR) of GSA is
relatively narrower, suggesting reduced variability and
more consistent convergence behavior across repeated
runs. By contrast, RS and BO exhibit slightly larger
dispersion, indicating higher sensitivity to stochastic
sampling and initialization.

The runtime analysis shows that GSA requires
longer computation time compared to RS and BO,
which is expected for population-based metaheuristic
algorithms. However, this additional cost occurs during
the offline hyperparameter tuning phase and does not
affect real-time inference once the optimal configuration
is determined. Overall, these results illustrate the trade-
off between computational overhead and optimization
stability, with the proposed method offering improved
robustness at the expense of increased search time.

Table 2: Hyperparameters for LSTM model

Hyperparameter Value
Number LSTM node 44
Number Dense node 35
Learning rate 0.001
Epoch 100

C. Hyperparameter tuning for deep learning
This section presents the results of hyperparame-

ters search for an LSTM-based deep learning model.
The path loss prediction model consists of an LSTM
layer, a dropout layer, one dense layer, and an output
layer. Using Algorithm 1, the searched hyperparameters
include the number of LSTM nodes, Dense nodes, and
learning rate. A population of 20 agents with 10 itera-
tions was used; the results are summarized in Table 2.

Figure 5 compares the MAE and RMSE of the
proposed models with the free space model, showing
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that machine learning methods achieve significantly
higher accuracy. Accuracy depends on the model and
chosen hyperparameters. With the recommended hyper-
parameters, KNN, RF, and LSTM models yield nearly
equivalent A2G path loss predictions, confirming the
effectiveness of the proposed hyperparameter search
achieve.

Fig. 5. Predictive accuracy of various ML and DL
schemes.

In summary, the experimental evaluation demon-
strates the effectiveness of the proposed GSA-based
hyperparameter tuning algorithm from three comple-
mentary perspectives. First, in terms of predictive per-
formance, the optimized models consistently achieve
improved accuracy across different learning architec-
tures, with substantial RMSE reduction compared to
the traditional free-space model and competitive results
relative to RS and BO. Second, the robustness anal-
ysis based on 100 independent runs confirms that
the proposed approach provides enhanced convergence
stability and reduced variability, as reflected by nar-
rower interquartile ranges and higher median R2 values.
Third, the framework exhibits strong generalizability,
as it successfully enhances both conventional machine
learning models and deep learning architectures such
as LSTM. While the proposed GSA-based approach
improves predictive performance and robustness, like
other population-based metaheuristic algorithms, it does
not provide a strict mathematical guarantee of global
optimality. Nevertheless, its empirical results demon-
strate clear and consistent advantages over conven-
tional search strategies. Collectively, these findings indi-
cate that the proposed method serves not merely as
a model-specific tuning strategy, but as a systematic
and architecture-independent optimization framework
suitable for reliable A2G path-loss modeling in UAV
communication systems.

VII. CONCLUSION
This study proposes a machine learning-based

framework for predicting A2G path loss between a

UAV and a ground-based user device. In addition, a
HPO approach based on the GSA is developed to
automate model configuration and improve predictive
performance. Numerical results show that the GSA-
optimized hyperparameters enhance the accuracy of the
A2G path-loss prediction model compared with default
configurations and conventional optimization strategies,
such as RS and BO. Future work will extend the
proposed framework to multi-UAV scenarios and more
complex propagation environments to better reflect prac-
tical deployment conditions. Furthermore, deep learning
models tailored for terahertz (THz) band communica-
tions will be investigated, where propagation charac-
teristics exhibit heightened sensitivity to environmental
factors.
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