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Accurate path loss prediction is vital for 5G deployment, especially at midband frequencies where signal degradation is significant.
This paper presents a hybrid model that integrates an optimized COST-231 Hata model with a random forest algorithm to
improve prediction accuracy at 3.5 GHz. Recursive feature elimination identified eleven key features from eighteen multidi-
mensional parameters, including novel environmental attributes, to prioritize factors influencing urban path loss. Validation
against measurement and simulation datasets showed strong alignment with observed results, achieving lower errors
(MAE=1.82dB, RMSE=2.05dB, and MAPE=2.4%) compared to existing models. Additionally, cross-band validation at
1.6 GHz further demonstrated the model’s robustness, though retraining or fine-tuning is reccommended for optimal performance
at lower frequencies. Future research may expand the dataset to enhance generalizability.
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1. Introduction

The advent of fifth-generation (5G) wireless communication
networks has introduced revolutionary changes in various
sectors, addressing critical issues such as data speed, latency,
and connectivity. However, despite these improvements, 5G
networks come with their own set of challenges, particularly
in midband frequencies like 3.5 GHz, where path loss re-
mains a significant concern. Path loss is not particular to
3.5GHz or 5G midband, because the higher the frequency,
the more the path loss challenge. However, the midband is
on the front burner because of its strategic position on the
spectrum. It is between the long wavelength and the short
waves; therefore, it can fit in for backhauling and for access

networks. Therefore, working in the midband is beneficial
either way, making it a priority band. Path loss affects other
aspects of the network, such as power consumption, cov-
erage, interference, infrastructure costs, increased latency,
and a higher bit error rate (BER). Addressing path loss is
crucial, as it not only enhances network reliability but also
optimizes overall performance in wireless communication
systems, making it a priority in the development of robust
5G networks.

Several empirical models have been developed over time
to predict path loss under different conditions, such as the
widely used COST-231 Hata model, originally designed for
frequencies below 2 GHz. However, with 5G operating in
higher-frequency ranges, existing models often fail to deliver
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the required accuracy. Machine learning techniques have
recently shown potential in improving path loss prediction
accuracy by learning complex patterns from large datasets.
However, a major gap remains in how to efficiently combine
the strength of empirical models and machine learning
techniques to deliver a more accurate and adaptable solu-
tion, especially in midband frequencies [1, 2].

This paper addresses the limitations of traditional empirical
models and standalone machine learning models by developing
a novel hybrid approach. It starts by optimizing the COST-231
Hata model to align with the characteristics of 5G midband at
3.5 GHz. Subsequently, a random forest (RF) model is trained
using the best eleven features selected by the recursive feature
selection technique. These features include factors influencing
signal propagation, which are then prioritized for their sig-
nificance in determining path loss [2]. The trained RF model is
employed to refine the optimized COST-231 Hata model,
resulting in a hybrid model that leverages both empirical in-
sights and the predictive power of machine learning. This
hybrid model aims to improve prediction accuracy, reduce
path loss, and address the key challenges of 5G networks.

Many countries across the globe have designated the 3.5-
GHz frequency band for implementing 5G networks. Aligning
with this priority of midband frequency spectrum for the
adoption of 5G communication infrastructure, the Nigerian
Communication Commission (NCC) has allocated the mid-
band spectrum ranging from 3.4 to 3.8 GHz for the deployment
of 5G communication technology in Nigeria. Specific usage
scenarios for this spectrum allocation are delineated in Figure 1.

The main contributions of this paper include the
following:

i. Optimization of the COST-231 Hata model for 5G
midband frequency at 3.5 GHz.

ii. Integration of machine learning techniques, specif-
ically the RF algorithm, to enhance path loss
prediction.

iii. Feature selection and prioritization to identify the
most significant factors influencing path loss in 5G
networks.

iv. Development of a novel hybrid model that synergizes
empirical and machine learning approaches for
improved accuracy and performance.

v. Evaluation of the model’s performance with an in-
dependent dataset from Ogun State, Nigeria, at
1.6 GHz, demonstrating its effectiveness and
generalization.

The remainder of this paper is structured as follows:
Section 2 discusses empirical and machine learning path loss
models. Section 3 reviews related work on path loss mod-
eling and machine learning approaches in wireless networks.
Section 4 outlines the methodology used in optimizing the
COST-231 Hata model and developing the RF-based hybrid
model. Results and discussion, as well as the validation of the
models, are presented in Section 5. Finally, Section 6 dis-
cusses the implications of the findings and concludes with
potential areas for future research.
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2. Path Loss Model

The free space path loss (FSPL) model is often used as
a baseline reference for estimating the path loss in wireless
communication systems, especially for line-of-sight (LoS)
scenarios.

Typically, the attenuation of propagation paths is
influenced by both the frequency of the signal and the
distance it travels, expressed mathematically as follows:

2
P, = 1010g10<<4ﬂcdf) >, (1)

where P;, f, ¢, and d represent the path loss, frequency of
operation, the velocity of propagation in free space, and the
distance between the transmitter and the receiver,

respectively.
As we can see, (1) can thus be transformed as follows [3]:
P; =92.45 + 201og,, (d) + 201og,, (f), (2)

where f and d represent the frequency in megahertz and the
path length between the Tx and Rx in kilometers.

To compare the measured path loss to the predicted path
loss, the measured path loss can thus be presented as follows

[4]:
P, = EIRP - Rp, (3)

where R, and EIRP are the received power and the effective
isotropic radiated power, which are determined by several
factors including the transmitting power, Pr (dBm), the
gains of the transmitting antenna G and receiving antenna
Gy, and potential losses attributable to the feeder cable, F,
antenna, A;, and filter, Ay, illustrated as follows:

EIRP = P; + G+ Gr — F = A — Ay, (4)

However, in real-world environments, the path loss may
be affected by various factors such as terrain, obstacles,
reflections, and diffractions, which can cause additional
attenuation and affect the overall signal strength, as illus-
trated in Figure 2 [5].

2.1. Empirical Path Loss Model. Empirical channel models
for path loss are statistical models that capture the atten-
uation of radio signals as they propagate through various
environments. These models are derived from extensive
measurements of real-world wireless communication sce-
narios and are essential for predicting signal strength and
optimizing network design. Many empirical models have
been developed in the measured environment, but they fail
when applied to different measurement environments and
experimental setups for which they were developed [6, 7].

Several propagation models based on empirical mea-
surements have been proposed in the literature, including
the Okumura model [8], the Okumura-Hata model [9], the
COST-231 Hata model [10], and the Walfisch-Ikegami
model [11]. Among these options, the COST-231 Hata
model is selected for this study due to its proven accuracy
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FIGURE 1: Nigeria’s frequency spectrum.
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FIGURE 2: Propagation mechanism effect along a terrestrial path.

and reliability, especially in the frequency range of interest
(2GHz) [12]. This model, an extension of the Okumura-
Hata model [11], is preferred for its robustness and use of
extensive and diverse measurement data. Moreover, it enjoys
wide acceptance and recognition by governmental agencies
and international standardization bodies.

The model provides a formula to calculate path loss
between a transmitter and receiver, considering variables
such as signal frequency, distance between the two, and

PL = 46.33 + 33.91ogf — 13.821logh,, + C,,

where PL, f, h,,, h,,, and d are the path loss in dB, frequency
in MHz, transmitter antenna height in meters, receiver
antenna height in meters, and the distance from the

a(h,,) = (L.1log,, (f) - 0.7)h,, — (1.5610g,, (f) - 0.8),

The COST-231 Hata model holds significant usage
within the telecommunications sector for path loss esti-
mations and the planning of mobile communication in-
frastructures within urban locales. Nevertheless, it is crucial
to acknowledge that the model possesses certain constraints
and may not invariably provide precise path loss predictions
across all particular circumstances [14]. Hence, there is
a need to optimize the model to suit a scenario with a fre-
quency of interest of 3.5 GHz, which is 3.5 GHz.

environmental factors [13]. The model includes separate
components for both LoS and non-LoS (NLoS) transmission
and can be adapted for use in different frequency ranges and
environmental conditions [9]. The conventional COST-231
Hata model [2] is depicted in (5), alongside its correction
factor illustrated as follows:

—a(h,,) + (44.99 - 6.5510g (h,,))logd, (5)

transmitting station to the receiving antenna in km. The
correction factor is thus written as follows [14]:

for 1500 MHz < f <2000 MHz (6)

2.2. Machine Learning Models. Machine learning path loss
models are predictive models used in communication net-
works to estimate the path loss between wireless devices [15].
It leverages machine learning algorithms to analyze and
learn from historical data, enabling the prediction of path
loss in different environments [8]. These models undergo
training using diverse parameters, including distance, to-
pography, impediments, frequency, and antenna specifica-
tions, to predict the signal attenuation during its
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transmission from the transmitter to the receiver [16].
Machine learning models are classified into supervised,
unsupervised, semi-supervised, and reinforcement machine
learning [17].

Among some of the supervised machine learning
models, such as linear regression, RF [18], K-nearest
neighbors (k-NN) [19], extreme gradient boosting
(XGBoost), and artificial neural network (ANN) [20], the RF
model is considered for this paper. This is because the RF
model reduces the risk of overfitting and the required
training time. Additionally, it offers a high level of accuracy,
as reported in lots of reviewed papers [21-26].

3. Related Works

The growth of wireless communication networks has led to
an increased demand for accurate path loss models, par-
ticularly in urban environments where signal propagation is
challenging. This section provides an overview of the
existing literature on path loss modeling, focusing on prior
works that have used machine learning techniques and the
application of the COST-231 Hata model in urban envi-
ronments at 3.5 GHz.

For example, the work in [27] proposed a deep
learning-based path loss model that combines LoS and
NLoS propagation scenarios while considering eight features
for the modeling. The proposed model outperformed the
two chosen current empirical models, such as the CI and
ABG, that were compared, having a lower mean error.
However, the stability of the proposed model is required to
be tested in a more commercial environment. Further re-
finement is therefore required to improve the performance
of the proposed model.

The authors of [28] used a model-aided deep learning
approach to predict path loss at 7GHz in an urban envi-
ronment. Unlike previous models, their method integrates
a modified set of input features and directly forecasts path
loss instead of received signal strength. They leverage both
modeling-based and learning-based techniques to enhance
prediction accuracy, with numerical results indicating su-
periority over most empirical models. However, the pro-
posed model requires further refinement, especially in
environments with higher obstruction levels.

As reported in [29], machine learning methods, in-
cluding the RF and NN models, exhibit the potential for
enhancing the accuracy of path loss prediction within the
midband frequency range of 1-6 GHz. Yet, research is scarce
concerning the efficient integration of these methods into
empirical models for path loss specifically within the 3.5-
GHz band in urban environments.

In a comparable study conducted by [26], a promising
approach to enhance path loss forecasting involved
employing an RF model. Their experimentation revealed
that integrating the RF method with attributes such as
geographical coordinates, distance, azimuth, and antenna
gain yielded superior outcomes compared to other models
under consideration.

The study by [24] employed three machine learning
models to analyze radio channel modeling in urban
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vehicular environments, focusing on LoS and NLoS sce-
narios using ray tracing-generated data. The RF model
outperformed with a minimum root-mean-square error
(RMSE) value of 1.80ns, whereas the MLP model had
a maximum RMSE of 11 ns. Conversely, the authors of [30]
presented alternative methods to enhance path loss models
by using machine learning techniques. They successfully
reduced the number of measurements needed for modeling
wireless channels through regression techniques.

In [25], the RF model underwent hyperparameter tuning
to optimize path loss prediction in the Palembang City area
of Indonesia. The model considered seven input features
from a drive test measurement campaign, including cell
distance, frequency, total height of Tx and Rx, vertical and
horizontal angles of Rx from main beam Tx, road width, and
adjacent building elevation. Results indicated improved
accuracy, with the RF model achieving an 8.00% mean
absolute percent error (MAPE) and an 11.8dB RMSE,
outperforming previous outcomes.

In a separate study conducted by [31], wideband mea-
surements conducted within a street environment were used
to establish path loss models for frequency bands spanning
1.8, 3.5, and 28 GHz. The measurement campaign took place
under static environmental conditions without wind. The
findings highlight the importance of considering multiple
scattering effects from trees in the 1.8-GHz and 3.5-GHz
bands after a certain distance between the transmitter and
the receiver.

In their study, the authors of [32] enhanced the tradi-
tional COST-231 Hata model for the city of Limbe in
Cameroon by employing optimization techniques such as
the magnetic optimization algorithm (MOA) to predict path
losses within the 2-GHz midband. The dataset used was
obtained from drive tests conducted in the field. Although
the proposed model yielded satisfactory prediction out-
comes, it is noted that the MOA used may encounter
challenges in addressing nonlinearities and could face
convergence issues, potentially compromising the accuracy
of the model.

In another study by [33], five distinct empirical mod-
els—FSPL [33], SUI model [33], Ericsson model, Okumura
model [8], and COST-231 Hata model [10]—were evaluated
against empirical data measurements to determine the most
suitable model for predicting path loss in the urban setting of
Cologne, Germany, operating at 2.5GHz. The findings
revealed that the COST-231 Hata model exhibited the best
fit, achieving a minimum RMSE of 5.27 dB. However, it was
noted that further refinement of the COST-231 Hata model
is necessary to accommodate the specific characteristics of
the urban environment, which includes a mix of old and
modern buildings.

However, further fine-tuning based on the feature se-
lection technique is required to improve the performance of
the models in [24, 26, 28], especially in a cluttered urban
environment. Also, further attributes should be in-
corporated to refine the models’ performances through
comprehensive training and testing. Extensive measurement
campaigns across similar environments will be necessary in
[31-33] to evaluate the stability of the models.
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Therefore, in this paper, a supervised machine learning
model (RF model) underwent refinement through the re-
cursive feature elimination (RFE) technique. Subsequently,
it was integrated with the fine-tuned and optimized
COST-231 Hata model to develop a novel hybrid path
loss model.

4. Methodology

4.1. Study Area. The study areas for the measurement
campaigns, aimed at capturing received signal strength from
two different mobile stations, are both located in the urban
environment of Maitama, a district in the Federal Capital
Territory of Nigeria [34]. These areas, identified by cellular
site IDs FCO0125 and FC3112, exhibit distinctive urban
characteristics that contribute to the variation in signal
propagation and reception.

The site designated as FCO0125 is situated in a part of
Maitama characterized by a well-planned and modern urban
landscape. This area features a well-arranged configuration
of tall, contemporary buildings that dominate the skyline.
The architecture here primarily consists of high-rise resi-
dential and commercial structures constructed with modern
materials and designed with a focus on vertical expansion.
The streets in the vicinity are systematically laid out, offering
a grid-like pattern that facilitates efficient navigation and
urban mobility. These streets are wide, well-maintained, and
equipped with modern amenities, including traffic man-
agement systems, pedestrian walkways, and landscaping
elements such as trees and green spaces [34], as presented in
Figure 3(a). The presence of such tall buildings and orderly
streets creates a complex urban environment for signal
propagation, with the potential for significant multipath
reflections and signal diffraction.

The second site, FC3112, is located in a more diverse part
of Maitama, where the urban landscape is a blend of both
modern and older buildings, as shown in Figure 3(b). The
modern buildings here are similar to those around FC0125,
comprising tall structures with contemporary designs.
However, mixed among these are older buildings, which add
historical and architectural diversity to the area. The streets
around FC3112 are less uniformly arranged compared to
those around FCO0125. This combination of modern and old
buildings, along with the irregular street layout, creates
a dynamic and heterogeneous environment for signal
measurements, potentially influencing signal strength and
propagation in different ways compared to the more uni-
formly modern area of FC0125.

Table 1 provides comprehensive technical and geo-
graphic parameters of the transmitting station used in this
study. The table includes detailed technical parameters of the
two selected base stations, along with descriptions of their
respective locations.

4.2. Data Collection. The empirical data used in this study to
develop a novel path loss model at 3.5GHz in an urban
environment were gathered through four different sources,
which are presented as follows.

4.2.1. Measurement Campaigns. To conduct an outdoor
measurement campaign at the 5G midband frequency of
3.5 GHz, extensive field measurement campaigns across the
two diverse urban environments (regular and irregular
urban) hosting operational 5G networks at the midband
frequency of 3.5 GHz were conducted. In both regular and
irregular urban environments, signal measurements were
systematically repeated three times at each designated lo-
cation, and the averages were calculated to guarantee pre-
cision and reliability in the collected data. A substantial
number of measurements were undertaken across numerous
points to ensure a comprehensive dataset for thorough
analysis.

Measurements from the base station were conducted in
a regular urban environment, identified as ID Number
FC0125. Data were collected along two distinct paths: LoS
and NLoS. The designated paths are visually represented in
Figure 3(a), where the LoS path is marked with a circular
shape filled in white and outlined in red, and the NLoS path
is marked with a circular shape filled in black and outlined in
yellow [34].

For reference, the distance between the tower leg and the
palisade was determined to be 6 m. Using a tape rule, an
additional 4 m was measured from the palisade to establish
a reference point of 10 m from the tower leg. This reference
point served as the starting distance for both LoS and NLoS
paths. Subsequent measurements were taken at regular in-
tervals of 10 m, extending up to a maximum distance of
710m, aligning with the transmitter’s coverage limit of
0.71 km. This systematic approach resulted in a total of 71
data points for each path. The measurement setup is shown
in Figure 4.

Similarly, measurements were conducted from the base
station in an irregular urban environment, identified as ID
Number FC3112. Data collection was performed along two
distinct paths: LoS and NLoS. These paths are visually
represented in Figure 3(b), where the LoS path is marked
with a circular shape filled in white and outlined in red,
whereas the NLoS path is marked with a circular shape filled
in black and outlined in yellow.

The distance between the tower leg and the palisade was
measured to be 3 m. Using a tape rule, an additional 7 m was
measured from the palisade to establish a reference point,
creating a total distance of 10m from the tower leg. This
reference point was used for both the LoS and NLoS paths.
Subsequent measurements were taken at regular intervals of
10 m, extending up to a maximum distance of 690 m, which
corresponds to the transmitter’s coverage limit of 0.69 km.
This systematic approach resulted in a total of 69 data points
for each path.

Figure 5 illustrates how these campaigns were carried out
using a stationary base transmitter station, Tx, and
a handheld spectrum analyzer (N9344C) as a directional
receiver, Rx, which was mounted on a vehicle roof to the
directional antenna (HE200) and driven along streets.

4.2.2. 3D Ray Tracing. WinProp (Altair HyperWorks)
software tool was used to conduct 3D ray tracing. The study
commenced by defining the geographical boundaries of the
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FIGURE 3: Study area: (a) regular urban environment and (b) irregular urban environment.

TaBLE 1: Transmitter information parameters for the locations.

Key parameters Cell identity
FC0125 FC3112
Transmission power (dBm) 10 10
Frequency (GHz) 3.5 3.5
Transmitter height (m) 35 30
Coverage area (km) 0.71 0.69
Cell radius (mm) 1.2 2.4
Modulation types 16-QAM 64-QAM
Technical parameters Channel coding techniques LDPC LDPC
Duplexing method FDD FDD
Multiple access method CDMA CDMA
Handover method Soft handover Soft handover
Antenna type Sectorial Sectorial
Antenna gain (dBi) 20 20
Number of antenna ports 16 ports 16 ports
Environment Regular urban Irregular urban
Geographic parameters Latitude (°) 9.0853 9.0736
Longitude (°) 7.4724 7.4950

FIGURE 4: Measurement setup.

BS

FIGURE 5: Illustration of the measurement campaign.
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area under consideration. The environment was then set up
by specifying the terrain model and identifying structures
such as buildings, trees, and other objects that could obstruct
radio wave propagation. Following this, transmission pa-
rameters were established, including the frequency, power,
and antenna characteristics for both the transmitting and
receiving devices. Appropriate propagation models were
then selected to suit the scenarios under consideration.
Subsequently, a ray tracing simulation was performed for the
defined study area using the specified transmission pa-
rameters. Upon completion of the simulation, path loss data
were collected. This dataset, generated by the RF planning
tool software, included detailed information about the path
loss at each specific location, taking into account the effects
of the transmitted signal and the surrounding environment.

4.2.3. Geographical Data. To obtain geographical data for
path loss analysis, the PL5 software tool was used to extract
crucial geographical information about the study area, in-
cluding path profile, terrain elevation, path length, and path
inclination. The process began by launching the PL5 soft-
ware and importing the geographical map data of the study
area from OpenStreetMap. The study area was then defined
within these map data, selecting the specific region for path
loss analysis. Transmitter locations were identified on the
map within the selected study area, and relevant transmitter
information, such as frequency, power, and antenna height,
was entered. Receiver locations were specified next, either as
predetermined points or using a grid-based approach to
cover the entire study area. The path loss calculation process
was then initiated. Upon completion, the relevant geo-
graphical data were exported into a suitable format for
integration with other tools.

4.2.4. Weather Station. Generating a path loss dataset from
a weather station involves considering weather-related pa-
rameters that can influence signal propagation. In this case,
relevant weather parameters that are known to impact signal
propagation, such as temperature and humidity, were col-
lected from the Nigerian Meteorological Agency (NiMet) at
regular intervals for a period of two years, while considering
factors such as environmental changes and local variations.

4.2.5. Dataset Description. The complete dataset used for
this study comprised a total of 280 samples collected from
both measurement campaigns and complementary sources.
From the field measurements, 71 samples were recorded
along LoS paths and 71 along NLoS paths in the regular
urban environment (FC0125), whereas 69 LoS samples and
69 NLoS samples were collected in the irregular urban
environment (FC3112). This resulted in 280 empirical path
loss measurements across distances ranging from 10 to
710 m in FC0125 and 10-690 m in FC3112, with 10-m in-
tervals. Measurements were repeated three times at each
point, and averages were used to improve accuracy.

The equipment setup included a stationary 5G base
station (Tx) at 3.5GHz and a handheld spectrum

analyzer (Agilent N9344C) connected to an HE200 di-
rectional antenna mounted at 1.5 m on a moving vehicle,
serving as the receiver (Rx). Weather-related features
(temperature and humidity) were collected from the
NiMet over a 2-year period (2021-2022) at regular in-
tervals. In addition, 3D ray tracing simulations using
Altair WinProp and geographical features extracted via
PL5 software and OpenStreetMap were incorporated,
generating a total of 18 candidate features for model
training.

4.3. Model Development and Evaluation

4.3.1. Optimization of the COST-231 Hata Model. To opti-
mize the COST-231 Hata model for 3.5-GHz operations, the
parameters of the conventional COST-231 Hata model were
fine-tuned. This involved an initial adjustment of the
model’s parameters to better fit the specific dataset. This
preliminary step aimed to reduce discrepancies between the
model’s predictions and the actual measurements. Following
this, the parameters were further optimized using the “sci-
py.optimize.minimize” module in Python, which minimizes
a scalar function of one or more variables using a solver. In
this optimization, the Constrained Optimization by Linear
Approximations (COBYLA) solver was employed. This
solver was selected due to its superior performance based on
both R? score and MSE compared to other solvers that were
tested, which include Nelder-Mead, Powell, L-BFGS, TNC,
SLSQP, and trust-constr. The algorithm that was used to
realize the optimized COST-231 Hata model is presented in
Algorithm 1.

4.3.2. Training of the RF Model. To train the RF model based
on the RFE technique, the generated dataset from the 3D ray
tracing, weather station, and geographic data was combined
with that of the measurement campaign to construct
a dataset of eighteen for the training and testing of the
RF model.

The input features include the path length between the
Tx and Rx, receiver (Rx) coordinates, elevation, relative
humidity, temperature, path inclination, true azimuth, re-
ceived signal strength of all the locations, and the features
considered in the conventional COST-231 Hata model. The
flowchart for training and evaluating the performance of the
RF model is presented in Figure 6.

After applying the RFE technique, eleven out of the
eighteen significant features were identified as the most
crucial contributors to path loss and retained, including
environmental and geographical attributes that enhanced
dataset diversity. This combination of empirical measure-
ments, ray tracing simulations, geographical information,
and long-term weather data ensured that the dataset cap-
tures variations across urban morphology, LoS/NLoS
propagation, environmental conditions, and measurement
scenarios, thereby improving the robustness and general-
izability of the developed hybrid model. Figure 7 illustrates
the importance of these features after the implementation of
the RFE technique.

85UR0| 7 SUOWILLIOD SISO 3|eo!|dde au Aq peusenoh a1e 9l YO ‘8sN JO S3|Nu 10} Ariq 1T 8UIUO AB]IAA UO (SUOHIPUOO-pUB-SWLISYW00" A3 1M AReaq 1 oulJUO//SENY) SUORIPUOD Pue Swie L 8U 89S *[9202/20/20] Uo A%eiq18uljuo A8]IM ‘4oeassy OIPBIN UeOUSY UINoS Aq 6.1..2¢/dell/SSTT 0T /I0p/woo A8 |mAtelq1puljuo//Sdny Wiy papeojumod ‘T ‘'SZ0Z '6£08



International Journal of Antennas and Propagation

# Given equation
def path_loss_equation (constants, X):
f=X [‘Frequency (MHz)’]
ht_x =X [‘Tx_height’]
hr_x =X [Rx_height’]
d =X [‘Distance (km)’]
C_m=3 # dB for urban environments

a_hr x=(1.1 * nplogyo (f) —0.7) * hr_x— (1.56 * np.log;, (f) —0.8)

PL=(

constants [0] +

constants [1] * np.logio (f) —

constants [2] * np.log;o (ht_x) +

C_m -

a_hr x +

(constants [3] —constants [4] * np.log;o (hr_x)) * np.logie (d)
)

return PL

# Mean squared error between calculated PL and actual PL from data

def loss_function (constants, X, y):
calculated_PL = path_loss_equation(constants, X)
actual_PL=y # Actual path loss from the dataset
mse = np.mean((calculated_PL —actual_PL)x2)
return mse

# Initial guess for constants

initial_constants = [46.33, 33.9, 13.82, 44.99, 6.55]

# Optimize the constants

# bounds = [(—345, —280), (-345, —280), (—345, —280), (—345, —280), (-345, —280)]

optimized_constants = minimize (loss_function, initial_constants,
args= (X_train, y_train),
method = ‘COBYLA”)#, bounds = bounds)

print (“Optimized Constants:”, optimized_constants.x)

ALGORITHM 1: Optimized COST-231 Hata model.
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FIGURE 6: Adopted flowchart for training and evaluating the performance of the RF model.

To evaluate the effectiveness of the feature selection
process, a comparison was made between the RF model
trained with all 18 features and the RF model after applying

dataset /

/

i

.

/

they well >
~_ performed?

\

RFE, which retained 11 features, as presented in Table 2. The
results indicate that RFE led to a consistent improvement in
predictive accuracy, reducing RMSE from 7.21 to 6.42dB
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FIGURE 7: Feature importance heat map.

TaBLE 2: Performance comparison of the random forest model
before and after RFE.

RMSE MAE MAPE

. 2
Model variant (dB) (dB) (%) R
RF (all 18 features, no

REE) 7.21 6.74 9.12 0.69
RE (after RFE, 11 6.42 5.88 815 074
features)

and mean absolute error (MAE) from 6.74 to 5.88 dB, while
also improving R* from 0.69 to 0.74. This demonstrates that
RFE successfully eliminated redundant or less informative
predictors, thereby enhancing model generalization and
reducing overfitting. Importantly, the performance gain
achieved with fewer features also highlights the efficiency of
the hybrid model framework, as the optimized RF com-
ponent feeding into the empirical model is both more ac-
curate and computationally efficient.

4.3.3. Development of the Hybrid Model. To develop the
hybrid path loss prediction model, the RFE-based improved RF
model was combined with the optimized COST-231 Hata model
using their weighted average, as presented in Algorithm 2. To
determine the optimal weighting for combining the RF model
and the optimized COST-231 Hata model, several weighting
ratios were empirically tested, including 50:50, 60:40, 70:30, and
80:20. The evaluation was based on standard performance
metrics such as RMSE, MAE, and coeficient of determination
(R?). Among these, the 70:30 weighting (favoring the RF pre-
dictions) consistently yielded the lowest error values and the
highest R?, demonstrating a superior balance between capturing
nonlinear feature interactions through RF and maintaining
propagation trend fidelity from the COST-231 Hata model.
Consequently, the 70:30 weighting was adopted as the most
effective combination strategy for the proposed hybrid model.
The flowchart for the proposed model is shown in Figure 8.

4.3.4. Comparative Analysis, Validation, and the General-
ization of the Hybrid Model. To conduct a comparative
analysis of the hybrid model, the prediction results of the

proposed hybrid path loss model were compared with those
of the optimized COST-231 Hata model and the RFE-based
RF model, using performance metrics such as MAE, RMSE,
and MAPE.

To validate the new model with independent path loss data,
its path loss prediction capability was tested across diverse
scenarios (irregular urban environments), as each environment
presents unique challenges and characteristics that can sig-
nificantly impact signal propagation. Testing the model in such
an environment can assess its generalizability and robustness,
confirming its ability to predict path loss under varying con-
ditions accurately. This validation process helps mitigate the
risk of relying on a model that may perform well in one en-
vironment but falter in others, thereby enhancing its credibility.
Additionally, comparing predictions with actual measurements
in different environments allows for an accurate assessment of
the model’s accuracy and identification of any limitations or
discrepancies, ultimately contributing to more informed
decision-making in system design and deployment efforts.

To generalize the applicability and effectiveness of the
proposed hybrid path loss model, a validation was further
conducted in an environment considered in [35]. The val-
idation process involved applying the hybrid model to this
new environment and comparing its predicted path loss
values against the measured path loss obtained. The focus
was on the LoS scenario to ensure consistency with the
reference study.

5. Results and Discussion

5.1. Received Signal Strength. The results of the path loss
measurements carried out in the regular urban environment
are shown in Figure 9. The fluctuations experienced in the
received signal strength between 500 and 580 m are pri-
marily attributed to the mixture of LoS and NLoS condi-
tions, characteristic of a Rician environment. A Rician
environment occurs when the received signal consists of
a dominant direct path combined with multipaths, leading
to variations in signal strength.

These reflections cause multiple copies of the signal to
arrive at the receiver with varying delays and phases, leading
to constructive and destructive interference. Additionally,
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BEGIN FUNCTION combine_predictions (COST-231_predictions, rf_predictions, rf_weight=0.7):
Combined_predictions= (rf_weight * rf_predictions) + ((1-rf_weight) * COST-231_predictions)
| RETURN combined_predictions

END FUNCTION

# Get importance weight for RF model (sum of importance as a percentage)

Rf_weight =np.sum (feature_importances) * 100

ALGORITHM 2: Hybrid model.
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l l T Model evaluation
Priortize features Train the RFE-based
for the COST-231 e e
Hata model model (
J \ Hybrid model \
\ \
Evaluate the
optimized
COST-231 Hata o
| —— Performance Path loss
i )
e | __Independent data Evaluation prediction
| Combine using / s
/ weighted /
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FiGURE 8: Flowchart of the proposed hybrid model.

the Fresnel zone effect is likely contributing to these fluc-
tuations. The Fresnel zone is the area around the direct path
between the transmitter and the receiver that must remain
relatively clear of obstructions to minimize diffraction and
interference. Given the transmitting antenna height of 30 m
and the complex urban terrain, objects intruding into the
Fresnel zone can cause further signal variability.

Similar fluctuations in RSS were observed in the NLoS
scenario between 300 and 370 m. In NLoS conditions, the
signal path is obstructed, forcing the signal to reflect and
diffract around obstacles to reach the receiver. This results in
more pronounced multipath effects compared to the LoS
scenario, leading to the observed fluctuations.

An unexpected improvement in RSS was observed at
680 m, close to the cell edge at 710 m. There is a noticeable
increase instead of a further reduction in signal strength.

This phenomenon is likely due to signals the mobile receives
from neighboring BSs, including the serving BS. Soft
handovers are a common feature in code division multiple
access (CDMA) systems, which the station under consid-
eration uses. During a soft handover, a mobile device si-
multaneously communicates with multiple base stations to
ensure a seamless transition from one cell to another. The
improvement in signal strength at 680 m indicates that the
mobile device began receiving signals from an adjacent base
station, leading to a stronger combined signal as it transi-
tioned between cells. This handover mechanism ensures
continuous connectivity and enhanced signal quality, es-
pecially near the cell edge.

The results of these measurements in the irregular urban
environment are presented in Figure 10. From 70 m up to
420 m away from the transmitter, the RSS along the LoS
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scenario underperformed relative to expectations. This
underperformance can be attributed to the presence of
obstructions and reflective surfaces within the urban envi-
ronment. Although the scenario is designated as LoS, the
urban setting likely introduced elements of NLoS conditions.
Structures and irregular street patterns may have caused
signal reflections, diffraction, and scattering, creating a hy-
brid propagation environment. This mixed scenario aligns
with the characteristics of Rician fading, where there is
a predominant LoS path combined with multiple scattered
paths. The variations and reduced signal strength suggest
that the direct path was periodically obstructed and that the
signal was influenced by multipath propagation.
Fluctuations in RSS were observed in both LoS and
NLoS scenarios within the 70-420 m range. In the LoS
scenario, these fluctuations point toward the presence of

11

Rician fading, where the signal experiences interference
from both the direct path and reflected paths. In areas
where the direct path is intermittently blocked or heavily
affected by reflections, Rayleigh fading might also be
occurring, characterized by the absence of a dominant
direct path and the presence of numerous scattered paths.
The combination of these fading effects can cause sig-
nificant variability in signal strength, as seen in the
measurement results.

5.2. Optimized COST-231 Hata Model. After tuning the
parameters of the COST-231 Hata model to suit the dataset,
using Algorithm 1 in Section 4.3.1, the optimized constants
became  15.06035358,  —40.27321111, —8.95983077,
84.0493291, and -39.38700645.

Therefore, the optimized COST-231 Hata model is
presented as follows:

PL,, = 15.06 — 40.27log,o f — 8.96log,,ht, + C,,
—a (hr,) + (84.05 - 339.3910g,, hr,) log,,d,
(7)

a (hr,) = (1.1log,, f — 0.7) x hr, — (1.56 log,, f — 0.8),
(8)

where PL,, is the path loss of the optimized COST-231 Hata
model in dB, f is the frequency in MHz, d is the distance
from the transmitting station to the receiving antenna in km,
ht is the transmitter antenna height in m, hr is the receiver
antenna height in m, and C,, is the correction factor, which
maintains its value as 3 dB for urban environments.

5.3. Hybrid Path Loss Model. As discussed in Section 4.3.3,
the models were combined by calculating the weighted
average of the two input predictions. The equations for the
hybrid model are presented as follows:

RF}, = ;(Xf), 9)

PL, = (RF’;} x RFSf) + ((1 - RF';}) X PLOPT), (10)

where RF(; is the weighted importance of the RF selected
features X', RF,; is the RF retrained model using the se-

lected features, PL,, is the path loss of the optimized

COST-231 Hata model, and PLy; is the path loss of the
hybrid model.

5.4. Path Loss Prediction. The graphical results in Figure 11,
depicting the prediction of path loss in an urban environ-
ment at 3.5 GHz, offer compelling insights into the efficacy
of different models. In the LoS scenario, the graphical
representation showcases the superior performance of the
proposed hybrid model compared to both the RF model and
the optimized COST-231 Hata model in predicting path loss.
Notably, although the RF model demonstrates
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FIGURE 11: Path loss prediction in the regular urban environment in the LoS scenario.

commendable performance compared to the COST-231
Hata model, the proposed hybrid model surpasses both
when compared to the measured path loss.

This outcome highlights the drawbacks of the optimized
COST-231 Hata model, which notably underperformed in the
context of 3.5 GHz, even though it was fine-tuned and opti-
mized. The graphical representation serves as compelling ev-
idence, illustrating the inadequacy of the optimized COST-231
Hata model for predicting path loss at the higher frequency of
3.5 GHz, thereby emphasizing the necessity and effectiveness of
the proposed hybrid model in accurately modeling path loss
within the urban environment at this frequency range.

Conversely, the results, shown in Figure 12, depicting
path loss prediction in the NLoS scenario within an urban
environment at 3.5 GHz, provide valuable insights into
model performance. In the range of 10 m-710 m, the pro-
posed hybrid model demonstrates superior predictive ca-
pabilities compared to the RF model and the optimized
COST-231 Hata model.

However, within the first 350m, an interesting trend
emerges: The proposed hybrid model exhibits under-
performance relative to the later stages of the measurement
range. This underperformance, while notable, is consider-
ably less pronounced when compared to the RF and opti-
mized COST-231 Hata models within the same distance
range. Beyond the initial 350 m, the hybrid model showcases
a marked improvement, outperforming both the RF and
optimized COST-231 Hata models, highlighting its ability to
better predict path loss in the NLoS scenario at 3.5 GHz
within an urban environment. This performance pattern
underscores the hybrid model’s advantage in accurately
modeling path loss, especially when compared to the lim-
itations observed in the other models in the NLoS scenario.

Based on the performance metrics, the optimized
COST-231 Hata model exhibits RMSE values of 17.23 dB in
the LoS scenario, whereas in the NLoS scenario, the RMSE

value spikes to 26.19 dB, showcasing higher error rates and
notably elevated MAE values in both scenarios, as shown in
Figure 13. The RF model demonstrates improved perfor-
mance with RMSE values of 5.69dB (LoS) and 8.88 dB
(NLoS).

However, the standout performer emerges as the pro-
posed hybrid model, showcasing remarkable accuracy with
RMSE values of 2.05dB (LoS) and 3.31dB (NLoS). These
results substantiate the superior predictive prowess of the
proposed model, significantly outperforming both the op-
timized COST-231 Hata and RF models in path loss pre-
diction within this regular urban environment. The
substantial reduction in RMSE values, coupled with lower
MAE values across both scenarios, underscores the excel-
lence and precision of the proposed model, affirming its
efficacy and reliability in accurately modeling path loss in
this specific urban environment.

5.5. Validation of the Hybrid Model. The results for the
validation are hereby presented in Figure 14, illustrating
path loss prediction at 3.5 GHz in the irregular urban en-
vironment for the purpose of testing the stability of the
model and generalizing the applicability of the proposed
hybrid model in urban environments.

Across the span of 10-490m, the proposed model
demonstrates a strong alignment with the measured path
loss data, showcasing its accuracy and reliability in modeling
signal propagation within this complex urban landscape.
However, beyond 490 m, a noteworthy trend emerges: The
proposed model starts to exhibit an overprediction of the
path loss. This deviation, though limited to the latter part of
the measurement range, contrasts with its prior accuracy. In
contrast, while demonstrating similar trends, the RF and
optimized COST-231 Hata models display less consistency
and accuracy in predicting path loss within this heteroge-
neous urban environment. The proposed model’s proficient

85US01 7 SUOWIWIOD BAIE8ID 3(dedtdde 8Ly Ag peusencb ase ssppile O ‘88N JO Sa|nJ 10} A%Iq1T8UIUO A8]IM UO (SUOIPUOD-PU-SULIBYW0D A8 |1 ARe.q| 18Ul UO//SdNY) SUONIPUOD pUe SWLB | 8U1 88S *[9202/20/20] Uo AriqiT8ulluO A8|IM ‘UoIeessy [e9IPSIN UeoLSY Unos Aq 6/1./2€/dell/SSTT 0T/I0p/w0d A8 | Akeiq 1 pul|uoy/sdny woly pepeojumod ‘T ‘5202 ‘6£08



International Journal of Antennas and Propagation

Path loss in dB

Path loss in dB

X
oy Sy

2 aad
100 "‘ﬂ’, o™ o ’

90 wf.:"’ - o
S dadalad
80 Pl VP ot
g ™ - o™

70 vﬂ ok Pl
60 o M

-~ e
50 M*‘M

0 100 200 300 400 500 600 700

Distance in meter (m)

=t Opt-COST-231 ==f Proposed model
==t RF =—f Measured

FIGURE 12: Path loss prediction in the regular urban environment in the NLoS scenario.

35 -

LOS NLOS LOS NLOS LOS NLOS
COST-231 Hata model RF model Proposed model

B MAE (dB) B MAPE (dB)

I RMSE (dB)

FIGURE 13: Models’ prediction performances in the regular urban environment.

120

*Mﬂ
L ek ol
110 P
K
100 o A

£
90 )‘f' & ¥ #M/ﬂ
£ o
80 o e f"
* wltA P £
> lx W 4 >
70 PO o o
4" i «*”* mu’“
60 y n‘:' ',«M*""
'
50 /V‘/ ¥
4
40
0 100 200 300 400 500 600 700

Distance in meter (m)

==fe Opt-COST-231 ==f Proposed model
==t RF =—fe Measured

FIGURE 14: Path loss prediction in the irregular urban environment in the LoS scenario.

13

85UR0| 7 SUOWILLIOD SISO 3|eo!|dde au Aq peusenoh a1e 9l YO ‘8sN JO S3|Nu 10} Ariq 1T 8UIUO AB]IAA UO (SUOHIPUOO-pUB-SWLISYW00" A3 1M AReaq 1 oulJUO//SENY) SUORIPUOD Pue Swie L 8U 89S *[9202/20/20] Uo A%eiq18uljuo A8]IM ‘4oeassy OIPBIN UeOUSY UINoS Aq 6.1..2¢/dell/SSTT 0T /I0p/woo A8 |mAtelq1puljuo//Sdny Wiy papeojumod ‘T ‘'SZ0Z '6£08



14 International Journal of Antennas and Propagation

S

W 2t \

] 3 Wt

A A
5 9 " ,*l{ f“v‘ — o S
g ﬂ*ﬁ - P k™ (N Ll
2 g e ol 4 ; A ’*I
= L
= a*:‘::}' P 7 = ¥ v
£ 7 * el ~ N/
r* o {‘\‘\f
™ ol
60 4 i
x| el
50 4
ot
wl T
0 100 200 300 400 500 600 700

Distance in meter (m)

=t Opt-COST-231
=k RF

==fe Proposed model
=—fe Measured

FIGURE 15: Path loss prediction in the irregular urban environment in the NLoS scenario.

alignment with measured path loss up to 490 m underscores
its suitability for capturing the intricate dynamics of signal
propagation in the LoS scenario. Nonetheless, the observed
overprediction beyond 490 m suggests a need for further
refinement or adjustment in modeling the path loss dy-
namics in this specific context at 3.5 GHz.

Similarly, in the NLoS scenario, as shown in Figure 15,
for the entire range considered, up to 710 m, the proposed
model showcases a strong alignment with the measured path
loss data. This robust consistency underscores the model’s
accuracy and reliability in predicting path loss in this
complex urban setting. In contrast, the RF and optimized
COST-231 Hata models exhibit notable deviations and
inaccuracies compared to the measured path loss.

The proposed model’s ability to consistently fit the
measured path loss across the range of up to 710m in the
NLoS scenario highlights its superior performance and
suitability for accurately modeling path loss dynamics in this
diverse and less structured urban environment at 3.5 GHz.

The validation results for path loss prediction models in
an irregular urban environment, evaluated using MAE,
MAPE, and RMSE, reveal the comparative performance of
the models under scrutiny, as presented in Figure 16. The
optimized COST-231 Hata model exhibits considerable
discrepancies in accuracy within this irregular urban envi-
ronment. Notably, high RMSE, MAE, and MAPE values for
both LoS and NLoS scenarios indicate a lack of precision in
capturing the complex signal propagation dynamics within
this environment.

Conversely, the RF model showcases improved accuracy
compared to COST-231 Hata, presenting lower RMSE,
MAE, and MAPE values in both LoS and NLoS scenarios.
Despite this improvement, the standout performer is un-
doubtedly the proposed hybrid model, which consistently
outperforms both the optimized COST-231 Hata and RF
models across all metrics in both scenarios. With

substantially lower RMSE, MAE, and MAPE values, the
proposed model demonstrates exceptional accuracy and
reliability in predicting path loss within this irregular urban
environment at 3.5 GHz.

The results of validating the proposed hybrid path loss
model using data from [35] are presented in Figure 17 and
Table 2. Figure 17 shows the path loss prediction in
a comparative environment, assessing the performance of
the proposed hybrid model, the optimized COST-231 Hata
model, and the RF model. This validation serves to evaluate
how closely each model aligns with the measured path loss
values across various distances.

The results reveal that, over the entire range considered
(up to 800m), the proposed hybrid model consistently
outperforms the other models, exhibiting a closer alignment
with the measured path loss. This supports earlier findings,
confirming that the hybrid model provides more accurate
predictions in both regular and irregular urban environ-
ments compared to the other models. The RF model, while
performing reasonably well, demonstrated some degree of
underperformance, though it was not as pronounced as that
of the optimized COST-231 Hata model. The optimized
COST-231 Hata model significantly overpredicted path loss
beyond 150 m, only beginning to align with the measured
values around 430 m.

The validation conducted with the independent dataset
from Ogun State at 1.6 GHz was not intended as a direct
same-band evaluation but rather as a cross-band validation
exercise to examine the generalization capability of the
proposed hybrid model beyond its training frequency of
3.5 GHz. Although the model was optimized for midband
operation, the 1.6-GHz results are valuable in showing that
the hybrid model consistently outperforms the benchmark
models even outside its training band. This suggests that the
proposed approach is adaptable and robust across different
frequency ranges. Nevertheless, it is acknowledged that the
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160 1

150 4

140 4

130 1

Path loss in dB

120 4

110 4

0 100 200 300

400 500 600 700 800

Distance in meter (m)

—+— Opt-COST-231 Hata

—— Proposed model

—+— Random forest

—+— Measured
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TaBLE 3: Comparison of the examined models.

Accuracy metrics
Opt-COST-231 Hata

Examined models

Random forest (RF) Proposed hybrid model

MAE (dB) 5.3
RMSE (dB) 8.4
MAPE (%) 49

3.1 2.8
3.4 2.1
1.6 1.2

model could achieve even better predictive accuracy if
retrained or fine-tuned specifically for 1.6 GHz, which is
recommended as future work.

To reveal the individual performance of the examined
path loss models, Table 3 presents a comparative analysis
using three adopted performance metrics: MAE, RMSE, and
MAPE. The results demonstrate that the proposed hybrid
model outperforms both the RF and optimized COST-231
Hata models, achieving the lowest MAE of 2.8 dB, RMSE of
2.1dB, and MAPE of 1.2%. This superior performance
highlights the robustness of the hybrid model and

underscores its potential for broader applicability in diverse
urban environments.

To further assess the generalizability of the proposed
hybrid model, a k-fold cross-validation procedure was ap-
plied to the training dataset in both LoS and NLoS scenarios
across regular and irregular urban environments. The av-
eraged error metrics (RMSE, MAE, and MAPE) obtained
from the folds demonstrated close agreement with the
initially reported results in Figures 13 and 16, thereby
confirming the stability and robustness of the hybrid model.
This consistency across multiple data partitions highlights
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TaBLE 4: Cross-validation results of the hybrid model in LoS and
NLoS scenarios.

Scenarios Environment RMSE (dB) MAE (dB) MAPE (%)

LoS Regular urban 2.05 1.82 2.40
LoS Irregular urban 3.31 2.82 318
NLoS Regular urban 3.34 3.12 3.62
NLoS Irregular urban 3.43 2.63 2.81

the model’s reliability and applicability for practical de-
ployment in diverse urban settings. Table 4 presents the
cross-validation results of the hybrid model in LoS and NLoS
scenarios.

The cross-validation results in Table 4 confirm the sta-
bility and generalizability of the hybrid model across LoS
and NLoS scenarios in both regular and irregular urban
environments.

6. Conclusion

This paper focused on developing a hybrid path loss model
for 5G communication networks in the midband frequen-
cies, the strengths of machine learning, and empirical
modes. In particular, the strengths of an optimized
COST-231 Hata model and the RFE technique-based RF
model were combined in a 70:30 ratio to form the hybrid.
The results demonstrated a significant improvement in the
RF model’s performance when employing RFE, leading to
a 30.52% reduction in MSE and an 8.08% decrease in MAE.
The hybrid model exhibited superior predictive capabilities
in both LoS and NLoS scenarios at 3.5GHz for the two
distinct urban environments. In the LoS scenario, the hybrid
model surpassed both the RF and COST-231 Hata models,
emphasizing its accuracy and reliability, particularly within
the critical distance range of 5-600 m. In the NLoS scenario,
the hybrid model consistently outperformed the RF and
COST-231 Hata models across the entire range, demon-
strating its suitability for accurately modeling path loss
dynamics in diverse and less structured urban environments
at 3.5 GHz.

Although challenges were observed, such as the over-
prediction trend in the LoS scenario of the irregular urban
environment, the proposed hybrid model showcased re-
markable consistency and accuracy, highlighting its po-
tential for enhancing the precision of path loss predictions in
5G communication networks. In addition, a dataset from
a completely different urban environment was used to
validate the hybrid model, and it performed considerably
well. Further refinements are suggested to address specific
deviations, ensuring the model’s robustness and applica-
bility in various deployment scenarios. Overall, the study
contributes valuable insights into advancing path loss
modeling for the optimization of 5G communication
networks.
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