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ABSTRACT: The microphysical structure of rain has a significant impact on the quality of radio signal transmission in the upcoming
deployment of 5G millimetre-wave wireless communications in South Africa. To address this, mitigation techniques that integrate rain
attenuation prediction models into network management systems are essential. This study uses a machine learning technique, symbolic
regression coupled with differential evolution, to predict the rain attenuation in urban and rural 5G scenarios. Symbolic regression derives
themathematical models characterizing attenuation, while differential evolution optimizes themodel coefficients. Themodels’ accuracies
are validated through predictive performance metrics, including Mean Absolute Error (MAE) andMean Squared Error (MSE). The urban
model showed excellent accuracy, and the rural model improved significantly after optimization. The interpretability of the models
provides valuable insights into rain-induced attenuation and supports better design and optimization of 5G mmWave communication
systems.

1. INTRODUCTION

Millimetre Waves (mmWaves) are radio waves with
wavelengths between 10mm (30GHz) and 1mm

(300GHz) [1, 2]. mmWave frequencies can be broadly
categorized into sub-bands based on frequency ranges and
applications as well as the balance they provide among
bandwidth, propagation range, and penetration. For the initial
deployment of the 5G mobile networks, the low band with a
spectrum less than 1GHz was chosen. The low-band spectrum
offers a good balance between range and bandwidth and is
suitable for long-range applications such as rural broadband
access. The mid-band spectrum, which ranges from 1GHz to
6GHz, is the most popular band for 5G networks as it offers a
satisfactory balance among range, capacity, and penetration.
The third band (above 24GHz), consisting of mmWave
frequency spectrum, offers faster data rate capabilities and
is suitable for applications that require extremely high data
rates; however, it has a limited range and is more vulnerable to
physical obstacles [3, 4].
In recent years, the deployment of 5G networks has been a

significant success in solving the congestion problems in the
lower radio frequency bands and in meeting the high demand
from users for internet applications and services with higher
data rates [1, 2, 5–7]. South Africa has implemented 5G tech-
nology primarily in lower frequency bands such as 700MHz,
800MHz, 2600MHz, and 3.5GHz. However, there is grow-
ing interest in using 5G mmWave technology to enable faster
communication speeds and address congestion challenges as-
sociated with lower frequency bands.
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Although mmWave frequencies offer desirable features in
terms of connectivity, higher bandwidth, and spectral effi-
ciency, as well as the ability to support higher data rates than 4G
and lower 5G sub-bands, they suffer from free space channel
degradation caused by factors such as weather conditions. Rain
is one of the meteorological conditions that can scatter and ab-
sorb the radio signal transmitted in 5G mmWave links [3, 4, 8].
The feasibility of using frequencies in the mmWave spectrum
for data transmission in 5G networks depends largely on local
weather conditions. The frequent rain with heavy rainfall dur-
ing South Africa’s hot and humid summers severely affects 5G
connectivity. The signal transmission power may be greatly re-
duced, affecting the quality of the signal or even leading to con-
nection failures and deterioration of the Signal-to-Noise Ratio
(SNR) of the 5G connection [8–10]. To maintain the desired
SNR level, the power of the transmitted signals must be con-
trolled considering the expected rain attenuation.
Symbolic Regression’s (SR) ability to create easy-to-

understand models and identify underlying mathematical
relationships in the data makes it the preferred machine
learning technique for modelling. SR simultaneously searches
for the ideal model structure and parameters, unlike traditional
regression techniques that assume a specific model structure.
Many machine learning models, such as neural networks and
support vector machines, act as “black boxes” and provide
only limited insight into their decision-making processes.
While symbolic regression may not perform as well as deep

neural networks on high-dimensional datasets [11], it offers a
significant advantage in interpretability by generating mathe-
matical equations as outputs. This property makes it partic-
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ularly useful in scientific research and engineering contexts.
Additionally, symbolic regression has demonstrated its effec-
tiveness in various fields, including biology and physics, where
it is crucial to uncover the fundamental principles behind the
data [12, 13].
In addition, the large search space offered by evolution-

ary algorithms commonly used in symbolic regression pro-
motes population diversity and helps identify better models and
their parameters. This in turn supports comprehensive analy-
sis to achieve optimal accuracy and interpretability based on
the problem requirements. In this work, a model that com-
bines symbolic regression and Differential Evolution (DE) is
proposed to build a robust rain attenuation prediction model for
5G mmWave links. The paper investigates the effectiveness of
using DE and SR to model and predict rain-induced attenuation
on the 5G mmWave terrestrial.
Symbolic regression is employed to derive a clear mathemat-

ical representation of the relationship between attenuation and
essential variables, including frequency, rainfall rate, and path
length. DE is used to optimize the model parameters estimated
by SR. To address 5G millimetre-wave links, two prediction
models are developed that represent urban and rural scenar-
ios. The performance, especially in rural settings, is enhanced
by applying differential evolution techniques to optimize the
model further.
SR is a subset of machine learning that focuses on discover-

ing a mathematical representation or equation for a given data
set by integrating mathematical operations with the variables
and constants involved in evolutionary processes [14]. DE [15]
is a meta-heuristic evolutionary strategy that operates on a pop-
ulation of potential solutions that simultaneously search global
space, balancing exploration and exploitation. DE is a suitable
optimization technique to predict complex scenarios [16], such
as the impact of machine learning features. Optimal attenuation
values are achieved by tuning the SR-based predictor parame-
ters with DE. The purpose of DE optimization is to minimize
the error and allow the target values to converge with the pre-
dicted attenuation.
The focus is on outdoor line-of-sight (LoS) and non-line-of-

sight (NLoS) propagation paths with rain attenuation. Moup-
fouma rain attenuation model [17] is used to produce the target
attenuation values used in the model.

2. IMPACT OF FREQUENCY, PATH LENGTH AND RAIN
RATE ON MMWAVE RAIN ATTENUATION
The size of a raindrop is comparable to the mmWave frequency
wavelength. Therefore, raindrops act as obstacles, leading to
the absorption and scattering of the propagating electromag-
netic waves, resulting in signal degradation [3, 18, 19]. The at-
tenuation caused by rain is influenced by the amount of rainfall
accumulated in a given period. A high rain rate increases the
number of raindrops, which in turn increases the probability of
absorption, diffraction, and scattering [19, 20].
Additionally, the impact of rain attenuation on mmWave

links can vary depending on factors such as the operating fre-
quency, the distance between the transmitter and receiver, and
the characteristics of the rain. Thewavelength of the radiowave

decreases as the frequency increase [19, 21]. The relatively
large raindrops can cause significant scattering and absorption
in the 5G links operating at mmWave spectrum than 5G links
operating at lower frequencies [20, 21]. The distance between
the receiver and transmitter is crucial in determining the atten-
uation caused by rain. The greater the distance is between the
transmitter and receiver, the more raindrops the signal encoun-
ters. Each raindrop reduces the signal by a certain amount, in-
creasing the risk that the signal will weaken over time.
This work will consider four different types of rain relevant

for South Africa [22]. Table 1 shows different types of rain
in South Africa and their rainfall rate characteristics at 1min
integration time.

TABLE 1. South Africa’s rain rates categories [22].

Rain type Rain rate at 1-min
Drizzle 0.1mm/hr < R < 5mm/hr

Widespread 5mm/hr ≤ R < 10mm/hr
Shower 10mm/hr ≤ R < 40mm/hr

Thunderstorm R ≥ 40mm/hr

Millimetre wave spectrum is critical not only for densely
populated urban areas in South Africa, but also for expanding
coverage in suburban and rural regions. Both microcells and
macrocells are integral parts of a heterogeneous 5G network,
with microcells serving as a key element in the mmWave 5G in-
frastructure. Microcells significantly increase network capacity
in densely populated regions and, in combination with macro-
cells, form the backbone of 5G.
The proposed model is developed for practical 5G mmWave

scenarios such as the Rural Macrocells (RMa), Urban Macro-
cells (UMa), and Urban Microcells(UMi) deployments as de-
fined by the 3GPP TR 38.901 [23]. The study uses rain rate
collected from 2013 to 2022. The 60-minute rain rate of vari-
ous South African cities is converted to a 1-minute rain rate.
Attenuation will be predicted for 5G links operating at 5G

mmWave frequency bands defined by 3GPP [23] as shown in
Table 2.

TABLE 2. 5G mmWave frequency bands [23].

Bands Uplink-downlink (GHz) Frequencies (GHz)
n257 26.50–29.50 28
n258 24.5–27.50 26
n259 39.50–43.50 41
n260 37.00–40.00 39
n261 27.50–28.35 28
n262 47.20–48.20 47
n263 57.00–71.00 60

3. RELATED WORK
Many Machine-Learning (ML) based models have been pro-
posed to predict the rainfall and attenuation on high frequency
links. These predictions gave satisfactory results and presented
a reasonable level of accuracy [24–27]. The authors in [25]
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proposed an ML approach to predict rain fade and fog attenu-
ation over time using data collected from geo-satellites in the
2.4–72GHz range. Using neural networks, they were able to
forecast the signal-to-noise ratio (SNR) several seconds in ad-
vance. The predicted SNRs were used to optimally adjust the
signal strength. In [26], a model was proposed where Back-
Propagation Neural Network (BPNN) was trained on 4 years
rain data to predict rainfall rates. As a result, the study pre-
sented the attenuation that is likely to occur on the satellite link.
An improved artificial neural network model to predict the rain
attenuation for frequencies higher than 10GHz was presented
in [24], whereas in [28], an adaptive backpropagation in batch
mode was used to accelerate the convergence during the train-
ing process. Authors in [27] predicted rain rate and attenua-
tion at Ka- andQ-bands usingArtificial Neural Network (ANN)
models trained with Levenberg-Marquardt (LM) and Bayesian
Regularization (BR) algorithms and long short-term memory
(LSTM) network.
Symbolic regression is a growing field with fewer publica-

tions than more traditional regression and ML methods. How-
ever, its ability to develop interpretable models without sac-
rificing accuracy makes it increasingly popular in modelling
wireless communication channels [29–33], where mathemat-
ical clarity is essential. In [29], researchers investigated the
combination of SR techniques with transformer models to ex-
tract unique mathematical relationships. This approach has
shown that SR can capture the complex behaviour of Tera-
hertz waves in free space, facilitating high-speed transmission
of satellite data while avoiding the complexity often associ-
ated with neural network-based models. The results of the
study highlight the ability of SR to address the common chal-
lenge of balancing model complexity with interpretability, par-
ticularly when modelling high-frequency channels. Authors
in [31] proposed a curved bridge prediction model using two
unique branches of the SR technique, multigenic Genetic Pro-
gramming (GP) and multi-biogeography-based programming.
These models take into account mechanical, geometric, struc-
tural, and seismic parameters. The evolutionary correlation co-
efficient is used to determine the most important factors for
seismic loads on bridge components. The resulting explicit
models provide fast and reliable predictions without further
simulation or assumptions for seismic demand models. In [34],
four formulas which reproduced the correct physical law that
governs the thermal conductivity of the grid were produced by
genetic programming-based SR approach. The SR basedmodel
outperformed traditional models such as Debye-Callaway and
Slack models.
While SR offers many advantages, it also has some disad-

vantages such as over-fitting problems and computational com-
plexity. Moreover, SR searches for a vast space of possible
mathematical expressions. This vastness makes it difficult to
explore the entire space and ensure that the absolute best so-
lution is found. A hybrid approach obtained by combining
SR with other techniques can leverage the predictive strength
of SR. Combining machine learning techniques and evolution-
ary algorithms is a promising solution to optimize computa-
tional efficiency and performance of machine learning tech-
niques [35]. In [34], a gradient free method was proposed

where Genetic Algorithm (GA) was used to evolve Convolu-
tional Neural Networks (CNNs) weights. In [36], DE was suc-
cessfully used for training ANNs. In [37], DE was used to
train CNNs. Overall, the use of SR in prediction tasks offers
a promising avenue for uncovering hidden patterns, generat-
ing accurate predictions, and gaining deeper insights into the
underlying processes driving the data. As the demand for inter-
pretable and flexible predictive modelling continues to grow,
SR stands out as a valuable tool to predict the rain induced at-
tenuation.

4. SYMBOLIC REGRESSION
SR identifies the relationship between a dependent variable y
and a set of independent variables represented by a vector X .
For a data set (X, y), a mathematical expression f : Rn → R is
obtained such that f(Xi) ≈ yi, where each pointXi ∈ Rn and
yi ∈ R. The expression tree structure is employed to facilitate
the execution of evolutionary processes.
The goal of using SR is to find a mathematical expression

that predicts rain attenuation in 5G mmWaves in urban and ru-
ral environments in South Africa based on the input data. Clas-
sic risk minimization is used to define the problem [38]. The
search method used to discover the symbolic equation is Ge-
netic Programming (GP). The search space in symbolic regres-
sion consists of numerous potential mathematical expressions.
The evolutionary algorithms utilized in SR focus on efficiently
searching and optimizing within this diverse space.
In this work, SR models are derived directly from the avail-

able data. The simulations are conducted using HeuristicLab
and Matlab.

4.1. Genetics Programming

Symbolic regression begins by creating an initial random pop-
ulation of trees, denoted as T (0), which then goes through an
evolutionary process that includes mutation, crossover, and se-
lection. Through this process, genetic programming iteratively
improves solutions until a predefined stopping criterion is met.
The final output is the set of selected expression trees repre-
sented by T . The GP function class defines the search space,
complexity, and balance between simplicity and precision, af-
fecting the efficiency of the resulting equation. The function
enables the generation of mathematical expressions using evo-
lutionary processes.
Evolutionary processes occur sequentially and are aimed at

preparing populations for subsequent stages. The optimal so-
lution, derived from both the parent and offspring populations,
is transmitted to the next generation. As shown in Figure 1(a),
the mutation process in GP introduces random variations in in-
dividuals or candidates by replacing a subtree of the candidate
with a newly generated random subtree.
In the symbolic regression crossover process shown in Fig-

ure 1(b), content is exchanged between two candidates, often
exchanging subtrees between them. During the selection phase,
individuals are selected from the current population to advance
to the following generation [14, 39]. The candidate with the
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(a) (b)

FIGURE 1. Mutation and crossover examples.

highest fitness score is prioritized for selection in the subse-
quent generation.

4.2. Model Input and Output Definition

The dataset is represented as D = {(Xi, yi)}ni=1 where Xi ∈
Rd is the input vector; yi ∈ Rd is a scalar output; n denotes the
total count of data points in the dataset. Figure 2 illustrates how
SR is used to model rain attenuation.

A = f(R,F,D, c0, c1, . . . , cj) (1)

Equation (1) represents the rain attenuation. A is a function
of the rainfall rate R0.01, operating frequency F , link distance
(D), andmodel coefficients (c0, c1, . . . , cj). The predicted rain
attenuation Â, as determined by symbolic regression, is ex-
pressed as in Equation (2)

Â = f(R,F,D, c0, c1, . . . , cj) (2)

FIGURE 2. SR Modelling.

Using a data set V consisting of real-valued dependent and
independent variables, where V = {R,F,D,A}, the output of
the symbolic regression model (5.2) takes the form of Equa-

tion (3):
Â = f(V, c0, c1, . . . , cj) (3)

The closed-form mathematical expression
f(V, c0, c1, . . . , cj) represents the model.
The SR process result is a model, or a set of models, that ap-

proximate the observed values of rain attenuation. This model
should produce an estimate of the output Â, which is a function
of the observed input variables. The predicted Â should closely
match the observed output A within a defined fitness criterion.

4.3. Loss Function
The loss function for each candidate f ∈ F which assesses
the model’s performance by measuring the difference between
predictions and actual values is expressed in Equation (4).

l(f) =
∑n

i=1
l(f(Xi), yi) (4)

Mean Square Error (MSE) and Mean Absolute Error (MAE)
are the common loss function used in regression problems. The
mathematical equation for MSE is given in (5).

MSE =
1

n

∑
i
(yi − ŷi)

2 (5)

Here yi and ŷi represent the actual value and predicted value,
respectively. The mathematical formula for MAE is shown in
Equation (6).

MAE =
1

n

∑
i
|yi − ŷi| (6)

5. MODELS ANALYSIS AND RESULTS
In this section, the experimental results are presented, starting
with a description of the data sets and experimental settings,
followed by the simulation process. The model equations for
urban and rural scenarios are then analysed, and their trends
and the impact of various factors are discussed.
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TABLE 3. Input features.

Scenario UE-gNB range
(km)

Frequencies
(GHz)

Rain rate
(mm/hr)

Rural Macro 0.035–5

28
26
41
39
28
47
60

R0.01

17–173.05

Urban
(Micro and Macro)

0.01–0.3,
0.035–0.5

5.1. Description of Datasets and Experimental Setting
The simulation data set includes NR 5G frequency bands, the
distance between UE and gNB (considering the UMi, UMa,
and RMa scenarios), the rainfall rate (R0.01) for various South
African cities, and the corresponding estimated rainfall-related
attenuation. Details of the input features can be found in Ta-
ble 3. Models are created for both urban and rural scenarios
based on the cell size or the distance between UE and gNB.
The simulations use a data set containing 79,000 example com-
binations of distance, frequency and R0.01.
The input data set is created by systematically combining the

input features: distance (UE-gNB range), frequencies, and rain-
fall rate (R0.01), as shown in Table 3. Each combination rep-
resents a specific scenario of rain rate, frequency, and distance
appropriate for rural macro and urban micro/macro scenarios.
Moupfouma [17] method is used to calculate the rain-induced
attenuation A0.01, which serves as the target output. Moup-
fouma [17] path attenuation A0.01 model is mathematically rep-
resented as in Equation (7)

Ap = aRb
pDeff (7)

aRb
p represents the specific rain attenuation (dB/km) at percent-

age of time p. Rp is the rain rate at the corresponding percent-
age of time p. a and b are frequency and polarization dependent
regression coefficients. Deff is the effective path length over
which the rain propagation is considered uniform.

Deff = rd (8)

r is the reduction factor coefficient and d the actual path length
in km. r can be expressed as (9)

r =
1

1 + 0.03( p
0.01 )

−β
dm

(9)

where m is a coefficient that depends on the path length d and
the carrier frequency F in GHz.

m = 1 + 1.4× 10−4F 1.76loged (10)

The coefficient β can be obtained as in the following equations:

d<50 km
β= 0.45 for 0.001 ≤p≤ 0.01
β= 0.6 for 0.01 ≤p≤ 0.1

 (11)

d≥ 50 km
β= 0.36 for 0.001 ≤p≤ 0.01
β= 0.6 for 0.01 ≤p≤ 0.1

 (12)

5.2. Simulations
The models are trained on the first 70% of the relevant data set.
The GP parameters used in the SR process are listed in Table 4.
To increase the probability of finding an optimal solution, the
population size is set to 1000. Sixty generations are chosen as
an appropriate balance between computational efficiency and
thorough exploration of the search space. A crossover proba-
bility of 90% is used to facilitate the exchange of subtrees be-
tween parent and offspring expressions. Meanwhile, a mutation
probability of 15% results in sufficient variability in the expres-
sion trees without changing their structural integrity. The train-
ing parameters are carefully chosen because they impact both
the effectiveness of the search process and the balance between
complexity and interpretability of the resulting model.

TABLE 4. Models’ depths and lengths.

Rural Urban
Model depth 14 13
model length 43 33

5.3. Model Equations and Interpretation
Mathematical expressions in symbolic regression are structured
as trees, where the nodes correspond to operators or functions,
and the leaves represent variables. In terms of tree structure,
the complexity of the generated model depends on the depth
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and length of the tree. The depth is defined by the number of
levels in the expression tree. As shown in Table 4, the urban
scenario has a depth of 13 and a length of 33, whereas the rural
scenario has a deeper tree with 14 levels and a length of 43. As
a result, the urban model is less complex in terms of both depth
and length than the rural model.

5.3.1. Mathematical Expressions

In both models: A is the rain attenuation in dB; R is the rain
rate (mm/hr); F is the frequency (GHz); D is the path length
(km); and c0, c1, c2, . . . , cn are the model parameters defined
by symbolic regression.
Rural scenario
The rural scenario mathematical expression is represented by

Equation (13) which consists of two components A1 and A2,
forming the total attenuation A as follows:

A = (A1 +A2) · c18 + c19 (13)

where:
A1 = log (c0D) (14)

A2 = c1R

 c2F− c3c4D
c5F

c6−c7
− (c8D+c9R)

×
c10F− c11−c12

c13F

(c14R)2+c15R
− (c16D+c17R)

 (15)

Equations (14) and (15) reveal that the interaction between the
variables R, F ,D, and rain attenuation is inherently nonlinear.
Rain attenuation changes with variations in F , R, and D. In
A1, the term log (c0D) introduces nonlinearity, indicating that
as D increases, its impact on A1 decreases progressively. The
terms in A2 demonstrate a linear inverse relationship among
distance D, frequency F , and rain rate R. Additionally, the
inclusion of the inverse of R combined with F in the denomi-
nator contributes further nonlinearity to the model. Frequency
F directly increases attenuation while simultaneously reducing
the effect of distanceD through inverse terms. Rain rate R has
a linear impact on attenuation, as higher values of R lead to in-
creased attenuation, particularly due to the (cR)

2 term. These
interactions among the variables result in a nonlinear relation-
ship governed by D, F , and R. Table 5 presents the symbolic
regression parameters for the model.
Urban scenario
The mathematical expression derived from SR for the ur-

ban scenario is represented by Equation (16). This equation
highlights the complex interaction among the three independent
variables F , R, and D, with each playing a role in the overall
signal attenuation.

A =
c0
c1

c2D

c3F+
(

log(c4F )(c5R)2

c6c7F −c8
)

c9D+c10R.c11F+c12R

(c13+c14) (16)

In the rural model, distance D plays a major role with the
attenuation increasing as D grows. Additionally, D amplifies
the impact of both frequency F and rainfall rateR, intensifying
their effects over longer distances. The attenuation also rises
with the rain rate, primarily due to the nonlinear quadratic term
(c5R)

2. Frequency F contributes to complex interactions by

TABLE 5. Rural scenario model parameters.

Parameters Values
c0 1.11950
c1 0.10294
c2 −0.21961

c3 −17.27300

c4 0.92089
c5 0.02813
c6 −8.33970

c7 7.33120
c8 3.67090
c9 −0.03428

c10 −0.06336

c11 −8.25490

c12 7.24640
c13 0.26921
c14 −0.01183

c15 0.22893
c16 3.03160
c17 −0.002536

c18 0.98177
c19 −0.00677

appearing in both the numerator and denominator, ultimately
affecting attenuation through both linear and logarithmic terms
such as log (c4F ). The symbolic regression parameters specific
to the urban model are detailed in Table 6.
The urban model exhibits the most intricate mathemati-

cal structure, characterized by its exponential reliance on dis-
tance, nonlinear relationships among all variables (distance,
frequency, and rain rate), and several nested terms. In contrast,
the rural scenario model is the least complex of the three but

TABLE 6. Urban scenario model parameters.

Parameters Values
c0 9.8158
c1 −16.5770

c2 1.7091
c3 −0.3812

c4 1.1731
c5 0.2106
c6 −4.0722

c7 0.9622
c8 8.3108
c9 1.1403
c10 1.7599
c11 0.1393
c12 −2.1916

c13 0.8730
c14 0.0059
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still retains notable nonlinearity due to its fractional elements
and quadratic components.

5.3.2. Analysis of Variable Impact

The study examines how input variables such as frequency, rain
rate, and distance influence the performance and structure of the
developed GP models. The variable impact highlights the key
variables that enhance interpretability and identifies the most
valuable features for optimizing the models. The findings for
both scenarios are summarized in Table 7. The contribution of
each input to the models is analysed based on their frequency
of use, their impact on fitness, and interactions with other vari-
ables. While F , D, and R have comparable significance in all
scenarios, frequency emerges as the most influential variable.
This indicates that the model is most sensitive to frequency
changes.

TABLE 7. Variables impact on the prediction models.

Input variables Rural scenario Urban scenario
F 0.419 0.433
D 0.292 0.305
R 0.289 0.263

Furthermore, signal attenuation is strongly influenced by
propagation distance; as distance increases, more signal energy
is absorbed or scattered, resulting in higher attenuation. Finally,
rain intensity also plays a role, as higher amounts of precipita-
tion lead to greater signal degradation.

5.3.3. Predictive Performance Analysis

The models’ performance is assessed using metrics like MSE,
MAE, and R2, with the results detailed in Table 8.
For testing data set, R2 scores of 0.999 and 0.996 were

achieved for the rural and urban scenarios, respectively. These
high scores demonstrate a strong correlation between the pre-
dicted and actual rain attenuation values. This strong align-
ment is further supported by the low MSE and MAE values
observed. Among the scenarios, the rural model recorded the
highest MSE value at 1.376, while the urban model achieved
the lowest MSE at 0.02651. The MAE values for the urban and
rural scenarios were 0.0976 and 0.8262, respectively. The per-
formance metrics summarized in Table 8 confirm that the SR-
based models effectively capture the relationships between the
input variables (rain rate, frequency, and distance) and the tar-
get values (rain attenuation). During training, MSE and MAE
were used to evaluate howwell themodels fit the data theywere
trained on. The lower MSE and MAE values recorded during
testing indicate that the models generalize well to unseen data.
To ensure consistency in MSE values across data sets and

models, normalized MSE (NMSE) is used. In the rural sce-
nario, the test NMSE is lower than the training NMSE, indi-
cating strong performance with additional data. While the test
NMSEs for the urban and rural models are slightly higher than
their training NMSEs, and they remain low, reflecting excel-
lent generalization. On average, predictions for the rural and

TABLE 8. Models’ performance metrics.

Rural Urban
R2 (training) 0.999 0.996
R2 (test) 0.999 0.996

MSE (training) 1.450E+00 2.584E-02
MSE (test) 1.376E+00 2.651E-02

MAE (training) 8.394E-01 9.706E-02
MAE (test) 8.262E-01 9.764E-02

Average relative error (training) 22.42% 4.27%
Average relative error (test) 23.73% 4.31%
Normalized MSE (training) 1.222E-03 3.547E-03
Normalized MSE (test) 1.177E-03 3.713E-03

urban scenarios deviate by 23.73% and 4.31%, respectively.
Figure 3 shows the comparison between urban predictions and
targets at different distances and frequencies and at a rain rate
of 168.05mm/hr. Urban predictions closelymatch target values
across all distances. Minor deviations are observed, with urban
predictions slightly underestimating the attenuation at 26GHz
and 39GHz. However, at higher frequencies (60GHz), as the
distance increases, urban predictions slightly overestimate the
attenuation.
Figures 4–6 illustrate the comparison between the SR mod-

els’ predictions and the target output at 28GHz for an EU-gNB
distance of 0.1 km.
Figure 6 compares the predicted attenuation values of differ-

ent SR models with the actual target attenuation values at dif-
ferent rain rates. The SR models tend to underestimate attenu-
ation, especially at higher rain rates. Figures 4–6 show that the
urban model best matches the target values. While the urban
scenario slightly overestimates the attenuation for rainfall rates
between 20mm/hr and 100mm/hr, the urban model converges
better with target values at higher rainfall rates. Conversely, the
rural scenario significantly underestimates attenuation across
almost the entire range of rain rates, making it the least accu-
rate model as it predicts consistently lower attenuation than the
target.
Figures 7 and 8 illustrate attenuation predictions for various

rain rates at 28GHz and compare the SR models with exist-
ing attenuation models. A growing difference is observed be-
tween the International TelecommunicationUnion (ITU)model
and the other models, as the rain rate increases. As shown in
Figure 8, the urban model shows a closer agreement with the
Moupfouma model at both low and high rain rates. The Crane
model [40] follows a similar pattern to the Moupfouma model.

6. DIFFERENTIAL EVOLUTION OPTIMIZATION
The rural model presents remarkably higher errors than the ur-
ban model, highlighting its limited predictive accuracy. To mit-
igate this issue, Differential Evolution (DE) [15] is applied to
reduce the error between the predicted and target outputs. The
DE technique is utilized to optimize the constant parameters
c0, c1, c2, . . ., c20 of the rural scenario model [30]. SR model
optimization is shown in Figure 9. Â is the predicted attenu-

51 www.jpier.org



Matondo and Owolawi

FIGURE 3. Impact of frequencies and distances in the urban scenario. FIGURE 4. Attenuation predictions of urban scenario model.

FIGURE 5. Attenuation predictions of rural scenario model. FIGURE 6. Comparison of the SR prediction models.

ation generated by the SR model and depends on the rainfall
rate (R) exceeding 0.01% of the time, the operating frequency
F , the link distance (D), and the model’s constant parameters
(c0, c1, . . . cj). To further minimize the error between the ac-
tual values m and predicted values m̂, the model coefficients
(c0, c1, . . ., cj) are refined using DE. Following DE optimiza-

tion, the enhanced attenuation prediction Â′ is obtained as in
Equation (17).

Â′ = f(R,F,D, c′0, c
′
1, . . . c

′
j) (17)

where (c′0, c
′
1, . . . c

′
j) are optimal values of the constant pa-

rameters obtained through DE.

6.1. Differential Evolution Algorithm Description

In DE [15], the population of candidate solutions evolve
through a sequence of operations, including mutation,
crossover, and selection. Each operation prepares the popu-
lation for the next generation. By merging the populations
of parents and offspring, DE identifies the optimal solution,
which is then carried forward to the next generation.
DE is employed to adjust the model parameters, to minimize

the error between the predicted and actual attenuation values.
The candidate solutions correspond to various sets of constant
parameters c0, c1, c2, . . ., c19 within the SR rural model. The
optimization process, shown in Figure 10, achieves a balance
between exploitation and exploration, facilitated by mutation
and crossover. Exploitation is achieved through selection based
on fitness andMSE. The optimization process starts by creating
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FIGURE 7. Comparison of SR rural model predictions with existing
models.

FIGURE 8. Comparison of SR urban model predictions with existing
models.

FIGURE 9. SR model optimization.

an initial population,X = {x1, x2, x3;..., xp} consisting ofNp
individuals. During the mutation phase, a new vector is formed
by combining members of the current population. This process
incorporates a mutation factor F and employs distinct random
indices r1, r2, r3 to ensure diversity.

The crossover process generates a trial vector vGij , where Cr
denotes the crossover probability, and randij is a randomly
generated number. The MSE is calculated as a cost function
to evaluate the difference between the trial vector and target
values. For the rural model, which includes a logarithmic ex-
pression, constraints are applied to ensure that all logarithmic
parameters remain positive. The selection process identifies the
optimal solution between the trial vector and current vector, and
the algorithm continues to iterate until the cost function is be-
low the threshold.

6.2. Objective Function
To minimize the error between the target outputs and predicted
rain attenuation values, DE employs the mean square error
(MSE) as its objective function, as defined in Equation (18):

MSE =
1

n

∑n

i=1

(
Ai − Â′

i

)2

(18)

DE optimization minimizes the MSE, whereA, Â, and n de-
note the target attenuation, predicted attenuation values, and the
number of elements in the data set, respectively. DE optimiza-
tion aims to minimize the MSE. By incorporating the indepen-
dent variables and constant parameters, the objective function
can be further expressed as shown in Equation (19):

MSE=
1

n

∑n

i=1
(Ai−f(Ri,,Fi, Di,c

′
0, c

′
1, . . . c

′
j)

2 (19)

Here, j indicates the number of coefficients in the SR model.
After the optimization process, the DE produces an output as
described in Equation (20).

Â′ = f(F,D,R, c′0, c
′
1, . . . , c

′
j) (20)

where c′0, c′1, . . ., c′j represent the optimized parameters. This
optimization significantly reduces MSE.
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FIGURE 10. DE optimization algorithm.

6.3. Parameter Optimization Results

In the optimization process, each candidate solution xi, in the
populationX = {x1, x2, x3;..., xp} consisting ofNp individu-
als, is represented as a vector ofNpar real numbers correspond-
ing to the model coefficients c0, c1, . . ., c19 that require to be
optimized. Over multiple generations, the DE algorithm min-
imizes the mean squared error (MSE) between the predicted
attenuation (A) and observed attenuation (Â′), thereby deter-
mining the optimal values c0, c1, . . ., c19.
In the simulation, the DE variant rand/1/bin is used. DE pa-

rameters are effectively configured to ensure a fast convergence
and efficient search process. These settings include a popula-
tion size Np = 50, mutation factor f = 0.7, crossover pa-
rameter CR = 0.9, and vector dimension Npar = 20. The
optimized values of c0, c1, . . ., c19 obtained after applying DE
are summarized in Table 9.

6.4. Analysis of Optimized Model

The optimization of the rural model led to significant changes in
its parameters, including the reversal of several key terms and
an increased influence of frequencyF , distanceD, and rain rate

R. These adjustments altered the way these variables interact,
making the model more responsive to changes in the input pa-
rameters. Notably, the model became much more sensitive to
distance D, especially due to the logarithmic term in A1. The
interactions among F ,D, andRwere also enhanced by signifi-
cant changes in coefficients c2 and c3, while the overall scaling
of the equation was adjusted by c18. These optimizations led
to improved prediction accuracy, making the model more ap-
plicable to real-world telecommunications systems. The per-
formance metrics for both the rural and optimized rural models
are presented in Table 10.
The optimized model demonstrates superior performance

compared to the original rural model across all evaluation met-
rics. The MSE decreased from 1.3760 to 0.5011, reflecting
a significant improvement in overall accuracy. The MAE
dropped from 0.8262 to 0.3777, indicating a reduction in the
average error magnitude. Moreover, the average relative er-
ror improved from 23.73% to 4.83%, showing a significant im-
provement in prediction accuracy. The normalized MSE also
showed better error performance relative to the data size, de-
creasing from 1.177E-03 to 0.271E-3. In terms of both accu-
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FIGURE 11. Comparison of optimized rural model with rural model. FIGURE 12. Comparison of optimized rural models with other SR mod-
els.

TABLE 9. Rural model parameters before and after optimization.

Parameters Values Optimized Values
c0 1.11950 11.21581
c1 0.10294 0.10562
c2 −0.21961 −1.29614

c3 −17.27300 19.91188
c4 0.92089 −15.67390

c5 0.02813 0.04434
c6 −8.33970 13.36731
c7 7.33120 −19.28980

c8 3.67090 −5.75274

c9 −0.03428 0.031442
c10 −0.06336 −0.90165

c11 −8.25490 −6.68869

c12 7.24640 −15.11510

c13 0.26921 −0.01524

c14 −0.01183 −0.01811

c15 0.22893 0.90423
c16 3.03160 17.21333
c17 −0.002536 −0.00520

c18 0.98177 −0.17339

c19 −0.00677 −0.43503

racy and error reduction, the optimized model significantly out-
performs the original rural model.
Figure 11 illustrates the comparison of attenuation predic-

tions as a function of rain rate. The original rural model con-
sistently underestimates the attenuation across all rainfall rates,

TABLE 10. Models’ performance metrics.

Performance metric Rural Optimized rural
MSE 1.3760 0.5011
MAE 0.8262 0.3777

Average relative error 23.73% 4.83%
Normalized MSE 1.177E-03 0.271E-3

with a more noticeable discrepancy at higher and lower rain
rates. In contrast, the optimized rural model’s predictions align
much more closely with the target attenuation, particularly
where the original rural model shows more significant devia-
tions. While the optimized model still slightly overestimates
the target at rain rates, it more closely tracks the target’s trend,
providing a significant improvement in accuracy.
Figure 12 compares the optimized rural model with other SR

models and the target attenuation across various rain rates. The
attenuation predictions from both the optimized rural and ur-
ban models are nearly identical to the target, with the urban
model performing slightly better. In contrast, the rural model
significantly underperforms, particularly at higher and lower
rain rates, where it consistently underestimates attenuation.

7. VALIDATION OF THE ADVANTAGES OF SR EQUA-
TIONS
The SR equations derived from this work have brought sig-
nificant benefits in terms of accuracy, interpretability, and in-
sights into the physics of rain attenuation for 5G mmWave net-
works. Unlike traditional regression models, these equations
reveal nonlinear dependence, dynamic interactions, and com-
plex patterns of attenuation, balancing predictive performance
with scientific understanding.
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FIGURE 13. Sensitivity analysis optimized rural scenario.

FIGURE 14. Sensitivity analysis urban scenario.

7.1. Uncovering Nonlinear Relationships and Discovering New
Patterns

SR can effectively discover complex relationships between fea-
tures, as demonstrated in [29] and [31]. Equations (13) to (16)
illustrate such relationships amongR, F ,D, andA, through ex-
ponential, logarithmic, and polynomial interactions. The sen-
sitivity analysis for the rural and urban scenarios is shown in
Figures 13 and 14, where partial derivatives are computed to
assess how A is sensitive to changes in R, D, and F . In both
Figure 13 and Figure 14, A is highly sensitive to D. A small
change in D significantly influences the values of ∂A/∂D. In
terms of sensitivity, the most important factor influencing at-
tenuation is D, followed by F and then R.
Although the two scenarios show similar patterns, the rural

scenario (Figure 13) has a more consistent relationship with
rainfall and a steadier range of ∂A/∂R values. In contrast, the
urban scenario (Figure 14) shows greater variability in rainfall
sensitivity, indicating a less uniform response to changes in rain

rate. In Figure 14, the rainfall has nonlinear effects on the atten-
uation, and its effect fluctuates in a nonlinear manner instead of
increasing proportionally. The frequency sensitivity also indi-
cates that F also exhibits nonlinear behaviour.
Attenuation results from combined effects, where the impact

of one input variable is dependent on the values of the other
input variables. Equations (13)–(16) show how attenuation de-
pends on D, R, and F . However, their distinct mathematical
structures result in different interactions among these variables.
This suggests that they model attenuation with different levels
of detail. For example, the logarithmic relationship with D in
Equation (14) shows a unique distance relationship compared to
Equation (16). The logarithmic distance relationship in Equa-
tion (14) indicates a decreasing rate of the attenuation increase,
whereas the inverse frequency relationship demonstrates bal-
ancing effects. Equation (16), which introduces a squared R
term, goes beyond the ITU power law’s simple scaling and
more accurately represents the nonlinear rain attenuation.
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TABLE 11. Performance metrics of regression and SR-based models.

Model MSE (Test) MAE (Test) R2 (Test)
Polynomial Regression 33.81 5.73 −3.57

Linear Regression 1.01 0.67 0.863
Neural Network 0.002 0.0367 0.998

SR-Urban 0.530 0.380 0.999
SR rural + Differential Evolution 0.50 0.37 0.999

7.2. Improving Prediction Accuracy
As noted in [13], symbolic regression captures complex sys-
tems behaviour with high precision. Table 11 compares perfor-
mances and shows that SR-Urban achieves significantly lower
error rates than linear and polynomial regressionmodels. While
neural network achieves even lower error rates, SR offers a key
advantage in interpretability by providing explicit equations in-
stead of opaque black box models, as supported by [13]. More-
over, the integration of DE in SR improves the accuracy of
Equations (13)–(15) and highlights the potential of DE to opti-
mise predictive models, as proposed in [37].

7.3. Insights into Rain Attenuation Physics
The SR-based equations highlight the interdependence of R,
F , and D in contrast to conventional rain attenuation models
which rely on various multiplicative factors. This allows the
predictions to be dynamically adapted to environmental condi-
tions and shows that the attenuation is not strictly proportional
to the intensity of rainfall but is also influenced by factors such
as drop size distribution and atmospheric turbulence. The pres-
ence of logarithmic and rational frequency terms such as log(F)
and F in both the numerator and denominator further empha-
sises the frequency-dependent absorption and scattering effects.
This supports the idea that the attenuation varies with frequency
in a more complex way than the ITU-R P.530 power-law rela-
tionship suggests. By capturing these complex relationships,
SR-based equations can provide a more interpretable and phys-
ically grounded approach to rain attenuation modelling. The
higher sensitivity of the SR models allows for a more accurate
representation of the attenuation, especially in short-range sce-
narios where the conventional models may overlook small vari-
ations, as shown in Figure 8, where the SR model predicts the
attenuation more accurately for all rainfall rates at shorter dis-
tances and is more accurate than the ITU model.

8. CONCLUSION
Rain attenuation is influenced by factors like frequency, rain-
fall rate, and link distance. Two models were developed us-
ing symbolic regression for 5G mmWave wireless communi-
cation networks in urban and rural scenarios. The urban mode
showed strong performance, while the rural scenario model un-
derperformed initially but improved through differential evolu-
tion optimization. DE optimization improved its prediction ac-
curacy, minimized biases, and aligned with the urban model.
The optimized model better captures the nonlinear relation-

ship among rain rate, frequency, and distance, making it a
more reliable tool for predicting rain attenuation in rural sce-
narios. The model’s interpretability provides engineers and re-
searchers with valuable insights into rain-induced attenuation in
5GmmWave wireless communication networks, enabling them
to make more informed decisions when designing and develop-
ing 5G mmWave communication systems. These models have
significant implications for improving network performance in
various environments.
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