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Abstract 

The convergence of terrestrial wireless and satellite communication systems within Satellite–Terrestrial Integrated Networks 

(STINs) for sixth-generation (6G) communications has increased the need for accurate and adaptive link performance prediction. 

Conventional analytical and empirical propagation models often fail to capture the nonlinear effects of atmospheric impairments, 

particularly rain attenuation in tropical regions. This study evaluates two supervised machine learning algorithms, Random Forest 

(RF) and Support Vector Machine (SVM), for predicting the signal-to-noise ratio (SNR), a key wireless communication link 

budget parameter. Rain rate, rain attenuation, and link budget were used as input variables with propagation datasets collected 

from ten climatically diverse locations across Nigeria. The datasets were partitioned into training, validation, and testing sets 

using a 70:15:15 ratio, while Bayesian optimization determined the optimal hyper-parameters of both models. Performance was 

evaluated using Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Squared Error (MSE), coefficient of 

determination (R2), regression analysis, and actual-versus-predicted time-series comparisons. Results show that both models 

accurately captured the nonlinear relationship between propagation parameters and SNR across all study locations. However, 

SVM consistently outperformed RF, recording lower RMSE, MAE, and MSE values in nine of the ten locations and achieving 

R2 values between 0.99 and 1.00. SVM also tracked severe fading events caused by intense rain attenuation more accurately, 

whereas RF exhibited larger deviations during deep fades. Minna was the only location where RF produced lower prediction 

errors. These findings demonstrate that SVM provides superior prediction accuracy and generalization for SNR estimation under 

tropical propagation conditions, making it a reliable tool for wireless link budget prediction and future 6G satellite–terrestrial 

network planning. 
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1. Introduction 

The continuous growth in demand for high-capacity, relia-

ble, and ubiquitous wireless communication has necessitated 

the integration of terrestrial wireless and satellite communica-

tion systems into unified network architectures [1]. Wireless 

communication systems broadly comprise terrestrial wireless 

links, where transmission occurs between ground-based sta-

tions, and satellite communication links, where signals propa-

gate between Earth stations and spaceborne platforms [2]. Sat-

ellite communication is therefore a subset of wireless commu-

nication, distinguished by longer propagation paths and 

unique atmospheric impairments, yet increasingly integrated 

with terrestrial wireless networks to provide wide-area cover-

age, service continuity, and network resilience, particularly in 

regions with limited terrestrial infrastructure [3]. 

In modern and emerging communication paradigms, espe-

cially within the framework of sixth-generation (6G) networks, 

Satellite–Terrestrial Integrated Networks (STINs) have 

emerged as a critical solution for achieving seamless global 

connectivity [4]. The terrestrial networks can provide high-

speed data service at low cost, satellite-based access is one 

way to complement the terrestrial-based networks for achiev-

ing ubiquitous, 100% geographic coverage. A satellite net-

work is an ideal solution to address such a dilemma. One sat-

ellite is able to cover areas of thousands of kilometers in radius 

instead of several kilometers with a terrestrial base station [5]. 

The coexistence and cooperation between terrestrial and sat-

ellite networks are of great potential in future communication 

networks. [6]. Recent studies emphasize that the performance 

of such integrated networks is fundamentally constrained by 

link budget parameters, including free-space path loss, an-

tenna gains, system noise temperature, atmospheric absorp-

tion, and rain attenuation. Huang provides a comprehensive 

review of satellite–terrestrial integrated networks from a net-

work-layer perspective, identifying link reliability and propa-

gation variability as key challenges that directly impact end-

to-end system performance in future 6G systems [7]. 

Accurate link budget modeling and prediction are therefore 

essential for the efficient design, planning, and optimization 

of both terrestrial and satellite wireless links. Traditional ana-

lytical and empirical propagation models, while widely used, 

often exhibit limited accuracy in highly dynamic environ-

ments due to their reliance on simplified assumptions and re-

gion-specific parameters [8]. This limitation is particularly ev-

ident in tropical climates, such as Nigeria, where severe rain-

fall, high humidity, and atmospheric variability significantly 

affect microwave, millimeter-wave, and satellite frequency 

bands [9]. Highlights that the integration of terrestrial and sat-

ellite wireless systems introduces additional complexity in 

link budget estimation, as heterogeneous propagation condi-

tions and network configurations must be jointly considered. 

Recent research within the context of 6G further under-

scores the need for intelligent and adaptive modeling ap-

proaches. Chai demonstrated that efficient resource manage-

ment and performance optimization in satellite–terrestrial in-

tegrated networks are strongly dependent on accurate predic-

tion of link quality metrics derived from link budget calcula-

tions, the link budget however determines the received signal 

power, which in turn influence the signal-to-noise ratio (SNR) 

[10]. Similarly, an IEEE reviewidentified propagation uncer-

tainty, spectrum sharing, and dynamic channel conditions as 

open challenges in integrated wireless networks, reinforcing 

the inadequacy of static link budget models for next-genera-

tion systems [11]. 

To address these challenges, artificial intelligence (AI) and 

machine learning techniques have been increasingly adopted 

for wireless system modeling and prediction. Javaid and co-

workers illustrated the potential of AI-driven frameworks in 

integrated satellite–aerial–terrestrial networks, showing that 

data-driven models can effectively capture complex nonlinear 

relationships between environmental factors and link perfor-

mance [12]. In the context of link budget and SNR prediction, 

deep neural networks (DNNs) and related artificial intelli-

gence (AI) models offer significant advantages in learning 

from large datasets of propagation measurements, enabling 

improved prediction accuracy under diverse and time-varying 

conditions. Faster decision making is one of the primary ad-

vantages of AI on satellites is the capacity to make judgements 

more quickly. AI can make real-time judgements by analyzing 

data on the satellite. This is especially useful for applications 

that demand rapid reactions, such as disaster response when 

time is critical [13]. 

Furthermore, propagation impairments such as rain attenu-

ation remain dominant factors affecting link budget degrada-

tion in high-frequency satellite and terrestrial wireless systems. 

Cano and colleagues addressed this issue through adaptive 

gateway diversity techniques for high-throughput satellite sys-

tems, highlighting the importance of accurate attenuation 

modeling for maintaining link or signal availability [14]. 

These findings further motivate the development of AI-based 

predictive models capable of incorporating atmospheric and 

climatic variables into link budget estimation frameworks [15]. 

Conceptually, the relationship between terrestrial wireless 

and satellite communication within an integrated network can 

be likened to transportation systems: wireless communication 

represents road transport in general, terrestrial wireless com-

munication corresponds to vehicles operating on land, and sat-

ellite communication resembles aircraft operating in airspace 

[16, 17]. Although these systems differ in operational charac-

teristics and constraints, they are inherently complementary. 

Their integration enables robust end-to-end communication, 

just as combined land and air transport systems enhance over-

all mobility. This analogy reinforces the necessity of unified 

modeling approaches, such as AI-based link budget prediction, 

to support efficient operation across heterogeneous wireless 

environments [17]. 
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The International Telecommunication Union–Radiocom-

munication Sector (ITU-R) provides standardized models for 

rain attenuation prediction uses ITU-R P.838 (P.838-3, 2005) 

for specific attenuation [18] and P.837 (P.837-7, 2017) for rain 

rate distributions [19], yet these models may require localiza-

tion or enhancement when applied to non-temperate regions. 

Empirical studies within Nigeria have explored rain rate dis-

tributions and attenuation effects for satellite and terrestrial 

links, underscoring the necessity for region-specific model-

ling frameworks [20, 21]. 

Concurrently, the rapid evolution of artificial intelligence 

(AI), machine learning (ML), and deep learning (DL) tech-

niques has transformed data-centric modelling across scien-

tific domains. Supervised learning models such as support 

vector machines (SVM) and random forests (RF) offer robust 

regression and classification capabilities [22], while deep 

learning architectures including convolutional neural net-

works (CNNs) and long short-term memory (LSTM) net-

works are capable of capturing complex spatial and temporal 

dependencies within large scale datasets. These techniques 

have been successfully applied to wireless network optimiza-

tion, channel modelling, and propagation prediction problems 

[23-26]. 

Machine learning enables systems to learn from data and 

improve performance over time without explicit programming 

[27, 28]. Within this paradigm, models are broadly catego-

rized into discriminative and generative approaches. Discrim-

inative models focus on predicting outputs or classifying data 

based on observed inputs, whereas generative models learn 

the underlying data distribution to produce new, realistic sam-

ples. This generative capability is essential for tasks such as 

speech synthesis, visual object recognition, and text genera-

tion, allowing meaningful information to be extracted from 

complex sensory data. 

Training such models, particularly large-scale deep learn-

ing and generative architectures, requires extensive datasets. 

For example, Large Language Models (LLMs) leverage vast 

natural language corpora to achieve advanced natural lan-

guage understanding and generation, while generative deep 

learning models are capable of producing human-like syn-

thetic images [29, 30]. The multi-layered, non-linear pro-

cessing structure of deep learning architectures makes them 

particularly effective for modelling complex data distributions. 

As a subset of AI, machine learning architectures identify hid-

den patterns and relationships within training data, with deep 

learning techniques being especially well-suited for high-fi-

delity data generation and representation learning [31]. 

2. Related Works 

Many works have been carried out by researchers to im-

prove the quality of service in wireless and satellite network. 

Crane carried out research on prediction of the effect of rain 

on satellite communication, in temperate region, his research 

shows that the effect can be calculated if the distribution of 

rain intensity is known in both time and space [32].Further-

more, Ghorbanzadeh and co-researchers worked on Cellular 

Communications Systems in Congested Environments Re-

source Allocation and End-to-End Quality of Service Solu-

tions with MATLAB, his work was to manage the concept of 

radio resources allocation for cellular communication system 

operating in congested and contested environment with em-

phasis on the end- to– end quality of service (QoS) [33]. 

In another development, Harb and colleagues carried out 

severalresearches on quality of service improvement in 

weather impacted satellite using markov model to predict 

weather attenuation to maintain quality of service via an intel-

ligent awareness control system [34-38]. Similarly, Dhafer 

and co-workers also carried out a research to simplify the fac-

tors for ad hoc network on mobile phones using fuzzy tech-

niques, it was concluded that higher throughput does not usu-

ally mean high quality of service [39]. 

Kim worked on Matlab deep learning with machine learn-

ing, neural network and artificial intelligence, book provides 

a strong practical foundation for neural network architecture 

for regression and prediction, backpropagation-based training 

algorithms, deep learning implementation in MATLAB, CNN 

architectures that can be adapted for wireless communication 

datasets and MATLAB programming techniques for develop-

ing AI models [40]. Although the examples focus mainly on 

image recognition, the same deep learning principles can be 

applied to predicting link budget, SNR, rain attenuation, and 

other wireless communication parameters by replacing image 

data with your communication dataset. 

Gbenga-Ilori investigated the application of artificial intel-

ligence (AI) in empowering dynamic spectrum access (DSA) 

for advanced wireless communication systems [11]. The au-

thors reported that cognitive radio (CR) technology has be-

come a vital approach for improving spectrum utilization 

through dynamic spectrum access mechanisms. They further 

observed that conventional spectrum management techniques 

are increasingly constrained by the growing complexity of 

modern wireless communication environments. Consequently, 

deep learning (DL) and reinforcement learning (RL) algo-

rithms have emerged as effective AI techniques for enhancing 

spectrum sensing, resource allocation (RA), and cooperative 

network management. The study concluded that these AI-

driven approaches significantly improve adaptive learning ca-

pabilities, spectrum sensing accuracy, detection performance, 

and data processing efficiency, thereby enhancing the overall 

performance of wireless communication networks. 

3. Research Methodology 

The procedure begins with the acquisition and prepro-

cessing of rainfall and satellite communication datasets. Rain 

attenuation is subsequently estimated using SST and incorpo-

rated into the link budget model. Machine learning and deep 

learning algorithms are then developed and comparatively 

evaluated using standard statistical performance metrics. 

http://www.sciencepg.com/journal/wcmc
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Table 1. Data collection site location and State, geographical and climatic zone, latitude, longitude and altitude. 

S/N 
Data Collection Site Lo-

cation and State 
Geographical and Climatic Zone 

Latitude 

(°N) 

Longi-

tude (°E) 
Altitude (m) 

1 
Abuja, Federal Capital 

Territory (FCT) 

North Central geopolitical zone, Tropical 

Savannah climate zone 
9.0667 7.4833 536 

2 Akure, Ondo State 
South West geopolitical zone, Tropical Rainfor-

est climate zone 
7.25 5.2 ~300–400 (varies) 

3 Bauchi, Bauchi State 
North East geopolitical zone, Tropical Dry cli-

mate zone (Sahel) 
10.3167 9.8333 ~600–700 (varies) 

4 Enugu, Enugu State 
South East geopolitical zone, Tropical Rainfor-

est climate zone 
6.45 7.5 ~200–300 (varies) 

5 Jos, Plateau State 
North Central geopolitical zone, Highland cli-

mate zone 
9.9167 8.8833 ~1,200–1,300 (varies) 

6 Oshodi, Lagos State 
South West geopolitical zone, Tropical Rainfor-

est climate zone 
6.55 3.3333 ~10–20 (varies) 

7 Makurdi, Benue State 
North Central geopolitical zone, Tropical Sa-

vannah climate zone 
7.7333 8.5167 ~100–200 (varies) 

8 Minna, Niger State 
North Central geopolitical zone, Tropical Sa-

vannah climate zone 
9.6167 6.5667 ~200–300 (varies) 

9 Port Harcourt, Rivers State 
South South geopolitical zone, Tropical Rain-

forest climate zone 
4.7833 7.0167 ~10–20 (varies) 

10 Yola, Adamawa State 
North East geopolitical zone, Tropical Savan-

nah climate zone 
9.2333 12.4667 ~200–300 (varies) 

 

3.1. Research Design 

This study adopts an experimental and comparative re-

search design involving: 

1) Collection of five-year rainfall datasets with one-minute 

integration time, 

2) Estimation of rain attenuation using the Synthetic Storm 

Technique (SST), 

3) Development of empirical link budget and signal-to-

Noise Ratio (SNR) datasets, 

4) Design and training of machine learning models, 

5) Design and training of deep learning architectures, 

6) Comparative performance evaluation of all developed 

models. 

The methodology integrates both deterministic propagation 

models and data-driven intelligent models to improve predic-

tive reliability under tropical weather conditions. 

3.2. Study Area 

The study covers ten states across Nigeria representing the 

six geo-climatic zones to ensure climatic diversity and spatial 

representation of rainfall characteristics as listed in Table 1. 

The selected states include: Abuja, Akuire, Bauchi, Enugu, 

Jos, lagos, Makurdi, Minna, Port Harcourt, Yola from the six 

geoclimatic zones. 

The locations on Table 1 were selected because of varia-

tions in rainfall intensity, climatic conditions, atmospheric hu-

midity, geographical terrain, tropical propagation characteris-

tics. Southern Nigeria experiences higher rainfall intensity and 

rain attenuation compared to northern regions, making the se-

lected locations suitable for comparative propagation analysis. 

3.3. Data Collection 

3.3.1. Rainfall Data Acquisition 

Five-year rainfall datasets covering the period from 

08/08/2007 12:50 to 17/04/2012 12:50 were obtained from the 

Nigerian Meteorological Agency (NiMet), Tropospheric Data 

Acquisition Network (TRODAN)/Tropical Rainfall Measur-

ing Mission (TRMM) satellite rainfall databases, National 

Agency for Space Administration (NASA) precipitation da-

tasets, local meteorological stations, and ITU rainfall data-

bases where applicable. The datasets contained rain rate meas-

urements with a five-minute integration time, which were con-

verted to equivalent one-minute rain rates using the ITU-R 

recommended empirical conversion model. Other parameters 

http://www.sciencepg.com/journal/wcmc
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obtained from the datasets included rainfall duration, rainfall 

intensity, and seasonal precipitation characteristics. 

3.3.2. Project Site and Study Stations 

The results presented in this study are based on TRODAN 

data collected and managed by the Centre for Atmospheric 

Research (CAR), National Space Research and Development 

Agency (NASRDA), Federal Ministry of Science and Tech-

nology, Anyigba, Nigeria. 

The study utilized data obtained from the Abuja meteoro-

logical station located in the Federal Capital Territory (FCT), 

Nigeria. The station details are as follows: Station is Abuja; 

Station Code is ABJ; Latitude is 9.0667 °N; Longitude is 

7.4833 °E; Altitude is 536 m. 

The dataset header contains thirteen rows, beginning with 

the date and time recorded in the same cell using the format 

ddmmyyyyhhmm (which implies days months years hours 

minutes). The second row specifies the CR1000 record, which 

represents the data logger type used for data acquisition. The 

third row contains the CR1000 battery voltage information, 

while the fourth row introduces the meteorological parameters. 

The meteorological parameters recorded include: 1). Rain 

Rate (mm); 2). Solar Radiation (SlrW) in W/m2; 3). Air Tem-

perature (AirTC) in °C; 4). Relative Humidity (RH) in %; 5). 

Soil Temperature (T107) in °C; 6). Wind Speed (WS) in m/s; 

7). Wind Direction in degrees; 8). Barometric Pressure (Bar-

Press) in mbar; 9). Volumetric Water Content (VW ×100); and 

10). PA_us conversion for unified soil measurements related 

to volumetric water content. 

Each column of the dataset also contains the serial number 

corresponding to the recorded data entries. Figure 1 and Fig-

ure 2 shows a laboratory equipment setup and the data collec-

tion work station respectively. The five-minute rain rate data 

obtained from TRODAN were converted to equivalent one-

minute rain rate values using the ITU-R P.530 recommended 

conversion model [41, 42]. This conversion was necessary be-

cause one-minute integration time provides a more accurate 

representation of short-term rainfall fluctuations and is widely 

recommended for rain attenuation prediction and microwave. 

 
Figure 1. The laboratory equipment setup. 

 
Figure 2. The data collection work station. 

 
Figure 3. Schematic diagram of Rain structure for Synthetic Storm Technique. 
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3.3.3. Rain Attenuation Estimation Using Synthetic 

Storm Technique (SST) 

The Synthetic Storm Technique (SST) was adopted for rain 

attenuation estimation due to its effectiveness in transforming 

rain rate time-series data into attenuation statistics. The Syn-

thetic Storm Technique (SST), shown in Figure 3, is a geom-

etry used to estimate rain attenuation along an Earth-to-satel-

lite communication path. The SST model has been widely val-

idated for tropical propagation studies and has demonstrated 

improved attenuation prediction accuracy when compared 

with conventional empirical models. The SST method is very 

useful for designing communication satellite systems and im-

proving their performance for calculating rain attenuation 

over a satellite path [43, 44]. During rain, the troposphere’s 

vertical structure of the troposphere separates into two layers. 

A is the rain layer and B is the melting layer as shown in Fig-

ure 2[45-48]. 

The Synthetic Storm Technique is a physical–mathematical 

radio propagation model used to generate reliable rain attenu-

ation time-series by converting rain rate time-series measured 

at a specified location into corresponding rain attenuation 

time-series [45-48]. The technique requires local meteorolog-

ical and propagation parameters such as rain rate, the length 

of the signal path through the rain cell, and the rain cell veloc-

ity at the study location. 

Furthermore, the SST method can be applied to generate 

rain attenuation time-series for any operating frequency and 

signal polarization, as well as for slant propagation paths 

above approximately 10°, provided that the assumption of 

long-term isotropy of the rainfall spatial field is satisfied. The 

SST approach is particularly valuable in the design and per-

formance evaluation of satellite communication systems, es-

pecially for the estimation of rain attenuation along satellite 

propagation paths. 

During rainfall events, the vertical structure of the tropo-

sphere is generally divided into two distinct layers: the rain 

layer (Layer A) and the melting layer (Layer B), as illustrated 

in Figure 3. According to Matricciani’s two-layer Synthetic 

Storm Technique, the vertical precipitation structure is repre-

sented as follows [45, 46]: (a). Layer A: the lower liquid-rain 

layer, extending from the ground to height Ah  and (b). Layer 

B: the melting layer above it, extending from Ah  to Bh  

with an assumed thickness of about 0.4 km. 

The rain rate measured by the ground rain gauge is assigned 

to Layer A; where R is the measured one-minute rain rate in 

mm/h, apparent rain rate in Layer B; Layer B contains melting 

hydrometeors—a mixture of ice, water and partially melted 

particles. These particles cause more microwave attenuation 

than ordinary liquid raindrops associated with the same pre-

cipitation flux. 

Matricciani therefore represents their attenuation effect us-

ing an equivalent or apparent rain rate, BR  rather than treat-

ing BR RB  as an independently measured rainfall rate [45, 

46]. The relationship is 3.134B AR R . Thus, the apparent 

rain rate in the melting layer is 3.134 times the rain rate in the 

liquid-rain layer. 

3.3.4. Calculating Attenuation Using Synthetic 

Storm Techniques 

Traditional empirical rain attenuation models, particularly 

the ITU-R recommendations, have been widely adopted for 

the design and analysis of satellite and terrestrial communica-

tion links because of their simplicity and global applicability. 

However, several studies have shown that these models ex-

hibit limited prediction accuracy in tropical regions due to 

their reliance on generalized global datasets and simplified as-

sumptions regarding rainfall distribution, rain height, and at-

tenuation characteristics [47-50]. Tropical environments are 

characterized by intense convective rainfall, large raindrop 

sizes, high rainfall variability, and pronounced spatial and 

temporal inhomogeneity, resulting in attenuation characteris-

tics that differ significantly from those observed in temperate 

climates. Consequently, the ITU-R models frequently under-

estimate or overestimate rain attenuation when applied to trop-

ical locations, leading to inaccurate link budget estimation and 

reduced communication reliability [47-50]. Several research-

ers have therefore proposed modifications to the ITU-R mod-

els or developed region-specific prediction models for tropical 

countries, including Nigeria, Malaysia, and other equatorial 

regions, to improve prediction accuracy [47-50]. Nevertheless, 

these modified empirical models remain constrained by fixed 

mathematical formulations and are unable to adequately cap-

ture the complex nonlinear relationships among rainfall inten-

sity, atmospheric conditions, propagation parameters, and sig-

nal attenuation. Although modified ITU-R models have im-

proved rain attenuation prediction in tropical regions, they re-

main constrained by fixed empirical formulations and are un-

able to adequately model the complex nonlinear propagation 

characteristics of tropical environments. Consequently, Ran-

dom Forest (RF) and Support Vector Machine (SVM) provide 

a more robust and accurate data-driven alternative for link 

budget prediction. 

Calculating rain attenuation using Synthetic Storm Tech-

niques (SST) involves converting a local, time-based rain rate 

series into a path-based attenuation series by simulating storm 

movement, incorporating storm speed, path length, and dual-

layer rain structures (rain layer + melting layer) for accuracy, 

using ITU-R models for specific attenuation ( )K R
 to link 

rain rate to dB/km, and validating the resulting attenuation 

time series against measured data for radio link design, partic-

ularly useful when real path data is unavailable [18, 19, 42, 43, 

45, 46, 51, 52]. The SST analysis from the specific attenuation 

as 

   x KR x                   (1) 
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     
B BB

t A A B Bt t
A K R H H r K R h

 
           (2) 

     A BB
t A A B B At t

A K R L r K R L L
 

         (3) 

B A

h
L L L

Sin
                (4) 

where h = assumed depth of melting layer = 0.4km; L = rainy 

path.; γR= specific attenuation; R = rain rate; θ = propagation 

angle; LA = path length at layer A; LB= path length at layer B; 

and γR= specific attenuation. 

     
,R R K R

 
             (5) 

where RP = R0.01 = rain rate; P = 0.01%; K and α are the 

frequency dependent coefficients [45, 46]. Also, KA, αA and 

KB, αB are constant coefficient of vertical and horizontal po-

larization defined by ITU-R (Rec. ITU-R P.838-2) [42]; θ is 

the path elevation angle and τ is the polarization tilt angle rel-

ative to the horizontal (τ and θ = 45° for circular polarization). 

The vertical adjustment factor (VP) can be calculated at 0.01% 

of time; X depend on the latitude (φ) of the earth station; X = 1.5°; 

using the assumed bandwidth conventional GEO fixed-satellite 

link, 36 MHz is a generally accepted and widely used full-tran-

sponder bandwidth. (ITU technical documents frequently use 36 

MHz as a representative satellite-transponder bandwidth) [53]. 

3.3.5. Total Attenuation 

We considered rain attenuation only since Fog and Cloud 

attenuation are not prevalent in this region; rain attenuation is 

the values assumed for the total attenuation. Different sources 

of noise in antenna are summarized in Table 2 [34-38]. 

Table 2. Noise Temperature in Antenna. 

S/N Antenna Noise Temperature Sources Temperature (Kelvin) 

1 Directional Satellite antenna Earth from space 290 

2 

Directional Space from earth at 90° elevation 3 - 1 0 

terminal Space from earth at 10° elevation ~ 80 

antenna Sun {1...10 GHz) 105…104 

3 

Hemispherical At night 290 

terminal Cloudy sky 360 

antenna Clear sky with sunshine 400 

 

3.3.6. Link Budget Modeling 

The link budget model was developed using propagation 

and atmospheric attenuation parameters. The received signal 

power was estimated using: 

rP t t r f r aP G G L L L           (6) 

rP t t r fP G G L              (7) 

where Pr = received power, Pt = transmit power, Gt = trans-

mitter antenna gain, Gr = receiver antenna gain, Lr = rain at-

tenuation loss, and La = atmospheric loss. 

Free-space path loss can be calculated using: 

   10 1032.45 20log 20logFSPL f d        (8) 

where f = frequency (GHz) and d = distance (km). 

The generated link budget values served as target input for 

machine learning and deep learning prediction models. SNR 

is usually measured in decibels (dB), it is the ratio of signal 

(C) and noise power spectral density (N0). 

 
0

rP

t t t r

n

C
SNR dB P G A G K T

N

SNR P


       


  

     (9) 

where  10174 log 10Pn B NF        (10) 

where B = assumed ITU satellite Bandwidth = 36MHz = 

36000000Hz;Pt = transmitted power Gt and Gr are Antenna 

gain at transmitter and receiver respectively; K is Boltzman 

constant= 1.38 x 10-23 W/K = -228.6dbW/K; T = effective 

noise temperatures; NF = Receiver Noise figure in dB; -174 

dBm per Hz is the thermal noise density at approximately 290 

K. 

Any information like temperature can be gotten from ITU-
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R P.835-5 [41]. The specific rain attenuation was computed 

using the ITU-R P.838 model. The SST procedure involved 

rain cell modeling, storm translation velocity estimation, at-

tenuation time-series generation, cumulative attenuation dis-

tribution computation. 

4. Development of Machine Learning 

Models 

4.1. Support Vector Machine (SVM) Model 

The Support Vector Machine (SVM) is a powerful and ver-

satile supervised machine learning algorithm used mainly for 

classification, but it can also be used for regression (SVR) and 

outlier detection. SVM finds the best decision boundary 

(called a hyperplane) that separates different classes in the 

data with the maximum possible margin. The goal is to create 

the widest possible gap between the classes so that new, un-

seen data can be classified more confidently and accurately 

[54]. 

The structural architecture of the support vector machine is 

shown in Figure 4 while the mapping of the kernel function 

from the input space to the feature space of the SVM is illus-

trated in Figure 5. The SVM regression model was developed 

to predict Signal to Noise ratios under varying rainfall condi-

tions. The Radial Basis Function (RBF) kernel was adopted 

because of its ability to model nonlinear propagation charac-

teristics. In SVM Classification, the hyperplane is a clear de-

cision boundary that separates classes. In SVM Regression 

(SVR), the hyperplane becomes a regression line/plane (or a 

more complex surface in higher dimensions) that tries to fit 

the data points within a margin called the ε-tube (epsilon tube). 

 
Figure 4. The structural architecture of the support vector machine (SVM). 

 
Input space Feature space 

Figure 5. Mapping of the kernel function from the input space to the feature space of the SVM. 
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The SVM optimization function is expressed as in the linear 

equation as: 

   f x W x b           (11) 

where W = weight vector (defines the orientation of the hyper-

plane) or the weight vector perpendicular to the hyperplane; 

( )x  = feature mapping (via kernel trick for non-linear data) 

or input feature vector; b = bias. The hyper-parameter optimi-

zation involved, kernel selection, penalty parameter tuning, 

gamma optimization, cross-validation. Grid search optimiza-

tion was also employed to determine optimal parameters of 

the SVM scheme. 

The Kernel Functions 

When data is non-linearly separable in its original lower-

dimensional space, SVM uses the Kernel Trick. It maps the 

original features into a higher-dimensional space where a lin-

ear hyperplane can easily separate the classes, without explic-

itly computing the coordinates in that high-dimensional space 

(saving immense computational power).Common kernel 

functions include: 

(1). Linear Kernel: Used when data is already linearly sep-

arable. 

 , T
i j j jK x x x x         (12) 

(2). Polynomial Kernel: Useful for image processing and 

curved boundaries. 

   ,
d

T
i j j jK x x x x C            (13) 

(3). Radial Basis Function (RBF)/Gaussian Kernel: The 

most widely used kernel; maps data into an infinite-dimen-

sional space. Ideal for highly complex, non-linear boundaries. 

 
2

, expi j i jK x x x x    
 

       (14) 

4.2. Random Forest (RF) Model 

Random Forest is a machine learning algorithm that uses 

many decision trees to make better predictions as illustrated in 

Figure 6. Each tree looks at different random parts of the data 

and their results are combined by voting for classification or 

averaging for regression which makes it as ensemble learning 

technique. This helps in improving accuracy and reducing er-

rors [55]. 

The hierarchical structure of the random forest algorithm as 

a collection of non-linear decision-making model is shown in 

Figure 7. The Random Forest algorithm was developed as an 

ensemble learning model for comparative analysis. The RF 

model consists of multiple decision trees trained using boot-

strap aggregation algorithm. The Root and Internal Nodes are 

the Points where the data is split based on a specific feature 

threshold (e.g., SNR > 20dB). The split is determined by max-

imizing information gain or minimizing impurity (e.g., Gini 

Impurity or Entropy for classification; Mean Squared Error for 

regression). 

 
Figure 6. Architecture of the random forest model. 

 
Figure 7. Hierarchical structure of the RF as a collection of non-

linear decision-making model. 

The Leaf Nodes is the final terminal nodes that contain the 

predicted class or continuous value while the Ensemble Layer 

is the mechanism that aggregates the outputs of all N trees. 

Technically, Random Forest does not use kernel functions 

like an SVM does. It is a non-parametric, rule-based algorithm 

that operates in the original feature space by recursively parti-

tioning it into rectangular regions. However, in this research 

mapped its behavior to kernel concepts for comparative rea-

sons by: 

(1). Implicit Proximity Matrix: RF calculates proximity be-

tween data points. The data was simulated through the forest, 

and count how many times two distinct samples land in the 

exact same leaf node. This "proximity score" acts similarly to 

an RBF kernel, measuring data similarity in a highly non-lin-

ear way. 

 [Input Data] 

[Bootstrap] [Bootstrap] [Bootstrap] 

(Tree 2) (Tree 1) (Tree N) 

[Majority Vote/Average Prediction] 

[Final Output] 
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(2). No High-Dimensional Mapping: Unlike SVM, which 

mathematically transforms data into higher dimensions via ex-

plicit formulas, RF handles non-linear boundaries natively by 

simply creating complex, jagged step-like decision borders. 

The RF output prediction function is expressed as: 

   
1

1
N

i

i

Y x T x
N



            (15) 

where ( )iT x  is the prediction from individual tree and N = 

number of trees. 

The Random Forest (RF) model hyper-parameters consid-

ered in this study include the number of trees, minimum leaf 

size, and the number of predictors sampled at each split. These 

hyper-parameters were optimized using Bayesian optimiza-

tion to improve the predictive performance of the model [56]. 

4.3. Dataset Partitioning 

The processed datasets were partitioned into three subsets 

with 70% used for training, 15% used for validation, and 15% 

reserved for as testing data. The training set was used to train 

the machine learning models, while the validation set was em-

ployed for hyper-parameter optimization and model selection 

using Bayesian optimization. The testing set was kept com-

pletely unseen during both the training and optimization 

stages and was used solely for the final evaluation of model 

performance [27, 28]. 

To ensure a fair and unbiased comparison between the Ran-

dom Forest (RF) and Support Vector Machine (SVM) models, 

the following procedures were adopted: 

The same training, validation, and testing data partitions 

were used for both the RF and SVM models, ensuring that 

both models were trained and evaluated on identical data sam-

ples. 

Bayesian optimization was applied to both models for hy-

per-parameter tuning. For the RF model, the optimized hyper-

parameters included the number of trees, minimum leaf size, 

and the number of predictors sampled at each split. For the 

SVM model, the optimized hyper-parameters included the 

Box Constraint, Kernel Scale, and Epsilon. 

The predictive performances of both models were evaluated 

using the same 15% testing dataset based on the Mean Abso-

lute Error (MAE), Mean Squared Error (MSE), Root Mean 

Squared Error (RMSE), and the coefficient of determination 

(R2). 

To improve the robustness and reliability of the perfor-

mance evaluation, repeated cross-validation was incorporated 

during model development and hyper-parameter optimization. 

However, the final performance metrics reported in this study 

were obtained exclusively from the independent testing da-

taset, which remained completely unseen throughout the train-

ing and optimization processes. 

5. Result and Discussion 

The simulation results for the actual versus predicted values 

for all the ten locations are shown in Figures 8, 10, 12, 14, 16, 

18, 20, 22, 24, and 26. In these figures, the black line repre-

sents the actual values, the blue line represents the Random 

Forest (RF) predictions, and the redline represents the Support 

Vector Machine (SVM) predictions. 

The time-series plots indicate that both models successfully 

capture the overall trend of the data. However, the SVM 

model follows the actual values more closely, particularly dur-

ing sharp downward spikes (deep fades), whereas the RF 

model exhibits slightly larger deviations by either underesti-

mating or overestimating these abrupt drops. 

The separate regression (scatter) plots for the two models 

are presented in Figures 9, 11, 13, 15, 17, 19, 21, 23, 25, and 

27. In these plots, a perfect prediction would place all data 

points exactly on the red dashed diagonal line, indicating com-

plete agreement between the predicted and actual values. The 

SVM predictions are clustered very closely around the refer-

ence line, yielding exceptionally high coefficients of determi-

nation (R2) ranging from 0.998 to 1.000. Although the RF 

model also demonstrates excellent predictive performance, its 

data points exhibit slightly greater dispersion around the ref-

erence line, with R2 values generally ranging from 0.94 to 0.99 

and a few instances of lower performance. 

 
Figure 8. ABUJA SVM and RF: Actual Vs. Predicted Values. 
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Figure 9. ABUJA SVM and RF Regression. 

 
Figure 10. AKURE SVM and RF: Actual Vs. Predicted Values. 

 
Figure 11. AKURE SVM and RF Regression. 

 
Figure 12. BAUCHI SVM and RF: Actual Vs. Predicted Values. 

 
Figure 13. BAUCHI SVM and RF Regression. 

 
Figure 14. ENUGU SVM and RF: Actual Vs. Predicted Values. 
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Figure 15. ENUGU SVM and RF Regression. 

 
Figure 16. JOS SVM and RF: Actual Vs. Predicted Values. 

 
Figure 17. JOS SVM and RF Regression. 

 
Figure 18. LAGOS SVM and RF: Actual Vs. Predicted Values. 

 
Figure 19. LAGOS SVM and RF Regression. 

 
Figure 20. MAKURDI SVM and RF: Actual Vs. Predicted Values. 
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Figure 21. MAKURDI SVM and RF regression. 

 
Figure 22. MINNA SVM and RF: Actual Vs. Predicted Values. 

 
Figure 23. MAKURDI SVM and RF: regression. 

 
Figure 24. PORT HARCOURT SVM and RF: Actual Vs. Predicted 

Values. 

 
Figure 25. PORT HARCOURT SVM and RF Regression. 

 
Figure 26. YOLA SVM and RF: Actual Vs. Predicted Values. 
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Figure 27. YOLA SVM and RF Regression. 

Table 3 shows that both Random Forest (RF) and Support 

Vector Machine (SVM) achieved high regression coefficients 

(R2), indicating excellent predictive accuracy in modelling the 

nonlinear relationship between rain attenuation and SNR. 

Overall, SVM outperformed RF, recording higher R2 values 

in nine of the ten study locations. SVM achieved perfect re-

gression (R2 = 1.000) in Bauchi, Enugu, Makurdi, Port Har-

court, and Yola, while maintaining excellent performance (R2 

≥ 0.9985) in Abuja, Akure, Jos, and Lagos. Its lowest perfor-

mance was observed in Minna (R2 = 0.9328). 

Similarly, RF demonstrated strong predictive capability, 

with R2 values ranging from 0.9425 to 0.9999. The model 

achieved its highest performance in Enugu (0.9999) and main-

tained excellent accuracy across most locations. However, 

comparatively lower R2 values were recorded in Abuja 

(0.9425), Lagos (0.9823), and Minna (0.9822). Notably, 

Minna was the only location where RF outperformed SVM, 

suggesting that RF was more robust in handling the propaga-

tion characteristics at that location. Overall, the results indi-

cate that while both models are highly effective for SNR pre-

diction, SVM exhibits superior generalization and predictive 

performance across the majority of the study locations. 

It should be noted from Table 3 that both RF and SVM 

achieved very high regression coefficients, indicating excel-

lent predictive accuracy. It can be observed that SVM outper-

formed RF in most locations, achieving near-perfect or perfect 

regression (R2 ≈ 1.000) in several cases.Furthermore, the mod-

els effectively captured the nonlinear relationship between 

rain attenuation and SNR across diverse climatic regions. The 

consistently high R2 values demonstrate the suitability of both 

algorithms for AI-based link budget and SNR prediction. 

Table 3. Experimental Regression (R2) results. 

S/N Location (State) 

Report Regression for Machine Learning Algorithm 

Random Forest (RF) Support Vector Machine (SVM) 

1 Abuja 0.9425 0.9985 

2 Akure 0.9987 0.9998 

3 Bauchi 0.9992 1.000 

4 Enugu 0.9999 1.000 

5 Jos 0.9970 0.9985 

6 Lagos 0.9823 0.9992 

7 Makurdi 0.9985 1.000 

8 Minna 0.9822 0.9328 

9 Port Harcourt 0.9984 1.000 

10 Yola 0.9992 1.000 
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Figure 28. Mean Absolute Error for all the locations. 

 
Figure 29. Model Ranking for all the locations. 

 
Figure 30. Mean Squared Error for all the locations. 

 
Figure 31. Overall Ranking for the Two Models. 

 
Figure 32. Coefficients of Determination for all the locations. 

 
Figure 33. Root Mean Square Error Comparison for all the locations. 
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On the other hand, SVM showed reduced performance in 

Minna (R2 = 0.9328), indicating sensitivity to certain propa-

gation conditions while RF exhibited lower and more variable 

regression performance than SVM in some locations, particu-

larly Abuja and Lagos. Similarly, the perfect R2 values may 

indicate potential overfitting and should be interpreted along-

side other performance metrics such as RMSE, MAE, and 

MSE. Finally, the regression coefficients alone do not fully 

evaluate model performance and should be complemented 

with error-based metrics for comprehensive assessment. 

The six plots shown in Figures 28 through Figure 33 com-

pares the Support Vector Machine (SVM) and Random Forest 

(RF) for predicting SNR (dB) across 10 Nigerian locations 

(Abuja, Akure, Bauchi, Enugu, Jos, Lagos, Makurdi, Minna, 

Port Harcourt, Yola). The SVM clearly outperforms Random 

Forest in the large majority of cases. SVM wins in 9 out of 10 

locations, RF is better only in Minna with the Cumulative 

ranking score of SVM 74 to RF 16 (see Figure 31). This is 

consistent across the actual versus predicted time-series plots, 

the regression scatter plots (R2), and the summary error met-

rics (MAE, MSE, RMSE, R2). 

Table 4 presents a comparative summary of the perfor-

mance of the Random Forest (RF) and Support Vector Ma-

chine (SVM) models using six evaluation metrics. Overall, the 

results indicate that SVM consistently outperformed RF, 

demonstrating superior predictive accuracy and generalization 

across the ten study locations. 

Table 4. Summary of bar chart comparison from Figures 28 through Figure 33. 

S/N Metric Winner Observation 

1 MAE(see Figure 28) SVM in most cities One location (Minna) shows a large SVM MAE spike 

2 Model Ranking by Location (see Figure 29) SVM dominant 
Red (SVM) bars much higher than blue (RF) in 9/10 

places 

3 MSE(see Figure 30) SVM One large outlier for both models 

4 Overall Model Ranking(see Figure 31) SVM SVM total score ~74, RF ~16 

5 Coefficients of determinant (see Figure 32) SVM Both high, but SVM closer to 1.0 almost everywhere 

6 RMSEsee Figure 33) SVM Same pattern as MAE/MSE 

 

Based on the Mean Absolute Error (MAE) (see Figure 28), 

SVM recorded the lowest prediction errors in most locations, 

indicating more accurate SNR predictions. However, an ex-

ception was observed in Minna, where SVM exhibited a no-

ticeably higher MAE, suggesting that the model encountered 

greater difficulty in capturing the propagation characteristics 

at that location. 

The model ranking by location (see Figure 29) further con-

firms SVM's superiority, as it achieved higher overall rank-

ings in nine out of the ten study locations. This demonstrates 

that SVM provided more reliable performance across diverse 

climatic conditions than RF. 

Similarly, the Mean Squared Error (MSE) results (see Fig-

ure 30) show that SVM generally produced lower squared pre-

diction errors than RF, although both models exhibited a sig-

nificant outlier in one location, indicating the presence of un-

usually large prediction errors under specific propagation con-

ditions. 

The overall model ranking (see Figure 31) strongly favours 

SVM, with an aggregate performance score of approximately 

74 compared to 16 for RF. This substantial difference high-

lights the superior overall predictive capability and con-

sistency of the SVM model. 

The coefficient of determination (R2) results (see Figure 32) 

indicate that both models achieved high goodness-of-fit val-

ues, reflecting excellent agreement between predicted and ob-

served SNR values. Nevertheless, SVM consistently produced 

R2 values closer to 1.0, confirming its stronger ability to ex-

plain the variability in the measured data. 

Finally, the Root Mean Square Error (RMSE) results (see 

Figure 33) followed the same trend as the MAE and MSE 

analyses, with SVM generally recording lower RMSE values 

across most locations. This further demonstrates its ability to 

minimize prediction errors while maintaining high accuracy. 

Overall, the comparative analysis across all six perfor-

mance metrics demonstrates that Support Vector Machine 

(SVM) is the superior model for SNR prediction in the study, 

providing higher predictive accuracy, lower error metrics, and 

better generalization than Random Forest. The only notable 

limitation was its reduced performance in Minna, where RF 

proved to be more robust. Despite this exception, SVM re-

mains the preferred model for AI-based link budget and SNR 

prediction under the diverse propagation conditions consid-

ered in this study. 

5.1. Reason Behind the Successes of SVM 

The SNR data appear to have sharp, non-linear fades. SVM 
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(especially with an appropriate kernel) is often better at cap-

turing these complex decision boundaries/regression surfaces. 

Random Forest is an ensemble of trees and is very robust, but 

in this particular dataset it is slightly less precise on the ex-

treme values. The near-perfect R2 values for SVM (many ≥ 

0.999) indicate the model is capturing almost all the variance 

in the measured SNR. For predicting or modelling SNR at 

these locations, Support Vector Machine is the preferred 

model. It delivers lower error (MAE/MSE/RMSE) and higher 

explanatory power (R2) in 9 of the 10 cities examined. The 

only exception is Minna, where Random Forest is modestly 

better. 

5.2. Reason Behind the Success of RF at Minna 

An important observation from this study is that Minna was 

the only study location where the Random Forest (RF) model 

outperformed the Support Vector Machine (SVM) model. RF 

achieved a higher coefficient of determination (R² = 0.9822) 

than SVM (R² = 0.9328), together with lower prediction errors, 

indicating that RF better captured the relationship between the 

input variables and SNR at this location. 

An examination of the Minna dataset reveals characteristics 

that differ from the other study locations. First, the dataset ex-

hibits a highly skewed distribution, with the majority of ob-

servations concentrated within a narrow range of rainfall con-

ditions but containing a few extremely large rain attenuation 

and SNR values. Such heterogeneous data distributions are 

known to favour tree-based ensemble models because they 

partition the feature space into multiple localized regions ra-

ther than fitting a single global regression function. Second, 

throughout the Minna dataset, rain rate and rain attenuation 

are the principal explanatory variables. Under these conditions, 

Random Forest was better able to model localized nonlinear 

relationships and threshold effects, whereas the SVM model 

attempted to represent the entire dataset using a single kernel-

based regression function. 

Furthermore, the Minna dataset contains limited unique 

rainfall and attenuation levels, indicating a discretized distri-

bution of the predictor variables. Decision-tree ensembles 

such as RF generally perform well under such conditions be-

cause repeated partitioning of the predictor space effectively 

captures piecewise nonlinear relationships. In contrast, SVM 

performance is more sensitive to the global kernel function 

and associated hyperparameters, which may reduce prediction 

accuracy when the data contain localized nonlinearities or ex-

treme observations. 

It is also noteworthy that the Minna dataset includes a small 

number of extreme attenuation/SNR observations relative to 

the remaining locations. These observations have a greater in-

fluence on the optimization of the SVM regression function 

than on the RF ensemble, whose bootstrap aggregation mech-

anism naturally reduces the influence of individual extreme 

samples. Consequently, RF produced more accurate predic-

tions for Minna despite SVM outperforming RF across the re-

maining nine study locations. 

Therefore, the Minna result should be regarded as a loca-

tion-specific exception arising from the statistical characteris-

tics of the dataset rather than evidence of the overall superior-

ity of RF. Across the ten study locations, SVM consistently 

achieved higher prediction accuracy and better generalization 

performance, while the Minna case demonstrates that tree-

based ensemble methods can provide greater robustness when 

datasets exhibit localized nonlinear behaviour, skewed distri-

butions, and extreme observations. Minna is situated within 

the Guinea Savannah climatic zone, where rainfall is domi-

nated by intense convective storms interspersed with strati-

form precipitation. The resulting rainfall exhibits moderate to 

irregular temporal distribution and considerable variability, 

producing localized nonlinear attenuation characteristics. 

Such heterogeneous propagation conditions are more effec-

tively captured by the Random Forest model, whose ensemble 

decision-tree architecture partitions the feature space into lo-

calized regions. In contrast, the Support Vector Machine con-

structs a single global regression function, which may be less 

effective in representing localized nonlinearities and extreme 

rainfall events. Consequently, RF achieved superior perfor-

mance at Minna, whereas SVM remained the best-performing 

model across the other nine study locations. 

6. Conclusion and Future Direction 

6.1. Conclusion 

The comparative evaluation demonstrates that Support Vector 

Machine (SVM) consistently outperformed Random Forest (RF) 

in predicting Signal-to-Noise Ratio (SNR) across the ten Nige-

rian cities, achieving superior performance in nine out of ten lo-

cations, with RF performing better only in Minna. SVM pro-

duced more accurate predictions by closely tracking the meas-

ured SNR values, particularly during deep fading events, and 

achieved consistently higher coefficients of determination (R2> 

0.998, often reaching 1.000). It also recorded lower MAE, MSE, 

and RMSE values than RF in most locations, resulting in a sub-

stantially higher overall ranking score (74 versus 16). The supe-

rior performance of SVM is attributed to its ability to model com-

plex nonlinear propagation characteristics using kernel-based 

learning, whereas RF tends to smooth extreme variations due to 

its ensemble averaging approach. Although Minna exhibited 

comparatively better RF performance, the overall findings con-

firm that SVM is the more accurate, robust, and generalizable 

model for AI-based SNR prediction and radio-network planning 

across diverse climatic and topographical conditions in Nigeria. 

6.2. Future Directions 

Although this study demonstrated the effectiveness of Ran-

dom Forest (RF) and Support Vector Machine (SVM) for pre-
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dicting Signal-to-Noise Ratio (SNR) under tropical rain condi-

tions. It is important to note that the dataset was derived from 

ten representative locations in Nigeria. Although these locations 

cover different climatic zones, they may not fully represent 

propagation characteristics across all tropical and subtropical 

environments. The models primarily utilized rain rate, rain at-

tenuation, and link budget parameters. Other influential atmos-

pheric variables, such as humidity, atmospheric refractivity, 

temperature, wind speed, cloud liquid water content, and terrain 

characteristics can considered as future investigation. Rain at-

tenuation was estimated using the Synthetic Storm Technique 

(SST) rather than long-term measured attenuation data from op-

erational satellite links. While SST is well validated, measured 

attenuation datasets could further improve model realism. 

In the context of modeling algorithms, future research could 

extend this work by investigating advanced deep learning ar-

chitectures, including Convolutional Neural Networks 

(CNNs), Long Short-Term Memory (LSTM) networks, Bidi-

rectional Long Short-Term Memory (BiLSTM) networks, 

Transformer-based models, and hybrid CNN–LSTM architec-

tures. CNNs are highly effective in automatically extracting 

complex spatial features from large-scale propagation datasets, 

whereas LSTM and BiLSTM networks are specifically de-

signed to capture long-term temporal dependencies in rain at-

tenuation and SNR time-series data. Hybrid CNN–LSTM 

models integrate the spatial feature learning capability of 

CNNs with the temporal sequence modelling strength of 

LSTMs, offering the potential for improved prediction accu-

racy and robustness over conventional machine learning mod-

els. Furthermore, hybrid and ensemble AI frameworks that 

combine traditional machine learning algorithms, such as 

Random Forest (RF) and Support Vector Machine (SVM), 

with deep learning models may further enhance prediction 

performance, improve generalization, and increase resilience 

under highly dynamic propagation conditions. Future investi-

gations should also evaluate these advanced AI models within 

6G Satellite–Terrestrial Integrated Network (STIN) architec-

tures, where intelligent channel prediction, adaptive resource 

allocation, and proactive link management will be essential 

for achieving reliable, ubiquitous, low-latency, and high-ca-

pacity wireless communications. 

Abbreviations 

STIN Satellite–Terrestrial Integrated Networks 

RF Random Forest 

SVM Support Vector Machine 

SNR Signal-to-Noise Ratio 

RMSE Root Mean Square Error 

MAE Mean Absolute Error 

MSE Mean Squared Error 

R2 Coefficient of Determination (Regression) 

6G Sixth Generation 

DNNs Deep Neural Networks 

AI Artificial Intelligence 

ITU-R International Telecommunication Union –

Radiocommunication 

ML Machine Learning 

DL Deep Learning 

CNNs Convolutional Neural Networks 

LSTM Long Short-Term Memory 

BiLSTM Bidirectional Long Short-Term Memory 

LLMs Large Language Models 

QoS Quality of Service 

MATLAB Matrix Laboratory 

DSA Dynamic Spectrum Access 

CR Cognitive Ratio 

RL Reinforcement Learning 

RA Resource Allocation 

SST Synthetic Storm Technique 

NiMet Nigerian Meteorological Agency 

NASA National Agency for Space Administration 

CAR Centre for Atmospheric Physics 

NARSDA National Space Research and Development 

Agency 

FCT Federal Capital Territory 

TRODAN Tropospheric Data Acquisition Network 

TRMM Tropical Rainfall Measuring Mission 

dB Decibels 

C Ratio of Signal 

N0 (PSD) Power Spectral Density 

NF Receiver Noise Figure 

K Boltzmann Constant 

SVR Support Vector Machine Regression 
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