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Abstract: 
            Satellite communication systems operating in Ku-, Ka-, Q-, and V-bands are highly vulnerable to rain 
attenuation, which degrades signal quality, increases BER, reduces SNR, and lowers link availability. 
Conventional propagation models such as ITU-R and Crane provide long-term attenuation estimates but fail 
to accurately predict short-term atmospheric variations. Recent advances in artificial intelligence have 
enabled the development of machine learning and deep learning models for real-time rain attenuation 
forecasting and adaptive fade mitigation. This survey reviews attenuation mechanisms, traditional prediction 
methods, and advanced deep learning architectures including LSTM, CNN, GRU, BiLSTM, hybrid CNN-
LSTM, and transformer-based models. It also examines satellite link reliability prediction using RSSI and 
Doppler parameters, intelligent NTN communication systems, MATLAB-based implementation 
approaches, performance evaluation metrics, current research challenges, and future directions. The study 
demonstrates that deep learning significantly enhances attenuation prediction accuracy, communication 
reliability, and adaptive satellite network performance under severe weather conditions. 
 
Keywords — Rain Attenuation, Satellite Communication, Deep Learning, LSTM, CNN-LSTM, 
Adaptive Fade Mitigation, Non-Terrestrial Networks (NTN) etc. 

----------------------------------------************************----------------------------------

I.     INTRODUCTION 

Satellite communication systems have become 
one of the most important components of modern 
global communication infrastructure due to their 
ability to provide reliable connectivity over large 
geographical regions, including remote and 
inaccessible areas where terrestrial communication 
systems are difficult to deploy [1]. Satellite networks 
are extensively used in television broadcasting, 
weather forecasting, navigation systems, military 
communication, remote sensing, broadband internet 
services, disaster management, maritime 
communication, aviation systems, and emerging 
Internet of Things (IoT) applications [2]. The 
increasing demand for high-speed multimedia 
services, ultra-reliable low-latency communication, 
and global internet accessibility has accelerated the 
development of next-generation satellite 

communication systems integrated with 5G and 
future 6G non-terrestrial networks (NTNs) [3]. 

To support high data rate transmission and large 
bandwidth requirements, modern satellite systems 
increasingly operate in higher frequency bands such 
as Ku-band (12–18 GHz), Ka-band (26–40 GHz), 
and Q/V-band (40–75 GHz) [4]. These high-
frequency bands provide several advantages 
including wider bandwidth availability, higher 
throughput, improved spectral efficiency, and 
enhanced communication capacity. However, the 
propagation characteristics of electromagnetic 
waves at higher frequencies are highly sensitive to 
atmospheric impairments, particularly rain 
attenuation [5]. Rain attenuation is considered one of 
the most severe propagation challenges affecting 
Earth-space satellite communication links because 
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raindrops absorb and scatter electromagnetic energy, 
resulting in significant signal degradation [6]. 

The severity of rain attenuation depends on several 
environmental and communication parameters 
including rainfall intensity, carrier frequency, 
polarization, elevation angle, drop size distribution, 
and propagation path length [7]. At frequencies 
above 10 GHz, attenuation due to rainfall becomes 
extremely significant, especially in tropical and 
subtropical regions where rainfall intensity is 
comparatively high [8]. Heavy rainfall events can 
introduce severe signal fading, increase bit error rate 
(BER), reduce signal-to-noise ratio (SNR), degrade 
quality of service (QoS), and even cause complete 
communication outages in satellite links [9]. 
Consequently, accurate prediction and mitigation of 
rain attenuation are essential for maintaining reliable 
communication performance in high-frequency 
satellite systems. 

Traditionally, rain attenuation prediction has been 
performed using empirical and statistical 
propagation models such as the ITU-R P.618 model, 
Crane Global model, DAH model, and SAM model 
[10]. These models estimate attenuation using long-
term rainfall statistics, geographical data, and 
propagation parameters. Although conventional 
models are simple to implement and widely 
standardized, they are unable to effectively capture 
rapidly varying short-term atmospheric dynamics 
and nonlinear weather behavior [11]. Moreover, 
these models exhibit limited adaptability to regional 
climatic variations and are often unsuitable for real-
time adaptive communication systems [12]. 

Recent advancements in artificial intelligence (AI), 
machine learning (ML), and deep learning (DL) have 
opened new research directions for intelligent rain 
attenuation prediction and adaptive fade mitigation 
in satellite communication systems [13]. Unlike 
traditional statistical models, deep learning 
techniques can automatically learn complex 
nonlinear relationships between meteorological 
parameters and communication signal degradation 
using large datasets [14]. Deep learning models are 
highly effective for time-series forecasting, 
sequential data analysis, feature extraction, and 
adaptive prediction, making them suitable for 
atmospheric attenuation estimation [15]. 

Among various deep learning architectures, Long 
Short-Term Memory (LSTM) networks have 
attracted significant attention because of their ability 

to capture long-term temporal dependencies in 
sequential weather data [16]. LSTM models 
effectively process rainfall intensity, humidity, 
atmospheric pressure, temperature, and historical 
attenuation measurements to predict future rain fade 
levels with high accuracy. Similarly, Convolutional 
Neural Networks (CNNs) are capable of extracting 
spatial features from radar images, satellite weather 
maps, and multidimensional meteorological datasets 
[17]. Hybrid architectures such as CNN-LSTM, 
Attention-LSTM, BiLSTM, and Transformer-based 
models further improve prediction performance by 
combining spatial and temporal learning capabilities 
[18]. 

In addition to rain attenuation prediction, deep 
learning approaches are increasingly being used for 
satellite link status estimation, line-of-sight (LoS) 
prediction, adaptive modulation and coding, and 
intelligent resource allocation in next-generation 
satellite networks [19]. Recent studies have 
demonstrated the effectiveness of LSTM-based 
satellite link prediction models using received signal 
strength indicator (RSSI) and Doppler shift features 
for non-terrestrial communication systems [20]. 
These intelligent approaches enable real-time 
prediction of communication link conditions without 
requiring extensive orbital or geometrical 
computations. 

The integration of AI-driven prediction models 
into satellite communication systems provides 
several advantages including improved attenuation 
forecasting accuracy, adaptive fade mitigation 
capability, BER reduction, optimized power control, 
efficient bandwidth utilization, and enhanced link 
reliability [21]. MATLAB-based simulation 
environments and deep learning toolboxes further 
facilitate the development and evaluation of 
intelligent rain attenuation prediction systems for 
satellite communication research [22]. 

Despite significant advancements, several 
research challenges still exist in the field of 
intelligent rain attenuation prediction. These include 
scarcity of real-time satellite attenuation datasets, 
computational complexity of deep learning models, 
overfitting problems, seasonal weather variability, 
limited generalization capability across different 
climatic regions, and challenges associated with real-
time deployment in practical communication 
systems [23]. Furthermore, emerging 6G satellite-
terrestrial integrated networks require highly 
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intelligent and adaptive prediction mechanisms 
capable of supporting ultra-reliable and low-latency 
communication under severe atmospheric conditions 
[24] [25]. 

II.    LITERATURE SURVEY 

Recent advancements in high-frequency satellite 
communications, 5G/6G non-terrestrial networks 
(NTNs), and LEO satellite systems have increased 
the need for intelligent rain attenuation prediction 
and reliable satellite links [26]. Traditional empirical 
models such as ITU-R P.618, Crane Global, DAH, 
and SAM estimate attenuation using rainfall 
statistics and climatic parameters [28]. However, 
these models cannot accurately capture short-term 
nonlinear atmospheric variations [29] and exhibit 
limited adaptability to regional weather conditions 
and real-time communication requirements [30]. 

To address these limitations, machine learning 
techniques including Artificial Neural Networks 
(ANNs), Support Vector Machines (SVMs), 
Random Forests, and K-Nearest Neighbor (KNN) 
algorithms have been applied for attenuation 
prediction [31]. These methods improve prediction 
accuracy by learning relationships between 
meteorological variables and signal degradation but 
remain limited in modeling long-term temporal 
dependencies [32]. 

Deep learning approaches have emerged as 
effective solutions due to their ability to extract 
complex nonlinear temporal and spatial features 
from large datasets [33]. Among them, Long Short-
Term Memory (LSTM) networks are widely used for 
sequential weather analysis and attenuation 
forecasting [34]. By processing rainfall intensity, 
humidity, temperature, pressure, and historical 
attenuation data, LSTM models achieve high 
forecasting accuracy [35]. Studies by Li et al. [36] 
and Kumar and Verma [37] demonstrated significant 
reductions in prediction error and improvements in 
communication reliability and BER performance 
using deep learning-based attenuation prediction 
frameworks. 

AI-driven adaptive fade mitigation techniques 
have also been investigated for resource allocation, 
coding adaptation, and power optimization under 
adverse weather conditions [38]. Convolutional 
Neural Networks (CNNs) further enhance prediction 
performance by extracting spatial features from 
radar images and meteorological maps [39], 

outperforming conventional ANN-based approaches 
[40]. 

To improve forecasting accuracy, hybrid 
architectures such as CNN-LSTM, CNN-GRU, and 
Attention-LSTM have been developed [41]. Wang et 
al. reported lower prediction errors and enhanced 
communication reliability using CNN-LSTM 
models [42]. More recently, Bidirectional LSTM, 
attention-based methods, and transformer 
architectures have shown promising results for long-
range dependency learning and intelligent 
atmospheric prediction [43], although they require 
large datasets and high computational resources [44]. 

Deep learning is also being applied to satellite link 
reliability prediction and line-of-sight (LoS) 
estimation [45]. Sarathchandra et al. proposed an 
LSTM-based framework using RSSI and Doppler 
shift features for LEO satellite communications [46], 
incorporating the 3GPP TR 38.811 propagation 
model [47]. Similarly, the Effective Instantaneous 
Frequency Scaling (EIFS) model improved real-time 
attenuation estimation and adaptive power control 
for Ka-band and Q/V-band systems [48], [49]. 
Emerging technologies including federated learning, 
edge AI, reinforcement learning, and transformer-
based frameworks are expected to further enhance 
intelligent communication management in future 
6G-enabled satellite networks [50]. 

 
TABLE I 

COMPARATIVE LITERATURE SURVEY OF RAIN ATTENUATION PREDICTION 

AND SATELLITE LINK RELIABILITY TECHNIQUES. 

Author(
s) 

Techniqu
e Used 

Parameters 
Used 

Major 
Contributio

n 

Limitatio
ns 

ITU-R 
[26] 

ITU-R 
P.618 
Model 

Rainfall 
statistics, 
frequency 

Standardized 
attenuation 
estimation 

Poor 
short-term 
prediction 

Crane 
[27] 

Crane 
Global 
Model 

Rain 
climatic 
zones 

Regional 
attenuation 
modeling 

Complex 
parameter 
estimation 

Li et al. 
[28] 

Deep 
Learning 

Rainfall and 
attenuation 

data 

Improved 
prediction 
accuracy 

Large 
dataset 

requireme
nt 

Kumar 
and 

Verma 
[29] 

LSTM 
Rain 

intensity, 
BER 

Adaptive 
fade 

mitigation 

Longer 
training 

time 

Sharma 
and 

Singh 
[30] 

Machine 
Learning 

Weather 
parameters 

Intelligent 
resource 

optimization 

Computati
onal 

complexit
y 
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Wang et 
al. [31] 

CNN-
LSTM 

Meteorologi
cal 

sequences 

Hybrid 
spatial-

temporal 
learning 

High 
hardware 
requireme

nt 

Chen et 
al. [32] 

CNN 
Radar 

weather 
images 

Spatial 
feature 

extraction 

Weak 
temporal 
learning 

Verma 
et al. 
[33] 

GRU 
Attenuation 

history 
Faster 

convergence 

Limited 
long-term 
learning 

Zhou et 
al. [34] 

Transform
er 

Network 

Sequential 
weather data 

Long-range 
dependency 

learning 

High 
computati

on cost 
Sarathch
andra et 
al. [35] 

LSTM 
RSSI, 

Doppler 
shift 

LoS/NLoS 
satellite link 
prediction 

Simplified 
obstacle 
model 

Capellet
ti and 
Luini 
[36] 

EIFS 
Model 

Multi-
frequency 
attenuation 

Real-time 
frequency 

scaling 

Requires 
beacon 

measurem
ents 

Ahmed 
et al. 
[37] 

ANN 
Rainfall 
intensity 

Basic 
attenuation 
forecasting 

Overfittin
g issues 

Singh et 
al. 

Attention-
LSTM 

Multi-
weather 

parameters 

Improved 
temporal 
attention 

Complex 
optimizati

on 

Patel et 
al. [38] 

Random 
Forest 

Atmospheric 
variables 

Better 
interpretabili

ty 

Limited 
sequential 
learning 

Ibrahim 
et 

al.[39] 

Hybrid AI 
Model 

Multi-
satellite 

weather data 

Enhanced 
adaptive 

communicati
on 

Real-time 
deployme

nt 
challenge 

 

III.  DEEP LEARNING TECHNIQUES FOR 

RAIN ATTENUATION PREDICTION 

Deep learning techniques have emerged as highly 
efficient and intelligent solutions for rain attenuation 
prediction and satellite link reliability enhancement 
in modern high-frequency satellite communication 
systems [51]. Unlike traditional empirical and 
statistical propagation models, deep learning 
approaches can automatically learn complex 
nonlinear relationships between meteorological 
parameters and atmospheric attenuation 
characteristics from large-scale datasets [52]. These 
techniques provide improved prediction accuracy, 
adaptive learning capability, and real-time 
forecasting performance, making them highly 
suitable for next-generation satellite communication 
systems integrated with 5G and 6G non-terrestrial 
networks (NTNs) [53].  

Machine learning approaches such as Artificial 
Neural Networks (ANNs), Support Vector Machines 
(SVMs), Random Forest algorithms, and K-Nearest 
Neighbor (KNN) methods were among the earliest 

intelligent techniques applied for rain attenuation 
estimation [54]. These models utilized rainfall 
intensity, humidity, temperature, atmospheric 
pressure, frequency, and signal attenuation data to 
estimate atmospheric impairments affecting satellite 
communication links. Although machine learning 
techniques demonstrated improved prediction 
capability compared to traditional statistical methods, 
they generally required extensive feature 
engineering and exhibited limited capability in 
handling long-term sequential weather data [55]. 

Among various deep learning architectures, Long 
Short-Term Memory (LSTM) networks have 
become one of the most widely used models for rain 
attenuation prediction due to their superior capability 
in processing time-series and sequential atmospheric 
data [56]. LSTM is a specialized form of Recurrent 
Neural Network (RNN) designed to overcome the 
vanishing gradient problem associated with 
conventional RNN architectures [57]. The LSTM 
network consists of memory cells, input gates, forget 
gates, and output gates that enable efficient learning 
of long-term temporal dependencies in weather 
sequences and attenuation histories [58]. LSTM 
models effectively utilize historical rainfall intensity, 
humidity, pressure, temperature, and attenuation 
measurements to forecast future rain fade levels with 
high prediction accuracy [59]. Several researchers 
have demonstrated that LSTM-based attenuation 
forecasting significantly improves adaptive fade 
mitigation capability, BER performance, and 
communication reliability in Ka-band and Q/V-band 
satellite systems [60]. Furthermore, LSTM 
architectures are increasingly being used for line-of-
sight (LoS) and non-line-of-sight (NLoS) satellite 
link status prediction using Received Signal Strength 
Indicator (RSSI) and Doppler shift parameters in 
Low Earth Orbit (LEO) communication systems [61]. 

Convolutional Neural Networks (CNNs) have also 
gained considerable attention for atmospheric 
attenuation prediction due to their strong spatial 
feature extraction capability [62]. CNN models are 
highly effective for processing multidimensional 
meteorological datasets, radar weather images, cloud 
maps, and satellite-based atmospheric observations 
[63]. The convolution layers in CNN architectures 
automatically extract spatial weather features 
associated with rainfall intensity and atmospheric 
disturbances, while pooling layers reduce 
dimensional complexity and improve computational 
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efficiency [64]. CNN-based forecasting models have 
demonstrated better feature learning capability 
compared to conventional ANN-based approaches 
and are particularly suitable for image-based 
atmospheric prediction systems [65]. However, 
standalone CNN models generally exhibit limited 
capability in learning long-term temporal 
dependencies present in sequential weather datasets 
[66]. 

To overcome the limitations of individual deep 
learning architectures, researchers introduced hybrid 
deep learning models such as CNN-LSTM, CNN-
GRU, and Attention-LSTM frameworks [67]. 
Hybrid CNN-LSTM models combine the spatial 
feature extraction capability of CNN networks with 
the temporal sequence learning capability of LSTM 
architectures [68]. In these systems, CNN layers 
extract hidden spatial patterns from meteorological 
data, while LSTM layers learn sequential 
atmospheric variations and temporal attenuation 
behavior [69]. 

 

 
Hybrid architectures have demonstrated 

significantly lower prediction error, improved 

forecasting stability, and better adaptive fade 
mitigation capability compared to standalone CNN 
and LSTM models [70]. These models are 
increasingly being adopted for intelligent satellite 
communication management, adaptive coding, and 
real-time resource optimization in next-generation 
communication systems [71]. 

Gated Recurrent Unit (GRU) networks have also 
been explored for rain attenuation forecasting due to 
their simpler architecture and reduced computational 
complexity compared to LSTM networks [72]. GRU 
models utilize update gates and reset gates to control 
information flow within the recurrent network, 
enabling efficient sequential learning with lower 
training time [73]. Although GRU networks provide 
faster convergence and lower hardware requirements, 
they may exhibit slightly weaker long-term 
dependency learning capability compared to LSTM 
architectures in highly dynamic atmospheric 
prediction environments [74]. 

Recent advancements in attention mechanisms 
and transformer-based architectures have further 
improved intelligent atmospheric prediction systems 
[75]. Transformer models utilize self-attention 
mechanisms to capture long-range dependencies and 
complex feature interactions within sequential 
weather datasets [76]. Unlike recurrent architectures, 
transformer networks process data in parallel, 
thereby improving computational efficiency and 
enabling large-scale atmospheric forecasting [77].  

Attention-based deep learning systems have 
demonstrated promising performance for highly 
dynamic rain attenuation prediction, adaptive 
communication management, and intelligent 
satellite resource allocation [78]. However, 
transformer architectures generally require large-
scale training datasets, high computational resources, 
and advanced hardware acceleration for practical 
deployment in real-time communication systems 
[79]. 

In addition to attenuation prediction, deep learning 
techniques are increasingly being integrated with 
adaptive modulation, coding schemes, intelligent 
power control, and propagation impairment 
mitigation techniques for improving overall satellite 
link reliability [80]. AI-driven prediction 
frameworks can dynamically estimate atmospheric 
channel conditions and optimize communication 
parameters in real time, thereby reducing BER, 
improving signal quality, enhancing spectrum 
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utilization, and increasing communication 
availability during severe weather conditions [81]. 
Emerging technologies such as federated learning, 
edge AI, reinforcement learning, and explainable 
artificial intelligence (XAI) are also expected to play 
significant roles in future intelligent satellite 
communication systems and 6G-enabled non-
terrestrial network architectures [82]. 

IV.  PERFORMANCE EVALUATION 

METRICS AND COMPARATIVE ANALYSIS 

Performance evaluation plays a crucial role in 
analyzing the effectiveness and reliability of deep 
learning-based rain attenuation prediction systems in 
satellite communication networks [83]. Various 
statistical and communication performance metrics 
are used to evaluate prediction accuracy, forecasting 
stability, adaptive fade mitigation capability, and 
overall communication reliability under adverse 
atmospheric conditions [84]. These performance 
metrics help researchers compare different machine 
learning and deep learning architectures and 
determine their suitability for practical satellite 
communication applications. 

One of the most commonly used evaluation 
metrics is Mean Square Error (MSE), which 
measures the average squared difference between 
actual attenuation values and predicted attenuation 
values [85]. Lower MSE values indicate better 
prediction accuracy and reduced forecasting error. 
The MSE equation is given by: 

Root Mean Square Error (RMSE) is another 
widely used metric for evaluating prediction 
performance in rain attenuation forecasting systems 
[86]. RMSE represents the square root of the average 
squared prediction error and provides better 
interpretability in practical communication 
environments. Lower RMSE values indicate more 
accurate attenuation prediction capability [87]. 

Mean Absolute Error (MAE) is also frequently 
utilized for evaluating deep learning-based 
forecasting models because it measures the average 
absolute difference between predicted and actual 
attenuation values without amplifying large errors 
[88]. In addition, prediction accuracy, precision, 
recall, F1-score, and correlation coefficient are 
commonly used to evaluate classification-based 
satellite link prediction systems [89]. 

Apart from statistical metrics, communication 
performance parameters such as Bit Error Rate 

(BER), Signal-to-Noise Ratio (SNR), throughput, 
outage probability, latency, and link availability are 
also important for evaluating practical 
communication system performance [90]. Deep 
learning-based adaptive fade mitigation techniques 
aim to minimize BER and maximize SNR and 
communication availability under severe rainfall 
conditions [91]. Intelligent adaptive communication 
systems dynamically adjust modulation schemes, 
coding rates, and transmission power levels 
according to predicted atmospheric channel 
conditions to maintain reliable communication 
quality [92]. 

Comparative analysis of various deep learning 
models indicates that hybrid architectures such as 
CNN-LSTM and Attention-LSTM generally achieve 
better attenuation forecasting accuracy compared to 
standalone ANN, CNN, GRU, and traditional 
machine learning approaches [93]. LSTM networks 
demonstrate excellent temporal learning capability 
for sequential weather prediction, while CNN 
architectures provide superior spatial feature 
extraction from radar and atmospheric image 
datasets [94]. Transformer-based architectures 
further improve long-range dependency learning and 
adaptive communication optimization but require 
high computational complexity and large-scale 
training datasets [95]. 

Although deep learning models significantly 
improve attenuation prediction capability and 
satellite communication reliability, several practical 
challenges remain unresolved [96]. These include 
high computational complexity, limited dataset 
availability, overfitting problems, lack of 
explainability, and difficulty in real-time onboard 
deployment in satellite systems [97]. Therefore, 
future research should focus on lightweight AI 
architectures, federated learning, edge intelligence, 
and explainable AI techniques for efficient real-time 
deployment in next-generation satellite 
communication networks [98]. Artificial magnetic 
conductors (AMC), can enhance gain and minimize 
surface wave losses. Additionally, modifying the 
design for multi-band operation across sub-6 GHz 
and mmWave frequencies will improve its 
applicability in advanced 5G and 6G networks. The 
use of flexible substrates like PDMS or textile-based 
materials can enable wearable communication 
systems, making the antenna suitable for IoT and 
biomedical applications. Furthermore, employing 



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 3, May-June 2026   
                     Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 2196 

AI-based optimization techniques can refine feedline 
transformations, enhancing efficiency and reducing 
design complexity. 

III. CONCLUSIONS 

Rain attenuation remains one of the most 
significant atmospheric propagation impairments 
affecting high-frequency satellite communication 
systems operating in Ku-band, Ka-band, Q-band, 
and V-band frequencies [99]. Conventional 
empirical and statistical propagation models such as 
ITU-R and Crane models provide long-term 
attenuation estimation but fail to accurately predict 
rapidly varying atmospheric conditions and short-
duration rain fade events [100]. With the rapid 
advancement of artificial intelligence and next-
generation communication technologies, machine 
learning and deep learning approaches have emerged 
as highly efficient solutions for intelligent rain 
attenuation prediction and satellite link reliability 
enhancement [101]. 

This survey paper presented a comprehensive 
review of traditional propagation models, machine 
learning techniques, deep learning architectures, and 
intelligent adaptive communication systems used for 
atmospheric attenuation forecasting in satellite 
communication networks [102]. Various deep 
learning models including LSTM, CNN, GRU, 
CNN-LSTM, Attention-LSTM, and Transformer-
based architectures were discussed along with their 
working principles, advantages, limitations, and 
communication applications [103]. The study also 
analyzed recent literature contributions related to 
adaptive fade mitigation, line-of-sight prediction, 
RSSI and Doppler-based satellite link prediction, 
and intelligent non-terrestrial communication 
systems [104]. 

Comparative analysis indicated that hybrid deep 
learning architectures generally provide superior 
prediction accuracy, improved temporal and spatial 
feature learning capability, lower BER, enhanced 
adaptive communication performance, and better 
communication reliability compared to conventional 
machine learning and empirical approaches [105]. 
However, several challenges still exist, including 
computational complexity, limited real-time datasets, 
overfitting issues, poor model interpretability, and 
real-time onboard implementation constraints [106]. 

Future research should focus on lightweight deep 
learning architectures, federated learning, 

transformer-based forecasting, explainable AI, edge 
intelligence, and adaptive 6G non-terrestrial 
communication systems for intelligent atmospheric 
prediction and autonomous satellite communication 
management [107]. The integration of AI-driven 
prediction frameworks with adaptive modulation, 
coding, and resource allocation techniques is 
expected to significantly improve communication 
reliability, spectrum efficiency, and service quality 
in future satellite communication networks operating 
under severe atmospheric conditions [108]. 
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