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Abstract: The evolution of mobile communication networks has been driven by rapid 

technological advancements, particularly in artificial intelligence (AI) and machine learning (ML). 

This paper provides a comprehensive overview of the integration of AI and ML in communication 

networks. The study focuses on the Particle Swarm Optimization (PSO), Anomaly Detection in 

Wireless Networks (ADWIN), and Autoregressive (AR) models to enhance prediction accuracy 

and network efficiency. Data was collected through a review of existing literature and simulation 

studies on AI applications in mobile communication. Key results highlight the improvements in 

network prediction accuracy using hybrid intelligence techniques, with notable applications in 

anomaly detection and communication optimization. The paper concludes with recommendations 

for further research in AI-driven communication technologies and suggests frameworks for 

enhancing long-term prediction models that can enhance prediction accuracy and reduction in 

connection failures. 
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1. Introduction 

The insight of the Internet of Things (IoT), which initially emerged within the framework of mobile 

networks from 2G to the current 5G and beyond, has ushered in a remarkable evolution [1], 

providing an abundant stream of data, empowering optimization of operations. This revolution is 

driven by the widespread use of mobile devices and sensors that collect data from interconnected 

devices, enabling the monitoring of physical systems.  

As mobile communication networks advance, the growing complexity and escalating data 

demands necessitate the development of more advanced predictive models to ensure efficient 

communication and optimal resource management. Conventional methodologies have shown 

limitations in sustaining high prediction accuracy over extended periods, resulting in issues such 

as connection failures and reduced network efficiency. This study addresses these limitations by 

investigating the application of artificial intelligence (AI) and machine learning (ML) techniques, 

specifically Particle Swarm Optimization (PSO), Anomaly Detection in Wireless Networks 

(ADWIN), and Autoregressive (AR) models. The aim is to improve long-term prediction accuracy 

and enhance overall network performance. 
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 The evolution of information dissemination, from ancient cuneiform script to the printing press, 

has continuously accelerated across various mediums. This rapid exchange has transformed the 

world into a tightly interconnected global village, reshaping how we perceive and engage with 

information. In Figure 1, the importance of technology in our lives is illustrated, and one thing is 

for sure: technology will continue to evolve and change the way we communicate. 

   

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Impact of technological advancement on communication. [London Gazette; New 

York Times; Smithsonian.com.] 

 

Some of the research works concerning the integrating of Artificial intelligence and machine 

learning (AIML) algorithms are seen in [2], who worked on simulated data using the Radio Link 

Failures (RLF) prediction and the prediction model that optimizes mobility by determining the 

ideal temporal instance and the specific cellular destination for handover. The long Short-Term 

Memory (LSTM) algorithm was involved in the research work, and they were limited in the aspect 

of hyperparameters. Recurrent Neural Network (RNN) or LSTM was also used by [3]. By 

employing simulated datasets, they were able to conduct analysis of network traffic patterns and 

handover, taking into account critical network performance metrics using their key performance 

indicators (KPIs), but the assessment of relative importance of the KPIs related to handover is 

missing. 

LSTM and a Support Vector Machine (SVM) algorithms were employed by [3] using real data 

sets, and they were able to predict RLFs by classifying the connectivity status of User Equipment 

(UE) based on radio measurements, but LSTM fails to make a long-term prediction due to its 

inability to consider enough past data. 

This paper focuses on the intersection of advanced communication technologies and artificial 

intelligence (AI). It explores the applications of AI-driven models like AR, ADWIN, PSO, and 

LSTM, highlighting their revolutionary impact on areas such as language processing and 
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augmented reality. The study also includes code examples to demonstrate how these models can 

be applied to enhance various aspects of modern communication. These practical demonstrations 

will illustrate how these models can be effectively implemented in real-world scenarios, enhancing 

our understanding of their profound impacts on modern communication paradigms.  

The paper provides practical code examples that readers can modify to suit their needs in 

communication applications. While MATLAB is the primary language used in the study, the code 

can be adapted to other programming languages like JavaScript, Python, R, Java, C++, and C#. 

All codes and algorithms are available for further customization upon formal request. 

 

1.1. Artificial Intelligence (AI) and Mobile Communication Networks 

Swarm Intelligence & Particle Swarm Optimization (PSO) 

These key concepts in AIML, provide a foundational understanding of the topics, enabling 

exploration of these fields and their applications effectively. According to [4], several artificial 

neural networks (NN) has been developed which include single-layer NNs, multilayer feedforward 

NNs, temporal NNs, self-organizing NNs, combined supervised and unsupervised NNs. 

Swarm Intelligence (SI) models as seen in the work of [5], especially Particle Swarm Optimization 

(PSO), have shown great promise in improving prediction accuracy and network optimization. 

PSO mimics the social behavior of bird flocking and is used to solve optimization problems by 

adjusting particles' positions and velocities. The cognitive component of the model helps each 

particle recall its best-known position, while the social component pushes particles toward the 

best-known global position. 

This process iterates until convergence, allowing PSO to optimize wireless communication 

systems effectively. As data complexity increases with mobile network growth, PSO’s ability to 

balance exploration and exploitation offers a robust solution for long-term predictions in dynamic 

environments.  

Anomaly Detection in Wireless Networks 

A key application of AI in wireless communication is anomaly detection, particularly for security 

purposes. The ADWIN (Anomaly Detection in Wireless Networks) model is utilized to monitor 

data rates and packet counts, enabling the identification of anomalies such as Distributed Denial 

of Service (DDoS) attacks. This model is trained using Gaussian Mixture Models (GMM), which 

calculate the likelihood of observed data to detect unusual patterns. The application of ADWIN 

allows for the real-time detection of abnormal network behavior, enhancing the security and 

resilience of wireless communication infrastructures. 
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Evolution of Mobile Communication & AI Integration (Radio Communication Advances). 

The evolution of radio communication since the 19th century has been closely linked to 

technological advancements, culminating in the significant integration of High Information 

Technology (HIT) in recent years. This transformation has been significantly accelerated by 

advances in AI and ML, particularly in the 5G era, where AI enhances network efficiency and 

reduces latency. In Figure 2, using hypothetical data, we predict that the number of nodes is 

assumed to increase linearly, but in reality, network growth is influenced by various factors, 

including technological advancements and historical events. Another related advection include: 

Introduction of Telephony (1886), Rise of Television (1950), Internet Era Begins (1980) and 

Mobile Revolution (2000). To create a more accurate model, one will need to gather historical data 

on network growth, including data on the introduction of specific communication technologies and 

milestones  

Figure 2. An artificial prediction growth of communication network since the 1880’s. 

Long-Term Prediction Models 

Autoregressive (AR) models and Long Short-Term Memory (LSTM) networks play crucial roles 

in forecasting network performance. These models, however, face difficulties in making long-term 

predictions due to inherent data complexity and unforeseen variables. Enhancing these models 

with AI improves the Mean Squared Error (MSE) and aligns predictions closer to actual outcomes. 

Nevertheless, long-term prediction accuracy remains an area of active research, with further 

optimization required to handle the evolving demands of mobile communication networks. 

2. Training Paradigms. 

2.1.  Particle Swarm Optimization (PSO) 

The analysis of the objective function and the determination of Particle Swarm Optimization (PSO) 

present significant challenges. To overcome these difficulties and enhance the robustness of our 

analysis, we employed a deep learning-based denoising technique. This method improves the 
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accuracy of identifying the swarm's optimal position without compromising the spatial resolution. 

The algorithm used in this concept defines a simple PSO code to optimize a 2-dimensional 

objective function. Thus the ‘objective Function’ can be replaced with one’s own objective 

function by adjust the PSO parameters and customize it as needed. We obtain for the first effective 

run using 100 iterations Optimal Solution: x = 0.000666, y = -0.000383, Optimal Value: 0.000001, 

we then create a 3D surface plot with particle trajectories to visualize the optimization process.  

One of the major challenges encountered is that at times trajectories of particles have different 

lengths because some particles may have fewer iterations than others. To address this issue, we 

can modify the code to pad shorter trajectories with NaN values.  

The profile in Figure 3 shows the trajectories of the particles in a 3D search space. The x- and y-

axes represent two of the magnitudes of the search space, and the z-axis represents the objective 

function value. The particles are represented by colored lines which specifies the fitness of the 

particle. The red line represents the best-known particle in the swarm. The plot shows that the 

particles are initially dispersed throughout the search space. However, as the algorithm progresses, 

the particles start to converge to the best-known position because the particles are exchanging 

information with each other and updates their positions based on best-known position of the 

swarm. Overall, the plot shows the PSO algorithm in action and how it is able to find the global 

minimum of the objective function.  

 

   

 

 

 

 

 

 

 

 

 

 

 

 

   Figure 3. Particle trajectories of a particle swarm optimization (PSO) algorithm.  

 

 

2.2.  Anomaly Detection in Wireless Networks 

A step-by-step implementation of ADWIN using MATLAB where the Anomaly detection is a 

critical aspect of ensuring the security and integrity of wireless communication systems. A basic 

dataset will be used for demonstration purposes. 
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Step 1: Data Preparation, let us assume you 

have a dataset containing network traffic data, 

such as packet counts, data rates, and 

timestamps. 

% Load your dataset (replace with your actual 

data) 

data = load('wireless_traffic_data.mat'); 

X = data.features; % Features (e.g., packet 

counts, data rates) 

Step 2: Data Preprocessing, normalize the 

features to have zero mean and unit variance. 

% Standardize the data 

mu = mean(X); 

sigma = std(X); 

X = (X - mu) / sigma; 

Step 3: Train an Anomaly Detection Model, 

Gaussian Mixture Model (GMM) will be used 

as an example. Adjust the number of 

components and other parameters based on 

your specific dataset. 

% Train a Gaussian Mixture Model 

K = 2; % Number of components (tune this) 

gmm = fitgmdist(X, K); 

Step 4: Detect Anomalies Use the trained 

model to detect anomalies in the data. You can 

set a threshold based on the likelihood of the 

data being generated by the model. 

% Compute the log likelihood of each data 

point 

logLikelihood = pdf(gmm, X); 

% Set a threshold for anomaly detection (tune 

this) 

epsilon = 0.02;  

% Find anomalies (data points with a 

likelihood below the threshold) 

anomalies = find (logLikelihood < epsilon); 

Step 5: Visualize Anomalies You can 

visualize the anomalies in your data can be 

visualized to better understand their 

distribution. 

% Plot the original data 

scatter(X(:, 1), X(:, 2), 'bx'); 

hold on; 

% Highlight anomalies 

scatter(X(anomalies, 1),  

X(anomalies, 2), 'ro', 'LineWidth', 2); 

xlabel('Feature 1'); 

ylabel('Feature 2'); 

legend('Normal', 'Anomalies'); 

title('Anomaly Detection in Wireless Network 

Traffic' 

 

This code demonstrates a basic anomaly detection process using a Gaussian Mixture Model.  

After the training we were able to observe the average acceleration in wireless network traffic 

(AAWNT) as seen in Figure 4 and we can see the increase in the AAWNT over time, which is 

likely to be the result of increasing number of devices being connected to the wireless network 

and the data consumed. 
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Figure 4. Anomaly detection in wireless network traffic. 

 

In Figure 5, we display the visualization for 5a. normal traffic and 5c. for anomalous network 

traffic, we can see the residuals randomly distributed in 5b. The image also shows that the 

anomalous network traffic has a different shape than the normal network traffic. The anomalous 

network traffic could be caused by a Distributed Denial of Service (DDoS) attack or denial-of-

service attack (DoSA). 

In this example: 

i. We generate a synthetic dataset with normal data points and anomalies. 

ii. We normalize the data to have zero mean and unit variance. 

iii. We train a GMM with two components (you can adjust the K value) on the normalized data. 

iv. We compute the log likelihood of each data point with respect to the GMM. 

v. We set a threshold (epsilon) for anomaly detection and identify data points with likelihoods 

below this threshold. Finally, we visualize the data points, with anomalies highlighted in red. 

 

The regression line in Figure 5c. shows the overall trend of the average deviation in wireless 

network traffic. The line is sloping upwards, which means that the average deviation in wireless 

network traffic is increasing over time. ML performance helps in explaining human learning [6], 

and thus an active field of research with immense development options and a promising future. 
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Figure 5. (a) Anomaly detection in wireless network traffic, (b) improved iterations with residuals 

and (c) regression and anomaly threshold. 

 

2.3.    Autoregressive (AR) Model 

We created a simplified code for assessing the accuracy of long-term predictions to evaluate the 

accuracy of a time series prediction model over a long-time horizon. This code is a basic example, 

in practice, long-term prediction accuracy assessment may involve more complex models and 

evaluation metrics [7], as well as additional considerations such as model validation and 

hyperparameter tuning. The choice of the prediction model should be based on the specific 

characteristics of your data and problem. We made use of an algorithm that generates synthetic 

time series data, estimates an autoregressive (AR) model, makes predictions, calculates the Mean 

Squared Error (MSE), and plots the results as shown in Figure 6. 
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Figure 6. Normal neural network (NN) prediction  

 

The illustration in Figure 7. shows a graph of the long-term prediction accuracy of an LSTM 

model. The x-axis represents the number of days in the future that the model is predicting, and the 

y-axis represents the accuracy of the model in percentage. The illustration also shows that there is 

a lot of variation in the accuracy of the model over time, sample shown in Table 1. This is likely 

due to a number of factors, such as the specific events that are being predicted, the quality of the 

data that is being used to train the model, and the complexity of the model. 

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN) architecture used 

in machine learning and deep learning for tasks related to sequences, time series, and natural 

language processing. LSTM networks are designed to address the limitations of traditional RNNs 

when dealing with long sequences and capturing long-term dependencies in data. 

 

 

Table 1. AR Model First training Epoch. 

 

Epoch Iteration Time Elapsed 

(hh:mm: ss) 

Mini-batch 

RMSE 

Mini-batch 

Loss 

Base 

Learning 

Rate 

1 1 00:00:01 24:40 297.7 0.0010 

50 50 00:00:03 18:64 173.7 0.0010 

100 100 00:00:04 16:14 130.2 0.0010 
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Figure 7. Using machine learning prediction, the second epoch training. 

 

Table 2. AR Model final training on a single CPU (Hundredth training Epoch). 

 

Epoch Iteration Time Elapsed 

(hh:mm:ss) 

Mini-batch 

RMSE 

Mini-batch 

Loss 

Base 

Learning 

Rate 

1 1 00:00:03 23:37 273.2 0.0010 

50 50 00:03:51 0:41 8.5e-02 0.0010 

100 100 00:08:13 0:61 0.2 0.0010 

 

 

LSTMs have also been extended into more advanced variants, such as Bidirectional LSTMs 

(BiLSTMs) and Gated Recurrent Units (GRUs), which offer similar capabilities with some 

architectural differences. LSTMs and their variants have played a significant role in advancing the 

field of deep learning, especially in areas where understanding and modeling sequences is 

essential. To align the predicted data line and the true data line more closely, we adjust the 

sequence length and the number of hidden units in the LSTM network.  

 By the time we were able to train the data to a sequence length of 2 and numerical hidden units of 

1500, we were able to obtain a far better result, the major challenge is the time taken to run the 

finalized 100th epoch which was about fifteen (15) minutes for the whole model. The line on the 

graph in Figure 8 shows the average accuracy of the model over time, the graph shows that machine 

learning models can be used to make long-term predictions with reasonable accuracy, sample 

shown in Table 2. However, it is important to note that the accuracy of the predictions will decrease 

as the prediction horizon increases. 
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Figure 8. Using machine learning prediction, the 100h epoch training. 

 

 

3. Conclusion 

By presenting an overview, we can cater to both experts in the field looking for a concise summary 

and individuals new to the topic seeking a foundational understanding. We have been able to make 

the content clear, concise, and engaging to effectively convey the synergy of HIT in revolutionizing 

radio communication. We have been able to show on how radio communication has evolved from 

its analog roots to digital, mobile, and now AI-powered forms.  

However, it is essential to balance innovation with ethical considerations [8], emphasis that 

Artificial intelligence should only replace human in the area of hazard, dangers, inaccessible to 

human, chemical spills etc., and not replace human totally, so that it would not be as Albert Einstein 

already suggested that,” when machines replace humans, we will have a generation of idiots”. AI 

will surely play an effective crucial role in disaster response and crisis communication, helping 

coordinate emergency efforts and disseminate critical information rapidly. 

The overview has been able to demonstrate summarily how we can also develop emergence 

automated predictions using HIT concept at critical condition, which can minimize the error in 

diagnosis taking into consideration the AR model, PSO, ADWIN model, LSTMs etc. The overview 

has also suggested a solution to the long-term prediction due to its inability to consider enough 

past data by working on the sequencing and numerical units and also the use of LSTMs. 

In conclusion, we have been able to highlight potential avenues for future research and offer 

concluding insights that contribute to a deeper understanding of the general overview of the 

synergistic relationship between AI, ML, and cutting-edge communication technologies. 

Note that the variable t used for Time represent time steps, but the unit of time is not explicitly 

defined. The unit of time depends on the context and how the data is generated or interpreted. 
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which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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