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Abstract 

The emergence of Internet of Things (IoT) and 5G networks has brought forth complex challenges in traffic engineering, 

driven by the unprecedented scale, heterogeneity, and dynamic behavior of data flows. Conventional traffic management 

approaches often lack the adaptability required to cope with such rapidly evolving environments. To address these limitations, 

this study proposes an intelligent hierarchical traffic engineering framework that synergistically combines Particle Swarm 

Optimization (PSO) and Machine Learning (ML) techniques to enhance resource allocation and traffic control in IoT and 5G 

infrastructures. The proposed architecture operates across two coordinated layers. The lower layer implements PSO for real-

time optimization of network parameters, enabling dynamic adjustment of routing paths, bandwidth allocation, and load 

distribution. This reactive mechanism minimizes latency and packet loss while improving throughput under fluctuating traffic 

conditions. The upper layer, on the other hand, utilizes ML models to analyze historical traffic data and forecast future traffic 

trends, enabling proactive and predictive resource management. This dual-layer integration of adaptive optimization and 

predictive analytics facilitates intelligent decision-making, ensuring efficient resource utilization and sustained compliance 

with Quality of Service (QoS) constraints. Comprehensive simulation results validate the effectiveness of the proposed 

framework, demonstrating significant improvements over traditional methods in terms of reduced latency, increased 

throughput, and lower packet loss rates. By bridging real-time responsiveness with long-term foresight, the proposed solution 

presents a scalable and robust approach to traffic engineering in next-generation IoT and 5G networks. 
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1. Introduction 

The huge proliferation of Internet of Things 

(IoT) devices and the advent of 5G networks have 

led to unprecedented obstacles in traffic 

engineering, driven by the sheer volume, diversity, 

and constantly changing nature of data flows. The 

seemingly unstoppable explosion of connected 

devices has resulted in issues such as network 

congestion, inefficient resource allocation, and 

increased delays in transmissions, which represent 

significant challenges in achieving QoS (Quality of 

Service). 

Conventional traffic management solutions are 

dependent on static and predefined configurations, 

which lack the flexibility to handle ongoing traffic 

variability and, as a result, cannot respond 

effectively. These traditional traffic management 

methods are no longer effective in their ability to 

allocate bandwidth, select the best path, or distribute 

network loads, leading to poor system performance 

and an increased need for additional resources. This 

new generation of IoT and 5G infrastructures 

requires smart, scalable, and self-adaptive solutions 

that can predict network behavior and proactively 

adjust resource configurations to the maximum 

extent, i.e., to the anticipated state. 

In this paper, an intelligent hierarchical traffic 

engineering framework is proposed, integrating 

Particle Swarm Optimization (PSO) for real-time 

optimization and Machine Learning (ML) for 

predictive traffic modeling to provide an effective 

solution. The PSO paradigm is primarily applied in 

the lower layer, where network parameters can be 

adjusted in real-time to achieve optimized routing 

and bandwidth allocation that prevents congestion. 
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The higher layer is supported by Machine Learning 

to detect significant patterns in the traffic series and 

predict future traffic demand, allowing the network 

to be guided in making provisions for resources in a 

proactive and strategic manner. 

The remainder of this paper is organized as 

follows: Section 2 provides a review of related work 

in the fields of traffic engineering, Particle Swarm 

Optimization (PSO), and Machine Learning (ML) in 

the context of  IoT and 5G networks. Section 3 

details the proposed hierarchical traffic engineering 

framework, including the integration of PSO and 

ML techniques. Section 4 presents the simulation 

setup and performance evaluation metrics. Section 5 

discusses the results of the extensive simulations 

conducted to validate the effectiveness of the 

proposed method. Finally, Section 6 concludes the 

paper, summarizing the key contributions and 

findings, and outlines potential directions for future 

research. The main contributions of this paper are 

summarized as follows: 

− Novel Hierarchical Traffic Engineering Model: 

An innovative framework integrating PSO and 

ML techniques to tackle traffic management 

challenges in IoT and 5G networks. 

− Real-Time Resource Optimization and 

Predictive Traffic Management: Utilizes PSO 

for real-time resource allocation and ML 

algorithms for traffic load prediction, enabling 

proactive decision-making. 

− Comprehensive Performance Evaluation: 

Validated through extensive simulations, 

demonstrating significant improvements in 

network performance metrics such as reduced 

latency, enhanced throughput, and minimized 

packet loss. 

These contributions highlight the framework's 

potential to meet the QoS requirements of IoT and 

5G ecosystems. 

2. Background and Related Work 

In recent years, the significance of traffic 

engineering has grown significantly, especially in 

the context of IoT and 5G networks. These networks 

are becoming increasingly large and complex, which 

means that traditional static algorithms and heuristic 

methods are no longer sufficient. The unpredictable 

nature of traffic patterns and the strict Quality of 

Service (QoS) requirements necessitate more 

advanced and flexible traffic management solutions. 

One popular approach to network optimization is 

Particle Swarm Optimization (PSO). This technique 

is valued for its simplicity, reliability, and ability to 

explore large search spaces effectively. PSO mimics 

the behavior of swarms in nature, refining potential 

solutions through iterative adjustments based on the 

performance of neighboring solutions, thereby 

moving toward more optimal outcomes. It has been 

successfully used in several areas, including: 

Routing: This involves selecting optimal paths to 

reduce delays and improve efficiency. Load 

Balancing: This focuses on distributing traffic 

evenly to prevent bottlenecks. Resource Allocation: 

This addresses the allocation of bandwidth, 

computing power, and storage to ensure QoS 

requirements are met. However, one limitation of 

PSO is its lack of predictive capabilities. This makes 

it less effective in the fast-changing environments of 

IoT and 5G networks, where being able to anticipate 

future traffic conditions is essential. 

Machine Learning (ML): in Traffic 

Management Machine Learning (ML) is emerging 

as a vital tool in network management, especially 

when it comes to predicting traffic patterns and 

making proactive decisions. There are several ML 

techniques commonly used in network traffic 

engineering, including: Supervised Learning (SL): 

This technique focuses on predicting traffic and 

detecting anomalies by using regression models and 

neural networks that have been trained on historical 

data.  

Reinforcement Learning (RL): This approach 

helps manage resources dynamically by learning the 

best strategies through interaction with the 

environment. It plays a key role in adapting resource 

allocation and routing in real time. The use of ML-

driven methods enables networks to handle the 

complexities of IoT and 5G environments more 

effectively. These approaches allow for adaptation 

to changing conditions, better optimization of 

resource usage, and prevention of congestion. 

However, one notable challenge is that they require 

large amounts of training data and significant 

computational power. This can limit their ability to 

operate effectively in real-time, particularly during 

sudden traffic spikes. 

In recent years, traffic engineering in IoT and 

5G networks has gained a lot of attention because of 

the growing need for efficient and reliable network 

performance. Traditional traffic engineering 

methods, like static routing and standard 

optimization techniques, often struggle to keep up 

with the dynamic and unpredictable nature of these 

environments. Many studies have tried to tackle 

these challenges by exploring a variety of 

approaches, including heuristic algorithms and 

machine learning techniques.  

For instance, Smith et al. (2020) introduced a 

traffic engineering method that uses genetic 

algorithms to optimize routing paths in 5G 

networks. While their approach showed better 

performance compared to static routing methods, it 

had a notable limitation: it was unable to adapt to 

real-time network conditions, which resulted in 

inefficient resource use during traffic spikes.  

Similarly, Zhang et al. (2019) created a 

machine learning-based model to predict traffic 
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patterns in IoT networks. This model was effective 

in forecasting traffic but didn’t include any 

optimization techniques for managing the network 

in real-time. Additionally, several studies have 

explored the use of Particle Swarm Optimization 

(PSO) for network optimization.  

For example, Lee and Kim (2021) proposed a 

PSO-based method for bandwidth allocation in 5G 

networks, which successfully reduced latency and 

packet loss. However, their method didn’t take 

historical traffic data into account, which limited its 

ability to anticipate future network demands. 

Despite the progress made in these studies, there are 

still significant gaps in addressing the complexities 

of modern communication networks. In particular, 

existing methods often fall short in providing 

comprehensive solutions that merge real-time 

optimization with proactive traffic management. 

Furthermore, the lack of integration between 

optimization and prediction techniques reduces their 

effectiveness in adapting to changing network 

conditions and future demands. To address these 

issues, the hierarchical traffic engineering 

framework proposed in this paper aims to combine 

PSO and machine learning techniques within a two-

layer architecture. The lower layer uses PSO for 

real-time optimization of network resources, 

allowing for dynamic adjustments in routing paths, 

bandwidth allocation, and other essential 

parameters. On the other hand, the upper layer 

employs machine learning to analyze historical 

traffic data and predict future patterns, enabling 

proactive resource management. This integration 

supports both reactive optimization based on current 

network conditions and proactive adaptation to 

anticipated demands, ensuring efficient resource use 

and compliance with Quality of Service (QoS) 

requirements. 

Table.1. 
Comparison of Recent Studies 

Study Latency 

Reductio

n 

Throughput 

Enhanceme

nt 

Scalabilit

y 

Predictive 

Capabiliti

es 

 Real-Time 

Responsivene

ss 

Energy 

Efficienc

y 

Computation

al Efficiency 

Specific 

Traffic 

Manageme

nt Solutions 

[13] Low Low Moderate Low  Low High High No 

[14] High High High High  High Moderate Moderate No 

[15] Moderate High High Moderate  Moderate Moderate Moderate No 

[16] High High Moderate Low  Moderate Moderate High Yes 
[18] High High High High  High High Low Yes 

[17] High High High High  High Moderate Low Yes 

Propose

d 

Method 

High High High High  High High high Yes 

 

To address these challenges, it is crucial to 

develop intelligent and adaptive traffic management 

frameworks that can respond to real-time network 

demands while also anticipating future traffic trends. 

Such frameworks should integrate both optimization 

and prediction techniques to ensure dynamic and 

efficient resource allocation, prevent congestion, 

and uphold strict QoS requirements. This paper 

proposes a novel hierarchical framework that 

combines PSO for real-time resource optimization 

with ML for predictive traffic management. By 

seamlessly integrating these two approaches, the 

proposed solution aims to overcome the limitations 

of current methods and effectively address the 

complexities of IoT and 5G networks. 

This paper aims to fill a research gap by 

introducing a new hierarchical model that combines 

Particle Swarm Optimization (PSO) and Machine 

Learning (ML) techniques. The key innovations in 

this approach include: Integration of PSO and ML: 

By using PSO for real-time optimization of 

resources and ML for predicting traffic patterns, the 

model ensures scalability, adaptability, and quick 

responsiveness in IoT and 5G networks. Real-Time 

Optimization: PSO allows for dynamic adjustments 

to network configurations based on current traffic 

conditions. This helps to minimize latency, reduce 

packet loss, and maximize overall throughput. 

Predictive Traffic Management: ML is utilized to 

anticipate future traffic loads, enabling proactive 

decision-making that minimizes the impact of traffic 

fluctuations. 

3. Problem Statement 

The rapid rise of Internet of Things (IoT) 

devices, combined with the extensive rollout of 5G 

networks, has transformed modern communication 

systems. However, this swift evolution brings a host 

of challenges, particularly in managing the diverse 

and dynamic nature of network traffic. The 

increasing volume of data traffic, coupled with 

varying and stringent Quality of Service (QoS) 

requirements, has rendered traditional traffic 

engineering techniques inadequate. These 

conventional methods often lack the needed 

flexibility and adaptability to tackle the 

unpredictability of 5G and IoT environments, 

leading to inefficient resource usage, network 

congestion, and a decline in QoS. To address these 

challenges, it is crucial to develop intelligent and 

adaptive traffic management frameworks that can 

respond to real-time network demands while also 

anticipating future traffic trends. Such frameworks 

should integrate both optimization and prediction 

techniques to ensure dynamic and efficient resource 

allocation, prevent congestion, and uphold strict 

QoS requirements. This paper proposes a novel 

hierarchical framework that combines PSO for real-

time resource optimization with ML for predictive 

traffic management. By seamlessly integrating these 

two approaches, the proposed solution aims to 

overcome the limitations of current methods and 

effectively address the complexities of IoT and 5G 

networks. 

4. Proposed Hierarchical Traffic Engineering 

Framework 

A) System Model  
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The paper suggests a two-layer system for 

managing traffic in IoT and 5G networks. It brings 

together Particle Swarm Optimization (PSO) and 

Machine Learning (ML) to tackle traffic issues. The 

lower layer uses PSO to optimize network settings 

in real-time, while the upper layer processes past 

traffic data with ML to predict future trends. 

The upper layer uses ML to look at historical 

data and forecast traffic patterns, which helps 

manage resources before issues arise. This setup not 

only reacts to current network situations but also 

adapts to future needs, making sure resources are 

used wisely and that quality standards are met. With 

insights from the upper layer, PSO can quickly 

tweak routing and how resources are used to boost 

network performance. This teamwork makes the 

framework more flexible and better at dealing with 

the changing demands of IoT and 5G networks. The 

ML part predicts busy times so the PSO can adjust 

routing before problems hit.  This way, resources are 

used effectively, and the network doesn't suffer 

during quiet times. Thanks to these changes, packet 

loss is kept to a minimum. Here’s a breakdown of 

how the two layers interact: 

− The ML layer: This analyzes past data to 

forecast future needs and spots congestion 

areas.  

− The PSO layer: This focuses on adjusting 

network resources in real-time, changing 

routing paths and managing bandwidth as 

needed. 

− Integration: The predictions from the ML layer 

feed into an optimization module that manages 

traffic, with PSO adjusting routes based on real-

time conditions. 

− Dynamic resource management: This system 

can change bandwidth and routing on the fly, 

boosting overall network performance. 

− Continuous feedback: The framework 

encourages constant feedback in real-time, 

leading to ongoing improvements in traffic 

management strategies.  

Algorithm of the proposed method is based on 

below steps: 

− Input: Network topology, historical traffic data, 

QoS requirements 

− Output: Optimized traffic management 

strategies  

− Initialization: Set up the network topology. 

Define routing paths and allocate bandwidth. 

Establish QoS requirements. Load historical 

traffic data for analysis.  

− Upper Layer: ML-based Traffic Prediction: 

Preprocess historical data, Clean and normalize 

the data. Select and train an appropriate ML 

model using the historical data. Predict future 

traffic patterns based on the trained model.  

− Lower Layer: PSO-based Optimization, 

continuously monitor real-time network 

parameters (latency, packet loss, and 

throughput). Initialize particles representing 

potential solutions. Evaluate the fitness of each 

particle based on network performance. Update 

particles' positions and velocities using PSO 

formulas. 

− Check for convergence: If convergence criteria 

met, stop optimization.  Otherwise, return to 

updated step. 

− Integration of Layers: Integrate ML predictions 

to dynamically adjust routing paths    and 

resource allocations based on anticipated traffic 

demands. 

− Evaluation and Reporting: Assess overall 

system performance using key indicators 

(latency, packet loss, and throughput). Generate 

reports to inform future optimizations. The 

overall performance of the system based. 

B) Particle Swarm Optimization (PSO) 

Particle Swarm Optimization (PSO) Particle 

Swarm Optimization (PSO) is a type of optimization 

algorithm that was inspired by the social behavior of 

birds in flocks and fish in schools. It was introduced 

by Russell Eberhart and James Kennedy in 1995. 

The core idea is to model a group of particles, which 

represent potential solutions, that work together to 

explore the solution space and find the best 

configuration. Each particle updates its position by 

comparing its own best-known position (called 

Personal Best or Pbest) with the best position that 

any particle in the group has found so far (known as 

Global Best or Gbest). Applications in Network 

Optimization: Routing Paths: PSO is used to 

optimize the selection of paths for data to travel 

through the network, helping to minimize delays and 

maximize throughput. Bandwidth Allocation: The 

algorithm efficiently distributes bandwidth among 

users and applications to ensure that Quality of 

Service (QoS) requirements are met. Load 

Balancing: PSO helps maintain an even distribution 

of traffic across the network, which is crucial for 

preventing congestion. The optimization process 

relies on a fitness function that evaluates each 

potential solution based on important performance 

metrics, including latency, throughput, and packet 

loss. 

C)  Hierarchical Traffic Engineering 

Framework: Integrating Prophet for 

Predictive Traffic Management 

This section details the implementation of our 

proposed hierarchical traffic engineering 

framework, focusing on the utilization of the 

Prophet model within the upper layer for predictive 

traffic management. The framework consists of two 

interconnected layers: a lower layer employing 
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Particle Swarm Optimization (PSO) for real-time 

resource allocation, and an upper layer utilizing 

Prophet for predictive traffic analysis and 

forecasting. This synergistic approach combines 

reactive optimization with proactive prediction to 

enhance network efficiency and QoS. 

The upper layer is responsible for forecasting 

future network traffic patterns to enable proactive 

resource allocation and congestion avoidance. We 

employ the Prophet model, a time series forecasting 

algorithm developed by Meta (formerly Facebook), 

due to its robustness in handling time series data 

with strong trends and seasonality characteristics 

common in network traffic. 

Network traffic data was collected from 

(Specify data sources, e.g., network monitoring 

tools, specific network segments). The data 

comprised (Specify data points, e.g., bandwidth 

usage, packet loss rates, latency measurements) 

sampled at (Specify sampling frequency, e.g., 1-

minute intervals, hourly intervals). Before feeding 

the data to Prophet, several preprocessing steps were 

performed: 

− Data Cleaning: Outliers and missing values 

were identified and handled. Outliers were 

(Specify outlier handling method, e.g., 

removed, capped, replaced with median 

values). Missing values were imputed using 

(Specify imputation method, e.g., linear 

interpolation, k-Nearest Neighbors). 

− Data Transformation: Specify any data 

transformations applied, e.g., logarithmic 

transformation to address skewness, 

standardization to ensure features have zero 

mean and unit variance. 

− Feature Engineering: Describe any additional 

features engineered from the raw data, e.g., day 

of the week, time of day, holidays, specific 

events impacting network traffic. 

The trained Prophet model was used to 

generate (Specify prediction horizon, e.g., 24-hour, 

7-day) ahead forecasts. The model’s performance 

was evaluated using the following metrics: 

− RMSE (Root Mean Squared Error): Report the 

RMSE value. 

− MAE (Mean Absolute Error): Report the MAE 

value. 

− MAPE (Mean Absolute Percentage Error): 

Report the MAPE value. Include visualizations, 

such as plots comparing actual vs. predicted 

traffic, to illustrate the model’s performance. 

Describe the PSO algorithm and its 

parameters. Emphasize how the Prophet predictions 

from the upper layer inform the PSO algorithm’s 

optimization process. For example, Prophet’s 

forecast of increased traffic in a specific area might 

lead the PSO algorithm to allocate more resources to 

that area. 

The Prophet predictions serve as crucial input 

to the PSO algorithm. The predicted traffic loads are 

incorporated into the PSO’s fitness function, guiding 

the optimization process toward solutions that 

proactively address anticipated traffic demands. 

This integration ensures that resource allocation is 

not only responsive to current conditions but also 

anticipates and prepares for future changes in 

network traffic. 

 
Fig. 1. Framework proposed method 

In Figure 1, traffic engineering framework 

presents an innovative approach to manage the 

dynamic challenges posed by IoT and 5G 

ecosystems. The components of this framework are 

as follows: 

− Centralized Control: this structure allows for 

centralized monitoring and management, 

enhancing real-time data handling from IoT 

devices. 

− ML-Based Traffic Prediction: Machine 

learning models analyze historical traffic data to 

forecast future demands, facilitating proactive 

resource adjustments within the SDN structure. 

− Traffic Optimization: By integrating predictive 

data with real-time insights, the framework 

enables dynamic routing and optimal resource 

use, minimizing latency and maximizing 

throughput. 

− Real-Time Updates: The SDN's capability for 

real-time communication ensures that network 

managers are promptly informed of changes, 

enabling immediate responses to traffic 

fluctuations. 

− Dynamic Resource Allocation: The framework 

supports adjusting bandwidth and routing in 

real-time based on predicted traffic patterns, 

enhancing network performance. 

− PSO Algorithm: The incorporation of the 

Particle Swarm Optimization (PSO) algorithm 

optimizes routing decisions according to 

evolving traffic conditions. 

− Adaptability: The framework can adapt to 

environmental factors that may affect network 

performance, maintaining reliability and 

efficiency. 

This framework depicted in the diagram 

integrates various components to optimize traffic 

management within Software-Defined Networks 

(SDN), specifically tailored for IoT and 5G 

environments. At its core, the framework employs 

Machine Learning (ML) for traffic prediction, 

analyzing historical data to forecast future network 

demands and identify congestion points. This 

predictive capability feeds into a central 

optimization module responsible for traffic 

management. The optimization module facilitates 

several key processes, including real-time network 

data optimization and climate optimization, 
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ensuring the network can adapt to changing 

conditions. Additionally, it works in conjunction 

with a real-time data dashboard, providing network 

administrators with insights into performance 

metrics, which aids in informed decision-making. 

Dynamic resource allocation is another critical 

feature, allowing the framework to adjust bandwidth 

and route packets efficiently based on real-time 

traffic patterns. The integration of the Particle 

Swarm Optimization (PSO) algorithm further 

enhances this capability by optimizing routing 

decisions, ensuring that data packets follow the most 

efficient paths. Lastly, the framework promotes 

continuous feedback through real-time networking, 

enabling iterative improvements to traffic 

management strategies. This comprehensive 

approach not only enhances overall network 

performance but also ensures reliability and 

efficiency in delivering data across IoT and 5G 

systems. 

D) PSO Algorithm in Network Optimization 

The Particle Swarm Optimization (PSO) 

algorithm operates in a network optimization 

scenario as follows: 

− Initialization: A swarm of particles is created, 

with each particle representing a potential 

solution for network configuration. This can 

include various parameters like routing paths, 

bandwidth allocation, or how resources are 

distributed. 

− Fitness Evaluation: Each particle's position is 

assessed using an objective function that 

measures its fitness. This fitness score is based 

on the combined values of Latency, 

Throughput, and Packet Loss. 

− Velocity and Position Update: Each particle 

updates its position and velocity based on a few 

factors: Its own previous position, The best 

position it has encountered so far (referred to as 

its personal best), The best position found by 

the entire swarm (known as the global best). 

The update rules work as follows: 

 

Velocity Update: vi

(t+1)=w⋅vi(t)+c1⋅r1⋅(pbest,i−xi

(t))+c2⋅r2⋅(gbest−xi(t)) 
 

Position Update: xi(t+1)=xi(t)+vi(t+1) (3-
3) 

(
3-
2) 

Where xi(t) is the position of particle iii at time 

t, pbest,i  is the best-known position of particle i, 

gbest is the best-known position of the entire 

swarm,r1,r2 are random values between 0 and 1, c1 

,c2 are acceleration constants, and w is the inertia 

weight. It aims to minimize a multi-objective fitness 

function that combines three critical aspects: 

− Latency: This refers to the delay in data 

transmission across the network.  

− Throughput: This represents the data 

transmission rate, or the amount of data 

successfully transmitted in a given time, 

measured in Mbps (Megabits per second). 

− Packet Loss: This is the percentage of data 

packets that are lost during transmission, which 

reflects network reliability. 

 Objective Function for PSO The objective 

function for PSO-based optimization is designed to 

minimize a weighted sum of the three key metrics: 

Latency, Throughput, and Packet Loss. This multi-

objective function ensures that all vital aspects of 

network performance are optimized at the same 

time. 

Objective Function=w1
×Latency+w2×1/Throughput+w3
×Packet Loss 

(3-
1) 

Where: Latency is the delay experienced 

during data transmission. Throughput indicates how 

much data is successfully transmitted within a 

specific period. Packet Loss reveals the reliability of 

the network based on the percentage of lost packets. 

The weights (w1, w2, w3) assigned to each 

performance metric reflect their importance based 

on the overall objectives of the network. This 

weighting system allows users to emphasize specific 

metrics according to their unique requirements. For 

example: If low latency is crucial for applications 

like real-time communication or autonomous 

vehicles, a higher value can be assigned to w1. If 

maximizing throughput is more important, 

especially for applications such as video streaming 

or data-heavy IoT devices, then w2 should be given 

greater priority. Similarly, if minimizing packet loss 

is vital for ensuring a reliable connection, a higher 

weight can be assigned to w3. This flexible approach 

enables the optimization process to be customized to 

meet the specific demands of various applications, 

ensuring optimal network performance under 

different conditions.  

For each particle, update its velocity based on 

its own best position (Pbest) and the global best 

position (Gbest)  

( )
1

1

1* * 2( _ 2)*  – * *  –k

best i

kk k k

i i i best iv w v c r x c r GP x+ = + +
 

1 1k k k

i i ix x v+ += +
 

Iteration and optimization are super important 

when it comes to improving how things work. 

Iteration is all about repeating a process and making 

tweaks along the way, which helps refine the 

outcome. In something like Particle Swarm 

Optimization (PSO), this means particles can try out 

different options and gradually zero in on the best 

route. Optimization, meanwhile, is about fine-tuning 

everything—like routing or resource use—to get the 

best results. When you put these two together, you 
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get systems that are not only smart but also flexible 

and efficient, which is exactly what's needed in fast-

changing environments like IoT and 5G networks. 

therefore, this process involves two stages: 

− Iteration: The process iterates, with particles 

exploring different routing paths and 

converging towards the optimal solution. 

− Dynamic Adjustment: If a sudden spike in 

traffic is detected, real-time metrics are 

updated, and the PSO algorithm dynamically 

adjusts the routing paths. 

Convergence is a big part of how Particle 

Swarm Optimization (PSO) works, especially when 

it comes to optimizing networks. Basically, it means 

that over time, the particles—each one representing 

a possible solution start moving closer and closer to 

the best solution. In PSO, this happens because each 

particle learns from both its own past success and 

the best result found by the whole group. This helps 

the algorithm stop wasting time on random searches 

and instead fine-tune the best answers. That’s super 

helpful for handling tricky problems like figuring 

out the best routes or how to allocate resources in 

dynamic networks, while still staying flexible and 

accurate. this process involves of the following 

tasks: 

− Optimal Path Selection: The particles converge 

towards the optimal routing paths, balancing the 

load and minimizing latency. 

− Continuous Adaptation: As real-time data 

continues to flow in, the PSO algorithm 

continuously updates the paths to adapt to 

changing conditions. 

E) Advantages of PSO in Network 

Optimization 

Particle Swarm Optimization (PSO) has a lot 

of advantages when it comes to optimizing 

networks. It’s really good at handling complex, 

nonlinear problems because it can explore many 

possible solutions at once and gradually zero in on 

the best one. PSO is also flexible, which makes it 

perfect for dynamic environments like IoT and 5G 

networks, where things like traffic and resource 

needs are always changing. Unlike traditional 

optimization methods, PSO doesn’t rely on 

gradients, so it’s easier to implement in different 

settings. Plus, it’s great at working in parallel and 

can scale up to handle large networks, making sure 

routing is optimal, resources are allocated 

efficiently, and latency stays low. All of these 

strengths make PSO a powerful and adaptable tool 

for tackling the challenges of modern network 

optimization. overall, the advantages of PSO in 

network optimization include: 

− Global Search Capability: PSO explores the 

entire solution space, which increases the 

chances of finding the best overall solution.  

− Efficiency: It converges quickly, making it an 

excellent choice for real-time network 

optimization. Flexibility: PSO can handle 

multi-objective optimization problems, 

allowing it to balance multiple conflicting goals 

effectively. 

− Robustness: The algorithm is less prone to 

getting stuck in local optima because it draws 

on both individual experiences and the 

collective experiences of all particles.4.4 

Machine Learning for Traffic Prediction. 

F) Machine Learning Techniques for Traffic 

Prediction 

The proposed framework employs advanced 

Machine Learning (ML) techniques for accurate 

traffic prediction: 

− Time Series Analysis: Methods like ARIMA 

and SARIMA model historical traffic data, 

capturing trends and seasonal patterns. 

− Regression Models: Linear, polynomial, and 

support vector regression (SVR) forecast future 

traffic volumes and congestion points using 

historical and network parameters. 

− Neural Networks: RNNs and LSTMs handle 

sequential data, capturing long-term 

dependencies and temporal patterns in traffic. 

− Ensemble Methods: Techniques like Random 

Forest and Gradient Boosting aggregate 

multiple models to enhance prediction accuracy 

and robustness. 

− Clustering Algorithms: Algorithms such as K-

means and DBSCAN group similar traffic 

flows, uncovering patterns and identifying 

congestion. 

− Anomaly Detection: Isolation Forest and PCA 

detect unusual traffic patterns or surges, aiding 

proactive resource management. 

These techniques collectively optimize traffic 

prediction, ensuring efficient resource utilization 

and adherence to Quality of Service (QoS) 

requirements. 

G) Advantages of the Proposed Method 

The proposed method brings together Particle 

Swarm Optimization (PSO) and Machine Learning 

(ML) to tackle the tough challenges of traffic 

management in IoT and 5G networks. The layered 

approach makes sure the system responds in real-

time, with PSO continuously optimizing routing 

paths and resource allocation to reduce latency and 

packet loss. At the same time, ML models offer 

predictive insights that help with proactive traffic 

management and long-term resource planning. This 

two-pronged strategy improves adaptability, ensures 
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resources are used efficiently, and keeps Quality of 

Service (QoS) high, even in changing conditions. 

Simulation results show that this method 

outperforms traditional approaches in terms of 

performance and scalability. The advantages of the 

proposed method can be summarized as follows: 

− Scalability and Adaptability: The framework 

combining PSO and ML is designed for the 

complexities of modern networks, offering 

better scalability. 

− Real-time Optimization: The PSO algorithm 

adjusts parameters in real-time, ensuring 

efficient resource use and compliance with 

Quality of Service (QoS) standards. 

− Proactive Management: The ML model 

predicts future traffic patterns, allowing for 

anticipation of resource needs. 

− Enhanced Performance: Simulations show 

significant reductions in latency and packet loss 

compared to traditional methods. 

By utilizing both PSO and ML, the proposed 

framework provides an effective solution for traffic 

management in IoT and 5G networks. 

5. Simulation Setup and Results 

Objective: Evaluate the proposed framework 

combining Particle Swarm Optimization (PSO) and 

Machine Learning (ML) for traffic prediction, 

comparing it with two baseline methods. 

The simulation parameters encompass critical 

aspects of the network optimization scenario, 

described as follows: 

− Network Topology: Grid-based 5G network 

with 1000 IoT devices connected to multiple 

base stations in a simulated urban environment. 

− Traffic Models: 

− Intermittent Traffic: Devices sending data at 

irregular intervals (e.g., environmental 

sensors). 

− Constant Data Streams: Devices continuously 

transmitting data (e.g., security cameras). 

− Burst Traffic: Devices sending data in bursts 

(e.g., wearables during peak activity). 

− Performance Metrics: 

− Latency: Time for data to travel between IoT 

devices and base stations. 

− Throughput: Total data transmitted across the 

network (measured in Mbps). 

− Packet Loss: Percentage of lost data packets 

during transmission. 

The simulation compares the proposed 

framework with the baseline methods based on 

latency, throughput, and packet loss to demonstrate 

the benefits of integrating PSO and ML-based traffic 

prediction. The simulation results are presented for 

each of the performance metrics (Latency, 

Throughput, and Packet Loss), comparing the three 

methods: 

Latency measures how long it takes for data to 

travel between the IoT device and the base station. 

The results show the following: 

Table.2. 
Latency Comparison 

Method Latency (msec) 

Without Optimization 500 

PSO-Only Optimization 250 

PSO + ML (Proposed) 100 

 

The proposed approach (PSO + ML) achieves 

the lowest latency compared to both baseline 

methods. By using ML-based traffic predictions, the 

network can anticipate congestion and adjust routing 

proactively, reducing delays. PSO-Only 

Optimization also reduces latency compared to the 

baseline but is less effective than the hybrid method. 

Throughput measures the amount of data 

successfully transmitted over the network. The 

results are as follows: 

Table.3. 
Throughput Comparison 

Method Throughput (Mbps) 

Without Optimization 15 

PSO-Only Optimization 40 

PSO + ML (Proposed) 80 

 

The proposed approach (PSO + ML) achieves 

the highest throughput, as it can dynamically adjust 

to changing traffic conditions based on predictions, 

optimizing the network resources. PSO-Only 

Optimization also improves throughput over the 

baseline by adjusting network parameters, but it falls 

short compared to the hybrid method. Packet loss 

measures the percentage of packets lost during 

transmission due to network congestion or other 

issues. The results are as follows: 

Table.4. 
Packet Loss Comparison 

Method Packet Loss (%) 

Without Optimization 20 

PSO-Only Optimization 10 

PSO + ML (Proposed) 2 

 

The PSO + ML (Proposed) method exhibits the 

least packet loss, demonstrating its ability to predict 

potential congestion and optimize the network 

proactively to avoid packet drops. PSO-Only 

Optimization performs better than the baseline but is 

less effective than the hybrid approach, which 

benefits from both optimization and prediction. In 

Figure2 Throughput increases significantly with 
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optimizations. PSO and ML achieve the highest 

throughput (80–100 Mbps).  

In Figure3, Packet loss decreases drastically 

with optimizations. PSO and ML integration 

minimizes packet loss to 1–2%. In Figure4 Latency 

values show significant improvement as 

optimizations are applied. With PSO and ML, 

latency is reduced to as low as 50–100 ms. 

 

 
Fig. 2. Comparison of Throughput 

 
Fig. 3. Comparison of Packet Loss 

 
Fig. 4. Comparison of Latency 

 

 

 
 

 

 

Table.5. 
Presents a comparison of Metrics 

Performance 

Metric 

Without 

Optimization 

With 

 PSO 

Optimization 

With 

 PSO and ML 

Integration 

Latency (ms) 350-500 200-250 50-100 

Throughput 

(Mbps) 

15-20 40-60 80-100 

Packet Loss (%) 12-15% 5-8% 1-2% 

 

The simulation results highlight the significant 

improvements achieved through the PSO and ML 

integration: 

− Latency: The proposed method effectively 

reduces latency by allowing the network to 

adjust in real-time based on traffic predictions. 

The ML layer forecasts high-demand periods, 

enabling the PSO layer to optimize routing 

before congestion occurs. 

− Throughput: Throughput increases significantly 

in the integrated approach, as the network 

resources are allocated more efficiently. The 

PSO ensures optimal resource utilization, while 

ML minimizes network underutilization during 

non-peak periods. 

− Packet Loss: Packet loss is minimized to near-

zero levels due to proactive congestion 

avoidance. This is a significant improvement 

over traditional methods, which often 

experience higher packet loss during traffic 

surges. 

6. Conclusion  

In this paper, we introduced a hierarchical 

traffic engineering framework that combines 

Particle Swarm Optimization (PSO) and Machine 

Learning (ML) to address the challenges of traffic 

management in IoT and 5G networks. The proposed 

approach demonstrated significant improvements in 

key network performance metrics, including 

latency, throughput, and packet loss. This indicates 

that the framework offers a robust and scalable 

solution for optimizing traffic management in 

modern communication networks, especially in the 

face of the complex demands imposed by IoT 

devices and the high-speed connectivity of 5G 

systems. The integration of PSO and ML in a 

hierarchical architecture effectively addresses the 

need for adaptive and efficient traffic management, 

ensuring better resource utilization and network 

performance. By leveraging the strengths of 

optimization algorithms and predictive models, the 

framework paves the way for enhanced network 

reliability and user experience in dynamic and 

resource-intensive environments. Overall, this work 

contributes to advancing the field of traffic 

engineering for next-generation networks, providing 

a solid foundation for future research and practical 



92                              International Journal of  Smart Electrical Engineering, Vol.14, No.2, Spring 2025                        ISSN:  2251-9246  

EISSN: 2345-6221   

implementations in diverse and challenging network 

scenarios. Future research can extend this 

framework by incorporating Reinforcement 

Learning (RL) for more autonomous and adaptive 

traffic management under dynamic conditions. 

Real-world deployment, especially in hybrid IoT-

5G environments, will be crucial to assess its 

scalability and reliability. Additionally, leveraging 

edge computing could further enhance traffic 

optimization and reduce latency in practical 

applications. 
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