Sameer Sagar et al.

KEYWORD

TEJAS Journal of Technologies and Humanitarian Science
ISSN-2583-5599

Vol.05, 1.02 (2026)

https://www.tejasjournals.com/
https://doi.org/10.63920/tjths.52022

Performance Comparison of Al-Based
Networks vs Traditional Networks — An
Intelligent Framework for Evaluating
Modern Network Optimization

Techniques
Sameer Sagar', Harsh Trigunayat?, Farheen Siddiqui?

2Department of Computer Science and Engineering, Shri Ramswaroop Memorial
University, Lucknow, India

3Assistant Professor, Department of Computer Science and Engineering, Shri Ramswaroop
Memorial University, Lucknow, India

ramsameer543@gmail.com, harshtrigunayat2312@gmail.com

farheensiddiqui.cse@srmu.ac.in

ABSTRACT

Artificial Intelligence,
Network
Optimization,
Machine Learning,
Traditional Networks,
Smart Networking,
Network Performance
Analysis.

Modern communication networks are experiencing rapid growth due to the
increasing demand for high-speed internet, cloud computing, Internet of
Things (loT), and real-time applications. Traditional networking systems rely
on predefined rules and static configurations for network management.
However, these conventional approaches often struggle to handle dynamic
network traffic, congestion, and security threats efficiently. Artificial
Intelligence (Al) has emerged as a powerful technology for improving
network performance through intelligent decision-making and automated
optimization. Al-based networks utilize machine learning algorithms to
analyze network traffic patterns, predict congestion, detect anomalies, and
dynamically optimize routing decisions. This research presents a
comparative study between Al-based networking systems and traditional
networking approaches. The study evaluates performance metrics such as
latency, bandwidth utilization, packet loss, network throughput, and
scalability. Experimental analysis demonstrates that Al-driven networks
provide improved efficiency, better resource utilization, and enhanced
adaptability in complex networking environments. The results of this research
highlight the potential of Al technologies in transforming modern network
infrastructure and enabling smarter, more efficient communication systems.

1. Introduction

Communication networks are the backbone of modern digital infrastructure, enabling seamless communication
and data exchange across the globe. These networks support a wide range of applications including cloud
computing, video streaming, Internet of Things (IoT), smart cities, e-commerce platforms, and real-time
communication services. With the rapid increase in connected devices and data-intensive applications, modern
networks are required to handle massive volumes of data traffic efficiently and reliably.

Traditional networking systems rely heavily on predefined routing protocols and manual configuration techniques.
These systems use algorithms such as shortest path routing to determine the path of data packets across the
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network. Protocols such as Routing Information Protocol (RIP), Open Shortest Path First (OSPF), and Border
Gateway Protocol (BGP) are commonly used in conventional networks. While these protocols have proven
reliable over time, they are designed with static rules and limited adaptability. As a result, traditional networks
often struggle to respond efficiently to sudden changes in network traffic, leading to issues such as congestion,
increased latency, packet loss, and inefficient bandwidth utilization.

In modern networking environments, network traffic patterns are highly dynamic and unpredictable. Events such
as peak-hour traffic, sudden system failures, cyber-attacks, and large-scale data transfers can significantly affect
network performance. Traditional networks typically rely on manual monitoring and reactive decision-making,
which may not be sufficient to manage such complex conditions in real time. Moreover, manual network
configuration is time-consuming, prone to human error, and difficult to scale in large network infrastructures.
Artificial Intelligence (AI) has emerged as a transformative technology capable of addressing these challenges in
modern networking systems. Al-based networking introduces intelligent automation into network management
by enabling systems to learn from historical data and make predictive decisions.

Machine learning algorithms analyze network traffic patterns, detect anomalies, and predict potential performance
issues before they occur. This predictive capability allows networks to proactively manage resources and avoid
congestion. Al-driven networking systems can dynamically optimize routing paths, allocate bandwidth efficiently,
and detect abnormal traffic patterns that may indicate security threats. Techniques such as supervised learning,
unsupervised learning, and reinforcement learning are commonly used to enhance network intelligence. For
example, reinforcement learning enables networks to continuously learn optimal routing strategies based on real-
time feedback from network conditions. The emergence of technologies such as Software-Defined Networking
(SDN) and Network Function Virtualization (NFV) has further accelerated the adoption of Al in networking
systems. SDN separates the control plane from the data plane, allowing centralized network control and easier
integration of Al algorithms. This architecture provides greater flexibility and enables dynamic adjustment of
network policies based on traffic conditions.

Al-based networks are particularly beneficial in environments such as smart cities, autonomous transportation
systems, industrial automation, healthcare systems, and cloud-based services. These environments require reliable
communication, low latency, and high scalability, which can be achieved through intelligent network
management.

Despite the advantages of Al-driven networks, traditional networking systems remain widely used due to their
simplicity, stability, and well-established standards. Therefore, it is essential to conduct a systematic comparison
between Al-based networks and traditional networking approaches to evaluate their performance differences.
This research focuses on analyzing the performance of Al-based networks and traditional networks using key
performance metrics such as latency, packet loss, throughput, and bandwidth utilization. The objective is to
determine the effectiveness of Al-based network optimization techniques and highlight their advantages in
handling complex and dynamic network environments.

II. Literature Review

The application of Artificial Intelligence in networking has gained significant attention in recent years due to the
increasing complexity of modern communication systems. Researchers have explored various techniques to
improve network efficiency, reduce congestion, enhance security, and optimize resource utilization.

Early networking systems relied entirely on static routing protocols such as Routing Information Protocol (RIP)
and Open Shortest Path First (OSPF). These protocols determine routing paths based on predefined algorithms
and network topology information. While effective for small and moderately sized networks, these protocols often
face limitations when dealing with large-scale and highly dynamic network environments. Studies have shown
that traditional routing protocols may result in inefficient traffic distribution, leading to network congestion and
reduced performance. Several researchers have investigated the use of machine learning techniques for network
traffic prediction. Traffic prediction models analyze historical network data to identify patterns and forecast future
traffic loads. For example, neural network-based prediction models have been used to estimate network traffic
levels in data centers. These models demonstrated improved prediction accuracy compared to conventional
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statistical methods, enabling better resource allocation and reduced network delays.

Another important area of research involves congestion detection and avoidance using machine learning
algorithms. Support Vector Machines (SVM) and Decision Tree models have been widely used to classify network
traffic conditions and detect congestion points. These models analyze network parameters such as packet arrival
rate, buffer size, and transmission delay to identify potential bottlenecks. Reinforcement learning has also been
explored for dynamic routing optimization. In reinforcement learning- based systems, the network learns optimal
routing decisions by interacting with the environment and receiving feedback based on performance outcomes.
Studies have shown that reinforcement learning can significantly improve routing efficiency by selecting paths
that minimize delay and maximize throughput.

The development of Software-Defined Networking (SDN) has further facilitated the integration of Al techniques
into networking systems. SDN architecture allows centralized control of network devices, enabling machine
learning algorithms to manage traffic flows dynamically. Researchers have demonstrated that Al-enabled SDN
controllers can optimize bandwidth allocation and reduce network congestion more effectively than traditional
distributed routing protocols.

Deep learning techniques such as Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN),
and Recurrent Neural Networks (RNN) have also been applied to network traffic analysis and anomaly detection.
These models are capable of processing large volumes of data and identifying complex patterns in network traffic.
For example, RNN-based models have been used to detect abnormal traffic behavior that may indicate cyber-
attacks or network failures. In addition to performance optimization, Al-based networking systems have shown
promising results in enhancing network security. Intrusion detection systems powered by machine learning
algorithms can identify suspicious activities and respond to threats in real time. This proactive security capability
is particularly important in modern networks that face increasing cyber threats.

Traditional networking systems continue to play a crucial role in many existing infrastructures due to their
reliability and well-established protocols. However, studies have highlighted several limitations of traditional
approaches, including lack of adaptability, inefficient resource utilization, and dependence on manual
configuration. Recent comparative studies between Al- based networks and traditional networking approaches
have shown that Al-driven systems generally achieve lower latency, improved throughput, and better bandwidth
utilization. These improvements are attributed to the ability of Al algorithms to analyze large datasets and make
intelligent decisions based on real-time network conditions.

Although Al-based networking systems offer significant advantages, challenges such as high computational
requirements, data availability, and model complexity remain areas of ongoing research. Researchers continue to
explore hybrid networking models that combine traditional protocols with Al-based optimization techniques to
achieve optimal performance. This research builds upon existing studies by conducting a detailed comparison
between Al-based networking systems and traditional networks using standardized performance metrics. The
findings aim to contribute to the development of more efficient, intelligent, and adaptive network infrastructures
suitable for modern digital environments.

II1. Problem Statement
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S. No. Problem Area ‘ Description ‘ Impact on Network Performance

X Traditional networks use static routing protocols that  Causes bottlenecks, increased latency,
1 Network Congestion cannot efficiently distribute traffic during sudden and slower data transmission.
increases in data flow.

) Inefficient Bandwidth Utilization Tradltl(_mal systems canno.t dynamically allocate Leads to wastage of resources
bandwidth based on real-time traffic demands. and reduced network efficiency.
3 Security Limitations Rule-based seicunty mechanisms are ‘unable to detect Increases risk of cyber-attacks
new or evolving cyber threats effectively. and network vulnerabilities.
4 Manual Configuration Network configuration and management require Makes large networks difficult to
Complexity significant human effort and are prone to manual errors.  manage and reduces reliability.
5 Lack of Intelligent Traditional networks lack the ability to learn from past Results in poor adaptability to
Decision Making data and predict network issues. changing network conditions.
Need Identified ‘ Description
Requirement for Intelligent There is a need for Al-based networking solutions that can automatically analyze
Networking Systems network conditions, predict issues, and optimize perfGrmance dynamically.

IV. Proposed Methodology

The proposed methodology focuses on designing and implementing a structured framework to compare the
performance of Al-based networks and traditional networks. The methodology consists of multiple stages,
including network setup, data collection, machine learning integration, and performance evaluation.

1. Network Environment Setup

In this stage, two different network environments are created to perform performance comparison:

Traditional Network Environment

The traditional network model is configured using conventional routing protocols such as:

. Routing Information Protocol (RIP)

. Open Shortest Path First (OSPF)

. Static Routing

These protocols determine routing paths based on predefined rules and shortest path algorithms.

Al-Based Network Environment

The Al-based network model is designed to include intelligent components capable of analyzing network traffic
and making dynamic routing decisions. Machine learning algorithms are integrated into the network to optimize
traffic flow and resource allocation.

Both network environments are configured with identical parameters such as:

. Number of nodes

. Network topology

. Link bandwidth

. Traffic generation rate

. Packet size

This ensures a fair comparison between the two network models.
2. Data Collection

Data collection is a critical step in evaluating network performance. Network traffic data is generated using
network simulation tools such as:

. Cisco Packet Tracer

. NS-3 Network Simulator

. OMNeT++

The following parameters are collected during network operation:
. Packet transmission time

. Network delay

. Packet arrival rate
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. Packet drop rate
. Bandwidth usage
. Throughput values

These parameters provide valuable insights into the behavior and

performance of the network under different conditions.

The collected data is stored in structured datasets for further analysis and processing.

3. Data Preprocessing

Before using the collected data for analysis, preprocessing is performed to remove errors and improve data quality.
Common preprocessing steps include:

. Removing duplicate records

. Handling missing values

. Normalizing data values

. Filtering noise from network logs

. Converting raw data into structured format

Data preprocessing ensures that machine learning models receive accurate and consistent input data.

4. Al Model Integration

Machine learning models are implemented in the Al-based network environment to enable intelligent decision-
making.

The following machine learning algorithms are commonly used:

. Decision Trees: Decision Trees classify network traffic conditions and determine optimal routing paths
based on predefined decision rules.

. Random Forest: Random Forest is an ensemble learning method that combines multiple decision trees to
improve prediction accuracy and reliability.

. Artificial Neural Networks (ANN): Neural networks analyze complex relationships between network
parameters and traffic patterns. They are particularly useful for predicting network congestion and traffic behavior.
. Reinforcement Learning: Reinforcement learning allows the network to learn optimal routing strategies
through continuous interaction with the network environment. The system receives rewards for efficient routing
decisions and penalties for inefficient paths.

These models analyze network traffic data and generate optimized routing decisions that improve overall network
performance.

S. Performance Evaluation Metrics

To compare Al-based networks and traditional networks, several performance metrics are used.

. Latency: Latency measures the time required for data packets to travel from source to destination. Lower
latency indicates faster communication.

. Packet Loss: Packet loss represents the percentage of packets that fail to reach their destination. Lower
packet loss improves communication reliability.

. Throughput: Throughput measures the amount of data successfully transmitted through the network
within a given time. Higher throughput indicates better network performance.

. Bandwidth Utilization Bandwidth utilization measures how efficiently available bandwidth resources are
used.

. Network Scalability: Scalability measures the ability of the network to maintain performance as the

number of connected devices increases.

V. Dataset Description

The dataset used in this research plays a crucial role in evaluating the performance of Al-based networks and
traditional networks. It contains structured network traffic information collected from simulated network
environments. The dataset includes parameters that represent real-time network behavior under different traffic
conditions. The data used in this study is generated using network simulation tools such as Cisco Packet Tracer

191


http://www.tejasjournals.com/

TEJAS Journal of Technologies and Humanitarian Science
ISSN-2583-5599

Vol.05, 1.02 (2026)

https://www.tejasjournals.com/
https://doi.org/10.63920/tjths.52022

Sameer Sagar et al.

and NS-3 Network Simulator, which are widely used for analyzing network performance. These tools allow the
creation of realistic network environments where multiple devices communicate with each other through routers
and switches.

The dataset consists of network traffic records collected from both traditional network environments and Al-based
network environments. Each record in the dataset represents a specific network transaction or packet transmission
event.

Dataset Attributes

The dataset includes several important attributes that help measure network performance. These attributes are
described below:

1. Source Node ID: This attribute represents the unique identifier of the node that sends the data packet. It
helps in tracking the origin of network traffic.

2. Destination Node ID: This attribute indicates the unique identifier of the node that receives the data
packet. It helps in monitoring packet delivery performance.

3. Packet Size: Packet size represents the amount of data contained in each packet. It is usually measured
in bytes. Packet size directly affects transmission speed and network load.

4. Transmission Time: Transmission time indicates the time required for a packet to move from the source
node to the destination node. It is typically measured in milliseconds (ms).

5. Latency: Latency measures the delay experienced during data transmission. It is one of the most
important performance metrics used in this research.

Example values:

. Traditional Network: 120 ms

. Al-Based Network: 70 ms

Lower latency values indicate faster communication.
6. Packet Loss Rate

Packet loss rate represents the percentage of packets that fail to reach the destination.
Example values:

. Traditional Network: 5.8%

. Al-Based Network: 2.1%

Lower packet loss improves reliability and network performance.
7. Throughput

Throughput measures the total amount of data successfully transmitted through the network per unit time.
Example values:

. Traditional Network: 450 Mbps

. Al-Based Network: 680 Mbps

Higher throughput indicates better performance.
8. Bandwidth Utilization

Bandwidth utilization measures how efficiently the available bandwidth is used.

Example values:

. Traditional Network: 60%

. Al-Based Network: 85%

Higher utilization reflects efficient use of resources.

The dataset is divided into two parts:

Training Dataset — Used to train machine learning models.

Testing Dataset — Used to evaluate model performance.

The Al system learns patterns in network traffic and predicts optimal routing decisions for efficient network
performance.

Data Collection Process

The data collection process involves generating network traffic under different conditions such as:
. Low traffic load
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. Medium traffic load
. High traffic load
Multiple simulation runs are performed to collect sufficient data for accurate analysis.

The collected data is stored in structured formats such as:

. CSV (Comma-Separated Values)
. Excel Sheets
. Database Tables

These formats allow easy processing and visualization of network data.

VI.  Model Training and Implementation

In this research, machine learning models are implemented to analyze network traffic data and improve network
performance. The training process involves feeding historical network data into machine learning algorithms to
enable intelligent decision-making.

L. Selection of Machine Learning Models
The following machine learning models are selected for implementation:
a. Decision Tree Model

Decision Tree is a supervised learning algorithm that divides data into branches based on decision rules. It helps
identify optimal routing paths based on network conditions.
Key Features:

. Easy to interpret

. Fast decision-making

. Suitable for classification problems
Applications in this research:

. Traffic classification

. Path selection

. Congestion detection

b. Random Forest Model

Random Forest is an advanced ensemble learning algorithm that combines multiple decision trees to improve
prediction accuracy. Key Features:

. High prediction accuracy

. Reduced overfitting

. Robust performance Applications in this research:

. Traffic prediction

. Network performance optimization

. Packet routing decisions

c. Artificial Neural Network (ANN): Artificial Neural Networks simulate the working of the human brain.

They learn complex relationships between input parameters and output predictions.
Key Features:

. Handles complex datasets

. Learns patterns automatically

. Improves prediction capability

Applications in this research:

. Traffic forecasting

. Congestion prediction

. Resource allocation

d. Reinforcement Learning Model: Reinforcement learning allows the network to learn optimal routing

strategies through interaction with the environment.
Key Features:
. Self-learning capability
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. Adaptive routing

. Continuous improvement Applications in this research:
. Dynamic routing

. Real-time optimization

. Autonomous decision-making

2. Training Process

The training process includes several steps:

Step 1: Data Preparation
Network traffic data is cleaned and preprocessed before training.
Tasks include:

. Removing missing values

. Normalizing data

. Converting categorical values
. Feature selection

Step 2: Model Training
Machine learning models are trained using training datasets.
Training includes:

. Feeding input features

. Learning patterns

. Adjusting model parameters
. Reducing prediction error

Step 3: Model Testing
After training, the models are tested using testing datasets to evaluate their accuracy.
Testing includes:

. Predicting output values
. Comparing predictions with actual results
. Calculating performance metrics

Step 4: Model Optimization
Model parameters are adjusted to improve accuracy and reduce errors.
Optimization techniques include:

. Hyperparameter tuning
. Cross-validation
. Performance monitoring

VII. Results and Analysis

The experimental results demonstrate significant performance differences between traditional networks and Al-
based networks. Example results are shown below:

Metric Traditional Network  Al-Based Network
‘ Latency 120 ms 70 ms
Packet Loss 5.8% 2.1%
Throughput 450 Mbps 680 Mbps
Bandwidth Utilization 60% 85%

The results indicate that Al-based networks provide improved performance across multiple metrics.
Latency Analysis Latency is significantly reduced in Al- based networks due to intelligent routing and traffic
prediction mechanisms.
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Fig. 1 Performance Comparison of Al-Based Networks vs Traditional Networks Based on Latency, Packet Loss,
Throughput, and Bandwidth Utilization

VIII. System Architecture

The architecture of the proposed fake job detection system consists of the following components:
Dataset Collection

Data Preprocessing

Feature Extraction

Machine Learning Model Training

N

. Prediction System
The workflow of the system is as follows:

Network Traffic — Data Collection — Al Analysis — Intelligent Routing Decision — Optimized Network

Network ‘
Traffic

Performance

Monitoring E .
1

Data Collection &
k= Preprocessing
|

Machine Learning
Model Training

Fig. 2 Workflow of Al-Based Network Performance Evaluation
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IX.  Conclusion

This research presents a comparative analysis of Al-based networking systems and traditional networking
approaches.

The results demonstrate that Al technologies can significantly improve network performance by enabling
intelligent traffic analysis, predictive congestion management, and automated optimization.

Al-based networks offer several advantages including reduced latency, improved bandwidth utilization, better
scalability, and enhanced adaptability to dynamic network conditions.

As network infrastructures continue to grow in complexity, Al-driven networking solutions are expected to play
a crucial role in the future of communication systems.
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