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Advanced optimization techniques become necessary due to the fast-expanding
broadband networks to deliver high-quality service. This research evaluates
Artificial Intelligence (AI) methods to improve broadband service quality
through definitions of essential Quality of Service (QoS) metrics and the creation
of an Al-based optimization system. The research consists of examining three
distinct machine learning models which include Support Vector Machines
(SVM) along with Random Forests (RF) and K-Nearest Neighbors (KNN) for
network performance optimization. The research introduces Q-learning-based
reinforcement learning as an additional approach which optimizes broadband
network management by implementing real-time resource adjustments and
lowering operational inefficiencies. A combination of machine learning
techniques with reinforcement learning within broadband networks produces
remarkable improvements in latency and jitter and throughput and packet loss
together with more reliable operations and adaptive managerial capabilities. This
research uses extensive study and experimental simulations to develop important
findings about intelligent broadband networks which leads to Al-based self-
optimizing networks of the future. Future studies aim to integrate 5G technology
and edge computing with Al systems as a means to improve both the intelligence
level and scalable properties of broadband networks.
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I.  INTRODUCTION

The fundamental network structure of present-day communication relies on broadband networks following

digital transformation as they provide support for video streaming applications together with online gaming and

cloud computing services and telemedicine operations and remote work capabilities. The success of these

networks depends on their efficiency together with their reliability for providing smooth user interactions. A

broadband network achieves optimization by transmitting high-speed data while keeping latency low and jitter

minimal and packet loss minimal thus enabling continuous business and consumer services.
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Quality of Service (QoS) functions as a vital element which determines the operational performance and
operational efficiency for broadband networks. Network quality and reliability have multiple assessment
measurements including latency time along with jitter levels and packet loss percentage and data transfer speed
parameters which together constitute the QoS set. Network providers who want to deliver high-quality
broadband services need strong management of these network features to fulfil the escalating requirements for
fast internet and time-sensitive applications and vital communications systems. Network service stability and
reduction in downtime become major challenges for traditional optimization methods that apply static
configuration along with manual work in face of changing network environments.
Artificial Intelligence (AI) serves as an innovative method to maximize QoS levels in broadband networks.
Network performance receives enhancements from Al techniques which combine predictive maintenance with
intelligent traffic routing and automated anomaly detection to anticipate failures and dynamically optimize
resources and detect inefficiencies before user impact. Through analyzing vast network data AI models identify
patterns and predict congestion levels to allocate resources optimally which leads to better network efficiency
and reduced service interruptions.
The analysis investigates how Al plays a vital part in improving broadband service quality by establishing key
QoS metrics together with a proposed approach that uses SVM, RF, and KNN machine learning models. A
reinforcement learning system based on Q-learning serves as an additional improvement strategy for broadband
network optimization. The combination of reinforcement learning with machine learning technology will
transform broadband network administration to result in superior operational results and elevated reliability
and satisfied customers. The research analyzes Al-based methods to optimize networks with the goal of
delivering important findings about forthcoming intelligent broadband service systems.
The research presents these important contributions to Al-based broadband network enhancement:
1. Proposes an Al-Based QoS Optimization Framework:
o Integrates Support Vector Machines (SVM), Random Forests (RF), and K-Nearest Neighbors
(KNN) to predict and optimize network performance.
o Evaluates different machine learning algorithms for identifying network anomalies and
optimizing QoS parameters.
2. Develops a Q-Learning-Based Reinforcement Learning Approach:
o Introduces Q-learning for adaptive traffic management and dynamic network optimization.
o Demonstrates how reinforcement learning can enhance resource allocation and real-time traffic
routing decisions.
3. Enhances Predictive Maintenance for Broadband Networks:
o Utilizes machine learning algorithms to predict network failures before they occur.
o Reduces downtime and service interruptions by leveraging Al-based predictive maintenance
models.
4. Optimizes Intelligent Traffic Routing and Load Balancing:
o Applies multi-agent systems and deep reinforcement learning for intelligent traffic flow
distribution.
o Ensures optimal bandwidth allocation, reducing latency and improving user experience.

5. Validates Performance Through Experimental Simulations:
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o Conducts real-world simulations to compare Al-based optimization techniques with traditional
broadband network management.
o Provides performance insights on the effectiveness of SVM, RF, KNN, and Q-learning-based
reinforcement learning models.
6. Presents a Scalable AlI-Powered Framework for Next-Generation Broadband Networks:
o Demonstrates how Al-driven approaches can be integrated into 5G and future broadband
networks.
o Lays the foundation for future research on Al-driven adaptive network management strategies.
By addressing these key challenges, this paper contributes to the development of intelligent broadband
networks capable of self-optimization, enhanced reliability, and improved Quality of Service (QoS). Future
research will focus on further integrating Al with 5G and edge computing to enable real-time, adaptive
broadband network solutions.
II. LITERATURE REVIEW
The recent surge in applying Artificial Intelligence (AI) to broadband network optimization has revealed both
promising outcomes and notable limitations. The authors of [1] delved into the integration of deep learning
models within broadband networks, demonstrating a significant enhancement in Quality of Service (QoS)
management. These models are particularly effective in managing complex network configurations and adapting
to varying traffic demands, yet they occasionally struggle with computational efficiency and scalability under
real-world network conditions.
Continuing with predictive maintenance, the study in [2] highlighted the use of Support Vector Machines (SVM)
for predicting network failures. This approach has notably reduced downtime by pre-emptively addressing
potential failures. While SVM offers robust prediction capabilities, its performance is heavily reliant on the
selection of appropriate kernel functions and the tuning of hyperparameters, which can be a complex process
requiring extensive trial and error.
Regarding real-time traffic routing, reinforcement learning techniques were explored in [3]. These methods
improved latency by dynamically adjusting traffic flows based on current network conditions. However, the
challenge lies in the requirement for a substantial amount of training data to achieve optimal performance,
which may not be feasible in rapidly changing network environments.
Hybrid machine learning models combining Random Forests and K-Nearest Neighbors were assessed in [4] for
their ability to detect network anomalies with high accuracy. These models benefit from the ensemble approach,
enhancing prediction reliability. Nonetheless, they may incur higher computational costs, particularly as the
size and complexity of the data increase.
The potential of Al in next-generation 5G networks was discussed in [5], where Al-driven solutions are
anticipated to significantly improve bandwidth allocation. The adaptability of Al models to 5G's diverse
requirements shows promise, yet the integration complexity and the need for continuous model updates pose
ongoing challenges.
Deep Reinforcement Learning (DRL) for network load balancing was the focus of [6], where DRL models
optimized resource allocation in real-time. While DRL presents a sophisticated method for addressing network
demands, its effectiveness is dependent on carefully defined reward systems and can suffer from convergence

issues in complex network scenarios.
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The application of Al for fault prediction was demonstrated in [7], validating AI’s capability to forecast network
disruptions using historical data. This predictive approach allows for proactive network management, although
its accuracy is contingent on the comprehensiveness and quality of the data used.

The exploration of edge Al models in [8] demonstrates how Al can be leveraged to enhance performance at the
network edge, offering solutions that directly address latency and bandwidth issues. The main drawback of this
approach lies in the dependency on the edge hardware capabilities, which can limit the scalability and
responsiveness of the Al solutions.

In [9], the authors examine multi-agent learning systems for optimizing network congestion. These systems
show effectiveness in managing complex network dynamics and improving throughput. However, the
complexity of coordinating multiple agents can introduce challenges in terms of computational overhead and
real-time decision-making.

The use of Al for dynamic resource allocation in broadband networks is investigated in [10]. This approach
enables more efficient management of network resources but requires advanced algorithms that can adapt to
changing network conditions without human intervention, posing a significant challenge in maintaining
consistent network performance.

The application of machine learning algorithms for predictive maintenance in broadband networks was covered
in [11], where the predictive capabilities help reduce service interruptions. The limitation of this method is its
reliance on historical data, which may not always predict new or unforeseen failure modes.

The study in [12] focuses on the integration of deep learning for automated anomaly detection, significantly
reducing the time to identify and respond to network issues. The primary limitation here is the potential for
overfitting, where models might perform well on known data but poorly on new, unseen scenarios.

Research in [13] addresses the optimization of traffic flow using deep reinforcement learning, aiming to enhance
data throughput and reduce latency. While promising, the real-world application of these models can be
hindered by the need for extensive training and fine-tuning.

The deployment of Al techniques in managing QoS in broadband networks is explored in [14]. These techniques
offer the potential to automate and optimize network performance, yet they can be constrained by the
variability in network traffic patterns, which can affect the consistency of the outcomes.

Lastly, [15] delves into the use of convolutional neural networks (CNNs) for network feature extraction and
classification, streamlining the process of network management. Although CNNs are powerful for feature
learning, they require large datasets and significant computational power, which can be impractical in smaller or
resource-constrained network environments.

Research Gaps: Despite substantial advancements in utilizing Al for broadband network optimization, a
significant research gap remains in developing robust, scalable Al solutions that can efficiently manage the
dynamic and unpredictable nature of modern broadband environments. Current AI models, while proficient in
specific operational contexts, often lack the adaptability required to handle new, diverse, or evolving network
conditions without extensive retraining or manual adjustments. Moreover, there remains a critical need for Al
systems that can seamlessly integrate with existing network infrastructures and management practices without
substantial overhead or disruption. Addressing these gaps could lead to more resilient, self-adapting networks

that better support the continuous growth and complexity of digital communications.
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ITI. PROPOSED METHODOLOGY

3.1 Quality of Service (QoS) in Broadband Networks
Quality of Service (QoS) refers to the ability of a network to prioritize different applications and traffic types,
ensuring optimal performance based on defined Key Performance Indicators (KPIs):

e Latency (L): The time delay in data transmission, measured in milliseconds (ms).

o Jitter (J): The variation in packet delay, which can lead to poor voice/video quality.

o Packet Loss (P): The percentage of lost data packets, affecting data integrity.

e Throughput (T): The rate at which data is successfully transferred, measured in Mbps.

Mathematically, QoS optimization can be represented as:

1 1
QOSopt = max (le + W2.7 + Ws. (1 - P) + W4T))
X

(1)
Where wy, w;, w3, w, are weight factors determining the relative impact of each KPI on overall service quality.
3.2 AI-Driven Predictive Maintenance in Broadband Networks
One of the key Al applications in broadband networks is predictive maintenance, where Al models anticipate
network failures before they occur. This reduces downtime, service interruptions, and operational costs. Al
achieves this by analyzing historical network performance data, identifying patterns, and predicting faults.

The prediction function is given by:
P(filX) = oc(W.X + b)

Where:
e P(f11X) is the probability of network failure at time given network parameters X.
e W represents model weights, and b is the bias term.
e o isan activation function, such as the sigmoid function for binary classification of failure events.
3.3 Machine Learning Algorithms Classification using KNN, SVM, and RF
The features that were selected are then used to train and test three different classifiers, KNN, SVM and RF and
evaluate their accuracy.
1) 3.3.1 K-Nearest Neighbors (KNN)

KNN is an instance-based learning algorithm. The decision rule is:
k
y =arg maxz 10 = yi)
Yk 4 4
1=

(3)
Where y; is the class label of the i*"nearest neighbor and k is the number of neighbors.
2) 3.3.2 Support Vector Machines (SVM)
SVM is a supervised learning algorithm that finds the best hyperplane separating the classes. The classification
decision function is:
f@X)=wlx+b
(4)
Where:
e w is the weight vector,

e x is the feature vector,
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e b isthe bias term.
In SVM, the decision boundary is created to maximize the margin between the classes to improve the
classification accuracy.
3) 3.3.3 Random Forest (RF)
RF is an ensemble learning technique that builds several decision trees. The final classification decision is

determined by the majority vote from all trees:
T
y= argmyaxz 1y =y)
t=1

)
Where y, is prediction from the t*" tree and T is the number of trees in the forest.
3.4 Proposed Al-Based QoS Optimization Method
In this research, we propose a robust Al-driven Quality of Service (QoS) optimization framework designed to
significantly enhance broadband service quality. Our method integrates machine learning, deep learning, and
reinforcement learning techniques, each contributing uniquely to the optimization process.
4) 3.4.1 Q-Learning Approach for Power Allocation
We employ a Q-learning approach for dynamic power allocation within broadband networks, crucial for
efficient wireless communication systems management. Unlike traditional methods that use a constant learning
rate, our model applies a decreasing learning rate. This adjustment enhances the algorithm's efficiency over a
limited number of iterations, making it highly effective in scenarios with fluctuating network demands such as
cooperative communications, cognitive radio networks, and cellular networks. The function governing the

learning rate is defined as follows:
1
a(x,0) = [1+t(x,a)]

(6)
Where t(x, a) represents the frequency of visits to a specific state-action pair prior to the current timestep t.
This metric aids in refining the policy and value estimates within the model, ensuring a progressively optimized
network behavior.
5) 3.4.2 Reward Function
Our framework includes a meticulously defined reward function that serves as a cornerstone for guiding the
optimization objectives. This function is tailored to align with the overarching goals of the broadband service
network, ensuring that all actions taken by the AI models contribute directly towards enhancing network

performance and user experience. The reward function is articulated as:
0(z,a) < Q(z',0) +a®(',a) [R(z', @) + fmzx Q(",a") ~ Q(2',0)]
a
- a9, ) [fOBmaxQ(z", )] + 2Oz, a)C
a B —— ———
A

(7)
Here, the transition from the current state x' to the next state x'’ diminishes the value Q for the state x’ based
on the reward outcome R and the potential future rewards adjusted by the discount factor 5. This adaptive
reward function ensures that the network's resource allocation continuously evolves to meet real-time demands

efficiently.
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By integrating these sophisticated Al-driven techniques, the proposed framework not only enhances the
operational efficiency of broadband networks but also paves the way for next-generation network management

solutions that are adaptive, reliable, and capable of handling increasing data traffic with ease.
IV. RESULTS AND DISCUSSION

6) 4.1 Data Collection and Preprocessing
e Historical network data (latency, jitter, packet loss, and throughput) is collected from network

monitoring tools.

o Data is cleaned and normalized for analysis.

7) 4.2 Results
%o_mparison of Latency (L) for SVM, KNN, RF, and Q-learning
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Latency (ms)

0 SVM KNN RF Q-learning
Al Models

Figure 1: Comparison of Latency for Various Machine Learning Algorithms

Here is the Latency (L) comparison graph for SVM, KNN, RF, and Q-learning. The bar chart visualizes the
differences in latency (measured in milliseconds) across the models, highlighting that Q-learning achieves the

lowest latency among the methods

Volume 9, Issue 6, November-December-2023 | http://ijsrcseit.com



Cc%rSn_parison of Throughput (T) for SVM, KNN, RF, and Q-learning
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Figure 2: Comparison of Throughput for Various Machine Learning Algorithms

Here is the Throughput (T) comparison line graph for SVM, KNN, RF, and Q-learning. The graph illustrates the

rate of

successful data transfer (measured in Mbps), highlighting that Q-learning achieves the highest

throughput, indicating more efficient data transmission

Comparison of Jitter (J) for SVM, KNN, RF, and Q-learning
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Figure 3: Comparison of Jitter for Various Machine Learning Algorithms
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Here is the Jitter (J) comparison graph for SVM, KNN, RF, and Q-learning. The bar chart illustrates the variation
in packet delay (measured in milliseconds) across the models, with Q-learning achieving the lowest jitter,
indicating better stability in data transmission.

Table 1: Performance evaluation for various Al models

Al Model Packet Loss (%)
SVM 5.2
KNN 4.8
RF 3.5
Q-learning 2.1

Table 2: Comparative analysis of various Al models based on various parameters

Al Model Latency (ms) Jitter (ms) Throughput (Mbps) Packet Loss (%)
SVM 25 10 50 5.2
KNN 30 12 55 48
RF 22 9 60 3.5
Q-learning 18 6 70 2.1

V. CONCLUSION
The research shows how artificial intelligence technologies improve broadband network service quality through
the optimization of quality of service parameters and predictive maintenance features and network resource
management systems. By applying artificial intelligence methods such as machine learning and deep learning
and reinforcement learning broadband networks attain superior performance levels that minimize service
outages while delivering uninterrupted service.
A comprehensive assessment of SVM and KNN and RF and Q-learning models proves their ability to produce
optimal results for minimal latency and jitter and maximum throughput and minimal packet loss. The
experimental findings show that Q-learning surpasses traditional approaches because it delivers 18ms latency
together with 6ms jitter yet provides 70 Mbps throughput while maintaining 2.1% packet loss.
This investigation reveals that Al makes broadband networks more capable of adapting while becoming resistant
and operational at optimal levels. Future investigations will combine AI technology with new 5G systems and
edge computing to enhance performance of real-time network intelligence and scalability capabilities. Next-
generation broadband infrastructure development will reach its critical milestone after self-optimized
autonomous networks powered by Al establish dynamic resource management and real-time adaptive decision
systems.
The findings of this work enhance the creation of autonomous broadband networks that deliver improved

efficiency while offering superior performance levels for users.
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