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ABSTRACT 

The intensive development of wireless communication systems and data-intensive applications has created a 
very dynamic and unpredictable network traffic patterns, which are very much challenging to maintain 
Quality of Service (QoS). The classic network optimization methods that are based on the traditional and 
centralized methodologies tend to be inefficient to adapt to the real-time changes in traffic and brings forth 
the concern of scalability, privacy, and communication overhead. In solving these challenges, the present 
study suggests a federated learning-based traffic intelligence to privacy-preserving distributed optimization 
of wireless network performance. Various distributed nodes can cooperatively learn a global model in the 
proposed approach without providing raw data, thus preserving data privacy and minimizing communication 
cost. The framework combines the traffic prediction with adaptive network optimization techniques such as 
dynamically allocating bandwidth, load balancing, and congestion control. Experimental findings indicate 
that the proposed model can greatly enhance the performance of a network in comparison to traditional and 
centralized machine learning methods. Significant increases in accuracy of prediction, throughput, latency, 
packet loss ratio, and spectral efficiency have been noted. In addition, the framework ensures high utilization 
of the network to different traffic conditions, which underscores its scalability and flexibility. Generally, the 
suggested federated learning-based solution offers a scalable and efficient privacy-conscious solution to next-
generation wireless networks, such as 5G and IoT networks. 
Keywords: Federated Learning, Wireless Networks, Traffic Prediction, Network Optimization, Privacy 

Preservation 

1. INTRODUCTION 
The wireless communication technologies 

transformed contemporary digital infrastructure with 
the ability to provide seamless connectivity to 
various areas: Internet of Things (IoT), smart cities, 
healthcare, industrial automation, and real-time 
communication systems [1]. The high rate of mobile 
device proliferation, cloud computing and 
applications that consume a lot of bandwidth has 
greatly augmented the pressure on the wireless 
network resources. As a result, contemporary 
wireless networks are marked by extremely 
dynamic, heterogeneous and unpredictable traffic 

patterns that present serious challenges of ensuring a 
consistent Quality of Service (QoS)[24,25]. 

The extreme rise in the amount of data traffic 
has resulted in serious problems such as network 
congestion, higher latency, loss of packets, and poor 
use of the limited spectral resources. Such 
difficulties are exacerbated by next-generation 
networks (5G and beyond) where networking 
requirements like ultra-reliable low-latency 
communication (URLLC) and massive machine-
type communication (mMTC) require highly 
adaptive and intelligent management of the network 
[2]. Thus, effective traffic forecasting and dynamic 
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resource optimization is now critical when it comes 
to guaranteeing a stable network performance [3]. 

Traditional network optimization methods are 
mostly based on fixed settings and control reactions 
[4,29]. Although these methods are easy and 
commonly used, they are not effective in responding 
to the dynamism of traffic conditions. Consequently, 
they tend to result in a slow reaction to traffic jams 
and inefficient use of the network resources [26]. 
Machine learning (ML)-based traffic prediction is 
one of the solutions to these shortcomings, allowing 
networks to forecast traffic demand and take an 
active optimization move [5,30]. 

Nevertheless, the majority of existing ML-based 
solutions use a centralized paradigm, where massive 
amounts of data are gathered and run in a central 
server [6]. This method presents some serious issues 
such as privacy of data, higher overhead of 
communication, and reduced scalability of 
distributed network systems. Raw data never stops 
in a large scale wireless system not only wasting 
bandwidth but also increasing the security risks [7]. 

In order to address these shortcomings, this 
research paper presents a federated learning (FL)-
driven distributed traffic intelligence system. 
Federated learning enables multiple distributed 
nodes, such as base stations and edge devices, to 
collaboratively train a global model without sharing 
raw data. Rather, the exchange of model parameters 
only is guaranteed, which guarantees privacy 
protection and minimizes communication expenses. 
This decentralized model facilitates scalable, 
efficient and intelligent network optimization that is 
appropriate in next-generation wireless networks. 

1.1. Background and Problem Context 

As wireless communication systems evolve, 
networks have grown more complex with the 
introduction of heterogeneous devices, dissimilar 
types of traffic, and dynamic user behavior. The 
complexities of this nature cannot be dealt with using 
the conventional optimization techniques, which 
cannot be flexible and predictive [27,28] 

Offering traffic patterns and being able to 
optimize proactively, machine learning-based 
solutions have displayed encouraging results. 
Nevertheless, they are not applicable to distributed 
scenarios in the real world because they are 
dependent on centralized data processing [8]. The 
problems of data ownership, privacy rules, and 
network latency complicate the use of centralized 
learning with large-scale deployments. These issues 
raise the necessity of a decentralized and privacy-

conscious learning system that will be able to work 
effectively among distributed network nodes. 

1.2. Motivation for Federated Learning in 
Wireless Networks 

Federated learning in wireless networks is 
inspired by a number of practical and technological 
reasons. First, it has brought about data privacy as a 
huge issue particularly where sensitive user 
information is involved. Federated learning attempts 
to resolve this problem by making sure that raw data 
is localized to the node [9]. 

Second, communication overhead required to 
send large-scale traffic information to a central 
server is also greatly minimized, since only model 
updates are exchanged. This results in efficiency in 
bandwidth and latency. 

Moreover, federated learning provides scalable 
and distributed intelligence, which is critical to the 
contemporary wireless networks like 5G and IoT 
ecosystems. By allowing local model training and 
global collaboration, FL enhances adaptability and 
real-time decision-making capabilities in dynamic 
network environments. 

1.3. Key Contributions of the Study 

The present study presents a new federated 
learning-based model in traffic prediction and 
wireless network optimization. Its most significant 
contribution is that it allows training models in a 
distributed way without losing the privacy of data, 
which is one of the biggest shortcomings of the 
centralized machine learning methods. 

The framework proposed combines federated 
traffic prediction and intelligent network 
optimization strategies that enable proactive and 
adaptive allocation of resources. This integration has 
a great enhancement in network performance 
parameters which include throughput, latency, 
packet loss, as well as spectral efficiency. 

Also, the research gives a detailed comparative 
study between the traditional techniques, centralized 
ML strategies, and the upcoming federated learning 
model. The findings show the efficiency, scalability, 
and applicability of the presented strategy in the 
next-generation wireless networks. 

 

1.4. Research Objectives 

These aims of the research are established to 
direct the formation and assessment of a federated 
learning-based framework to optimize intelligent 
wireless networks. 

The specific research objectives are as follows: 
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 To create a federated learning-based traffic 
prediction model that can be used to make the 
right prediction on network traffic patterns 
without compromising on privacy of the data 
across distributed network nodes.  

 To conceive and realize a distributed 
optimization system that considers predicted-
traffic data in adaptive plans like dynamic 
allocation of bandwidth, load balancing, and 
congestion control.  

 To compare and contrast the performance of the 
proposed federated learning solution with 
traditional and centralized machine learning 
solutions with the use of key performance 
metrics such as throughput, latency, packet loss 
ratio, and spectral efficiency. 

2. RELATED WORK 

Recent development in wireless communication 
networks has accentuated the severe necessity of the 
intelligent predictive traffic and the efficient system 
of resources optimization mechanisms. The use of 
machine learning (ML) methods has become popular 
to overcome the shortcomings of conventional 
reactive network management techniques. These 
methods allow proper predicting of traffic and allow 
making proactive decisions, which enhances the 
overall performance of the network. However, most 
ML-based approaches rely on centralized 
architectures, which introduce significant challenges 
related to scalability, communication overhead, and 
data privacy. 

Federated learning (FL) is a decentralized 
learning model that has been proposed to address 
these problems, allowing joint training of models 
without exchanging raw data. Mahdi Rahmati and 
Neda Rahmati (2025) suggested a privacy friendly 
federated multi-sensor fusion system coupled with 
edge computing to manage traffic at real time in 
connected vehicle networks [10]. They have shown 
that FL with edge intelligence can be used to 
improve real-time decision-making without 
compromising data privacy. But their treatment is 
mostly restricted to vehicle networks and fails to 
extend to more general wireless communication 
systems. 

In a similar direction, Feng Gao et al. (2024) 
constructed a communication-efficient federated 
learning framework to predict wireless traffic [11]. 
Their effort is directed towards the minimization of 
communication overheads through optimization of 
parameter exchange in training. Though the model is 
better in predicting and efficiency, it is not coupled 

with adaptive network optimization mechanisms like 
resource allocation and congestion management. 

Further extending federated learning 
applications, Jian Wei et al. (2025) introduced a 
three-level FL architecture of privacy-sensitive 
traffic prediction in IIoT settings [13]. The 
hierarchical architecture that is proposed improves 
scalability and sparse traffic data. The study is 
however, domain specific and is not testing of 
overall wireless network performance metrics like 
throughput and latency. 

More recently, A. Aalavanthar et al. (2025) 
presented a federated learning model with multi-
objectives to predict traffic in vehicular networks. 
They combine a variety of parameters, including 
accuracy of prediction and efficiency of 
communication, which is why they are suitable in 
case of intelligent transportation systems [14]. The 
framework has limitations of being limited to 
vehicular environments and lacks generalization of 
wireless network optimization problems. 

Similarly, Y. Du and H. Sun (2025) presented a 
federated learning-based dynamic traffic control 
system in the context of smart cities through IoT. 
Their work shows that FL can be used to allow real-
time traffic control and management of the network 
in large cities. Nevertheless, it is more of a study on 
traffic flow control and not on the optimization of 
performance in wireless communication networks. 

In another related study, S. R. Jeyakumar et al. 
(2024) presented a federated learning-based hybrid 
deep learning model of intrusion detection in 
wireless sensor networks that is secure and privacy 
preserving [15]. Their solution is based on the 
significance of security and privacy in distributed 
learning systems. Although the research centers on 
network security, but not traffic optimization, it 
supports the usefulness of federated learning in a 
wireless setting. 

Overall, the current body of literature affirms 
that machine learning is a strong tool to enhance the 
accuracy of traffic predictions and the performance 
of a network. Nevertheless, the centralized ML 
solutions are associated with privacy issues, 
expensive communication, and lack of scalability. 
Even though federated learning [16] solves these 
problems, the majority of existing literature is either 
domain-specific (vehicular networks, IoT, or IIoT) 
or do not implement any optimization technique 
along with prediction accuracy. 

Therefore, there is a distinct research gap in 
creating a generalized federated learning-based 
framework that integrates traffic forecasting with 
real-time optimization of wireless network whilst 
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maintaining privacy, scalability, and efficiency. This 
paper combats this gap by coming up with a 
distributed traffic intelligence model that 
incorporates federated learning and adaptive 
resource allocation algorithms to improve the overall 
network performance. 

 
Figure 1: Workflow of the proposed federated learning-

based traffic intelligence framework for wireless network 
optimization. 

3. PROPOSED METHODOLOGY 

This paper suggests a federated learning-based 
traffic intelligence system to perform distributed 
optimization of wireless networks. In contrast to 
centralized machine learning models [17], the 
suggested methodology can allow several distributed 
nodes to learn about traffic patterns and maintain the 
privacy of data. The framework incorporates the 
traffic prediction and adaptive optimization 

strategies to increase the overall effectiveness of the 
network. 

The fig 1 shows the general flow of the proposed 
federated learning-based framework in which 
distributed nodes autonomously process traffic data 
and cooperatively train a global model. Aggregated 
model is employed to forecast demand of traffic and 
it allows optimization of networks dynamically, 
which results in better performance. 
3.1. System Architecture 

The suggested system uses the paradigm of 
federated learning whereby several distributed 
network nodes including base stations and edge 
devices engage in joint model training. All nodes, 
without revealing raw data, process their own local 
traffic data and contribute to a common global model 
[18]. 

It is based on five main components: local 
nodes, local training modules, federated aggregation 
server, global model distribution and network 
optimization module. The local nodes are tasked 
with the responsibility of collecting and pre-
processing traffic data and the local training node 
produces updates to the model using this data. They 
are sent to the central aggregation server [19], which 
adds these updates together with a federated 
averaging mechanism to update the global model. 
The revised model is thereafter re-distributed to all 
nodes and the learning and adaptation continues. 

Table 1: Components of the Proposed Federated 
Learning Architecture 

Component Function 

Local Nodes 
Collect and store traffic data 

locally 

Local Training Module 
Train models using local 

datasets 

Aggregation Server Combine local model updates 

Global Model 
Distribution 

Share updated model with nodes 

Optimization Module 
Apply resource allocation 

strategies 

 
 

3.2. Working Mechanism 

The workflow of the proposed system is based 
on the iterative federated learning cycles. To begin 
with, each node collects real time traffic data and 
some of the parameters considered in this data are 
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packet flow, delay and throughput [20]. This 
information is pretreated, and it is utilized to teach 
local machine learning model. 

The nodes transfer model parameters or 
gradients to the aggregation server and not raw data. 
These updates are then merged with a weighted 
averaging technique by the server to generate a 
global model. The new model is re-shuffled to the 
whole participating nodes, such that they can 
optimize their predictions. 

It is able to dynamically allocate network 
resources based on the estimated demand of the 
network [21] by intelligently allocating network 
resources through intelligent optimization methods. 
This is the decentralized mechanism that ensures the 
effective learning, reduced communication overhead 
and privacy. 

3.3. Algorithm: Federated Traffic Intelligence 
Framework 

The process map of the suggested methodology 
is as follows: 

The algorithm runs a series of federated learning 
in which local models [22] are trained on distributed 
nodes and pooled together to form a global model. 
Traffic prediction is done with the updated model 
and then dynamic network optimization is done to 
enhance performance. 

# Input: Distributed datasets D_i at each node 
# Output: Optimized network performance 
 
Initialize global model M 
 
for each round r = 1 to R: 
     
    for each node i: 
        Train local model M_i using D_i 
        Send M_i to server 
 
    # Federated Aggregation (FedAvg) 
    M = Σ (n_i / n) * M_i 
 
    # Traffic Prediction and Optimization 
    traffic = predict(M) 
    optimize_network(traffic) 
 
# Evaluate performance 
return throughput, latency, packet_loss, 
spectral_efficiency 

3.4. Mathematical Modeling 

The distributed optimization principles [23] are 
used to mathematically model the proposed 
federated learning framework. The basic 

aggregation principle is the Federated Averaging 
(FedAvg) algorithm that uses local model updates to 
create a global model. 
Global Model Aggregation 

              𝑀 = ෍
௡೔

௡

ே

௜ୀଵ
𝑀௜                         [1]                                                          

where 𝑀௜represents the local model at node 𝑖, 
𝑛௜represents the local dataset size and 𝑛 is the overall 
number of samples in all the nodes. Such a weighted 
aggregation is important so that nodes that have 
more data contribute more to the global model. 
Local Model Training Objective 
Local loss function is minimized at each node 
depending on its dataset: 

min 
ெ೔

  ℒ௜(𝑀௜) =
ଵ

௡೔
෌ ℓ(

௡೔

௝ୀଵ
𝑥௝ , 𝑦௝; 𝑀௜)             (2)                                         

where ℓ(𝑥௝ , 𝑦௝ ; 𝑀௜)is the loss function (e.g., Mean 
Squared Error) for sample 𝑗. 

Global Optimization Objective 
The world model seeks to reduce the weighted loss 
of local losses: 

min 𝑛
ெ

  ℒ(𝑀) = ෍
௡೔

௡

ே

௜ୀଵ
ℒ௜(𝑀)         (3)                                                            

This formulation will be used to guarantee 
uniformity between the local and global learning 
objectives. 
Traffic Prediction Function 
The trained global model predicts future traffic 
demand as: 

𝑇෠(𝑡 + 1) = 𝑓(𝑀, 𝑋௧)                      [4] 
 
where 𝑇෠(𝑡 + 1)is the predicted traffic at time 𝑡 + 1, 
and 𝑋௧represents current network features. 
Network Performance Metrics 
In order to determine the efficiency of the proposed 
framework, the mathematical expressions below are 
used: 
Throughput (T): 

     𝑇 =
Total Successfully Transmitted Data

Time
                 [5]                                                  

Latency (L): 

                            𝐿 =
෌ ௗೖ

ು
ೖసభ

௉
                           [6]                                                                           

 
Packet Loss Ratio (PLR): 

       𝑃𝐿𝑅 =
Packets Lost

Packets Sent
                          [7]                                                                  

Spectral Efficiency (SE): 

                  𝑆𝐸 =
Data Rate

Bandwidth
                             [8]                                                                       

The mathematical formulations above are all a 
description of the federated learning-based 
optimization process. The aggregation equation 
makes sure that the global learning is effective 
whereas the loss functions direct the local and global 
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model convergence. The prediction function allows 
proactive traffic estimation and the performance 
metrics measures the improvements in the network 
efficiency. 

3.5. Network Optimization Strategies 

The system uses dynamic optimization strategies to 
improve network performance based on the 
predicted traffic demand acquired through the 
federated model. Such strategies allow making 
decisions in advance and using resources effectively. 

Table 2: Network Optimization Strategies and Objectives 

Strategy Objective 

Dynamic 
Bandwidth 
Allocation 

Minimize congestion and 
improve throughput 

Load Balancing 
Distribute traffic evenly 

across nodes 

Adaptive 
Scheduling 

Reduce latency and 
packet delays 

Congestion Control 
Prevent packet loss and 

buffer overflow 

All these strategies make sure that the network can 
adjust to the changing traffic in real time resulting in 
enhanced Quality of Service (QoS). 

3.6. Performance Metrics 

The usefulness of the suggested framework is 
measured with the standard wireless network 
performance metrics. These metrics will give a 
quantitative context against which the proposed 
approach can be compared to conventional and 
centralized machine learning models. 
 Throughput (T): Measures the proportion of 

successful data transmission throughout the 
network.  

 Latency (L): Measures the overall delay of data 
packets.  

 Packet Loss Ratio (PLR): Represents the loss 
rate of packet transmissions.  

 Spectral Efficiency (SE): Indicates the effective 
use of the bandwidth.  

These performance metrics are vital in gauging 
network reliability, performance and scalability at 
different levels of traffic. 

4. RESULTS AND DISCUSSION 

In this section, a detailed assessment of the 
suggested federated learning-based traffic 
intelligence framework will be provided. The results 
of the proposed model are contrasted with traditional 
methods of network management and centralized 
machine learning. The performance measurements 
are on accuracy of prediction, throughput, latency, 
packet loss ratio, spectral efficiency and network 
utilization during different traffic conditions. 

4.1. Traffic Prediction Accuracy 

Proper traffic forecasting is a critical aspect of 
network optimization and optimal management of 
resources in wireless communications. The proposed 
federated learning (FL)-based model in this study is 
evaluated and compared to conventional (non-ML) 
and centralized machine learning methods. These 
comparisons are made on the basis of the main 
evaluation measures, which include Mean Absolute 
Error (MAE) and prediction accuracy. 

Table 3: Traffic Prediction Accuracy Comparison 

Model 
Mean Absolute 

Error 
Prediction 

Accuracy (%) 

Conventional (No 
ML) 

18.6 72.4 

Centralized ML 7.9 91.2 

Proposed FL 
Model 

6.1 93.8 
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Figure 2: Graphical Representation of Traffic Prediction 
Accuracy Comparison 

The findings of Table 3 clearly show that the 
proposed federated learning model is superior to the 
conventional and centralized machine learning 
models. The FL-based model has the lowest Mean 
Absolute Error of 6.1, which proves a better 
precision of prediction, and less deviation of actual 
values of traffic. Also, it achieves the maximum 
prediction accuracy of 93.8, which demonstrates its 
capability to be able to capture complicated and 
moving traffic patterns. 

However, the traditional method performs much 
worse because of the lack of predictive intelligence, 
whereas the centralized ML model, despite its 
efficiency, has limitations since it relies on the 
aggregation of data and is less adaptable to the 
distributed environment. 

The federated learning model has a better 
performance owing to the decentralized training 
process, which involves several nodes jointly 
learning using different and local traffickers. This 
helps the model to generalize more when subjected 
to different network conditions without affecting 
data privacy. The graphical comparison, as shown in 
Fig. 2, also helps to note the evident accuracy 
improvement and decrease of the prediction error 
that the suggested method offers. 

4.2. Throughput Performance Analysis 

Throughput is a key performance measure that 
indicates the efficiency of data transfer in a network 
that is wireless. It reflects how well data is being 
delivered through the communication medium and is 
a direct measure of the ability of the network to 
support traffic load. Increased throughput means a 
more efficient use of available resources and 
enhancing Quality of Service (QoS) to end users. 

Table 4: Average Network Throughput 

Method Throughput (Mbps) 

Conventional 22.5 

Centralized ML 31.8 

Proposed FL Model 34.6 

 
Figure 3: Graphical Representation of Average Network 

Throughput 

The proposed federated learning (FL)-based 
framework is also compared to traditional network 
management and centralized machine learning in 
this study in terms of throughput performance. 

Table 4 shows that the proposed federated 
learning model has significantly enhanced 
throughput. The traditional method has the lowest 
throughput of 22.5 Mbps because it is reactive and 
cannot adjust to the changing traffic characteristics. 
The centralized ML model increases throughput up 
to 31.8 Mbps by predicting resource allocation; it is 
however, limited by scalability and slow 
adaptability. 

The FL-based model proposed has the 
maximum throughput of 34.6 Mbps, which means 
that it performs better when dealing with network 
traffic. This is due to its decentralized learning 
process that allows real-time prediction of traffic at 
the distributed nodes. The model can be used to 
enable proactive allocation of bandwidth, effective 
load distribution, and minimize congestion by using 
local data information. 

As shown in Fig. 3, the graphical representation 
unmistakably shows the steady growth in throughput 
of the traditional methods to centralized ML and to 
the proposed federated learning method. The 
findings validate that federated learning coupled 
with network optimization has a significant impact 
on increasing the efficiency of data transmission and 
network performance. 

4.3. End-to-End Latency Analysis 

The end-to-end latency is a key performance 
indicator in wireless networks especially with real-
time and delay-sensitive applications like video 
conferencing, online gaming and voice 
communication. It is the sum of time spent by a data 
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packet on its way to the destination. Reduced latency 
is critical in responsiveness and high Quality of 
Service (QoS). 

The latency performance of the proposed 
federated learning (FL)-based framework is 
evaluated and compared to the traditional and 
centralized machine learning methods in this study. 

Table 5: Average End-to-End Latency 

Method Latency (ms) 

Conventional 145 

Centralized ML 92 

Proposed FL Model 80 

 

Figure 4: Graphical Representation of Average End-to-
End Latency 

Table 5 clearly shows that the proposed 
federated learning model has the lowest latency of 
all the compared methods. The traditional method 
has the greatest latency of 145 ms because it is 
reactive and cannot predict congestion. The 
predictive capabilities of the centralized ML model 
also result in a substantial reduction of latency to 92 
ms, but there is still a cost in terms of delays in the 
processing and transmission of data centrally. 

The FL-based model also decreases the latency 
to 80 ms, which means a better responsiveness and 
efficiency. This enhancement can be largely 
explained by the fact that decentralized learning 
mechanism allows identifying the traffic congestion 
at the earliest stage and promotes adaptive 
scheduling decisions made at the local node level. 
The model reduces the processing delays and 

improves real-time decision-making by reducing 
reliance on centralized data exchange. 

The graphical representation as shown in Fig. 4 
shows a steady decrease in latency between standard 
techniques and centralized ML and on to the 
federated learning technique. Such findings validate 
that federated learning with network optimization 
strategies is much more responsive and is extremely 
adaptable to delay-sensitive wireless networks. 

4.4. Packet Loss Ratio 

Packet Loss Ratio (PLR) is one of the most 
important performance indicators that directly 
indicate the reliability and stability of a wireless 
network. It is a ratio of the number of data packets 
that are lost on their way to a destination. Large 
packet loss causes retransmission, high delays and 
poor Quality of Service (QoS), particularly in real-
time applications. Hence, it is important to reduce 
packet loss in order to achieve effective and credible 
communication. 

In this paper, the packet loss performance of the 
federated learning (FL)-based framework is 
evaluated against the traditional and centralized 
machine learning methods. 

Table 6: Packet Loss Ratio Comparison 

Method Packet Loss (%) 

Conventional 6.8 

Centralized ML 2.3 

Proposed FL Model 1.7 
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Figure 5: Graphical Representation of Packet Loss Ratio 
Comparison 

The findings in Table 6 suggest that the number 
of packet losses significantly decreases when 
applying the suggested federated learning model. 
The traditional method has the most serious ratio of 
6.8% of packet losses because of poor congestion 
management and prediction facilities. The 
centralized ML model significantly improves 
performance by reducing packet loss to 2.3%, owing 
to its ability to anticipate traffic conditions. 

The FL-based model also minimizes packet loss 
to 1.7% and this illustrates the model as having better 
network reliability. This can be improved by the 
decentralized learning mechanism that facilitates the 
early detection of congestion and the management of 
the buffer at the local node level. The model 
efficiently averts network congestion and reduces 
the number of packets dropped by exploiting real-
time traffic information of a network using multiple 
distributed nodes. 

As illustrated in Fig. 5, the graphical 
representation clearly shows the progressive 
reduction in packet loss from conventional methods 
to centralized ML and further to the federated 
learning approach. Such results prove that the 
suggested framework increases stability in a network 
and makes the transmission of data more consistent 
in different conditions of traffic. 

4.5. Spectral Efficiency Analysis 

Spectral efficiency is an important performance 
parameter in wireless communication systems, 
because it quantifies the efficiency with which the 
given frequency spectrum is used to transmit data. It 
is determined as the data rate transmitted using a unit 
bandwidth and is crucial in solving the increasing 
demand of high data rates using limited spectrum. 
Increased spectral efficiency means that network 
resources are being utilized more efficiently and the 
overall system capacity is higher. 

In this study, the spectral efficiency of the 
offered federated learning (FL)-based framework is 
tested and compared to the traditional and 
centralized machine learning methods. 

Table 7: Spectral Efficiency Comparison 

Method Spectral Efficiency (bps/Hz) 

Conventional 2.1 

Centralized ML 3.4 

Proposed FL Model 3.9 

 

Figure 6: Graphical Representation of Spectral 
Efficiency Comparison 

As shown in Table 7, the proposed federated 
learning model has the highest spectral efficiency of 
the compared strategies. The traditional approach is 
the least efficient with the value of 2.1 bps/Hz 
because it is associated with the fixed allocation of 
resources and poor usage of the spectrum. 
Centralized ML model enhances spectral efficiency 
to 3.4 bps/Hz by using predictive capabilities that 
can optimize the management of resources. 

The proposed FL-based model also achieves 
better spectral efficiency of 3.9 bps/Hz, which 
implies a better performance in terms of spectrum 
use. The given improvement can be explained 
mainly by the decentralized learning mechanism 
allowing the adaptation to the different states of 
traffic in real time. Through the use of distributed 
data insights, the model adjusts dynamically 
transmission parameters (bandwidth allocation and 
scheduling) and results in a more efficient utilization 
of spectrum available. 

As shown in Fig. 6, the graphical analysis 
indicates that the spectral efficiency of the 
conventional approaches is steadily growing to 
centralized ML and then to the federated learning 
method. These findings affirm that federated 
learning combined with network optimization 
strategies is very effective in enhancing the use of 
the spectrum and is therefore very appropriate in 
next generation wireless networks where there is a 
constraint on the spectrum resources. 

4.6. Network Utilization Under Different Traffic 
Loads 

Network utilization efficiency is a significant 
performance measure that indicates the utilization 
efficiency of available network resources across 
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different traffic conditions. It is especially applicable 
in determining the scalability and adaptability of a 
wireless network as it reflects the capability of the 
system to sustain its performance under varying load 
conditions. 

This paper evaluates the efficiency of the 
proposed federated learning (FL)-based framework 
in terms of low, medium, and high traffic loads and 
compares it with traditional and centralized machine 
learning methods. 

Table 8: Network Utilization Efficiency 

Traffic 
Load 

Conventional 
(%) 

ML-Based 
(%) 

FL-Based 
(%) 

Low 62 78 85 

Medium 68 85 91 

High 71 89 95 

 

Figure 7: Graphical Representation of Network 
Utilization Efficiency 

Table 8 shows that the proposed federated 
learning framework has a greater utilization 
efficiency in every traffic condition. The FL-based 
model has 85% utilization under low traffic load, 
which is 62% and 78% in the conventional and 
centralized ML model, respectively. This shows 
more efficient utilization of the available resources 
even in the cases of relatively low demand by the 
network. 

The performance gap is even more noticeable as 
the load on the traffic grows. The FL-based model 
has a higher utilization rate of 91% compared to the 
conventional and ML-based models at medium load 
of 68% and 85% utilization respectively. In high 
traffic scenarios, the proposed model has the highest 

utilization at 95 which implies that the model is very 
effective in supporting the heavy network demand 
without much performance degradation. 

The high performance of the FL-based model 
could be explained by the decentralized learning and 
the ability to be adapted in real-time. The model uses 
distributed traffic information to dynamically 
optimize resource allocation and load balancing 
policies, guaranteeing efficient utilization of all 
nodes. The federated structure allows optimization 
to be more local and fast as compared to centralized 
methods, which can have sluggish decision-making 
and bottlenecks in communication. 

As shown in Fig. 7, in the graphical 
representation, it is clear that there is a steady 
increase in utilization efficiency using traditional 
approaches to centralized ML and then to the 
federated learning approach. These results 
substantiate that the suggested structure can be 
scaled to an impressive degree and can ensure the 
best performance even under different and high-
traffic loads. 

4.7. Communication Overhead Analysis 

Wireless networks serve as an important 
concern in terms of communication overhead, 
especially in large scale distributed applications. It is 
the volume of information between network nodes 
and central servers in the process of model training 
and optimization. The high communication 
overhead may cause excessive bandwidth usage, 
network congestions, and latencies, which 
eventually reduce the overall system performance. 

In this research, the communication overhead of 
the suggested federated learning (FL)-based system 
is juxtaposed with the traditional centralized 
machine learning methodology. 

Table 9: Communication Overhead Comparison 

Method 
Data Transmission 

Requirement 

Centralized 
ML 

High 

Federated 
Learning 

Low 

The findings given in Table 9 clearly 
demonstrate that the federated learning model 
significantly decreases the communication overhead 
in contrast to the centralized machine learning 
models. Large amounts of raw traffic data have to be 
sent continuously in a centralized ML, where 
distributed nodes transmit data to a central server to 
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be processed and trained. This means it consumes a 
lot of bandwidth and loads the network. 

Conversely, federated learning model does not 
require raw data transmission, as the local nodes can 
train models on their own. The aggregation server 
receives only model parameters or weight updates 
and this drastically reduces the amount of data sent. 
This reduces the cost of communication as well as 
increasing the scalability and efficiency of the 
system. 

Moreover, the decrease in the communication 
overhead is added to the faster model updates and 
responds better, and the proposed framework is more 
appropriate to the real-time wireless network 
environment. One of the main features of federated 
learning is the capability of distributed learning with 
a minimum amount of data communication, which is 
particularly valuable in privacy-sensitive and 
resource-constrained networks. 

4.8. Overall Performance Improvement 

In order to give a summarized assessment of the 
suggested framework, the percentage change of all 
main performance metrics is generalized in Table 10. 
This discussion emphasizes the compounding effects 
of combining federated learning with smart network 
optimization solutions. 

Table 10: Overall Performance Gain 

Metric Improvement (%) 

Throughput +41.3 

Latency -36.6 

Packet Loss -66.2 

Spectral Efficiency +61.9 

The findings in Table 10 show conclusively that 
the proposed federated learning-based framework 
significantly improves all the performance measures 
considered. Its throughput improvement of 41.3% is 
a sign of better efficiency in data transmission and 
the reduction in latency by a massive 36.6% is a sign 
of better responsiveness to the network and 
especially to real-time applications. Additionally, 
the greatest improvement is seen in the packet loss 
that is minimized by 66.2% meaning that network 
reliability and stability are significantly improved. 
The fact that the spectral efficiency has increased by 
61.9% also supports the efficient usage of limited 
wireless spectrum resources. 

Such improvements in performance justify the 
efficiency of the introduced approach in overcoming 
the shortcomings of traditional and centralized 

machine learning solutions. In contrast to centralized 
models, which rely on the large-scale transmission 
of data and are prone to scalability challenges, the 
federated learning architecture allows training 
distributed models at low communication costs and 
with high privacy rates. The proposed system can be 
more adaptive to changing traffic conditions, is more 
scalable to distributed networks, and can be 
optimized in real-time in a better way through the 
use of localized data and collaborative learning. The 
steady gains in all the measures are a strong 
indication that the federated learning combined with 
network optimization strategies can be a powerful 
and scalable solution to the next-generation wireless 
communication systems. 

5. CONCLUSION AND FUTURE SCOPE  

This paper demonstrated a federated learning-
based traffic intelligence architecture of distributed 
optimization of wireless network performance. The 
proposed solution can overcome the major 
drawbacks of the traditional and centralized machine 
learning techniques especially the problem of data 
privacy, scalability, and communication overhead. 
The framework allows decentralized model training 
between distributed nodes and thus performs 
efficient learning without the need to exchange raw 
data. 

The combination of traffic prediction and 
adaptive network optimization strategies enables the 
system to proactively control network resources. The 
experimental outcomes show that all significant 
performance indicators, such as increased 
throughput, decreased latency, minimized packet 
loss, and improved spectral efficiency are most 
likely to improve. Moreover, the framework ensures 
high network utilization with varying loads of 
traffic, emphasizing its scalability and flexibility to 
dynamic wireless conditions. 

Overall, the results validate that federated 
learning is a highly secure, effective, and privacy-
assuring solution to the next generation of wireless 
communication systems, especially in 5G and IoT-
based networks where distributed intelligence is 
required. 
 Future research can explore the integration of 

advanced deep learning architectures, such as 
LSTM and transformer-based models, to further 
enhance the accuracy of traffic prediction and 
address intricate temporal relationships.  

 To test the performance of the proposed 
framework in real-life scenarios, it can be scaled 
to real-time implementation in realistic wireless 



 Journal of Theoretical and Applied Information Technology 
15th May 2026. Vol.104. No.9 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
427 

 

systems, such as 5G, edge computing, and large-
scale IoT infrastructures.  

 Further research is possible on improving the 
security and resilience of the federated learning 
system, such as adding secure aggregation 
methods, blockchain-based systems or 
adversarial defenses to the federated learning 
system. 
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