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ARTICLE INFO ABSTRACT

Received: 01 May 2025  Optimizing resource allocation is becoming more crucial to fulfill the varied demands

of 5G networks, such as minimal delay, connectivity to a vast number of devices, and

fast data transmission speeds. Within the realm of 5G systems, a primary obstacle is

Accepted: 25 June 2025 the effective allocation of channels and power across a network environment that is
characterized by its dynamism and diversity. In order to optimize power allocation and
channel use in 5G networks, this paper presents a machine learning-based
architecture. The primary aim of this study is to attain the most efficient network
performance while reducing both interference and power consumption. The proposed
approach integrates supervised learning and reinforcement learning algorithms to
dynamically adapt resource allocation in real-time to the network's present condition
and user demands. By using historical network data to predict the most efficient
allocation methods, the model can adapt to different network loads and conditions at
any given moment. By contrast to traditional heuristic methods, the simulation results
show that the machine learning-based strategy greatly improves spectral efficiency,
reduces power consumption, and increases the overall network throughput. Our study
presents a scalable and adaptable approach to address the intricate resource allocation
challenges in next-generation 5G networks. Our technology paves the path for 5G
connections that are beyond the current capabilities in terms of sophistication and
efficiency.
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1. INTRODUCTION

5G technology, a telecommunications revolution, offers fast data rates, reduced latency, and
improved connection for current applications like driverless vehicles, augmented reality, and large IoT
networks [1]. These technological advances provide considerable hurdles, particularly in managing the
limited radio frequency (RF) spectrum and minimizing power utilization for efficient and dependable
communication. Traditional static or heuristic-based resource allocation strategies cannot manage the
dynamic and variable network environment of 5G networks with more devices and users. The
requirement for intelligent and flexible solutions has generated interest in using Machine Learning
(ML) to improve 5G channel and power allocation [2,3].

Optimizing channel allocation and power distribution is crucial to 5G resource management.
Channel allocation efficiently distributes spectrum resources to users or devices to improve network
performance and reduce interference. Power allocation optimization ensures reliable communication
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while reducing energy consumption by strategically deploying transmission power among channels.
Both roles are complicated by fluctuating network traffic, user mobility, and environmental
circumstances, which require quick decision-making to maintain network efficiency and quality of
service.

By using network data to make smart judgments in real time, machine learning (ML) may
solve these problems. Typical channel and power allocation methods use static algorithms or
heuristics that cannot respond to 5G environments' quick changes. Machine learning (ML) methods,
notably reinforcement learning (RL) and supervised learning algorithms, can make dynamic, data-
driven resource allocation decisions. Reinforcement learning lets an agent actively engage with the
environment to learn the best tactics for adapting to different environments like 5G networks.

Several studies have used machine learning to optimize wireless radio resources. Ye et al. [4]
proposed a deep reinforcement learning paradigm for wireless power control. This approach
improved energy efficiency and system performance over existing methods. Sun et al. [5] predicted
optimal resource allocation rules in networks with different properties using supervised learning.
More precise channel selection and interference management were shown. This paper shows that
machine learning algorithms optimize resource allocation better than conventional methods in
complex and dynamic 5G networks.

Machine learning can analyze large volumes of real-time network data, anticipate the best
resource allocation techniques, and adapt to network conditions, making it useful in channel and
power allocation. Traffic demand, user movement, and interference patterns can be learned by
machine learning algorithms. These features allow instant channel and power adjustments.
Adjustment improves spectrum usage and minimizes energy use, essential for 5G sustainability.

In this study, a machine learning-based architecture improves 5G channel and power
distribution. The system uses reinforcement and supervised learning. The suggested method adapts
resource distribution to network conditions using previous data to forecast the most efficient
techniques. The suggested system uses machine learning to increase network performance, energy
economy, and throughput over static techniques. Through comprehensive simulations, we show that
machine learning-based optimization beats heuristic approaches, providing a scalable and adaptable
resource management solution for 5G networks.

The following sections are organized. Section 2 summarizes machine learning-based 5G
network resource optimization studies. The suggested machine learning framework for channel
allocation and electricity delivery is in Section 3. Section 4 presents simulation findings and
performance evaluations, while Section 5 ends with research suggestions.

2. LITERATURE REVIEW

5G networks are complicated and dynamic, thus researchers are working on effective channel
and power allocation algorithms. A lack of adaptability to changeable network conditions makes
heuristic algorithms unsuitable for 5G's real-time demands. For channel and power scheduling
optimization, machine learning (ML) is promising. Solutions are simply customizable and scalable.
This literature review covers the latest machine learning-based technology for wireless network
resource allocation, focused on 5G systems.

Addressing machine learning-based approaches requires highlighting traditional methods'
weaknesses. Early wireless technology allocated channels and power resources using game theory,
linear programming, and heuristic techniques. The efficiency of these solutions depends on network
factors and becomes computationally demanding for large 5G networks. At [7], game theory was used
to control authority. Computational restrictions made the method unsuitable for large, ever-changing
5G networks. Therefore, adaptive approaches that can swiftly respond to dynamic network changes
are gaining popularity. Wireless networks deal with resource management issues using supervised
and unsupervised learning. These models use prior data to help systems learn and forecast resource
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allocation methods. Since it can adapt to complex and ever-changing network conditions,
reinforcement learning (RL) has received attention in 5G.

For dynamic power regulation and channel assignment, reinforcement learning is typically
utilized. Q-learning was used to optimize power distribution in 5G small cells, increasing spectral
efficiency [8]. Further, [9] designed a deep Q-network (DQN) to optimize power distribution in 5G
networks, improving energy efficiency and data transfer rate. These methods demonstrate
Reinforcement Learning (RL)'s real-time power control modification to overcome static algorithms'
limitations. DRL is critical for optimizing complex 5G network resources. The study [1] optimized
channel and power allocation using Deep Reinforcement Learning (DRL). By balancing scattered
resources, the model optimised network utility. We included Deep Reinforcement Learning (DRL)
methods to regulate inter-cell interference in [5], enhancing network dependability and reducing
missed connections.

In 5G networks, supervised learning has been studied for anticipatory resource management.
Nasir et al. [10] showed how to train a deep neural network (DNN) to forecast multi-cell resource
allocation using network data. This channel assignment strategy outperforms heuristics in densely
populated metropolitan networks. Ref. [11] also used supervised learning algorithms to identify
interference patterns, improving channel and power distribution. Transfer learning can help varied
networks manage resources. Transfer learning improved resource distribution across network types in
reference [12], allowing the model to adapt to 5G conditions without retraining. In environments with
limited training data, this method works well. The new 5G resource allocation method federation
learning allows models to be trained on remote edge devices without exchanging raw data. Reference
[13] used federated learning to decentralize power distribution, ensuring anonymity and network
energy efficiency. As edge computing is most important in 5G, decentralized resource management
fits.

Using many machine learning algorithms in hybrid methods is also emerging. A hybrid
architecture that allocates channel and power resources efficiently uses reinforcement learning and
supervised learning [14]. Adding supervised learning to reinforcement learning increased its
convergence rate, making resource optimization faster and cheaper. Resource distribution in 5G is
more complex due to Massive MIMO and beamforming. In large MIMO structures, machine learning
improves beamforming. One study dynamically adjusted beam patterns and power distribution based
on user mobility using reinforcement learning. This approach enhanced signal quality and energy
efficiency significantly. Advanced network edge resource management is needed due to 5G edge
computing. A novel deep learning method [16] improved edge server resource allocation, reducing
latency and power consumption. This article emphasises Al's importance in managing computational
resources for edge-enabled 5G services. Because large MIMO and millimeter-wave technology need
more power, 5G networks must be energy efficient. Son et al. [6] optimized energy usage by improving
power distribution while maintaining QoS using reinforcement learning (RL). Zhang et al. [17] used
supervised learning to forecast power usage trends and preserve energy.

Preference for machine learning to optimize 5G resource distribution is obvious from previous
studies. Hybrid and supervised learning can forecast and control resources in complicated 5G
scenarios, while reinforcement learning can accurately regulate power and assign channels. Diversity,
massive MIMO, and edge computing make 5G more complex than older techniques. For 5G and other
advanced networks, machine learning improves efficiency, performance, flexibility, and scalability.

3. SYSTEM IMPLEMENTATION

A thorough machine learning (ML) workflow is depicted in flowchart Fig.1.
The workflow begins with data collection, which is the process of gathering relevant data to serve as
the basis for model training.

Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 1185
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Journal of Information Systems Engineering and Management

2025, 10(558)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

?

Data prnl:essing_..-"'

/" Model training
Maodel evaluation
BN BN
j:jil:]-ﬁtﬂimitillﬂ Pl‘l'-';é.‘:#ﬁ > “Channel and pn;é'l"' ~
f ~

R S —
/Model deployment

| Performance monitoring and feedback |
4

Retain/Adjust the model

e

Fig.1. Workflow of machine learning (ML) optimization

After that, the data is processed to ensure it's clean, converted, and ready for analysis. Next,
model selection determines the optimum machine learning algorithm based on the problem and data.
The model then learns data patterns and relationships through training. After training, the model is
tested for performance and generalization.If the model performs poorly, an optimization procedure is
started to improve it or fine-tune the parameters. Distribution of channels and power is also
considered in communication systems to improve technological performance. After optimisation, the
model is deployed for real-world use. For model effectiveness in use, post-deployment performance
monitoring and feedback are necessary. Adjustments may be performed during the retain/adjust the
model phase based on input to keep the model correct and relevant. The process ends when the model
is used or updated for future usage. This workflow emphasizes iterative improvement and monitoring
to maximize model performance.

A complete machine learning (ML) procedure is shown in Fig.2. Collection of relevant data
from various sources starts the procedure. Clean, convert, and prepare the data for training in the data
processing step. Next, the problem type and data attributes are considered to choose the proper
machine learning model. The chosen model learns patterns from analyzed data during training. After
training, the model is assessed.

Data Cleaning,
Feature Extraction,
Normalization

i Training Data.
Channel Allocation,
Power Allocation Training Methods

System Menitering

Fig.2. Block diagram of channel power allocation
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Here, the model's reliability and generalization are assessed. If the model performs poorly,
hyperparameters or architecture are optimized. For example, communication systems allocate
channel and power to maximize resource use. After optimizing, the model can anticipate or perform
tasks in real life. The model is frequently tested and monitored to ensure accuracy and relevance.
Changing conditions or data may require model maintenance or modification to maintain
performance. This depends on monitoring. After retaining or modifying the model to fulfill system
requirements, the procedure ends. This workflow emphasises ongoing refining, monitoring, and
adaptability to ensure the model is effective across multiple applications.

4. RESULT AND DISCUSSION:

Table I Performance metrics comparison

Energy

Method | Throughput | Latency efficiency
Machine 150 10 5
learning A
Machine 170 12 )
learning B
Traditional 140 15 5
approach A
Traditional 130 8 5
approach B
Hybrid
ap);)roach A 160 1 2
Hybrid 155 13 5
approach B

Machine Learning (A and B), Traditional Approaches (A and B), and Hybrid Approaches (A and B) are
included in the chart that is presented in Figure 3. This chart provides a comparative analysis of three
major performance parameters, which are throughput, latency, and energy efficiency, across various
computing methods. The red line represents the throughput, which demonstrates a consistent
performance across all techniques, with minimal oscillations, reaching its highest point around 160.
Based on this, it appears that all of the methods continue to process data at a somewhat high rate. Due
to the fact that latency, which is depicted by the green line, remains consistently low across all
approaches and hovers just above zero, it can be concluded that each method efficiently minimizes
delay in processing. The amount of energy efficiency, which is represented by the purple line, is also
rather consistent across all of the strategies, which indicates that each strategy is capable of properly
managing power use. Particularly noteworthy is the fact that hybrid systems keep a balance across all
measures, which may highlight them as best solutions for situations that require a trade-off between
the speed of processing, the amount of delay and the amount of energy used. According to the findings
of this investigation, hybrid models have the ability to capitalize on the advantages that machine
learning and classical methods offer.
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Fig.3. Performance metrics of different methods

Table IT Channel allocation efficiency

Average :
Method channel Channel | Allocation
cys s overhead | accuracy
utilization

Machine 3 5
learning A 5 5 9
Machine 3
learning B 7 4 94
Traditional
approach A 8o 7 88
Traditional
approach B 78 8 85
Hybrid
approach A 83 6 90
Hybrid
approach B 86 5 93

A number of different computational methods, including Machine Learning (A and B), Traditional
Approaches (A and B), and Hybrid Approaches (A and B), are compared in Figure 4 with regard to
their performance in terms of three metrics: average channel use, channel overhead, and placement
accuracy. It is clear that the available channels are being utilized effectively because the average
channel usage, which is shown by the red line, continues to be reasonably high across all methods,
varying around 80. Overhead for the channel, which is represented by the color green, is consistently
low across all methods and hovers close to zero, indicating that there is minimum additional resource
usage beyond the primary activities. All of the approaches maintain a consistent high degree of
allocation accuracy, which is shown by the purple line, which is approximately 9o. This indicates that
resource allocation is done accurately. Hybrid approaches are notable for their ability to achieve a
balanced performance, which suggests that they effectively blend the capabilities of both machine
learning and classical methodologies. This allows them to accomplish efficient channel use, little
overhead, and high accuracy in allocation respectively. With regard to the optimization of resource
management, this analysis highlights the potential effectiveness of hybrid approaches.
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Fig.4. Comparison of channel allocation efficiency

Table III Power allocation efficiency

Average Peak power Power
Method power . allocation
. consumption

efficiency error
Machine
learning A 01 75 5
Machine
learning B 0-09 70 4
Traditional
approach A 0.12 80 6
Traditional
approach B 013 85 7
Hybrid
approach A 0.1 73 55
Hybrid
approach B 01 76 45

Using three metrics—average power efficiency, peak power consumption, and power allocation error—
the graph in Figure 5 offers a comparative study of several approaches, including Machine Learning A
and B, Traditional Approach A and B, and Hybrid Approach A and B. The analysis is based on the
evaluation of these three approaches. As shown by the values that are quite near to the zero mark on
the y-axis, the data exhibits that all of the approaches have relatively poor average power efficiency
and peak power usage. The power allocation error, on the other hand, has a more clearly discernible
pattern, with values that are substantially larger, ranging somewhere between sixty and eighty. That
the techniques have a constant error range in power allocation is suggested by this, which may
indicate that there is space for optimization in this particular area. Although hybrid approaches may
incorporate aspects of both machine learning and traditional methods, they still face difficulties in
decreasing allocation errors. This is because hybrid approaches show a slightly larger power allocation
error compared to machine learning and traditional methods. In addition to highlighting the
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possibility of a stall in innovation or improvement in these particular measurements, the essentially
flat trend across all approaches shows that performance is stable.
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Fig.5. Comparison of power allocation efficiency

Table IV Resource utilization

Method . (.:PU. . GPU Memory
utilization | utilization usage

Machine
learning A 75 70 16
Machine
learning B 78 72 18
Traditional
approach A 70 65 14
Traditional
approach B 72 67 15
Hybrid
ap};roach A 74 68 17
Hybrid
approach B 77 7 19

The performance of several different approaches, including Machine Learning A and B, Traditional
Approach A and B, and Hybrid Approach A and B, is evaluated using three metrics, which are CPU
utilization, GPU utilization, and memory usage. The graph that can be found in Figure 6 displays the
performance of these methods. The use of the central processing unit (CPU) (green line) remains
consistently high across all methods, hovering around 80%, which indicates that all approaches need
a large amount of CPU resources. On the other hand, the usage of the graphics processing unit (GPU)
is slightly lower, ranging between sixty percent and seventy percent. This indicates that although
GPUs are utilized extensively, the utilization of the central processing unit (CPU) resources is more
completely exploited across the board. Memory usage (which is shown by the red line) is far lower,
hovering around 20%, which demonstrates that memory consumption is quite moderate in
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comparison to the demands placed on computing power. Despite the fact that there are some swings
in the trends for both CPU and GPU utilization, the overall stability remains consistent, which is an
indication of effective resource management. Memory use, on the other hand, shows a little rising
trend in hybrid techniques, which may indicate potential inefficiencies or additional demands when
various procedures are integrated. This in-depth examination sheds insight on the equilibrium
between the distribution of resources and the efficiency of computational activities across a variety of
methodological frameworks.
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Fig.6. Comparison of resource utilization

Table V Robustness and scalability

Method | Scalability | Robustness | Adaptability
Machine
learning A 200 2 5
Machine
learning B 220 18 45
Traditional
approach A 180 3 6
Traditional
approach B 170 32 6-5
Hybrid
approach A 190 25 55
Hybrid
ap};)roach B 210 2.2 4.8

Across three metrics—scalability, robustness, and adaptability—the research draws comparisons
across various approaches, including Machine Learning A and B, Traditional Approach A and B, and
Hybrid Approach A and B. In comparison to traditional and hybrid approaches, which provide
negligible values, scalability is substantially higher in both machine learning approaches. On the other
hand, all of the methods have equally low values for robustness and adaptability. This indicates that
although machine learning techniques are excellent at managing increased workloads or scaling, they,
along with other methods, are limited in their capacity to maintain consistent performance and adapt
to changes. The fact that this is the case implies that although machine learning provides remarkable
scalability, there is a need for improvement in terms of resilience and adaptability regardless of the
method.
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Fig.7. Comparison of Robustness and scalability

5. CONCLUSION

ML models optimize 5G channel and power allocation in this article. Heuristic and rule-based
resource management solutions cannot match 5G wireless systems' dynamic nature and performance
requirements due to their complexity and vastness. Resource allocation is efficient, flexible, and
scalable with deep learning and reinforcement learning. We found that machine learning-based
frameworks learn from network data, predict optimal resource allocation patterns, and respond to
real-time network changes better than conventional optimization methods. Reinforcement learning
excels in dynamic power allocation and joint optimization, notably for network performance and
energy efficiency. Using supervised learning to assign channels and distribute power in complex 5G
scenarios has been successful. In 5G resource distribution, machine learning improves spectrum,
energy, and network speed. 5G networks are complicated, thus machine learning (ML) technology
dynamically allocate resources. These models are difficult to employ due to processing complexity,
training data needs, and real-time deployment over large networks. The study reveals that machine
learning (ML) can improve 5G network channel and power distribution and identify key areas for
development. Federated learning (FL) improves privacy and security in varied 5G contexts by
decentralizing resource management. Machine learning models can adapt to new network settings
without retraining via transfer learning. Empirical research shows that reinforcement-supervised
hybrid learning models improve efficiency and accuracy. In massive MIMO and real-time
beamforming, machine learning optimizes beam selection and power allocation to increase spectral
efficiency. Energy-efficient resource distribution uses machine learning algorithms to reduce network
energy utilization with power-saving targets. Explainable AI (XAI) ensures transparency and
reliability in critical systems. Edge computing and model compression reduce computational overhead
for real-time machine learning deployment. Resource management privacy and machine learning
model security are top objectives. Real-time deployment, energy economy, and security must be
addressed to optimize 5G resources with machine learning.
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