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Abstract - The rapid expansion of fifth-generation (5G) wireless
communication networks has intensified the demand for
intelligent radio resource management strategies capable of
improving spectral efficiency, network throughput, and adaptive
decision-making under dynamically varying channel conditions.
Conventional resource allocation approaches often exhibit
limitations in exploiting instantaneous channel variations and
optimizing spectrum utilization in heterogeneous multi-user
communication environments. To address these challenges, this
research proposes a Deep Reinforcement Learning-Based
Intelligent Resource Allocation Framework for Enhanced
Spectral Efficiency in 5G Wireless Networks, employing the
Proximal Policy Optimization (PPO) algorithm for adaptive
resource block scheduling. The proposed framework integrates
stochastic wireless channel modelling, interference-aware
network observations, and a multi-objective reward mechanism
incorporating spectral efficiency, user fairness, and interference
considerations within a unified reinforcement learning
environment. The principal novelty of this study lies in the
integration of PPO-driven sequential resource block allocation
with a composite performance-oriented reward formulation and
systematic benchmarking against conventional scheduling
strategies within a reproducible 5G wireless network simulation
framework. The developed model was implemented using Python
and evaluated in a multi-user downlink communication
environment incorporating Rayleigh fading, distance-dependent
path loss, and variable channel conditions. Its performance was
compared with Round Robin, Random Allocation, and Maximum
Signal-to-Interference-plus-Noise Ratio (Max-SINR) scheduling
algorithms. The simulation results demonstrated that the
proposed PPO-based framework achieved approximately 7.8
bits/s/Hz spectral efficiency and 16.9 Mbps aggregate network
throughput, corresponding to spectral efficiency improvements of
98.51%, 87.67%, and 1.96% over Round Robin, Random
Allocation, and  Max-SINR  scheduling,  respectively.
Furthermore, the training reward convergence characteristics
indicated progressive improvement in the learning agent's
resource allocation decisions. However, the resulting Jain's
fairness index of approximately 0.20 revealed a significant trade-
off between aggregate spectral utilization and equitable
throughput distribution. The findings demonstrate the feasibility
of PPO-based adaptive scheduling for improving spectrum

utilization while emphasizing the importance of fairness-aware
optimization and scalability in future developments. The
proposed framework establishes a computational foundation for
investigating intelligent radio resource management in next-
generation wireless communication systems.

Index Terms: Fifth-Generation Wireless Networks (5G), Deep
Reinforcement Learning (DRL), Proximal Policy Optimization
(PPO), Intelligent Resource Allocation, Spectral Efficiency
Optimization, Radio Resource Management, Network Throughput,
Wireless Channel Modelling, Interference Management, User
Fairness, Adaptive Scheduling.

I. INTRODUCTION

The rapid evolution of wireless communication technologies
has fundamentally transformed the global
telecommunications landscape, creating an unprecedented
demand for high-speed data transmission, reliable
connectivity, ultra-low latency, and efficient utilization of
limited radio frequency resources. The emergence of fifth-
generation (5G) wireless communication  networks
represents a significant technological advancement designed
to address the increasingly complex communication
requirements of modern digital ecosystems. Unlike previous
generations of cellular networks, 5G technology supports a
diverse range of applications, including enhanced mobile
broadband (eMBB), ultra-reliable low-latency
communications (URLLC), and massive machine-type
communications (mMMTC). These capabilities have
accelerated the development of intelligent transportation
systems, industrial automation, smart cities, autonomous
vehicles, remote healthcare, and large-scale Internet of
Things (loT) infrastructures. However, the simultaneous
accommodation of heterogeneous communication services,
increasing numbers of connected devices, and continuously
varying traffic demands introduces substantial challenges in
wireless  resource  management.  Consequently, the
development of intelligent and adaptive resource allocation
mechanisms has become essential for ensuring the efficient
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and sustainable operation of next-generation wireless
communication networks.

Spectral efficiency is widely recognized as one of the most
critical performance indicators in contemporary wireless
communication systems because it determines the amount of
information that can be transmitted reliably within a given
bandwidth. The increasing scarcity of available radio
frequency spectrum, combined with the exponential growth
of mobile data traffic, has intensified the necessity for
communication strategies capable of maximizing spectral
utilization without compromising transmission reliability or
service quality. In 5G wireless networks, spectral efficiency
is influenced by several interdependent factors, including
channel quality, transmission power, interference levels, user
distribution, bandwidth allocation, modulation techniques,
and network topology. The deployment of advanced
communication technologies such as massive multiple-input
multiple-output (MIMO) as shown in Figure 1, orthogonal
frequency-division multiplexing (OFDM) as shown in
Figure 2, millimetre-wave communication, beamforming,
and dense small-cell architectures has considerably
improved the potential for efficient spectrum utilization.
Nevertheless, the practical benefits of these technologies
depend heavily on the effectiveness of the underlying radio
resource management mechanisms. Inefficient allocation of
available spectrum and transmission resources can result in
excessive inter-user interference, reduced network
throughput, uneven service distribution, and underutilization
of communication infrastructure.
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Figure 1: General architecture of a 5G wireless communication
network illustrating the integration of base stations, heterogeneous
user equipment, and intelligent radio resource management.

Conventional resource allocation techniques in cellular
communication networks primarily rely on predetermined
scheduling policies, mathematical optimization frameworks,
heuristic algorithms, and rule-based decision-making
strategies. Approaches such as proportional fair scheduling,
round-robin scheduling, maximum channel quality indicator

scheduling, and conventional power allocation methods
have been extensively employed to distribute available
communication resources among multiple users. Although
these approaches provide practical solutions under specific
operating conditions, their effectiveness may deteriorate
when applied to highly dynamic and heterogeneous 5G
network environments. Traditional optimization techniques
often require accurate mathematical representations of the
network, reliable channel state information, and repeated
computational procedures to determine suitable resource
allocation decisions. Furthermore, several conventional
algorithms exhibit limited adaptability to unpredictable
traffic fluctuations, rapidly changing wireless channel
conditions, and complex interference patterns. The
increasing dimensionality of resource allocation problems,
particularly in dense multi-user networks, further
complicates the application of conventional optimization
approaches. These limitations highlight the necessity for
intelligent computational frameworks capable of learning
adaptive allocation policies directly from interactions with
the wireless environment.Artificial intelligence (Al) and
machine learning (ML) have emerged as promising
technologies for addressing the computational and
operational challenges associated with modern wireless
communication networks as shown in Figure 3.
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Figure 2: lllustration of radio resource allocation and spectrum
utilization in a multi-user 5G wireless communication system.

Their ability to identify complex relationships within
multidimensional datasets, predict network behaviour, and
support data-driven decision-making has created new
opportunities for intelligent radio resource management.
Supervised learning algorithms have been investigated for
channel estimation, traffic prediction, interference
classification, and communication quality assessment, while
unsupervised learning approaches have been applied to user
clustering, network organization, and resource utilization
analysis. However, many conventional machine learning
techniques depend on the availability of representative
training datasets and may require retraining when network
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conditions change substantially. In addition, supervised
learning frameworks are not inherently designed to optimize
sequential decisions in environments where present
allocation choices influence future network performance.
These characteristics motivate the investigation of
reinforcement learning methodologies that can continuously
improve  resource  allocation  decisions  through
environmental interactions and feedback-driven

optimization.
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Figure 3: Conceptual framework of deep reinforcement learning-
based intelligent resource allocation in 5G wireless networks,
illustrating the interaction between the learning agent and the

wireless communication environment.

Reinforcement learning (RL) provides a mathematical
framework in which an intelligent decision-making agent
interacts with a dynamic environment and learns an
appropriate control policy by maximizing cumulative
rewards. Unlike conventional supervised learning,
reinforcement learning does not require predefined optimal
decisions for every possible network condition. Instead, the
learning agent explores alternative actions, observes their
consequences, and gradually identifies strategies that
improve long-term system performance. In wireless
communication applications, the network environment can
be represented through parameters such as channel gain,
signal-to-interference-plus-noise ratio (SINR), user traffic
demand, interference  conditions, and  available
communication resources. The learning agent can select
resource allocation actions involving transmission power,
scheduling priorities, bandwidth distribution, or physical
resource block assignments. A suitably designed reward
mechanism can encourage improvements in spectral
efficiency while accounting for fairness, power limitations,
and minimum quality-of-service requirements. Nevertheless,
conventional reinforcement learning algorithms may
encounter significant scalability challenges when the
number of network states and possible allocation decisions
becomes large, thereby limiting their applicability to
realistic multi-user communication scenarios.

Deep reinforcement learning (DRL) addresses several
limitations of conventional reinforcement learning by
integrating deep neural networks with sequential decision-
making  algorithms. ~ Through  nonlinear  function
approximation, DRL enables an intelligent agent to learn
effective resource allocation policies from high-dimensional
network observations without explicitly maintaining a
tabular representation of every possible state-action
combination. Advanced DRL methodologies, including
Deep Q-Networks (DQN), Double Deep Q-Networks
(DDQN), Deep Deterministic Policy Gradient (DDPG), and
Proximal Policy Optimization (PPO), provide different
mechanisms for learning adaptive decision policies under
discrete, continuous, and complex action spaces. These
algorithms offer considerable potential for wireless resource
management because they can accommodate dynamic
channel variations, changing user requirements, and
nonlinear relationships  between resource allocation
decisions and communication performance. In particular,
DRL-based allocation strategies can be formulated to
balance the competing objectives of maximizing network
spectral efficiency, maintaining acceptable service quality,
minimizing interference, and ensuring equitable access to
communication resources.

Despite the growing research interest in DRL-enabled
wireless communication systems, the development of
reliable and computationally efficient resource allocation
mechanisms remains an important research challenge.
Existing learning-based approaches may experience slow
training convergence, unstable policy updates, excessive
exploration costs, and sensitivity to variations in network
operating conditions. Furthermore, resource allocation
strategies that emphasize aggregate throughput or spectral
efficiency without explicitly considering user fairness may
preferentially allocate communication resources to users
experiencing favourable channel conditions. Such behaviour
can reduce the service quality of cell-edge users and create
substantial disparities in network performance. Similarly,
optimization frameworks that do not adequately incorporate
interference constraints and transmission power limitations
may produce allocation decisions that are unsuitable for
practical wireless systems. The simultaneous consideration
of spectral efficiency, interference management, resource
utilization, and user fairness therefore represents a
significant ~ multi-objective  optimization problem.
Addressing these challenges requires the development of an
adaptive learning framework that can efficiently evaluate
changing network conditions and determine suitable
resource allocation decisions while respecting operational
constraints.
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The integration of DRL into 5G radio resource management
also introduces important considerations concerning
computational complexity, training efficiency, and
deployment feasibility. Wireless channel conditions can
fluctuate over relatively short timescales because of
mobility, multipath propagation, shadowing, and variations
in the surrounding electromagnetic  environment.
Consequently, an intelligent allocation framework must be
capable of responding to changing network observations
without introducing excessive decision-making delays.
Although neural network inference can be computationally
efficient after training, the development of an effective
policy may require extensive interactions with a simulated
network environment. In addition, differences between
simulated propagation conditions and actual cellular
network behaviour can influence the generalization
capability of learned allocation policies. These
considerations emphasize the importance of systematic
simulation, appropriate channel modelling, controlled
training procedures, and comparative performance
evaluation. A well-designed DRL framework should
demonstrate not only improvements in spectral efficiency
but also consistent performance across different user
densities, signal quality conditions, and network traffic
scenarios.

In this context, Python-based computational modelling
provides a flexible and reproducible environment for
investigating intelligent resource allocation strategies in 5G
wireless networks. Python offers a comprehensive collection
of scientific computing, optimization, and machine learning
libraries that facilitate wireless channel simulation, neural
network development, reinforcement learning
implementation, and performance analysis. Libraries such as
NumPy, SciPy, PyTorch, TensorFlow, and Matplotlib can be
employed to construct a multi-user wireless communication
environment,  represent  channel-dependent  resource
allocation decisions, train intelligent learning agents, and
visualize the resulting network performance. The availability
of cloud-based execution platforms such as Google Colab
further enables computational experimentation without
requiring specialized communication hardware. Through
carefully designed simulation scenarios, the effectiveness of
DRL-based resource allocation can be evaluated under
varying numbers of connected users, available bandwidth,
transmission power constraints, interference levels, and
channel conditions. Such an approach provides a systematic
foundation for examining the relationship between
intelligent resource management and achievable spectral
efficiency.

The present research investigates a Deep Reinforcement
Learning-Based Intelligent Resource Allocation framework
for enhancing spectral efficiency in 5G wireless networks.
The proposed research direction focuses on formulating the
radio resource allocation problem as a sequential decision-
making process in which a learning agent observes network
conditions and determines appropriate allocation actions to
improve communication performance. The framework
considers the dynamic relationship among wireless channel
quality, user resource requirements, interference, and
available communication capacity. By incorporating spectral
efficiency into the learning objective and accounting for
relevant operational constraints, the approach aims to
identify adaptive resource allocation policies that
outperform selected conventional scheduling and allocation
strategies under the evaluated simulation conditions. The
investigation further considers the importance of stable
learning behaviour, efficient resource utilization, and
equitable service distribution among connected users. Rather
than relying exclusively on fixed allocation rules, the
intelligent agent is intended to learn allocation strategies that
respond to variations in network conditions and evolving
communication demands.

The principal objective of this study is to establish a
computational framework for investigating how deep
reinforcement learning can improve the allocation of limited
radio resources in multi-user 5G communication
environments. The research seeks to develop an appropriate
representation of the wireless network state, define feasible
resource allocation actions, and construct a reward function
that reflects spectral efficiency while incorporating selected
network performance constraints. The learning-based
framework will be evaluated against conventional allocation
mechanisms through quantitative performance indicators
such as aggregate throughput, spectral efficiency, resource
utilization, wuser fairness, and learning convergence
characteristics. Particular attention will be given to the
behaviour of the intelligent allocation policy under different
channel conditions and network loading scenarios. These
evaluations are intended to determine the circumstances
under which adaptive DRL-based decision-making provides
measurable  advantages  over  traditional  resource
management techniques.

The potential significance of this research extends beyond
improvements in a single wireless communication
performance metric. An intelligent resource allocation
framework capable of adapting to heterogeneous traffic
requirements and fluctuating channel conditions could
contribute to the broader development of autonomous and
software-defined radio access networks. The principles
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investigated in this study are also relevant to emerging Al-
native network management architectures and future sixth-
generation (6G) communication research, where greater
network intelligence, distributed decision-making, and
efficient spectrum utilization are expected to become
increasingly important. By establishing a systematic
relationship between deep reinforcement learning and
spectral efficiency optimization, the proposed investigation
aims to contribute to the understanding of learning-assisted
radio resource management in contemporary wireless
communication systems. Ultimately, the study seeks to
provide a reproducible simulation-based foundation for
developing more adaptive, resource-efficient, and
performance-aware wireless networks capable of supporting
the evolving connectivity requirements of modern digital
infrastructure.

Il. LITERATURE REVIEW

2.1 Evolution of Resource Allocation Techniques in 5G
Wireless Communication Networks

The evolution of fifth-generation (5G)  wireless
communication networks has introduced substantial
advancements in data transmission capabilities, network
connectivity, and communication reliability.  These
improvements have been accompanied by increasing
challenges in managing limited radio frequency resources
across heterogeneous wireless environments. The efficient
allocation of spectrum, bandwidth, transmission power, and
scheduling resources has consequently emerged as a
fundamental  research area in  modern  cellular
communication systems. Earlier investigations into wireless
resource  management  primarily  concentrated on
conventional optimization methods, including proportional
fair scheduling, round-robin scheduling, water-filling power
allocation, and channel-aware resource distribution. Such
approaches established important foundations for balancing
communication throughput, user fairness, and system
utilization. However, their performance is frequently
influenced by assumptions concerning channel availability,
network traffic  characteristics, and computational
tractability.

The introduction of orthogonal frequency-division multiple
access (OFDMA), massive multiple-input multiple-output
(MIMO), and dense cellular architectures has increased the
complexity of resource allocation problems. In multi-user
5G networks, communication resources must be distributed
dynamically according to changing channel conditions, user
mobility, interference levels, and service requirements.
Traditional allocation mechanisms may struggle to maintain

optimal performance when the number of users and possible
allocation combinations increases substantially.
Consequently, research has progressively shifted toward
adaptive optimization frameworks capable of responding to
network dynamics and improving spectral utilization
through intelligent decision-making.

2.2 Conventional Optimization and Scheduling
Approaches

Conventional wireless resource allocation strategies have
been extensively investigated to maximize throughput and
improve fairness among connected users. Proportional fair
scheduling represents a widely adopted approach that
attempts to balance instantaneous channel quality against
historical user throughput. Similarly, maximum-throughput
scheduling prioritizes users experiencing favourable channel
conditions, thereby improving aggregate network capacity
under certain operating scenarios. Round-robin scheduling
distributes communication opportunities among users
without directly considering channel variations, offering
implementation simplicity but potentially reducing spectral
efficiency. These methods demonstrate different trade-offs
between throughput maximization, scheduling fairness, and
computational complexity.

Mathematical optimization techniques, including convex
optimization, Lagrangian relaxation, fractional
programming, and successive convex approximation, have
also been employed to address resource management
problems involving power allocation, bandwidth
distribution, and interference constraints. Such approaches
can provide mathematically grounded solutions when the
optimization structure and required network information are
sufficiently well defined. Nevertheless, the presence of
discrete allocation decisions, nonlinear interference
relationships, and multiple competing objectives can lead to
computationally demanding optimization problems. The
limitations of conventional techniques become particularly
relevant in dense 5G deployments, where rapid changes in
wireless  propagation  conditions and user traffic
requirements necessitate frequent allocation decisions.

2.3 Machine Learning-Based Intelligent Resource
Management

Machine learning has emerged as a promising alternative for
improving wireless network adaptability and reducing
dependence on rigid allocation rules. Supervised learning
techniques, including artificial neural networks, support
vector machines, decision trees, and ensemble learning
algorithms, have been investigated for predicting network
traffic, estimating channel conditions, and supporting
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communication resource management. These approaches
can extract nonlinear relationships from historical network
observations and provide predictions that assist subsequent
allocation decisions. In particular, deep neural networks
offer considerable representational capability for modelling
complex relationships among channel quality, user demand,
interference, and achievable transmission rates.

Despite these advantages, supervised learning-based
resource allocation frameworks commonly depend on
labelled training examples or reference decisions obtained
from existing optimization algorithms. Their effectiveness
may deteriorate when network conditions differ significantly
from the training distribution. Furthermore, prediction
accuracy does not necessarily translate into improved long-
term network performance, particularly when resource
allocation decisions influence subsequent interference and
traffic conditions. These limitations have encouraged the
investigation of reinforcement learning, in which resource
management policies can be developed through sequential
interactions with the wireless environment rather than
relying exclusively on predefined optimal allocation labels.

2.4 Deep Reinforcement Learning for Wireless Resource
Allocation

Deep reinforcement learning has attracted considerable
attention as an intelligent optimization framework capable
of addressing sequential resource management problems in
complex wireless environments. Luong et al. (2019)
presented a comprehensive survey of DRL applications in
communications and networking, identifying dynamic
spectrum access, transmission rate control, resource sharing,
and network optimization as important areas for learning-
based decision-making. Their investigation established that
deep neural networks can improve the applicability of
reinforcement learning to environments characterized by
large state and action spaces. The study also emphasized
challenges associated with computational requirements,
learning stability, and the practical implementation of DRL
algorithms in communication networks.

Alwarafy et al. (2021) systematically examined DRL-based
radio resource allocation and management in heterogeneous
wireless networks. Their research classified existing
approaches according to the resources being managed,
network architectures, and learning algorithms. The
investigation highlighted the potential of value-based and
policy-based DRL methods for addressing resource
management challenges involving network heterogeneity,
complex operating conditions, and dynamic communication
demands. The authors also identified unresolved issues

concerning  scalability,  training  complexity, and
generalization across different wireless environments. These
findings provide an important foundation for investigating
adaptive resource allocation strategies in multi-user 5G
networks as shown in Figure 4.
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Figure 4: Classification of conventional and deep reinforcement
learning-based radio resource allocation techniques for 5G
wireless communication networks. Original conceptual illustration
based on the reviewed approaches.

2.5 Deep Q-Networks and Value-Based Resource
Allocation

Deep Q-Networks represent an important category of value-
based reinforcement learning algorithms in which neural
networks approximate the expected cumulative reward
associated with available decisions. Their application to
wireless resource allocation enables the learning agent to
evaluate alternative actions based on observed channel
conditions, user requirements, and network performance
indicators. In a discrete allocation environment, a DQN
agent can learn to select suitable resource blocks, scheduling
decisions, or predefined transmission power levels.
Experience replay and target network mechanisms are
commonly employed to reduce correlations between training
samples and improve learning stability.

However, conventional DQN approaches encounter practical
limitations when resource allocation involves large
combinations of users, channels, and power levels. The
number of possible allocation actions can increase rapidly as
network dimensions expand, making direct action-value
evaluation computationally expensive. Double DQN and
related extensions can reduce certain learning biases, but
they do not automatically resolve the underlying action-
space scalability problem. Consequently, value-based DRL
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methods are particularly attractive for discretized allocation
scenarios, while more complex resource management tasks
may require structured action representations or alternative
policy optimization techniques.

2.6 Policy-Based Deep Reinforcement Learning and
Adaptive Optimization

Policy-based reinforcement learning algorithms have
received increasing attention because of their ability to
optimize parameterized decision policies directly. Actor-
critic methods combine a policy network responsible for
selecting actions with a value-estimation mechanism that
evaluates the expected quality of decisions. Algorithms such
as Deep Deterministic Policy Gradient and Proximal Policy
Optimization provide useful alternatives to conventional
value-based approaches, particularly when resource
allocation includes continuous control variables or complex
decision policies. PPO employs a constrained policy-update
objective designed to limit excessively large changes
between successive policy iterations, which can contribute
to more stable training under suitable conditions.

In the context of wireless communication, policy-based
learning can support adaptive transmission power control,
bandwidth  distribution, and resource  scheduling.
Nevertheless, the effectiveness of these algorithms depends
on appropriate state representations, reward formulations,
neural network architectures, and training configurations.
Policy-gradient methods can also exhibit substantial sample
requirements, while continuous action outputs may need
additional processing to satisfy discrete resource block
assignments and practical transmission  constraints.
Therefore, the selection of a suitable DRL algorithm should
be guided by the mathematical structure of the resource
allocation problem rather than by algorithm popularity
alone.

2.7 Spectral Efficiency and Interference-Aware Resource
Optimization

Spectral efficiency optimization represents a central
objective of wireless resource management because it
directly influences the amount of information transmitted
per unit bandwidth. In multi-user 5G systems, achievable
spectral efficiency depends on the interaction among
channel gain, transmission power, interference, noise, and
allocation decisions. Increasing transmission power may
improve the received signal quality of an individual user
while simultaneously increasing interference experienced by
other users when resources are reused. Similarly, allocating
resources preferentially to users with favourable propagation
conditions may increase aggregate spectral efficiency but

reduce fairness and service availability for users
experiencing weaker channels.

Research on intelligent radio resource management has
therefore emphasized the importance of considering multiple
performance objectives rather than maximizing throughput
in isolation. Seguin et al. (2023), in their review of DRL-
based downlink scheduling for 5G and beyond networks,
examined fine-grained approaches involving the allocation
of resource blocks to user equipment. Their review
highlights the significance of heterogeneous quality-of-
service requirements and the growing interest in learning-
based scheduling strategies.

For spectral-efficiency-oriented resource allocation, the
reward function can be formulated to incorporate aggregate
achievable data rate, bandwidth utilization, fairness, and
penalties for interference or constraint violations. Such
formulations allow the learning process to reflect competing
communication objectives. However, the effectiveness of a
multi-objective reward depends strongly on the relative
weighting of its components and the physical assumptions
underlying the simulated wireless environment.

2.8 Challenges in DRL-Based 5G Resource Management

Although deep reinforcement learning provides a promising
foundation for intelligent wireless resource management,
several technical challenges remain unresolved. Khani et al.
(2024) reviewed DRL-based resource allocation in 5G cloud
radio access networks and identified scalability,
convergence, and fairness as important considerations in the
development of practical learning-based allocation
mechanisms. Their work demonstrates the continuing
research interest in autonomous network management while
emphasizing the difficulties associated with deploying DRL
in complex cellular environments.

One major challenge concerns the relationship between
network complexity and learning efficiency. As the number
of connected users, available resource blocks, and
transmission configurations increases, the state-action space
becomes substantially larger. This expansion can increase
training requirements and complicate policy convergence.
Another important issue is the nonstationary nature of
wireless environments, where user mobility, fluctuating
channel quality, and variable traffic demand may alter the
relationship between allocation decisions and achieved
rewards. Furthermore, the use of approximate neural
network  policies  introduces  concerns  regarding
reproducibility, generalization, constraint satisfaction, and
computational overhead. These challenges indicate that
improvements in spectral efficiency must be evaluated
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alongside algorithmic stability, user fairness, and operational
feasibility.

2.9 Research Gaps Identified from Existing Literature

A critical examination of the available literature indicates
that substantial progress has been achieved in applying deep
reinforcement learning to wireless resource management.
Nevertheless, the simultaneous optimization of spectral
efficiency, interference management, user fairness, and
computational efficiency remains an important research
direction. Existing investigations have explored individual
allocation objectives and various learning algorithms;
however, the performance of such approaches can vary
considerably with network topology, channel conditions,
traffic characteristics, and reward-function design. The
absence of a universally effective allocation policy creates
opportunities for developing application-specific learning
frameworks capable of adapting to dynamic multi-user
environments.

Another important research gap concerns the trade-off
between spectral efficiency maximization and equitable
resource distribution. Policies designed primarily to
maximize aggregate transmission rates may
disproportionately favour users experiencing strong wireless
channels, while fairness-oriented strategies can reduce
overall network throughput. In addition, complex resource
allocation environments may require extensive DRL training
and introduce difficulties in maintaining stable policy
performance under changing operating conditions. These
observations motivate the investigation of reward functions
that explicitly balance spectral efficiency with fairness and
interference  constraints,  together  with  systematic
comparisons against conventional resource allocation
strategies.

2.10 Motivation for the Proposed Research

The preceding literature establishes deep reinforcement
learning as a promising computational approach for adaptive
radio resource management while revealing persistent
challenges associated with multi-objective optimization,
training stability, and network scalability. Motivated by
these observations, the present study proposes to investigate
an intelligent DRL-based resource allocation framework for
enhancing spectral efficiency in 5G wireless communication
networks. The proposed approach will model the interaction
between network observations, allocation decisions, and
resulting  communication  performance through a
reinforcement learning environment. The principal emphasis
will be on learning resource allocation policies that respond
dynamically to changing channel conditions and user

requirements while accounting for interference, available
bandwidth, and fairness considerations.

The study will employ Python-based simulation to examine
the effectiveness of the proposed learning framework under
controlled network conditions. Performance will be
evaluated using spectral efficiency, network throughput,
fairness, resource utilization, and learning convergence
characteristics. Comparative analysis against conventional
scheduling and allocation techniques will be used to
determine whether the DRL framework provides measurable
improvements. The intended research contribution is
therefore the development and evaluation of a reproducible,
constraint-aware, and performance-oriented intelligent
resource allocation methodology for multi-user 5G wireless
networks.

I11. PROBLEM STATEMENT

The rapid expansion of fifth-generation (5G) wireless
communication networks has introduced significant
challenges in achieving efficient radio resource utilization
while accommodating the increasing demands of
heterogeneous communication services. The widespread
deployment of high-density cellular infrastructures, massive
multiple-input multiple-output (MIMO) systems, Internet of
Things (1oT) devices, and bandwidth-intensive applications
has substantially increased the complexity of wireless
resource management. Although 5G technology incorporates
advanced communication mechanisms to improve network
capacity, transmission reliability, and connectivity, the
available radio frequency spectrum remains inherently
limited. Consequently, the efficient allocation of bandwidth,
transmission power, and physical resource blocks among
multiple users has become a critical requirement for
maximizing spectral efficiency and maintaining acceptable
communication performance. The principal challenge lies in
determining appropriate resource allocation decisions under
dynamically varying wireless channel conditions,
interference levels, traffic demands, and user distribution
patterns without introducing excessive computational
complexity or compromising network fairness.

In practical 5G communication environments, spectral
efficiency is strongly influenced by the interaction among
channel state information, signal-to-interference-plus-noise
ratio (SINR), resource block availability, transmission
power, and inter-user interference. These parameters exhibit
nonlinear and time-varying characteristics, making the
resource allocation problem increasingly difficult to solve
using static scheduling policies and conventional
mathematical ~ optimization  techniques.  Traditional
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approaches, including round-robin scheduling, proportional
fair scheduling, and channel-quality-based allocation,
generally operate according to predefined decision rules that
may not adequately adapt to rapidly changing network
conditions. Although mathematical optimization algorithms
can provide effective allocation solutions under specific
assumptions, their computational requirements may increase
considerably in large-scale multi-user systems involving
discrete resource assignments and nonlinear interference
constraints. Furthermore, conventional allocation
mechanisms may prioritize either aggregate throughput or
user fairness, making it difficult to achieve a satisfactory
balance between spectral efficiency, interference mitigation,
and equitable resource distribution.

The complexity of the resource allocation problem becomes
particularly significant when multiple users compete for
limited communication resources while experiencing
different propagation conditions and quality-of-service
requirements. Users located near a base station may benefit
from stronger received signal power and higher achievable
transmission rates, whereas cell-edge users frequently
experience weaker channel conditions and increased
interference.  Resource allocation policies  designed
exclusively to maximize instantaneous throughput may
repeatedly Favor users with  favourable channel
characteristics, leading to inefficient service distribution and
reduced fairness. Conversely, allocation mechanisms that
distribute resources uniformly without considering channel
quality may fail to exploit available transmission
opportunities, resulting in lower aggregate spectral
efficiency. Therefore, an effective resource management
strategy must consider the competing objectives of
maximizing spectral utilization, maintaining communication
reliability, controlling interference, and ensuring appropriate
access to available network resources.

Recent developments in artificial intelligence and machine
learning have created opportunities for addressing complex
wireless optimization problems through data-driven
decision-making.  However, conventional  supervised
learning approaches often depend on representative training
datasets and predefined target decisions, which may limit
their adaptability to previously unseen communication
scenarios. Reinforcement learning provides an alternative by
allowing an intelligent agent to improve allocation decisions
through repeated interactions with the network environment.
Nevertheless, conventional reinforcement learning methods
encounter scalability limitations when applied to high-
dimensional wireless systems containing numerous users,
resource blocks, and possible transmission configurations.
The exponential growth of feasible allocation combinations

can make  explicit  state-action representations
computationally impractical. Deep reinforcement learning
addresses this limitation by employing neural networks to
approximate decision policies or action-value functions,
thereby enabling adaptive resource management in complex
environments. Despite these advantages, the effectiveness of
DRL-based resource allocation depends on appropriate state
representation, action-space design, reward formulation,
training stability, and the ability to satisfy communication
constraints.

A major unresolved challenge is the development of an
intelligent resource allocation framework that can improve
spectral efficiency while maintaining fairness and adapting
to dynamic network conditions. DRL agents trained
primarily to maximize aggregate throughput may learn
policies that favour users with stronger channels, whereas
reward functions containing several competing performance
indicators may produce unstable or inefficient learning
behaviour when their relative contributions are not properly
balanced. Furthermore, wireless resource allocation
decisions must satisfy practical constraints associated with
finite bandwidth, available physical resource blocks,
transmission power budgets, and interference limitations.
The simultaneous consideration of these requirements
introduces a constrained, nonlinear, and potentially
combinatorial optimization problem. Consequently, the
development of a computationally manageable learning
framework capable of identifying effective allocation
policies across different network conditions remains an
important research objective.

The present research addresses this problem by investigating
a Deep Reinforcement Learning-Based Intelligent Resource
Allocation Framework for Enhanced Spectral Efficiency in
5G Wireless Networks. The proposed framework is intended
to model a multi-user 5G communication environment in
which an intelligent learning agent observes relevant
network parameters, including channel quality, interference
conditions, user demands, and available communication
resources. Based on these observations, the agent determines
suitable resource allocation actions with the objective of
improving spectral efficiency while considering network
fairness and operational constraints. A reward-driven
learning mechanism will be formulated to guide the
optimization process, enabling the agent to identify
allocation strategies that respond to variations in the wireless
environment. The framework will be developed and
evaluated using Python-based computational simulation,
providing a reproducible platform for examining intelligent
resource management under different communication
scenarios.
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The central research problem can therefore be expressed as
the determination of an adaptive resource allocation policy
that maximizes the aggregate spectral efficiency of a multi-
user 5G wireless communication system while satisfying
available bandwidth, transmission power, interference, and
user service constraints. The investigation will examine
whether a DRL-based decision-making strategy can achieve
improved spectral utilization compared with conventional
allocation mechanisms under equivalent network conditions.
Performance will be assessed using quantitative indicators
such as aggregate spectral efficiency, network throughput,
user fairness, resource utilization, and training convergence.
Particular emphasis will be placed on evaluating the
effectiveness of the learned allocation policy under varying
user densities, channel quality conditions, and network
loading scenarios.

By addressing these challenges, the proposed research seeks
to establish a systematic relationship between intelligent
sequential decision-making and efficient radio resource
utilization in 5G wireless communication networks. The
anticipated  contribution lies in the formulation,
implementation, and comparative evaluation of an adaptive
resource allocation methodology that integrates deep
reinforcement learning with spectral-efficiency-oriented
network optimization. The findings are expected to provide
insights into the feasibility and limitations of learning-
assisted resource management and support further
investigations  into  autonomous  wireless  network
optimization, intelligent radio access networks, and future
Al-enabled communication systems.

1IV. MATHEMATICAL MODELLING

The proposed Deep Reinforcement Learning (DRL)-based
intelligent resource allocation framework considers a multi-
user 5G wireless communication network consisting of a
base station serving multiple user equipment (UE) devices
through a finite number of orthogonal physical resource
blocks (RBs). The mathematical model aims to maximize
spectral efficiency by dynamically optimizing resource
block assignments and transmission power while accounting
for channel conditions, interference, and user fairness. The
resource allocation problem is formulated as a Markov
Decision Process (MDP), enabling a DRL agent to learn an
adaptive allocation policy through continuous interaction
with the simulated wireless environment.

4.1 Wireless Channel Model

The wireless communication channel is modelled using
distance-dependent path loss and Rayleigh fading to
represent large-scale attenuation and small-scale multipath

propagation. The effective channel power gain between the
base station and user \(k\) on resource block \(n\) at time \(t\)
is expressed as

9in(t) = |healt) Pdi M)

where hy, n(t) represents the complex Rayleigh fading
coefficient, dx denotes the distance between the base station
and user k, and a represents the path-loss exponent.

4.2 Signal-to-Interference-plus-Noise Ratio

The  signal-to-interference-plus-noise  ratio  (SINR)
determines the quality of the received wireless signal and
directly influences the achievable data transmission rate. For
user k operating on resource block \(n\), the SINR is defined
as

_ Prn(t)grn(t)
Ign(t) +of
where pi, n(t) is the allocated transmission power, I n(t)
represents interference from other transmissions, and o,?
denotes the noise power associated with the resource block.

Yen(t) 2

For the considered single-cell downlink OFDMA system,
each resource block is assigned to at most one user.
Consequently, intracell interference on an assigned resource
block is avoided under ideal orthogonal scheduling, while
lkn(t) can represent interference from neighbouring cells.

4.3 Achievable Data Rate

The achievable data rate for user k is estimated using the
Shannon capacity expression:

N
Ri(t) = ) 2in(t)Balogy (14 74n(t)) @3)
n=1
where B, represents the bandwidth of resource block n, N is
the total number of available resource blocks, and
x, in {0,1} indicates whether resource block n is assigned to
user k. This expression represents an idealized achievable-
rate estimate rather than the exact throughput of a practical
5G modulation and coding scheme.

4.4 Spectral Efficiency

Spectral efficiency is defined as the total achievable network
data rate per unit of allocated system bandwidth:

K

me(t) = 5 ()
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where K denotes the total number of users. Spectral
efficiency is measured in bits/s/Hz and serves as the
principal optimization objective of the proposed framework.

4.5 Resource Allocation Optimization

The resource allocation problem is formulated to maximize
the expected aggregate spectral efficiency subject to
available communication resources and transmission power
limitations.

max K [ngg(t)]
x,p
K
subject to sz,n(t) <1, Vn,

k=1
- ()
Z wk,n(t)pk,n(t) S Pmaxg
k=1 n=1

zia(t) €{0,1}, 0 < pra(t) < P
Here, Pmax represents the maximum transmission power
budget of the base station. The first constraint prevents
multiple users from simultaneously occupying the same
resource block within the considered cell, while the second

ensures that total transmission power remains within the
permissible limit.

4.6 Markov Decision Process Formulation

The intelligent resource allocation problem is represented as
an MDP defined by the tupleS,A,Pr, ¥, where S represents
the state space, A represents the action space, P denotes the
state transition probabilities, r is the reward function, and y
is the discount factor.

The network state is represented as

St = [Gu Fh Dt, Qt] (6)

where G; represents channel gains, y, denotes SINR
observations, Dicontains user traffic demands, and Q
represents the user queue states. The DRL agent selects an
action a; consisting of feasible resource block assignments
and transmission power decisions.

4.7 Reward Function

The reward function guides the DRL agent toward resource
allocation decisions that improve spectral efficiency while
considering fairness and interference.

ry = winse(t) + wpJ (t) — wiloom(t) (M

where w1,w,,w3 are nonnegative weighting coefficients, J(t)
denotes Jain's fairness index, and l.om(t) represents
normalized interference. The reward components should be

scaled appropriately so that their relative contributions are
controlled by the selected weights.

Jain's fairness index is calculated as

s 2
(£x0)
k=
J(t)y = =L (8)
K> Ri()
k=1
The fairness index ranges from 1/K to 1 when at least one
user has a positive rate, with higher values indicating more
equitable throughput distribution. When all user rates are

zero, fairness is defined as zero for the simulation.
4.8 Deep Reinforcement Learning Objective

The objective of the DRL agent is to learn an optimal policy
my that maximizes the expected cumulative discounted
reward:

T-1
73 = argmax E,, Z'ytrt] 9)

e 1—0
where 0 represents the trainable neural network parameters,
T is the simulation horizon, and y € [0,1) controls the

relative importance of future rewards.

For a Proximal Policy Optimization (PPO)-based
implementation, the clipped surrogate objective is expressed
as

LR (g) = E, [min (pt(e)z&g, clip(p¢(8),1 —¢,1+¢) At)} (10)

The proposed mathematical formulation provides the
foundation for developing a Python-based DRL resource
allocation framework. The wireless channel model, SINR
estimation, achievable data rate, and spectral efficiency
equations characterize the communication environment,
while the MDP formulation, reward function, and PPO
objective  establish  the intelligent decision-making
mechanism. Together, these equations enable systematic
evaluation of spectral efficiency, throughput, fairness,
interference, and learning convergence under different
simulated 5G network conditions.

Implementation note: Equations (1) (10) are suitable for a
simplified single-cell 5G downlink OFDMA simulation. The
Python implementation should use the same channel,
interference, scheduling, and power constraints to ensure
consistency between the mathematical model and
experimental results.

V. MODEL IMPLEMENTATION
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The proposed Deep Reinforcement Learning-Based
Intelligent  Resource  Allocation  framework  was
implemented using Python to investigate the effectiveness of
adaptive radio resource management in fifth-generation (5G)
wireless communication networks. The implementation was
designed to establish a computational environment capable
of representing multi-user wireless communication, dynamic
channel variations, resource allocation decisions, and the
corresponding network performance characteristics. The
framework integrates wireless communication modelling
with a deep reinforcement learning algorithm to develop an
intelligent decision-making mechanism for improving
spectral efficiency under changing network conditions.
Google Colab was selected as the primary computational
platform because of its accessibility, compatibility with
modern machine learning libraries, and ability to execute
neural network training and numerical simulations within a
unified environment. The implementation employed NumPy
for numerical operations and wireless channel calculations,
Gymnasium for constructing the reinforcement learning
environment, Stable-Baselines3 for implementing the
Proximal Policy Optimization algorithm, Pandas for
organizing experimental results, and Matplotlib for
generating  graphical  representations  of  network
performance.

The initial stage of implementation involved developing a
simulated 5G cellular communication environment
consisting of a single base station serving multiple wireless
users through a limited collection of orthogonal radio
resource blocks. The simulated network was configured to
represent a downlink communication scenario in which the
base station distributes available transmission resources
among users experiencing different propagation conditions.
Eight wireless users and twelve resource blocks were
considered in the primary experimental configuration, with
each resource block assigned a bandwidth of 180 kHz. The
total transmission power of the base station was maintained
at 30 dBm, while the propagation environment incorporated
distance-dependent path loss and Rayleigh fading to
reproduce essential characteristics of wireless signal
attenuation and multipath propagation. User distances were
randomly generated within the considered cellular coverage
region, allowing the simulation to represent variations in
received signal strength across different user locations. The
resource block configuration provided a simplified
orthogonal frequency-division multiple access environment
suitable for examining the influence of intelligent
scheduling on spectral utilization. Although the model
incorporates important features of 5G radio resource
management, it does not attempt to reproduce the complete

physical-layer processing or protocol stack specified by the
5G New Radio standard.

Start )
Define Simulation Parameters
1. System « Number of users and resource blocks
Y X « Total system bandwidth
Configuration Tr vel
2 B  Path
and Initialization - Elookt it st vt pacie
Generate Network Scenario
o Randomly deploy users within cell area
« Determine user distances and channel conditions
)
2. 5G Wireless Model Wireless Channel
7 « Apply path Joss and Raylcigh fading model
Network + Computc channe! gains and interference
Modelling

Calculate SINR and Achievable Data Rate
« Determine SINR for cach user on each resouree block
 Compute achicvable data rate using Shannon capacity

3. Reinforcement
Learning
Environment

(Formulation as MDP)

4. Deep Reinforcement
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(PPO Algorithm)

5. Performance
Evaluation

6. Save Results
and End

Figure 5: Academic flowchart illustrating the implementation of
the proposed deep reinforcement learning-based intelligent
resource allocation framework for enhanced spectral efficiency in
5G wireless networks, including network initialization, wireless
channel modelling, Markov decision process formulation, PPO
training, performance evaluation, and results generation.

The wireless propagation environment was developed to
represent the influence of channel fading, propagation
distance, background noise, and external interference on
communication performance. Rayleigh fading was
employed to model small-scale signal fluctuations arising
from multipath propagation, while distance-dependent
attenuation represented the reduction in received signal
strength as the separation between the transmitting base
station and receiving users increased. The simulation also
incorporated a simplified external interference component to
examine the effect of unwanted signals on the quality of
wireless reception. Thermal noise was estimated using the
configured resource block bandwidth and receiver noise
characteristics. These propagation components were
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combined to calculate the signal-to-interference-plus-noise
ratio associated with individual users and resource blocks.
The resulting channel quality information was subsequently
used to determine achievable transmission rates and evaluate
the effectiveness of alternative resource allocation decisions.
By generating different wireless channel realizations across
simulation episodes, the implementation provided a
controlled environment for investigating adaptive
scheduling under varying propagation conditions.

Following the development of the wireless communication
environment, a custom reinforcement learning environment
was constructed using the Gymnasium framework. This
environment established the interaction mechanism between
the intelligent resource allocation agent and the simulated
5G network. The environment was designed to provide the
learning agent with observations describing the current
communication conditions and to evaluate the consequences
of its allocation decisions. The observation structure
incorporated normalized channel quality information,
relative user traffic demands, accumulated user throughput,
and the position of the current resource block within the
allocation sequence. These observations enabled the learning
agent to consider both the immediate quality of available
wireless channels and the resource distribution achieved
during  earlier  scheduling  decisions.  Numerical
normalization was applied to maintain a consistent
observation range and support stable neural network
processing. The resulting environment provided a structured
interface through which the reinforcement learning
algorithm could interact with the wireless network without
requiring physical communication hardware.

The resource allocation process was implemented as a
sequential decision-making procedure in which the learning
agent selected a user for each available resource block. At
the beginning of an allocation episode, the environment
generated the user locations, wireless channel conditions,
interference characteristics, and relative traffic demands.
The learning agent subsequently received an observation
describing the current network state and selected the user to
whom the next resource block would be assigned. Following
each decision, the environment calculated the achievable
data rate for the selected user and updated the accumulated
throughput distribution. The agent then received a numerical
reward reflecting the quality of the allocation decision
before proceeding to the next available resource block. This
interaction continued until all resource blocks had been
assigned, at which point the episode was terminated and the
network performance indicators were recorded. A new
channel realization was generated for the following episode,

allowing the learning process to experience different
communication conditions and allocation outcomes.

The intelligent decision-making mechanism was developed
using the Proximal Policy Optimization algorithm, a policy-
gradient-based deep reinforcement learning technique
designed to improve learning stability through controlled
policy updates. PPO was selected because of its suitability
for sequential decision-making problems involving discrete
actions and nonlinear relationships between observations
and outcomes. The implementation employed a multilayer
perceptron policy architecture provided by the Stable-
Baselines3 framework. The neural network received the
normalized wireless network observations and generated a
probability distribution over the available user selection
actions. During training, the agent explored alternative
allocation decisions and progressively adjusted its neural
network parameters according to the rewards obtained from
the simulated environment. The PPO training procedure
incorporated advantage estimation, policy clipping,
minibatch optimization, and repeated neural network
updates to support the development of an adaptive
scheduling policy. The implementation used a learning rate
of 0.0003, a discount factor of 0.99, a minibatch size of 64,
and a policy clipping threshold of 0.2. These settings
established an initial training configuration rather than
representing universally optimal hyperparameter values.

A reward-based optimization mechanism was incorporated
to guide the intelligent agent toward resource allocation
decisions that considered spectral efficiency, user fairness,
and interference. The reward formulation combined the
incremental contribution of each allocation decision to
network spectral efficiency with a fairness-related
component and an interference penalty. Spectral efficiency
was included as the principal performance objective because
it reflects the effectiveness with which the available
communication bandwidth is utilized. The fairness
component encouraged the agent to consider the distribution
of achieved transmission rates among connected users rather
than concentrating exclusively on users experiencing
favourable channel conditions. The interference penalty
introduced an additional consideration related to the external
interference experienced by the selected user. These reward
components were combined using predefined weighting
coefficients to establish a multi-objective learning signal.
The resulting reward mechanism was intended to encourage
the development of allocation policies that balance efficient
spectrum utilization with equitable resource distribution and
interference-aware decision-making. The effectiveness of
this balance was assessed through the subsequent
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performance evaluation rather than assumed from the
reward formulation alone.

The training stage was conducted through repeated
interactions between the PPO agent and the simulated
wireless communication environment. A total of 30,000
training time steps was specified for the initial experiment,
during which the learning agent repeatedly observed
network conditions, selected resource allocation actions, and
received performance-based feedback. Each allocation
episode consisted of twelve sequential resource block
assignment decisions, corresponding to the number of
available resource blocks in the simulated network. The
training process was configured to update the policy using
collected experience and to progressively improve the
expected cumulative reward. A dedicated callback
mechanism recorded the cumulative reward obtained during
completed training episodes, enabling  subsequent
examination of learning behaviour and convergence
characteristics. A fixed random seed was employed to
improve the reproducibility of the computational
experiment. After training, the learned PPO model was
saved for further evaluation, allowing the trained policy to
be reused without repeating the entire optimization
procedure.

To assess the effectiveness of the proposed intelligent
allocation  strategy, three conventional scheduling
approaches were implemented as comparative benchmarks.
The Round Robin algorithm assigned resource blocks to
users in a predetermined cyclic sequence, providing a
straightforward reference method that distributes scheduling
opportunities without directly prioritizing channel quality.
The Random Allocation method selected users randomly for
resource block assignments, representing a non-optimized
scheduling strategy. The Maximum-SINR algorithm
assigned each resource block to the user experiencing the
highest instantaneous signal-to-interference-plus-noise ratio,
thereby providing a channel-aware benchmark oriented
toward maximizing instantaneous achievable transmission
rates. These comparison methods were implemented within
the same wireless communication environment to maintain
consistency in the propagation assumptions, resource
availability, transmission power, and performance
calculations. The inclusion of multiple baselines enabled the
investigation of whether the learned PPO policy provided
measurable benefits over fixed, random, and channel-aware
resource allocation strategies.

The evaluation stage was performed using independently
generated wireless channel realizations that were not used
during the initial training process. Twenty evaluation

episodes were considered for the principal performance
comparison, with identical channel realizations supplied to
each scheduling algorithm within the corresponding
evaluation episode. This approach reduced the influence of
differences in randomly generated propagation conditions
and supported a more consistent comparison of allocation
performance. The trained PPO policy was evaluated using
deterministic action selection, while the baseline methods
followed their respective scheduling rules. During each
evaluation episode, the environment recorded the achieved
network throughput, aggregate spectral efficiency, and Jain's
fairness index. These performance indicators were selected
because they characterize complementary aspects of
wireless  resource  management, including  overall
transmission capacity, bandwidth utilization, and equitable
service distribution. The collected observations were
organized into structured datasets for subsequent statistical
analysis and graphical presentation.

The performance analysis was designed to examine the
behaviour of the proposed framework from several
perspectives. Training reward convergence was investigated
to assess whether the learning agent exhibited improving
and stabilizing reward characteristics during repeated
interactions with the wireless environment. Spectral
efficiency was evaluated to determine the amount of
achievable information transmission per unit bandwidth,
while network throughput was examined to quantify the
aggregate communication capacity supported by each
scheduling method. Jain's fairness index was employed to
evaluate the distribution of transmission rates among
connected users and identify potential differences between
throughput-oriented and fairness-aware allocation strategies.
Comparative bar charts were generated to illustrate the
performance of PPO, Round Robin, Random Allocation, and
Maximum-SINR scheduling under equivalent network
conditions. The graphical analysis provided a systematic
basis for interpreting the relative advantages and limitations
of the learning-based resource allocation approach.

An additional simulation experiment was incorporated to
investigate the relationship between the number of
connected users and achievable spectral efficiency. The
number of users was varied across selected network
configurations while the number of available resource
blocks and the underlying propagation assumptions were
maintained. This experiment was intended to illustrate how
increasing competition for limited communication resources
influences network performance. However, the implemented
PPO neural network was trained using a fixed observation
structure corresponding to eight users. Consequently, the
trained policy was directly applicable only to the original
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eight-user configuration, while the conventional scheduling
algorithms could be evaluated across the wider range of user
counts. The resulting scalability analysis therefore provided
a preliminary examination of conventional scheduling
behaviour rather than a complete comparison of PPO
scalability. A comprehensive investigation of the learning-
based approach under different network sizes would require
separately trained PPO models or a neural network
architecture capable of accommodating variable numbers of
users.

The implementation also incorporated automated data
management and visualization procedures to support
reproducible computational experimentation. Numerical
evaluation results, training reward histories, algorithmic
performance summaries, and user-density observations were
exported as comma-separated value files. Graphical outputs
were generated using Matplotlib and saved at a resolution of
300 dots per inch to support inclusion in technical reports
and research manuscripts. The trained PPO model and
experimental outputs were stored in a dedicated results
directory, and the generated files were packaged into a
compressed archive for convenient retrieval from Google
Colah. These procedures established a consistent workflow
for conducting simulations, preserving experimental
observations, and preparing figures for subsequent
interpretation. The availability of numerical datasets also
enables additional statistical evaluation, sensitivity analysis,
and comparison with alternative learning algorithms.

The implemented framework represents a simplified but
structured approach to investigating deep reinforcement
learning for intelligent resource allocation in 5G wireless
communication networks. Its principal computational
contribution lies in integrating a stochastic wireless channel
environment, sequential resource block scheduling, multi-
objective reward evaluation, and PPO-based policy learning
within a unified Python simulation platform. The framework
enables controlled comparisons between adaptive learning-
based scheduling and conventional allocation strategies
while providing measurable indicators of spectral efficiency;,
throughput, fairness, and training behaviour. The current
implementation focuses on intelligent resource block
assignment with equal transmission power distributed across
the available resource blocks; independent power
optimization, user mobility, detailed traffic queues, and
complete 5G protocol-level modelling are outside the scope
of the initial simulation. Nevertheless, the modular design
provides a foundation for future extensions involving joint
power and bandwidth allocation, more realistic interference
environments, multi-cell coordination, and advanced deep
reinforcement learning algorithms. Through systematic

computational evaluation, the proposed implementation
aims to establish the conditions under which learning-
assisted radio resource management can contribute to more
adaptive and efficient spectrum utilization in 5G wireless
communication systems.

VI. RESULTS AND DISCUSSION

The performance of the proposed Deep Reinforcement
Learning-Based Intelligent Resource Allocation framework
was investigated through a series of Python-based
simulation  experiments designed to evaluate its
effectiveness in improving spectral efficiency and network
throughput in fifth-generation (5G) wireless communication
networks. The experimental evaluation was conducted using
a simulated multi-user  downlink  communication
environment incorporating Rayleigh fading, distance-
dependent path loss, variable channel conditions, and
external interference. The Proximal Policy Optimization
(PPO) algorithm was employed to develop an adaptive
resource allocation policy, and its performance was
compared with three conventional scheduling strategies,
namely Round Robin, Random Allocation, and Maximum
Signal-to-Interference-plus-Noise Ratio (Max-SINR)
scheduling. The evaluation considered training reward
convergence, spectral efficiency, aggregate network
throughput, user fairness, and the influence of increasing
user density on resource utilization. The obtained results
provide insights into the effectiveness of reinforcement
learning for adaptive wireless resource allocation while
highlighting  the  trade-offs  between  maximizing
communication capacity and maintaining equitable resource
distribution.

6.1 PPO Training Reward Convergence Analysis

PPO Training Reward Convergence

Episode Reward

0 500 1000 1500 2000 2500
Training Episode

Figure 6: PPO training reward convergence

The training reward convergence characteristics of the
proposed PPO-based intelligent resource allocation
framework are illustrated in Figure 5. The graph represents
the variation in cumulative reward over approximately 2,500
training episodes, together with a moving-average curve that
provides a clearer representation of the overall learning
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trend. During the initial training phase, the cumulative
reward exhibited considerable fluctuations, with the moving
average remaining approximately between 3.5 and 4.0. This
behaviour indicates that the learning agent was exploring
different resource allocation decisions and had not yet
developed a consistently effective scheduling policy. The
fluctuations observed during this stage are consistent with
the stochastic nature of the simulated wireless environment,
where changes in channel quality, interference conditions,
and user requirements influence the reward associated with
individual allocation decisions.

As training progressed, the moving-average reward
demonstrated a gradual upward trend, particularly after
approximately 600 training episodes. Between 800 and
1,500 episodes, the moving-average reward increased from
approximately 4.3 to nearly 5.0, indicating that the agent
was learning allocation decisions associated with improved
cumulative reward. During the later stages of training, the
moving average generally remained above 5.0 and
approached approximately 5.5 toward the end of the
simulation. Individual episode rewards continued to exhibit
substantial variability, with occasional values exceeding 8.0
and other episodes producing considerably lower rewards.
These variations reflect the changing propagation conditions
and the stochastic nature of the learning environment.

The overall improvement in the moving-average reward
suggests that the PPO algorithm successfully learned a
policy that achieved higher rewards than those obtained
during the early training phase. The results also demonstrate
the ability of the neural network-based agent to adjust its
scheduling behaviour through repeated interactions with the
wireless environment. However, the continued fluctuations
in the reward curve indicate that complete convergence to a
stable optimum cannot be established solely from the
available training history. The observed behaviour
nevertheless provides evidence of progressive learning and
supports the feasibility of applying PPO to sequential
resource block allocation in a simulated 5G wireless
communication environment.

6.2 Spectral Efficiency Performance Comparison

The comparative spectral efficiency performance of the
proposed PPO-based resource allocation framework and the
conventional scheduling algorithms is presented in Figure 6.
The results demonstrate substantial differences in bandwidth
utilization among the evaluated strategies. The PPO-based
framework achieved an average spectral efficiency of
approximately 7.8 bits/s/Hz, while the Round Robin and
Random Allocation approaches achieved approximately 3.9-

and 4.2-bits/s/Hz, respectively. The Max-SINR scheduling
algorithm exhibited a spectral efficiency of approximately
7.7 bits/s/Hz, demonstrating performance close to that of the
proposed learning-based approach.

Spectral Efficiency Comparison
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Figure 7: Spectral efficiency comparison

The percentage improvement calculations obtained from the
simulation indicate that the PPO framework achieved a
98.51% improvement in spectral efficiency compared with
Round Robin scheduling and an 87.67% improvement
compared with Random Allocation. These improvements
indicate that adaptive resource allocation can utilize
available  wireless communication  resources more
effectively than scheduling mechanisms that do not
explicitly ~ optimize  channel-dependent  transmission
opportunities. The comparatively low spectral efficiency
obtained using Round Robin scheduling can be attributed to
its predetermined resource distribution mechanism, which
does not prioritize users according to instantaneous channel
quality.  Similarly, Random Allocation does not
systematically exploit favourable propagation conditions,
resulting in reduced aggregate spectral utilization.

The comparison with Max-SINR scheduling is particularly
important because this benchmark explicitly selects users
experiencing favourable channel conditions. The PPO
framework achieved a comparatively modest spectral
efficiency improvement of 1.96% over Max-SINR,
indicating that the learning-based approach performed
slightly better under the evaluated simulation conditions.
This result suggests that the PPO agent learned a resource
allocation policy capable of exploiting channel quality
information ~ while  considering  additional  reward
components associated with fairness and interference.
Nevertheless, the small performance difference also
demonstrates the effectiveness of conventional channel-
aware scheduling in the considered single-cell environment.
Without statistical confidence intervals or additional
independent training runs, the observed improvement over
Max-SINR should be interpreted as a measured simulation
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outcome rather than conclusive evidence of general
superiority.

The results establish that the proposed PPO framework is
capable of achieving high spectral efficiency under the
selected network configuration. The substantial differences
relative to Round Robin and Random Allocation highlight
the importance of channel-aware scheduling, while the close
comparison with Max-SINR demonstrates that conventional
optimization principles remain highly competitive. These
findings suggest that the principal value of learning-based
resource management may become more apparent in
extended network environments involving additional
constraints, heterogeneous service requirements, or more
complex allocation decisions.

6.3 Network Throughput Performance Analysis

The network throughput comparison illustrated in Figure 7
provides an additional assessment of the communication
capacity achieved by the evaluated resource allocation
algorithms. The PPO-based framework achieved an
aggregate network throughput of approximately 16.9 Mbps,
representing the highest throughput among the four
investigated scheduling approaches. The Max-SINR
algorithm achieved approximately 16.6 Mbps, while
Random Allocation and Round Robin scheduling produced
approximately 9.0 Mbps and 8.5 Mbps, respectively. These
results are consistent with the spectral efficiency comparison
and demonstrate that the proposed learning-based
scheduling strategy achieved higher aggregate transmission
rates under the considered simulation conditions.

Network Throughput Comparison
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Figure 8: Network throughput comparison

The relatively high throughput obtained using PPO indicates
that the trained agent learned to allocate resource blocks in a
manner that effectively utilized favourable channel
conditions. By incorporating channel quality observations
and accumulated user throughput into the decision-making
process, the PPO framework was able to select scheduling
actions associated with higher aggregate achievable rates. In

contrast, Round Robin scheduling distributed resources
according to a fixed sequence without considering
instantaneous channel variations, thereby limiting its ability
to exploit strong communication channels. Random
Allocation exhibited slightly higher throughput than Round
Robin in the presented results, although its decisions were
not guided by a systematic optimization objective.

The Max-SINR scheduling algorithm achieved throughput
close to that of PPO because its channel-aware selection
mechanism  directly prioritizes users with  strong
instantaneous signal quality. The comparatively small
difference between these methods indicates that the
proposed PPO framework and the Max-SINR benchmark
achieved similar aggregate communication capacity in the
simulated environment. Furthermore, the correspondence
between the throughput and spectral efficiency results is
expected because both metrics were calculated using the
same fixed total communication bandwidth. Consequently,
the throughput comparison supports the spectral efficiency
findings but does not constitute an independent measure of a
different optimization outcome.

Overall, the results indicate that PPO-based intelligent
scheduling can  achieve  substantial  throughput
improvements over non-channel-aware resource allocation
strategies. However, the findings also demonstrate that
improvements in aggregate throughput must be interpreted
alongside user fairness, since concentrating resources on
favourable channels may increase total network capacity
while limiting communication opportunities for users
experiencing weaker propagation conditions.

6.4 User Fairness Performance Evaluation

User Fairess Comparison

o o
S ®

Jain's Faimess Index
o
4

0.24

0.0

PPO Round Robin Random Max-SINR

Figure 9: Jain's fairness index comparison

The user fairness comparison presented in Figure 8 reveals
an important limitation of the proposed PPO-based resource
allocation framework. Jain's fairness index was employed to
quantify the degree of equality in achieved transmission
rates among the connected users. The results indicate that
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Round Robin scheduling achieved the highest fairness
index, approximately 0.68, followed by Random Allocation
at approximately 0.51. In contrast, the PPO-based
framework achieved a fairness index of approximately 0.20,
while Max-SINR scheduling produced a similarly low value
of approximately 0.21.

The comparatively high fairness obtained using Round
Robin scheduling can be attributed to its cyclic resource
assignment mechanism, which distributes scheduling
opportunities among users without systematically favouring
those experiencing strong wireless channels. Although this
approach produced lower aggregate spectral efficiency and
throughput, it offered a more balanced distribution of
transmission opportunities across the simulated network.
Random Allocation achieved an intermediate fairness level
because its resource assignments were distributed
probabilistically among users, although the resulting
allocation was not necessarily optimal in terms of either
throughput or fairness.

The relatively low fairness indices obtained using PPO and
Max-SINR indicate that both approaches concentrated a
substantial proportion of achievable network throughput
among a limited subset of users. In the case of Max-SINR
scheduling, this behaviour follows directly from its
preference for users with favourable instantaneous channel
conditions. For PPO, the result suggests that the
implemented reward formulation did not provide sufficient
incentive to achieve equitable throughput distribution,
despite  explicitly  incorporating a fairness-related
component. The spectral efficiency reward may have
exerted a stronger influence on the learned scheduling policy
than the fairness reward, particularly when allocating
resources to users with favourable propagation conditions
produced substantial increases in achievable data rate.

This observation highlights an important trade-off between
maximizing spectral efficiency and maintaining fairness in
multi-user wireless communication systems. Although the
proposed PPO framework achieved the highest spectral
efficiency and network throughput among the evaluated
algorithms, it did not demonstrate superior fairness
performance. Therefore, the present results do not support a
claim that the proposed model simultaneously optimizes
both spectral efficiency and equitable resource distribution.
Instead, they reveal an opportunity for improving the reward
function through adaptive weighting, minimum user
throughput constraints, fairness-aware scheduling penalties,
or alternative multi-objective reinforcement learning
techniques. Addressing this limitation could enhance the
suitability of the proposed framework for heterogeneous 5G

applications where reliable and equitable access to
communication resources is essential.

6.5 Influence of User Density on Spectral Efficiency

Spectral Efficiency vs Number of Users
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Figure 10: Spectral efficiency versus number of users

The relationship between the number of connected users and
the achievable spectral efficiency of the evaluated
scheduling algorithms is illustrated in Figure 9. The
simulation considered network configurations containing
between four and sixteen users, enabling an examination of
how increasing user density influences the effectiveness of
conventional resource allocation strategies. The results
demonstrate that Max-SINR scheduling consistently
achieved substantially higher spectral efficiency than Round
Robin and Random Allocation across the evaluated user
configurations. At four wusers, Max-SINR achieved
approximately 5.9 bits/s/Hz, increasing to approximately 8.1
bits/s/Hz at eight users and reaching approximately 9.3
bits/s/Hz at sixteen users.

The increasing spectral efficiency observed for Max-SINR
scheduling can be explained by the presence of multi-user
diversity. As the number of connected users increases, the
probability of identifying at least one user with favourable
channel conditions on a particular resource block also
increases. Since Max-SINR scheduling selects the user
experiencing the strongest instantaneous signal quality, it
can exploit these favourable channel opportunities to
improve aggregate spectral utilization. The observed trend
therefore reflects the benefits of channel-aware scheduling
under increasing user populations, although the performance
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is also influenced by the randomly generated user locations
and fading conditions.

Round Robin and Random Allocation exhibited
considerably lower spectral efficiency across the evaluated
user configurations. Their results fluctuated within a
relatively narrow range of approximately 3.2 to 4.3
bits/s/Hz, indicating that increasing the number of connected
users did not consistently translate into improved spectral
utilization for these allocation strategies. This behaviour is
expected because neither method systematically selects the
user with the most favourable instantaneous communication
channel. The relatively small fluctuations between different
user configurations can be associated with variations in the
generated channel realizations and the limited number of
evaluation episodes.

The PPO framework was evaluated only for the eight-user
configuration, where it achieved spectral efficiency close to
8.0 bits/s/Hz. This restriction arises because the
implemented neural network was trained using a fixed
observation and action structure corresponding to eight
users. Consequently, the current scalability experiment does
not establish the performance of PPO under varying user
densities. The single PPO result provides a reference point
for comparison at the original network size, but it cannot be
used to infer that the proposed learning-based algorithm
would maintain its advantage as the number of connected
users increases. A more comprehensive scalability
investigation would require separately trained PPO agents
for different user configurations or the development of a
variable-dimensional neural network architecture.

The findings therefore demonstrate the effectiveness of
Max-SINR scheduling in exploiting multi-user diversity and
identify the need for additional experiments to establish the
scalability of the proposed DRL framework. Future
investigations  should  consider  variable-size  state
representations, multi-agent reinforcement learning, or
attention-based policy architectures to support intelligent
resource allocation across different network densities.

6.6 Overall Comparative Performance and Discussion

The comparative analysis of the simulation results
demonstrates that the proposed PPO-based resource
allocation framework achieved the highest aggregate
spectral efficiency and network throughput among the four
investigated scheduling strategies. The learning-based
approach exhibited substantial improvements over Round
Robin and Random Allocation, while its performance
remained close to that of Max-SINR scheduling. These
findings indicate that deep reinforcement learning can

develop effective channel-aware scheduling policies through
repeated interactions with a stochastic wireless environment.
The observed improvement in training reward further
supports the ability of the PPO agent to learn resource
allocation decisions associated with higher cumulative
rewards.

A summary of the principal performance indicators is
presented in Table 1. The numerical values are approximate
readings from the supplied graphs, while the percentage
improvements are taken from the simulation output.

Table 1. Comparative performance of resource allocation
algorithms in the simulated 5G wireless network

~16.6 ~0.21

The results also reveal that improved aggregate spectral
efficiency does not necessarily correspond to improved user
fairness. While PPO and Max-SINR achieved high
throughput, both exhibited relatively low fairness indices,
indicating unequal distribution of achieved data rates among
connected users. This finding is particularly significant for
practical 5G communication networks, where different
applications and users may have distinct minimum service
requirements. The results therefore highlight the need for
more carefully balanced reward formulations that
incorporate explicit fairness objectives or minimum service
guarantees.

Another important observation concerns the relatively small
performance difference between PPO and Max-SINR
scheduling. Although the proposed PPO framework
achieved a 1.96% spectral efficiency improvement in the
reported experiment, the available results do not establish
whether this advantage would remain consistent across
multiple independent training runs, different channel
distributions, or more complex network configurations.
Additional experiments involving repeated training with
different random seeds, statistical confidence intervals, and
sensitivity analysis would be necessary to evaluate the
robustness of the observed improvement. Furthermore, the
current  model considers a simplified single-cell
communication environment with equal transmission power
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across resource blocks, and the learned agent performs
resource block scheduling rather than joint power and
bandwidth optimization.

Despite these limitations, the simulation establishes a useful
computational foundation for investigating intelligent
resource allocation in 5G wireless communication networks.
The integration of a stochastic wireless environment, PPO-
based decision-making, reward-driven optimization, and
comparative scheduling evaluation provides a reproducible
approach for examining the relationship  between
reinforcement learning and spectrum utilization. The
findings suggest that learning-based scheduling can be
competitive with conventional channel-aware resource
management and substantially outperform allocation
mechanisms that do not exploit instantaneous channel
quality. Further development of the framework should
prioritize fairness-aware reward design, adaptive power
allocation, variable user populations, and evaluation under
more realistic 5G propagation and interference conditions.

VII.CONCLUSION AND FUTURE WORK

The present research investigated the development and
performance evaluation of a Deep Reinforcement Learning-
Based Intelligent Resource Allocation framework for
enhancing spectral efficiency in fifth-generation (5G)
wireless communication networks. The study addressed the
challenges associated with efficient radio resource
utilization in multi-user wireless environments characterized
by varying channel conditions, interference, and competing
communication demands. A Proximal Policy Optimization
(PPO)-based intelligent scheduling mechanism  was
developed using Python and evaluated within a simulated
5G downlink communication environment incorporating
Rayleigh fading, distance-dependent path loss, and
interference-aware channel modelling. The proposed
framework employed a reward-driven learning strategy to
identify adaptive resource block allocation policies by
considering spectral efficiency, user fairness, and
interference characteristics. Its effectiveness was assessed
through comparative evaluation against conventional Round
Robin, Random Allocation, and Maximum Signal-to-
Interference-plus-Noise  Ratio (Max-SINR) scheduling
algorithms.

The simulation results demonstrated that the proposed PPO-
based framework achieved improved aggregate spectral
utilization and network throughput compared with the
conventional scheduling approaches under the investigated
network configuration. The developed model achieved
approximately 7.8 bits/s/Hz spectral efficiency and 16.9

Mbps aggregate network throughput, representing
improvements of 98.51% and 87.67% in spectral efficiency
compared with Round Robin and Random Allocation,
respectively. Furthermore, the proposed approach achieved a
1.96% improvement over Max-SINR scheduling, indicating
that the learned allocation policy performed competitively
with an established channel-aware resource management
technique. The training reward convergence characteristics
demonstrated a progressive improvement in the learning
agent's decision-making performance, supporting the
feasibility of PPO for adaptive resource allocation in
stochastic wireless environments. These findings establish
the potential of deep reinforcement learning to improve
resource utilization through sequential, experience-driven
decision-making rather than relying exclusively on
predetermined scheduling rules.

An important outcome of the investigation was the
identification of a significant trade-off between aggregate
spectral efficiency and equitable resource distribution.
Although the proposed PPO framework achieved the highest
spectral efficiency among the evaluated algorithms, its Jain's
fairness index remained approximately 0.20, considerably
below the value achieved by Round Robin scheduling. This
observation indicates that the adopted reward formulation
prioritized aggregate communication performance more
strongly than  equitable  throughput distribution.
Consequently, the present findings emphasize that
maximizing spectral efficiency alone is insufficient for
ensuring balanced service delivery across heterogeneous
wireless users. The investigation also demonstrated that
conventional Max-SINR scheduling remains highly
competitive in simplified single-cell environments,
suggesting that the advantages of learning-based resource
management should be examined under more complex
communication conditions and additional operational
constraints.

The principal contribution of this research lies in the
integration of stochastic wireless channel modelling, PPO-
based sequential resource block scheduling, multi-objective
reward formulation, and comparative performance
evaluation within a unified Python-based simulation
framework. The developed methodology provides a
reproducible computational foundation for examining the
relationship between intelligent scheduling decisions and
achievable spectral utilization in  multi-user 5G
communication systems. While the present implementation
is limited to a simplified single-cell downlink environment
with fixed transmission power distribution and a predefined
number of users, the obtained results demonstrate the
feasibility of applying deep reinforcement learning to
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adaptive wireless resource management. Overall, the study
establishes that PPO-based intelligent scheduling can
provide substantial performance improvements over non-
channel-aware allocation strategies while identifying
fairness, scalability, and robustness as essential
considerations for further development. The findings
contribute to the broader investigation of artificial
intelligence-enabled radio resource management and
provide a foundation for designing more adaptive and
efficient communication systems.

Future research will focus on extending the proposed deep
reinforcement learning framework to address the limitations
identified during the present investigation and improve its
suitability for more realistic 5G wireless communication
environments. A primary direction involves developing an
advanced fairness-aware reward mechanism capable of
achieving a more balanced relationship between spectral
efficiency, network throughput, and equitable resource
distribution. Adaptive reward weighting, minimum user
throughput constraints, and multi-objective reinforcement
learning techniques may be investigated to prevent
excessive resource concentration among users experiencing
favourable channel conditions. Further improvements may
be achieved by incorporating joint resource block and
transmission power optimization, enabling the intelligent
agent to make coordinated decisions concerning bandwidth
utilization, interference  management, and energy
consumption.

Another important extension involves evaluating the
proposed framework under varying user densities,
heterogeneous traffic demands, and dynamic mobility
conditions. Since the present PPO implementation employs
a fixed observation and action structure, future
investigations may explore graph neural networks, attention-
based reinforcement learning architectures, and multi-agent
learning techniques capable of supporting variable numbers
of connected users. The incorporation of realistic 5G
channel models, multi-cell interference, user mobility, and
service-specific  quality-of-service requirements would
further strengthen the practical relevance of the proposed
methodology.  Comparative  investigations  involving
alternative deep reinforcement learning algorithms,
including Double Deep Q-Networks, Soft Actor-Critic, and
advanced actor-critic architectures, could provide additional
insights into training stability, computational efficiency, and
policy generalization.

Future work should also include repeated experiments using
independent random seeds, statistical confidence intervals,
sensitivity analysis, and evaluation under previously unseen

network conditions to establish the robustness of the learned
allocation policy. The integration of energy efficiency
objectives, latency constraints, and intelligent network
slicing could extend the framework toward comprehensive
radio resource management for heterogeneous 5G services.
Additionally, validation using established wireless network
simulation platforms and software-defined radio testbeds
would help assess the feasibility of transferring simulation-
based learning policies to more realistic communication
environments. Ultimately, these developments could support
the evolution of autonomous, Al-enabled radio access
networks and provide useful research directions for
emerging sixth-generation (6G) communication systems,
where intelligent resource orchestration, adaptive spectrum
utilization, and sustainable network operation are expected
to play increasingly important roles.
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