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Abstract: Using a deep learning methodology, this article conducts an exhaustive examination and study of intelligent resource
allocation in wireless communication networks. The investigation begins with an examination of the methods and concepts behind CSCN
architecture, in addition to the throughput of SBS (small base stations) included into this design. Thus, an LSTM (long short-term
memory network) model is then built to forecast the mobile positions of users. User transmission conditions are assessed using two
factors: the location of the users' mobile devices and the condition of the tiny base stations to which they are linked, ensuring that the
cache settings are in the intended state. Upon careful examination of the scores, the tiny base station ascertains which users are in
possession of the most advantageous transmission circumstances. Throughput optimization in networks is seen as a multi-agent, non-
cooperative game problem that may be approached using game theory. The purpose of this study is to allow the tiny base station to
autonomously learn and choose channel resources in line with the network environment so as to optimise performance by creating a deep
augmented learning-based method for wireless resource allocation. When compared to the standard random-access approach and the
algorithm reported in the literature, simulation findings suggest that the method presented in this study significantly boosts network
throughput. We provide a framework-based resource control technique in this study by tackling the difficulty of user traffic distribution
within fine-grained resource management. Despite having a processing cost similar to polynomials, the findings suggest that the resource
management approach exhibits a performance that is unexpectedly comparable to that of a proportional fair user dual connection strategy
based on matching. In order to allocate available resources and delegate duties, the subsequent course of action is to implement the
optimized decision strategy. Once the intelligent entities have undergone training, they will independently execute these activities in
accordance with the present condition of the system and the predetermined policy. The results of the simulations indicate that, in
conclusion, the algorithm has the potential to reduce latency and energy consumption while improving user experience.

Keywords: Deep Learning, Network Resources, Wireless Communication, Intelligent Allocation, Machine Learning,
Neural Networks, Resource Management, Communication Systems, Allocation Strategies, Wireless Networks.

1. Introduction services. Nevertheless, the present 4GLTE cellular
system faces formidable obstacles in accommodating the
swiftly growing data rates and interconnected devices.
The development of innovative multimedia apps and the

exponential growth in wireless data use and demand

Significant advancements have been made in wireless
communication technology since its beginnings, with
intelligent terminal devices having emerged in the 2010s,

after satellite communication and radio transmission
emerged in the 1980s. Presently, technology is not
limited to facilitating rudimentary data services and
voice communication; rather, it is intricately woven into
almost every facet of contemporary existence. Due to the
ease of use and enhancement it provides in individuals'
everyday routines, it has been extensively embraced in
contemporary society. The introduction of fourth-
generation wireless technology facilitates enhanced data
transfer rates and reliable connection protocols [2]. The
development of wireless communication standards and
the promotion of global interoperability for microwave
access have been driven by the increasing need for data
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have all contributed to these difficulties.

While increasing the number and density of base stations
helps wireless networks enhance their system capacity,
doing so comes with its own challenges. The typical
radio access network design entails the management of
data transmission and reception via the regulation of the
RF units by the base station controller. Scholarly
literature has identified two significant deficiencies in
conventional wireless access network architecture. As a
result of its inability to adequately address the multi-
service and multi-scenario requirements of 5G wireless
networks, it initially causes a substantial rise in energy
usage. Furthermore, an imbalanced increase in energy
consumption results from increasing the number of base
stations. Attaining the increasing quantity of connected
devices and data speeds poses difficulties for the existing
4GLTE cellular infrastructure.

International Journal of Intelligent Systems and Applications in Engineering

IISAE, 2024, 12(21s), 2243-2254 | 2243



In order to alleviate the adverse consequences of the
network's high level of dynamism on communication
rate and quality of service [5], it is critical to develop
pragmatic resource management approaches that enable
users to utilise the network flexibly in alignment with the
current network infrastructure and services. The variable
density feature facilitates the network's adjustment to
shifting user flow densities in order to maintain
throughput within an acceptable range even when user
flow density experiences a quick increase.

Seafaring passengers' expectations about the quality of
communications services have escalated ever since the
advent of the Internet age. Hence, to address the
perpetual need for services, the implementation of
strategic management of marine information systems is
undertaken. Universal access is unattainable due to the
uneven distribution of support infrastructure and users.
Diverse infrastructure networks provide variable degrees
of coverage in different ocean regions, and the demand
significantly exceeds the availability of communication
capacity. The daunting challenge of adapting network
topologies to the marine environment now stands as a
barrier to the deployment of wireless networks at sea.
Apart from the placement of network nodes in existing
lighthouses and other permanent places, the permanent
installation of network base stations on the surface of the
water poses significant challenges. Present-day marine
communication networks, characterised by their varied
designs and various layers of deployment, struggle to
achieve interoperability across networks despite their
need to accommodate the growth of data streams and
surmount navigational constraints. As a consequence, a
considerable and heterogeneous user population is served
by a marine communication environment comprised of
several such networks coexisting.

The implementation of intelligent administration for the
maritime information system is driven by the objective
of meeting the growing requirements of the commercial
sector. Practically achieving universal coverage is
unattainable due to disparities in service infrastructure
and customer demographics. The reliability of
communication services at sea is unassured. Due to the
continual movement of ships, the rapid growth of the
network environment, and the uneven distribution of the
network's user population, conventional communication
networks are incapable of accommodating the intricacies
of the marine environment. The reliability and latency
demands of real-time information-related navigation
channels are more significant [8] than those of the
Internet and video services, which deal with capacity
constraints. Complex networks provide a significant
challenge in terms of the optimal allocation and
scheduling of resources. Subsequently, challenges
pertaining to the optimization of huge scales will need

future wireless networks to devise efficacious strategies.
Video services and the Internet will place a larger focus
on bandwidth. As a method to maximise productivity
with a vast array of accessible resources, optimization of
allocation and scheduling in networks has gained
prominence.  Confronting  difficulties of large
optimization hence presents a new obstacle for the
development of wireless networks.

Each synchronisation time node employs an arbitrary
selection technique when it sends a model component to
other nodes in order to alleviate the bandwidth limitation
associated with centralised federation learning and
optimise the convergence performance of federated
federation learning. Using "model replicas" during the
aggregation phase guarantees that a sufficient quantity of
data is collected from several nodes. In addition, we
provide a method for synchronisation via the process of
model dissection. To do this, the model is "sliced" into a
collection of non-overlapping chunks with the same
number of parameters. In order to update the slice level,
nodes merge their own data with that of a maximum of k
adjacent nodes. A bandwidth-aware node selection
method is suggested, which is founded on the epsilon-
greedy algorithm. Under this approach, nodes
consistently observe and approximate the mean
bandwidth shared by neighbouring peer nodes (Peer).
Subsequently, the peer node exhibiting the greatest
likelihood of transmitting the model slice at a rapid rate
is selected. This facilitates an accelerated convergence.
Experimental findings indicate that the implementation
of Balcombe, a prototype system founded upon a gossip
strategy based on model slicing and a node selection
policy cognizant of bandwidth, reduces the overall
training time by as much as 18 times without
compromising model correctness.

2. Current Status of Research

Resource allocation is one of the complex decision-
making problems that have been algorithmically
addressed since the introduction of artificial intelligence
systems [9]. Al is exhibiting promise as a remedy for
common and sophisticated issues that may arise in future
wireless networks [10]. Machine learning and deep
learning are two such applications. Practical information
may be extracted from wireless systems due to the ability
of these technologies to learn and make judgments in the
setting of dynamic surroundings. A machine learning
algorithm that analyses data to enhance situational
awareness and overall network performance may be able
to effectively optimise wireless networks. In the physical
layer of the wireless network, machine learning might
potentially be indispensable. There have been
publications of research results and how-to guides about
the use of machine learning to wireless networks [11].
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Summary of the advantages, disadvantages, Internet of
Things (IoT) implementations, and significant
discoveries that have been presented and debated in the
literature on machine learning, reinforcement learning,
and sequential learning. An innovative approach to
wireless resource management established on the
principles of learning was documented in the literature
[12].

The essential premise is as follows. In reference [13], a
real-time  multi-intelligent reinforcement learning
strategy is proposed to mitigate the issue of cumulative
interference caused by several WLANSs. The literature
[14] suggests a downlink power management technique
for nonorthogonal multiple access that is independent of
interference and wireless channels and is based on
augmented learning. An approach based on Q-learning is
suggested in the literature [15] to optimise system
performance while wusing multiple channels. This
mechanism tackles the challenge of sending packets with
varied buffer sizes by leveraging the principles of deep
learning. End-to-end processing of wireless channels is
accomplished by the application of deep learning [16],
which enables direct recovery of the transmitted symbols
and implicit estimate of the channel state information
(CSI).

The approach, designed for individuals positioned at the
demarcation point of two LTE cells, gives the user the
ability to choose the LTE cell in which to use the LWA
mode. The literature [19] demonstrates that the suggested
approach cannot only regulate the slicing of data services
by modifying the aggregation mode between LTE and
WLAN, but it can also determine the ideal control
parameters for each cell across a range of load situations.
In order to optimise resource utilisation across both
technologies, the algorithm incorporates an adaptive
transmission mode selection mechanism that assigns
users transmission modes based on user throughput and
cell load. For this reason, if a user is in a healthy
condition on both networks, the base station will
transition them to LWA mode. A complete transition to
WLAN transport mode might be advantageous for a user
whose existing LTE connection is inadequate. A
particular location's WLAN detectable range is
determined by subtracting the Received Signal Strength
Indicator (RSSI) from the Signal-to-Noise Interference
ratio (SINR).

The user's device may notify the core network manager
if the data transfer rate of a single connection is
inadequate to provide the user with the desired quality of
service (e.g., uninterrupted video playback). Based on an
integrated reinforcement learning strategy, the manager
will next choose an appropriate access network and set
up a secondary connection with the user. This article

defines the roles and responsibilities of the access
network reconfiguration manager, the user terminal
manager, and the core network manager in order to
specify a network resource management architecture that
is applicable to a heterogeneous network characterised
by a significant dynamic density variable. Furthermore,
the protocol and principal path of the transferred data are
elaborated upon in the study.

3. Leveraging deep learning to intelligently
allocate resources in wireless communication
networks

Applying deep learning algorithms to the evaluation
of intelligent resource distribution

The use of a uniform distribution for sampling is
inefficient, despite the fact that DQN's experience
playback is easy. Due to the fact that the experienced
data reflects the subject's own experience, yet not all of
that experience is equally useful to training, the subject's
learning efficiency varies across states. By slicing the
subject's original experience playback, which used
uniform sampling, and repeating it with a greater focus
on the system states that were learned rapidly, prioritised
experience playback is implemented. In order to address
the sampling of sampling weights issue, an ideal criteria
would be to prioritise samples that match to the system
state from which the subject learns most efficiently. The
success of reinforcement learning is contingent upon
many key components: environment exploration,
learning from established successful behaviour feedback,
reward generation, and updating exploration activities
via trial and error search. The TD target function value is
deviating from the Q value function in the system state,
as shown by a growing TD divergence, enhances
learning efficiency by requiring the subject to do a
greater number of updates during the learning process.

By having an intelligence gain knowledge via experience
and be directed in its future actions by the benefits it
earns from interacting with the environment,
reinforcement learning seeks to maximise the value of
the rewards the intelligence obtains. Reward systems
(RLS) that must adjust to their new environments by
learning from their previous actions are often presented
with reinforcement learning issues due to the scarcity of
external data. These challenges typically include
sequential, multi-step decision-making. Because of its
unique characteristics, including delayed reinforcement
and trial-and-error search, reinforcement learning is an
essential subfield in machine learning. In addition to
immediate  gratification, long-term  cumulative
reinforcement, usually referred to as delayed rewards,
should be included into the learning process of an
intelligent body.
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In contrast, reinforcement learning requires an agent to
use a trial-and-error search approach while investigating
its surroundings. The agent acquires knowledge from the
feedback of valid behaviours it generates itself, which is
then used to provide incentives and modify exploratory
actions. To enhance the system's performance,
reinforcement learning interacts iteratively with the input
and assessment of the environment's state and the
decision-making behaviour of the RLS. Through this
process, the mapping strategy is adjusted in a learning
manner in response to the state. Utilizing a mapping
based on reinforcement learning, a correlation is
established between the action behaviour and the state of
the surrounding environment so that an accurate
evaluation of the operational performance of the whole

system (RLS) by the external environment may be
achieved

R=XL vy (1

{g(kﬂ)(st,at):Qkﬂ(sal,as)-sa.aS 2)

Various autonomous learning tasks, including as human
interaction, robot manipulation, and autonomous driving,
make use of reinforcement learning as a result of the way
in which it resolves obstacles of significant small-scale
complexity. Proposed as a solution to reinforcement
learning's restricted development caused by its
ineffectiveness when confronted with real-world, large-
scale, complex circumstances,
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Figure 1 The feasibility of integrating reinforcement learning with deep learning is shown.

By using cellular wireless networking, users have the
ability to sustain connections between network devices
and terminals over wireless channels. This feature allows
individuals to maintain communication with one other
regardless of their current location or engagement.
Several functions, including area switching and
independent roaming inside the local network, facilitate
terminal mobility [21]. This characteristic sets it apart
from other networks. The total performance of a small
cell network is significantly impacted by user movement,
since the connectivity provided by the tiny base stations
is restricted in range. Preemptive location of users is
required. Unlike the conventional, one-step REL method,
it has a much longer storage duration. The earlier hidden
layer network's configuration could be recollected. The
reduced impact of user mobility on network performance
in conventional cellular networks is attributed to the vast
coverage area afforded by macrobase stations.

In small-cell networks, network performance is more
susceptible to users' mobile activities because to the
reduced coverage area provided by each tiny base
stations. As previously stated, the size of the cache in
each miniature base station varies, as does the content
that is kept withinThose caches. Throughout their mobile
journey, the user lacks assurance that the requested
content is really cached in the terminals of each little
base station. These factors have an impact on the
performance of the network.

Q *(sys,a):Q(Ssysya)'a[Roncc 'ymaXQkH(Stsat)]
3)
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Q=R+ 1+ ymaxQy.(si,ay).

Given the proliferation of mobile communication
services and the widespread substitution of traditional
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voice services for data services, research on user
mobility has expanded beyond mere seamless switching
and roaming. Scholars are increasingly considering the
integration of user mobility and caching technologies in
this regard. Because they cover a greater area and can
predict where users will go, traditional cellular networks,
which are composed of macrobase stations, are less
susceptible to user movement-induced latency.

This article subsequently allocates spectrum resources in
accordance with the established unweighted conflict
graph. This method provides orthogonal subchannels to

users in accordance with the conflict graph's assessment
of the likelihood of significant interference between
them. As a precaution against very disruptive user
interactions, the user is allocated the most profitable
subchannel upon achieving success. Nevertheless, it is
crucial for users to plan ahead in small-cell networks due
to the location and time constraints imposed by
individual base stations, which result in network
performance being reliant on these factors. For
predicting time series, this technique is far more
successful than the typical one-step RL approach due to
the memory's ability to retain.
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Figure 2: Long Short -Term Memory network

As diagrammed in Figure 2, the current input and the
status of the network in the preceding time steps impact
the prediction for a certain time step when LSTM is
implemented. This further complicates issues, since this
article demands it.

As the demand for machine learning services increases,
researchers are now examining adaptive approaches in
an effort to maintain low processing costs. By using a
novel iteration of the model and leveraging the
compromise between latency and accuracy, clients may
improve the invocation cost and response time of a
machine learning as a service platform without
sacrificing service output quality. In order to maximise
the use of wireless network spectrum via resource
allocation in ultradense networks plagued by severe
interference, impediment management is a crucial tactic.
Inspiring by a coalition-forming game, we offer a
centralised, user-centric method to resource distribution
in this work. In order to determine the most effective
strategy for forming user coalitions in alignment with the

specified resource allocation principle, the coalition
building game is implemented.

A conflict graph is used to depict the interference
connection, which also accounts for the grid split.
Subsequently, spectrum resources are allocated in line
with the unweighted conflict graph that has been
generated. The primary aim of this research is to assign
orthogonal subchannels to users in the conflict graph
who are anticipated to encounter substantial interference
from one another. The ranking of user allocations is
established according to their distance from one another.
Users are granted access to the subchannels that have the
highest net gain in situations when no other subchannel
can be used to significantly decrease interuser
interference. Furthermore, to enhance the efficiency of
the system's spectrum use and bypass the restriction of
"one subchannel per user" implemented in the prior
coalition building game, this research endeavour presents
a straightforward and easy method for allocating the
remaining subchannels.
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Recurrent neural networks, constructed using the neural
network design, provide enhanced performance in the
realm of time-sensitive tasks. Recurrent neural networks
integrate the notion of temporal order through the
establishment of a link between the subsequent. This
differs from the static link between the subsequent input
and subsequent output observed in conventional neural
networks. The practical implementation of recurrent
neural networks is often constrained to a certain variation
owing to the gradient dispersion issue that arises when
the temporal order of the network becomes much larger
and updates and training of parameters halt. Long short-
term memory (LSTM) networks, as opposed to recurrent
neural networks, use a second hidden parameter called
cell state to track the present state of the network.
Furthermore, the LSTM independently ascertains the
cellular state's inclinations for the retention and deletion
of data via the implementation of a complex gating
mechanism. The LSTM gating mechanism is composed
of three unique types of gates: input gates, forgetting
gates, and output gates. An input gate, a forgetting gate,
and an output gate are all present in every LSTM cell
state.These gates ascertain the information that is
preserved as the LSTM's output; they are predicated on
the cell state.

h" gmzl/uzgzl hngmu (N

The determination of whether the user clustering
approach is successful is contingent upon the minimum
correlation coefficient value. An excessively high setting
of the minimum correlation coefficient hampers network
performance by clustering an insufficient number of
users into a single entity. Conversely, an excessively low
value yields a beamwidth that unnecessarily complicates
beamforming. This aspect of the minimal correlation
coefficient is often regarded as constant, and surprisingly
little attention has been devoted to it in both domestic
and international literature.

Try out several different approaches to intelligent
resource allocation for mobile data networks.

Visualize a cloud hybrid system that is assisted by D2D
for efficient resource management and service
offloading. As each user tries to align themselves with
the coalition comprising the neighbouring user who
causes them the most disturbance, an extra partition is
established into the network. Potential gain (total system
throughput) is determined after subchannel assignment
for the new network design has been finalised. In order
to optimise data transmission and reduce throughput
disruptions, the system deviates to the right, contrary to
the network's six-watt macro. Once the ideal network

division and maximum gain have been adjusted to align
with the newly established network configuration, the
method comes to a close, leading to a comprehensive
enhancement in system throughput; the correlation
between each user's interference level and the coalition
they ought to join is chosen by that user. Only when the
system gain is increased are merge and split operations
carried out.

At the juncture of stability and convergence, no player is
permitted to increase their system gain via the merge or
split operation. In the recursive kernel of the game,
which ought to be denoted by the outputTED value, the
outcome of subchannel assignment, the ideal network
partition, and the network itself ought to be embedded.
Individual users become members of a coalition
consisting of others who are also encountering the same
problem, in a descending order of interference. Hence, in
order to mitigate excessive interference on a wireless
network, users who are anticipated to cause substantial
disturbance may be organised into a coalition. Torsion
resources may then be allotted to users belonging to the
same coalition. This process iterates through a specified
three-step sequence until the game reaches a state of
stability and determines the best network partition for a
given subchannel allocation technique. Notably, the
coordinates of every individual node in the network are
stored in the "cloud" at the helm of the centralised C-
RAN architecture, which is used for this study. As shown
in Figure 3, the game employs the stored position
information of network nodes to propose groups for
individual users. By using these indicators, it is possible
to ascertain if the unique coalition building strategy can
improve network performance. The approach is
literalized if the game achieves success in revising the
network divide and its associated advantages.

Prior research on the use of reinforcement learning to
communication system resource management and user
access has limited its focus to the procedure of joining to
a solitary network. Nevertheless, in forthcoming
heterogeneous networks characterised by the coexistence
of various network types, a positive trend emerges
wherein users consolidate data traffic from distinct
networks in order to enhance their communication speed.
In doing so, they are able to utilise the "fragmented"
resources that remain in the communication system,
thereby resulting in a substantial improvement in
network utilisation. Network use will grow substantially
in comparison to the conventional method of creating a
solitary connection. Numerous scholarly articles delve
deeply into the dual connection method and provide
algorithms that optimise system utilisation. This serves
as an illustration of multiport resource aggregation.
However, certain algorithms, although they may achieve
the theoretical maximum system utilisation, are
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extremely complex due to the fact that they necessitate
optimised traversal or multiple iterations to find the
optimal system solution. Considering the short time
delays involved in the user access and resource control
processes in the actual system, these algorithms have
little practical application. The feasibility and utility of
the algorithm in the real-world communication system
will be shown by an analysis of the simulation results.
Additionally, the DQN-based subscriber access multiport
method will be proposed as a solution to the
aforementioned challenges.

In order to derive the locations of WLAN access points
(APs) and microbase stations for the cell simulation
scenario, random points are equally dispersed around the
cell region. By simulating various user count situations
using the DQN-based user multiport access technique,
one may determine the associated system utilisation; the
simulation settings are detailed in Table 1. By simulating
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the highest signal-to-noise ratio (SNR) and the user
nearest neighbour access technique, this research
highlights the significant discrepancy in system
utilisation between single connection transmission and
dual connection transmission. Simulating the operation
of the system as it communicates with a predetermined
quantity of users via a single connection serves to further
underscore the distinction between the normal user
access method and the DQN-based approach. By means
of a simulation that employs the user nearest neighbour
access method and the Signal-to-Noise Ratio (SNR)
maximum access approach, the contrast between the
conventional user access algorithm and the DQN-based
user access algorithm is shown. Users choose the
microbase station with the greatest Signal-to-Noise Ratio
for the second connection in the former scenario,
however in the later scenario, they opt for the microbase
station that is in closer geographical proximity to them
(SNR).
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Figure 3: System scenario.

Table 1: Parameters for simulating networks

Parameters of cellular networks Worth

Bandwidth of a channel 12.35
Noise power 3.96
Power transmission from a macrocell base station 3.07
The RF Output of a Microbase Station 3.08
The user's path loss from the macrobase station 11.86
The microbase station-user path loss 12.36
Shadow fading using a lognormal distribution 13.24

In addition, by simulating the matching-based
proportional fair user dual connection access method, as
shown in Figure 4, the objective of this study is to

illustrate the algorithm's deviation from the theoretical
upper limit.
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As the number of users grows, it reduces. On the other
hand, its efficacy is only somewhat satisfactory when
used by all users to the matching-based dual connection
access procedure, the nearest neighbour entry strategy,
and the SNR maximum access technique. The data
shown in Figure 4, which accounts for the situation in
which each wuser wutilises a single connection,
demonstrates that as the quantity of micro cells rises, so

does the system's utility. Because more users are likely to
forsake the macro base station in favour of a shared
connection with small cells, the system utility tends to
drop as more small cells are deployed when all users
share a single connection. Users accessing small cells see
a reduction in throughput because to the much lower
in comparison to

transmit power of small cells
microcells.

Values

H'.lrning rate
Discount factor
Update step

Type

Initial value
End value

Memaory size

Figure 4: DQN

4. Evaluation of Outcomes

Outcomes of Deep Learning Algorithm Testing

An AC-based reinforcement learning model is capable of
effectively generating a user access and resource

matching scheme that demonstrates performance

comparable to matching-based local optima, despite the
significant time investment required for the model to
learn during the initial system exploration phase. In the
AC framework, the neural network parameters converge
progressively to a stable value as the learning rate
decreases.

Value

L) T T T T T T T T T
o 1006 200 300 400 500 s00 00 BOD 900 LDOO
Learning step
—— Number 20 —— Number 60
Number 40 MNumber B

Figure 5: Plot showing convergence for the reward function.

The methodology via which the system transmits data
across the connection is denoted by the utility number.

The technique facilitates the alleviation of cache strain
by the augmentation of outbound volume in response to
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an increase in the packet arrival rate. Nevertheless, a
considerable amount of energy is required to complete
this process. The S-DQN approach provides increased
throughput due to the normalisation of the Q value,
which causes a little increase in Q value to create a
significant fluctuation, hence enabling the transmission
of a higher number of packets. An increase in data
volume will place a greater strain on the cache of each
node inside a network. Cache performance begins to
deteriorate as the packet arrival rate above 1.5. Through
the deactivation of the inverse buddy between the six
Walden macros comprising the network, the technology
facilitates  significant  leakage  while  ensuring
uninterrupted data transport. Modifying the modulation

Values

mechanism leads to an increase in link utilisation as the
agent simultaneously escalates the frequency of its
interactions with the environment. When seen in Figure
6, as the data packet arrival rate rises, the computational
complexity of the DQN approach significantly reduces
the average utility value.

Due to the possibility of local optimum entrapment,
Dijkstra's method may impede the agent's ability to
consistently propose the most efficient approach for
distributing network resources, perhaps resulting in an
overly high average energy consumption. In contrast to
the other two artificial intelligence algorithms, Dijkstra's
algorithm consumes much more electricity.

Figure 6: Throughput (grouping) comparison.

As data load approaches the cache's capacity, the
pressure on the cache ceases to increase and eventually
returns to a steady state. In comparison to the 1/2/3
colouring  approaches, this strategy  enhances
performance by 43.88 percent, 62.00 percent, and 88.86
percent, respectively. In addition, simulation is used to
evaluate algorithms under varying network loads (50, 70,
and 90 percent). As the pace of data packet arrival
increases, Dijkstra's technique likewise yields a
reduction in transmission efficiency due to the
insufficient transfer speed of packets, subsequently

leading to packet loss. In contrast to Dijkstra's technique,
the S-DQN methodology exhibits a much reduced
latency. Real-time performance is ensured by the S-DQN
approach, which increases system throughput in response
to an increase in the arrival rate of data packets. This
induces nodes in the relay network to preferentially
transmit data using higher-order modulation and places
more load on the cache. The reduction of delay jitter may
be achieved by the use of the s-DQN approach, which
functions identically to quantizing the Q value by
generating its probability.
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Figure 7: A time-versus-energy efficiency graph.

An Experimental Assessment of the Impact of
Intelligent Resource Allocation on the Performance of
Wireless Communication Networks

Temporality is assessed horizontally, while energy
efficiency is measured vertically. Upon comparison with
the random access approach and the RL algorithm, it
seems that the RL-LSTM-based resource allocation
method is much more energy-efficient. This phenomenon
occurs when the small base station serves a greater
number of customers, causing the RL-LSTM algorithm
to augment the load it supplies.

As the quantity of subchannels rises, the SAR value
decreases at a slower rate compared to when there are
less than ten subchannels. That is to say, the network has
already achieved the optimal subchannel allocation rate;
hence, more subchanneling of the system bandwidth has
no effect on the total throughput (see Figure 7).Further

provision of spectrum resources to customers should
cease after the optimal subchannel allocation rate has
been achieved, since doing so will impede overall
throughput. Subchannels allocated to users should not be
removed until the optimal subchannel allocation rate has
been achieved, since underutilization of these channels
negatively  impacts network  performance. As
demonstrated in Table 2, a realistic number of
subchannels may be identified in a sparse network
environment with low computing effort and then
implemented in a dense network.

For a given network load, the spectral efficiency of the
system is assessed in correlation with the quantity of
FAPs present in the network, as seen in Table 2.Three
recently published colouring approaches that we consider
to be representative of the field as a whole are contrasted
with the suggested load-aware resource allocation
methodology in Table 2.

Table 2: Statistics of results.

Sampling/node
Data set Node Limitation Mean Standard deviation
Feminist 5.3 2.8 3.45 14.26
Synthetic-C5-W10 11.89 8.07 9.36 3.65
Synthetic-C5-W40 12.63 3.69 8.26 9.47
Synthetic-C5-W80 12.36 8.96 13.96 5.21
Synthetic-C10-W50 15.36 3.74 15.85 8.5

In a network load of 30 percent and 128 FAPs present,
the performance of the proposed method is 43.88 percent
higher than that of the 1/2/3 colouring techniques, 62.00

percent higher, and 88.86 percent higher, respectively.
Additionally, simulations of the relevant methodology
are performed when the network is under attack at 50%,

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(21s), 2243-2254 | 2252



70%, and 90% capacity. When considering the vast
majority of network sizes and loads, our solution
demonstrates superior performance when compared to all
other benchmark approaches.

The task of accurately identifying the geographical
coordinates of individual network nodes may provide
difficulties in the process of simulating interference and
allocating resources for downlink transmission. On the
basis of the network's huge dataset and the association
rule method, a model is developed to predict the relative
interference strength of the uplink. A strategy for
resource allocation that takes load into consideration is
also recommended. In each TTI, the network load and
modelled relative interference intensity are used to
ascertain the limitations for multiplexing similar
spectrum resources and allocating orthogonal spectrum
resources to particular users and their interference
sources. The user-supplied time-varying
multiplexing/orthogonal boundaries are used to generate
a compilation of orthogonal interference sources.
Following this, spectrum resources are distributed in
adherence to the aforementioned sources. As assessed by
the scheme, the results of the simulation suggest that the
relative interference intensity modelling scheme based
on the association rule algorithm that is provided here
might potentially get a high level of accuracy with a
reduced number of samples. The research report includes
a simulation study portion that presents an evaluation of
the intended load-aware resource allocation approach's
performance across various network sizes and loads. It
demonstrates that the approach, on the whole, generates
gratifying results.

5. Conclusion

The exponential advancement of  wireless
communication technology has given users access to
data services that are increasingly quick. Cellular
networks have seen a significant surge in the volume of
data services due to the pervasive use of mobile devices
(smartphones, tablets, smartwatches, etc.). The dynamic
nature of the network environment is shown by the
exponential growth in the need for data services, which
forces mobile network topologies to continuously
evolve. Presently, several intriguing technologies,
including as caching and small-cell networks, are being
investigation by specialists. As a result of the intrinsic
distinctions between normal cellular networks and small-
cell networks with caching, it is necessary to introduce
novel resource allocation algorithms. This study thus
focuses extensively on the issue of resource allocation in
the context of cache-based small-cell network
topologies. This article outlines the foundational
concepts that underpin wireless access networks,
examines a number of intriguing technologies that have
potential for future network advancements, and presents

a caching-based small-cell network architecture. To
model the problem, an RL-LSTM-based resource
allocation method that combines deep augmented
learning and game theory is proposed. This methodology
conceives of every individual base station as a cognitive
being capable of discerning exceptional customers
predicated on the conditions of its transmission. The
model's weight matrix, which is determined through
iterative training, is employed to encode and decode the
input historical traffic sequence in order to obtain the
semantic vector. In conclusion, weight values are
implemented in order to discover the minuscule base
station action sequences that optimise the objective
function.
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