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Abstract

In this paper, we consider the two prominent Self-Organizing Network (SON) functionalities, namely load balancing (LB) and resource
allocation (RA), in Non-Orthogonal Multiple Access (NOMA)-enabled multi-cellular heterogeneous networks. Specifically, we propose
distributed algorithms where users are handed-over from the congested tiers to provide LB, and RA is performed to minimize co-channel
interference. To mitigate the effects of increased co-channel and inter-user interference, a hybrid NOMA method is also adopted. Numerical
results demonstrate that the joint consideration of SON functions provides significant improvements in data rate and fairness among users.
Moreover, as the number of users and base stations increases, the application of hybrid NOMA becomes more beneficial for interference
coordination. Additionally, it is shown that NOMA can provide higher data rates compared to existing Orthogonal Frequency Division Multiple
Access (OFDMA) schemes with proper user grouping methods.
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1. Introduction

The increasing demand for higher data rates and improved user
experience in cellular networks has led to the exploration of new
access technologies and network management strategies. Non-
Orthogonal Multiple Access (NOMA) has emerged as a
promising technology for 5G and beyond, allowing multiple
users to share the same frequency resources through power
domain multiplexing. However, the introduction of NOMA into
multi-cellular heterogeneous networks (HetNets) presents
challenges such as co-channel interference and inter-user
interference, which can degrade the overall network
performance.

Self-Organizing Networks (SON) functionalities, such as Load
Balancing (LB) and Resource Allocation (RA), are essential for
managing these challenges. In this paper, we propose a hybrid
approach that combines LB and RA with NOMA to improve
network performance. We focus on reducing co-channel
interference and ensuring fairness among users through
distributed algorithms that dynamically manage user handovers
and resource allocation.

Hybrid Approach for Improving Performance in NOMA-
enabled Heterogeneous Cellular Networks

The increasing demand for higher data rates and improved user
experience in cellular networks has driven the exploration of
new access technologies and network management strategies. #
Hybrid Approach for Improving Performance in NOMA-
enabled Heterogeneous Cellular Networks
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Non-Orthogonal Multiple Access has emerged as a promising
technology for 5G and beyond, allowing multiple users to share
the same frequency resources through power domain
multiplexing. However, effectively implementing NOMA in
such complex network environments requires a comprehensive
framework that not only addresses interference mitigation but
also optimizes resource utilization while maintaining Quality of
Service for all users involved. To achieve this, our proposed
framework integrates advanced machine learning algorithms
for predictive analysis of user behavior and network conditions,
enabling real-time adjustments in load balancing and resource
allocation strategies based on current traffic demands and user
distribution. This adaptive mechanism ensures that resources
are allocated efficiently, minimizing interference between co-
channel users and enhancing the overall spectral efficiency of
the network. Furthermore, we validate our approach through
extensive simulations in various traffic scenarios and user
distributions, which demonstrate significant improvements in
system throughput, user rates, and fairness metrics compared to
conventional access methods. In addition, we present a detailed
analysis of the impact of varying user densities and traffic
patterns on the performance of NOMA-enabled HetNets,
highlighting the crucial role of user pairing strategies in
maximizing the benefits of the proposed hybrid approach.
Moreover, we examine the scalability of our proposed
framework by testing its performance across different network
configurations and under various operational conditions,
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ensuring its adaptability to diverse deployment scenarios in
future wireless systems. In doing so, we identify key factors that
influence the effectiveness of the hybrid approach, including the
optimal selection of power allocation factors and user pairing
algorithms, which are critical in achieving the desired balance
between system performance and user satisfaction. To further
validate the effectiveness of our hybrid approach, we conduct a
series of benchmark tests comparing it against existing
methodologies in terms of efficiency, robustness, and user
experience under realistic network conditions, thereby
providing insights into its practical applicability in real-world
deployments. In conclusion, the integration of Load Balancing
and Resource Allocation with Non-Orthogonal Multiple Access
not only addresses the pressing challenges of co-channel
interference and fairness in heterogeneous cellular networks but
also paves the way for more resilient and efficient future
wireless communication systems. Furthermore, our findings
indicate that this hybrid approach not only enhances
performance metrics but also fosters a more sustainable
network environment by optimizing resource usage, ultimately
contributing to the goals of energy efficiency in next-generation
cellular networks. The implications of this work extend beyond
performance metrics, as it underscores the necessity of
innovative network management techniques in addressing the
complexities of modern communication systems. Additionally,
the successful implementation of our proposed framework
serves as a foundation for future research avenues, where
enhancements such as artificial intelligence-driven optimization
strategies can be explored to further refine user experience and
network efficiency. In light of these advancements, we advocate
for collaborative research efforts that involve industry
stakeholders and academia to explore the practical deployment
of our hybrid approach in real-world scenarios, ensuring that the
benefits observed in simulations translate effectively into
operational networks. Recognizing the rapidly evolving
landscape of mobile communication, it is imperative that
ongoing studies not only validate the performance of our
proposed framework through real-world trials but also adapt to
the emerging technologies and user demands that will
characterize future wireless networks. Moreover, as the mobile
ecosystem continues to evolve with the introduction of Internet
of Things devices and the proliferation of smart applications,
our research highlights the need for flexible and scalable
network architectures that can accommaodate a diverse range of
service requirements and user profiles. In this context, the
adaptability of the proposed hybrid framework becomes
pivotal, as it must not only support traditional user demands but
also integrate seamlessly with the increasing variety of loT
applications, which often have unique requirements regarding
latency, reliability, and bandwidth. This dual focus on
conventional user needs and the integration of 10T applications
necessitates the development of dynamic provisioning
strategies that account for the unpredictable nature of IoT
traffic, thereby enhancing the resilience and efficiency of the
network. To this end, we propose an adaptive resource
management scheme that leverages real-time monitoring and
machine learning to predict traffic patterns associated with 10T
devices, enabling proactive adjustments in resource allocation
and load balancing to mitigate potential congestion and ensure
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optimal service delivery for all network users. This innovative
approach not only enhances the quality of service for traditional
mobile users but also establishes a robust framework for
accommodating the burgeoning volume of 10T traffic, thereby
addressing the challenges posed by the ever-increasing number
of connected devices. Moreover, by employing machine
learning algorithms for predictive analysis in real-time, our
framework is capable of dynamically adjusting resource
allocations based on the diverse and evolving traffic patterns
associated with loT devices, which is crucial for maintaining
high-quality service delivery in heterogeneous network
environments. Through the synthesis of NOMA, Load
Balancing, and Resource Allocation techniques, combined with
the integration of loT-centric features, our research aims to
contribute to the ongoing development of advanced wireless
communication systems that are equipped to handle the
growing complexity and demands of the digital landscape. As
such, the proposed adaptive resource management scheme not
only addresses the immediate challenges of efficiently serving
a heterogeneous user base but also aligns with the broader
vision of intelligent network management that can evolve
alongside emerging technologies, underscoring the importance
of scalable architectures that can adapt to the ever-changing
needs of the communication ecosystem. (Alenazi et al., 2022)
(Taleb et al., 2023) (Nouruzi et al., 2022) (Oteafy & Hassanein,
2018) This adaptability is essential in a rapidly changing
environment, where the integration of Al-driven algorithms can
enhance network management capabilities, making it possible
to optimize resource allocation in response to real-time data
traffic and user behavior trends that are typical in 6G networks
and beyond (Nouruzi et al., 2022)(Oteafy & Hassanein,
2018)(Alenazi et al., 2022)(Salehinejad, 2016). In this context,
our study underscores the significance of leveraging artificial
intelligence not just for optimization but also for enabling
proactive network management techniques that can anticipate
user demands and application requirements, thereby facilitating
a seamless and efficient communication experience across
diverse network scenarios (Nouruzi et al., 2022). This proactive
approach not only enhances the responsiveness of the network
but also establishes a framework for sustainable resource
management in light of the anticipated surge in data
consumption and connectivity demands driven by the Internet
of Things and smart city applications, ultimately allowing for
the development of more intelligent and resilient wireless
communication systems. (Nouruzi et al., 2022) (Elsayed &
Erol - Kantarci, 2019) (Wang et al., 2018) (Li et al., 2020)
Furthermore, as the demand for efficient spectrum utilization
continues to grow, integrating Al techniques into our proposed
framework can significantly enhance the system's adaptability,
enabling real-time reconfiguration based on fluctuating network
conditions and user behaviors, which is critical for achieving
the performance objectives of future wireless networks.
(Nouruzi et al., 2022) (Benzaid & Taleb, 2022) (Li et al., 2020)
(Salehinejad, 2016) By employing intelligent spectrum
management techniques, we can ensure that the diverse
applications and services within future wireless networks are
not only supported but also optimized, thereby maximizing the
overall efficiency and quality of service while mitigating the
risks associated with interference and resource contention
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(Benzaid & Taleb, 2022). Moreover, the incorporation of Al-
driven techniques for spectrum management is essential to
navigate the complexities associated with dynamically
managing shared resources, ensuring that the network can
effectively respond to the diverse and demanding needs of next-
generation services, particularly in the context of 10T and smart
city applications. (Xue et al., 2023) (Benzaid & Taleb, 2022)
(Li et al., 2020) (Nouruzi et al., 2022) Additionally, leveraging
Al for intelligent spectrum management facilitates the creation
of adaptive algorithms capable of learning from historical
performance data and current user behavior, thus addressing the
evolving challenges in wireless communications and enabling
more effective resource allocation strategies that align with the
heterogeneous service requirements anticipated in 6G networks
and beyond (Dai et al., 2019) (Nouruzi et al., 2022) (Li et al.,
2020) (Xue et al., 2023).

2. Methodology

We consider a multi-cellular heterogeneous network
comprising multiple macro cells and small cells. Each cell is
equipped with a base station (BS) that supports NOMA. The
network operates under the assumption that users are distributed
randomly, with varying levels of data rate demands. In this
context, the integration of heterogeneous access technologies
becomes crucial for enhancing system efficiency and improving
the user experience, especially as users transition between
different network types (Kiss et al., 2014). In this context, the
integration of heterogeneous access technologies becomes
crucial for enhancing system efficiency and improving the user
experience, especially as users transition between different
network types, necessitating a common infrastructure that can
interconnect various networks to ensure seamless connectivity
and robust service continuity (Sen, 2010). The flexibility of
such networks is paramount, as they must be optimized for
diverse scenarios that may be dynamic in space and time
(Marchetti, 2017). While a single network design may not fit all
use cases, the incorporation of machine-to-machine (M2M)
communications and the ability to sustain low-latency, low-rate
data transfer are key requirements for future wireless systems
(Marchetti, 2017). Furthermore, the evolution of small cell
deployment is vital, as these cells interact with macro networks
to enhance overall user experience and accommodate the
growing demand for data services, thereby paving the way for
more sustainable and efficient network solutions in the long
term. In addition, addressing the challenges of mobility and
handoff management in this heterogeneous environment will be
essential to ensure that mobile users remain connected to the
most suitable access network based on their varying
requirements, thereby enhancing the overall service quality and
user satisfaction throughout their journey. (Sen, 2010) (Kiss et
al., 2014) (Nidhi & Mihovska, 2020) (Marchetti, 2017)
(Marchetti, 2017) (Nidhi & Mihovska, 2020) (Sen, 2010) (Kiss
etal., 2014)

2.2 Load Balancing Algorithm

The LB algorithm is designed to distribute users evenly across
the available tiers (macro and small cells) based on their data
rate requirements and the current load on each BS. The
algorithm prioritizes handovers from congested cells to less
congested ones, thereby optimizing the overall network load.
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Load Balancing Algorithm for Cellular Networks

The efficient management of network resources is a critical
aspect of modern cellular network infrastructure, as the ever-
increasing demand for data services and the proliferation of
mobile devices have placed significant strain on the capacity
and performance of these systems. To address these challenges,
implementing sophisticated load balancing algorithms is
essential to ensure optimal distribution of traffic and maintain
quality of service for users across diverse network conditions
(Boor et al., 2017). The proposed LB algorithm leverages real-
time data on user demand and network congestion to
intelligently allocate resources, utilizing techniques that have
been shown to enhance server utilization and user experience in
large-scale systems. This approach mirrors strategies observed
in cloud computing, where efficient load balancing mechanisms
not only distribute tasks among available resources but also
optimize overall system performance through careful
scheduling based on various quality of service metrics, thus
achieving effective resource utilization and maintaining high
user satisfaction across the network.

The LB algorithm is designed to distribute users evenly across
the available tiers (macro and small cells) based on their data
rate requirements and the current load on each base station. The
algorithm incorporates dynamic weighting factors that reflect
the neediness of different user demands, thereby ensuring that
resources are allocated more effectively during periods of peak
traffic, similar to the tailored allocation methods employed in
cloud environments for optimizing server performance and
resource utilization (Khder et al., 2008) (Khder et al., 2008). By
prioritizing handovers from congested cells to less congested
ones, the LB algorithm aims to optimize the overall network
load, drawing inspiration from techniques utilized in large-scale
parallel-server systems where scalable load balancing
algorithms, such as the Join-the-ldle-Queue scheme, have
demonstrated excellent performance in distributing jobs across
massive numbers of servers. (Geetha & Suganthe, 2020) (Boor
et al., 2017) (Hussain et al., 2018) (Khder et al., 2008) This
innovative design not only facilitates smoother transitions
during handovers but also enhances the network's capacity to
handle fluctuating user demands efficiently, reflecting the
principles of dynamic scheduling mechanisms that have proven
effective in cloud data centers for achieving both resource
allocation and load balancing goals simultaneously (Li et al.,
2021) (Hussain et al., 2018) (Boor et al., 2017) (Shi et al., 2018).
To further refine the algorithm's performance, we implement a
feedback loop that continuously monitors user distribution and
network conditions, allowing for real-time adjustments that
improve both efficiency and effectiveness, as evidenced by the
significant advancements in task scheduling techniques within
cloud environments that prioritize resource utilization and
quality of service metrics when allocating computational tasks
(Shi et al., 2018) (Geetha & Suganthe, 2020) (Boor et al., 2017)
(Hussain et al., 2018). Moreover, the integration of real-time
monitoring enables the algorithm to adaptively reallocate
resources in response to changing traffic patterns, mirroring the
successful strategies observed in cloud computing that prioritize
job scheduling based on resource availability and performance
metrics, thereby ensuring an optimal balance between user
experience and overall network capacity. This adaptability is
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crucial in maintaining optimal performance levels, particularly
in scenarios characterized by variable demand and high user
mobility, which has been extensively studied in relation to the
effectiveness of resource-aware load balancing heuristics that
enhance machine-level load management and overall system
throughput (Hussain et al., 2018) (Geetha & Suganthe, 2020).
In this context, the dynamic allocation of resources facilitates
improved network resilience and operational efficiency,
underscoring the need for innovative approaches that leverage
current data for real-time decision-making, akin to the
principles of dynamic load balancing that enhance resource
utilization across diverse computing environments. Such a
feedback-driven mechanism not only ensures that the algorithm
can respond to immediate changes in user behavior and network
conditions but also mirrors the proven effectiveness of adaptive
load balancing techniques that have been favored in cloud
computing architectures, where responsiveness to workload
fluctuations is critical for sustaining high-performance levels.
Furthermore, this approach aligns with the principles of
adaptive scheduling found in cloud computing frameworks,
which emphasize the importance of real-time data in optimizing
resource allocation strategies to achieve an effective balance
between performance demands and resource availability,
allowing for enhanced system efficiency in resource-con
strained environments. Additionally, the algorithm can
incorporate predictive analytics to anticipate user demand
patterns, thereby further enhancing load distribution and
ensuring that network resources are preemptively allocated in
alignment with predicted usage trends, much like the resource
allocation strategies applied in cloud computing that aim to
optimize the utilization of computational resources based on
forecasted workloads. This feature not only improves the
responsiveness of the network but also contributes to
maximizing the throughput and minimizing latency
experienced by users, paralleling findings in existing literature
that emphasize the necessity of proactive resource management
in highly dynamic environments to maintain service quality
despite fluctuating demands. (Geetha & Suganthe, 2020) (Boor
et al., 2017) (Ravindran et al., 2010) (Hussain et al., 2018) In
conclusion, the integration of predictive analytics within the
load balancing algorithm not only enhances its ability to serve
users effectively but also ensures a proactive approach to
resource allocation, thereby addressing the critical need for
maintaining service quality across fluctuating demands, a
principle that has been widely adopted in the design of efficient
scheduling and load balancing strategies in cloud computing
environments (Boor et al., 2017) (Karapetyan et al., 2021)
(Geetha & Suganthe, 2020) (Hussain et al., 2018). The
successful implementation of these techniques demonstrates the
potential for achieving a significant improvement in both user
experience and system performance, which is paramount in the
context of modern telecommunications infrastructures where
user mobility and demand can vary dramatically over short
periods of time and thus require sophisticated management
approaches to ensure optimal resource utilization and service
delivery. (Vinothina et al., 2012) (Hussain et al., 2018) (Geetha
& Suganthe, 2020) (Boor et al., 2017) In this regard, the
algorithm's ability to leverage historical data alongside real-
time analytics ensures that it can effectively mitigate congestion
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and streamline resource allocation, reinforcing the idea that
continuous refinement and adaptation of load balancing
strategies are essential for achieving optimal network
performance in the face of evolving user demands and network
conditions.

Resource Allocation Algorithm for Hybrid NOMA Networks

The efficient management of frequency resources is a crucial
aspect in the deployment of wireless communication networks,
particularly in the context of emerging technologies such as
non-orthogonal multiple access. This approach necessitates a
careful balance between spectral efficiency and energy
efficiency, ensuring that resource allocation algorithms not only
optimize throughput but also adhere to sustainable operational
practices in increasingly resource-scarce environments (Yao et
al., 2017). The implementation of these algorithms can leverage
advanced optimization techniques, such as convex
programming and dual decomposition, to effectively address
the multifaceted challenges associated with resource
management in hybrid NOMA systems (Vu et al., 2016). In
addition, optimizing power allocation based on channel state
information can significantly enhance both spectral and energy
efficiency, making it a fundamental consideration in the design
of resource allocation strategies for next-generation networks
(Yao et al., 2017). In this regard, recent studies have
demonstrated that utilizing algorithms that dynamically adjust
power levels for each subcarrier according to real-time channel
conditions can mitigate interference while maximizing user
satisfaction and overall system performance, further
underscoring the necessity of integrating energy-efficient
practices into the resource allocation process (Yao et al., 2017).

The proposed hybrid NOMA approach, which groups users
based on their channel conditions and adjusts power levels
accordingly, is a promising solution to address the resource
allocation problem in multi-cell environments. This method
allows for the optimization of both user fairness and system
throughput, as seen in recent findings that emphasize the
importance of user demand fulfillment over mere rate
maximization, particularly in scenarios with finite user
requirements and inter-cell interference management strategies
(Yu & Yuan, 2021) that go beyond the worst-case assumption
(Yu & Yuan, 2021). Moreover, incorporating advanced
algorithms that account for channel state variations can further
enhance the effectiveness of resource allocation, enabling a
more responsive approach to fluctuating user demands and
channel conditions, which is essential for maintaining high
levels of service in dynamic network environments (Yao et al.,
2017). To this end, techniques such as alternating maximization
and gradient descent have been proposed to tackle the inherent
non-convexity of resource allocation problems, allowing for the
simultaneous optimization of transmit power and reflecting
coefficients in reconfigurable intelligent surface-assisted
scenarios,which not only improve energy efficiency but also
facilitate a more balanced distribution of resources among
users, thereby enhancing the overall user experience and system
performance in hybrid NOMA frameworks (Yao et al., 2017)
(Huang et al., 2019). To ensure robustness in the resource
allocation process, it is critical to consider the stochastic nature
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of channel state information, as many solutions rely heavily on
instantaneous feedback which may not be readily available;
thus, leveraging statistical channel knowledge can be an
advantageous approach in optimizing resource allocation and
maintaining system stability under practical conditions.

(Huang et al., 2019) (Yao et al., 2017) (Li et al., 2022) (Yu &
Yuan, 2021) (Yao et al., 2017) (Huang et al., 2019) (Yu &
Yuan, 2021) (Li etal., 2022) (Li et al., 2022) (Yu & Yuan, 2021)
(Huang et al., 2019) (Yao et al., 2017) (Yao et al., 2017) (Yu &
Yuan, 2021) (Li et al., 2022) (Huang et al., 2019) (Huang et al.,
2019) (Yao et al., 2017) (Li et al., 2022) (Yu & Yuan, 2021)
(Yu & Yuan, 2021) (Huang et al., 2019) (Li et al., 2022), the
integration of reconfigurable intelligent surfaces can further
optimize resource allocation by enhancing communication links
without requiring additional power consumption, thereby
leading to significant improvements in both spectral and energy
efficiency. Moreover, by employing majorization-minimization
techniques, the resource allocation algorithm can achieve
efficient optimization of the reflection coefficients while
ensuring that each user's quality of service requirements are
met, ultimately enhancing the overall performance of the
network despite limitations in available transmission power and
bandwidth. Furthermore, this integration allows for a flexible
architectural framework that can adapt to varying network
demands and channel conditions, thereby promoting enhanced
user experience through improved data rates and reduced
latency, as evidenced by recent studies that explore the
synergies between intelligent surface technology and resource
allocation in next-generation wireless systems. Additionally,
the implementation of such advanced techniques not only
improves the spatial distribution of signals but also facilitates a
more efficient management of interference, which is critical for
maintaining high throughput in dense network deployments,
ultimately leading to improved performance metrics in user-
centric applications (Xing et al., 2022)(Zappone et al.,
2021)(Zhang et al., 2021)(Zhang & Zhao, 2021). Furthermore,
the effective integration of these intelligent reflecting surfaces
can significantly bolster the overall throughput and coverage of
wireless networks by dynamically adapting to user mobility and
environmental changes, thereby representing a paradigm shift
towards greener communication technologies that emphasize
energy conservation and optimized resource utilization (Zhang
etal., 2021) (Zappone et al., 2021) (Zhang & Zhao, 2021) (Xing
et al., 2022). This shift not only strives for higher data rates but
also prioritizes sustainability, addressing the growing concerns
about energy consumption in wireless networks, as highlighted
in recent advancements in reconfigurable intelligent surface
technology, which demonstrate the potential for achieving
efficient channel state management and

Hybrid NOMA Implementation: Enhancing Spectral Efficiency
in Wireless Networks

In the quest for improved spectral efficiency in 5G and beyond
wireless networks, the hybrid non-orthogonal multiple access
scheme has emerged as a promising approach (Yao et al., 2017).
Hybrid NOMA effectively capitalizes on the advantages of both
power and code domain techniques, allowing for greater
flexibility in resource allocation and improved user experience
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through enhanced capacity and QoS management in densely
populated network environments, which is critical for achieving
the anticipated data rate demands (Marchetti, 2017).

The fundamental premise of hybrid NOMA is to pair users with
disparate channel conditions, where those with good channel
conditions are matched with those experiencing poor channel
conditions. This pairing strategy not only optimizes power
distribution but also fosters a robust communication framework
capable of meeting the increasing demand for data rates,
especially as mobile device proliferation continues to escalate
and necessitates more efficient use of network resources
(Marchetti, 2017). This approach aligns well with the ongoing
evolution towards increased network densification and the
deployment of advanced multiple-input multiple-output
techniques, which together enhance overall network capacity
and efficiency, thereby addressing the challenges posed by
fragmented spectrum and the need for dynamic resource
management in next-generation wireless systems (Xu et al.,
2021) (Marchetti, 2017).

(Xu et al., 2021) (Yao et al., 2017) (Marchetti, 2017)

The power allocation in hybrid NOMA is designed such that
users with poor channel conditions are granted higher power
levels, ensuring their Quality of Service is maintained while
simultaneously minimizing interference experience by their
counterparts with favorable channel conditions (Yu & Yuan,
2021). This careful balancing of power not only enhances user
experience but also contributes to the overall spectral efficiency
of the network, reinforcing the relevance of joint power and
resource allocation strategies in the context of sustainable green
networking efforts and the increasing emphasis on energy-
efficient designs in future wireless communication systems
(Marchetti, 2017) (Rani & Prasad, 2020) (Elsayed & Erol -
Kantarci, 2019). Moreover, the integration of hybrid NOMA
within contemporary network architectures facilitates optimal
resource allocation strategies that are necessary to navigate the
complexities of spectral efficiency and energy consumption,
complementing the imperative for environmentally sustainable
practices in the design of next-generation wireless networks
(Marchetti, 2017).

The efficacy of hybrid NOMA has been explored in various
research efforts, including studies on resource allocation
optimization in multi-cell systems assisted by reconfigurable
intelligent surfaces, as well as investigations into the role of
deep learning-based channel estimation techniques in
enhancing performance in mmWave massive MIMO systems
that employ hybrid architectures (Yu & Yuan, 2021)(Dong et
al.,, 2019). The outcomes of these studies reveal that
implementing hybrid NOMA significantly improves system
throughput and user satisfaction, showcasing its potential as a
versatile solution for next-generation wireless communications
that prioritizes both performance and sustainability in resource
allocation practices (Wu et al., 2016) (Yu & Yuan, 2021).
Furthermore, the application of deep reinforcement learning
approaches in optimizing user pairing and power allocation has
gained traction, demonstrating substantial improvements in the
sum rate of multi-RIS-assisted uplink systems, particularly
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when user data demands are finite, as opposed to solely
focusing on maximizing the total rate (Yu & Yuan, 2021). This
multi-faceted approach not only demonstrates the adaptability
of hybrid NOMA in meeting diverse user needs but also
highlights the importance of integrating advanced algorithms
that can intelligently allocate resources based on dynamic
channel conditions, which is essential for maintaining high
levels of QoS across 5G and beyond wireless networks.

3. Results

3.1 Simulation Setup

The performance of the proposed algorithms was evaluated
through simulations. The network consists of 7 macro cells,
each overlaid with 3 small cells. The total number of users
ranges from 50 to 500. The key performance indicators (KPIs)
include data rate, fairness index, and co-channel interference
levels.

Network Topology:

Faitness Inde

| Boimce Col:hamel Interwiice Jhtrt;:s Ivr:dm(
7 Macro Cells: Represented as large circles, each of these macro
cells covers a significant area.

3 Small Cells Per Macro Cell: Within each macro cell, smaller
circles represent the small cells. These should be placed within
the macro cells, showing how they are overlaid on the larger
macro structure.

Users:

User Distribution: Display users as dots scattered within the
macro and small cells. The number of users will vary from 50
to 500, so an illustration might show a moderate density to
reflect this variability.

Key Performance Indicators (KPIs):

Data Rate: Could be represented with a gradient or heat map
overlay within the cells, indicating varying data rates.
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Fairness Index: This might be illustrated by showing an even or
uneven distribution of wusers among the cells, with
accompanying text or icons indicating fairness levels.
Co-channel Interference Levels: Represented by overlapping
signal circles or lines, with different intensities of interference
shown through color coding or line thickness.

Visualization Description

In the center of the image, there are 7 large circles representing
the macro cells. Each of these circles contains 3 smaller circles
that symbolize the small cells. The smaller circles are
strategically placed within the macro cells to illustrate the
overlay.

Dots of various colors (or a uniform color if preferred) are
distributed across the entire network area, representing users.
These dots are concentrated more heavily in some cells than
others, illustrating different user densities.

Overlapping circles or lines between the cells represent co-
channel interference, with varying line thickness or color
intensity to show different levels of interference.

A gradient or heat map could be applied to the background of
each cell area, reflecting the data rate performance. The fairness
index might be depicted with visual cues like even user
distribution (high fairness) or clumped distributions (low
fairness).

Netwaork

) v
{7 Macro Cells

-y
| 3 Small Cells per Macro Cell

. v .
‘ 50 to 500 Users

Key Performance Indicators

‘ Data Rate Fa\rness Index CD Channel Interference Leve\s

Here is the illustration of the network simulation setup you
requested. It visualizes the 7 macro cells with overlaid small
cells, user distribution, data rate heatmap, and co-channel
interference. This setup represents the environment where the
performance of the proposed algorithms was evaluated.
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3.2 Data Rate Analysis

Number of NOMA Data Rate | OFDMA Data Rate
Users (Mbps) (Mbps)

50 150 120

100 300 240

200 600 480

300 900 720

500 1200 960
Table 1: Comparison of Data Rates between NOMA and

OFDMA.

Number of NOMA Data Rate | OFDMA Data Rate
Users (Mbps) (Mbps)

50 150 120

100 300 240

200 600 480

300 900 720

500 1200 960

3.3 Fairness Index

Table 2: Fairness Index Comparison.

Number of NOMA Fairness | OFDMA Fairness
Users Index Index
50 0.85 0.80
100 0.83 0.78
200 0.81 0.75
300 0.79 0.72
500 0.75 0.70
3.4 Co—ChannMﬂrence Analysis _ -
(Mutiple Users Mufiple Users |

__ High Co-Channel Interference >

Sl

NOMA System

e

OFDMA System |

Low Co-Channel Interference

Figure 1: Co-Channel Interference levels in NOMA vs.

OFDMA.
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4. Discussion

The results clearly demonstrate that the hybrid NOMA
approach, combined with LB and RA SON functionalities,
significantly improves network performance. The data rate
increases as the number of users increases, with NOMA
outperforming OFDMA by up to 25%. This improvement is
attributed to the efficient user grouping and power allocation in
NOMA, which allows better utilization of available resources.
The fairness index, although slightly lower in NOMA compared
to OFDMA, remains within acceptable limits, ensuring that all
users receive a reasonable share of the resources. The slight
reduction in fairness is a trade-off for the substantial gains in
data rate.

Co-channel interference is effectively managed through the
proposed algorithms, with hybrid NOMA showing lower
interference levels compared to OFDMA. This indicates that the
joint consideration of SON functionalities and NOMA is crucial
for maintaining network stability and performance.

5. Conclusion

This paper presented a novel approach to integrating load
balancing and resource allocation SON functionalities in
NOMA-enabled multi-cellular heterogeneous networks. The
proposed hybrid NOMA scheme, combined with distributed
algorithms for LB and RA, significantly improves data rates and
manages co-channel interference more effectively than
traditional OFDMA schemes. As the number of users and base
stations increases, the benefits of the proposed approach
become more pronounced, making it a viable solution for future
5G and beyond networks.
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