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Abstract—The 5G network technologies are intended to ac-
commodate innovative services with a large influx of data
traffic with lower energy consumption and increased quality of
service and user quality of experience levels. In order to meet
5G expectations, heterogeneous networks (HetNets) have been
introduced. They involve deployment of additional low power
nodes within the coverage area of conventional high power nodes
and their placement closer to user underlay HetNets. Due to
the increased density of small-cell networks and radio access
technologies, radio resource management (RRM) for potential
5G HetNets has emerged as a critical avenue. It plays a pivotal
role in enhancing spectrum utilization, load balancing, and
network energy efficiency. In this paper, we summarize the key
challenges i.e., cross-tier interference, co-tier interference, and
user association-resource-power allocation (UA-RA-PA) emerging
in 5G HetNets and highlight their significance. In addition,
we present a comprehensive survey of RRM schemes based
on interference management (IM), UA-RA-PA and combined
approaches (UA-RA-PA + IM). We introduce a taxonomy for
individual (IM, UA-RA-PA) and combined approaches as a
framework for systematically studying the existing schemes.
These schemes are also qualitatively analyzed and compared to
each other. Finally, challenges and opportunities for RRM in 5G
are outlined, and design guidelines along with possible solutions
for advanced mechanisms are presented.

Index Terms—HetNets, radio resource management, user as-
sociation, 5G, femtocells, QoS, QoE.

NOMENCLATURE

5G Fifth Generation
5G PPP 5G Infrastructure Public Private Partnership

AR Augmented Reality

BS Base Station

CO Combinatorial Optimization
CSI  Channel State Information
DL Down-Link

DRL  Deep Reinforcement Learning
EE Energy Efficiency

FBSs Femtocell Base Stations
FUEs Femto-cell User Equipments
GAT  Game Theory

GRT  Graph Theory

HetNets Heterogeneous Networks
M Interference Management
IoT Internet of Things

MBSs Macrocell Base Stations
MIMO Multi-Input Multi-Output
MOS Mean-Opinion Score

MR Mixed Reality
MUEs Macro-cell User Equipments
NOMA Non-orthogonal Multiple Access

NR New Radio

OMA Orthogonal Multiple Access
PA Power Allocation

PRBs Physical Resource Blocks
PSNR Peak to Signal Noise Ratio
QoE  Quality of Experience

QoS  Quality of Service

RA Resource Allocation

RAAs Radio Resource Algorithms
RAN Radio Access Network
RRM Radio Resource Management
RSS  Received Signal Strength

SE Spectrum Efficiency

SON  Self-Organizing Network

SSIM  Structural Similarity Identity Matrix
UA User Association

UL Up-Link

VMAF Visual multi-Method Assessment Fusion
VR Virtual Reality
XR Extended Reality

I. INTRODUCTION

ODAY’S world has become increasingly linked, digi-

tized, distributed, and diverse, powered by the exponen-
tial growth in technology performance. With every "thing"
possessing the power to process, store or exchange data, the
current and future systems are poised to become dramatically
more distributed and interconnected. Networked technologies
continue to be fuelled by digital enterprise. International
Data Cooperation predicts that 48.9 billion connected devices
will be in use across the world by 2023 [1]], and Cisco
estimates that the average amount of data consumed across a
network will be approximately 60 GB per month per personal
computing device [2].

Fig. |I| illustrates how Cisco sees the manner the global
business and technology trends are shaping the new network
in its 2020 Networking trends report [3]. According to this
report, there will be around: 1) 1B edge-hosted containers at
the end of 2023, 2) 80% of workloads outside the enterprise
data centers by 2023, 3) 14.6B Internet of Things (IoT) devices
by 2022, 4) 42% annual growth in business mobile traffic,
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Figure 1.

2017 to 2022, 5) 53% of cyber-security attacks cause over
US $500,000 in damage, 6) 12 times increase in Augmented
Reality (AR)/Virtual Reality (VR) traffic by 2022.

Business mobile users will continue to expect immediate
and high-performance connectivity anywhere, anytime, and
on any device over Wi-Fi and public 4G and 5G networks.
Increasing video usage along with the emergence of VR
and AR for improved collaboration, training, productivity,
and remote working experiences will place greater demands
on any organization’s network. By 2022, Internet video will
represent 82% of all business Internet traffic, VR/AR traffic
will increase twelvefold, and Internet video surveillance traffic
will increase sevenfold [4]. Networks will need to provide end-
to-end bandwidth, low latency communications, and dynamic
performance controls required to enable high quality of such
immersive experiences.

The 2020 Ericsson Mobility Report highlights the impor-
tance of communication in time of crisis. The first months
of 2020 saw the coronavirus (COVID-19) spread across the
world. Subsequent behavioral changes have triggered measur-
able changes in the usage of both fixed and mobile networks
because of lockdown constraints in many countries [5]. In
times of crisis, when connectivity is necessary for consumers
to exercise work-related tasks and leisure activities, hopes for
better network experiences are becoming greater. Six out of
ten smartphone users have a clear positive outlook toward 5G’s
position during the crisis, and about half of them strongly
agree that 5G should have provided both greater network
capacity and faster speeds compared to 4G. They agree that
5G could significantly improve society [5].

In this context, there is a need for the network to be updated
to encourage emerging market and technological developments
and support traffic associated with extra peak hours that occur
during the day, particularly due to workplace shifts from office
to home. When digital trends evolve (as shown in Fig. 2),
communications service providers have a vital role to play in
supporting a good quality communications ecosystem [5].

One of the most promising approaches to fulfil this role
is the consideration of Heterogeneous Network (HetNet) envi-
ronments in 5G networks. It involves enriching current cellular
networks with a number of smaller and simpler base stations
(BS) with broadly varying transmission capacities, coverage
areas, carrier frequencies, types of back-haul connections, and
communication protocols. For instance, in highly populated
areas, femtocell BSs (FBS), picocell BSs (PBS), microcell
BSs and/or relay nodes are typically deployed with macro-cell
base stations (MBS). This enables HetNets to support good

Global business and technology trends shape the network [3]].

quality of service (QoS) when serving diverse users [[6]. The
main objective of the HetNets is the: 1) Cell Densification for
increasing network capacity, 2) Bringing BSs close to the UEs,
3) Deployment of small-cells under-laying with the traditional
macro-cellular networks, 4) Several options for UEs to have
an association with a BS that can boost the QoS. The HetNets
brings a lot of advantages like 1) Improve coverage quality,
2) Enhance the cell-edge UEs performance, 3) Boost spectral
efficiency (SE) and energy efficiency (EE), and 4) reducing
network operational and capital expenditures, but they also
bring a lot of challenges like 1) how to select the best BS for
UEs, 2) extending the network infrastructure would compound
the power consumption usage.

A. Challenges in 5G HetNets

The introduction of small cells benefits the 5G networks in
several aspects, including the reduction of costs and energy
consumption in comparison to alternative approaches (e.g.,
deploying additional MBSs) [7]-[9], though there are several
challenges to be focused on. Fig. [3] summarizes these major
challenges and problems under two headings: interference
management (IM) and user association resource and power
allocation (UA-RA-PA). Significant efforts are being put to
address these challenges and design optimized solutions to
ensure high QoS and user quality of experience (QoE), as
well as good and fair resource utilization and user equipment
(UE) association with the network infrastructure.

1) Interference Management (IM): IM refers to the pro-
cess of interference avoidance or mitigation. In a HetNet,
the overlaid small cell{] could either produce interference or
affected by interference with an MBS or with other nearby
small cells. There are two types of interference in a two-
tier 5G HetNets cross-tier interference and co-tier interference
[10], as shown in Fig. 5] Cross-tier interference is the co-
channel interference generated between FBSs and MBSs. This
interference occurs when both the FBSs and MBSs share the
same set of physical resource blocks (PRBs). On the other
hand, co-tier interference refers to the co-channel interference
that occurs between FBSs. This appears when the FBSs are
tightly deployed within coverage areas of MBSs, allowing
the cells to overlap in terms of their coverage. The same set
of PRBs may be reused by some overlapping FBSs, causing
interference in both uplink (UL) and downlink (DL).

In 5G, each PRB has 12 frequency-domain sub-carriers,
similar to LTE. While the RB bandwidth in LTE is fixed at 180
KHz, it is variable in 5G and is dependent on the sub-carrier
spacing, as indicated in the Fig. [4]

2) User Association - Resource and Power Allocation (UA-
RA-PA): UA refers to the process of pairing between each UE
and BS, which takes place before the data transmission starts.
Once the transmissions between the BS and the UE have begun
in support of a service, RA refers to the allocation of PRBs,
and PA refers to the allocation of power for supporting that
service. UA-RA-PA solutions play a critical role in improving
networks’ load balancing, spectral performance, and energy
efficiency. The received power based UA rule is the most

IThe term small cell will refer to femtocells only from this point on.



Figure 2. The impact of lockdown limitations on xed and mobile netwofiKs [5].

the way the different approaches are discussed and compared,
makes this paper original. A comprehensive qualitative assess-
ment is carried out to compare existing approaches in terms
of QoS, QOE, fairness, spectrum ef ciency (SE), energy ef -
ciency (EE), and outage/coverage probability. This assessment
enables identifi cation of the strengths and weaknesses of
existing schemes. This assessment also ultimately leads to a
discussion of open issues and potential research directions for
future focus. The contributions of this survey are ve-fold.

1) Major challenges pertaining to Radio Resource Man-

2)
Figure 3. Major challenges in 5G HetNets.

prevalent one in existing systenis [11], where a user device
can be associated with the BS, which provides the maximum
received signal strength (RSS). The aforementioned new 5G
network technologies and goals eventually make such a rudi-
mentary rule of UA-RA-PA inef cient. More sophisticated UA
algorithms are required to address the speci c features of the)
evolving 5G networks. The right-hand side of Fig. 5 shows
how there are multiple BSs available, so UEs have diverse
association options. The desire is that each UE should have
an association only with that BS, which can offer good channel)
conditions and satisfies UE's other performance demangls
energy-related. In order to solve the UA-RA problem, max-
RSS cannot be the only goal for solving the problem. Other
factors, such as channel station information (CSl), BS capacity5)
UE demands, demand priority, should also be considered.

This paper provides a detailed review of UA, RA, PA and
IM schemes proposed recently for 5G HetNets for over the
period of 2017-2021. This survey focuses in particular on
an in-depth technical analysis of the problems and curret

agement (RRM) for 5G HetNets (IM, UA-RA-PA) are
highlighted and discussed.

A comprehensive survey of recently proposed RRM
schemes in the context of IM for 5G HetNets is presented.
The surveyed schemes are classi ed according to their
approaches for handling cross-tier, co-tier, or cross-co-
tier interference management and how each approach's
mechanism helps improve the different metrics for 5G
HetNets to enhance the users' experience while saving
CAPEX for operators. The RRM schemes are qualita-
tively analyzed and compared. aspects.

A comprehensive survey of recently proposed RRM
schemes in the context of UA-RA-PA for 5G HetNets
is provided. Classications and qualitative comparisons
are also made across the surveyed schemes.

A detailed survey of recently proposed RRM schemes
is given for 5G HetNets in the context of combined
approaches. There are also classi cations, and qualitative
distinctions around the schemes studied.

Several potential RRM problems and possible solutions
are identi ed for further development and enhancement
of RRM in 5G HetNets.

Paper Organisation and Reading Map

UA, RA, PA, IM, and combined solutions proposed for 5G The rest of the paper is organized as shown in Fig. 6. The
HetNets. The combined solution corresponds to the solutigision and motivation of HetNets in 5G are discussed in Sec-
or algorithms which intend to solve UA-RA-PA along with IM.tion Il. Existing surveys are reviewed in Section lll. Section IV
There are many survey papers for UA-RA-PA or IM schemggesents the taxonomy used to conduct this survey. The latest
in 5G HetNets, but there is no paper that surveys schemes th@t HetNets RRM schemes for UA-RA are covered in detail
jointly address UA-RA-PA and IM. This analysis, includingn Section V. Novel RRM schemes for IM in 5G HetNets are



Figure 4. Resource Block Structure in 5G for different numerologies.

Figure 5. The various use cases made possible by the adoption of 5G HetNets. URLLC for vehicle-to-vehicle communication, eMBB for device-to-device
communication, and mMTC for massive communication. The deployment of 5G HetNets aids in the deployment of various 5G verticals, however, it is fraught

with issues such as UA-RA-PA and interference mitigation.

Figure 6. Organization of the paper.

surveyed. In section X, some potential future challenges and
approaches are presented. Finally, section XI concludes this
survey paper.

II. HETNETS IN5G: VISION AND MOTIVATION

In 5G wireless communications, wireless data speeds, band-
width, coverage, and connectivity increase and a round trip
latency and energy consumption decrease. For the different 5G
releases Release 16 (Rel-16) [12] focuses on supporting Ultra-
Reliable low latency communications (URLLC) for mission-
critical services. From a business angle, Rel-16 enables appli-
cations to be ready for new vertical industries, and deployment
scenarios [13]. The study items for Release 17 (Rel-17) [14]
are 1) a New Radio (NR) up to 71 GHz 2) a NR Narrow-
Band loT 3) Extended reality (XR) support in order to evaluate
and adopt improvements that make 5G even better suited for
AR, VR, and mixed reality (MR). As per 3GPP, all releases
are categorized in three stages [15]. Stage 1 is the "Service

discussed in Section VI. Section VIl looks at RRM schemeagquirements" level. Stage 2 is more about taking the service
for both IM and UA-RA. Simulators and Hardware involvedequirements and deciding what kind of functionality needs
in simulations or experimental setups are discussed in Sectgupport. The solution is implemented in the network to support
VIII. Section 1X discusses the lessons learned from the papésrequirements in Stage 3.



Different forms of communications will have to be enabled
by 5G networks, and diverse speci cations coming from a
wide range of use cases will have to be addressed. There
have been many opinions in recent years about the ultimate
shape that 5G technology can take. In particular, two views
on what 5G wireless technology should be [16] include: 1)
Hyper Connected Vision, in which to build a world where
unrestricted connectivity enhances people's lives, rede nes
business, and ushers in a more sustainable future and 2) Radio-
Access Technology of the Next Decade, based on greater
peak data speeds in the multi-gigabit per second range, ultra-
low latency, increased dependability, huge network capacity,
increased availability, and a more consistent user experience
for a larger number of users. For a concentrated progr&sgure 7. Diverse needs and a wide range of use cases.
to be made, it is important that a de nition of the targeted
technology is to be agreed on rst. In order to satisfy thadoption and promote local use, industrial employment, and
needs of both the market and the customer, all criteria withirew usage avenues to solve social problems.
the de nition process must be met, ensuring that the nal
de nition matches the needs of the majority of users without
being overly demanding as in such a case no framework will
function. The following collection of 5G speci cations (Fig. 7)
is gaining market recognition by accounting for the majorith. 5G Advanced and 6G Vision

of current and near future needs [17], [18]:
5G Advanced is the next step in the evolution of 5G

1) 1 10 Gbps data rates in real networks 10x to 100X achnology. It will enable a broader set of advanced use cases
speed improvement over 4G and 4.5G networks [19]. ¢4 yerticals and provide a new level of enhanced capabilities

2) 1 millisecond (ms) latency very low latency (the delay peyong connectivity. It is expected to support advanced ap-
between information transmission and reception. This ications with increased mobility and dependability, as well
down from 200 ms in 4G [19]. as arti cial intelligence (Al) and machine learning (ML) to

3) 1000x bandwidth per unit area Large numbers of jn-6ve network performance. It will also introduce additional
connected devices with higher bandwidth requiremendg 4 energy saving mechanisms. Release 18 marks another
need to be supported for longer duration in any particulgfgni cant advancement in 5G technology, ushering the in-
region [17]. , _ dustry into the 5G-Advanced era. 5G-Advanced will bring

4) Up to 100x number of devices connected per unit g (4 jts fullest, and richest capabilities. A truly immersive
area (compared with 4G LTE). In order to realize the \,qer experience based on extended reality (XR) features will
loT vision, the evolving 5G networks need to providg,y the groundwork for more demanding applications and a
thousands of devices with connectivity [17]. broader range of use cases than ever before. In addition, it

5) 99.999% availability: 5G envisages that the networky; jmplement Al and machine learning enhancements across
should be practically always available [171' . the RAN, Core, and network management layers to improve

6) 100% coverage 5G networks need to provide maximuMye formance, network optimization, and energy ef ciency. It
coverage, regardless of the users' location [17]. is foreseen to be fully backward compatible, allowing it to

7) 90% reduction in network energy usage Standard coeyist with current 5G NR Releases 15-17 and serve legacy
bodies are now contemplating the advancement of greg jevices.

technologies, so this along with EE becomes very impor- 5G Advanced is expected to serve as a stepping stone for

tant [19]. o . )
. . some of the use case capabilities which the industry hopes to
8) Up to 10-year battery life for low power loT devices .
: o7 : . nable on a larger scale in the 6G era. One of the most notable
Reducing loT devices' power usage is essential [17], [19]. . . - . )
atures of 6G will be its ability to sense its surroundings
Following these eight requirements, wireless and mobi{as shown in Fig. 8). The network will become a source
network industry players, academia and diverse research afrsituational information, collecting signals that bounced off
ganizations have started collaborating in order to focus @bjects and determining their type and shape, relative location,
different aspects of 5G wireless systems. To address theocity, and possibly even material properties. This sensing
critical 5G requirements, the European Commission and higtwork would pave the way for a slew of new services. In
European ICT industry representatives established the B@en areas, the network could detect the location, speed, and
Infrastructure Public Private Partnership (5G PPP). The B@jectory of all vehicles and pedestrians in a specic area,
PPP will deliver solutions, architectures, technologies, aimgsuing warnings if any paths are about to intersect. One of
standards for the coming decade's ubiquitous next-generatitie goals of the 6G Internet is to support communications with
communication infrastructures. 5G PPP cooperates with glolalatency of one microsecond. This is 1,000 times faster than
5G organisations in order to further advance 5G towards soatale-millisecond throughput (1/1000th the latency).



Figure 8. HetNets in 6G

[1l. EXISTING SURVEYS AND TUTORIALS ON HETNETS layers. The survey by Agiwadt al. [24] discusses the new
architectural changes associated with the radio access network

Several tutorials have been published, to formally introdueesign, including air interfaces, smart antennas, cloud, and
5G, HetNets and their related challenges. Zadtiral. [20] heterogeneous radio access networks (RAN). The authors also
provide an overview of femtocells, advantages that this teghresent a survey on novel mmWave physical layer technolo-
nology can provide, and related key challenges. According @ges, encompassing new channel model estimation, directional
the authors, the femtocells' main challenge is IM because afitenna design, beam-forming algorithms, and Multi-Input-
their ad-hoc deployment. They also summarized the essengallti-Output (MIMO) technologies. This survey does not
techniques that can be used to avoid and mitigate interferersglicitly talk about the challenges in 5G HetNets.
regarding femtocells. Although the paper was good, it is notLiju et al. [25] presents a comprehensive survey on the
recent and it does not address emerging 5G technologiggvances in UA algorithms designed for HetNets. The chal-
The survey by Leeet al. [21] mainly focuses on an in-depthlenges imposed by the inherent nature of HetNets were also
technical review of the current challenges and existing RRMenti ed. This survey's work considers HetNets and other 5G
schemes proposed in recent years for LTE/LTE-A femtocalichnologies like mmWave and massive MIMO and presents
and relay networks. Out of three primary challenges in Hespproaches adopted for UA employing these technologies.
Nets, this survey focuses on only two, i.e., cross-tier and cPhesurvey helped a lot in terms of categorization, informing
tier interferences. Moreover, this survey was also not recengiyr survey work. However, it does not survey other important
published and lacks discussions of the latest 5G technologieisallenges in HetNets like cross-tier and co-tier interference

Maallawi et al. [22] survey comprehensively the of oadingas well as the combined approaches that are used for solving
techniques and their management in HetNets. Of oading jeintly the UA and interference mitigation challenges. The
one of the popular techniques adopted for interference msarvey by Luonget al. [26] cites economic and pricing
igation. Though the authors' work was good, it covers approaches in 5G and considers resource management for
tiny section of the challenges that are being solved by thi#A, spectrum allocation, interference and power management,
particular technique. It also lacks the latest 5G technologiedreless caching, and mobile data of oading. Unfortunately,
for of oading. Penget al. [23] present a comprehensive surthis survey does not discuss combined approaches for resource
vey framework for interference mitigation technologies acrossanagement and does not include any qualitative comparison
different layers over the air interface to improve SE and EBf various works related to different approaches.
Although this survey is not closely related to our survey, it Luong et al. [27] present a systematic literature review
still provides a good explanation of HetNets and the use of applications of deep reinforcement learning (DRL) in
interference mitigation techniques at different layers, includirmpmmunications and networking. Modern networks are be-
employment of interference coordination and cancellation eming more decentralized and autonomous, such as the loT
the PHY layer along with radio resource allocation optimizeand unmanned aerial vehicle networks. In these networks,
tion and self-organizing network (SON) approaches at uppender the network context's complexity, network entities need



Table |
MAJOR SURVEYS ON RRM FOR 5G HETNETS

Survey Paper Publication Year| Key Problems HetNet Challenges Considered Combined
UA | RA | PA| IM

presents the main concepts of femtocells and challenges

Zahir et al. [20] 2013 faced in its large scale deployment. X X X X X
provide an overview of the RA challenges arising from

Leeet al. [21] 2014 HetNets and highlight their importance. X X X X X

Maallawi et al. [22] | 2015 presents the survey on the of oad approaches at differen N N X X X

parts of the global network (access, core and gateway).
Penget al. [23] 2015 provide a survey on the RA challenges arising from HetNets X X X X
and highlight their importance.

presents the architectural changes associated with the
Agiwal et al. [24] 2016 radio access network (RAN) design, including air interfacesx X X X X
smart antennas, cloud and heterogeneous RAN.
presents a survey on the recent advances in UA algorithms
designed for HetNets and also investigate the UA in the
context of massive MIMO, mmWave, energy harvesting
networks.

presents a survey on economic and pricing approaches
proposed to address RRM issues in the 5G wireless nety oQ<s
including UA, spectrum allocation, and interference and
power management.

presents a comprehensive literature on applications of de ep
reinforcement learning in communication and networking.
presents a comprehensive survey on RA in HetNets for 3G
communications.
presents a survey of HetNet RRM schemes that have begn
Manapet al. [29] 2020 studied recently, with a focus on the joint optimization of | X X X X X
radio resource allocation with other mechanisms.
presents a comprehensive survey on the latest schemes

) ) fo.
This Article B UA-RA-PA, IM and combined approaches. k X X X X

Liu et al. [25] 2016

Luong et al. [26] 2019

Luong et al. [27] 2019

Xu et al. [28] 2021

to make decisions locally to optimize network performancé&. a good contender for ful lling the needs of future 5G
Reinforcement learning has been used effectively to allow netid beyond services and applications. The impact of timing
work entities, given their states to avail from optimal decisiorend carrier synchronization concerns and how they should be
or actions. First, the authors include a DRL tutorial from basitandled in the suggested CP-free scheme are two additional
concepts to advanced models. Then, they study DRL methaigni cant features of CP-less OFDM with alignment signal
proposed to tackle emerging communications and networkititat still need to be thoroughly examined. Networks supporting
problems. The survey does not directly describe the challengdsa-low latency (ULL) applications were well addressed in
in HetNets; however, DRL is an interesting avenue to addretbe survey by Nasrallakt al. in [195]. Specialized network
combined approaches for solving HetNet challenges.eXu protocol methods have been established for the network layer
al. in [28] discussed network structures and RA models, asthe IETF Deterministic Networking (DetNet) speci cations
well as resource allocation algorithms (RAA) in HetNets. Thiand for the link layer in the IEEE Time-Sensitive Networking
survey includes a summary of the most recent progress @8N) set of standards in order to provide ULL support.
RAAs in HetNets for IM. In addition to the basic principleWang et al. in [196], survey a variety of different client-
and theoretical analysis, both potential research issues and iewtric approaches in localizing Radio Access Technology
network scenarios were also included. (RAT) selection and association for HetNets, and how they

Recent RRM problems in HetNets were reviewed by Mandpa&y be e_xtgnded to be used with next-generation wireless
et al. in [29], including mitigation of interference, allocationt€chnologiesi.e., 5G. There are few other surveys [30]-
of bandwidth, allocation of power, user association, complek3d] which have small sections on HetNets. The main goal of
ity, and future research topics. Though this paper surveyBtESe surveys was not to present current research on HetNet
schemes for UA-RA-PA, the analysis lacks several aspe&fdllenges. However, they include relevant avenues such as
such as the targeted communication link (UL, DL), contropun€t al.[31] who survey the role of machine learning (ML)
(centralized, distributed), performance metrics, and compleR-Wireless communications, Tabassetal. [32] who survey
ity. The work also lacks taxonomy, and even though it is tH® mobility-based schemes in HetNets and Yaqeal. [35]
latest from all the survey papers discussed, it still does n#§f'© Present a comprehensive survey on®3@@eo streaming
talk about combined approaches. techniques in HetNets.

A cyclic-pre x (CP) free OFDM design, which does away Unfortunately, unlike this survey (see Table. ), the afore-
with the necessity for unnecessary CPs between OFDM sigentioned tutorials and surveys do not include a critical
nals, was described by Hamamrehal. in [194]. The design assessment of each evaluated contribution based on well-
was demonstrated to boost SE, improve power ef ciency, cde ned and well-motivated criteria. They also do not perform
latency, boost physical layer security, and retain low receivan in-depth analysis of the literature. In particular, combined
complexity while maintaining low receiver complexity, makingapproaches are not considered in any of these papers. In con-



Figure 9. Overview of the surveyed research works classi ed according to the proposed classi cation criteria.

trast, this paper comprehensively reviews the work performbedsed on their proposed working procedure. There are many
to date in terms of approach, metrics, model, complexitypetrics that can be used to evaluate ef ciencies. Some of the
and control. We also focus on concerns that have not beerportant metrics that have been widely used by researchers
addressed yet and both identify obstacles that exist and provideperformance evaluation of their proposed schemes are: En-
solutions. Moreover, based on our current literature study, \wegy Ef ciency, Spectrum Ef ciency, QoS, Outage/Coverage
indicate lessons learned related to 5G HetNets, useful for dnobability, Fairness, and QoE. In the second category, focused
readers. Furthermore, the prospects of HetNets in termsaof differentevaluation metrics for the proposed schensis
emerging technologies are also sketched. avenues have been identi ed:

Energy Ef ciency: Green communications have attracted
IV. RRM TAXONOMY a lot of interest from both industry and academia mostly

This survey presents a taxonomy of the latest RRM schemes because of environmental concerns [42], [43]. In the
for 5G networks, which could serve as a fundamental reference literature, many EE metrics have been used to provide
point for major design aspects and analysis of proposed a quantitative assessment of a given algorithm's power
algorithms, including their advantages and shortcomings. The saving potential. EE measurements include: the ratio of
literature on 5G HetNets is diverse; systematically structuring overall data rate to total energy consumption (bits/joule)
the relevant works is not a trivial task. The outline of the for all users [44], [46] and the direct representation of
proposed taxonomy, which consists of ve non-overlapping the power/energy savings obtained by a certain algorithm
branches, is illustrated in Fig. 9. On the left side, we identify  (e.g.,the difference in power/energy consumption before
ve main categories; (1) Approach, (2) Metrics, (3) Model, and after the implementation of a particular algorithm,
(4) Complexity, and (5) Control. A literature review from the percentage of power savings) [45], [47], [48].
these ve perspectives is a nhatural choice because most Spectrum Ef ciency: It refers to the highest information
researchers in the area tackle the issues from one of these rate that may be conveyed over a given communication
perspectives. Within the rst category, referred toaggproach infrastructure in existing conditions [43].
for addressing challenges in 5G HetNgetisree sub-categories Qo0S: QoS measures the networks' transport performance
have been proposed: UA-RA-PA, IM (further sub-divided in  related to a service. QoS is generally not linked to a client,
cross-tier interference and co-tier interference), and combined but to content delivery or network support [49]. QoS can
approaches. Performance evaluation from the perspective of be quantitatively measured in terms of metrics such as
the proposed algorithm can be de ned as a formal and pro- delay, throughput, jitter and packet loss ratio (PLR).
ductive procedure to measure the proposed algorithm results Outage/Coverage Probability: refers to the probability



that the transmission rate is higher than the channel capacFuture communication systems are becoming more sophisti-
ity. The outage/coverage probability is critical, as it servasated as they must meet a growing number of user needs, such
as one of the core indicators for network performances increased data rates, many connections, and low latencies
research and optimization [25]. [28], [54]. However, apart from these, resource management
Fairness:In HetNets, the fairness issue emerges not onstrategies should also focus on communication and computa-

in regular cell scheduling, but also in the user associatitional complexity, as indicated by the fourth category.

decision between cells in different tiers. Jain's fairness
index [50] has been frequently used to assess fairness,
and it is described in the context of throughput as:

1 # po02
—A°= ﬁ 1)

==1

where N is the number of users aAdis the throughput
of the =C user.

—A—

Communications Complexity: The amount of informa-
tion exchanged between the system and users.
Computational Complexity: The amount of processing
required to acquire information, decide on resource allo-
cation, and relay the results back to their intended users.
It includes the dif culty of calculations involved when
executing the resource allocation algorithms.

Finally, in terms of the placement of tlentrol scheme, three

QOE: QOE is a measure of the pleasure or frustratioghb_categories have been identi ed:

associated with the experience a customer has with a
service. QOE is a strictly subjective indicator from the
point of view of the consumer [49]. QOE provision can
be qualitatively measured in terms of metrics that include
peak-to-signal-noise-ratio (PSNR) [49], structural simi-
larity identity matrix (SSIM) [49], visual multi-method
opinion score (VMAF) [51] and mean opinion score
(MoS) [49].

The third category of the proposed ontology includes dif-

ferent modelsadopted by various schemes to address open

challenges. Four major sub-categories have been identi ed:
Combinatorial Optimization (CO): CO refers to the
technique of searching for maxima (or minima) of an
objective function, whose domain is a discrete but vast
con guration space. [25]. In most cases, the space of
viable answers is too large to be explored thoroughly by
brute force. In some circumstances, branch and bound-
like approaches can be used to solve problems precisely.
In most circumstances, however, exact algorithms are not
possible to be employed and, hence randomized search
methods must be used, such as simulated annealing (SA)

Centralized: This approach assumes that each HetNet
has a single central entity that performs RRM functions.
The decision is taken based on data such as channel qual-
ity and resource demand collected from both macrocell
UEs (MUE) and femtocell UEs (FUE), presumably via
the serving BSs. In general, small networks can bene t
from centralized strategies.

De-centralized: Decentralized RRM methods eliminate
the need for a central entity, allowing MBSs and FBSs to
allocate resources among related MUEs and FUEs. Be-
cause of its reduced communications and computational
complexity, this strategy is appealing, although achieving
ef cient RA among the UEs is dif cult. This strategy is
better suited to large-scale networks.

Hybrid: The centralized and decentralized techniques
have both advantages and downsides, and trade-offs can
be made as part of RRM schemes which are referred to as
"hybrid," "semi-centralized," or "partially decentralized".
Certain global RRM activities, such as channel and traf c
information collection, are decentralized to MBSs and
FBSs while local RRM functions, such as packet schedul-

and genetic algorithm (GA). ing, are centralized to MBSs and FBSs. Such techniques
Game Theory (GAT): GAT is a type of mathematical may be appropriate for networks of intermediate size.
modeling that can be used to investigate the interactionsnote that aspects related to security, con dentiality, and
of numerous players. Equilibrium is a set of strategiegata protection (authentication) were not focused on in this
that incorporates the optimum plan for each player. l§yryvey. Interested readers can nd related research in [36]-
particular, the game’s solution achieves Nash Equilibriufa1].Critical infrastructure support requires a high level of
if none of the players can raise their value withoUWecurity from the innovative 5G network solutions. For society
diminishing the utility of the others by changing theifye|lbeing, the following are basic security requirements of
approaches [52]. such approaches: 1) authentication, 2) integrity, 3) availability,
Graph Theory (GRT): The interference interactions carng) con dentiality, 5) secure trans-border data ow, 6) privacy,
be represented as a graph, and the resource allocatiof| 7) appropriate traf ¢ and infrastructure management [37].
problem can be solved using GRT [23]. A vertex cafhe advantages of 5G much outweigh the risks posed by secu-
represent a BS in a graph, whereas an edge can re @gf breaches. However, it is crucial to be aware of the potential
the level of interference [53]. issues in order to take precautions before they develop into se-
Reinforcement Learning (RL): In a RL process, an rious concerns. Eavesdropping and traf ¢ analysis, distributed
agent can learn its optimal policy through interactiogenial of service attacks, man-in-the-middle assaults, jamming,

with its environment. In particular, the agent rst ob-and hacking are a few non-exhaustive security threats on 5G
serves its current state, takes an action, and receivesHigNets [37].

immediate results. Deep Reinforcement Learning (DRL)

is an advanced version of RL in which deep learning is V. RRM FORUA-RA-PA IN HETNETS

utilized as an effective tool to improve learning rate for This section examines the major approaches proposed to
RL algorithms [26]. address the UA-RA-PA issues in 5G HetNets. It discusses the
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schemes in terms of which metrics they use for evaluation,
which model they employ along with their complexity, im-
plementation and deployment aspects, in line with the entries
from Fig. 9.

A. UA-RA-PA Schemes based on Combinatorial Optimization

A general modeling technique for UA-RA-PA combinatorial
optimization in 5G HetNets is utility maximization under
resource limitations, de ned as follows:

o 6
E— N _
5= G- <= 2
<=1==1
subject to
5 2-&1- -?7- 3)

where x = [&=] is the UA matrix, in whichG.= =1 in case
usern is associated with BS or O otherwise; U is the total
network utility; ~ <= is the utility of user= when associated Figure 10. A two-tier NOMA HetNet powered by solar panels and the
with BS< and, 5!®@ 25 represents the resource Constraintg?nvennonal grid as an example of energy collaboration [55].
power constraints, QoS constraints, and so on. Since normalgorithm outperformed previous schemes in terms of EE.
it is assumed that a speci c user can only be associated witfri@wever, the proposed centralized allocation mechanism may
single BS at any timd,e., G- = f0-1g, the resultant problem result in considerable signalling overhead, increasing commu-
is a combinatorial optimization problem, which is in generdlication complexity. The authors of [57] concentrated on EE
NP-hard. This means that even for medium-sized networkgaximization for DL HetNets. Energy-ef cient UA and PA in
completing an exhaustive search for the best solution is cofo-tier HetNets was formulated as an optimization problem,
putationally very expensive. A popular method of overcomingith maximum transmit power limits on each BS cell and min-
this issue is to make the problem convex by relaxing the Uiium data rate for each user were considered to offer reliable
matrix from G= = f0-1g to G= = »0-1% and energy-ef cient DL transmission. The proposed solutions
The authors of [55] focused on RA in energy cooperatiofvere assessed in terms of convergence and effectiveness by
enabled two-tier HetNets with non-orthogonal multiple accesé§mulations and were compared with reference schemes using
(NOMA), where BSs are fueled by renewable energy sourc&ed PA and xed UA. The biggest disadvantage of the work
and conventional grid. The authors suggested NOMA, a dis-that RA was not considered. Due to the iterative nature of
tributed approach to offer the optimal UA for the xed transmithe proposed scheme, its computational complexity was high.
power to discover the best UA and PA strategy for optimizing In [58], authors looked at energy-ef cient joint RA and UA
the overall network's EE under QoS limitations. For théor HetNet with multi-homed UEs. The joint UA-RA was for-
network under consideration, illustrated in Fig.10, simulatiofulated initially as a long-term energy-ef cient maximization
results demonstrate that NOMA can achieve greater EE thii®blem, which was then converted into a throughput-minus-
orthogonal multiple access (OMA). This study, however, onl§nergy optimization problem. The associated mixed-integer
looked at HetNets, with just pico-cell BSs and MBSs an@ion-linear optimization issue was solved using continuity
no FBSs. The complexity was high, as the scheme incurré&laxation and the Lagrange dual approach. Finally, a dynamic
a signi cant overhead, making its use unrealistic in largeénergy-ef cient-based approach for getting the optimum RA
scale networks. On the other hand, the distribution algorithwas proposed. Simulation ndings revealed that the proposed
outperformed a conventional counterpart, but at the cost @pproach outperforms other general algorithms in terms of EE
high computational complexity. performance. PA, on the other hand, was not taken into account
The authors of [56] studied two kinds of fairness criteriéh the suggested design, and the authors did not specify the
(i.e., proportional fairness and max-min fairn@s$or energy type of small-cells used in the considered HetNet. Overall, the
ef cient RA by jointly considering the UA and PA in UL suggested approach exchanged a large number of overhead
MIMO-enabled HetNets. To optimize the log utility of EESignals, resulting in high communication complexity. The
with QoS and transmit power restrictions of UE, the proauthors of [59] formulated the challenge of EE maximization
portional fairness optimization problem, dual decompositioif) the context of a three-tier HetNet with macrocells and
and Newton methods were used. In addition, the UA aricocells layers operating in the sub-3 GHz frequency ranges
PA sub-problems were solved using the dual decompositigfd attocells layers operating in the visible light spectrum. A
and sequential convex approximation methods for the maxovel iterative approach was developed to solve the UA-PA
min fairness optimization issue. The suggested sub-optinj@int problem and provide a near-global optimal solution. In
o ' ~ terms of throughput, power consumption, and EE, simulation
Maximize the allocation for the most poorly treated UEs,, maximize ragylts showed that the proposed method deployed in a three-
the minimum, according tmax-min fairnessOn the other hangyroportional . . .
Jier HetNet outperformed a baseline UA scheme operated in

fairnessis de ned as: maximizes the overall utility of rate allocations usin :
a logarithmic utility function. a two-tier HetNet.
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presented a distributed UL combined UA-RA technique for
UL energy bit minimization. When compared to the state-of-
the-art maximum signal received power (RSRP) and chan-
nel individual offset (CIO) systems, the suggested scheme
delivers a considerable improvement in UL energy per bit
consumption. However, the scheme had a signi cant overhead,
which resulted in a high level of implementation complexity.
In [64], authors provided a simple and successful strategy for
optimizing SE of two-tier HetNets. The combined optimization
of UA and PA was formulated as a mixed-integer programming
issue. To deal with the non-convexity of the optimization issue,
the Lagrange duality theory is used to divide the original prob-
lem into two sub-problems, each of which is solved in turn.
The extensive simulation results demonstrated the suggested
The authors of [60] focused on device-to-device (D2Diigorithm's fast convergence raiiee(, low computational com-
communications in HetNets and looked at system's EE. Firgflexity) and considerable performance advantages. In addition,
they designed a solution for UA for HetNets-supported D2Bther traditional UA techniques such as minimal path loss,
communications by maximizing received power to users @inge expansion (RE), and RSRP were compared to the
MBS, FBSs, or D2D communications. Secondly, the D2Ruggested scheme. However, to tackle the problem at hand, a
communications used a novel RA method known as sequentigge number of overhead signals were required, resulting in a
max search (SMS). SMS algorithm minimizes interferenggigh level of implementation complexity. A trade-off between
from D2D users to cellular users and maximizes overall netE and EE while ensuring fairness among users was proposed
work throughput. Simulation results show bene ts in terms @y the authors of [65] by taking into account the back-haul
throughput and EE, but there are numerous disadvantagesedpacity constraint in the HetNet. First, the problem was
only one MBS and one FBS were considered in the evaluatigaimulated as a multi-objective optimization (MOO) problem
2) simulation results were not compared to other state-gfraximizing the sum log-utility and simultaneously minimizing
the-art algorithms; and 3) there was a high communicati@Re total power consumption. Then, MOO is transferred to the
complexity due to a large number of input variables requirefingle-objective optimization problem to get Pareto optimal
to be exchanged, which also increases as the number of WWafution using the weighted Tchebycheff method. Finally, the
grows. The authors of [61] proposed to use a cache-enabjggposed scheme was compared with four different schemes:
energy-cooperative HetNet made up of MBSs and PBSs, i xed antenna where the number of antennas of MBS is pre-
which each BS is equipped with a cache to store contefé ned as the number of maximum available antennas; 2) xed
les. These caches are powered by both conventional grid aaftenna and power where number of activated antennas and
renewable energy sources, with energy being shared betwg@nsmit power are xed as maximum values; 3) max SINR
BSs via the smart grid. The researchers proposed a joixéd antenna and power where user chooses the BS with the
UA-PA algorithm which signi cantly improves both the datahighest SINR); and 4) max SINR algorithm with optimization
rate and EE of the entire network. The suggested scheafeower coordination and antenna number. Nonetheless, they
has a minimal computational and communications complexighly considered the back-haul capacity as a constraint; other
However, the suggested method was not compared to otgentext factors like UEs demands, channel quality should also
state-of-the-art schemes, and the authors used a xed numperconsidered for a more realistic scenario.
of UEs in the simulation. The authors of [62] focused on UA
(i.e., BS selection, channel allocation, and mode selection) andThe authors of [66] sought to achieve a trade-off between
PA to maximize the UL EE of secondary users and BS comiser QoS and EE in a HetNet when dealing with mobile
munication. They considered the HetNet illustrated in Fig. 13Es. To showcase this trade-off, the authors suggested a
with primary users (PUs) and secondary users (SUs). Ordingitv metric, Green Topological Potential Approach, which
users are PUs whereas unlicensed users, sensors, or otherciiibines EE and SE when selecting the target cell. The
devices are referred to as SUs. To improve the UL EE @foposed heuristic-based approach Green Heuristic User As-
the communication between the SU and the BS, the sum-gbciation was compared to other two schemes based on path-
ratios programming algorithm.¢., the parametric Dinkelbach |oss and received power while maintaining an acceptable SE.
algorithm) along with convex optimization were used to solvget, the proposed scheme involves many overhead signals,
the three sub-problems. However, there are several pitfallsy@élding high implementation complexity. The computational
the proposed system like it has a signi cant implementatiogobmplexity was$ 1" # ©, where M is the number of BSs and
complexity as a large amount of network information wag is the number of UEs. As the number of UEs increases,
necessary at the start of the suggested iteration-based metkasl.complexity grows exponentially. Furthermore, there were
Besides, the three sub-problems considered were addresgg@onstraints on power and resource allocation, making it an
sequentially and not in parallel, resulting in a high latency. ineffective solution in realistic scenarios. Finally, SINR was
In [63], authors achieved good QoS while improving EEalculated as per Eqg. 4 without considering the channel gain
by combining loss tolerance and bandwidth growth. Thdyetween UE and its associated BS.

Figure 11. The macro and pico BS in the HetNet [62].
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To minimize the power consumption and to satisfy the
UEs QoS requirements, a low-complex distributed UA and
RA scheme was proposed by the authors of [67]. Firstly,
a non-convex joint UA and RA problem was split into two
sub-problems using a cost-based approach that estimates the
power use effectively. To reduce the computational complexity,
relaxation and decomposition techniques were applied to the
UA-RA scheduling problems. Besides, the authors introduced
a low-complex iterative algorithm for PA based on the decom-
position theory that converges quickly to the optimal solution.
Simulation results were presented in terms of QoS satisfaction
ratio, de ned as the ratio of the number of UEs with their QoS
satis ed to the total number of active UEs in the network. No
other QoS_metrlcs were examined. The proposed scheme \e[iaﬁre 12. HetNet with QoS traf ¢, where MS denotes mobile stations and
evaluated in small-scale (3 MBSs, 4 SBSs and 20 UEs) a[‘;adenotes the rate at which QoS packets arrive for MEB8].
large-scale (30 MBSs, 4 SBSs and 20 UEs) networks and was . .
compared with the Strongest Signal Strength First schenj@ntly optimizing transmit power and UA, the authors of

still, the proposed scheme was implemented in MATLAR/4] Proposed a resilient EE maximization technique for a
rather than a proper network simulator. DL NOMA-based multi-cell HetNet with constrained channel

In [68], the author investigated the problem of optimatlmcertainty. Due to the complexity of the investigated non-
UA in a HetNet with QoS ows, as shown in Fig. 12. ToCONvex problem, the authors used the worst-case approach and

assess average packet delay performance (APDP), a varietPlﬂ‘ke'baCh'S method to convert it into a deterministic and con-

QoS-aware Association (Q0SA) methods were used, includifgX ©Ptimization problem and then used Karush-Kuhn—Tucker
QOSA via block-coordinate descent, QoSA via alternatinéj—ond't'ons along with the Lagrange dual approach to derive the

direction method of multipliers, and QoSA with multi- ow closed-form solutions of PA-UA. The suggested technique has

algorithm (Q0SA-MF). On one hand, the suggested QoS';g\rong robustness and can lower macrocell users (MU) outage
algorithms can reduce APDP over the entire network while efrobabilities, according to simulation ndings. "Non-robust

suring performance. Furthermore, the Q0SA-MF can optimii\éOMA" (NOMA-based EE maximization strategy under per-

best-effort throughput while ensuring QoS ow delay requirel€ct CSI) and "Non-robust OFDMA™ (orthogonal frequency

ment. All of these unique QO0SA methods, on the other han‘y}’iSiQ” multiple access (OFDMA) based rate maximization
have low complexity and can be distributed, which is the mo@d0rithm under perfect CSI) were compared to the proposed
desirable aspect in HetNets with a large number of unplannggéme- Still, only a small number of MUs (5) and SUs (2)
wireless nodes. Maximum-DL-SINR and proportional fairnes¥€'e simulated. As a result, the proposed system may not
(PF) were used to compare the proposed schemes. The auftRifOPriate for large-scale networks. _
demonstrated that the proposed QoSA algorithms: 1) converg&ach'ng has been a promising way to relieve the back-
towards the global optimum: 2) signi cantly reduce packefddl bandwidth burden in the HetNets. However, PA and
delays when compared to existing conventional associatigh* &€ neglected in conventional caching strategies, result-
strategies; 3) able to optimize multiple ows in a distributed?d In insuf cient power for users and cache waste in an
fashion; and 4) can be applied to scenarios with mobility whetPS- Keeping these constraints in mind, the authors of [75]
the channel gains are time-varying using extensive s:imulatior@.ntly optimized c_achlng, PA a_nd UA to maximize UEs
In [69], the impact of the dual-slope path loss model on tHverage QoE for video services in software de ned HetNets.

performance of a DL HetNet was investigated for maximizin} Mx€d-integer non-linear programming (MINLP) problem is
the weighted total rate of joint UA-RA-PA while taking UE ormulated under the constraints of caching capacity, limited

QoS requirements and maximum transmission power limpQwer and UA. The formulated problem is NP-hard and

into account. The goal was to develop and study a Qogl_e authors proposed a Joint Caching-Power-and-Association

aware resource optimization framework using a multi-slogd©PA) algorithm to obtain the optimal global solution based
path loss model in a multi-tier HetNet, in contrast to recefd? the hidden monotonicity. A lower bound of JCPA was
works such as [70]-[73], which highlight the importance 0gabtalned through a heunsyc—based aIgor.|thm. The proposed
multi-slope model and analyze coverage probability. ResufiSheme was compared with the pro-active based approach,

showed that it can enhance the network sum rate and EE @St Popular Video, and the reactive based approach named

of oading UES to the closest BSs due to minimal attenuatioh?aSt recently used. Simulation results were presented in terms
dthe cache hit ratic® and MOS. However, the solution

as opposed to the single-slope model. However, the propo _ . )
effort had the following shortcomings: 1) the channel quali)@s Several drawbacks: 1) it was not mentioned how MOS
was not considered; 2) there was no power ConStra_mt; an@]A measurement of how many content requests a cache can |l successfully,
3) there was no pseudo-code for the proposed technique. Bwpared to how many requests it receives
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The authors of [79] suggested a small-cell deployment
methodology for network capacity increase and high load
balancing. The framework handles the UA and bandwidth
allocation using a greedy based approach. Two greedy algo-
rithms, Greedy Small Cell First Received Signal Based and
Greedy Small Cell First Throughput Based User Association
were utilized to reduce the load on the macrocell while
increasing the load on the small cell for the UA problem.
Following selecting the best deployment architecture, a Branch
and Bound based algorithm was deployed to solve the UA in
the HetNet for capacity maximization. Data of oading from
the macrocell to the small cell is accomplished using the
Branch and Bound Throughput Based UA algorithm. Still,
there are several limitations of the proposed framework. First,

Figure 13. Network model [77]. UEs demands, BS power and resource capacity were not
considered. Second, the proposed scheme was not compared
was obtained and whether it was mapped to PSNR, SStil any other baseline algorithm. Third, due to the use of
or VMAF; 2) variation among the number of UEs and BSgranch and bound algorithm, the proposed scheme suffers high
was not considered in simulation; hence the proposed schegagnputational complexity. Hence, it might not be suitable for
may only be effective in small-sized networks; and 3) higynamic environments and large-sized HetNets. The authors of
implementation and computational complexity. The autho[g0] solved the same problem as in [79] using particle swarm
of [76] went a step further and calculated QOE in CR-basefptimization (PSO) to balance and control the load per BS
HetNets with cognitive D2D couples as SUs and cellular usgf5G HetNets. The proposed approach was compared against
as PUs. They rst de ned the cross-layer optimization issughe conventional static biasing approach and simulation results
to maximize the average QoE of D2D pairs while meeting thghowed that PSO outperformed the static biasing method as
QoE requirements of cellular UEs. To solve the non-conveXcan balance and control the load while maintaining the cell
optimization problem, a centralized and semi-distributed RAE, Yet, besides the low computational complexity compared
system based on GA and stackelberg game was presenfgdyreedy-based approaches, PSO has the same limitations as
Simulation results showed that the centralized GA algorithgt [79].
outperformed the semi-distributed Stackelberg Game algo-n [81], two statistical optimization frameworks for multi-
rithm. Both achieved signi cant improvements over randorantenna HetNets were described. The rst maximizes UA
allocation and were very close to the optima, demonstratiggverage whereas the second optimizes a rate utility function
the effectiveness of the proposed algorithms. However, in bai) combining UA and RA. The aim is to maximize two
suggested schemes, the core network was built on EPC-bagggor performance indicators.e., coverage and rate, using
design rather than 5G service-based architecture, and likeaigtochastic geometry technique. The results of Monte Carlo
[75], the authors did not explain how MoS was mapped. simulations showed that the proposed coverage-maximizing
The authors of [77] discussed joint UA-RA backhauand rate-maximizing strategies outperformed the usual max-
for hybrid-energy-powered HetNets (shown in Fig. 13). Tpower and small-cell RE schemes in terms of coverage and
balance network-wide performance with user fairness, thegte. The authors of [82] used a different approach to solve
proposed an online network utility maximization problenthe same problem. With transmission powers, antenna tilts, and
re ecting PF having tightly tied variables in the constraints o€10s as optimization parameters, they proposed a framework
resources, energy, and backhaul. The proposed problem ¥ascombining Con icting Coverage and Capacity Optimiza-
solved in a distributed fashion using decomposition method&n (CCO) and Load Balancing (LB) SON functions. The sug-
A primal decomposition method was used to decompose thested CCO-LB approach outperformed existing algorithms
original problem into a lower level RA problem for each BSor all KPIs (e.g.,maximum RSRP and maximum SINR user
and a higher level UA problem. A Lagrange dual decomp@ssociation methods). Results also showed that the proposed
sition method was then deployed to solve the UA problemolution can yield a signi cant gain in throughput, spectral
Testing results showed that the proposed approach signi canglfyciency, and load distribution.
improves network utility, load balancing, and user fairness Finally, we proposed a Performance-Improved Reduced
compared to max-SINR and RE solutions. The work in [78earch Space Simulated Annealingo (( 3 ) in [83], an
focused on solving the joint UA-PA optimization problem foralgorithm for solving UA-RA problems in HetNets (as shown
massive MIMO-enabled HetNets under proportional fairness Fig. 14). First, the UA-RA problem is formulated as a
with load and transmit power constraints. First, the authonsultiple 0/1 knapsack problem (MKP) with constraints on the
derived a closed-form expression for ergodic capacity und@aximum capacity of the BS along with the transport block
imperfect CSI. They then proposed an effective algorithm &ize index. Second, the proposétl'( ® is used to solve
maximize spectral ef ciency's log utility. Simulation resultsthe formulated MKP. Simulation results show tHt '( 3
showed the proposed algorithm outperforming max RSRP aodtperformed existing schemes in terms of variability and
min RSRP algorithms in terms of SE and load balancing. QoS, including throughput, PLR, delay, and jitter. Simulation
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Figure 14. An example of a two-tier HetNet including one MBSj, and

10 FBSs:" ,—"3— —"11. The FBSs are usually located at commercial
and residential buildings that constitute hotspots for wireless traf c. The UEs
* 1=* = =% 4 in aregionG are either served by either MBS or Figure 15. NOMA-based MEC network [87].

FBSs selected by Information Service Server (ISS) [83].

. in a non-cooperative manner at the follower level game.
results also showed th&b '( ® generated solutions that are, b 9

) ; In the leader-level game, however, perfect coordination was
very close to the optimal solution compared to the defat&sumed among the BSs. To balance the loads on small BSs
simulated annealing (DSA) algorithm.

Summary:This subsection reviews applications of CO fowith varying ca.pacities, congestioq factors are gdded. In the
the UA—RA-bA The reviewed approaches are summariz roposed aIgorlthm,. BS access prices are modi ed based on
along with the.references in Table. Il. We observe that thacomes and load circumstances in the leader-level game. In

S . e follower-level game, each UE picks the BS that maximizes
problems are mostly modeled for DL. Moreover, metrics E

. . A s payoff (or minimizes its payment) individually. As result,
and QoS receive more attentions than the other metrlcs% payoff ( pay ) Y

. . technique achieves a distributed optimization. A PSO-
]%?tseppdgfgf_;a\m the next sub-section, we review the G 8gesed pricing technique was presented for price design to opti-

mize the BS revenue. Finally, they obtained a stable single-BS
association using a resident-oriented Gale-Shapley approach.
B. UA-RA-PA Approaches Based on GAT Still, the suggested approach does not ensure user fairness and
GAT is a mathematical modelling technique consisting afoes not incorporate PA for IM. Also, it does not consider UE
studying the interactions of numerous players. For examptismands for different types of traf c. The authors of [85] pre-
equilibrium is dened as a set of strategies that includsented a fair UA method in HetNets based on cooperative GAT
each player's optimum strategy [25]. In particular, the gamethat focuses on maximizing the utility of users. The proposed
solution achievedNash Equilibrium if none of the players solution was designed to simplify the coalition generation
can raise their value by changing their approach withousing a novel SINR-based Coalition Generation Algorithm
worsening the utility of the others [25]. As a result, GATcalled the Nash Bargaining Solution scheme (SCGA-NBS).
is a powerful instrument that can be used to solve UASCGA-NBS uses the two-band partition method to accomplish
RA-PA problems. The actors in this scenario can be thle bargaining solution. Simulation results demonstrated that
BSs, the users, or both. GAT can be divided into two typeCGA-NBS outperformed a throughput-oriented approach in
based on different modelling strategies: non-cooperative ateims of fairness, data rate, load distribution, and convergence
cooperative. In non-cooperative modelling [84], players se@kile ensuring a substantially faster convergence time.
to maximize their utility and compete against one another In [86], the authors presented a PA allocation based on non-
by using various strategies such as adjusting their transmitoperative GAT in a heterogeneous ultra-dense relay network
powers or placing bids representing willingness to pay. On th@ ensure QoS requirements and throughput balance between
other hand, cooperative schemes simulate a bargaining gahm access and backhaul links while predicting the number
in which players bargain with one another to achieve mutuaf linked UEs. The proposed non-cooperative game was sep-
bene ts. Despite having a low communication overhead, GAdrated into the backhaul game and access game. Back-haul
is deemed appropriate for building distributed algorithms withame players are the leaders while access game players are
exible self-con guration features. However, it is worth notingthe followers. Experiment ndings showed that the proposed
that GAT is based on the assumption of rationality, whicstrategy effectively balances throughput between the two lines
assumes that all players are rational individuals working and meets the speci ed minimum rate. A novel NOMA-based
their own best interests. Yet, in 5G networks, players — B34obile Edge Computing (MEC) network (as shown in Fig. 15)
or UEs — cannot be expected to operate rationally at all timeith multiple access points, where each access points was
For example, various BSs participating in the game may hagquipped with a MEC server to supply computing resources,
different optimization aims; optimizing energy ef ciency maywas presented by the authors of [87]. In the proposed network,
be viewed as irrational by BSs maximizing transmission ratéie problem was formulated to minimize the total energy
and vice versa. consumption of all users by jointly considering UA-RA-
The authors of [84] introduced a bi-level negotiatind?A. The formulated optimization problem was modelled as
paradigm for distributed UA and RA. UE competition occura many-to-one matching game with externality due to co-
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Table Il
QUALITATIVE COMPARISON OF UA-RA-PA ALGORITHMS BASED ON COMBINATORIAL OPTIMIZATION FOR 5G HETNETS.

Ref. | Algorithm Direction | Control SE | EE | QoS QoE Fairness| Coverage Prob. Complexity
Comput. | Comms.
[55] | UA-RA-PA | DL De-centralized X X X1 o X X X High High
[56] | UA-RA-PA | UL Centralized X X X X X X Low High
[57] | UA-PA DL Centralized X X X X X X High Low
[58] | UA-RA DL De-centralized X X X X X X High High
[59] | UA-PA DL De-centralized X X X1 o X X X Low Low
[60] | UA-RA DL De-centralized X X X1 o X X X Low High
[61] | UA-PA DL De-centralized X X X X X X Low Low
[62] | UA-PA UL Centralized X X X X X X High High
[63] | UA-RA UL De-centralized X X X X X X Low High
[64] | UA-PA DL De-centralized X X X1 o X X X Low High
[65] | UA-RA-PA | DL De-centralized X X X X X X Low Low
[66] | UA DL De-centralized X X X X X X High High
[67] | UA-RA-PA | DL De-centralized X X X1 o X X X Low Low
[68] | UA-RA DL De-centralized X X X)— ©° ] x X X Low Low
[69] | UA-RA-PA | DL De-centralized X X X X X X High High
[74] | UA-PA DL De-centralized X X X X X X Low High
[75] | UA-PA DL Centralized X X X X M) | x X High High
[76] | UA-RA-PA | DL Centralized and Hybrid| x X X X (M) | x X Low Low
[77] | UA-RA DL De-centralized X X X X X X Low Low
[78] | UA-RA-PA | DL De-centralized X X X X X X Low High
[79] | UA DL Centralized X X X1y ° X X X High High
[80] | UA DL De-centralized X X X1y ° X X X Low Low
[81] | UA-RA DL De-centralized X X X1) ° X X X Low High
[82] | UA-RA DL De-centralized X X X1y ° X X X Low High
[83] | UA-RA DL De-centralized X X X1y ° X X X Low Low

channel interference along with resource competition among
users occupying the same sub-channel. The authors employed
the Gale-Shapley algorithm to solve the UA problem and
used a heuristics algorithm to solve RA. The PA problem
was solved by the convex optimization method. Simulation
results show that the proposed approach can achieve lower
energy consumption of the system within fewer iterations than
other simpli ed schemes. However, it is unclear whether the
proposed scheme of oads the tasks to MEC servers or execute
them locally.

The same NOMA network was considered by the authors _ _
in [88] but with integrated D2D rather than MEC. They Selflgure 16. Scenario: A HetNet powered by hybrid energy sources [91].

a target of accomplishing the joint RA of uplink NOMA-\a minimized. A utility function was proposed to select the
based D2D groups and cellular users (CUs). A two-staginimum power consumption for connecting UES to BS.
game approach was pu_t forward to deal with t_he joint PA and tye authors of [91] investigated a distributed GAT-based
RA problem. Computations were performed in D2D groupgechanism for controlling the user-BS association process in a
and CUs separately, where the available energy of UES|ig\ets powered by renewable energy (as depicted in Fig. 16)
considered during the game. An approximation method WRs,ver grid demand and increase EE. The proposed technique
introduced to formulate the rst stage as a non-cooperatiye,s pased on a population-like game with atomicity and non-
game instead of a coalitional game with high computationg}, v mity properties. Three alternatives to the proposed game-
overhfaad. W'th this approach,_ th? computational COmplex‘fﬁeory-based scheme are presented and compared. Simulation
and signalling overhead was signi cantly reduced. results showed that the suggested game-theory-based tech-
The weighted majority cooperative game (WMCG) wasique increases the EE of HetNets powered by hybrid energy
proposed in [89] for 5G massive MIMO HetNets to providesources in real-world settings compared to the benchmarks.
services to FBS users and MIMO users. The proposed WMC@t, the proposed scheme has three major aws. First, RA
allocated antennas to FBSs users based on user loads. In ongesr not considered to improve transmission rate. Second, there
to reduce power consumption, the proposed scheme monitoigdho provision for continuous green energy, which can be
the state of FBSs. If an FBS was in a sleep mode, the MIM&xhieved through storage systems or by using more stable
antennas allocated to that FBS were allocated to MIMO useenewable sources. Finally, while the computational time of
or other FBSs. The authors of [89] proposed another approatife proposed scheme was lower than some benchmaugs (
E2beam, based on the cooperative game in [90]. E2begneedy algorithm and discrete optimization), but it was high
assigns the beam cooperatively in a way that the interferennecomparison to best-signal-level-policy. In [92], a spectrum-
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two-level game model to achieve an optimum performance
balance between network operators and mobile users. A
multiple-leaders multiple-followers Stackelberg game model
was used for the upper-level game, in which COs are leaders
and MDs are followers. The lower-level game is modelled as
a negotiating game in which each MD and trafc ow are
game players. The authors demonstrated the superiority of the
two-level game method in terms of user payoff, MCA system
performance, and CO fairness via numerical analysis. Further
Figure 17. Hierarchical game structure [92]. improvements could consider: 1) congestion while making

. ) ) traf ¢ aggregation decisions; 2) control issues, including con-
sharing-based HetNet was proposed, in which an FBS cgﬁ}

. : gence time, service latency, and system-level EE; and 3)
combine multiple macro-cell operators (MCO) sub-bands a mobility.
allocate the aggregated sub-bands to allow high-speed wideypo 5 inors of [96] studied the dynamics of radio access

bar_ld data trans_missic_)n for each unlicensed user (U_U)' T %hnology (RAT) selection games by clients in HetNets.
main goals of this project were to solve the following |ssuesr:hey investigated the convergence properties of these games
1) Power control problem: how MCO manages interferenggd introduced a hysteresis that can guarantee convergence.
by constantly modifying the interference pricing to propeasurement-driven simulations showed that RAT selection
tect licensed users. ames converge to Nash equilibria in few switches. The pitfall
2) Sub-band allocation problem: how UUs choose Whicé the proposed scheme is that it was not compared with any
sub-bands to access based on channel information, §iher state-of-the art scheme and it is not clear how promising

terference pricing, and other UUs' actions. is the proposed solution to prospective operators. In the context
3) Overlapping coalition formation problem: how UUs formpf 5G multi-tier HetNets, the authors of [97] addressed the
overlapping alliances to increase their data rate. problem of cognitive users admission and channel distribution

To jointly consider the solutions to these three challengesyer cognitive base stations. The users' admission challenge
a hierarchical game framework was developed (as shownwiias speci cally modelled using a college admission matching.
Fig. 17). Simulation results showed that the proposed approdedch small-cell BSs uses a modi ed English auction following
always converges to the hierarchical game's SE. At the samhe matching game to request the principal channels to serve
time, the resulting transmit power and sub-band allocatidts connected users. Results showed that the applied matching
were stable and no player could increase their reward furtheethod for user admission is simple and that the channels
by acting alone and unilaterally deviating from the plan.  allocation problem has a Walrasian equilibrium point. Still,

The authors of [93] investigated the EE performance die proposed approach has the same shortcomings as in [96].
users in a DL NOMA-based HetNet. To decrease the complex-The research reported in [98] looked at how matching theory
ity of MUE and FUE, they formulated the EE maximizatiorcan be used for UA in mmWave-enabled cellular HetNets.
problem as a non-cooperative game. Furthermore, they pFirst, they introduced early acceptance (EA), an ef cient dis-
vided a centralized approach for realizing the energy-ef ciemtibuted matching technique suited for UA in 5G HetNets. The
power control algorithm (EPCA), which reduces informatiosuggested EA uses a centralized worst connection swapping
exchange for each game iteration and ultimately obtains t&CS) algorithm and a deferred acceptance (DA) matching
unique Nash equilibrium. Simulation ndings suggested thatlgorithm. Simulation results showed that EA delivered net-
EPCA can converge to equilibrium with higher system-levetork throughput close to the centralized WCS technique while
EE and SE compared to the benchmark. However, EPCA sgfibstantially reducing complexity and overheads due to its
fers high overhead,e., amount of data transferred, resultinglistributed nature. Furthermore, EA was more power-ef cient
in signi cant implementation complexity. The authors of [94fand resulted in a signi cantly faster association process than
developed a GAT framework based on fuzzy logic for Elhe well-known DA algorithm. However, this work does not
improvements in HetNets. Multiple user context parametecsnsider RA-PA.
such as velocity, SINR, throughput, and BS load were consid-The authors of [99] presented an elastic cellular network
ered for the handover decision. Simulation results showed tisatucture capable of adapting to individual UE QoE require-
the proposed framework improved energy usage dramaticaltlyents. Virtual interference-free service zones centred around
especially for small active users, when high user velocities gslanned UEs provide QoE exibility. To simulate acceptable
combined with managing ping-pong handovers and cell loadgrvice-zone formations surrounding UEs, a distributed utility
However, the proposed schemes have several signi cant awgduction problem was presented. They conducted a complete
1) it was not compared to any other state-of-the-art schemesmparative analysis employing evolutionary and auction-
and 2) it was only evaluated for 20 UEs. Hence, it might ndtased game implementations at a centralized control BS to
be suitable for large-scale HetNets. evaluate the optimization of S-Zone allotment to UEs. The

The researchers in [95] suggested an effective multi- ogame strategy demonstrates superior performance for network
carrier aggregation (MCA) control solution to maximize sysef ciency, with uctuations in data BS density and priority
tem throughput while taking into account the utility of eaclallocation between a fair UE throughput network and a service
mobile device (MD). The proposed approach was built asnecessity-driven throughput network. This study could be
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Table IlI
QUALITATIVE COMPARISONS OF UA-RA-PA ALGORITHMS BASED ON GAME THEORY FOR 5G HETNETS

Ref. | Algorithm Direction | Control SE | EE | QoS QoE | Fairness| Coverage Prob Complexity
Computational| Communication
84 UA-RA DL De-centralized| X X X X X X Low Low
85 UA-RA DL De-centralized| x X X1 o° X X X Low Low
86 UA-RA-PA | DL De-centralized| X X X1 o° X X X Low Low
87 UA-RA-PA | DL De-centralized| X X X X X X High High
88 RA UL De-centralized| x X X X X X Low Low
89 RA DL De-centralized| X X X X X X Low Low
90 RA DL De-centralized| X X X X X X Low Low
91 UA DL De-centralized| x X X1 o° X X X High Low
92 RA UL De-centralized| X X X X X X Low Low
93 RA-PA DL Centralized X X X X X X Low High
94 UA DL De-centralized| X X X X X X High High
95 RA DL De-centralized| x X X1 o X X X High High
96 UA DL Centralized X X X X X X High High
97 UA-PA DL Centralized X X X X X X Low High
98 UA DL De-centralized| X X X)— ©° ] x X X Low Low
99 UA DL Centralized X X X1 o X X X Low High

expanded by evaluating the suggested model at mmWaweng UA and PA. The rst sub-problem was addressed by
frequencies and incorporating the corresponding signalliegmbining GRT and a Hungarian method to x the PA, UA,
costs into the optimization framework. and RA. The authors used the difference convex function
Summary:This subsection reviews applications of GRT foapproximation method to solve the PA and x the UA and RA
the UA-RA-PA. The reviewed approaches are summarizéuthe second sub-problem. Compared to the belief propagation
along with the references in Table. IlI. Tables IV and V indialgorithm, statistical channel state information, iterative water-
cate the novel contributions of this survey paper. The tables fling, and static complete spectral reuse, results showed that
each scheme detail which game was utilized, who the play#hgs technique could signi cantly improve the overall system
were, what strategy was used, what payoffs were examingaoughput. This method, on the other hand, provided no
and how many resources were impacted. We observe that skeevices to UEs with poor channel conditions. The authors
problems are mostly modelled for DL. Moreover, metrics EEf [101] presented a combined RA and PA in a HetNet with a
SE, and QoS receive more attention than the other metrics. Macrocell and a picocell that used spectrum sharing in the
considered approaches have presented results in terms of Qo#erlay transmission mode by employing the QoE utility
and coverage probability. In the next sub-section, we revidwnction. They used a weighted bipartite network and an
the GRT for the UA-RA-PA. advanced Kuhn-Munkres algorithm to perfectly match the sub-
carrier allocation technique. The rst-order derivative of the
network utility function was used to solve the optimal power
C. UA-RA-PA Approaches Based on GRT problem for PA. Results showed that the proposed scheme
Considering a scenario where many small cells are deployedtperformed the average PA and PF algorithms. However, RA
randomly and located in a 5G network, the UA-RA-PA bewas only considered at the pico cell, and as cell size increased,
comes very complicated. Therefore, it is essential to ef cientie QOE performance deteriorated.
handle these complex issues between small cells for optimalThe researchers in [102] suggested a graph and matrix
UA-RA-PA. In such circumstances, a graph can represent tineory-based network selection technique for overlapping
relationships between UEs and BSs, and the optimal UA-Rivireless networks that include WiFi, WIMAX, and LTE
PA can be solved using GRT. GRT aims to create a directegthnologies. The data rate, service cost, delay, and power
graph G = (V, E) with nodes V and edges E. The node®nsumption aspects have all been considered. The above
here refer to various UEs or BSs. The edge set E, on tfaetors and their relative importance for a particular application
other hand, corresponds to the set of node mobility linkageseate a graph and related matrix. The permanence of the
In general, GRT is primarily concerned with the analysismatrix is then computed to determine a "network satisfaction
of relationships. GRT is a valuable tool for quantifying andalue", used to choose the best access point. The suggested
reducing the many aspects of dynamic systems given a segodph-based selection mechanism outperformed traditionally
nodes and connections that can abstract anything from dR$Sl-based approaches. Results also showed that the proposed
plans to computer data. When considering graphs, the typesoheme can select the most appropriate network, based on user
graph employed is most relevant. Undirected graphs have meferences, while reducing the number of handoffs compared
directions associated with the edges between nodes whert@a$OPSIS (techniques for order preference by similarity to
directed graphs have orientations for all edges. Weight@&tkal solution). As a result. the scheme can be applied to
graphs assign a weighé.g.,importance, cost) to each edge.the next generation of wireless networks, where deployment
To tackle the optimization problem, broken into two subis extremely dense and numerous networks having various
problems, the authors in [100] developed a joint RA approacharacteristics are to be considered.
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Table IV
MAPPING BETWEEN GAME COMPONENTS AND NETWORK ENVIRONMENT
Ref. | Game Type Game Parametef Network Environment
BSs are the rst mover and regarded as market leaders. UEs are regarded as the followers
Multi-leader Multi-foll Players in the market.
[84] Stlejaclllslﬁei; G:n:eo ower Strategy How to frame a bi-level bargaining framework to obtain a "win-win™ solution?
Payoffs The motivation is to maximize the UE utility function and apply exible functions to BSs
and UEs to design a load-balancing algorithm.
Resources Resources are access prices of BSs and Payment by UEs.
Players MBSs and PBSs are the players in the game.
- Strategy How to provide fair utility distribution among BSs?
[85] | Nash Bargaining Payoffs The motivation is to ensure the Fairness and Load distribution among BSs and UEs.
Resources Resources are the BSs to ensure minimum service requirements and QoS for users.
Players The game is divided in two sub-games. In the backhaul game (BG) the BSs and
RNs are the players. In the Access Game (AG) BS/RNs and UEs are players.
[86] | Non Cooperative Game Strategy How to estimate the possible optimal PA Strategy of its followers?
Payoffs The motivation is to guarantee QoS requirements and throughput balance between
the access and backhaul links while estimating the number of associated UEs.
Resources Resource is the PA.
Players The UEs are the game players.
187] | Coalition Game Strategy How to (jes[gn a well-de ned qrder to compared two coalmons_?
Payoffs Tht_e motivation is to ensure falrness and reduces the complexity
while maintaining an approximate performance.
Resources Resource is the PA.
Players The D2D groups and CUs are players.
[88] | Non-Cooperative Game Strategy How to depict the relationship between the paired D2D group and CU.
Payoffs The motivation is to solve th(_e unlla_ter_al EE maximization problem
of each D2D group and CU in a distributed manner.
Resources Resource is the spectrum allocation.
Players The FBSs are the players in the game.
. Strategy How to allocate antennas to FBSs based on available loads?
[89] | Cooperative Game Payoffs The motivation is to reduce the power consumption using utility function.
Resources Resources are the antennas to transmit the data.
Players The SBSs are the players in the game.
. Strategy How to assign the beam cooperatively?
[90] | Cooperative Game Payoffs Allocate minimum power generate beam using utility function.
Resources Beams.
Players The UEs are the players in the game.
[91] | Population like Game Strategy How a game—theoretlc_al appro_ach perfotmlng as a Iearmng algorithm seeks Nash Eq_wlt rium?
Payoffs Guarantee of appropriate quality-of-service levels according to renewable energy availability.
Resources User Association.
Players The Macro-cell operator (MCO) and femtocell BS are the players.
Strategy The pricing of the MCO ?
[92] | Stackelberg Game Payoffs Joint optimization of transmit power and sub-band allocation of unlicensed users (UU).
Resources Resource Allocation.
Players UEs are the players.
. Strategy How to reach Nash Equilibrium (NE)?
[93] | Non-Cooperative Game Payoffs High system level EE and SE.
Resources Resource and Power Allocation.
Players BSs are the players.
[94] | Non-Cooperative Game Strategy How to reach Nash Equilibrium (NE)?
Payoffs Improving the energy consumption .
Resources Handover Decision and BS selection.
Players In the upper-level game Cell Operator(CO) and mobile devices(MD) are the players.
[95] Multi-leader Multi-follower | Strategy In upper level game the strategy is How to adjust the spectrum price.
Stackelberg Game In the lower level gain strategy is how to bargain.
Payoffs A fair ef cient spectrum allocation solution.
Resources Spectrum.

The authors of [103] have considered a user-centfiand allocation technique, called The fast sub-band allocation
network-level coordination architecture for 5G Heterogeneossheme (FAS), proposed in this study allows static UEs to
Radio Access Networks (RANSs), based on RAN softwariz&eep their allotted sub-bands. Compared to existing frequency
tion and a centralized coordination framework. They comeuse methods, FAS is more ef cient, provides a higher SE,
structed the network graph to abstract the RA and cell of oadnd has an advantage in terms of sub-band hand-off rate and
ing problem with the network function seeking an optimdhtency with a suitable trade-off in terms of UE throughput.
solution. Simulations were run in a HetNet scenario using ryq reqearch in [105] introduced a network selection strat-

the Tabu Search Algorithm, and results were expressedel based on bipartite graph matchirig., the BGMNS

SE. L_Jsmg cluster-based .GRT’ the _authors Of. [.10.4] sgggesta orithm, to address the challenge of multi-service network
a quick sub-band allocation technique to minimize mterfeg—Election in 5G ultra-dense HetNets systems. BGMNS com-
ence in an ultra dense dynam|c H_etNet. When the netw bhes the Analytic Hierarchy Process and Grey Relation Anal-
interference state meets specic circumstances, a new Sl)]/

is to ef ciently satisfy individualized service requirements
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Table V
MAPPING BETWEEN GAME COMPONENTS AND NETWORK ENVIRONMENT

Reference| Game Type Game Parametef Network Environment
Players UEs are the players in the game.
. Strategy Strategy corresponds to the selection of radio access technologies.
[96] Non Cooperative Game Payoffs Convergence, Efciency, and Practicality.
Resources The best Radio Access Technologies (RATS).
Players Two different set of players: the SBSs and secondary users (SUs) set.
. SUs and SBSs want to maximize utility
[97] Auction Game Strategy SUs want to attach to the most preferred SBSs,
whereas SBSs to choose their most preferred SBSs.
Payoffs High Throughput and Low power consumption.
Resources Channel Allocation.
Players Two different set of players: the UEs and the BSs set.
. Each player builds it own preference list and ranks the players
98] Matching Game Strategy of thepotﬁler set based on ’i:ls preference list. P
Payoffs High Throughput.
Resources User Association.
Players In both the games UEs are the players.
9] Evolutionary The evolutionary game requires UEs to adapt their action strategies iteratively,
and Auction Game Strategy whereas the auction game requires UEs to offer their genuine valuation in order tp win
the auction and get virtual Service-Zones for DL scheduling.
Payoffs High Throughput.
Resources Virtual Service-Zones for DL scheduling.

effective-capacity optimization issues for collaborative D2D
caching schemes. They also created centralized and decen-
tralized D2D-caching matching algorithms that use a bipartite
graph to solve challenges like effective-capacity optimization.
Simulation results showed that the proposed collaborative
D2D caching techniques outperformed existing schemes un-
der heterogeneous statistical delay-bounded QoS constraints
on edge-computing mobile networks. The authors of [107]
suggested a new network selection technique based on GRT.
Using Dijkstra's algorithm and a novel cost function for
each edge, the proposed system allows users to choose the
optimum path. The proposed mechanism for selecting the
best path provides higher throughput, exhibits low packet
loss, decreases the delay, and the jitter better than handover
based RSS, handover based bandwidth, and handover based
cost function, according to experiments conducted on a test-
bed using the mininet emulator. Additionally, the handover-
A3sed cost function outperformed the standard algorithms in
terms of QoS. Furthermore, the authors proved the effect of

and obtain the QoE of edge users seeking various serwéf@éng numerous criteria to estimate each edge’s cost. Finally,
across several networks. Simultaneously, to assure sys@ WOI’E szl&chon b?fsec: on ajlr:gle paran:ﬁte{) SL:Ch 318 fRSS
fairness, BGMNS ef ciently determines the fairness index by’ ; ankW| | 't.'s inefiective in determining the best path for
considering both service priority and user QoE and skilfull|y"WOrk Selection.

models the matching degree as the weight of a bipartite graphy [108], a pragmatic solution for a network selection
edge between user and network. On this foundation, BGMNgheme in wireless HetNets using GRT was proposed. The
maximizes the total QoE of edge users while maintainingterdependence of network properties was used to create
system fairess. This results in a vastly improved user ex-network appropriateness index. Comparing the suggested
perience and a more ef cient allocation of network resourcegheme to earlier selection schemes demonstrated that the
in the system. Simulation results showed that BGMNS can NSoposed system adequately captures the user's individual
only ensure stable access and user QOE when network stgftferences in determining the optimum network, making it
varies, but also effectively meet the requirements of requesiggtaple to next-generation wireless networks with ultra-dense
services, signi cantly reduce user blocking probability andeployment. The authors of [109] focused on embedding
total PLR, and signi cantly improve average EE. multi-domain virtual networks in a 5G HetNet infrastructure,
The authors of [106] presented collaborative D2D cachirgs illustrated in Fig. 19. They provided a mathematical model
systems over edge-computing mobile networks using héor this problem, a unique heuristic technique for virtual 5G
erogeneous statistical delay-bounded QoS provisioning, reetwork embedding based on the layered-substrate-resource
depicted in Fig. 18. They designed and solved QoS-drivamxiliary graph, and a compelling 5G demand categoriza-

Figure 18. The system architecture model for group-based collaborative D
caching scheme over edge-computing networks [106].
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maximize its immediate bene t. WVapproaches one, the agent
will seek a longer-term larger reward.

1) Q-Learning Algorithms:In an MDP, we aim to nd an
optimal policyc :S! A for the agent to maximize the ex-
pected long-term reward function for the system. Accordingly,
we rst de ne a value function+¢ : (! that represents
the expected value obtained by following policyfrom each
state s2 S. Through an in nite horizon and discounted MDP,
the value function V for policyc measures the goodness of
the policy as follows:

o

Figure 19. A heterogeneous multi-domain 5G infrastructure [109]. +°1B = ¢» WABR- @B =Bk (5)
GO0

tion method. Compared to the benchmark, simulation results = OAMBR-Q°, W¥1R;1°jB = BA

showed that the proposed Layered V-FINE Algorithm could ) . . ) .
achieve a lower average blocking rate, less average latengfNce We aim to nd the optimal policg , an optimal action
and higher substrate resource ef ciency. af each state can be found through the optimal value function
Summary:This subsection reviews applications of GAT forexpressed by 1B = <ch ACE-Q, W+ 1B 1%
the UA-RA-PA. The surveyed approaches are summarizedf we denote& B-9, rdB—Q° , W ¢ » ©1R;1°%as the
along with their references in Table. VI. Table VIl summarizesptimal Q-function for all state-action pairs, then the optimal
the type of graphs in existing approaches along with the valuealue function can be written by B = <0G& B—2 Now,
associated with vertices and edges in case of weighted graphs. problem is reduced to nd optimal values of Q-function,
Most approaches are only modelled for DL and focus on Q@8., & 1B—9 for all state-action pairs, and this can be done
metrics. In the next sub-section, we review DRL approachgéisrough iterative processes. In particular, the Q-function is
for the UA-RA-PA. updated according to the following rule:

&g1'B-0=&'B-9, UoA!B-0, W<0&B-0 &'B-W4
D. UA-RA-PA Approaches Based On Deep Reinforcement 0 (6)
Learning (DRL)

RL, a subset of ML, is a useful method for dealing with The core idea behind this update is to nd the tempo-
Markov Decision Processes (MDPs) [27]. An agent can leafl difference between the predicted Q-value,i&B-9,
its best strategy by interaction with its environment in an RWﬁPGClB_?y and its current value, i.e&c'B-® In (6),
process. In particular, as depicted in Fig. 20(a), the agent m$te learning ratedJc is used to determine the impact of new
observes its present condition, then takes action, and nallyformation to the existing Q-value. The learning rate can be
receives an immediate reward along with its new state. Tbhosen to be a constant, or it can be adjusted dynamically
agent's policy is adjusted based on the observed informatidaring the learning process.
and this process continues until the agent's policy approache®) Deep Learning:Deep learning (DL) [111] is a collection
the ideal policy. In Table. XlII, we have provided a comparisoof methods and approaches aimed at identifying important
among RL, DL and DRL for a better understanding of eadieatures in data and modeling their high-level abstractions. The
branch. major purpose of DL is to avoid having to manually describe a

A tuple (S,A,p,) de nes an MDP, whereSis a nite set of data structure (such as handwritten features) by automatically
states A is a nite set of actionsp is a transition probability learning from the data. It refers to any neural network with
from states to stateB after an action is performed, amnds the two or more hidden layers, which is commonly referred to as a
immediate reward obtained after an action is performed. \ileeep Neural Network (DNN). Although they can also include
denote policyc as a "policy” which is mapping from a state topropositional formulations or latent variables structured layer-
an action. The goal of an MDP is to nd an optimal policy towise in deep generative models such as the nodes in Deep
maximize the reward function. An MDP can be nite or in - Belief Networks and Deep Boltzmann Machines, most deep
nite time horizon. For the nite time horizon MDP, an optimallearning models are built on an Arti cial Neural Network
policy c to maximize the expected total reward is de ned byANN). An ANN is a computational nonlinear model based
maxc [ E}OA}B{plBCOO], where0=cB®. For the in nite time on the neural structure of the brain that is able to learn
horizon MDP, the objective can be to maximize the expectéd perform tasks such as classi cation, prediction, decision-
discounted total reward or to;maximize the average rewardaking, and visualization. As shown in Fig. 20 (b), an ANN
The former is de ned by may )@Ol\/Vé%B;cla;“], while the is made up of arti cial neurons that are structured into three
latter is expressed dimy | insmaxc [ )@Oﬂé&pl&f’f’], where interconnected layers: input, hidden, and output. Input neurons
W2 »0-1viis the discount factor that determines the relativie the input layer transfer information to the buried layer. The
relevance of future rewards to the current rewardM$£ 0, output layer receives data from the hidden layer. Weighted
the agent is "myopic,” meaning it solely examines how timputs, an activation function, and one output are all present
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