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Highlights

What are the main findings?

• The study highlights the importance of research on mMTC reliability in 5G networks,
highlighting the need for AI-driven methodologies to balance latency, throughput,
and energy efficiency.

• Currently, research mainly focuses on eMBB-URLLC coexistence (81.25%), but mMTC
integration is underexplored, highlighting gaps in addressing its scalability and relia-
bility for future 6G applications.

What is the implication of the main finding?

• Efficient resource allocation and frame-scheduling methods are crucial for reconciling
conflicting QoS demands in multi-service 5G networks.

• Future research should prioritize tri-service coexistence to support complex applica-
tions in automated factories, telemedicine, and intelligent urban infrastructures.

Abstract

The rapid evolution of 5G New Radio networks has introduced a wide range of services
with diverse requirements, complicating their coexistence within the shared radio spectrum
and posing challenges in traffic scheduling and resource allocation. This study aims
to analyze and categorize the methods, approaches, and techniques proposed to ensure
efficient joint and dynamic packet scheduling and resource allocation among heterogeneous
services—namely eMBB, URLLC, and mMTC—in 5G and beyond, with a focus on Quality
of Service and user satisfaction. This scoping review draws from publications indexed
in IEEE Xplore and Scopus and synthesizes the most relevant evidence related to packet
scheduling across heterogeneous services, highlighting key approaches, core performance
metrics, and emerging trends. Following the PRISMA-ScR methodology, 48 out of an initial
140 articles were included for explicitly addressing coexistence, scheduling, and resource
allocation. The findings reveal a research emphasis on eMBB and URLLC coexistence,
while integration with mMTC remains underexplored. Moreover, the evidence suggests
that hybrid and deep learning-based approaches are particularly promising for tackling
coexistence and resource management challenges in future mobile networks.
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1. Introduction
Fifth-generation mobile networks, known as 5G New Radio (5G NR), deliver signifi-

cantly faster and more secure communications than their predecessors. The International
Telecommunication Union (ITU) defines three principal service categories for 5G NR: en-
hanced Mobile Broadband (eMBB), ultra-reliable low-latency communication (URLLC),
and massive machine type communication (mMTC).

The eMBB service targets high-data-rate applications that demand stable wireless
links and medium-to large-area coverage, such as high-definition video streaming, cloud
computing, and augmented virtual reality. In contrast, URLLC imposes stringent require-
ments on latency, reliability, and data rate, making it critical for real-time domains such
as telesurgery, industrial automation (Industry 4.0), and vehicular safety. Finally, mMTC
supports extremely dense device deployments with comparatively modest performance
requirements [1–4].

The heterogeneous requirements of these services have motivated the development of
sophisticated radio-resource-management strategies. URLLC typically receives the highest
priority, achieving data rates of approximately 20 Mb/s with End-to-End (E2E) latencies
below 1 ms. eMBB ranks second, providing up to 100 Mb/s with approximately 10 ms E2E
latency, whereas mMTC accommodates massive connectivity at approximately 100 kb/s
while tolerating higher latencies [5].

Within 5G NR, packet scheduling orchestrates the allocation and temporal use of radio
resources, thereby influencing overall efficiency, fairness, latency, and user experience.
Allocation reserves the necessary resources, multiplexing aggregates multiple data flows
into a shared physical medium, and scheduling determines their temporal order [6–9].

The simultaneous operation of diverse services presents a significant challenge in
5G NR due to the variances in Quality of Service (QoS) demands across different traffic
categories. The academic discourse delineates five principal categories of potential solu-
tions: methodologies centered on multiplexing, QoS allocation, Machine Learning (ML),
network slicing, and centralized Radio Access Network (RAN) frameworks. Nonetheless,
there persists a conspicuous deficiency in comprehensive investigations that concurrently
explore the coexistence of eMBB, URLLC, and mMTC traffic [5].

Therefore, this scoping review synthesizes current evidence on joint packet scheduling
and resource allocation for heterogeneous 5G and post-5G services. We evaluated key
performance indicators, including the E2E latency, reliability, spectral efficiency, through-
put, fairness, and energy consumption, highlighting the prevailing methods, outstanding
challenges, and research opportunities.

This review adhered to the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses extension for Scoping Reviews (PRISMA-ScR) guidelines, which are designed
to map existing evidence on a specific topic and to identify key concepts, theoretical
frameworks, sources, and gaps in knowledge. The PRISMA-ScR framework enhances
methodological rigor and transparency by providing a standardized checklist and flow
diagram [10,11]. Abstract screening was assisted by Rayyan AI, a web- and mobile-based
platform that streamlines collaboration during scoping reviews and is currently used by
more than 700,000 researchers worldwide [12].

This scoping review aims to determine the methods, approaches, and techniques that
have been proposed to achieve efficient joint and dynamic packet scheduling and resource
allocation for heterogeneous services (eMBB, URLLC, and mMTC) in 5G and post-5G
networks while maintaining QoS and user satisfaction.

The new findings of this study are not the original experimental results generated by
the authors, but rather conclusions and perspectives derived from a scoping analysis of the
existing literature. This analysis shows that most of the focus is on service combinations
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between eMBB and URLLC (approximately 81.25%), while only 18.75% address combina-
tions involve the mMTC service. Furthermore, we identified a clear neglect of the reliability
of mMTC in underrepresented studies. Although reliability is not an intrinsic metric of
mMTC, it remains a crucial performance indicator, potentially impacting the continuous
connectivity of critical sensors and devices in areas such as smart cities, Industry 4.0, the
Internet of Things (IoT), and future Sixth Generation (6G) applications.

The remainder of this article is organized as follows: Section 2 details the review
methodology; Section 3 presents the results; Section 4 discusses the findings in relation to
the research questions; and Section 5 concludes the paper.

2. Materials and Methods
This scoping review was conducted in compliance with the PRISMA-ScR criteria.

Figure 1 presents the flowchart of the selection process in Section 3, while the completed
PRISMA-ScR checklist is provided as Supplementary Materials. Although the protocol
for this review was not registered in databases such as Open Science Framework (OSF)
or International Platform of Registered Systematic Review and Meta-analysis Protocols
(INPLASY), all steps were thoroughly documented throughout this paper.

Figure 1. PRISMA flow diagram.
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The review analyzes the current international literature on traffic scheduling for
heterogeneous services within 5G NR networks, based on publications retrieved from
the IEEE Xplore and Scopus databases between January 2019 and December 2024. Only
peer-reviewed publications written in English were included. The searches were conducted
using customized keyword combinations. Table 1 lists the keywords and the two search
strings employed: “scheduling,” “coexistence,” “eMBB,” “URLLC,” “mMTC,” and “5G” to
identify relevant articles.

Table 1. Keywords and search strings used for consultation.

Keywords Date Cod_String Advanced Query Filter Databases Nº

Scheduling,
Coexistence,

eMBB,
URLLC,
mMTC

and
5G

10 January
2025

String1

(“All Metadata”: Scheduling)
AND (“Abstract”: Coexistence)

AND ((“Document Title”: eMBB)
AND (“Document Title”: URLLC))

OR (“Document Title”: mMTC)
AND (“Abstract”: 5G)

2019–2024 IEEE Xplore 107

String2

ALL (scheduling) AND ABS
(coexistence) AND (TITLE (eMBB)
AND TITLE (URLLC)) OR TITLE

(mmtc) AND ABS (5g) AND
PUBYEAR > 2018 AND

PUBYEAR < 2025

2019–2024 Scopus 33

In the IEEE Xplore database, search string 1 has been applied to the advanced search
interface with a 2019–2024 publication filter, yielding 107 records. For the Scopus database,
the same procedure has been repeated using Search String 2, which has returned 33 records.

The results from both databases have been exported independently in Research Infor-
mation Systems (RIS) format and then imported into Rayyan AI, a web-based platform for
scoping reviews and meta-analyses, to streamline the selection, screening, and organization
of studies. Rayyan has also accelerated the review process and improved consistency in
inclusion and exclusion-related decisions.

A total of 140 records have been imported into Rayyan. After automatic duplicate
detection, 18 records were removed, leaving 122 unique titles and abstracts for screening.
Of these, 72 records have been excluded and 50 have been retained for full-text assessment
based on the inclusion and exclusion criteria described in the next section.

To ensure maximum objectivity and transparency in the selection process, conducted
by a single researcher (who conducted the review), the following procedures have been
adopted: The Rayyan tool has been set to Blind mode, meaning that the reviewer’s decisions
for inclusion or exclusion were recorded without access to information such as the author’s
name, the journal, or the affiliation, thus reducing potential unconscious biases; The
inclusion and exclusion criteria (detailed in Sections 2.1.1 and 2.1.2) have been established
a priori and applied strictly in a binary manner (yes/no) to each record during screening.
After a two-week interval, the researcher re-evaluated a random sample of 10% of the
records (n = 12) to verify the internal consistency of their own decisions (intra-observer
reliability). A 100% agreement was observed in this re-evaluation, indicating a high
consistency in the application of the criteria; The complete workspace of the review in
Rayyan, including the 122 records and their respective classifications and tags, has been
archived. This material is available for audit and verification by any interested party, upon
request to the authors.
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2.1. Inclusion and Exclusion Criteria for the Scoping Review

For study selection, we targeted articles that examined the fundamental and interde-
pendent aspects of 5G NR networks, namely the coexistence of heterogeneous services,
packet scheduling, multiplexing, and resource allocation, and, by implication, optimiza-
tion techniques. Achieving the performance objectives of 5G NR requires treating these
elements not as isolated topics but as mutually dependent components of a unified system,
thereby enabling the efficient, precise, and coordinated management of network resources.

2.1.1. Inclusion Criteria

Studies were eligible for inclusion if they:

• First bullet Explicitly examined packet-traffic scheduling that accounts for the concur-
rent operation of all three 5G NR service categories (eMBB, URLLC, and mMTC) or
any of their pairwise combinations;

• Described concrete scheduling techniques for managing service coexistence, such as
puncturing (i.e., the temporary interruption or preemption of ongoing transmissions),
overlay, network slicing, hybrid schemes, or machine-learning-based approaches;

• Focused on multiplexing mechanisms that merge heterogeneous traffic onto shared
radio resources;

• Proposed algorithms or strategies for flexible and efficient allocation of Resource
Blocks (RBs), transmit power, or time among multiple users and services;

• Optimization of key QoS metrics for different service types, including latency, reliabil-
ity, throughput, and spectral efficiency;

• Analytical models, simulations, and experimental evidence are provided to evaluate
the effectiveness of the proposed scheduling method.

2.1.2. Exclusion Criteria

Studies were excluded if they:

• It does not address at least one of the following core concepts: service coexistence,
traffic scheduling, multiplexing, or resource allocation in 5G or post-5G networks;

• It focuses exclusively on a single service type (eMBB, URLLC, or mMTC), without
considering coexistence or joint scheduling with other services;

• They provided only theoretical discussions or conceptual models, excluding literature
or scoping reviews, without accompanying simulations or experimental validation;

• Targeted higher network layers (e.g., applications and services) without describing
their interactions with radio resource-scheduling mechanisms.

3. Results
After full reading of the articles and application of the predefined criteria, two addi-

tional articles were excluded due to non-compliance, resulting in 48 articles included in this
scoping review. Figure 1 illustrates the flowchart and protocol used to identify and select
the articles. It is worth noting that among the selected articles, two were literature reviews.

Table 2 summarizes 48 articles published between 2019 and 2024. The table comprises
eight columns designed to capture the key data extracted from each study. At a minimum,
all selected articles addressed the challenges of service coexistence, packet scheduling, and
resource allocation in 5G and post-5G networks while considering the distinct requirements
of each service category.
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Table 2. Summary of included articles.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[13] eMBB
and mMTC

Coexistence and
power allocation

Game theory (specifically
Stackelberg-Nash Game

combined with
Mean-Field Theory)

Macro Base Station (MBS)
coverage, Small Base Station

(SBS) density, IoT,
transmission power,

energy budget.

[14] URLLC
and eMBB

Coexistence, scheduling,
multiplexing, and resource

allocation with optimization.

Article proposes URLLC
multiplexing with energy

optimization and
greedy algorithm.

BER, latency, energy
consumption, resource block
size, response time, energy

efficiency, and data rate
for eMBB.

[15] URLLC
and eMBB

Coexistence and resource
allocation (main focus),

packet scheduling
(secondary focus).

The article proposes a
Q-learning-based algorithm

known as Latency-Reliability-
Throughput Improvement in

5G NR using Q-Learning
(LRT-Q).

Latency, reliability,
throughput, and convergence

time of Q-learning-based
algorithms.

[16] URLLC
and eMBB

Coexistence, packet
scheduling, and resource

allocation.

Heuristic algorithm and
unilateral matching game.

Minimum Expected
Achieved Rate (MEAR)

and fairness.

[17] URLLC
and eMBB

Resource allocation (main
focus), traffic scheduling,

and coexistence.

Deep Reinforcement
Learning (DRL) using the

Proximal Policy Optimization
(PPO) algorithm.

Average reward, percentage
of eMBB codewords in

outage, average number of
remaining URLLC packets in

queue, latency, and
comparative performance.

[18] URLLC
and eMBB

Optimization to address
service multiplexing,

ensuring both traffic types
coexist without performance

degradation. Traffic
scheduling and resource

allocation are
directly addressed.

Combines Decomposition-
Relaxation-Optimization

Algorithm (DROA) and Twin
Delayed Deep Deterministic

Policy Gradient (TD3) for
resource allocation and

scheduling of eMBB
and URLLC.

Average data rate of eMBB
users, Service Level

Agreement Satisfaction Ratio
(SSR), fairness index, UAV

energy consumption,
Personalized Performance
Fluctuation (PPF), learning

efficiency of the
proposed algorithm.

[19] URLLC
and eMBB

Formulated a non-convex
optimization problem for 5G

service coexistence,
ensuring QoS.

Proposes: (1) a Hybrid
orthogonal/non-orthogonal
Multiple Access (HMA) and

(2) a two-step algorithm
based on Particle Swarm

Optimization (PSO) to
determine optimal

transmission power values.

Number of supported
URLLC UEs, eMBB UEs data

transmission rate, URLLC
transmission suMachine

Learningccess probability,
and QoS.

[20] eMBB
and mMTC

Addresses eMBB-mMTC
coexistence in 5G, optimizing

resources and reducing
Random Access Channel

(RACH) congestion in mMTC
through NOMA plus PPO.

Proposes a PPO-DRL
solution for eMBB-mMTC

coexistence. Uses
Non-Orthogonal Multiple

Access (NOMA) with
Successive Interference
Cancellation (SIC) to:

(i) manage eMBB-mMTC
overlap, (ii) separate signals,
increasing spectral efficiency.

Data transmission rate,
percentage of eMBB in

outage, convergence process
of the proposed algorithm.
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Table 2. Cont.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[21] URLLC
and eMBB

Studies URLLC-eMBB
co-scheduling using

puncturing in Multiple-Input
Multiple-Output (MIMO)
and NOMA for spectrum

sharing, considering distinct
service requirements.

Applies Gale-Shapley (GS)
theory for user selection and

Successive Convex
Approximation (SCA) for

energy allocation, proposing
a low-complexity iterative

algorithm and puncturing in
MIMO-NOMA for

coexistence scheduling.

Throughput, latency,
reception success rate, user

fairness index, and
computational complexity.

[22]
eMBB,

URLLC,
and mMTC

Addresses the challenge of
heterogeneous traffic

coexistence in smart factories,
focusing on resource

management. Formulates a
max-min optimization

problem integrating task
scheduling, bandwidth
allocation, and robotic
trajectory definition.

Proposes Task Scheduling,
Bandwidth Allocation, and
Robot Trajectory (TSBART),

an algorithm optimizing task
scheduling, bandwidth
allocation, and robotic

trajectory for better resource
management in

heterogeneous traffic.

Average Energy Efficiency
(EE) of mMTC Devices,

Minimum Average Spectrum
Efficiency (SE) of the Robot,

Probability of Satisfying
Instantaneous Rate
Requirements, and

Algorithm
Convergence Behavior.

[23] URLLC
and eMBB

The central problem lies in
efficient resource allocation in
service coexistence scenarios,

aiming to: (i) maximize
eMBB throughput, and

(ii) ensure QoS requirements
for URLLC.

Proposes a hybrid approach
integrating: (i) contract

theory, through an
overlay/puncturing scheme,
and (ii) matching theory to

solve resource allocation
problems in URLLC and

eMBB coexistence scenarios.

Transfer rate, base station
profit, reliability, latency, and

comparison
between schemes.

[24] URLLC
and eMBB

Proposes coordinated 5G
resource allocation for

eMBB-URLLC coexistence,
maximizing eMBB’s MEAR

without affecting
URLLC QoS.

Hybrid approach combining
overlay and NOMA to

improve spectral efficiency,
using puncturing in

mini-slots for urgent URLLC
packets. Matching theory

ensures fair resource
allocation and QoS, while a

low-complexity resource
allocation algorithm
maximizes MEAR.

Average eMBB data rate,
MEAR, and Jain
fairness index.

[25] URLLC
and eMBB

Develops a resource
allocation issue for the

coexistence of eMBB and
URLLC via non-convex

optimization.

Adopts a model based on
Genetic Algorithms (GA),

specifically the Data-Driven
Genetic Algorithm-Based

Spectrum Partition (DDGSP),
to optimize spectrum

allocation between URLLC
and eMBB services.

Throughput, error rate
(evaluates each method’s
ability to ensure URLLC

reliability), and
computational complexity.

[26] URLLC
and eMBB

Formulates a mini-slot
optimization problem to

maximize data rate, QoS, and
eMBB stability and reduce

resource losses caused
by URLLC.

Proposes a dynamic resource
allocation scheme based on

DRL. Implementation uses an
advanced Deep Q-Network
(DQN) algorithm, operating

at the mini-slot level to
optimize spectral efficiency.

Comprehensive Loss
(quantifies the negative
impact of puncturing on
eMBB users), defined to
maximize data rate, QoS

satisfaction, and minimize
eMBB user data
rate instability.
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Table 2. Cont.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[27] URLLC
and eMBB

Addresses the critical
challenge of efficient
allocation of physical

resources (spectrum, power)
between two types of traffic
with opposing requirements:

URLLC and eMBB.

Approach based on DRL,
specifically the Proximal PPO

algorithm, to optimize
resource allocation.

Total Episode Reward,
percentage of eMBB

codewords in outage, latency,
and reliability.

[28] URLLC
and eMBB

Formulates a joint resource
scheduling problem

(frequency and power) for
eMBB and URLLC traffic in

Multi-Connectivity (MC)
scenarios. It is a Mixed

Integer Nonlinear
Programming

(MINLP) problem.

Presents an MC-based
approach, modified effective

capacity model, network
slicing, Traffic Steering (TS),
and two-step optimization.

Throughput, latency, queue
length, resource utilization

efficiency, ratio of associated
UEs to UEs in MC.

[29]
eMBB,

URLLC,
and mMTC

Formulates a dynamic radio
resource allocation problem

for the Mobile Network
Operator (MNO) to multiple

Mobile Virtual Network
Operators (MVNOs),

ensuring coexistence of the
three 5G service categories.

Proposes a multi-tenant
slicing approach for the RAN,

integrating: (i) dynamic
scheduling mechanisms, and

(ii) game theory-based
models. Additionally,

introduces an analytical
model based on
queueing theory.

Throughput, URLLC dwell
time, URLLC queue waiting

time, mMTC blocking
probability, resource

allocation, and resource
utilization per operator.

[30] URLLC
and eMBB

Addresses the challenge of
resource allocation in the
coexistence of eMBB and

URLLC services in 5G
networks, emphasizing

dynamic optimization of
radio resources. Formulates a

MINLP problem classified
as NP-hard.

Puncturing mechanism,
Quality of Experience

(QoE)-aware Utility Function,
iterative algorithm, heuristic
resource allocation algorithm,

and URLLC
puncturing algorithm.

Number of URLLC users and
their impact, average system

utility, eMBB throughput,
latency, and reliability.

[31] URLLC
and eMBB

Addresses the challenge of
coexistence between URLLC

and eMBB services in the
same spectrum. Formulates a
Multi-Objective Optimization

(MOO) problem subject to
QoS constraints.

Proposes a dynamic
multiplexing approach based
on Preemption Indication (PI)

in the uplink and overlay
through improved power

control in the uplink.

URLLC capacity (maximum
packet arrival rate), Resource
Utilization Efficiency, Block
Error Rate (BLER), latency,

and reliability.

[32] URLLC
and eMBB

Addresses the challenge of
coexistence and efficient

traffic scheduling for eMBB
and URLLC service users in
5G NR networks, especially

given URLLC packet
latency requirements.

Greedy algorithm based on
queueing theory.

Throughput, reliability,
latency, distribution of

punched resource blocks
(validates the mechanism’s
effectiveness in minimizing

eMBB impact), URLLC
service outage probability.
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Table 2. Cont.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[33] URLLC
and eMBB

Addresses the challenge of
enabling coexistence of eMBB

and URLLC services in
modern

communication systems.

Proposes an integrated
architecture combining:

(i) Multi-access Edge
Computing (MEC),

(ii) Network Function
Virtualization (NFV),

(iii) dynamic allocation of
virtual resources, and

(iv) Continuous Time Markov
Chain (CTMC).

Availability (system’s ability
to offer the minimum amount
of functional and accessible

virtualized network
functions) and response time

(interval between service
arrival at the

MEC-NFV node).

[34] URLLC
and eMBB

Analyzes the coexistence of
eMBB and URLLC services in
5G-Advanced/6G networks,
formulating a MOO problem

to minimize E2E energy
consumption and resource

allocation costs while
ensuring QoS requirements.

Introduces the Joint Radio
and Core Resource Allocation
(JRCRA) iterative algorithm,
a scheme that coordinates:

(i) spectrum and power
allocation in the RAN, and
(ii) computational resource

management in the Core
Network (CN). The solution

is based on MINLP.

E2E energy consumption,
resource usage cost, E2E

latency, throughput,
comparative performance.

[35] URLLC
and mMTC

Addresses the multi-objective
challenge of simultaneously
optimizing: (i) EE in NB-IoT
systems and (ii) latency in

critical (URLLC) and massive
(mMTC) services.

Proposes four suboptimal
algorithms: (i) heuristic,

(ii) modified Shortest Job
First (SJF), (iii) score-based

algorithm, and
(iv) multidimensional

algorithm.

Energy efficiency, latency,
data rate, number of
repetitions, Signal-to-

Interference-plus-Noise Ratio
(SINR), and

transmission power.

[36] URLLC
and eMBB

Addresses the resource
allocation problem to

multiplex eMBB and URLLC
services in a 5G network. The

problem is formulated as a
non-convex

optimization problem.

Proposes a hybrid puncturing
and overlay scheme based on
DRL. The approach uses the
PPO algorithm to solve the

non-convex
optimization problem.

eMBB data transmission rate,
probability of failed eMBB

codewords, URLLC
reliability, and latency.

[37] URLLC
and eMBB

Analyzes dynamic resource
allocation and service

scheduling in 5G networks,
formulating an NP-hard and

non-convex
optimization problem.

Proposes a hybrid
architecture based on DRL,

with a specific approach
using Deep Double

Q-Learning (DDQN),
integrating Thompson

Sampling and
puncturing techniques.

Throughput, reliability,
latency,

algorithm convergence.

[38]
eMBB,

URLLC,
and mMTC

Addresses the coexistence of
eMBB, URLLC, and mMTC

services in the downlink of a
5G NR network. Formulates

a MINLP problem,
inherently non-convex.

Primarily uses a DRL
approach with the PPO
algorithm to optimize

resource allocation.
Successive Convex

Approximation (SCA) is
employed as the basis for
evaluating the proposed

DRL performance.

Achievable data rate loss for
eMBB, number of Mini

Resource Blocks (mRBs) in
eMBB outage, comparative
performance with reference

algorithms, and
computational complexity.
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Table 2. Cont.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[39] URLLC
and eMBB

Addresses energy-efficient
resource allocation in

heterogeneous cloud Radio
Access Networks (H-CRAN).

Formulates a non-convex
MINLP problem.

Proposes an iterative
algorithm combining integer

relaxation, Big-M
formulation, Dinkelbach

method, auxiliary variable
approximation, SCA, and a
hybrid scheduling scheme

Hybrid OMA/Hybrid
NOMA

(H-OMA/H-NOMA).

Energy efficiency,
throughput,

algorithm convergence.

[40] URLLC
and eMBB

Proposes a convex
optimization model

considering eMBB users’
error correction capacity,
aiming to maximize their
sum rates while ensuring
Physical Resource Block
(PRB) scheduling and

immediate URLLC
traffic handling.

Main method used is a
heuristic joint resource

scheduling scheme for eMBB
and URLLC traffic.

Throughput, eMBB rate gain,
PRB allocation, URLLC

traffic, and impact of URLLC
traffic arrival rate.

[41] URLLC
and eMBB

Aims to minimize eMBB rate
loss caused by overlay and

puncturing to accommodate
URLLC traffic. Formulates a

MINLP problem.

Adopts a low-complexity
resource allocation scheme
for a base station serving

both services (URLLC and
eMBB) in the downlink.

Validates eMBB data rate loss
and URLLC reliability,

temporal complexity, traffic
load, packet size, and
channel conditions.

[42] URLLC
and eMBB

Investigates the coexistence
of eMBB and URLLC services
in 6G networks, formulating

a MINLP problem to
optimize URLLC packet

acceptance while minimizing
eMBB rate impact.

Proposes a bipartite matching
approach, NOMA, overlay or
puncturing techniques, and

the GS algorithm to optimize
resource allocation.

URLLC packet admission
rate (proportion of URLLC
packets admitted compared

to total arriving packets),
eMBB data rate loss, and

URLLC reliability.

[43] URLLC
and eMBB

Explores the coexistence of
eMBB and URLLC services in

5G networks, emphasizing
optimization of flexible and
self-adaptive Transmission

Time Interval (TTI) intervals
for each service.

Proposes the Self-Adaptive
Flexible Transmission Time

Interval Scheduling
(SAFE-TS) strategy, based on

machine learning.

Delay, packet loss rate
(measures URLLC service
reliability), classification

accuracy, throughput.

[44] eMBB
and mMTC

Proposes optimizing resource
allocation for the coexistence
of eMBB and mMTC services

in the same RAN.

Utilizes network slicing and
NOMA techniques to
optimize multi-service
performance in a RAN.

Throughput, maximum
number of connected devices,

reliability, average
channel gains.

[45]
eMBB,

URLLC,
and mMTC

Explores efficient resource
allocation in 5G NR networks
to optimize eMBB, URLLC,
and mMTC performance,
evaluating relationships

between power and service
arrival rates.

Proposes using Rate-Splitting
Multiple Access (RSMA) to
optimize resource allocation

in service coexistence
scenarios in 5G networks.

Throughput, latency,
reliability, maximum number
of connected mMTC devices.
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Table 2. Cont.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[46] URLLC
and eMBB

Addresses resource allocation
optimization in 5G networks

for different traffic types.

Proposes a hybrid NOMA
method combining

Near-Far/Far-Near (NF-FN)
and Near-Near/Far-Far

(NN-FF) user pairing
strategies to optimize
resource allocation in

5G networks.

Spectral efficiency,
throughput, latency, fairness
index, and outage probability.

[47] URLLC
and eMBB

Investigates eMBB and
URLLC coexistence in

5G/B5G networks,
formulating a MOO problem

and converting it into
Single-Objective

Optimization (SOO) using
the Objective Product

Method (OPM).

Proposes preemptive
scheduling with unequal

mini-slots and an Optimized
Sparrow Search Algorithm

(OSSPA) to improve
coexistence between eMBB

and URLLC services in
5G/B5G networks.

Number of supported
URLLC users, eMBB
throughput, resource
utilization efficiency,

user satisfaction.

[48] URLLC
and eMBB

Analyzes URLLC and eMBB
traffic coexistence in 5G NR

networks, proposing an
optimization problem to

balance resource allocation
and minimize session losses

or preemptions.

Explores various resource
allocation approaches and
AI/ML techniques, using a
multidimensional Markov

chain-based queueing model
to define resource needs.

Session drop probability,
session preemption
probability, system
resource utilization.

[49] URLLC
and eMBB

Addresses resource
scheduling for eMBB and

URLLC service coexistence,
proposing efficient spectrum

resource allocation to
minimize eMBB performance

losses and meet URLLC
latency requirements.

Proposes a dual-dimension
scheduling scheme with

puncturing prediction for
URLLC, using the

TD3 algorithm.

Throughput, number of
URLLC puncturing instances,
URLLC resource occupancy

rate, fairness index.

[50] URLLC
and eMBB

Addresses URLLC and eMBB
coexistence in B5G networks,

formulating two
optimization problems to

maximize fairness and
minimize eMBB rate loss due

to URLLC puncturing.

Combines matching theory
with deep learning

techniques, both supervised
and unsupervised, to

optimize resource allocation
in 5G networks.

Fairness,
throughput, reliability.

[5] URLLC
and eMBB

The study analyzes the state
of the art of 5G, with an

emphasis on the coexistence
mechanisms between eMBB

and URLLC traffic.

The study adopts the
PRISMA statement to classify
the reviewed works into five

main categories:
multiplexing, QoS, machine

learning, network slicing,
and C-RAN architecture. The

analysis focuses on the
contributions of each

category to the coexistence of
services in 5G networks.

binary throughput, latency,
and reliability URLLC,

fairness, spectral efficiency,
energy efficiency, QoS.
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Table 2. Cont.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[51] URLLC
and eMBB.

The study investigates the
coexistence of URLLC and

eMBB services in B5G
networks, addressing the

challenge of maximizing the
sum rate of URLLC users

while managing interference
with eMBB services.

The research compares
RSMA with Orthogonal

Multiple Access (OMA) and
NOMA in network slicing
scenarios for URLLC and
eMBB, highlighting the
efficiency of RSMA in

resource management and
meeting QoS requirements.

Sum rate of URLLC and
eMBB, reliability, latency

[8] URLLC
and eMBB.

The study focuses on the
efficient allocation of

resources in coexistence
scenarios between eMBB and

URLLC in 5G networks,
proposing low-complexity

solutions for NP-hard
max-min problems.

The e-GREEDY algorithm is
proposed, a low-complexity

greedy approach.

Minimum Data Rate and
Fairness Index

[52] URLLC
and eMBB.

This investigation analyzes
the simultaneous operation

of eMBB and URLLC in
cellular networks, proposing

a joint and stochastic
optimization problem to

ensure QoS requirements.

The authors propose a Block
Coordinate Descent (BCD)

algorithm and introduce the
Dynamic Resource Allocation

and Puncturing
Strategy (DRAPS).

Average queue backlog of
eMBB terminals, number,

number of allocated RBs, and
the probability of packet

transmission of
URLLC terminals.

[53] URLLC
and eMBB.

The study examines the
coexistence of eMBB and

URLLC in the MEC scenario.
An MINLP optimization
problem is formulated.

The research adopts a
decomposition approach to
the optimization problem
into convex subproblems,
followed by an iterative

method to obtain an
approximately

optimal solution.

Although the authors
consider data rate, delay, and

reliability in the study, the
simulation results indicate
energy consumption as the
only primary KPI used to
validate the proposal and

compare the proposed
method with

traditional approaches.

[54] URLLC
and eMBB.

The study addresses the
complexity of joint resource

scheduling for eMBB and
URLLC, formulating the

MINLP problem.

The study proposes a
resource allocation strategy
that considers the risks of

violating URLLC delay
specifications, applying the

Conditional
Value-at-Risk (CVaR).

Fairness, binary debt,
algorithm convergence,

and latency.

[55] URLLC
and eMBB.

The research focuses on the
efficient multiplexing of

eMBB and URLLC traffic,
using grant-free allocation in

the uplink of 5G
NR networks.

The study involved detailed
simulations to evaluate the
impact of different power

control configurations,
applied to users of eMBB and

URLLC trends.

The probability of URLLC
failure assesses the

dependability and latency of
the URLLC service, while the

5th and 50th percentiles of
the eMBB SINR gauge the

effect on eMBB
service capacity.
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Table 2. Cont.

Ref. Type of
Service Problem Formulation Methods/Approaches KPIs

[56] mMTC
and URLLC.

The study addresses the
difficulty of simultaneously

supporting the stringent
URLLC requirements in
critical mMTC scenarios,

considering the limited radio
resources in future wireless

networks beyond 5G.

The study reviews
technologies for mMTC and
URLLC, identifies challenges

arising from conflicting
requirements, and explores

potential solutions for critical
mMTC across various layers

of the network.

The article does not present a
proposal with results

validated by KPIs, but
highlights relevant KPIs for

mMTC (massive link density,
maximum coupling loss, and
battery life) and for URLLC

(BLER and
latency) separately.

[57] URLLC
and eMBB.

The study addresses the
coexistence of eMBB and

URLLC in 5G networks. An
NP-hard optimization

problem is formulated due to
its MINLP nature.

The study proposes a hybrid
solution that combines a

heuristic algorithm with an
approach based on Graph
Neural Networks (GNNs).

Fairness, binary throughput,
Packet Loss Ratio (PLR).

[58] URLLC
and eMBB.

The study addresses the
challenge of ensuring that the
stringent URLLC standards
are met while the services of
this trend coexist with eMBB

traffic in the
unlicensed spectrum.

The study proposes an
opportunistic preemptive
approach and explores the

calibration of maximum sizes
of contention windows for

URLLC and eMBB.

Reliability of URLLC, latency
of URLLC, and transmission

rate of eMBB.

3.1. Co-Occurrence Network of Keywords

Figure 2 shows the keyword co-occurrence network generated in VOSviewer version
1.6.20 with a minimum threshold of six occurrences. The diagram reveals the conceptual
structure of the most frequent topics in the corpus, identifies current research trends, and
highlights the relationships among the principal themes addressed in the literature. The
network comprises three clusters, each depicted in a distinct color (red, green, and blue).

Figure 2. Co-occurrence network of keywords.
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Red cluster (eight items): The hub term is resource management, and the associated
keywords include 5G, 5G mobile communication, scheduling, wireless communication,
delays, reliability, and throughput. This cluster emphasizes efficient resource manage-
ment and the challenges in ensuring the high reliability and performance of 5G wireless
networks. Scheduling and wireless communication denote resource allocation strategies
and connectivity maintenance, respectively, whereas delays, reliability, and throughput
represent critical performance metrics.

Green cluster (six items): Anchored by URLLC, eMBB, and QoS, this cluster addresses
QoS optimization through algorithmic techniques. Supporting terms such as heuristic algo-
rithms and multiplexing refer to methods employed to satisfy QoS requirements, whereas
simulation indicates the validation tools used to evaluate performance improvements.

Blue cluster (five items): This cluster highlights strategies for efficient resource distri-
bution in mobile networks to enable latency-sensitive applications. Related terms include
coexistence, mobile broadband, and 5G mobile communication systems, underscoring the
need to balance diverse traffic types within the shared radio resources.

The keyword co-occurrence network underscores the interrelated nature of these
challenges and indicates that current research emphasizes intelligent resource-management
solutions, advanced allocation algorithms, and QoS-optimization strategies.

3.2. Most Cited and Viewed Articles

It is important to emphasize that the initial selection of articles for inclusion in this scop-
ing review was conducted strictly according to the predefined thematic criteria (Section 2.1),
entirely independent of any impact metrics. Consequently, Table 3 does not represent the
inclusion criteria; instead, it offers an additional interpretative layer applied to the already
curated corpus.

Table 3. Most Cited and Viewed Articles.

No. Ref. Citations Views

1 [56] 129 7064

2 [43] 57 4527

3 [24] 42 2351

4 [15] 41 1875

5 [45] 38 1697

6 [16] 37 -

7 [23] 35 1748

8 [28] 31 1581

9 [52] 27 1872

10 [54] 27 1489

11 [51] 23 2194

12 [41] 21 1800

13 [31] 19 1117

14 [21] 18 1394

15 [55] 17 950
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Table 3. Cont.

No. Ref. Citations Views

16 [44] 16 873

17 [27] 15 790

18 [5] 14 38

19 [37] 11 1864

20 [35] 9 1680

The articles are ordered according to a hybrid metric that combines citation counts
and views, which serve in this context as proxy indicators of consolidated academic
impact and current attention from the research community, respectively. This approach
supports the identification of both foundational works and emerging trends within the
thematic domain under analysis. The listed studies address packet scheduling, spectrum
allocation, AI-driven resource optimization, network slicing, and the coexistence of multiple
service categories.

4. Discussion
4.1. Annual Distribution of Published Articles

The annual distribution of the identified articles, presented in Figure 3, reveals a
steady increase in the volume of publications on service coexistence in 5G NR networks,
with pronounced peaks in 2021 and 2024. This pattern is consistent with the progressive
maturation of the research field in response to practical deployment challenges. The initial
peak in 2021 coincides with the early stages of commercial 5G rollout, while the more
significant peak in 2024 can be understood in the context of the growing maturity of
critical applications that rely on the robust coexistence of heterogeneous services. The
reviewed literature [22,29,35] consistently reports that the expansion of domains such as
Industry 4.0 (featuring autonomous production lines and collaborative robotics), advances
in telehealth (such as remote surgery and continuous patient monitoring), and the large-
scale deployment of sensors for smart cities have intensified the demand for academic
solutions to the scheduling and resource allocation problems discussed in this review.

 

Figure 3. Annual distribution of identified scientific articles.

Regarding the distribution of the investigated service combinations (Figure 4), the clear
predominance of studies focused on eMBB–URLLC coexistence (81.25%) relative to scenar-
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ios involving mMTC (only 18.75%) reflects the technical challenges inherent to each pairing.
The scarcity of works that integrate mMTC, particularly in combination with URLLC,
is technically justifiable. As detailed by [56] and corroborated by the complexity of the
optimization problems formulated in the included studies addressing this coexistence [35],
reconciling the high device density and energy efficiency (fundamental to mMTC) with the
ultra-low latency and extreme reliability requirements (essential to URLLC) constitutes a
well-recognized challenge, often modeled as NP-hard and multi-objective.

 

Figure 4. Main combinations between 5G services.

This intrinsic complexity, in contrast to the more established trade-offs between data
rate and latency in the eMBB–URLLC pairing, has tended to direct initial research ef-
forts toward more tractable problems, which helps explain the distribution observed in
the literature.

4.2. Main Combinations Between 5G Services

Figure 4 shows the distribution of studies addressing various coexistence scenarios
among the three primary service types in the 5G and 6G networks. Each analyzed combi-
nation reflected a distinct research focus. Notably, the coexistence of eMBB and URLLC has
received the most attention from researchers and has demonstrated significant growth.

This trend suggests a high demand for service configurations that simultaneously
require a high data throughput and strict reliability, or latency guarantees. The in-
creased research interest can be attributed to emerging applications such as remote
surgery involving real-time video transmission, which demands both ultra-reliable and
high-bandwidth communications.

Research on URLLC–mMTC and eMBB–mMTC coexistence scenarios has expanded
more slowly, suggesting that practical deployment is still at an early stage. eMBB–mMTC
pairing appears to be less critical, perhaps because its requirements—high data-rate
throughput versus massive device connectivity—are not inherently antagonistic. In con-
trast, the coexistence of URLLC and mMTC remains sparse, largely because of the difficulty
in reconciling ultralow latency with a high node density.

The simultaneous coexistence of all three service categories (eMBB, URLLC, and
mMTC) has received little attention, although interest has been increasing at a moderate
pace. This tri-service scenario is the most demanding: eMBB requires substantial band-
width; URLLC mandates absolute priority and reliability; and mMTC requires energy
efficiency and scalability. Such a comprehensive coexistence is expected to become critical
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in the forthcoming 6G systems, which must support all service classes concurrently in
environments such as smart cities, intelligent buildings, and fully automated factories.

In summary, Figure 4 shows that most studies (approximately 81.25%) focus on situa-
tions where eMBB and URLLC occur simultaneously, whereas fewer studies (approximately
18.75%) look at mMTC scenarios. These quantitative results obtained from the analysis of
the studies indicate that there is a need for immediate research on combinations involving
mMTC, including triples (eMBB + URLLC + mMTC).

4.3. Main Methods Used

Figure 5 presents the primary methods employed to address challenges related to
service coexistence, packet scheduling, and resource allocation in 5G networks. The se-
lection criteria required each method to appear in at least three of the reviewed sources,
thereby ensuring that only the most frequently cited and relevant approaches in the recent
literature were included.

 

Figure 5. Main methods used.

The predominant approach is based on Artificial Intelligence (AI) techniques, specifi-
cally Reinforcement Learning, which confirms the current trend of applying AI to handle
dynamic environments and to solve complex and uncertain problems in 5G and future
networks. The use of hybrid schemes, combining classical and advanced methods, such as
heuristic techniques and iterative approaches, remains common owing to their computa-
tional efficiency and ease of implementation.

On the other hand, techniques such as service overlapping, NOMA, and network
slicing highlight the relevance of structural strategies that enable the coexistence of multiple
services using the same physical resources with minimal interference.

Therefore, the graph shows that the solution for service coexistence in 5G and subse-
quent networks is strongly directed toward the integration of Artificial Intelligence and
dynamic multiplexing, complemented by traditional heuristic techniques and structural
approaches. Next, we describe these methods in detail.
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4.3.1. Puncturing

Puncturing is a fundamental technique proposed by 3GPP to enable the coexistence
of different types of services within the same radio spectrum [21,31]. This technique is
used to optimize resource allocation and improve spectral efficiency in scenarios with
heterogeneous traffic. It allows the simultaneous transmission of different types of data by
dynamically adjusting network resources to meet the specific requirements of each service.

Frequently referred to in the literature as an effective solution for the coexistence of
eMBB and URLLC services, this technique is based on the temporary interruption of eMBB
traffic transmission on certain network resources (such as mini-slots within a full slot) to
accommodate the immediate transmission of URLLC traffic [23,50,59]. The latter presents
stricter requirements, namely, ultralow latency and high reliability, in addition to a sporadic
and unpredictable nature.

Puncturing is considered an effective approach to increase spectral efficiency, allowing
URLLC traffic to use resources previously allocated to eMBB, ensuring its immediate
scheduling. However, this technique inevitably compromises the performance of eMBB.

The challenges associated with preemption consist of simultaneously balancing latency,
reliability, and spectral efficiency, while managing the inherent complexity of dynamic
resource allocation. Among the main challenges are:

• Conflicts of requirements between different types of service (trade-off) [2,21,60,61];
• Allocation of resources across multiple time scales [27];
• Reduction in transmission rate and reliability of eMBB services, resulting from inter-

ruptions or preemption by URLLC traffic [2,21,60];
• High computational complexity associated with the management and scheduling

process [2,30].

To address the balance between strictly meeting URLLC requirements and mitigating
the degradation of eMBB QoS caused by puncturing, several studies have focused on
optimizing puncturing schemes that balance the performance of both services [8,16,30,52].

Among the proposed approaches, DRL is used for dynamic resource slicing decisions
with puncturing [26,27,37]; game theory-based algorithms (matching theory) for efficient
resource allocation and service matching in puncturing scenarios [50]; and the development
of analytical models that quantify and mitigate the eMBB rate loss caused by the preemption
of URLLC traffic.

Some proposals have also explored the combination of puncturing with signal super-
position techniques (superposition coding) to mitigate the negative impacts on the eMBB
performance [23,42]. The granularity of puncturing (for example, at the mini-slot level) and
the dynamics of URLLC traffic arrival thus prove to be determining factors in the design of
efficient schemes and should be carefully considered in the modeling and implementation
of realistic and effective solutions [40]. Strategic solutions in artificial intelligence and
optimization algorithms present innovative advancements.

4.3.2. Superposition

The Superposition technique represents a fundamental approach to solving coexistence
challenges by allowing URLLC traffic to be overlaid on eMBB traffic in mini-temporal
windows, reducing URLLC latency without significantly compromising eMBB data rates.

This technique includes efficient resource allocation with the aim of ensuring that both
services meet their respective QoS requirements as well as dynamic scheduling, which
guarantees that URLLC traffic is processed proactively and reactively, achieving an ideal
balance between low latency and high reliability.

Its importance lies in its ability to allow different types of traffic to share the same
radio resources in a non-orthogonal manner with the aim of improving spectral efficiency
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and accommodating various QoS requirements. Superposition allows signals from multiple
services to be transmitted simultaneously at the same frequency and time. The potential
to increase spectral efficiency compared with orthogonal allocation approaches, in which
resources are exclusively divided among services, constitutes one of the main advantages
of this technique. By allowing an overlap, it is possible to support more users and services
with the same available spectrum.

This technique can be implemented in different ways:

• Superposition in the power domain occurs when signals are combined with different
power levels according to the QoS requirements of users;

• Superposition in the time domain occurs when different time intervals or subframes
are allocated to eMBB and URLLC, ensuring coexistence without direct interference.

Despite allowing the simultaneous transmission of signals from various services
over the same frequency and temporal resources, the overlay technique continues to face
significant challenges, including the efficient allocation of resources, the assurance of
conflicting QoS requirements, and high computational complexity.

For successful implementation, it is essential to rigorously manage interference, carry
out efficient energy distribution, and develop precise models that ensure compliance with
QoS requirements for both services.

The solutions proposed in areas such as game theory, reinforcement learning, and
hybrid multiplexing schemes have contributed to overcoming the obstacles associated
with the superposition technique, thereby revealing its potential in future communica-
tion networks. The main challenges associated with superposition in 5G networks and
beyond are:

• Conflicting QoS [2,24,36];
• Interference between services [2,24,25,36,62];
• Non-convex resource allocation [2,36,38];
• Computational complexity [62,63].

4.3.3. Heuristic Algorithm

A heuristic algorithm represents a pragmatic method for addressing clearly defined
mathematical challenges through intuitive reasoning, examining the inherent framework of
the problem to deduce a satisfactory solution, although not always the ideal or most precise
one [64,65]. These algorithms are distinguished by their rapidity, efficacy, and flexibility
and serve a pivotal function in addressing intricate challenges. Their significance arises
from their capacity to provide efficient solutions with minimal computational complexity
for issues that would otherwise be insurmountable, owing to their NP-hard characteristics
and real-time limitations intrinsic to wireless networks [16,30,57].

In the reviewed literature, their practicality is evidenced for specific coexistence chal-
lenges. For instance, the authors in [16] employed a matching theory-based heuristic to
efficiently associate eMBB users with URLLC requirements, significantly improving the
MEAR and fairness. Similarly, the authors in [8] developed a low-complexity greedy
heuristic (e-GREEDY) for real-time eMBB-URLLC scheduling, achieving performance close
to an optimal solver.

However, although heuristic algorithms are indispensable for making the complex
coexistence problems in 5G solvable in real time, they present inherent challenges, such as:

• Renunciation of global optimality in favor of speed and efficiency [14,16,57];
• Increased complexity and computational cost in more robust variants (e.g., meta-

heuristics) [25,26];
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• Difficulty in ensuring strict QoS requirements under high loads or in heterogeneous
scenarios [25,47];

• Performance trade-offs across multiple metrics [5].

4.3.4. Network Slicing

Network slicing consists of the practice of dividing a physical network into several iso-
lated logical networks called slices, which can be customized according to different service
requirements [66]. This approach is enabled by advances in NFV and Software-Defined
Networking (SDN), which decouple hardware from software functions and allow dynamic,
programmable resource management.

This technology is paramount for mitigating the challenges associated with coexistence,
resource distribution, and service orchestration within 5G networks. It facilitates the
provision of a wide array of services while guaranteeing service isolation, preserving QoS,
and enabling adaptable and effective resource allocation. For example, the authors of [29]
proposed a multi-tenant slicing approach for the RAN, integrating dynamic scheduling
mechanisms, models based on game theory and queue theory, to significantly improve
QoS parameters, ensure effective isolation between different MVNOs, and ensure user
satisfaction across all network slices. Similarly, the authors [45] integrated RSMA within
network slices to optimize resource allocation for heterogeneous traffic, achieving superior
spectral efficiency compared to OMA and NOMA.

However, despite its benefits, the effective implementation of network slicing encoun-
ters numerous challenges, including:

• Intricacies of managing and orchestrating multiple slices [5];
• Inter-slice interference [5,29];
• Security and isolation [66];
• Resource allocation efficiency [29,44].

Consequently, continuous scholarly inquiry into areas such as AI-driven slicing al-
gorithms, standardized interfaces for RAN slicing, and lightweight security protocols to
address these challenges and fully realize the potential of network slicing in 5G and beyond.

4.3.5. NOMA

NOMA is an innovative radio access technology designed for 5G networks and future
generations of mobile communication. Unlike conventional Orthogonal Multiple Access
(OMA) techniques, NOMA allows multiple users to share the same resource block at
different power levels, thereby increasing the spectral efficiency of the system [44,46,67].

This technology is notable for its substantial enhancements in spectral efficiency,
connectivity, equity, support for heterogeneous service coexistence, resource allocation
flexibility, and integration with other advanced technologies such as MIMO, network slicing,
beamforming, puncturing, and superposition. For example, the authors in [20] combine
NOMA with SIC to resolve the overlap between eMBB and mMTC, therefore separating
the signals to improve spectral efficiency. A hybrid technique is presented in [24] that
combines superposition and NOMA to improve spectral efficiency, yielding a better MEAR
compared to methods based on contract theory and puncturing. The authors in [46] use
network slicing and NOMA techniques to improve the performance of diverse services in a
RAN. The authors of [42] propose a methodology using bipartite matching theory, NOMA,
overlay or puncturing techniques, and the GS algorithm to improve resource allocation.

Despite its benefits, NOMA implementation presents several challenges, as discussed
in [46,68–70]:

• Complexity in the receiver due to the need for techniques such as SIC;
• Intercell interference;
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• Sensitivity to channel conditions;
• Power distribution.

Consequently, contemporary research underscores the advancement of robust SIC
designs, AI-enhanced power distribution, and the integration of alternative techniques such
as beamforming to tackle these challenges and optimize NOMA’s potential as an essential
technology for the coexistence of diverse services in 5G and future communication systems.

4.3.6. Matching Theory

Matching theory provides a mathematical framework for establishing efficient and sta-
ble associations between two sets of entities (e.g., users–resources, services–channels) within
5G/6G networks, optimizing resource utilization and overall network efficiency under
specific constraints [2]. This approach applies to scenarios such as cache peering, Device-to-
Device (D2D) communication, spectrum sharing, and service-to-resource mapping.

In service coexistence, matching theory is applied to design fairness-aware allocation
strategies. For example, the authors [24] proposed a matching theory-based algorithm
to coordinate eMBB–URLLC resource allocation, maximizing MEAR while guaranteeing
URLLC latency and reliability. Similarly, the authors [16] applied a one-to-many matching
game to associate eMBB users with URLLC requirements, significantly improving the
MEAR and fairness. Some approaches integrate matching theory with other techniques,
such as puncturing [50], to further enhance spectral efficiency.

Although matching theory offers powerful tools for modeling and solving complex
coexistence and resource management challenges in 5G networks, its practical application
requires overcoming significant obstacles. Their main challenges are:

• Model complexity [2];
• Computational overhead [24];
• Dynamic adaptability under real-time network conditions [50];
• Integration with legacy systems: as highlighted in studies that emphasize low-

complexity deployment and spectrum sharing in hybrid 4G/5G environments, the
combination of strategies based on matching with existing infrastructure (e.g., LTE-A
Pro) may require a protocol redesign and backward-compatible solutions [5,50,56].

Thus, further research in this area is necessary to develop more sophisticated
and adaptable matching approaches that can be implemented efficiently in future
wireless networks.

4.3.7. Iterative Algorithm

An iterative algorithm is a problem-solving method that employs a repetitive process,
in which a sequence of steps or operations is executed multiple times until a stopping
condition is met. During each iteration, the algorithm updates or refines a partial solution,
seeking to progress toward a final or optimized solution to the problem.

In 5G NR networks, these algorithms play a significant role in solving complex prob-
lems classified as NP-hard or formulated as MINLP, which are difficult to solve optimally
in polynomial time, particularly in large-scale and real-time network scenarios [21,38,41].

In the context of coexistence, iterative algorithms provide a practical means of ob-
taining suboptimal solutions or local optima while maintaining controlled computational
complexity [5]. For example, the authors in [39] proposed an iterative algorithm to address
a non-convex optimization problem in H-CRAN networks, combining auxiliary variables,
Successive Convex Approximation (SCA), integer variable relaxation, Big-M formulation,
and the Dinkelbach method. A hybrid scheduling scheme (H-OMA/H-NOMA) was also
employed to balance energy efficiency and throughput. In [21], an iterative algorithm based
on Difference Convex (DC) programming and SCA was applied to solve a non-convex



Smart Cities 2025, 8, 168 22 of 38

optimization problem. Both methods were used jointly to adjust power allocation and
ensure convergence to a viable and efficient solution. Similarly, Wang et al. [30] employed
an iterative decoupling optimization algorithm combined with a heuristic approach to
manage the coexistence of eMBB and URLLC traffic, maximizing system utility while meet-
ing latency and reliability requirements. This strategy alternated between optimizing one
variable (resource allocation) and another (puncturing URLLC) until reaching an acceptable
equilibrium solution.

Despite their relevance in dealing with complex problems and the variability of
network conditions, iterative algorithms present inherent challenges and limitations, as
discussed in [21,30,39]. Among these, the following stand out:

• Convergence and stability;
• Computational complexity;
• Sensitivity to initial parameters;
• Scalability;
• Generalization and adaptation in highly dynamic environments.

Thus, while iterative algorithms remain a vital tool for theoretical analysis and as a
performance benchmark, their practical deployment often necessitates hybridization with
AI-based methods to achieve both efficiency and optimality in 5G and beyond networks.

4.3.8. Proximal Policy Optimization

PPO is a DRL algorithm that has proven to be a powerful technique for solving
complex problems related to coexistence, resource allocation, and service scheduling in
5G/6G networks [17,20,27].

It is a versatile method that can be used in various contexts, such as in MEC, to optimize
task offloading and resource allocation and reduce consumption time [71]. In the context of
heterogeneous networks, this method can ensure a dynamic and balanced distribution of
resources between central and peripheral users, improving network coverage and spectral
efficiency and ensuring the satisfaction of QoS requirements [27,72].

The reviewed literature demonstrates the effectiveness of PPO in various scenarios.
For example, the authors in [20] combine PPO and NOMA to optimize resources and
reduce RACH congestion in mMTC. This approach minimizes interruptions in eMBB while
accommodating URLLC devices, using dynamic scheduling to improve throughput and
analyze overlap in congested scenarios. In [27], the method is applied to optimize resources,
demonstrating superior performance compared to other traffic scheduling approaches,
especially in minimizing outages without compromising QoS, and ensuring efficiency in
terms of computational complexity. In [36], it is used in resource allocation to multiplex
eMBB and URLLC services in a 5G network, aiming to minimize data loss for eMBB users
due to coexistence with URLLC users. Similarly, in [38], it is also applied to optimize
resource allocation, concluding that PPO is an efficient solution for multiplexing eMBB,
URLLC, and mMTC traffic, ensuring balance among them.

Despite its advantages, the application of PPO in 5G faces challenges, as discussed
in [20,27,38]. Among these, the following stand out:

• Difficulty training in complex environments;
• Dependence on an adequate reward function;
• Computational overload;
• Generalization and stability in highly dynamic environments.

Thus, PPO is a powerful and versatile tool for intelligent network management. Its
reinforcement-learning-based structure allows for the continuous improvement of alloca-
tion strategies, consolidating it as a promising solution for intelligent resource management
in next-generation wireless networks.
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4.3.9. DRL

Deep Reinforcement Learning (DRL) plays a central role in addressing the challenges
associated with coexistence, resource allocation, and service scheduling in 5G/6G net-
works. Its relevance stems from its ability to handle heterogeneity, optimize multiple
QoS parameters, perform dynamic adaptation, and outperform conventional optimization
methods [73,74].

The reviewed literature showcases DRL’s success through specific algorithms. For
example, the authors in [26] use DQN in a dynamic slicing scheme for resource allocation,
operating at the mini-slot level, to reduce resource losses caused by URLLC and maxi-
mize data rate, QoS, and eMBB stability. In [37], DDQN is integrated with the Thompson
Sampling and puncturing techniques to solve service coexistence problems, providing
significant improvements in terms of performance and efficiency in resource allocation in
next-generation mobile networks. Other DRL implementations, such as PPO, have already
been presented in Section 4.3.8. Therefore, in addition to the selected literature, in [75], a
DRL agent was implemented for Medium Access Control (MAC) layer scheduling, demon-
strating its agnosticism to numerology and its consistent outperformance of conventional
methods across key indicators.

However, despite providing adaptive and efficient solutions for optimizing resource
utilization in complex and dynamic environments, DRL still faces significant challenges.
Besides those listed in Section 4.3.8, we can list two more: slow convergence and overesti-
mation of Q values. In this context, future research should focus on improving intelligent
optimization mechanisms, developing advanced network slicing techniques, and enhanc-
ing integration with emerging technologies to increase overall efficiency and adaptability
in next-generation networks.

4.4. Key Performance Indicators Used for Validation of Results

Key Performance Indicators (KPIs) are essential for evaluating the efficiency and QoS
provided, enabling network operators to monitor performance in real time and adjust
their systems as needed. Figure 6 presents the main KPIs used to validate the results
from at least three selected sources in this scoping review. These indicators include the
following metrics:

• Throughput;
• Latency;
• Reliability;
• Fairness (Jain Index);
• Energy Efficiency (EE);
• Block Error Rate (BLER);
• Spectral Efficiency (SE).

According to the analyzed data, throughput and the combination of latency/reliability
emerged as the most recurring and prioritized indicators—an expected result given that
these KPIs are the most critical and potentially conflicting in-service coexistence scenarios.

The emphasis on throughput highlights the importance of maximizing data trans-
mission rates as a central objective in 5G networks, particularly for eMBB-type services.
However, the focus on latency and reliability reflects the critical need to ensure ultrafast
and highly reliable communications, a fundamental requirement for URLLC services.

Fairness ensures equitable resource distribution among competing users or services
in heterogeneous environments. Meanwhile, EE reveals a growing concern for network
energy consumption, especially in the face of massive connectivity demands (mMTC) and
environmental sustainability imperatives.
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The relatively less frequent presence of BLER and spectral efficiency suggests that
these metrics, although technically relevant, assume less centrality in studies that aim
to ensure efficient coexistence among multiple heterogeneous services. In the following
section, we provide a detailed analysis of each KPI.

 

Figure 6. Main considered KPIs.

4.4.1. Throughput

Throughput is frequently considered to evaluate the performance of eMBB trans-
missions. This KPI appears under various designations in the analyzed sources, such
as data rate [18,23,46], sum rate [36,37,46,51], achievable rate [45], and transmission
rate [23,25,28,29,76].

It is a critical indicator in 5G networks, as it quantifies the efficiency of data transmis-
sion between devices and the network by measuring the number of successfully transmitted
bits per unit of time. High throughput is essential for meeting the performance require-
ments of various applications and services enabled by 5G networks.

Its importance is evidenced by key factors, such as support for high data rates for
demanding applications, such as high-definition video streaming, virtual reality, and
augmented reality, as well as its relationship with complementary metrics, such as latency,
spectral efficiency, QoS, and overall network performance evaluation.

In summary, throughput is a determining KPI in 5G networks, directly influencing
the user experience in high-bandwidth applications, compliance with URLLC latency
requirements, and degree of spectral efficiency. Thus, it plays a vital role in assessing and
optimizing the network performance in multiple traffic scenarios.

4.4.2. Latency

Latency is a particularly relevant KPI in the context of URLLC services because of their
stringent real-time communication requirements. This KPI is used both in the evaluation of
scheduling methodologies [35,46] and in the analysis of essential performance attributes
associated with URLLC services [29].
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This is an extremely important parameter in 5G networks, corresponding to the
time required for a data packet to be transmitted from the source to the destination, and
essentially reflects the response time of the system.

Latency significantly influences the user experience and the feasibility of various
applications and services. Its importance is particularly evident in meeting real-time
demands imposed by critical applications.

In this context, the ability to ensure low-latency communication constitutes a funda-
mental pillar of 5G networks, enabling a wide range of new services and use cases with
high reliability and performance requirements.

4.4.3. Reliability

Reliability is fundamental for URLLC services and is used to define QoS require-
ments [36], evaluate the performance of different multiplexing and resource allocation
schemes [52], and compare algorithms [57].

This KPI is frequently expressed in the literature as the probability of successful and
error-free data transmission [37,59] over a time interval or within a limited number of
attempts. Essentially, it measures the consistency and assurance that the data sent will
reach its destination within established QoS requirements.

Achieving the desired levels of reliability is crucial for the viability and success of
many emerging use cases in 5G networks, particularly in critical scenarios in which data
loss is not acceptable.

4.4.4. Fairness

Fairness, whose KPI is the Jain fairness index, is essential in resource management in
5G networks, seeking a balance between meeting the requirements of all types of traffic and
maximizing spectral efficiency [8,24]. This ensures that no group of users is significantly
disadvantaged in terms of data rate or other performance parameters [15,46]. Without this
metric, critical services can monopolize network resources, severely compromising the
performance of other services [19].

Thus, it is a highly relevant indicator in the context of the coexistence of different
types of traffic, ensuring the equitable distribution of network resources, and maintaining
acceptable service levels for all users or service classes. This prevents excessive degradation
of the performance of certain flows in favor of others, promoting the balanced and efficient
management of available resources.

4.4.5. Energy Efficiency

EE is a crucial KPI in the context of 5G mobile networks, particularly in IoT systems
and wireless network optimization. This metric aims to provide a holistic view of the
performance of solutions proposed in the literature, going beyond metrics focused exclu-
sively on transmission rate or latency. EE validates whether the improvements achieved
are sustainable from an energy perspective and whether the proposed solutions are feasible
for implementation in real 5G networks [5,35,39].

Thus, approaches that demonstrate good energy efficiency while satisfying other QoS
requirements offer a more robust and relevant validation of the strategies presented.

4.4.6. Block Error Rate

BLER is a KPI directly associated with the reliability of data transmission and is of
utmost importance in 5G communication networks because it represents the proportion of
data blocks transmitted with errors that require retransmission. Therefore, it is essential that
BLER remains low to ensure excellent QoS, as it is a direct metric that quantifies reliability at
the connection level. BLER is essential in critical applications such as industrial automation,
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autonomous vehicles, and telemedicine, which require an extremely low probability of
packet loss and can be used as an indicator of channel quality [15,52]. Although reliability is
paramount for critical services, it also affects the transmission rates of all services [18,24,53].

Thus, BLER constitutes a crucial KPI in 5G networks, evaluating the reliability of the
physical layer, and having a direct impact on the QoS experienced by users across various
types of traffic. Supervision and regulation are vital for meeting reliability standards,
maximizing resource utilization, and facilitating the effective integration of diverse traffic
in 5G networks [35,48,76].

4.4.7. Spectral Efficiency

Spectral efficiency constitutes a crucial key performance indicator (KPI) in 5G net-
works, considering the constraints of the radio frequency spectrum and the need to ac-
commodate the growing demand for data, along with a diverse range of services with
distinct requirements.

Its importance is evidenced by various essential factors, including the optimization of
spectrum utilization, increase in network capacity, facilitation of service coexistence, evalua-
tion and comparison of resource allocation strategies, analysis of the impacts of network pa-
rameters, and weighing of gains and potential trade-offs against other KPIs [18,19,46,48,52].

Spectral efficiency is fundamental for evaluating the performance and sustainability
of 5G networks, because it demonstrates the effectiveness with which limited spectral
resources provide high-quality services to multiple users. Improving this KPI is essential
to ensure the capacity, scalability, and economic viability of the networks. Consequently,
research demonstrating high spectral efficiency combined with compliance with various
QoS requirements provides greater robustness and relevance to the proposed solutions.

4.4.8. Effectiveness of the Techniques Presented in Section 4.3 in Relation to the KPIs

The effectiveness of the techniques presented in Section 4.3 in relation to the KPIs
presented in this section is evaluated not only by their success in meeting the characteristics
of conflicting KPIs of heterogeneous services but also by the trade-offs resulting from the
underlying interaction. Table 4 summarizes this relationship. It is based on the evidence
reported in the analyzed articles. The most impacted KPIs, the main trade-offs observed,
and the reported limitations are discussed.

Table 4. Relationship between Scheduling/Allocation Techniques, Impacted KPIs, Trade-offs, and
Key Limitations.

Methods Most Impacted KPIs Main Trade-Offs Key Limitations

Puncturing
Latency and reliability

(URLLC),
throughput (eMBB)

Absolute priority to URLLC
(low latency and high

reliability) versus guaranted
degradation of

eMBB throughput.

High complexity of dynamic
management; dependence on

precise Channel State
Information (CSI) for
optimized decisions.

Superposition Throughput, spectral
efficiency, latency, reliability

It increases spectral efficiency
and helps contain URLLC
latency. However, it raises
interference and decoding

complexity. It can cause
reliability degradation without

proper power control.

Requires very precise power
control and complex receivers

(SIC); it is sensitive to CSI.
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Table 4. Cont.

Methods Most Impacted KPIs Main Trade-Offs Key Limitations

Heuristic
Algorithm Fairness, throughput, latency

Speed and low computational
complexity versus

renunciation of global
optimality, resulting only in

satisfactory solutions or
local optima.

Difficulty in ensuring strict
QoS requirements in high-load
scenarios. Performance may

degrade in very
heterogeneous environments.

Network
Slicing

Throughput, latency,
reliability, spectral efficiency

Logical isolation and QoS and
Service Level Agreement
(SLA) guaranties for each

service versus orchestration
complexity and interference

between slices; possible
resource underutilization.

Complexity of management
and orchestration of multiple
slices; security challenges and

interference between slices.

NOMA Spectral efficiency,
throughput, fairness

Fairness between users may
be compromised; greater
complexity in the receiver

(requiring SIC)

Complexity in the
implementation of the SIC;

highly sensitive to the
conditions of the CSI;

difficulties in
energy distribution.

Matching Theory Fairness, latency, reliability

Optimization of equitable
allocation under constraints vs.
Overload and complexity of
the model in large networks

High model complexity.
Significant computational

overload, especially in
real-time. Strong dependence

on CSI.

Iterative
Algorithm

Energy Efficiency,
throughput,

latency, reliability

Obtaining viable (suboptimal)
solutions for NP-hard

problems versus guaranteeing
convergence and stability.

Convergence and stability;
strong sensitivity to initial

parameters; scalability
challenges in

large-scale scenarios.

PPO/DRL
Throughput, latency,

reliability, energy
efficiency, fairness

Adaptive and multi-criteria
optimization versus training
and stability requirements.

Difficulty in training in
complex environments; strong

dependence on an adequate
reward function; slow
convergence and high

computational overhead.
N.B.: This table summarizes the qualitative trends documented in the reviewed literature. The numerical values
of the KPIs depend on the simulated scenarios, network parameters, and assumptions adopted in each study.

4.5. Impact and Future Trends

The discussion on future trends is based on the observations from Table 4, which
synthesizes the available evidence on which KPIs each scheduling and allocation technique
affects most significantly. It is observed that traditional techniques, such as Puncturing and
overlay, are effective in optimizing specific KPIs but introduce significant trade-offs in other
indicators. Non-orthogonal approaches, such as NOMA, increase spectral efficiency but
require more complex power control and decoding mechanisms. Only AI-based techniques,
such as DRL/PPO, demonstrate the ability to simultaneously optimize multiple conflicting
KPIs (for example, eMBB throughput and URLLC latency), albeit at the cost of design and
training complexity.

These observations justify the future trend, detailed below, of developing hybrid
solutions that combine the computational efficiency of heuristics with the adaptability of
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AI algorithms, as well as the adoption of architectures like Network Slicing, to provide
fundamental QoS isolation.

4.5.1. Impact and Future Trends of Heterogeneous eMBB and URLLC Services Coexistence

The impact of service coexistence between eMBB and URLLC in 5G networks can be
summarized as follows:

• Spectral resource scarcity, resulting from the need to meet their conflicting require-
ments [16,19];

• The interruption of eMBB transmissions caused by URLLC traffic, with an increase in
URLLC users, significantly degrades the eMBB performance [16,19,59];

• The lack of precise channel information and dedicated bandwidth for URLLC poses a
substantial barrier to meeting the strict latency requirements [17,27];

• Challenges in scheduling and optimal resource allocation, whose complexity increases
with the need to ensure fairness and efficiency in resource sharing between services
with contrasting QoS requirements [30,53,57].

Future trends in heterogeneous service coexistence (eMBB and URLLC) in 5G
networks point to the development of innovative solutions based on the following
three fundamental pillars:

1. AI/DRL algorithms for dynamic decision-making support.
2. Advanced multiplexing techniques and adaptive resource allocation.
3. Robust implementation of network slicing.

This multidimensional approach aims to achieve an optimal balance between the
conflicting requirements of eMBB and URLLC services, enabling more efficient network
resource management, and supporting a broader ecosystem of emerging applications.

4.5.2. Impact and Future Trends of Heterogeneous eMBB and mMTC Services Coexistence

The coexistence of eMBB and mMTC services in 5G networks highlights the need for:

• First Ensure a low Block Error Rate (BLER) for mMTC devices in short-packet commu-
nications [20];

• Manage congestion in Random Access (RA) scenarios, particularly when many mMTC
devices simultaneously attempt to access the network while eMBB services are ac-
tive [20,29,56];

• Address the complexity of resource allocation due to differing performance require-
ments [22,38,41,44];

• Mitigate the interference effects of mMTC on eMBB throughput, particularly when
nonorthogonal access schemes are used [13,20,44].

In this context, the coexistence of heterogeneous services poses significant challenges
in efficiently managing resource distribution and mitigating interference.

Future perspectives for eMBB and mMTC coexistence in 5G networks suggest
the following:

• Network slicing to ensure logical isolation between services.
• NOMA to increase spectral efficiency.
• MIMO to optimize channel performance.
• AI/ML techniques, particularly DRL, are used for dynamic resource optimization to

efficiently and adaptively meet the distinct requirements of both services, ensuring an
appropriate QoS for each
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4.5.3. Impact and Future Trends of Heterogeneous URLLC and mMTC
Services Coexistence

The coexistence of URLLC and mMTC in 5G networks presents four
fundamental challenges:

• Managing conflicting requirements with limited resources, such as mMTC prioritizes
scalability and massive connectivity (up to 1 million devices/km2), whereas URLLC
demands latencies below 1 ms with 99.999% reliability [35,38,77];

• Interference at the physical layer stemming from mixed numerologies, mMTC uses a
reduced subcarrier spacing (15/30 kHz) to maximize spectral efficiency, in contrast to
the wider spacing (60/120 kHz) required by URLLC to minimize latency [5,56];

• Ensuring differentiated QoS requires dynamic allocation mechanisms that simultane-
ously ensure low-energy consumption for mMTC devices and ultrashort transmission
windows for URLLC [29,35,77];

• Congestion in random access is particularly critical in massive access scenarios
(106 devices/km2), where resource contention can compromise the strict Service Level
Agreements (SLAs) established for URLLC [54–56].

Thus, the coexistence of URLLC and mMTC faces significant challenges owing to
the conflicting QoS requirements. Current research trends suggest adopting innovative
approaches, such as:

• Network slicing enables the creation of independent virtual network segments dedi-
cated to each type of service.

• NOMA, facilitating efficient multiple access and overcoming limitations of traditional
orthogonal schemes.

• Critical mMTC, an emerging variant combining high reliability requirements with
massive connectivity.

• Cooperative techniques, between base stations and terminal devices for distributed
resource optimization.

• AI/ML techniques, aimed at dynamic and predictive management of network parameters.

4.5.4. Impact of Coexistence of eMBB, URLLC, and mMTC and Future Trends

The coexistence of eMBB, URLLC, and mMTC represents one of the primary goals of
5G and future 6G networks and is currently the focus of research. The main challenge lies
in simultaneously satisfying distinct QoS requirements associated with each service. This
combination integrates and reflects the challenges and future perspectives identified in the
previously analyzed bilateral combinations.

Thus, the coexistence of these three services represents a multifaceted challenge that is
currently being addressed through various sophisticated methodologies that emphasize
adaptive and intelligent resource distribution, logical service segregation, and the explo-
ration of new multiple-access modalities. Emerging trends indicate a transition toward
increasingly dynamic, hybrid, flexible, and context-sensitive solutions driven by Artificial
Intelligence and Machine Learning (AI/ML) and pioneering network structures such as
network slicing and MEC.

4.6. Comparison of This Review Article on Service Coexistence in 5G Networks with a Previous
Study in [5]

In contrast to previous reviews, particularly those conducted by the authors in [5],
which focused exclusively on the simultaneity of service pairs (eMBB–URLLC), this study
categorizes three additional types of mMTC. These findings reveal promising directions for
future work, the evolution of coexistence mechanisms, and the key priorities for ongoing
research. Although both articles are scoping reviews addressing the challenges of service
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coexistence in 5G networks, they differ significantly in their scope, volume of literature
analyzed, and specific emphases. Table 5 presents a detailed comparison of these two.

Table 5. Comparison of this review article on service coexistence in 5G networks with a previous.

Criteria Previous Study [5] This Work

Included articles 203 48

Period 2018–2022 2019–2024

Focus

The coexistence of eMBB and
URLLC services within the 5G
NR architecture, with a specific

focus on 3GPP specifications
and physical resource
allocation methods.

Analyze and categorize the
existing methods, approaches,

and techniques for traffic
scheduling and resource

allocation among heterogeneous
services (eMBB, URLLC, and
mMTC) in 5G networks and

beyond, with an emphasis on
ensuring QoS and maximizing

user satisfaction

Simultaneity
of services

eMBB + URLLC Yes Yes

eMBB + mMTC No Yes

URLLC + mMTC No Yes

eMBB + URLLC + mMTC No Yes

Discovered gaps

A more in-depth analysis of
existing approaches for

eMBB-URLLC coexistence,
along with a detailed

examination of the wide range
of technical challenges in

this context.

Explicit identification of a
significant research gap

regarding mMTC and its
reliability, offering a more
comprehensive view of the

three 5G service types.

Final Summary

this study provides a
comprehensive examination of

current methodologies for
eMBB-URLLC integration and
enumerates various technical

obstacles in this domain.

Research predominantly
addresses eMBB and URLLC

coexistence, while mMTC, vital
for 6G, receives insufficient

attention. Future methodologies
may necessitate hybrid
strategies incorporating
AI/DRL, sophisticated

multiplexing, NOMA, slicing,
and integrated KPIs to navigate

coexistence trade-offs.

Furthermore, explicit negligence regarding the reliability of mMTC was identified in
the included studies. Although mMTC typically does not require high reliability, ignoring
this requirement can severely compromise the continuous connectivity of critical sensors
and actuators in Industry 4.0, smart cities, IoT, and future 6G applications. Inadequate
concurrency between mMTC and critical services can lead to congestion, increased latency,
and access failures, especially in dense environments [56,78,79]. The absence of reliabil-
ity guarantees may result in data loss or unacceptable delays in industrial applications,
automation, and environmental monitoring where real-time responses are essential [80].

It is essential to highlight that service heterogeneity is a core enabler of urban inno-
vation in smart cities, as it allows for simultaneous responses to high-speed demands,
low-latency requirements, and the connection of a massive number of devices. Investi-
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gating this concurrency is crucial to ensuring service quality, optimizing resource alloca-
tion, and enabling critical and innovative applications in intelligent urban environments.
Therefore, without service heterogeneity, the advancement of smart city applications is
significantly hindered.

4.7. Importance and Impact of CSI on Scheduling and Resource Allocation Techniques

Accurate and appropriate information about CSI is essential for the efficient operation
of scheduling and resource allocation techniques in 5G NR, particularly in heterogeneous
service coexistence scenarios. The accuracy, frequency, and cost of obtaining CSI directly
affect the efficiency, capacity, and energy consumption of the scheduling algorithms.

The procurement of CSI can manifest in a multitude of forms: instantaneous, statistical,
predicted, and partial or obsolete. Each one of the exerts a distinct impact on scheduling.
Instantaneous CSI provides maximum performance but with high overhead [81], while
statistical CSI reduces overhead while maintaining performance close to ideal. Predicted
CSI reduces overhead but relies heavily on the accuracy of the prediction [82], and partial or
outdated CSI can significantly degrade performance, requiring adaptation mechanisms [83]

The practical implementation of the scheduling techniques reviewed in this study is
highly dependent on the availability of accurate CSI. However, its acquisition in realis-
tic smart city scenarios, characterized by high mobility, vehicular communications, and
millimeter-wave (mmWave) bands, faces fundamental challenges that are often overlooked
in the literature, which frequently assumes perfect and instantaneous CSI [21,24,27]

The primary CSI challenges relevant to scheduling are the following ones:

• Fast Channel Variation: High user mobility causes the channel to change rapidly,
making accurate instantaneous CSI difficult to obtain and increasing the signaling
overhead required to track it [84,85].

• Dynamic Urban Environments: Frequent signal blockages from buildings and ob-
stacles in dense urban areas lead to unpredictable channel variations, complicating
modeling and prediction [84,86].

The underlying impact of CSI on the applied scheduling techniques are as follows:

• Puncturing and Superposition: Dynamic techniques that rely on precise channel
knowledge to decide where to puncture or how to overlay signals without causing
catastrophic interference. In vehicular environments, CSI can become obsolete be-
tween measurement and transmission, resulting in incorrect decisions for puncturing
or overlaying, which degrade eMBB performance and generate more interference
than benefit.

• Network Slicing: The reliability of CSI is crucial for resource forecasting and ensuring
isolation at the slice level. Imprecise CSI can lead to resource over-selling and SLA
violations, especially in critical services like URLLC.

• DRL/PPO: These approaches can offer greater robustness in the face of imperfect CSI,
as they learn policies based on partial or historical states of the channel. However, the
performance during the training phase can be biased by incorrect estimates, resulting
in suboptimal decisions during operation in dynamic traffic scenarios [27,37].

• NOMA and Matching Theory: They are highly sensitive to the quality of the CSI. In
NOMA, inaccurate CSI compromises the efficiency of SIC and increases error propa-
gation. In Matching Theory, the calculation of utilities for stable matching requires
precise channel measurements. Outdated CSI can lead to severe suboptimization and
fairness breakdown [21,24].

As demonstrated, the reliability of CSI is a critical factor that can enhance or limit the
effectiveness of any scheduling technique. Therefore, its choice for deployment in realistic
smart city scenarios must critically consider its robustness to CSI uncertainty. Future
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research directions should explicitly explore the integration of robust channel estimation
models (such as those based on deep learning) with scheduling algorithms and evaluate
the performance of these techniques under conditions of imperfect and delayed CSI, and
not just under ideal conditions.

4.8. Limitations of the Review

This review presents several limitations. First, the search was restricted to two
databases (IEEE Xplore and Scopus), which, although highly relevant and specialized
for the domains of 5G networks (including smart cities) and telecommunications, may have
limited the comprehensiveness of the literature analyzed. Second, the review protocol was
not pre-registered on public platforms such as OSF or INPLASY, potentially affecting the
transparency and traceability of the methodology. Third, data extraction was conducted by
a single reviewer, which may introduce bias in the selection or synthesis of information.
Fourth, no critical appraisal of the methodological quality of the included studies was
carried out, as this is not a mandatory requirement for scoping reviews. Lastly, only studies
published in English were included, which may have resulted in the exclusion of relevant
research published in other languages, thereby introducing potential language bias.

Additionally, our analysis indicated that the acquisition of CSI in high-mobility and
mmWave contexts constitutes a substantial limitation on scheduling performance, despite
not being part of our initial search parameters. We chose our keywords based on basic
scheduling methods (scheduling, coexistence, eMBB, URLLC, mMTC, 5G) rather than spe-
cific channel conditions. Consequently, our review may not have sufficiently encompassed
scheduling studies that focus on mobility constraints and sophisticated channel estimation
techniques, suggesting a fruitful avenue for future investigation.

5. Final Considerations
This scoping review highlights that existing scientific literature predominantly em-

phasizes the coexistence of eMBB and URLLC services, whereas mMTC, integrated with
other service paradigms, remains insufficiently explored. This gap is particularly evident
in critical scenarios such as industrial networks, smart cities, and digital health, which are
poised to be fundamental in the 6G ecosystem.

These results suggest that future coexistence mechanisms will require greater com-
plexity and sophistication. They are expected to evolve into hybrid methodologies, inte-
grating AI/DRL algorithms with reduced computational demands, advanced multiplexing
techniques, dynamic resource allocation, network slicing, and NOMA for effective interfer-
ence management, along with energy-efficient solutions capable of adapting to imperfect
channel conditions.

Furthermore, key priorities for future research include exploring triple coexistence
(eMBB + URLLC + mMTC), particularly in industrial contexts, using hybrid methodologies
(e.g., DRL combined with network slicing). In addition, the establishment of integrated KPIs
that encapsulate the trade-offs between scalability, connectivity, throughput, latency, and
energy efficiency is essential. Ultimately, the formulation of flexible architectures capable
of reconciling conflicting requirements without compromising the QoS is imperative.

In conclusion, the transition to 6G will require innovative solutions that ensure the
efficient coexistence of heterogeneous services and integrate artificial intelligence, resource
optimization, and energy sustainability. This study underscores the need for ongoing
research in this domain, especially in contexts that are still underexplored but critical for
the future of communication networks.
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