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Abstract

This review provides an in-depth examination of multi-objective scheduling algorithms
within 5G networks, with a particular focus on Kubernetes-based container orchestration.
As 5G systems evolve, efficient resource allocation and the optimization of Quality-of-
Service (QoS) metrics, including response time, energy efficiency, scalability, and resource
utilization, have become increasingly critical. Given the scheduler’s central role in orches-
trating containerized workloads, this study analyzes diverse scheduling strategies designed
to address these competing objectives. A novel taxonomy is introduced to categorize exist-
ing approaches, offering a structured view of deterministic, heuristic, and learning-based
methods. Furthermore, the review identifies key research challenges, highlights open
issues, such as QoS-aware orchestration and resilience in distributed environments, and
outlines prospective directions to advance multi-objective scheduling in Kubernetes for
next-generation networks. By synthesizing current knowledge and mapping research gaps,
this work aims to provide both a foundation for newcomers and a practical reference for
advancing scholarly and industrial efforts in the field.

Keywords: 5G network; multi-objective scheduling algorithms; Kubernetes; QoS

1. Introduction

Cloud service providers (CSPs) employ various networking devices to deliver services
to their clientele. One technology instrumental in enhancing service efficiency is Network
Function Virtualization (NFV), which involves the virtualization of hardware equipment
to streamline service provision. Within the NFV framework, Virtual Network Functions
(VNFs) represent the virtual counterparts of traditional network functions, running atop
commercial-off-the-shelf (COTS) servers in the form of virtual machines. The adoption of
NEFV yields several advantages, including cost reduction associated with hardware and
maintenance, simplified network updates, space savings for new device installations, and
decreased power consumption. In parallel, software-defined networking (SDN) emerges as
a key solution, efficiently managing VNFs centrally through the widely used OpenFlow
Application Programming Interface (API). This approach effectively decouples the data
plane from the control plane, contributing to enhanced network robustness in terms of
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security, power consumption, and performance optimization. The subsequent section
delves into the application of NFV in the context of 5G.

In [1], NFV stands as a foundational element in the architecture of 5G networks, play-
ing a pivotal role in the virtualization of hardware devices within the network. Beyond
hardware virtualization, NFV equips cloud-based systems with an agile network architec-
ture, fostering the development of flexible and programmable networks tailored to meet
the specific requirements of applications, clients, or operators. This strategic integration of
NEFV within the 5G ecosystem marks a significant leap toward achieving a more adaptive
and responsive networking infrastructure [2].

Kubernetes is a leading open-source platform that automates the deployment, scaling,
and management of containerized applications. Operating on a declarative model, it
allows users to define the desired state of their applications while the system ensures
its maintenance, simplifying operations and enhancing consistency. It further integrates
robust monitoring and self-healing mechanisms that automatically detect and recover
from failures, ensuring resilience and high availability. With its comprehensive toolset,
Kubernetes has become a powerful and flexible solution for managing containerized
applications, particularly in large-scale production environments.

In [3], Kubernetes finds the optimal utility in the realm of microservice-based web
applications, where the modularity of each application component is encapsulated within
its own container. This microservice architecture aligns seamlessly with Kubernetes, capi-
talizing on its capabilities to orchestrate and manage diverse containerized components
cohesively. In essence, Kubernetes emerges as a cornerstone in modern application devel-
opment, providing a versatile and efficient platform for the orchestration and maintenance
of containerized applications in dynamic production environments.

As evidenced by the wide range of applications and issues linked with Kubernetes,
it is critical to investigate proposed algorithms in the related domain in order to find
state-of-the-art and future research directions. Numerous studies have focused on the
creation of new Kubernetes algorithms. The primary goal of this survey is to provide a
complete assessment of the current state of the art in the topic of Kubernetes-scheduling
algorithms in 5G. We hope to give a critical evaluation of the strengths and limitations
of existing methodologies by evaluating the existing literature and identifying the major
theories, methods, and findings from past studies. We also intend to identify gaps in the
existing literature and unanswered topics, as well as make recommendations for future
study directions.

Our overall objectives are to advance the subject and offer a helpful tool for practition-
ers and scholars that deal with Kubernetes-scheduling methods. While several surveys
exist on container orchestration, including those by [4-7], these works primarily provide
broad overviews of orchestration frameworks and container technologies without a fo-
cused analysis of scheduling in 5G contexts. Other surveys, such as those in [8-10], target
clouds, fog, or big-data environments, while Wang et al. [11] emphasize scheduling in data
center networks. More recently, [12,13] have offered valuable and structured surveys on
Kubernetes scheduling. However, these contributions mainly classify scheduling strategies
at a general level and do not extensively examine their implications for multi-objective opti-
mization in 5G. Building on these foundations, our survey distinguishes itself by providing
a state-of-the-art review of Kubernetes scheduling, specifically for 5G network functions
and applications. We introduce a taxonomy that links scheduling methods with key 5G
performance metrics, analyze diverse approaches across cloud-native network functions
(CNFs), and highlight research gaps that must be addressed to advance multi-objective
scheduling in the emerging 5G system. Container technologies provide notable efficiency
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gains over VMs by reducing resource consumption, improving deployment flexibility, and

lowering operational costs [4-7].

This survey thus serves as a valuable reference for researchers aiming to address the

limitations and challenges of Kubernetes scheduling in 5G contexts. The main contributions

of this paper are as follows:

1.

Comprehensive Literature Review: A thorough examination of existing work on Ku-
bernetes scheduling, with a focus on 5G use cases and networking. The review is or-
ganized into two sub-categories: generic scheduling and multi-objective optimization-
based scheduling;

Critical Analysis: A meticulous evaluation of the strengths and weaknesses of current
Kubernetes schedulers for 5G, offering insights into their effectiveness and limitations;
Gap Identification and Open Questions: Identification of key research gaps and open ques-
tions in the literature, highlighting areas that require further investigation and innovation;
Multi-objective Scheduling Approaches: A focused discussion on bi-objective, tri-
objective, and multi-objective scheduling strategies identified in the existing research.

Table 1 presents a comparative overview of related work on container-based schedul-

ing algorithms.

Table 1. Related work on container-based scheduling algorithms.

Ref.

Survey

A Survey on Common Problems
and Solution Approaches
[12]

The article reviews advances in Kubernetes scheduling, explaining that the default scheduler handles general
tasks well but struggles with modern demands, like machine learning, deep learning, and edge computing. It
classifies research by objectives, workload types, and environments and highlights optimization strategies.

A Survey on Scheduling
Techniques in Computing and
Network Convergence
[14] (2024)

The survey comprehensively reviews literature on scheduling across various scenarios, including computing
and network convergence from heterogeneous resources, multiple-objective optimization, and diverse task
environments. It explores potential explanations and implications arising from these studies and identifies

important challenges for future research.

Container Scheduling Techniques:

A Survey and Assessment
[15] (2022)

The survey categorizes scheduling techniques into four groups based on the optimization algorithm used:
mathematical modeling, heuristics, meta-heuristics, and machine learning. For each category, it analyses the
strengths, weaknesses, and challenges of the techniques, focusing on their performance metrics. The paper
concludes by outlining promising avenues for future research aimed at maximizing the benefits of container
technology.

Deep Reinforcement Learning for
Resource Management on
Network Slicing: A Survey

[16] (2022)

This survey identifies key stages in network-slicing resource management and examines how
reinforcement-learning (RL) and deep reinforcement-learning (DRL) algorithms can independently handle
each stage. It evaluates these approaches based on their optimization goals, state and action spaces,
algorithmic choices, deep neural network structures, exploration-exploitation strategies, and specific use
cases (vertical applications). Additionally, the survey outlines future research paths concerning
RL/DRL-based resource management for network slicing.

Kubernetes Scheduling:
Taxonomy, Ongoing Issues, and
Challenges
[13] (2022)

This survey specifically focuses on the scheduler, a critical orchestrator responsible for allocating physical
resources to containers. Scheduling strategies are tailored around various quality-of-service (QoS) parameters.
The paper seeks to provide comprehensive insights into Kubernetes scheduling, identify key gaps, and offer
guidance for future research directions. It conducts an empirical study on Kubernetes-scheduling techniques
and introduces a novel taxonomy for categorizing them. The survey also addresses challenges, outlines future

directions, and explores research opportunities in this field.

VNF and CNF Placement in 5G:
Recent Advances and Future
Trends
[17] (2022)

This study categorizes optimization techniques for VNF placement, organizing papers by metrics, methods,
algorithms, and deployment contexts. Virtualization spans beyond VMs and VNFs to encompass
microservices, containers, and cloud-native systems. The article’s second part focuses on CNF placement in
edge/fog computing, addressing challenges like traffic congestion, resource use, energy efficiency, and
performance degradation.

A Survey on the Placement of
Virtual Resources and Virtual
Network Functions
[18] (2019)

This survey extensively investigates existing VNF placement strategies and algorithms, categorizing them
into network function chain placement, VNF-forwarding graphs, and VNF replications. It covers generic
VM-based NFV frameworks and specific VNF placement strategies. The survey reviews relevant protocols,
heuristics, algorithms, and architectures with the aim of proposing efficient strategies for network slicing in
future work, ensuring satisfaction for end-users and verticals while respecting various constraints.

This work

This paper offers a comprehensive review of Kubernetes advancements specific to orchestrating 5G network
functions and use cases. It focuses on key metrics studied in this domain and explores various methods
applicable to Kubernetes scheduling in 5G scenarios. The taxonomy categorizes different aspects of
Kubernetes resource scheduling, extending beyond algorithms and methods.
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1.1. Motivation

The challenge highlighted above serves as the driving force behind this review, which
delves into multi-objective scheduling algorithms within the 5G framework utilizing Ku-
bernetes. These strategies are categorized based on their objectives and characteristics.

1.2. Search Strategy

The creation of search phrases encompassed the following steps [19]: (1) selecting
keywords based on the research questions, (2) identifying synonyms and variations in
spelling to expand the keyword range, (3) assessing the identified keywords in the pertinent
literature, (4) combining synonyms and alternative spellings using ‘Boolean OR’, and
(5) connecting the main terms and conditions with ‘Boolean AND'. Following these steps,
we derived comprehensive terms and conditions associated with QoS customization. The
resulting search string utilized in digital library engines is as follows: “((“Kubernetes” OR
“K8s” OR “containers”) AND (“Scheduling” OR “placement” OR “network slicing”) AND
(“5G” OR “Fifth Generation”) AND (“multi objectives” OR “multi-objectives”)).

1.3. Eligibility Criteria

Publications considered included peer-reviewed journal articles, conference papers,
and surveys published between 2005 and 2024. Studies were included if they explicitly
addressed Kubernetes scheduling, multi-objective optimization, or resource management
in 5G contexts. Works were excluded if they lacked sufficient methodological detail, fell
outside the scope of Kubernetes or 5G, or provided only high-level overviews without
technical relevance.

1.4. Data Extraction

From 128 collected papers, 60 were selected after applying the criteria. For each,
information was extracted regarding algorithm type (e.g., heuristic, metaheuristic, and
ML based), optimization goals (latency, energy, QoS, and scalability), validation approach
(simulation, testbed, and real deployment), and key strengths/limitations. Findings were
then synthesized and presented in structured tables or comparative analysis.

1.5. Sources of Data

Research papers addressing scheduling strategies incorporating multi-objective al-
gorithms in 5G with Kubernetes techniques were rigorously retrieved from electronic
databases, which included resources such as IEEE Xplore, ResearchGate, Google Scholar,
the Wiley Library, and more. The subsequent online electronic databases were utilized for
the purpose of this research:

(1) IEEE Xplore (<www.ieeexplore.ieee.org>);

(2) Science Direct (<www.scidirect.com>);

(38) Springer (<www.springer.com>);

(4) ResearchGate (<www.researchgate.net>);

(5) Google Scholar (<scholar.google.com>);

(6) Scopus (<www.scopus.com>);

(7) Taylor & Francis (<taylorandfrancis.com>);

(8) The Wiley Library (<www.onlinelibrary.wiley.com>).

2. Background
2.1. Microservices

Microservices, a paradigm within software architecture, entails the decomposition of
an application into small, autonomous modules known as microservices, as depicted in
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Figure 1. Each microservice assumes responsibility for a specific functionality of the applica-
tion, fostering modularity and encapsulation. Communication between these microservices
is typically facilitated through a message bus, enabling seamless interaction while main-
taining autonomy. This architectural approach yields various advantages, including the
automation of deployment, scaling, and management processes.

,\)’_\ — ~
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Lu User Interface
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Microservices

Monolithic I I I
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Microservices

- ( ) ( ) ( ) Databases

(a) Monolithic architecture (b) Microservices architecture

Figure 1. Comparison between different application architectures.

The intrinsic independence of each microservice proves to be instrumental in facil-
itating agility and flexibility in software development. As each microservice operates
autonomously and can be managed and updated independently, implementing changes
becomes more straightforward without causing disruptions to the entire system. Further-
more, microservices are not confined to a single programming language or server; they can
be developed in diverse languages and executed on different servers, providing developers
with unparalleled flexibility in the development process.

Kubernetes emerges as a key orchestration tool in the realm of microservices, seam-
lessly adapting to fluctuating demand intensities [3]. For instance, in the contexts of
real-time analytics, machine learning, and deep learning applications, Kubernetes can
dynamically scale the number of pods based on the current demand. During periods of
low visitor traffic, the application can be efficiently scaled down to a few pods, conserving
resources and reducing costs. Conversely, if the application experiences a surge in popular-
ity with a substantial influx of visitors, Kubernetes can rapidly scale up the deployment,
ensuring the application can robustly handle varying levels of demand. This dynamic
scalability, coupled with the versatility of microservices, exemplifies the power of contem-
porary software architectures in meeting the challenges of a dynamic and ever-evolving
digital landscape.

2.2. Containers

The advent of containerization has revolutionized the landscape of software deploy-
ment and resource utilization. Containers, known for their lightweight nature, present a
significant advancement over traditional virtual machines, as depicted in Figure 2. Their
lightweight design allows for swift creation and destruction, resulting in faster and more
efficient utilization of computing resources. Unlike virtual machines, containers encapsu-
late applications and their dependencies without the need for a separate operating system
instance, streamlining deployment processes and minimizing overhead.
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Figure 2. Comparison between different types of application development.

In this context, Kubernetes emerges as a powerful orchestration platform that auto-
mates the deployment, scaling, and management of containers across a cluster of machines.
This orchestration capability addresses the complexities associated with managing large-
scale containerized applications. By automating various aspects of container lifecycle
management, Kubernetes enhances resource utilization efficiency and provides flexibil-
ity in handling diverse workloads. The automated orchestration offered by Kubernetes
simplifies the development and maintenance of complex applications, allowing devel-
opers to focus on building robust and scalable solutions without the burden of intricate
deployment logistics. In essence, the combination of lightweight containers and the automa-
tion prowess of Kubernetes represents a transformative approach to application deploy-
ment, fostering efficiency, flexibility, and ease of management in contemporary software
development practices.

While containers revolutionize deployment efficiency, their lightweight and dynamic
nature creates new challenges for scheduling in telecommunication workloads. In large-
scale 5G deployments, where ultralow latency and high reliability are critical, container
orchestration requires intelligent scheduling strategies that optimize not only resource use
but also QoS parameters, such as availability, resilience, and response time [12,13,20]. This
direct link between containerization benefits and scheduling complexity motivates the
focus of this survey.

2.3. Kubernetes Architecture

Kubernetes [20] (K8s), an open-source system, streamlines the deployment, scaling,
and management of containerized applications. It organizes containers into pods within
a cluster, where a master node assigns container workloads from user pods to worker
nodes. Containers in a pod share resources, like filesystems, kernel namespaces, and an
IP address. Deployments can be paired with a service tier to facilitate horizontal scaling
or ensure availability. While Docker Swarm [21] and Kubernetes are both options for
container orchestration [22], Docker Swarm’s ease of deployment is offset by its lack of
scalability for enterprise solutions, making it less suitable for large-scale pod deployments.
One limitation of Kubernetes is its inability to automatically configure multiple master
nodes in the open-source version. K8s has a scalability ceiling of 5000 nodes per cluster
and 150,000 pods [23].



Computers 2025, 14, 390

7 of 39

Kubernetes architecture is not merely a framework for container orchestration but
also the foundation for multi-objective scheduling in 5G. For example, the kube scheduler
governs workload placement across nodes, directly shaping performance indicators, like
latency, throughput, and fault tolerance [12,13,24]. Similarly, the controller manager ensures
reliability and resilience through state consistency, while etcd underpins scalability by
maintaining cluster-wide configurations. These architectural functions map directly onto
scheduling research: Heuristic algorithms (e.g., DRAP [25]) emphasize cost and resilience;
optimization models (e.g., ILP [25]) aim for precision but face scalability limits, and AI/ML-
based schedulers [26,27] enable predictive scaling for improved efficiency. Thus, Kubernetes
components form the operational backbone that scheduling algorithms exploit to achieve
5G objectives of ultra-reliability, low latency, and energy efficiency [28], [26].

Despite this constraint, Kubernetes remains the dominant choice in the market and is
widely acknowledged as the standard [7]. Figure 3 illustrates the Kubernetes architecture:

User Interface Kubectl

Control Plane
| API Server ‘
| Scheduler ‘
| Controller-Manager ‘
| etcd ‘
Worker node 1 Worker node 2
Pod 1 Pod 2 Pod 3 Pod 1 Pod 2 Pod 3

Kube-Proxy

Kubelet | Kubelet ‘

Figure 3. Kubernetes architecture.

User Interface: This refers to the Kubernetes Dashboard. The Kubernetes Dashboard
is a web-based graphical user interface that allows users to manage and monitor their
Kubernetes clusters. It provides an overview of the clusters’ resource usage; allows users
to view and manage deployments, pods, services, and other Kubernetes objects; and offers
various monitoring and troubleshooting features.

Kubectl: This is a command-line interface (CLI) tool used for interacting with Kuber-
netes clusters. It allows users to perform various operations, such as deploying applications,
managing clusters, inspecting resources, and executing commands, on Kubernetes clusters.
With kubectl, users can control and manage their Kubernetes clusters efficiently through
simple and intuitive commands.
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Control Plane: This refers to the master node responsible for overseeing all the re-
sources within the cluster. It determines overarching decisions regarding the cluster, such
as deploying new pods, identifying and removing inactive pods, and monitoring all the
cluster activities for any state changes. It consists of several components dedicated to
managing these operations.

Etcd: This serves as a distributed key-value store specifically designed for the cluster.
It maintains comprehensive information about the cluster’s status at any given moment.
This includes details about object specifications, the status of each object, the distribution
of objects across nodes in the cluster, exposed services for various objects, and more. As
a critical database for the cluster, it is recommended to store etcd outside of the server
hosting the master node to enhance security. Essentially, etcd functions as the backend
infrastructure for the cluster.

Kube Scheduler: This component is tasked with determining the optimal node for
running the objects. It scans for unassigned objects and identifies the most suitable node to
assign them to.

Controller Manager: Responsible for overseeing controller processes, this component
continuously monitors the cluster’s state to ensure it aligns with the desired configuration.
It verifies the stability of the cluster and the operational status of all the resources.

PI Server: Serving as the gateway for interacting with Kubernetes, this component
processes commands that specify the desired state of the Kubernetes environment. It acts
as the interface between users and the control plane or master node.

Worker Node: This machine hosts all the resources and objects managed by Kubernetes.
Users have the option to select specific machines for deploying workloads. Similar to the
master node, the worker node also comprises two key components.

Pod: A pod represents a group of one or more containers with similar configura-
tions. Containers within a pod share resources, such as storage and network, and can
communicate with each other via localhost.

Kubelet: Acting as an intermediary between the worker node and the control plane,
this agent is responsible for provisioning resources required to execute workloads.

Kube Proxy: This networking component facilitates the exposure of pods to various
services within the Kubernetes environment.

The Kubernetes architecture is not only a framework for container orchestration
but also a fundamental enabler of multi-objective scheduling in 5G environments. Core
components, such as the kube scheduler, controller manager, and etcd, directly influence
how containerized network functions (CNFs) are deployed, balanced, and optimized across
clusters. For instance, kube scheduler decisions govern workload distribution and thereby
affect QoS metrics, such as latency, throughput, and reliability [12,13,24]. Recent heuristic
approaches, like DRAP [25], emphasize resilience and cost reduction, while mathematical
models, such as ILP [24], target optimal placement but face scalability issues. Similarly;,
Al- and ML-driven schedulers [27,29] enhance proactive scaling and resource prediction,
contributing to efficiency and reduced response time. These architecture—scheduling
relationships are essential in meeting 5G performance goals, including ultralow latency,
energy efficiency, fault tolerance, and high availability. As Tables 8 and 9 illustrate, each
scheduling strategy optimizes different parameters—from bandwidth and computation
time to flexibility and resilience—highlighting the tradeoffs that must be addressed for
effective orchestration. By linking Kubernetes” architectural layers with these optimization
metrics, the survey underscores how scheduling choices directly impact the ability to
deliver reliable, scalable, and high-performance 5G services.

However, Kubernetes scheduling is not without limitations, including scalability
challenges, scheduling delays, and overhead in large-scale 5G deployments [12,13,24].



Computers 2025, 14, 390

9 of 39

2.4. Network Slicing

A pivotal feature of 5G networks that distinguishes them from their predecessors is the
concept of network slicing, a fundamental aspect illustrated in Figure 4. Network slicing
represents a paradigm shift in network architecture, enabling the creation of multiple virtual
networks on shared physical infrastructure. This innovation is particularly crucial for 5G,
given its diverse use cases and services. By partitioning a physical network into distinct
virtual networks, 5G virtualization can efficiently cater to various radio access networks
(RANs) or services tailored for specific customer segments. An essential characteristic
of network slicing is the complete separation of the control plane and user plane within
the network slices. This separation ensures that users experience the network as if it
were physically distinct, enhancing flexibility and adaptability. A prominent use case for
network slicing in the 5G context is mobile broadband, offering high throughput and low
latency. In [30], the authors demonstrate that advantages of 5G network slicing encompass
increased bandwidth, improved mobility, heightened security, and enhanced availability.

Mission Critical

Autonomous Driving e N N\ Iy
Mobile Broadband slice | | ToT sensors slice Mission Critical
lutonomous Driving slicd

Mobile Broadband IoT sensors

Radio Access
Network (RAN)

Core Network

Core Network
Core Network
Core Network

Cinme

(a) (b)

Internet Internet

Figure 4. The comparison between (a) traditional network (b) network-slicing implementations.

In the context of 5G networks, software-defined networking (SDN) and NFV play
pivotal roles in enabling programmable management and control of network resources [29].
These technologies empower dynamic orchestration and optimization of network elements,
contributing to the efficiency and adaptability of 5G infrastructure.

The shift from virtual machines (VMs) and VNFs to containers and cloud-native network
functions (CNFs) signifies a significant evolution in virtualization methodologies. Initially,
VMs and VNFs facilitated hardware resource virtualization, allowing the deployment of
network functions independently of physical infrastructure. However, containers have
emerged as a lighter and more portable alternative, boasting faster startup times and im-
proved resource efficiency. Embracing cloud-native principles, CNFs further bolster agility
and scalability through microservice architecture, automation, and orchestration, paving the
way for a more efficient, scalable, and flexible deployment of network services. Kubernetes
plays crucial roles in orchestrating container deployment, scaling, and management across
clusters, streamlining the complexities associated with large-scale applications. The adoption
of the microservice architecture fosters modularity and encapsulation, enhancing agility
and flexibility in software development. In the context of 5G networks, network slicing
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transforms network architecture by enabling the creation of multiple virtual networks on
shared physical infrastructure, effectively catering to diverse use cases and services.
Network slicing, supported by CNFs and Kubernetes orchestration, introduces diverse
scheduling requirements. For example, enhanced mobile broadband slices demand high
throughput, while URLLC slices require ultralow latency, and IoT slices emphasize en-
ergy efficiency [31,32]. This diversity underscores the need for multi-objective scheduling
frameworks capable of balancing competing goals across heterogeneous slices, aligning
orchestration mechanisms with the broader performance metrics presented in Tables 8 and 9.

3. Literature Review

Our attention is directed toward investigating multi-objective scheduling algorithms
within the Kubernetes framework, particularly in the context of 5G. The scarcity of articles
retrieved from the search outcomes is attributed to the novelty of the technology employed,
as elucidated in the subsequent sections.

This review has been organized into three sections for better clarity. The first section
covers containerized 5G network functions, the second addresses containerized 5G applica-
tions, and the third focuses on the Kubernetes scheduler’s performance metrics in 5G. This
structure enhances the clearness and comprehensiveness of the review.

Our literature review and background provide insights into the predominant terms
and metrics associated with multi-objective Kubernetes-scheduling algorithms in the 5G
context, differentiating strategies in scheduling, identifying primary simulation tools used,
and presenting significant insights and key findings derived from exploring these algorithms.

3.1. Containerized 5G Network Functions

In the coming years, network operators are anticipated to adopt cloud architectures
for both edge and core networks [1], with the aim of enhancing efficiency, reliability, and
scalability [2].

3.1.1. CNF Orchestration with Kubernetes-Based Approaches

The authors in [28] aimed to validate and evaluate the deployment of an open-source
5G mobile core network, using both virtualized and cloud-native approaches via open-
source 5G mobile core network OSM. Initially, each network function (NF) was deployed
on a separate virtualized network function (VNF). Subsequently, the transition to the cloud-
native approach was made, commencing with the containerization of each NF. Manifest
files for the Kubernetes resources involved in the deployment were then created, and,
ultimately, the NFs were packaged into a Helm chart.

The authors in [31] propose CIM, a trusted measurement scheme for container integrity
measurement. CIM extends the chain of trust to both bare metal containers and virtual
machine containers, effectively ensuring the integrity protection of containerized VNFs.

The study in [24] utilizes ILP (integer linear programming) to address the placement
of service and network functions in the edge—cloud continuum, recognizing the inherent
complexity that requires approximation and heuristic methods. It highlights the potential
to manage the problem size effectively in practical settings, allowing for the application
of optimal solvers. The approach prioritizes maximizing placement efficiency as a consol-
idated metric, streamlining the problem by condensing multiple criteria into a singular
value. Moreover, it introduces continuity constraints alongside precedence constraints,
facilitating cohesive function placement that accounts for interdependencies among nodes.

The authors in [24] propose a dynamic resource allocation and placement algorithm
(DRAP) aiming to design and place a simple cloud-native network service. Their approach
can help service providers to reduce their infrastructure costs. The proposed DRAP heuristic
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algorithm aims to reduce resource utilization while ensuring service availability. It focuses
on minimizing the number of nodes needed to place CNF pods (i.e., Kubernetes pods)
by adapting the vCPU allocation to each pod. The scalable vCPU allocation permits the
algorithm to scale up or down the number of pods based on service availability.

The authors in [32] investigated the use of single-root input/output virtualization
(SR-IOV) in cloud-native functions (CNFs) to meet the stringent network demands of 5G
applications. Motivated by the success of SR-IOV in (NFV) on virtual machines (VMs),
they applied SR-IOV to the charging function (CHF) in a cloud-native 5G architecture. This
approach led to a 30% increase in network throughput compared to that of a Kubernetes
deployment using Calico, demonstrating the potential of SR-IOV and CPU-pinning in
optimizing the performance of cloud-native container-based applications.

While ILP-based solvers, DRAP heuristics, and SR-IOV-based CNF placements demon-
strate promising performance improvements, they also introduce significant tradeoffs.
ILP-based methods face scalability issues under large-scale 5G workloads; DRAP heuristics
can incur high computational costs, and SR-IOV placements are limited by hardware depen-
dencies. These limitations restrict their applicability in highly dynamic and heterogeneous
5G environments.

The work in [33] utilizes Kubernetes infrastructure for hosting various network ser-
vices, aiming to address the diversity of 5G use cases with maximum flexibility and cost
effectiveness. However, limited information is available on the experimental setup and
specific results obtained.

Compared to traditional VNFs, CNFs deployed through Kubernetes significantly
reduce downtime, enhance responsiveness, and improve scalability, making them highly
suitable for 5G network services [32].

The aim of [34] is to demonstrate and validate a proof of concept for a standalone
OSM-isolated Kubernetes (K8s) environment for CNF deployment. This paper contributes
in three major ways: first, by providing detailed insights into enabling native CNFs within
this NFV architecture, addressing gaps, and evaluating its advantages, limitations, and
drawbacks; second, by discussing encountered issues and proposing solutions to enhance
OSM support in standalone K8s deployments; and third, by conducting performance bench-
marking of CNFs using an OSM-KS8s testbed and comparing it with an OSM—-OpenStack
environment deploying VNFs. Adapting the ETSI NFV reference architecture with Open-
Source MANO, the study employs Kubernetes to achieve cloud-native objectives in 5G
systems, supporting microservice-based architectures. The challenges include integrating
Kubernetes deployments within existing VNF-based solutions, like OpenStack.

The authors in [35] evaluate the feasibility of a hardware-accelerated 5G cloud-native
virtualized RAN (VRAN), specifically focusing on the distributed unit (DU). The setup
uses a Kubernetes cluster, where intensive decoding tasks are offloaded to an FPGA. The
evaluation compares the cost, latency, and power consumption of this hardware-accelerated
approach to those of a full software stack provided by OAI The results show potential
improvements in offloading latency and reductions in CPU usage and power consumption
for large RAN deployments, where multiple radio units (RUs) are pooled on a single
DU platform.

The proposed solution in [36] introduces a scalable cloud-native solution for LTE
MME (CNS-MME) using microservices to improve autoscaling, resiliency, and resource
optimization. It separates the MME's state from its processing tasks and uses VNFs for
lightweight, scalable MME functions. Kubernetes, Docker, and Prometheus are employed
for orchestration and monitoring, ensuring minimal operational costs. The CNS-MME
architecture is evaluated against a monolithic MME, demonstrating better throughput, load
balancing, autoscaling, and resource efficiency with an L7 load balancer.
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The lessons learned from these studies highlight the potential of Kubernetes and
cloud-native deployments for enhancing scalability, efficiency, and resource optimization
in 5G networks. Approaches such as containerization, dynamic resource allocation, and
optimized function placement proved to be beneficial in reducing infrastructure costs
and improving network function performance. Key limitations include the complexity
of managing network functions across hybrid environments, especially when integrating
with existing virtualized solutions, like OpenStack, and the need for trusted integrity
measurement schemes for container security. Additionally, while hardware acceleration and
SR-IOV show performance gains, they introduce dependencies on specialized infrastructure
that may limit deployment flexibility and increase operational costs.

Table 2 provides a summary of CNF orchestration using Kubernetes-based approaches,
focusing on each approach’s method, dataset type, testing tools, advantages, and disadvantages.

Table 2. Summary of CNF orchestration with Kubernetes-based approaches.

Type of

Reference, Year  Algorithm/Method Algorithm Type of Dataset Testing Tool Advantage Disadvantage
Kubernetes-based 5G
core deployment offers
Kubernetes-based Open-Source alow latency, high The cloud-native
network function KNF-based P availability, and Kubernetes approach
[28] h . ith inerized Servicei MANO (OSM), flexible busi ) lexi
(2022) orchestration wit containerize ervice instances including exible business increases complexity,
open-source approach Kubernetes model, reducing resource demands, and
MANO downtime fivefold operational costs.
compared to
virtualization.
. . The proposed scheme . The CIM scheme
Comprises experimental secures containerized increases average CPU
Container data from deploying . usage by 26% and
X . - . NFV MANO and VNFs, enhancing trust . d
[31] integrity Static integrity OAl-based 4G core . . slightly raises memory
L Docker or in 5G SBA while -
(2021) measurement measurement network functions in Kubernetes ensuring flexibili usage, balancing
(CIM) bare-metal and VM e lity, security with
containers scalability, and efficient performance at an
’ resource management.
acceptable cost.
ILP solvers excel with
Various scenarios small inputs, IBM ILOG CPLEX
provide structured producing optimal Studio incurs high
125] ILP (integer linear Mathematical datasets for m\flestlgatmg IBMILOG CPLEX solutions for hcensmg costs, a steep
(2022) programming) programming service and function Studio edge—cloud placement, learning curve, and
placement optimization while continuity high computational
in edge—cloud constraints enhance demands for
environments. realism and modeling large-scale problems.
accuracy.

b ] The cloud-native The algorithm ha_s only
ynamic resource been tested with
allocation and approach enhances simple services;

[24] . L resilience and reduces 4
placement of Heuristic Service instances Kubernetes . . complex network
(2021) costs, using multiple -
(DRAP) . . services may present
algorithm replicas and dynamic unaddrgsSed
& vCPU allocation.
challenges.
Offloading packet
processing to user . g
space with SR-IOV and I?E;egsginisﬁirlgv
Hard DPDK reduces . d q ful
[32] arcware Voice and messaging overhead on the expertiseand carefu
p SR-IOV virtualization . Kubernetes . P configuration,
(2022) services operating system’s . . .
technology . potentially increasing
kernel, leading to faster depl
processing times and eployment
improved complexity.
responsiveness.
Addresses the
Statistical diversity of 5G use IR .
. X Limited information
Modular desien approach for Uses Kubernetes cases with maximum rovided on
[33] & modeling and infrastructure hosting flexibility and cost pre
for network . . Kubernetes . P experimental setup
(2022) functions resolution of different network effectiveness; improves and specific results
’ resource services network functions’ gbtaine d
allocation availability and

resilience
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Table 2. Cont.
Reference, Year  Algorithm/Method A{ggritzin Type of Dataset Testing Tool Advantage Disadvantage
. Kubernetes, as a key Early Kubernetes
Ai?g\t,l ?egfet:}r‘:rizﬁ Full container component of the CN deployments in 5G
architecture and technology approach in 5G systems are
[34] . deployment—via Lo , systems, drives non-standalone and
leveraging . Service instances OSM-K8s’ testbed . . .
(2021) open-source Kubernetes—in operational and capital are often integrated
M AIF\)IO initiatives an NFV expenditure savings, with VNF-based
specifically OSM ’ architecture promoting its solutions, like
P y adoption. OpenStack.
Automatic Improves performance
activation of P pertorn May not fully address
hardware- and energy efficiency the variability in
[35] Resource alloca- Data related to radio Kubernetes-based by offloadin . 4
programmable y & computing demands
(2021) leration tion/optimization physical layer processes orchestration demanding functions ross different
accelera cf) to hardware atc osi eren
%TSESCF{Z 1(\)Ir accelerators. network scenarios.
Provides 7% higher
MME throughput and - .
Cloud-native Microservice- reduces processing Additional complexity
N Kubernetes, Docker, K of implementing
[36] solution for LTE based bil kd h d resource consumption . - A
(2017) MME coud-native Mobile network data Prolmect1 beuls, and L7 by 26%. Offers mlcrpser\lzlce; an L
(CNS-MME) architecture Oad balancer scalability, autoscaling, managing cloud-native

infrastructure.

and load-balancing
features.

3.1.2. CNF Orchestration with Artificial Intelligence and Machine Learning

The authors in [37] present an artificial-intelligence-based resource-aware orchestration
(AIRO) framework in cloud-native environments (CNEs). The AIRO framework leverages
the zero-touch service management (ZSM) concept, cloud-native approach, and machine-
learning (ML) techniques to efficiently manage network and computation resources. Key
contributions include a unified AIRO framework aligned with the ETSI ZSM vision for
enabling closed-loop automation and autonomous CNEs, a monitoring and management
agent deployed alongside the master node in each cluster to create a single management
domain receiving high-level controls from the end-to-end (E2E) management domain, and
a simulation platform that mimics Kubernetes (K8s) microservices clouds to evaluate the
scalability of the AIRO framework and similar future frameworks.

In [38], the authors propose an edge intelligence method to analyze and predict
network data traffic at edge devices, aligning with the 6G vision of softwarized networks.
Utilizing the cloud-native enabled OpenFlow over the Trans-Eurasia Information Network
(OF@TIEN++) Playground, which connects ten sites across nine Asian countries, they
introduce a deep learning method for predicting statistical characteristics of data traffic
inflow at edge devices. They collect raw traffic flow data, send it to a visibility center for
processing, and use Kubeflow at the orchestration center to develop and train the deep
learning model. This model is trained on time-series data to predict traffic characteristics,
and its performance is evaluated using root-mean-square error (RMSE) and coefficient-of-
determination (R?) metrics.

The authors in [27] have highlighted the roles of machine learning (ML) and deep
reinforcement learning (DRL) in advancing network and service coordination by optimizing
resource allocation, scaling, placement, and scheduling, particularly in wireless networks.
Their work indicates that these techniques, often facilitated by tools like Kubernetes,
significantly enhance network efficiency and enable autonomous decision making, leading
to reduced resource waste. However, the authors also point out that some DRL methods
rely on a priori knowledge or partial observations, which can limit the model’s adaptability
to dynamic, real-world conditions.

Recent works, such as DRL-based orchestrators and AIRO, show high adaptability but
introduce new challenges. These include model-training overhead, algorithmic instability,
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and sample inefficiency, particularly in dynamic environments with partial observability.
As such, their deployment remains constrained in practical 5G infrastructures.

The research in [39] aims to enhance the network slice selection process by proposing
a framework that incorporates the network slice selection function (NSSF) service within
both vertical and horizontal models. This strategy allows handover decisions to be col-
laboratively managed by the network edge and the user equipment (UE) during network
operations. While the network slice selection function decision-aid framework (NSSF
DAF) provides a distributed solution for 5G slice selection, it necessitates the integration of
various decision-making methods and machine-learning algorithms, potentially increasing
complexity and resource demands.

The authors in [40] aim to create a real-time classification model on the network
operator’s side to identify applications running on the network, predict future traffic
patterns, and optimize slice allocation based on anticipated needs. It involves selecting
the best supervised ML model for forecasting demand and evaluating the approach in
real-world scenarios with actual devices and traffic.

The article in [41] aims to leverage the Kubernetes framework to extract metrics that
accurately reflect network utilization for both the RAN and core network, utilize machine
learning for predicting future resource requirements based on observed traffic patterns, and
establish a proactive scaling mechanism for RAN and core network components utilizing
the framework’s vertical and horizontal scaling capabilities.

The insights gained from these studies highlight the effectiveness of embedding artifi-
cial intelligence and machine learning in cloud-native frameworks to optimize resource
allocation, predict traffic, and automate network operations. Al-driven orchestration, deep
learning for traffic insights, and reinforcement learning for resource distribution have all
shown potential to boost network efficiency, scalability, and responsiveness. However,
significant challenges arise, such as the complexity added by machine-learning models,
which can intensify computational needs and complicate real-time applications. Further-
more, many Al and machine-learning approaches rely heavily on extensive data and prior
insights, which may limit adaptability in dynamic environments. Additionally, integrating
multiple machine-learning models within frameworks poses difficulties in maintaining
coordination and handling increased resource consumption. Future evaluations should
employ standardized benchmarking environments, such as OpenAirInterface [39], OSM-
K8s [34], and MEC [42] testbeds, to ensure consistent, fair, and reproducible performance
assessments across different schedulers.

Table 3 provides a summary of CNF orchestration approaches using artificial intelli-
gence (Al) and machine learning (ML).

Table 3. Summary of CNF orchestration with artificial intelligence and machine learning.

. Type of Type of . .
Reference, Year  Algorithm/Method Algorithm Dataset Testing Tool Advantage Disadvantage
The simulation
platform introduces
Al-based AIRO framework The AIRO framework uncertainties due to
[37] ' rce-awar leverages ZSM AIRO framework for offers robust resource stochastic behaviors,
(2621) ﬁsotu ie a (;IF{O) concept, Service instances training ML agents management and potentially affecting
Ofrrcarxisevrvao;i]}n CNE cloud-native within Kubernetes service enforcement for the accuracy of
approach, and ML telco-grade systems. performance
predictions in real
deployments.
Complex
Kubernetes-based ?:f:g:;iﬁtlx;x(zlf implementation and
[38] Edge intelligence D . Real network traffic edge cluster with and SDN/NFV; data—preprocessmg
eep learning model GIST playground . challenges; potential
(2021) method dataset accurately predicts X
control center and . . for future automation
. edge device data traffic o
packet tracing properties and scalability

improvements
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Table 3. Cont.
. Type of Type of . .
Reference, Year  Algorithm/Method Algorithm Dataset Testing Tool Advantage Disadvantage
Enhances resource Some existing DRL
ML and deep allocation; optimizes methods rely on a
reinforcement . scaling, placement, and priori knowledge or
(2[3;;)) learning (DRL) for ML and DRL erele(sjsa?:twork Kubernetes scheduling; reduces partial observations,
network and service wasted resources; and which can reduce the
coordination allows autonomous model’s adaptability to
decision making real-world scenarios.
Implementing NSSF
Network slice Data collected from Thjos tzgeydsgg‘gflsict? ¢ Dlitlz rig’:il: .
lection functi testbed experiments Kub based pl P lution i 1 graing
[39] se ectlpr} ungtlon Dynamic and conducted to ul ernet‘es ased on selection so utlop is mul t1cr1ter1‘a
(2622) decision-aid nonlinear validate the OpenAirInterface standard-compliant decision-making
framework (NSSF roposed (OpenAir-K8s) and suits IoT and methods and ML
DAF) ffampework multimedia algorithms, increasing
applications. complexity and
resource demands.
Enables proactive slice
reallocation, resulting The framework’s
. inup to four times efficiency may depend
ML models for I:/rll}glgo:lg};n;ifo; Cellular network lower latency (jitter) on accurate real-time
4 traffic classification . . traffic flow data and nearly four times redictions, whic
[40] ffic classificati daICP"HC (; ffic flow d Kubernet d nearly four ti predicti hich
(2024) and prediction in an Sirflcxe'tste\iroiia 100 ysed for training and ubernetes higher throughput could be challenging
cellular networks management testing the models compared to those of under highly dynamic
8 standard methods and unpredictable
while optimizing network conditions.
resource allocation.
[41] LSTM RNN model Real-world traffic Enables automatic Requires large datasets
(2021) to predict network ML datasets OAIKubernetes scaling based on for training and
load monitored metrics. validation

3.1.3. CNF Orchestration with Service Function Chains (SFCs)

A service function chain (SFC) is an ordered list of VNFs to traverse the traffic, and the
classifier decides which traffic to pass through them. In [43], the authors present an SFC
controller to optimize the placement of container-based service chains in fog-computing
environments, addressing the gap left by multi-access edge computing (MEC)-focused
studies. Unlike MEC, which aims to reduce latency by deploying services near end-users,
fog computing requires bidirectional communication between edges and clouds due to
its hierarchical structure. The proposed SFC controller, implemented as an extension to
Kubernetes, ensures necessary bandwidth for these interactions. Evaluations, particularly
for Smart City applications, demonstrate that the controller effectively allocates container-
based SFCs, conserving bandwidth and reducing end-to-end latency.

The authors in [44] present an optimized network-aware load-balancing algorithm
designed for 5G traffic steering in a cloud-native microservice environment, utilizing
network traffic data and infrastructure states. Experiments conducted on a Kubernetes-
based platform demonstrate that this algorithm enhances traffic management efficiency
while reducing capital and operational expenditures (CAPEX and OPEX). However, the
complexity introduced by numerous microservices can make the SFC process error prone
within the (NFV) ecosystem.

The authors in [45] focused on developing a performance model using non-product-
form queueing networks to analyze latency in the packet data unit (PDU) session estab-
lishment across interconnected 5G nodes, modeled as G/G/m queues. Additionally, a
hierarchical availability model employs reliability block diagrams (RBDs) and stochastic
reward networks (SRNs) to probabilistically characterize the failure and repair behaviors
of 5G nodes, differentiating between proactive and reactive recovery methods. Using a
testbed based on Open5GS, the study implements software routines for estimating service
times and evaluating repair times through fault injection techniques.

The ultimate goal is to identify optimal resilient 5G configurations that balance perfor-
mance and availability requirements, ensuring high availability with minimal downtime.
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However, challenges include the complexity of accurately modeling interconnected nodes
and the need for extensive data for reliable predictions.

These studies highlight the benefits of optimizing service function chaining and re-
source allocation in cloud-native environments to achieve reliable, low-latency performance,
though challenges remain in managing complex microservices and high computational
demands for 5G.

Table 4 summarizes the approaches for CNF orchestration using service function
chaining (SFC).

Table 4. Summary of CNF orchestration with service function chains (SFCs).

Reference, Year Algorithm/Method A{ggg;\; Type of Dataset Testing Tool Advantage Disadvantage
The proposed SFC
controller reduces network The scheduling decision
, . . latency and conserves time is increased by 6 ms
(2[3;2)) SFC controller Nﬁ;\gk;ﬁxf € Cs;alcze;z?izd Kubernetes bandwidth in fog—cloud per pod, potentially
8 environments, optimizing affecting the overall
resource provisioning for system performance.
Smart City use cases.
Efficient traffic steering and
Optimized Traffic data and load balancing in Error proneness in
[44] network-aware Load-balancing infrastructure Kubernetes-based cloud-native SFCs, service function chaining
(2020) load-balancing algorithm states platform reducing CAPEX and OPEX due to many
algorithm while ensuring network microservices
performance
Non-product- . . Enables efficient .
= . Proactive scaling . . Dependency on effective
[45] form queueing : . Real-world traffic management and automatic P
using machine Kubernetes . fault injection setup and
(2024) networks and loarnin datasets scaling of network analysis
RBDs/SRN & functions Y

3.1.4. CNF Orchestration with Slicing

In [46], a 5G-ready architecture model and NFV-based network slicing are proposed to
provide scalable VNFs and deliver customized 5G slices tailored to customer requirements.
Similarly, [47] presents a novel architecture for open-cloud-based 5G communications,
treating network slicing as a fundamental component in C-RAN, aimed at enhancing the
scalability of existing RAN systems. In the realm of network slicing, each slice possesses
unique parameters tailored to its intended purpose, exemplified by its ability to cater
to diverse services, such as IoT connectivity or augmented reality, within a single 5G
system, providing connectivity with specific requirements related to availability, latency,
throughput, and security levels.

In [48], the authors proposed a multi-level scheduling system for network slicing,
where a global scheduler sets up slice schedulers based on slice requirements. This approach
was implemented and assessed for both single- and multiple-slice deployments. The two-
level scheduler was developed using Kubernetes and container technology and deployed
on an OpenStack cluster.

In [49], the Setpod scheduler presents an innovative approach to resource scheduling
within Kubernetes, aimed at enhancing energy efficiency and maximizing slice deployment.
While the Setpod scheduler demonstrates superior performance compared to that of the
Kube scheduler, future research is required to explore its adaptability in larger clusters and
to include constraints, like bandwidth and latency, for improved quality of service.

In [50], the authors addressed the need for low-latency orchestration in the B5G/6G
network—cloud continuum, proposing a novel architectural and scheduling approach. The
results show that the new orchestrator reduces scheduling latency by nearly 50% com-
pared to those of Kubernetes and Docker Swarm, with improved self-healing capabilities.
However, opportunities remain for further enhancement, including faster container moni-
toring for failure detection, advanced scheduling criteria (e.g., load balancing and node
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affinity), and the introduction of automatic scaling features. Future work could also ex-
plore advanced monitoring tools to track resource utilization and trigger scaling based
on custom metrics. In the context of ultra-reliable low-latency communication (URLLC),
schedulers must achieve deterministic responsiveness and constrained computation times
while supporting multi-objective optimization. However, most existing approaches in-
adequately address these requirements, leaving a gap in achieving predictable real-time
service delivery.

In [51], the authors’ proposed monitoring framework for 5G network slicing features
a scalable architecture with lifecycle management, utilizing Kubernetes for distributed
monitoring of network slice performance metrics. This framework incorporates dynamic
slice data collectors that are instantiated and deleted with each network slice, allowing
for the monitoring of diverse technological domains through a novel, technology-agnostic
data collection protocol. It aggregates performance data at the slice level, providing
actionable insights to slice owners while ensuring low CPU and memory consumption,
even with numerous slices deployed. However, it requires continuous testing to maintain
the optimal performance and manage complexities associated with dynamic collectors and
standardized metric formats.

Table 5 summarizes CNF orchestration methods focused on network slicing, detailing
scheduling and resource management algorithms, testing tools, advantages, and challenges.

Table 5. Summary of CNF orchestration with slicing.

. Type of Type of . .
Reference, Year Algorithm/Method Algorithm Dataset Testing Tool Advantage Disadvantage
Network store with OpenStack Er?:&?rir;iigcgas{r;?lqggfrfsc deplf:;lr:g;ﬁ'};ﬁ:r%is in
[46] Architecture/platform Real-time (with Heat and - S - ’. -
(2015) SDN/NFV-based desi LTEaaStestbed  LXC), OAL and service-specific meeting real-time deadlines
network slicing esign aastesthe USi{P BleaOn customization; leverages without proper hardware
NEV/SDN for flexibility provisioning
5G architectural design .
patterns (distributed Theoretical High complexity in
shared memory, framework, Modular, scalable, supports implementation
[47] dedicated data plane, Archl’te_ct‘ural Not apphcable SDN/ NEV SLA—drlv_en RAN, stateless dependency on SDN/NEV
design (design orchestration, VNFs, improved fault .
(2016) shared control plane, - maturity, and lacks
methodology focused) and cloud tolerance, and flexible ..
agent-based VNF/VNA . . - empirical performance
software, and simulation slicing metrics
SLA-driven RAN) references
Measurement
[48] Multi-level (global slice) data from an Kubernetes and
(2019) scheduling for network Heuristics in-house OpenStack Multi-level orchestration Limited optimization
slicing developed cluster
testbed
Tested only with a small
Virtualized Maximizes acceptance ratio cluster of three machines;
Scheduling rtatze Kubernetes for deploying slices while does not account for
. resource data SN o . .
algorithm for related to (K8s) as the minimizing energy additional constraints, like
[49] Setpod scheduler network slicing network slices platform for consumption; shows better bandwidth and latency
(2024) P v within ithin virtualization performance in energy between pods; requires
Kubernetes Krlvberne?es and resource efficiency and average further scalability and
(K8s) environment management deployment time compared adaptability for larger
to those of Kube scheduler clusters and varying use
cases
Reduces
container-scheduling time s .
Resource by nearly 50% in Whél;;t ru;:td ;;esgg}t’l?:jﬁl ling
allocation and Docker Swarm comparison to those of ad dres};, the st}r,in ent QyoS
[50] Low-latency resource Scheduling scheduling data  and Kubernetes default schedulers in d gent
. o - emands of URLLC in
(2024) scheduler (LLRS) algorithm within a cloud as orchestration Docker Swarm and .
. ; - 5G/6G networks without
continuum platforms Kubernetes, improving the A
. further optimization or
environment overall system enhancements
responsiveness and .
performance.
[51] Scalable architecture with Distributed NZ;}’;‘;:II;TCC: Kubernetes Supports high scalability for Ne;isi;?;;mtiz) Sr;e:;:;f to
(2022) lifecycle management monitoring P . numerous hetwork slices per
metrics under varying loads
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The studies above highlight the effectiveness of network slicing and advanced schedul-
ing for scalability, low latency, and efficient resource management in 5G-ready and beyond-
5G architectures. Approaches such as customized slice parameters, multi-level scheduling,
and novel schedulers demonstrate substantial improvements in service delivery and energy
efficiency and reduced latency. However, limitations remain, including the need for en-
hanced adaptability in larger clusters, faster failure detection, advanced scheduling criteria,
and continuous testing to manage dynamic monitoring and maintain standardized metrics.
These challenges underscore the complexity of ensuring consistent, high-performance
network slicing across diverse applications and resource demands.

Figure 5 illustrates a taxonomy of CNF orchestration approaches in 5G networks,
classified into four primary domains: Kubernetes-based methods, AI/ML-driven solutions,
service function chaining, and network slicing. Each category encompasses representative
techniques, such as ILP-based scheduling, reinforcement learning, heuristic optimization,
and Al-driven adaptive slicing. This structured view highlights the diversity of strategies
employed to optimize containerized network functions, reflecting the evolving demands of
scalability, efficiency, and responsiveness in 5G environments.

CNF Orchestration
Approaches

I
[ | I ]
Kubernetes-based AIML-driven Service Function -
Approaches Approaches Chaining (SFC) Network Slicing
ILP-based Reinforcement Deterministic | | lLP/Mthemgtical
| Scheduling u Learning | Placement Programming
- . . Heuristic and Meta-
Heuristic Deep Learning- Learning-based SFC Sstic
— Scheduling | based Scheduling | || Allocation - heuristic Models
Learning-based Fuzzy/Neuro-fuzzy Heuristic-based Al-driven Adaptive
Scheduling L Models L | Optimization L Slicing

Figure 5. Taxonomy of CNF orchestration approaches for 5G networks.

3.2. Containerized 5G Applications

The transition to cloud-native applications involves breaking down software into
smaller components known as microservices, which can then be individually packaged
using containerization technology. Containers, a form of virtualization, segregate system
instances from user space within a single operating system kernel, unlike traditional virtual
machines (VMs), which virtualize entire machines. While this approach offers benefits in
communication performance between containers, it also introduces challenges, as all the
containers compete for the same system resources, potentially leading to inefficiencies. Con-
tainers operate as unique processes within the operating system, each with limited access
to resources, such as the file system tree, network interfaces, memory allocation, and disk
I/0 throughput. Present container service frameworks lack intelligent resource schedul-
ing, often resulting in suboptimal application execution times, underutilized container
instances, and a constrained number of deployable apps. The authors in [52] introduce
a novel container orchestrator leveraging an integer linear-programming optimization
model to address the limitations of traditional orchestration and achieve optimal placement
with minimal downtime in hybrid computing environments. Due to the optimization
model’s time complexity, they also propose an accurate heuristic model that provides near-
optimal results in significantly less time, enabling real-time orchestration. The solutions
are activated upon detecting or anticipating a failure. Initially, the host takes a snapshot
of all the hosted containers and compiles a list of their allocated resources, dependencies,
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and constraints. A new placement is then determined, either through migration or re-
instantiation, to minimize downtime and access delay latency. This approach enhances QoS
by reducing container downtime and meeting the carrier-grade requirements of availability
and performance.

In [53], the authors introduce NetMARKS, an extension to the Kubernetes scheduler,
designed to optimize scheduling for latency-sensitive workloads. NetMARKS utilizes data
from the Istio Service Mesh to inform pod placement decisions based on real-time network
metrics, complementing existing Kubernetes scheduler functionalities without conflicts.
Through comprehensive testing, the study demonstrates significant improvements in appli-
cation response time and savings in inter-node bandwidth, highlighting the effectiveness
of leveraging service mesh data for enhanced workload scheduling within Kubernetes
environments. Although schedulers such as NetMARKS and Setpod report substantial
improvements in latency and energy efficiency, these results were validated in specific
environments (e.g., OSM-K8s and MEC testbeds). This context dependency highlights
that such enhancements cannot be generalized without careful benchmarking. In [54], the
authors aim to devise a deployment strategy for applications operating on interconnected
computing resources, particularly focusing on the edge cloud. Their primary contribu-
tions include the development of a lightweight tool for capturing cluster context data,
the creation of a versatile metric server capable of dynamically retrieving various sets of
measurements, an enhanced design for a Kubernetes-compatible scheduler that integrates
real-time data on edge infrastructure components for more dynamic and sophisticated
orchestration and management, and the enhancement of fault tolerance capabilities to offer
a more robust platform for critical IoT edge applications. This solution competes effectively
with existing standards, and the inclusion of extensive information in the decision-making
process potentially reduces the likelihood of rescheduling. In [55], the authors explore
optimal edge container selection in distributed devices for virtual aggregation edge com-
puting. They establish an architecture for container selection, construct a task graph, and
model collaborative edge-node interactions. Quality metrics guide multi-objective opti-
mization for optimal container combinations using an improved ant colony algorithm. This
strategy enhances service quality by reducing the response delay and capacity loss and
improving sensitivity and the overall QoS of virtual aggregation edge computing services
in heterogeneous environments.

In [56], the authors introduce the Polaris Scheduler2, which is a scheduler designed
specifically for edge environments, with a focus on service-level objectives (SLOs). Their
contributions include developing a scheduling framework that prioritizes SLOs and takes
into account network topology. They also introduce the use of a service graph and a cluster
topology graph to represent application SLOs and edge network structures, respectively.
Additionally, they provide a set of scheduling plugins that leverage these frameworks to
ensure that network SLOs are upheld during the scheduling process. In [57], the authors
propose a method to address the joint issues of selecting mobile edge hosts (MEHs) and
computing traffic paths. They introduce a graph framework capable of incorporating both
network-layer and application-layer performance considerations, effectively consolidat-
ing these problems into a single optimization task. To tackle this task, they propose the
multi-objective Dijkstra algorithm (MDA) to compute the Pareto front of the multi-objective
shortest path (MOSP) model, which allows for accommodating applications with diverse
requirements. They validate the performance of the MDA through a hybrid testbed compris-
ing simulative, emulative, and experimental components. Additionally, they demonstrate
the integration of the MDA with a 5G-MEC system through the implementation of a
controller that manages input retrieval and output application for both the network and
application layers. This serves the purposes of MEC host selection and traffic path deter-
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mination, migrating applications with minimal impacts on the network performance and
user experience. The authors in [42] introduce the ContMEC architecture to enable the
user equipment (UE) to offload portions of applications to the MEC infrastructure. The
architecture addresses two main requirements by creating a computing cluster at each edge
station, implementing hierarchical resource management, and establishing overlapping
computing clusters. ContMEC aims to utilize an existing container orchestration system
without modifications for easy deployment, despite these systems not originally consid-
ering MEC infrastructure. The feasibility of the ContMEC architecture is demonstrated
through a proof-of-concept (PoC) implementation using Kubernetes as the unmodified
container orchestration system. The study in [58] aims to investigate Kubernetes features
for resource scheduling to improve the availability and resilience of NFV networks. The
authors specifically target features that address resource scheduling to mitigate failure risks
in deployed network services. Additionally, they propose a statistical method to calculate
parameters for each CNF, considering future demands and the criticality of the hosted
network function. The authors in [59] propose a distributed virtual-network-embedding
mechanism for [oT applications on distributed edge infrastructure. The key contributions
include a heuristic for optimally mapping VNFs within edge-computing infrastructure
to minimize resource utilization, a shortest-path-based algorithm to find the distributed
virtual-network-embedding DVNE solution that minimizes round-trip delay with different
forward and backward paths for a virtual network (VN), and numerical results demon-
strating that the proposed algorithm computes optimal or near-optimal solutions quickly
compared to existing studies. The authors in [60] developed a scheduling algorithm for fog
computing called the IPerf Algorithm (IPA) to address the need for the efficient use of fog
resources in IoT applications with time constraints. They designed IPA to provide quality
of service (QoS) by executing applications within their deadlines, taking into account the
network status and estimating job completion times. They implemented IPA as an extension
to the Kubernetes default scheduler and tested various configurations of IPA against other
proposals. They found that one configuration, IPA-E, significantly improved job execution
within deadlines by at least 30% compared to other methods, demonstrating the critical
role of scheduling algorithms in QoS provision and the importance of considering network
status and job completion estimates in scheduling decisions. Sophisticated schedulers, such
as Polaris2 and IPA-E, while claiming latency reductions and improved SLO awareness,
operate under stochastic or approximation policies that may undermine predictability.
A comparative review of the convergence behavior, resource utilization overhead, and
scheduling delays indicates that while these approaches offer significant benefits, they
must also be balanced against operational drawbacks.

Table 6 provides a comparative overview of prominent multi-objective scheduling
algorithms applied in Kubernetes for 5G environments. The table highlights how each
method addresses critical factors, such as scalability, latency, energy efficiency, operational
overhead, and real-time responsiveness. By contrasting ILP-based solvers, heuristic ap-
proaches, like DRAP, hardware-assisted placements (SR-IOV), and advanced Al/ML-based
orchestrators, such as DRL, AIRO, NetMARKS, Polaris2, and IPA-E, the table emphasizes
the tradeoffs among computational complexity, adaptability, and performance in dynamic
5G deployments.

The default Kubernetes scheduler is effective for general workloads but demonstrates
clear limitations in multi-objective optimization and responsiveness. In 5G scenarios, this
leads to suboptimal performance in latency-sensitive or resource-constrained contexts,
underscoring the need for custom scheduling enhancements.

Table 7 provides a summary of various Kubernetes-scheduling algorithms tailored for
5G applications/use cases.
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Table 6. Comparative overview of multi-objective scheduling algorithms in Kubernetes for 5G environments.

. o1 Energy Operational Real-Time
Algorithm/Scheduler Scalability Latency Efficiency Overhead Responsiveness
ILP-based solvers [24] . Low (.NP’ hard; Moderate Neutral High (computational Poor (slow convergence)

impractical at scale) cost)
DRAP heuristics [25] Moderate Improved Neutral Low-moderate lelted.(heu'nshc
approximations)
SR-IOV CNF placements High (}}ardware Very low (fast Moderate Hardware dependent Good (if hardware is available)
[32] assisted) throughput)
DRL-based orchestrators High (learning Improved Varies (depending High (training cost and Moderate (depending on
[27] adaptation) P on training) instability) observability)
AIRO [37] Moderate Improved Improved High (ComPIex Limited under dynamic conditions
orchestration)
NetMARKS [53] Moderate Improved Improved Low-Moderate Context d:}})):?icflii?t (testbed
Setpod scheduler [49] Moderate Improved Improved Moderate Context dependent
30% latenc, Moderate
Polaris2 [56] High o atency Neutral (approximation Limited predictability
reduction
methods)
IPA-E [60] High Reduced latency Neutral Moderate-high (network Possible scheduling delays

aware)

Table 7. Summary of Kubernetes schedulers for containerized 5G applications.

Reference, Year

Algorithm

Type of Algorithm

Type of Dataset

Testing Tool

Advantage

Disadvantage

[52]
(2022)

Edge-computing-
enabled container
migration/re-
instantiation (EC2-MRI)

Real-time heuristic

I0T applications

Testbed based

By optimizing container placement,
applications can execute faster,
leading to better performance and
shorter execution times.

Underutilized container instances
lead to inefficient use of resources.

[53]
(2021)

NetMARKS represents
an innovative approach
to Kubernetes pod
scheduling, utilizing
advanced techniques.

Dynamically collected network metrics
through the Istio Service Mesh

Different workloads and
processing layouts

Kubernetes

NetMARKS optimizes Kubernetes
scheduling for 5G workflows,
saving up to 50% of the inter-node
bandwidth and reducing response
times by 37%.

Its drawback is the lack of a
detailed experimental setup and
specific results, hindering
evaluation and reproducibility.

[54]
(2019)

Dynamic orchestration of
edge-native applications
on 5G

The algorithm dynamically
coordinates edge-native 5G
applications, considering physical,
operational, network, and software
parameters.

Real-time information
about edge infrastructure
components

Kubernetes

The strategy broadens node
capabilities but needs improvement
in scheduling speed and efficiency

for demanding deployments.

Enhancements could include
empowering users to fine-tune
scheduling strictness by specifying
the degree of influence that
assigned parameters have on the
final score.

[55]
(2023)

Two-population ant
colony algorithm to solve
the container resource
allocation problem

Dynamic multi-objective algorithm

Real-time sensing data

Kubernetes and
Docker

The goal is to attain the best
allocation of edge container
resources for distributed devices in
edge-computing scenarios,
ensuring effective utilization.

The proposed model and algorithm
introduce complexity, requiring
advanced implementation and

oversight.

[56]
(2022)

Polaris Scheduler is
designed to be SLO
aware.

Heuristic algorithm

Real-time collected data

Kubernetes

The scheduler models edge
topology as a cluster topology
graph, capturing network quality
for accurate environment
representation and improved
microservice placement.

The added network QoS and
dependency considerations
increase resource requirements,
impacting scheduling efficiency.

[57]
(2023)

Multi-objective Dijkstra
algorithm (MDA)

Multi-objective Dijkstra algorithm

VideoLan application
between multiple
multi-access
edge-computing (MEC)
hosts (MEHs)

Testbed based on
AdvantEDGE and
Kubernetes

The results show that MDA can
migrate applications with minimal
impacts on network performance
and user experience, addressing the
challenges of mobility and resource
allocation in MEC systems.

Implementing MEC entails
managing edge infrastructure,
incurring high costs, and raising
security and privacy concerns due
to processing sensitive data at the
edge.

[42]
(2022)

Container orchestration

ContMEC's algorithm involves
creating computing clusters per edge

system for th.e PoC station, implementing hierarchical
implementation of resource management, and deployin;
ContMEC 8 / ploying

overlapped computing clusters.

The control traffic in
Kubernetes for container
deployment and health
checks occurs between
the cluster master and
worker nodes, as well as
between the cluster
master and UEs when
joining the computing
cluster in ContMEC.

Kubernetes

The ContMEC architecture
efficiently offloads applications to
MEC servers, promoting scalability
and resource sharing, as
demonstrated in a
Kubernetes-based PoC.

Implementing applications as
container clusters can introduce
management and maintenance
complexity, potentially increasing
overhead in orchestration and
monitoring.

[58]
(2022)

KRS: Kubernetes
resource scheduler for
resilient NFV networks

Kubernetes resource scheduler

10 to 20 CNFs deployed
at each node

Kubernetes

The KRS algorithm allocates
memory and CPUs for critical
CNFs, leverages Kubernetes
customization, and optimizes CNF
coexistence to improve stability
post deployment.

Optimizing KRS involves
mastering statistical methods, GAs,
parameter tuning, continuous
adaptation for resilience.

[59]
(2023)

sV-VNM algorithm

Round-trip delay minimization

IoT-based applications

Kubernetes and
OpenStack

The proposed algorithm offers
time-efficient DVNE solutions for
ToT applications with strict delay

requirements, optimizing resource
usage and ensuring timely service
delivery, cost savings, and
improved network performance.

The worst-case complexity of the
proposed algorithm is O(kn3),
which may limit scalability or

numerous VNE requests,
necessitating efficient complexity
management.

[60]
(2021)

IPerf algorithm (IPA)

Network-aware scheduling algorithm

200 jobs

Kubernetes

The IPA improves QoS by
executing applications within
deadlines, considering the network
status, and estimating job
completion times.

The current limitations and
complexity of IPA necessitate
improvements in prediction
calculations, advance scheduling,
and the inclusion of additional
network metrics.
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3.3. Performance Metrics of the Kubernetes Scheduler in 5G

The outlined metrics provide a comprehensive framework for the evaluation of Ku-
bernetes scheduling in the dynamic landscape of 5G environments. The availability un-
derscores the importance of consistent accessibility and reliability, while the performance
strives for equilibrium through effective load management, resource optimization, and
adherence to affinity rules tailored for the specific demands of 5G applications. The save
bandwidth parameter focuses on efficiency by employing data compression and stream-
lined communication strategies. The response time places a premium on swift system
responsiveness, achieved through the minimization of delays and optimized resource
management. Flexibility introduces dynamic resource allocation and scaling, ensuring
the adept handling of diverse workloads. The deployment time represents the duration
required for efficient orchestration and container deployment. Cost considerations take into
account economic factors associated with resource utilization and infrastructure. Resilience
tackles the system’s recovery from failures, employing mechanisms like fault tolerance.
The time of scheduling designates the allocated duration for executing scheduling pro-
cesses. The metaphorical description of the cluster temperature encompasses the overall
load and resource utilization, including strategies like load balancing and dynamic scal-
ing. Energy consumption pertains to optimized power usage through strategies such as
dynamic resource allocation. Fault tolerance guarantees system reliability, especially in
the face of failures, while load balancing involves the even distribution of workloads to
sustain the optimal performance. Ultimately, QoS (quality of service) ensures the fulfilment
of performance expectations, assuring users a reliable and satisfactory experience in the
ever-evolving 5G landscape.

The key metrics in 5G networks encompass various aspects crucial for evaluating
performance and user experience. Latency measures the delay in communication, while the
served traffic quantifies the data volume exchanged between users and devices. Through-
put denotes the rate of data transfer, while computation time indicates processing durations
for tasks. QoE (quality of experience) reflects the overall user satisfaction with network
services. Execution time gauges the task completion duration, while security ensures data
protection. QoV (quality of video) assesses visual content fidelity, and the MOS (mean
opinion score) subjectively evaluates communication quality. These metrics collectively
provide insights into the effectiveness, reliability, and usability of 5G networks and services.

Table 8 displays the various parameters that govern the functionality of scheduling
algorithms in the context of 5G with Kubernetes.

Table 8. Performance metrics of multi-objective Kubernetes scheduling algorithms in 5G.

Metric Description
Availability Availability refers to the system’s ability to ensure consistent accessibility of applications
[12,29,35].
. Reliability refers to the consistent and dependable performance of the network in providing
Reliability .7 . .
connectivity, data transmission, and other services to users [40].
Performance is achieved by balancing loads, optimizing resources, and applying affinity rules to
Performance ensure effective allocation for meeting the low-latency and high-throughput demands of 5G
applications, enhancing the overall system responsiveness and scalability [12].
Bandwidth The bandwidth requirement involves efficient data compression, minimizing unnecessary

transfers and optimizing communication patterns [55,56].

Response Time

The response time refers to the duration taken for the system to process and respond to a request.
It is achieved by minimizing workload allocation delays, optimizing resource management, and
prioritizing low-latency communication [29,55].
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Table 8. Cont.

Metric Description
Flexibility involves dynamically allocating resources, adapting scaling, and supporting diverse
Flexibility workloads, enabling rapid adjustment to changing demands and ensuring versatility in handling
various applications within the 5G environment [33].
Deployment time refers to the duration required for efficient orchestration, streamlined container
Deployment Time deployment processes, and optimized resource allocation, ensuring swift and timely deployment
of applications within the dynamic environment [48].
Cost Cost refers to the economic considerations associated with resource utilization, infrastructure
expenses, and efficiency in managing computing resources [33].
Resilience refers to the system’s capability to withstand and recover from failures or disruptions
Resilience by employing mechanisms such as fault tolerance, automatic workload recovery, and dynamic
resource reallocation [33].
Scheduling duration refers to the duration taken for the execution of scheduling processes,
Scheduling Duration including workload allocation decisions, resource assignments, and real-time decision making

[54].

Cluster Temperature

Cluster temperature metaphorically describes the overall load and resource utilization within the
cluster. It refers to the strategies, such as load balancing and dynamic scaling, employed to
maintain optimal temperatures by preventing resource bottlenecks and ensuring efficient
performance [54].

Energy Consumption

Energy consumption refers to the amount of power utilized by the system, which is optimized
through strategies like dynamic resource allocation and load-aware scheduling [61].

Fault Tolerance

Fault tolerance the system’s ability to withstand and recover from failures by employing
mechanisms such as pod replication and dynamic workload rescheduling, ensuring
uninterrupted operation and reliability in the face of node or pod failures within the dynamic 5G
environment [12].

Load Balancing

Load balancing involves distributing workloads evenly across cluster nodes, optimizing resource
usage, and preventing bottlenecks, ensuring efficient allocation of computing resources and
maintaining optimal performance in the dynamic 5G environment [55].

Quality of Service (QoS)

QoS (quality of service) refers to the system'’s ability to meet the performance expectations of
applications, ensuring optimal resource allocation, low latency, and high throughput to deliver a
reliable and responsive user experience [55].

It represents the delay experienced during communication and is typically measured in

Latency milliseconds (ms) [57,59].
This refers to the volume of data transmitted over the network to and from users or devices
Served Traffic within a specific period. It encompasses all the data packets sent and received, including voice
calls, video streams, text messages, and internet browsing, among others [44,62].
Refers to the rate at which data can be transferred over the network within a given period,
Throughput

typically measured in bits per second (bps) or megabits per second (Mbps) [57].

Computation time

This refers to the duration it takes for network devices or systems to process and analyze data,
execute tasks, and generate responses. It encompasses various processes, such as data
transmission, reception, signal processing, protocol handling, and application execution [42].

Quality of Experience (QoE)

This refers to the overall satisfaction and perception of users regarding the performance,
reliability, and usability of services and applications delivered over 5G networks [27].

Execution Time

This refers to the duration taken to complete a specific task or operation within the network
infrastructure or on end-user devices. It encompasses the time required for processing user
requests, executing network functions, and delivering services or applications over the 5G
network [59].

This refers to the measures and protocols implemented to safeguard the integrity, confidentiality,

Security and availability of data and communications within the 5G network [31].
Quality of video (QoV) refers to the level of excellence or fidelity in visual content delivered over
QoV 5G networks. It encompasses factors such as resolution, frame rate, compression efficiency,
latency, and reliability of the video stream [39].
MOS Mean Opinion Score This refers to a subjective measure used to assess the perceived quality of communication

services, including voice and video, experienced by users [39].
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Table 8. Cont.

Metric Description

Ensuring minimal downtime is crucial for maintaining high availability and performance levels,

D ti . . . . . .
owntime especially in situations where uninterrupted service is essential [52].

This is the period between the starting time of the execution and the completion time of a set of
tasks [24,26].

Efficiency refers to the optimal orchestration and management of network resources to achieve
high performance and service quality [58].

Makespan

Efficiency

Table 9 outlines the parameters associated with the multi-objective algorithms re-
viewed in the context of 5G with Kubernetes.

Table 9. The parameters in the reviewed multi-objective algorithms in 5G with Kubernetes.

So0

uedsaye
400

QWIL], UOTINIIXH

ERMVEREY EN |
Aiqerreay
dUBUWLIONIDJ
ypmmpueg

duury, asuodsayg
Anpqorg

sury, juswiordag
350D

awgumo(q
dUAI[ISAY

uonein( Surmpaydg
arnjeraduway, 133sn[)
uondumsuo) ASrauy
dueId[O] Jneg
Sunuereg peo
Ad>uardyyy

dyjJeil, pIAIdS
Aduage|

mdySnoxyy,

swiy, voneyndwo)
Ajmodag

A0D

UOHRZI[I}) DIN0SIY
Aipiqeresg
Aqerey

3100g uorurdQ ueapy

2A1323(qO-BNARISUIS
AZayeng Surmnpaypdg

[32]

<
<
<
MmN
orureuf (g

g8
<
<
<
BNIA
orwreuk (g

)
]
<.
<
<
<
DA
oruwreuf

[36] i vi v oV

UM
orureu£ (g

[37] v vV oV v

BN
orwreuf (g

[38] v v v v

DA
orureuf (g




25 of 39

Computers 2025, 14, 390

Table 9. Cont.

Scheduling Strategy
Single/Multi-Objective
Mean Opinion Score
Reliability

Scalability

Resource Utilization
QoV

Security

Execution Time

QoE

Computation Time
Throughput

Latency

Served Traffic
Efficiency
Makespan

QoS

Load Balancing
Fault Tolerance
Energy Consumption
Cluster Temperature

Scheduling Duration

Resilience
Downtime

Cost
Deployment Time

Flexibility
Response Time
Bandwidth
Performance
Availability

Reference

Dynamic

Multi

v

[27]

Dynamic

Multi

VARV

[40]

Dynamic

Multi

411 v

Dynamic

Multi

[43]

Dynamic

Multi

[44]

Dynamic

Multi

41y v

Dynamic

Multi

v

[46]

Dynamic

Multi

v

41y v

Dynamic

Multi

[49]
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Scheduling Strategy
Single/Multi-Objective
Mean Opinion Score
Reliability

Scalability

Resource Utilization
QoV

Security

Execution Time
QoE

Computation Time
Throughput
Latency

Served Traffic
Efficiency
Makespan

QoS
Load Balancing

Fault Tolerance
Energy Consumption
Cluster Temperature

Scheduling Duration

Resilience
Downtime

Cost

Deployment Time
Flexibility
Response Time
Bandwidth
Performance
Availability

Reference

Dynamic

Single

[50]

Dynamic

Multi

[51]

Dynamic

Multi

[59]

Dynamic

Multi

[60]

Dynamic

Multi

Dynamic

Single

[48]

Dynamic

Multi

[54]

Dynamic

Multi

1551 v

Dynamic

Multi

[56]
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Scheduling Strategy
Single/Multi-Objective
Mean Opinion Score
Reliability

Scalability

Resource Utilization
QoV

Security

Execution Time

QoE

Computation Time
Throughput
Latency

Served Traffic
Efficiency
Makespan

QoS
Load Balancing

Fault Tolerance
Energy Consumption
Cluster Temperature
Scheduling Duration
Resilience
Downtime

Cost
Deployment Time

Flexibility
Response Time
Bandwidth
Performance
Availability

Reference

Dynamic

Multi

[63]

Dynamic

Multi

[61]

Static

Multi

[28] v

Dynamic

Multi

[34]

Dynamic

Multi

[57]

Dynamic

Multi

[42]

Dynamic

Multi

B2y v

Dynamic

Multi

[59]

Dynamic

Multi

v

[31]
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3.4. Limitations of the Current Literature

Although this review systematically examines multi-objective Kubernetes scheduling
for 5G, several limitations remain. The study synthesizes findings from peer-reviewed
publications indexed in digital libraries, such as IEEE, Springer, and ScienceDirect, which
excludes gray literature (e.g., GitHub implementations, CNCF white papers, and OSM
requirements) that may provide practical insights. Despite applying structured inclu-
sion and exclusion criteria, some subjectivity persists in categorizing algorithms across
overlapping typologies, particularly among heuristic, hybrid, and ML-driven approaches.
Furthermore, while numerous studies address critical objectives, such as latency, energy
efficiency, or throughput, most focus on isolated aspects without proposing unified frame-
works capable of balancing these conflicting goals in real-world deployments. Much of
the evidence relies on simulation or testbed studies, raising concerns about applicability
to large-scale 5G networks. Limited attention has also been given to predictive Al-based
scheduling, interoperability with standards like Open RAN, and validation across hetero-
geneous infrastructures. These limitations highlight opportunities for future surveys to
broaden source coverage, apply more formal evaluation frameworks, and validate findings
through empirical 5G testbeds, leading to more comprehensive, adaptive, and practically
validated solutions.
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4. Advantages and Disadvantages of Integrating 5G Technology
with Kubernetes

Kubernetes provides a robust framework for managing and orchestrating container-
ized applications, making it well suited for the dynamic and distributed nature of 5G
networks. However, while Kubernetes brings several benefits, such as scalability, flexibility,
and automation, it also poses challenges in terms of complexity, security, and integration
with legacy systems. In this discussion, we explore the advantages and disadvantages of
Kubernetes in the context of 5G technology deployments.

Advantages of Kubernetes in 5G

1.  Dynamic Scalability for 5G Traffic: Kubernetes enables operators to dynamically
add/remove nodes to manage fluctuating 5G traffic, such as ultra-reliable low-latency
communication (URLLC) and enhanced mobile broadband (eMBB) services [64];

2. Automation for CNFs: Kubernetes automates CNF deployment, scaling, and recovery
across distributed 5G infrastructure, reducing manual intervention in handling core
and RAN functions [65];

3. High Availability for 5G Services: Ensures uninterrupted 5G services by restarting
failed pods, reallocating workloads, and distributing slices to maintain ultralow
latency requirements [66];

4.  Flexibility Across 5G Deployments: Supports hybrid and edge-cloud environments,
enabling orchestration of 5G functions across on-premises sites, cloud, and edge nodes
for network slicing [44];

5. Security for Telecom-Grade Workloads: Role-based access control, encrypted node
communication, and fine-grained policies help to secure 5G CNF deployments against
evolving threats [67].

Disadvantages in 5G Integration

1.  Complexity for Telecom Operators: Running Kubernetes in multi-domain 5G net-
works requires deep expertise in telecom protocols and distributed systems, creating
adoption barriers [68];

2. Resource Overhead in 5G Core/RAN: Kubernetes’ control plane consumes significant
CPU/memory, which may reduce efficiency in dense 5G core deployments [69];

3. Operational Complexity in Large 5G Networks: Maintaining Kubernetes clusters
across heterogeneous RAN, edge, and core locations adds monitoring and trou-
bleshooting burdens [5];

4. Security Risks in 5G Environments: Expanded attack surfaces, including insecure
container images or poorly configured policies, pose risks to critical 5G workloads [67];

5. Vendor Lock-in for Telecom Clouds: Reliance on cloud-managed Kubernetes ser-
vices risks limiting portability of 5G network functions across multi-cloud environ-
ments [23].

Challenges for 5G Service Providers

1. Policy Control Across Protocols: Difficulty in applying consistent scheduling and
policy control across mixed traffic (4G protocols like SIP and SCTP vs. 5G NR slic-
ing) [64];

2. Security Enforcement Across Layers: Ensuring end-to-end security across multi-layer
5G CNF architectures remains a challenge [67];

3. Limited Visibility of Network Flows: Difficulty in monitoring intra-slice traffic, mak-
ing optimization of 5G CNF scheduling less transparent [38];

4. Revenue Model Limitations: Dependence on legacy 4G billing systems while deploy-
ing standalone 5G cores delays ROI for operators [70].
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5. Comparing Container Orchestration Solutions for Modern
Deployment Needs

Choosing the right container orchestration solution is critical to meet the demands of
modern deployment environments, particularly in the context of 5G’s high-throughput, low-
latency, and edge-oriented requirements. While Kubernetes has emerged as the most widely
adopted platform due to its scalability, flexibility, and ecosystem support, alternatives, such
as Docker Swarm and Nomad, offer simplicity and ease of use for smaller or less complex
deployments, whereas Mesos and Apache Aurora provide stronger support for large-
scale, enterprise-grade workloads. Platforms, like OpenShift and Rancher, and managed
services, such as Amazon ECS, Google Kubernetes Engine (GKE), Azure Kubernetes Service
(AKS), and IBM Cloud Kubernetes Service, deliver enhanced capabilities by integrating
orchestration with additional tools for automation, monitoring, and security. As shown in
Table 10, the choice among these solutions depends largely on the deployment context: For
instance, 5G-native scenarios require orchestration frameworks that can balance scalability
and responsiveness at the edge while minimizing latency and resource overhead [62].

Table 10. Comparing alternative container orchestration solutions to Kubernetes.

Feature Development Application Suitability Infrastructure Setup
Simple setup and user-friendly Smaller deployments and .
Docker Swarm interface teams with less experience Docker Simple and easy to set up
Easy to use, lightweight, and Smaller teams; does not Any 1nfrastructure Straightforward setup: no
Nomad Aexible require complex (public/private clouds and complox configtiration needed
setup/configuration bare metal) P 8
Modular architecture Teams with advanced needs Requires expertise for set
Mesos integrated with different and expertise to manage Any infrastructure (flexible) equ e; © PF se t.o setup
runtimes complexity and configtration
OpenShift Additional features/tools for Teams looking for a more Kubernetes-based platform May require more setup and
P simplified management complete container platform can run on any infrastructure configuration effort
Complete container Teams needing a complete Kubernetes and other Easv to set nd
Rancher management platform that is container platform and container orchestration tools a_sfy' ° zﬁ 1'1pta P
easy to use preferring managed service as a service userinendiy intertace
Fully managed container Teams already using AWS and .
Amazon ECS service that is simple and cost looking for fully managed AWS cloud _ Fully managed by AWS;
effective solution simple setup and management
Gooele Kubernetes Engine Fully managed Kubernetes Teams already using GCP and Fully managed by Google;
& (GKE) & service that is scalable and looking for fully managed Google Cloud Platform (GCP) easy deployment and
secure Kubernetes management

Microsoft Azure Kubernetes

Fully managed Kubernetes

Teams already using Azure

Fully managed by Microsoft;

Service (AKS) service; simple deploymenton  and looking for fully managed Microsoft Azure cloud easy deployment and
ervice Azure Kubernetes management
Teams already using IBM .
IBM Cloud Kubernetes Service Fully managed Kubernetes Cloud and looking for fully IBM Cloud Fully managed by IBM; easy

service; scalable and secure

managed Kubernetes

deployment and management

Apache Aurora

Advanced and customizable
option for container
orchestration

Teams with advanced needs
and expertise

Flexible: runs on any
infrastructure

Requires expertise for setup
and configuration

Table 10 presents alternative container orchestration solutions to Kubernetes.
Figure 6 presents a taxonomy of Kubernetes scheduling for 5G. It maps core compo-

nents, scheduling techniques, and optimization goals, showing how Kubernetes’s architec-
ture connects with algorithmic strategies to address latency, energy, and resource efficiency
in 5G environments.
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Figure 6. Taxonomy of Kubernetes-scheduling approaches for 5G networks.

6. Applications Enhanced by Kubernetes in 5G Environments

In the context of 5G, Kubernetes offers several advantages for applications that require

high availability, scalability, and efficient resource management [64]. Here are some types

of applications that benefit from using Kubernetes in a 5G environment:

1.

Service Orchestration and Automation: 5G networks require complex service orches-
tration to efficiently manage resources and deliver services to end-users. Kubernetes
can orchestrate and automate various network functions, such as (VNFs) and con-
tainerized network functions (CNFs), ensuring smooth service delivery and dynamic
scaling to meet changing demands;

Network Slicing: 5G enables network slicing, where a single physical network is
partitioned into multiple virtual networks to support different use cases with varying
requirements. Kubernetes can manage the deployment and scaling of applications
within each network slice, ensuring isolation and efficient resource utilization;

Edge Computing: Kubernetes is well suited for deploying and managing applications
at the network edge, where low latency and high performance are critical. Edge
applications in 5G networks, such as IoT services, video analytics, and augmented
reality (AR) applications, benefit from Kubernetes’s ability to manage containers close
to end-users, reducing latency and improving responsiveness;

Workflow Schedulers: Workflow schedulers, such as Airflow or Argo, are essential
for orchestrating complex data-processing pipelines and workflows in 5G environ-
ments. Kubernetes can manage the execution of workflow tasks across distributed
environments, ensuring reliability, scalability, and efficient resource utilization;
Real-time Analytics and Monitoring: 5G networks generate large amounts of data
that require real-time analytics and monitoring to optimize network performance and
ensure quality of service (QoS). Kubernetes can deploy and manage analytics and
monitoring applications, such as Prometheus and Grafana, to collect, analyze, and
visualize network data in real time;

Content Delivery Networks (CDNs): CDNs in 5G networks benefit from Kubernetes’s
ability to dynamically scale and distribute content delivery nodes closer to end-users.
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Kubernetes can deploy and manage CDN nodes across distributed edge locations,
optimizing content delivery and reducing latency for multimedia and streaming services.

However, to properly evaluate these orchestration tools in the context of 5G, it is
necessary to move beyond generic deployment features and assess them against stringent
requirements, such as scalability, low latency, and edge-native orchestration. Kubernetes
has been validated in telecom-grade deployments for containerized network functions
(CNFs) and edge computing [20,28,35,57], offering support for ultralow latency, resilience,
and multi-objective scheduling strategies [12,13,24]. For instance, Kubernetes-based frame-
works enable network slicing [47,50] and proactive resource allocation in mobile-edge-
computing (MEC) scenarios, directly addressing performance goals, such as throughput
and response time. In contrast, lighter solutions, like Docker Swarm or Nomad, may offer
simplicity but lack the maturity to handle large-scale, latency-sensitive 5G applications.
More complex options, such as Mesos and Apache Aurora, can manage distributed sys-
tems, yet they introduce higher operational overhead without the integrated CNF support
found in Kubernetes. Managed services and extended platforms, like OpenShift, GKE,
or AKS, enhance Kubernetes’ capabilities but raise tradeoffs in cost, interoperability, and
vendor lock-in [25,69]. By situating alternatives within 5G-specific KPIs, such as scalability,
latency, and energy efficiency, this survey highlights why Kubernetes remains the dominant
orchestrator for next-generation telecom networks.

7. Research Gaps and Future Directions

The future landscape of research in Kubernetes resource management holds significant
promise, particularly in the enhancement and proposition of innovative resource man-
agement algorithms. At present, Kubernetes resource management relies predominantly
on optimization-modeling frameworks and heuristic-based algorithms. Future research
endeavors can explore untapped potential in this realm, aiming to propose more effective
and efficient algorithms that align with the evolving demands of distributed, heteroge-
neous environments. The challenges posed by managing complex, dynamic workloads
provide a focal point for future investigations, necessitating the development of sophisti-
cated algorithms and techniques. Key areas of exploration may include refining workload
placement, resource allocation, and load-balancing strategies, as well as venturing into
novel approaches to containerization and virtualization. This section elucidates the pri-
mary challenges encountered and proposes future recommendations within the domain of
multi-objective scheduling algorithms using Kubernetes in the context of 5G.

7.1. Key Challenges in Multi-Objective Scheduling for 5G with Kubernetes

Kubernetes resource management optimization approaches are typically grouped into
five key objective functions: dynamic workload variation, heterogeneous infrastructure,
quality-of-service (QoS) requirements, real-time responsiveness, and energy efficiency.
However, the challenge lies in simultaneously optimizing these often-conflicting objectives,
particularly given the varying environments, schemes, and constraints involved. The
context and scope of virtual resource placement management play crucial roles when
selecting the appropriate problem setting for Kubernetes resource optimization.

1.  Dynamic Workload Variation: 5G networks exhibit diverse and dynamic workloads.
Adapting scheduling algorithms to handle these variations efficiently is a signifi-
cant challenge. Inconsistent workload handling may lead to suboptimal resource
utilization and compromise performance objectives [20,35];

2. Heterogeneous Infrastructure: The presence of diverse hardware in 5G networks
requires scheduling algorithms to account for heterogeneity for optimal resource
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allocation. Failure to address hardware diversity can result in inefficient resource
utilization and hinder the achievement of scheduling objectives [28,38];

3. Quality-of-Service (QoS) Requirements: Multi-objective scheduling must balance
conflicting QoS requirements for different applications, including latency, through-
put, and reliability. Failure to meet QoS targets may result in degraded application
performance and user dissatisfaction [12,27,29];

4.  Real-time Responsiveness: The need for real-time responsiveness in 5G applications
requires scheduling algorithms to make rapid decisions based on changing condi-
tions. Delays in decision making can lead to performance bottlenecks, especially for
applications with stringent latency requirements [25,54];

5. Energy Efficiency: Efficient energy consumption is crucial in 5G networks, necessi-
tating scheduling algorithms to consider the energy impacts of resource allocation
decisions. Inefficient energy usage can contribute to increased operational costs and
environmental concerns [68].

While significant strides have been made in addressing these challenges, several gaps
remain in the research landscape. A primary issue is the lack of unified frameworks that
can simultaneously optimize all five objectives in a scalable and efficient manner. Existing
studies often focus on isolated objectives or simplified models but fail to account for the
complex interactions between these objectives in real-world 5G deployments. Additionally,
there is a need for more adaptive and resilient scheduling algorithms that can dynamically
respond to unforeseen network conditions while maintaining optimal performance across
all the parameters.

Although Kubernetes scheduling for 5G networks has seen significant advancements,
several challenges remain that hinder its full potential. One major gap is the lack of a
unified scheduling solution that effectively handles dynamic workloads, heterogeneous
infrastructure, and real-time responsiveness. Most existing studies focus on optimizing
a single aspect, such as response times or resource utilization, rather than developing a
multi-objective approach that balances performance, efficiency, and scalability. Additionally,
while Kubernetes is widely used for managing microservices, there is still limited research
on integrating Al and machine learning to enhance predictive scheduling, which could
significantly improve decision making and adaptability under fluctuating network conditions.
Another key challenge lies in interoperability, particularly in the integration of Kubernetes
with emerging technologies, like Open RAN and 5G slicing. Without seamless compatibility,
these advancements cannot fully leverage the flexibility and efficiency that Kubernetes offers.
Security and fault tolerance also remain critical concerns, as container orchestration introduces
new vulnerabilities that need stronger mitigation strategies. Furthermore, many of the
proposed scheduling strategies are based on simulations, with limited validation using real-
world 5G deployments. This gap raises concerns about their practical effectiveness in real
network environments. Addressing these interconnected challenges will pave the way for
a more efficient, scalable, and secure Kubernetes-scheduling framework for 5G networks,
ensuring optimal performance and resilience in future telecommunication infrastructure.

7.2. Future Directions in Multi-Objective Scheduling for 5G with Kubernetes

The 5G mobile broadband network operators face significant challenges in meeting
the large-scale, dynamic, and highly distributed infrastructure demands. They must deploy
and manage thousands of radio antennae and networks while also handling software
applications across multiple layers—from the access layer to the aggregation layer and
central data centers. Moreover, they are tasked with meeting strict latency and network per-
formance standards for both applications and infrastructure. Additionally, operators need
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the agility to dynamically relocate services to optimize network performance, minimize
latency, and reduce operating costs.

Consequently, 5G architectures must adopt a service-based approach, relying on hun-
dreds or thousands of network services in the form of VNFs or CNFs spread across geo-
graphically dispersed environments. While Kubernetes partially addresses this challenge by
orchestrating and managing CNFs, it still grapples with limitations when it comes to handling
5G services at distributed locations with stringent latency and performance requirements.

A multi-objective optimization strategy is necessary to solve this problem, as it in-
volves balancing multiple, often competing goals. A number of approaches, such as heuris-
tic and meta-heuristic algorithms, have been proposed to solve this problem. Additionally,
machine-learning methods are recommended for distributed systems and large data cen-
ters to identify optimal solutions for complex problems, analyze optimization goals, and
assess the effectiveness of scheduling algorithms based on KPIs. As container technology
evolves, new scheduling, orchestration, placement, and resource management solutions
will be needed. Emerging technologies, like edge/fog computing and microservices, of-
fer new opportunities for developing real-time schedulers that prioritize responsiveness
while also considering factors such as energy consumption, dynamic workload changes,
heterogeneous infrastructure, and QoS.

Future directions include the following:

1.  Machine-Learning Integration: Integrating machine-learning techniques for dynamic
workload prediction and optimization can significantly improve the adaptability of
scheduling algorithms. Machine-learning models offer valuable insights into work-
load patterns, empowering the system to make proactive and intelligent scheduling
decisions. By discerning patterns and trends, the system can anticipate fluctuations
and efficiently scale Kubernetes clusters in preparation for expected increases or
decreases in demand [26,71];

2. Continuous Monitoring and Adaptation: Continuous monitoring enables dynamic
adjustment of scheduling algorithms in real time to optimize performance in dynamic
environments. This adaptability enhances responsiveness by assessing performance
and resource utilization across heterogeneous infrastructure components. Leveraging
real-time data, Kubernetes can allocate resources dynamically, optimizing the overall
system performance based on the specific characteristics and capabilities of each
component [72,73];

3. Quantum Computing Exploration: The exploration of quantum computing’s potential
impacts on complex scheduling scenarios in 5G networks offers new possibilities.
Quantum computing’s parallel processing capabilities may help to address multi-
objective scheduling challenges more efficiently than classical computers. Quantum
algorithms could enhance QoS optimization in resource allocation, scheduling, and
routing, thereby improving the overall efficiency in 5G networks [74,75];

4.  Standardization and Interoperability: Establishing industry standards is essential for
ensuring seamless integration between 5G components and Kubernetes, fostering
interoperability for efficient scheduling. Standardized interfaces enable dynamic
service orchestration within Kubernetes, allowing for automatic resource allocation
and configurations to meet real-time responsiveness requirements. This reduces
compatibility issues and promotes widespread adoption by providing a common
foundation for deployment and management [76,77];

5. Autonomic Computing Principles: Applying autonomic computing principles to
scheduling algorithms in 5G with Kubernetes enables self-configuring and self-
optimizing systems. These systems enhance adaptability and reduce the need for
manual intervention. By continuously monitoring workloads in a 5G environment,
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autonomic systems dynamically scale resources based on real-time conditions, opti-
mizing energy consumption while meeting service-level objectives [74,78].

Emerging technologies, such as edge computing and 5G networks, present additional
avenues for future research in Kubernetes resource management. There is an opportunity
to leverage these technologies to usher in more efficient and scalable resource management
practices within the Kubernetes ecosystem. As edge computing and 5G networks continue
to evolve, their integration holds potential for optimizing resource allocation strategies,
thereby addressing the unique challenges posed by dynamic computing environments [13].

Shifting focus to the virtualization network layer, findings from evaluated studies
underscore the crucial roles played by network topology in fog/edge-computing envi-
ronments, particularly for IoT applications. The optimization objective is to minimize
latency and maximize throughput for client requests, showcasing the importance of net-
work design in enhancing performance. Additionally, some research papers have delved
into the scheduling of flows in NFV environments, specifically designed to accommodate
the diverse use cases envisioned by 5G technology. Future research in this domain can
further explore and refine network layer virtualization strategies, aligning them with the
evolving requirements of IoT and 5G technologies. This multifaceted approach, encompass-
ing algorithmic advancements, technological integration, and network layer optimizations,
outlines the expansive and promising future directions for research in Kubernetes resource
management [13].

Future directions could also involve the integration of Kubernetes with Open-RAN
for end-to-end network slicing and assessing the scalability of the implemented 5G core
network, emphasizing ongoing efforts to enhance practical applications and optimize
deployment, in line with evolving standards and requirements [28].

8. Conclusions

The integration of Kubernetes with 5G networks presents a transformative approach
to container orchestration, enhancing scalability, resource efficiency, and automation in
next-generation network environments. This study has provided a comprehensive review
of multi-objective scheduling algorithms, highlighting their impacts on optimizing quality-
of-service (QoS) parameters, such as latency, resource utilization, and energy efficiency.
Kubernetes’s ability to dynamically manage containerized workloads aligns well with the
evolving demands of 5G, enabling flexible and resilient service delivery.

At the same time, the study identified several key gaps that hinder the full realization
of Kubernetes’s potential in 5G deployments. Most existing solutions remain focused on
single objectives rather than offering unified frameworks that address dynamic workloads,
heterogeneous infrastructures, and real-time responsiveness simultaneously. Limited adop-
tion of predictive intelligence, challenges in interoperability with emerging technologies,
and the lack of validation in real-world 5G environments further highlight the need for
continued research.

By integrating recent advancements and offering a structured overview, this study
contributes not only a review of the current landscape but also a clearer picture of where
future work must focus. Specifically, progress is needed in developing adaptive and resilient
scheduling algorithms, integrating Al-driven orchestration, and strengthening security and
interoperability. In doing so, this work provides a practical roadmap for researchers and
practitioners aiming to advance Kubernetes scheduling and ensure efficient, scalable, and
secure orchestration for future telecommunication networks.
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