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ABSTRACT Network Slicing (NS) is a fundamental feature of 5G, 6G, and future mobile networks,
enabling logically isolated virtual networks over shared infrastructure. As data demand increases and services
diversify, ensuring Energy Efficiency (EE) in NS is vital (not only for operational cost savings but also
to reduce the Information and Communication Technology (ICT) sector’s environmental footprint). This
survey addresses the need for a comprehensive and holistic perspective on energy-efficient NS by reviewing
and classifying recent strategies across the NS life cycle. Our contributions are threefold: (i) a thorough
review of state-of-the-art techniques aimed at reducing energy consumption in NS; (ii) a novel taxonomy
that organizes strategies into infrastructure, path/route, and slice operation levels; and (iii) the identification
of open challenges and research directions, with a focus on systemic, cross-layer, and Al-driven approaches.
By consolidating insights from recent developments, our work bridges existing gaps in the literature, offering
a structured foundation for researchers and practitioners to design, evaluate, and improve energy-efficient
network slicing systems.

INDEX TERMS Artificial intelligence, energy-efficient slicing, energy-efficient slicing strategy, energy
efficiency, network slicing, taxonomy.

I. INTRODUCTION

Energy consumption and its environmental consequences
are pressing concerns for modern society, particularly in
the design of computer and telecommunication systems.
In quantitative terms, the Communication Technology (CT)
sector was responsible for an estimated 1.8% to 3.9% of
global Greenhouse Gas (GHG) emissions in 2020 [1]. A more
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alarming perspective from Andrae [2] and Andrae and
Edler [3] suggests that this figure may have been as high as
6.3% in 2020, with projections indicating a potential increase
to 23% by 2030.

While the use of renewable energy sources offers a
promising path to reducing environmental impact, challenges
related to their supply, distribution, and scalability remain
significant [2]. Consequently, given the current global energy
generation matrix (still heavily reliant on fossil fuels),
energy consumption from computer systems is expected
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to continue contributing substantially to environmental
degradation [4].

In this context, Network Slicing emerges as a promising
paradigm that not only addresses performance and scalability
demands but also opens opportunities for energy efficiency.
By enabling resource sharing and dynamic allocation, NS
can significantly contribute to reducing overall energy
consumption.

Network Slicing is a technological enabler that allows the
sharing of physical infrastructure among multiple virtualized
network instances, promoting high resource utilization and
operational efficiency. Widely adopted in computer systems
and modern telecommunication networks (especially in
5G and beyond deployments), NS plays a pivotal role in
improving energy optimization. Furthermore, it is expected
to be a cornerstone in future 6G networks, which demand
advanced virtualization, adaptive flexibility, and intelligent
resource orchestration [5].

Achieving high EE in Network Slicing means addressing
a global environmental and sustainability concern and,
no less important, reducing costs for the computer and
telecommunication sectors.

In this context, several energy-efficient methods, algo-
rithms, and strategies for computer systems and telecom-
munications have been studied. However, a gap exists in
addressing energy efficiency in NS. Motivated by this, this
work surveys and proposes a taxonomy to contribute to the
community’s efforts to promote EE in Network Slicing.

This study aims to answer the following question: “How
can one contribute to increasing energy efficiency in network
slicing?”’. To answer this question, the paper identifies the
state-of-the-art of energy efficiency in NS and proposes a
taxonomy to classify the strategy and methods identified.

The main contributions of this study can be summarized as
follows:

o A thorough review of state-of-the-art techniques aimed

at reducing energy consumption in NS;

« A novel taxonomy that organizes strategies into infras-

tructure, path/route, and slice operation levels; and

o The identification of open challenges and research

directions, with a focus on systemic, cross-layer, and Al-
driven approaches.

The sections of this paper are structured as follows.
Section II presents the related work. Section III provides
the reader with some background, reviewing NS fundamental
concepts and associating them with the energy efficiency
scenario. Section IV identifies the strategies used to increase
EE in NS. Section V presents the new taxonomy for
EE methods in NS and maps the surveyed work on this
taxonomy. Section VI discusses the taxonomy and possible
research directions and, finally, Section VII presents the final
considerations.

Il. RELATED WORK
Although many papers have been written regarding EE in
5G networks, fewer of them consider NS. In fact, up to
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the submission of this paper, the classification of methods
and techniques for energy efficiency in network slicing is
often addressed in a generalist fashion by research topics
or technology, for example, resource allocation, network
planning, and energy harvesting. However, we want to
provide a taxonomy based on the adopted strategies for
achieving energy efficiency gains, classifying them according
to the optimization level in which they apply: infrastructure,
path/route, and slice operation. Existing works [6], [7], [8],
[9] are relevant to our proposal and are further presented
in Table 1. We compare them to our work according to the
survey’s target, the review of EE techniques, the proposal
of a taxonomy including specific aspects of NS with EE
method, fundamentals review on NS, and the 3rd Generation
Partnership Project (3GPP) NS life cycle.

The authors in [6] cover EE techniques in ultra-dense
Heterogeneous Networks (HetNets). The overview of EE
techniques lists five categories: 1. Network Planning and
Deployment; 2. Optimization of Radio Transmission Process;
3. Base Station Sleeping Strategy; 4. Hardware Solution;
and 5. Energy Harvesting and Transfer. The document
structure presents every category with techniques and their
respective publications. The authors also discuss the problem
formulation of EE in HetNets, presenting results in the literature
for power consumption models and energy efficiency metrics,
just for a Base Station (BS) without any comment about func-
tional splitting nor NS. The work ends by discussing future
directions and lessons learned, contributing to summarizing
the scenario. Our proposal is similar to that of [6], as we want
to investigate EE techniques for NS, which can be applied to
HetNets. Even though it presents recent works on EE techniques
in wireless mobile networks, and some physical techniques
such as sleep mode and Radio Frequency (RF) transmission
which are also included in our taxonomy, their contributions
lack investigation on the NS technique, a cornerstone for
future networks.

The survey presented in [7] was published in 2016 when
5G was still in its beginnings. The authors propose a
taxonomy for energy-efficient techniques for 5G networks
grouping them into four broad categories: 1. Resource
Allocation; 2. Deployment & Planning; 3. Hardware Solu-
tions; and 4. Energy Harvesting & Transfer. Back then,
the authors pointed out the need for a holistic approach
combining multiple techniques. They included in hardware
solutions the cloud and edge based implementation of a Radio
Access Network (RAN) with Network Function Virtualization
(NFV), but without any mention about NS. In our research,
the evolution in this field is clear. We have identified
energy-efficient techniques based on slice orchestration,
considering an end-to-end (E2E) view of all deployed slices.
Furthermore, given the evolution of research in the context
of NS in 5G, we propose a novel taxonomy classifying
techniques according to their strategy to increase energy
efficiency. We also summarize and represent techniques
according to the optimization level they achieve: 1. Slice
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TABLE 1. Related work comparison.

. . Taxonomy — NS-specific . . .
Ref. Survey Target EE Techniques Review EE Techniques NS Review NS lifecycle oriented
[6] HetNets v X X X
[7] 5G Networks v X X X
[8] 5G and Beyond RAN v X X X
[9] Softwarized Networks v X v X
This work E2E Network Slicing v v v v
RAN EDGE TRANSPORT CORE
mloT slice
eMBB
slice
URLLC
slice
T SONRSPITXESPItE LTI et T Service Provider |

Classic Distributed

LL11)

FIGURE 1. Network Slicing in a 5G scenario.

Usage Optimization; 2. Path/Route Optimization; and 3.
Infrastructure Optimization.

In [8], the authors present a study on energy efficiency
for 5G/6G RAN. Their research focuses on RAN network
architecture, technology evolution, and network sharing.
In the network architecture topic, they discuss the importance
of the Virtualized Network Functions (VNFs) location of
processing versus its impact on performance parameters
such as delay in task execution and data transmission.
Considering energy efficiency in RAN, they discuss three main
architectural approaches: Virtual RAN (vRAN), Cloud-RAN
(C-RAN), or Open RAN (O-RAN). vRAN supposes that VNFs
can be run in any hardware and software components that are
more energy efficient. C-RAN is a more centralized option.
Energy efficiency is achieved by concentrating processing
in a central location, which can result in a loss of network
performance. Finally, O-RAN is based on open interfaces
in mobile networks, allowing the adoption of multi-vendor
solutions that consume the least amount of energy. In the case
of technological evolution, the main technologies involve
improvements in the power amplifier, spectral efficiency,
reduced signaling, sleep modes, network virtualization, and
Artificial Intelligence (AI).a

They also present several energy improvements enabled by
6G, such as zero touch networks, rate splitting, intelligent
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reflecting surfaces, improved sampling techniques, and
energy harvesting. In the sequence, they briefly present
methods for achieving CO2 neutrality.

Finally, they discuss network sharing, which includes:
roaming; sharing the entire RAN (except radio frequencies)
between multiple operators; sharing of the RAN as a whole
(including radio frequencies) among multiple core networks;
and NS. At the end, the paper provides guidelines for an
operator to move towards greener networks and a map of the
different RAN energy-savings possibilities versus consumer
experience impact, considering three levels of difficulty in
implementing these approaches (minimum, medium, and
maximum effort).

The survey carried out by Setiawan et al. [9] covers EE in
Software-Defined Network (SDN), NFV, and NS, classifying
works according to their network segment (that is, data center,
transport, wireless, and emerging: IoT, satellite, vehicular,
etc.), evaluation method, metrics (e.g., capacity, latency), and
layer. The authors fit EE strategies from the three different
subjects (SDN, NFV, and NS) into six categories: 1. Hardware-
based improvements; 2. Dynamic Adaptation (DA); 3. Sleep
Modes (SM); 4. Heterogeneous Network (HT); 5. Energy
Harvesting (EH); and 6. Machine Learning (ML). Sharing
these categories among SDN, NFV, and NS results in a broad
general classification, giving up details that are explored
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by each EE mechanism according to the specific subject.
For example, approaches that rely on Dynamic Adaptation,
Machine Learning, or Sleep Mode may work differently
depending on if they are applied to NS or SDN. They conclude
their paper discussing future research challenges that range
from programmable hardware to experimental evaluation
environments. For each softwarized technology (including
NS) they classify the works according to their network
segment, while we aim to provide a taxonomy considering
the specific aspects and details of NS strategies according to
their optimization level.

Unlike previous works that offer high-level taxonomies
or general discussions of EE across mobile networks, our
proposed taxonomy presents a more focused and detailed
classification centered on Network Slicing (NS). It organizes
EE strategies based on multiple dimensions, including opti-
mization level (infrastructure, path/route, and slice operation)
and the underlying mechanisms employed. Additionally, our
taxonomy incorporates both the network segment and the
slice instance life cycle, providing alignment with end-to-end
management frameworks as defined in 3GPP-compliant NS
deployments. By doing so, our work offers a clearer and more
targeted understanding of how EE is approached specifically
within network slicing (a perspective not thoroughly explored
in prior studies).

IIl. BACKGROUND
A. NETWORK SLICING FUNDAMENTALS
The concept of Network Slicing was introduced in 2015 by
the Next-Generation Mobile Networks (NGMN) Alliance [10],
[11]. According to [12], a network slice is “a logical network
that provides specific network capabilities and network
characteristics, supporting various service properties for
network slice customers”. The network slicing technology
is based on “slicing” the physical network into several
virtual networks. Each of these virtual networks has its own
requirements (e.g., latency, throughput, security) granted by
employing VNF chains. In addition, the combination of SDN
and VNFs makes it possible to achieve better flexibility and
management of the virtualized network and services, benefit-
ing from network programmability, flow forwarding, lower
cost, elasticity, and load balancing [13], [14]. Furthermore,
these virtualization techniques allow network operators to
move from specialized hardware and software to cloud-
based solutions. For example, in 5G mobile networks, the
RAN segment can be split so that some functions previously
associated to the BS are now virtualized and hosted in a C-RAN.
Figure 1 illustrates three slices with different requirements,
massive 0T (mloT), enhanced Mobile Broadband (eMBB), and
Ultra-Reliable and Low-Latency Communications (URLLC),
sharing the same underlying physical infrastructure. This
figure also shows how the Distributed Unit (DU) and Central
Unit (cU) functions (traditionally associated to the Base
station) become virtual functions inside C-RAN.

Most Network Service Providers (NSPs) or Internet Service
Providers (1SPs) take on the role of Slice Providers (SPs),
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since these operators already own the infrastructure. In this
sense, SPs can also provide Network Slice-as-a-Service
(NSaaS) depending on the customer demand. Organizations
such as ETSI-3GPP and 5GPPP play an important role in
standardization, providing definitions and recommendations
for service providers [12], [15]. In this sense, the slice
provisioning workflow is separated into three phases, the
network slice life cycle (Figure 2) [12]:

o Preparation: During this phase, the network slice is
prepared for instantiation. This phase includes tasks
such as slice design, capacity planning, and network
function evaluation.

o Commissioning: This phase deals with the provisioning
of the network slice instance. The main tasks that take
place in this phase are resource allocation and config-
uration to meet Quality of Service (QoS) requirements,
which can lead to the creation or modification of existing
instances;

o Operation: This phase begins with the activation of the
slice instance. The operation phase also includes tasks
related to supervision, monitoring of Key Performance
Indicators (KPIs), capacity planning, modification, and
deactivation of slice instances; and

o Decommissioning: This phase handles tasks such
as releasing previously allocated resources, removing
configurations, and deleting an instance.

Preparation

Network environment
preparation

Slice instance does not exist yet

[_ Network Slice Instance Life Cycle ]

| Commissioning Operation Decommissioning [
Supervision / Reporting

| Creation Activation ] De. Termination |
activation

| |

FIGURE 2. Network slicing instance life cycle.
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FIGURE 3. Generic Framework representing basic elements and layers in
Network Slicing (adapted from [16]).

According to [16], the architectural vision of NS applied
to 5G can be mapped onto a generic framework composed
of infrastructure, network functions, and service layers.
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In addition, a Management and Orchestration (MANO) entity
manages and coordinates the elements inside each layer
(Figure 3).

In the framework depicted in Figure 3, the infrastructure
layer comprises the physical network infrastructure (e.g.,
routers, cables, switches), including its deployment, control,
and management (e.g., allocation of physical resources). The
Network Functions Layer is concerned with the configuration
and life cycle management of VNFs, which are placed
on top of the virtual infrastructure created and chained
together to offer an E2E service that meets all the specified
requirements. Finally, the Service Layer, which distinguishes
Network Slicing from other forms of slicing that have existed
in the past (mainly in testbeds and cloud environments),
comprises the E2E service description that will be mapped
onto a blueprint of all resources and VNFs needed for
the network slice deployment. Traditionally, the service
description reflects all the business requirements through an
Service Level Agreement (SLA) (e.g., availability, latency,
and throughput) [16].

B. ENERGY EFFICIENCY AND MACHINE LEARNING IN
NETWORK SLICING

NS can potentially reshape the conventional deployment,
orchestration, and operation of traditional services, even in
global communication network initiatives. However, as noted
in [17] and [18], the complexity of the scenario pressures for
solutions based on Machine Learning (ML) and, even broadly,
AlL In this sense, Al becomes an essential tool in the slicing
process due to its inherent ability to provide optimization
and acquire knowledge [19], enhancing tasks such as slice
orchestration [20].

Allied with the ability to increase performance optimiza-
tion, ML can also address energy efficiency optimization.
Research into the use of ML for Network Slicing [17],
[18] shows that a common strategy that seeks better energy
efficiency uses Federated Learning (FL). Centralized ML
models force raw data to be transmitted across the network,
which consumes more energy than spreading data processing
to local computations [21]. In addition, some works tend
to optimize energy use by applying ML to reduce radio
overhead [22], [23] and CPU allocation [24], [25].

Some of the current general trends in terms of ML-based
slicing include:

« Embedded ML agents in the SP architecture [26];

« Distributed learning methods such as FL to provide

architectural slicing capabilities [27]; and

o Architectural data-driven approaches that support

machine learning methods [20].

While AI/ML techniques enable dynamic slice optimiza-
tion [17], their deployment introduces complex energy
trade-offs that must be carefully balanced. The training phase,
for instance, has a cost. Deep Reinforcement Learning (DRL)
models for slice orchestration increase energy consumption
significantly during learning periods due to gradient com-
putations and parameter updates. Even well-trained models,
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achieving 23-30% energy reduction in RAN slicing through
predictive resource allocation, show a break-even point
typically occurring after a couple of weeks of operation [24],
[28]. While FL reduces this overhead 10x through distributed
model training [29], [30], it still requires periodic global
aggregation that consumes 35% additional energy compared
to static policies [27].

Some trade-offs extend to architectural considerations in
the AI/ML models development. For instance, approaches
relying on edge-based inference save energy by avoiding
cloud transmissions [23], but require specialized hardware
accelerators whose manufacturing carbon footprint may
offset operational savings [1]. Moreover, even the ML model
chosen has different energy proportionalities. The authors
in [31] make an energy and cost analysis comparing different
approaches. Simpler ARIMA models, for example, might
reduce the energy cost by trading off final accuracy (around
15% lower accuracy). Finally, hybrid approaches combining
heuristics for routine decisions and ML for complex scenarios
demonstrate significant efficiency while reducing computa-
tional overhead [29], [31], [32].

C. ENERGY-EFFICIENCY, DECARBONIZATION AND
SUSTAINABILITY

In our web-based, user-oriented, service-oriented, and fully
connected society, energy efficiency, decarbonization, and
sustainability are issues of great concern. The society
concern results from the direct or indirect impact that energy
consumption can have on GHG emissions that cause climate
change [33]. According to [1], the overall global contribution
of ICT emissions is between 2.1 to 3.9% and is concentrated
in data centers, networks, and user devices. Networks are
responsible for 27% of total emissions.

Network slicing, as an important enabler for most new
systems such 5G/6G, Internet of Things (IoT), Smart Grid,
and others, contributes significantly to energy consumption
worldwide. As a figure of merit, it is estimated that 5G energy
consumption will account for approximately two-thirds of
1,5% of global energy consumption. Looking at the energy
consumption of 5G mobile networks, the RAN consumes
73% of the energy, network interconnections consume 13%,
datacenters consume 9%, and other operations account for
5% of energy consumption [8]. These figures reveal the
importance of savings in mobile networks and, above all,
in the NS as the main enabler of this technology.

Regarding network slicing, there are distinct pathways
to net-zero greenhouse emissions through energy efficiency
techniques (Figure 4). These pathways include enforcing
energy efficiency in the processing phases of NS and
prioritizing service providers, which use renewable energy.

We try to shed some light on these alternatives by surveying
and discussing how to reduce energy consumption in the
network slicing process, and complementing this discussion,
we clarify how energy efficiency, decarbonization, and
sustainability interrelate with the network slicing process.
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FIGURE 4. Correlation between Ns, energy efficiency, decarbonization,
and sustainability.

In the computer science domain, energy efficiency refers
to the practice and methods of reducing energy consumption
to perform a specific task or obtain a particular service.
An energy-efficient system aims to maximize the outcomes
of the tasks and services for a given amount of energy input,
minimizing energy waste and guaranteeing user performance
requirements (SLA, QoS, Quality of Experience (QoE), and
others) [34], [35]. Anser et al. [36] extend SLA models
to slices including energy-based commitments. They also
propose including EE metrics in the Virtualized Network
Function Descriptor (VNFD).

Decarbonization refers to the ability to reduce or eliminate
GHG emissions, such as carbon dioxide (CO2) emissions,
towards a net-zero pathway and is mainly associated with
human activities. Decarbonization can be achieved through
pathways deployed across various economic actors with a
predominant focus on the industrial sector, where computer
systems are important players [37].

According to the United Nations 2030 Agenda [38] for
Sustainable Development, sustainability is a broad concept
that involves three main interrelated dimensions: environ-
mental, social, and economic. In line with this, sustainable
development must ensure organizational performance while
protecting people and the planet [39]. Alternatively, sustain-
able development can be conceptualized as the ability to meet
the needs of the current generation without compromising the
ability of future generations to meet their own needs [40].

Environmental sustainability refers to preserving and
improving the use of natural resources with strategies that
help to ensure that human activity does not compromise
the Earth’s resources and preserve our ecosystems. Social
sustainability works to improve the well-being of the
planet’s citizens, addressing various issues such as equity,
human rights, digital divide, and cultural diversity, among
others [39]. Economic sustainability is related to income
generation with a consequent improvement in society’s
quality of life. This can be achieved through technological
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innovation and new business models, as well as the rational
use of resources.

Economic sustainability is linked to network slicing mainly
by its ability to reduce carbon emissions by optimizing
and reducing energy consumption in the various phases and
components involved in the network slicing process. Energy-
efficient network slicing also contributes to environmental
sustainability with solutions and strategies in pollution
control, transport systems, and production systems. When
NS-based 5G and 6G technologies are used to support these
systems, the contribution can be direct or indirect.

The interrelation of the concepts related to network slicing
can be summarized as follows:

o Decarbonization and energy efficiency are closely
related concepts that establish a path toward sustainabil-
ity and promote sustainable energy practices.

« Energy-efficient approaches to network slicing promote
decarbonization and lead to a more sustainable use of
energy worldwide.

« Another key issue for decarbonization is the deployment
of clean and renewable energy sources. Countries have
very different energy matrices. Currently, there is an
international consensus that all countries must migrate
to increasingly renewable and clean energy matrices.

There is a balance in the energy matrix between polluting
and renewable, efficient and non-polluting energy generation
(Figure 4). Although there are global commitments to
increase the use of non-polluting energy, the use of polluting
energy will continue to exist. In this way, energy-efficient
methods for network slicing will always play an essential
role, considering the two scenarios with the use of polluting
and non-polluting energy, as they imply a reduction in
resource consumption and a reduction in costs for the
providers and users of slices.

According to [1], the exact share of renewable energy used
in the ICT sector is unknown. Nevertheless, the sector is a
significant purchaser of renewable energy, which points to a
global shift towards the use of renewable energy use. In global
terms, the use of renewable energy could significantly reduce
the contribution of ICT’s carbon footprint, leading to around
80% reduction in carbon emissions.

Energy efficiency technologies, such as energy manage-
ment, smart manufacturing, material efficiency, and energy
efficiency methods, are well-established pathways and can
potentially reduce energy use and GHG emissions [33].
Energy efficiency is a common practice in computer science
systems like ToT, ICTs, widely used in smart cities, data
centers, and initiatives such as the smart grid, which focuses
on the efficient production, transmission, and distribution of
energy (Figure 4) [41], [42] [43], [44].

To summarize, we believe that Network Slicing (NS) can
contribute to all three pillars in sustainability:

« Environmental: By enabling virtualized, on-demand
services, NS reduces the need for always-on dedicated
infrastructure, directly lowering energy usage. Efficient
orchestration can reduce idle resources and facilitate
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green scheduling (e.g., sleep mode in underutilized RAN
elements) [4], [8];

o Economic: NS allows service providers to dynamically
instantiate slices tailored to specific verticals, improving
Operating expenses (OPEX) through infrastructure shar-
ing [45];

e Social: Tailored slices can prioritize underserved
areas (e.g., rural 5G FWA) or critical services (e.g.,
healthcare), contributing to digital equity and social
impact [46], [47]

IV. OPTIMIZATION LEVELS TO INCREASE ENERGY
EFFICIENCY IN NETWORK SLICING
To identify the main contributions related to Energy Effi-
ciency (EE) in Network Slicing (NS), we defined two search
queries and applied them to the IEEE and ACM Digital
Libraries, covering the period from 2019 to 2024: “Network
Slicing AND Energy Efficien*”” and ‘““Network Slicing AND
Orchestration AND Energy Efficien*”’. From the 189 papers
initially retrieved, our research team filtered and selected
36 papers for in-depth discussion based on a preliminary
screening of titles and abstracts. To systematically analyze
the approaches adopted across these works, we developed
the taxonomy illustrated in Figure 5, which categorizes
EE methods in NS according to their optimization scope.
This classification emerged from recurring patterns identified
during our discussions, in which the strategies to enhance
EE consistently aligned with one of three distinct levels:
Infrastructure Optimization, Path/Route Optimization, and
Slice Operation Optimization. Each level reflects a different
scope of decision-making within NS environments. For
instance, Infrastructure Optimization includes methods such
as server placement near end-users (e.g., edge computing,
BS distribution), which reduce energy consumption through
architectural design and resource positioning. We also
observed that strategies within the same level can differ
in nature. For example, while both cell distribution and
spectrum efficiency techniques fall under Infrastructure Opti-
mization, the former focuses on spatial resource allocation,
whereas the latter targets technological enhancements. Thus,
our taxonomy not only organizes existing contributions but
also clarifies the conceptual basis behind EE strategies in
NS, offering a structured lens through which researchers and
practitioners can evaluate and compare different approaches.
Moreover, the classification into three optimization levels
emerged from our in-depth analysis and discussion of the
selected literature. Throughout the review process, our goal
was to unravel the diverse approaches to increasing EE within
the context of NS. By systematically examining the objectives,
assumptions, and methodologies of the analyzed works,
we observed that EE strategies consistently aligned with
one of three distinct optimization scopes. This three-level
taxonomy effectively captures the hierarchical nature of
energy-related decisions in NS systems, ranging from struc-
tural configurations to dynamic operational controls.
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Figure 5 represents the methods operating at each opti-
mization level in the pyramid. At the base (Infrastructure
Optimization), methods increase energy efficiency by
optimizing the infrastructure through resource positioning
(e.g., functional split, cell distribution) and technology
improvement strategies (e.g., sleep mode, power amplifier).
By the middle of the pyramid (Path/Route Optimization),
techniques address energy efficiency by optimizing the slice’s
path/route. Techniques acting at this level increase energy
efficiency by sharing, managing, and optimally allocating
resources (resource sharing strategy). At the top of the
pyramid (Slice Operation Optimization), methods work on
slice usage control. Techniques at this level save energy by
minimizing or avoiding energy waste in the slice operation
context.

A. INFRASTRUCTURE OPTIMIZATION LEVEL

In our research, we observe that methods operating at the
infrastructure optimization level focus on resource position-
ing and technology improvements. The architecture design
of a Slice Provider (SP) must consider energy efficiency,
which, besides being environmentally friendly, also translates
to OPEX reduction. Therefore, we consider infrastructure
optimizations as the primary source of energy savings in
Network Slicing (NS). In this sense, the overall energy
consumption is reduced by planning the computational
resource capacity, positioning, and technology adopted in the
slice provider infrastructure. For instance, the computational
resource capacity should be thought to increase the effective-
ness of turned-on devices. Moreover, the adopted technology
in the slice provider should also corroborate lowering the
energy consumption (e.g., IEEE 802.3az, Energy Efficient
Ethernet).

The SP relies on a distributed system to provide network
slices. Therefore, the architecture design might benefit from
strategies that usually derive from classical distributed sys-
tems, which precede the NS concept and are out of the scope of
this document. For example, the publications [48], [49], [50],
[51] present contributions that are not directly related to the
NS energy efficiency (data center/cloud solutions and green
Ethernet, respectively). However, it is noteworthy that such
classical resource positioning and technology improvements
could be extended to the SP infrastructure to reduce energy
consumption.

B. PATH/ROUTE OPTIMIZATION LEVEL

The Path/Route Optimization Level is based on the slice
orchestration idea. Since the term ‘“‘orchestration’ is broadly
utilized in several contexts, we refer to slice orchestration
as the coordination and control of the overall workflow
process of tasks related to the network slice life cycle (slice
preparation, commissioning, operation, and decommission-
ing). Therefore, we observe how documents address energy
efficiency in coordinating and integrating multiple network
slices. The slice provider must orchestrate all the network
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FIGURE 5. Optimization levels to increase energy efficiency in Network Slicing.

slices served by its infrastructure, for example, sharing
resources, calculating routes, and predicting traffic peaks in
routes. Therefore, techniques operating at this level consider
a panoramic view of all the slices in the system (mostly as a
network graph).

C. SLICE OPERATION OPTIMIZATION
Methods operating in this optimization level assume that
the network slice is already in its operational phase. While
approaches based on path/route take the provider’s viewpoint
(global vision of all slices), methods based on operation
optimization take the slice’s viewpoint. Therefore, most
techniques optimize the usage of computational resources
(e.g., computing, network, storage) and workloads.

In Figure 5, the strategy to increase energy efficiency using
a sleep mode technique might be based on an infrastructure
decision or on slice operation optimization. In case it is a
native function from the device (e.g., switch, router), then
we consider it a technological improvement, fitting as an
infrastructure decision. On the other hand, if the sleep mode
is asserted through an algorithm analyzing a container or a
server workload, for example, the technique suits operation
optimization. Generally, works using strategies based on slice
operation optimization benefit from workload and traffic
fluctuation.

V. METHODS FOR ENERGY EFFICIENCY IN NETWORK
SLICING: A TAXONOMY

In this section, we expand the pyramid presented in Figure 5
to a comprehensive taxonomy of methods for energy
efficiency in NS. While the pyramid provides the reader
with a layer-based and concise notion of such techniques
structuring, we present the surveyed work alongside a
detailed taxonomy depicted in Figure 6. Additionally, it is
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noteworthy that papers in this research field might not address
energy efficiency as a specific goal or measured metric.
Instead, such documents usually address efficiency in terms
of cost or resource usage, for example. Therefore, depending
on the context, the gains in efficiency might translate directly
into power usage (e.g., CPU and network usage). In the
following subsections, we detail surveyed work suiting every
optimization level.

A. INFRASTRUCTURE OPTIMIZATION

As mentioned before, Network Slicing can benefit from tradi-
tional distributed systems Energy Efficiency (EE) techniques.
Additionally, 5G NS brings new challenges and opportunities
for conventional infrastructures (mostly in the RAN segment).
In this sense, we analyze works in the literature achieving
energy efficiency through infrastructure-level optimizations.
Efforts in this category take advantage of the following
strategies:

o Resource Positioning Strategy: resource arrangement
favors energy efficiency and overall performance. For
instance, choosing the RAN configuration, server place-
ment, and functional splits;

o Technology Improvement Strategy: improving or
adjusting technologies to reduce energy consumption.
For instance, power signal adjustment, resource multi-
plexing, and Green Ethernet.

The following tables share a common structure and
summarize relevant research works that served as references
to build our proposed taxonomy and its classification.
Each table organizes these studies according to specific
network segments, optimization levels, phases defined by the
3GPP standard, and the applied techniques, clearly classified
into Artificial Intelligence (AI)-based methods, heuristic
methods, and other alternative techniques.
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Table 2 summarizes works exploring such opportunities in
infrastructure-level optimization.

In the work [52], the authors explore energy efficiency
in NS by providing optimizations at the infrastructure level,
taking advantage of Fog-RAN (F-RAN) to alleviate end-to-end
operation (positioning strategy). The authors investigate the
impact of fog computing on power consumption and delay
performance and propose a joint optimization solution of
mode selection (C-RAN mode, fog radio access point mode,
and device-to-device mode) and resource allocation in uplink
F-RANs for power minimization, considering predefined
scenarios. To minimize transmission costs in fronthaul and
save system power, authors suggest that local data processing
be enabled by Fog Radio Access Points (F-APs) and Fog-
UEs (F-UEs). The authors use two Reinforcement Learning
(RL) algorithms to maintain low power consumption and
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stable transmission delay for User Equipments (UEs) and
F-UEs.

According to the authors of [53], guaranteeing the slice
requirements requires additional energy consumption. In this
sense, the authors suggest a dynamic slice activation and
deactivation. However, the SP architecture must contemplate
a shared slice, called EcoSlice, which operates 24/7 and
provides bare-minimum service. Thus, in conditions such
as low traffic demand, operators may switch users from
other slices to the EcoSlice. To solve the decision problem
of switching users, the authors use two Multi-Armed
Bandit (MAB) agents at each BS. The authors claim their
solution provides approximately an 11-14% EE improvement.
We consider the method presented by the authors as an
infrastructure-level optimization since the SP architecture
must contemplate a static “‘eco-aware slice’” beforehand.
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TABLE 2. Research work achieving Ee through infrastructure-level optimizations.

Ref. g:;m‘;‘; 3GPP Phase AIMethod | Other Methods Technique

[52] F-RAN Commissioning RL — Resource Planning & Positioning

[53] RAN Operation MAB — Eco Slice, Sleep Mode

[54] RAN Commissioning — ILP Functional Splits (NR)

[55] RAN Operation — LR Resource Planning

[56] RAN, Edge Operation — SACRA Spectrum Efficiency

[57] RAN, Edge Commissioning — MINLP Spectrum Efficiency

[58] RAN Operation — — Resource Planning

[59] RAN Operation — DA G LT Spectrum Efficiency
others

[60] RMEC Operation — — Technology Improvement

61] RAg(’)fgge Preparation RL ScA Funcgé‘;lgsfl’ﬂ::’gfafﬂiwable

In Sen and A.F.A. [54], the energy efficiency is addressed
by the RAN functional split, where the function placement
strategy considers different functional splits and network
slice requirements. This is achieved through an Integer Linear
Programming (ILP) heuristics to minimize the energy con-
sumption of processing nodes and transport links considering
the slice requirements.

In [59], the authors maximize the energy efficiency of eMBB
and URLLC slices through the optimization of remote radio
unit selection and beamforming. The problem is formulated
as a mixed-integer non-linear programming (MINLP), and
simulation results show that the method effectively improves
EE while assuring QoS requirements (latency, reliability, and
throughput).

Kao and Wu [55] contend that controllability of QoE in
5G networks is a persistent issue. In response, it proposes an
Al-enabled architecture designed to predict and sustain QoE.
This architecture leverages network slicing and Multi-access
Edge Computing (MEC) technologies to gather cross-layer
performance data in real-time and dynamically allocate net-
work resources. Although the paper highlights the importance
for telecommunications companies to adopt energy-efficient
architectures not only to reduce power consumption but also
to decrease the carbon footprint, it lacks detailed explanations
on how the proposed architecture achieves these reductions.
The paper briefly mentions that the architecture could reduce
energy consumption by downscaling the number of the
allocated Physical Resource Blocks (PRBs), yet this aspect is
not extensively explored.

The Non-Orthogonal Multiple Access (NOMA) technique
is essential to increase spectrum efficiency in 5G cellular
systems. In this sense, Hossain and Ansari [56] propose
a technique for integrating NS and NOMA in mobile edge
computing, achieving an improvement in spectral efficiency
on 5G networks. They propose the Slicing Aware Clustering
and Resource Allocation (SACRA) algorithm creating user
clustering, computing and wireless resource allocations.
Moreover, Ismail et al. [58] review and classify recent
advancements in resource allocation for 5G networks,
focusing on Power-Domain NOMA (PD-NOMA) techniques.
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They provide a detailed overview of the existing research into
two main categories: power/energy-efficient and rate-optimal
resource allocation. In terms of energy efficiency, the paper
emphasizes PD-NOMA'’s potential to enhance power effi-
ciency by allowing multiple users to share the same resource
blocks (e.g., time and frequency) while being separated in
power levels. This method differs from traditional Orthogonal
Multiple Access (OMA) techniques, which allocate separate
resources to each user, leading to underutilization and
increased power consumption. The paper explains how
PD-NOMA can make 5G networks more sustainable and
use less energy by giving more power to different users and
making it easier to serve many users at once.

Hossain and Ansari [57] investigate the impact of numerol-
ogy on a sliced Time Division Duplex RAN. The authors also
optimize duplex ratio and power and bandwidth allocation.
Moreover, they observe that, among other conclusions, the
highest numerology schemes do not necessarily translate to
the highest average spectrum efficiency.

The authors in [60] present a framework applied to
Radio Multi-access Edge Computing (RMEC). In this context,
network devices are energy-constrained and powered by
batteries. The authors propose automatically generating
network slices with wireless energy transfer technology to
realize synchronous energy and information transmission by
slices. The authors validate their proposed framework by
analyzing data from the China Telecom Sichuan Branch.

The document [61] proposes a sustainable and energy-
efficient O-RAN-based architecture for deploying 5G Fixed
Wireless Access (FWA) in rural areas, where fiber deployment
is costly. The authors introduce a three-level closed-loop
system that dynamically optimizes radio resource allocation
(for O-RAN slices and Customer Premises Equipment) while
minimizing energy costs. The edge cloud is powered by
renewable energy, and the optimization process uses RL
and Successive Convex Approximation (SCA) to balance
communication utility and energy efficiency. We consider
this work into the Infrastructure Optimization category,
as it primarily focuses on network infrastructure improve-
ments (leveraging O-RAN functional splits, renewable energy
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integration, and intelligent resource management to improve
energy efficiency).

B. PATH/ROUTE OPTIMIZATION

Works actuating on the route optimization level observe
network slices from a global system perspective. The network
graph is configured (and often reconfigured) to save energy.
The strategy behind approaches at this optimization level is
to distribute and share resources among different network
slices sharing the same requirements. For instance, VNF
chains can be created based on this idea. Furthermore,
demand prediction can also be used to establish more efficient
network routes. We summarize publications achieving EE in
this optimization level in Table 3.

The work presented in [62] investigates the use of service
function chain (SFC) in network slicing. The authors propose
minimizing the total power consumption (considering the
whole network) by optimally selecting cloud nodes to
deploy functions in the SFC. The problem is formulated as
a Mixed Binary Linear Program (MBLP) with E2E latency
and link capacity constraints. The authors compare their
approach with other existing ones. Following a similar logic,
in [70], the authors tackle the VNF embedding problem
across SFC instances in software-defined 5G networks. They
introduce a dynamic VNF sharing model, FlexShare-VNF,
which considers flow requests for individual network slices.
Implemented as a mixed-integer linear programming (MILP)
optimization, the model strategically manages VNF sharing
to enhance both network efficiency and hardware utilization.
The primary aim is to boost resource utilization through
sharing techniques. The authors explicitly link improved
resource utilization to more energy-efficient service delivery.
Although the paper asserts significant gains in energy
efficiency, it primarily quantifies improvements in terms of
resource utilization and latency reduction, rather than direct
metrics of energy consumption.

The authors of [71] envision 6G networks and its require-
ments. They propose a novel algorithm running in polynomial
time (called TailoredSlice-6G) which efficiently allocates
resources within a softwarization context. The algorithm is
triggered upon a slice request and then a sub-algorithm is
called depending on the required resource type. The authors
do not evaluate energy consumption directly. Instead, they
rely on the resource consumption ratio. Results show that
the proposed algorithm can be used in real networking
applications.

Mishra and Hota [63] devise a joint QoS and energy
efficiency data-driven approach on top of pre-defined and
prioritized traffic classes. Prioritized traffic classes are
predicted using Random Forest Regressor (RFR) and Gradient
Boosting Regressor (GBR). The solution imposes network
dynamic reconfiguration using Cognitive Cycles (CC) to
obtain energy savings. Based on simulation results, authors
claim node consumption is reduced through the evolutionary
CC algorithm, outperforming other standard approaches by at
least 23%.
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In the paper by Oladejo and Falowo [68], an energy-
efficient mixed-integer linear fractional optimization prob-
lem (MILFP) is formulated for slice resource allocation
considering the Quality of Service (QoS) of different slice
use cases. The authors model a global energy efficiency
method for the 5G sliced network that provides energy
efficiency.

In the publication [65], the authors work on an EE
maximization problem considering bandwidth and power
optimization. The approach applies to SDN HetNets, by man-
aging radio resources. Furthermore, the authors consider an
SDN controller with centralized control and global network
information, allowing network slice selection and resource
allocation to serve devices.

The publication [66] investigates resource management
methods in MEC. The authors design numerical methods
optimally allocating edge servers to reduce the average power
consumption in the server. Also exploring the benefits of
MEC, the work [67] formulates a joint optimization problem
of service placement and Small cell Base Station power. The
authors aim for a flexible service placement in MEC while
saving energy in the base station.

Chen et al. [69] introduce a new framework for the
coexistence of unlicensed heterogeneous networks (NR-U
and WiFi) utilizing network slicing. Its goal is to implement
an efficient network selection and resource allocation strategy
to minimize energy consumption while meeting specific user
demands for data rate and delay. The authors recommend
an online Lyapunov optimization algorithm for optimal
scheduling, which is praised for its rapid convergence and
low complexity. The approach considers two timescales to
mitigate the significant costs associated with energy con-
sumption and performance decline due to frequent network
switching. The paper acknowledges a trade-off between
energy consumption and traffic delay, which can be managed
through adjustable control parameters. For example, the
proposed strategy can accommodate a delay-sensitive user
by increasing downlink energy consumption to ensure timely
transmission, while conserving energy for a delay-tolerant
user by extending the transmission duration.

The study [64] presents a framework for managing network
resources to improve the performance of the E2E network
through the allocation and routing of the VNF with control
of delays and capacity restrictions. The study proposes a
heuristic that considers traffic from the request point to the
user, maximizing the energy efficiency of the virtualized
network, calculating the shortest paths, and checking whether
this path satisfies the conditional rules. The model considers
sound provisioning and heterogeneous slice configurations,
including different components of the core radio and transport
networks. To allocate resources across network slices, the
Network Slice Management Function (NSMF) is used in the
instantiation phase supported by the Placement Service, and
through algorithms, it establishes the resources that will be
allocated, calculating optimization and managing the slice
life cycle.
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TABLE 3. Publications achieving EE at path/route optimization level.

Ref. Network 3GPP Phase AI Method Other Methods Technique
Segment
[62] Core Commissioning — MBLP Routing Optimization & VNF
Placement
. . Demand Prediction & Slice Part
[63] Edge, Core Operation RFR, GBR Evolutionary CC St
[64] E2E Commissioning — HERO heuristic VNF Placement
[65] RAN Spston . . Parametric Dlnke!bach & Route
Selection
. . Resource Management & Slice
[66] MEC Operation KKT conditions — Part Scheduling
[67] MEC Operation — MILP Service Placement
[68] Edge, Core Operation — MILFP Route Optimization
[69] E2E Full life cycle — Lyapunov optimization Network Selection & Green Route
[70] Core Commissioning — MILP VNF Consolidation
[71] Core Commissioning — Polynomial time algorithm Slice Part Scheduling
[72] Core Comm1551pn1ng, — Holt-Winters Demand Prediction
Operation
[73] Core Commissioning RL, QL — VNF Placement
[29] E2E Operation FL Constrained Neural Network Route Optlmlzatlgn & Slice
Orchestration
[74] Core Commissioning GA Custom K8s Scheduler Slice Orchestration

In Zhou et al. citebib:72, a dynamic network slice
energy-efficient deployment approach is presented. The
solution uses a traffic prediction algorithm for network
slices coupled with a Virtualized Network Function (VNF)
placement and scaling strategy to deploy slices proactively.
The strategy of the proposed method is based on resource
sharing considering VNF placement and VNF traffic predic-
tion. Authors argue that their method (NSD-CECM) reduces
energy consumption compared to other methods (HSR-RSV,
ESFC, and VPCM).

The document [74] presents an enhanced scheduling
approach for network slicing in 5G, leveraging Kubernetes
(k8s) and a Genetic Algorithm-based strategy to improve
Virtual Network Embedding (VNE). The authors identify
inefficiencies in K8s’ default scheduler, which deploys slices
pod by pod, often leading to wasted resources (local
optima) and increased energy consumption due to incomplete
deployments. Instead, their proposed scheduler evaluates the
feasibility of deploying an entire slice before committing
resources, thereby improving slice acceptance ratio, deploy-
ment time, and energy efficiency. This strategy directly
contributes to Path/Route Optimization in network slicing by
optimizing slice placement and resource utilization, ensuring
efficient orchestration within the network infrastructure.

The study [73] presents a scheduling mechanism for a
VNF orchestration system based on Kubernetes, as a solution
for the efficient use of energy in network slices. The
proposed solution uses a reinforcement learning algorithm
(Q-Learning) to make decisions about the positioning of VNFs
in the network slices, to achieve energy savings.

The document [29] proposes a distributed AI/ML-based
network management framework aligned with the MonB5G
project. By leveraging FL, the framework decentralizes
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management and orchestration functions to improve scala-
bility and sustainability in 6G networks. The experimental
results demonstrate significant energy savings (over 10x
compared to centralized approaches) through proactive
resource allocation and prediction mechanisms, specifically
CPU scaling for Virtual Reality (VR) streaming servers.
Moreover, the paper addresses slice orchestration and
resource management across domains (RAN, Core, and
Edge) to minimize energy consumption. The proposed
solution optimizes paths and routes of network traffic while
ensuring service quality, particularly in resource-intensive
applications like VR video streaming.

C. SLICE OPERATION OPTIMIZATION

Energy Efficiency (EE) can be achieved in NS also by
optimizing the slice usage. Works we found in the literature
are listed in Table 4. In this sense, the idea is to reduce
resource wastage (e.g., idle devices, overallocation). Methods
that apply this strategy lean on the scope of the slice
itself. Rather than optimizing the overall resource distribution
and management, such methods optimize already granted
resources (e.g., caching, load balancing, usage prediction,
sleep mode). Therefore, methods allocating resources for
an optimized route, for example, belong to the Path/Route
Optimization level (Section V-B).

Thantharate et al. [31] propose a data-driven Deep
Neural Network (DNN) method with Transfer Learning (TL),
Autoregressive Integrated Moving Average (ARIMA) and
Exponential Smoothing (ETS) to reduce energy consumption
in 5G and Beyond 5G (B5G) networks. The approach forecasts
traffic load and uses the estimated load to evaluate energy
efficiency and OPEX savings. The authors claim that the
proposed ECO6G method presents advantages concerning
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TABLE 4. Publications achieving EE on the slice usage optimization level.

Ref. 1;:;:::11: 3GPP Phase AT Method Other Methods Technique

[31] RAN Operation DNN, TL ARIMA, ETS Traffic Load izzﬁfﬁon & Sleep
[28] RAN Commissioning DRL — Resource Allocation

[75] H-CRAN Commissioning DRL Greedy algorithm Resource Allocation

[76] RAI\{E(nglgelmk Operation DDQN — Resource Allocation

[77] RAN, Edge Operation — Genetic algorithm User Association Control
[78] MEC Operation — BCD Task Offloading

[32] E2E Operation — Dataset analysis ‘Workload Control

[79] Edge Operation RL, DRL — Resource Allocation & Elasticity
[80] RAN Operation — EESO algorithm Resource Allocation

[81] F-RAN Operation — Problem decomposition Caching & Resource Allocation
[82] RAN, Core Operation MlgtiD—Sl%Ient Joint Optimization Framework Resource Allocation and usage

other OPEX saving methods. In this sense, energy efficiency
is achieved through a usage strategy, enabling network
management (e.g., putting base stations in sleep mode)
according to usage prediction.

The authors in [28] combine Deep Learning (DL) and
DRL for decision-making on resource allocation on a large
and small time scale, respectively. Different than most
reviewed studies, this work considers not only the radio
resources but also the power resources to rate-based and
resource-based users in the RAN. The proposed method uses
traffic patterns to predict power and Resource Blocks (RBs)
allocation for each user in the slice. Simulation results show
better energy efficiency and overall performance than other
methods published in the literature.

Also concerned with radio resource allocation, the authors
in [75] approach a multi-objective problem by maintaining
QoS and EE in a Heterogeneous Cloud Radio Access Network
(H-CRAN) environment. The authors claim to achieve a better
QoS provisioning for the slices while preserving energy
consumption compared to other baseband solutions.

Miao et al. in [76] propose a vehicular network (V2X)
sideline resource allocation (outside the signal coverage
of the 5G base station) method that maximizes energy
efficiency and meets communications latency constraints
using the DRL Double Deep Q-Network (DDQN) algorithm.
The communication resources area is allocated using the
dedicated V2V spectrum.

The document [82] addresses energy efficiency chal-
lenges in 5G networks supporting heterogeneous services,
such as eMBB, Machine Type Communication (mMTC), and
URLLC. It proposes a joint optimization framework for
subchannel assignment and power allocation using a cooper-
ative multi-agent deep reinforcement learning (MA-DDQN)
approach. By dynamically optimizing resource allocation,
the approach ensures energy-efficient operation of hetero-
geneous non-orthogonal multiple access (H-NOMA) networks
while maintaining QoS requirements. The authors achieve
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energy efficiency optimization based on a strategy leveraging
real-time adjustments and advanced machine learning tech-
niques. Their method dynamically adjusts operations during
a deployed slice’s life cycle, improving the resource usage
during the slice’s operation.

Laroui et al. [79] introduce novel resource allocation
algorithms for VNFs in edge computing environments. These
algorithms, based on ILP, RL, and DRL, focus on optimizing
server utilization, placement time, and energy consumption.
The paper showcases how these algorithms can efficiently
handle different network scales and complexities, demon-
strating their scalability and cost-effectiveness in terms of
energy use and server resource optimization. This work is
particularly relevant in the context of 5G networks and the
increasing demand for efficient resource allocation in edge
computing scenarios.

The authors in [81] considered dynamic scenarios for
F-RANs where the optimization is performed for each time
slot, achieving a flexible control both on EE and delay
performance by adjusting the radio, caching, computing, and
virtualization parameters. They propose a low-complexity
EE optimization algorithm for virtual resource allocation,
by decomposing into two sub-problems, the allocation
of caching and computing resources and the sub-carrier
assignment and power allocation. They also adopt a stochas-
tic model to accommodate virtual resources, time-varying
channel conditions and random data arrivals in the simulation
analysis. Their simulation results show a 30% improvement
in EE under the condition that the guaranteed delay threshold
is two slots (i.e., 1 ms).

The study [77] investigates power consumption and energy
efficiency in a multi-tenancy scenario for NS in HetNets. The
user association problem presumes that the network slices
were already created and are currently operational. Thus,
the authors use a genetic algorithm to allocate resources for
admitted users outperforming baseline schemes in terms of
fairness, QoS, and power consumption.
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In the document [78], the authors investigate how to offload
computation tasks to the MEC in an energy-efficient manner.
By adopting MEC, mobile devices’ energy and computation
capacity is improved. Therefore, the authors formulate and
solve the problem using the block coordinate descent (BCD)
algorithm. The authors provide numerical results to compare
the benefits of their approach over classical schemes.

Bolla et al. [32] propose an Al framework for 6G
networks to enhance energy efficiency. This framework aims
to create a tight relationship between the workload generated
by applications in network slices and the energy consumed
by the infrastructure. It introduces a high-level architecture
and algorithmic roles for effective implementation. The
authors argue that this method can result in considerable
energy conservation while satisfying application demands,
contributing to sustainable 6G networks.

Ravindran et al. [80] propose an algorithm called
Energy Efficient System-resource Optimization (EESO) to
achieve energy efficiency by optimizing the resources
required/allocated by user services per sub-slice in 5G
network. The EESO algorithm is responsible for the opti-
mal allocation of system resources for the services of
users connected in multi-sub-slice and the energy effi-
ciency for the services assigned to a user connected by
multi-sub-slice.

Vi. TAXONOMY DISCUSSION & DIRECTIONS

This section presents key discussions and reflections that
emerged during the development and evaluation of the
proposed taxonomy for energy efficiency in network slicing.
Grounded in the initial research question, “How can one con-
tribute to increasing energy efficiency in network slicing?”,
this discussion critically analyzes methodological choices,
identifies practical and theoretical challenges, and explores
the broader implications of the results. By examining
the limitations of current approaches, the complexity of
implementation in real-world scenarios, and the potential
of advanced technologies such as Al-driven digital twins,
this section aims to deepen the reader’s understanding
of the taxonomy’s contributions and to stimulate future
research. Additionally, it broadens the debate to encompass
sustainability considerations, highlighting energy-efficient
network slicing as a promising yet underexplored path toward
environmentally and socially responsible communication
infrastructures.

In this work, we set efforts on a comprehensive classi-
fication, introducing a clear and structured taxonomy for
energy efficiency in network slicing, which facilitates a
more in-depth understanding of existing approaches and
guides future research. From our review of the literature
and the review of methods and approaches, we understand
that current techniques suit one of the three pyramid
levels (Figure 5): Infrastructure Optimization, Path/Route
Optimization, and Slice Usage Optimization. The literature
seems to be concerned about the RAN at the infrastructure
level, especially with radio spectrum efficiency. Furthermore,
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F-RAN, MEC, and different functional splits have been well
investigated in terms of resource arrangement and allocation.
Moreover, none of the papers we found in our review mention
infrastructure-level optimizations at the Core Network (CN)
segment. Since this segment is mainly responsible for virtual-
ized network functions, energy efficiency at the infrastructure
level often falls back to cloud computing or data center
infrastructures.

Resource allocation is a recurring theme in EE research
related to network slicing. However, we observed that the
term encompasses diverse techniques, depending on the type
of resource being optimized (for example, function chaining
versus RAN or edge resources). This ambiguity extends to
other topics as well, such as usage prediction and user
admission control. Thus, previous classifications based solely
on thematic categories fail to reveal the actual mechanisms
through which EE is achieved. Our taxonomy addresses this
shortcoming by explicitly exposing the strategies used to
improve energy efficiency in NS. We hope this structured
approach can serve as both a reference and a foundation for
future research in this field.

While the proposed taxonomy provides a structured under-
standing of energy-efficient strategies in Network Slicing
(NS), it is crucial to acknowledge the practical challenges that
network operators face when attempting to implement these
solutions in real-world scenarios. First, the integration of
EE strategies often requires significant architectural changes,
especially at the Infrastructure Optimization Level, where
methods such as edge server deployment, green hardware
adoption, or cell densification demand both financial invest-
ment and logistical planning. Furthermore, many techniques
assume a high degree of control and observability over the
network, which may not be feasible for operators constrained
by legacy systems or vendor-specific hardware limitations.

At the Path/Route Optimization Level, the orchestration
mechanisms that enable energy-aware resource sharing
and traffic management rely heavily on accurate, real-
time monitoring and centralized control. This introduces
concerns regarding scalability, latency, and the robustness
of inter-slice coordination. In practice, implementing such
orchestration requires standardized interfaces between the
slicing controller, management plane, and the data plane
(many of which are still evolving within 3GPP and ETSI
specifications).

The Slice Operation Optimization Level also presents
operational challenges, particularly related to workload
forecasting and dynamic scaling. Techniques based on
machine learning or workload analysis require large datasets,
extensive tuning, and can introduce computational overhead
that partially offsets energy savings. Moreover, dynamically
managing sleep modes or resource throttling demands
fine-grained control at the hypervisor, container, or VNF level
(capabilities that may not be uniformly supported across
commercial platforms).

Lastly, the lack of unified evaluation metrics and bench-
marking frameworks for energy efficiency in NS makes it
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TABLE 5. Ns and its prospective influence in sustainability pillars.

Sustainability Pillar NS Contribution Mechanism/Strategy
Reduces overall energy consumption and emissions e Dynamic VNF placement and scaling
o Energy-aware orchestration (e.g., sleep
modes)
o Efficient RAN usage
Environmental
Supports integration with renewable-powered infrastruc- o Edge/cloud nodes powered by solar/wind
ture energy
o Load-aware function scheduling
Lowers OPEX through infrastructure sharing e Multi-tenancy
e NSaaS
¢ On-demand resource allocation
Economic
Enables new business models for vertical industries o SLA-driven services
e Custom slices for IoT, health, etc.
Improves access to digital services in underserved areas o Rural FWA using low-cost NS solutions
Social ) ) )
Enhances quality and availability of public services o Dedicated slices for healthcare, education,

public safety

difficult for operators to assess the cost-benefit ratio of
deploying such strategies. Addressing these implementation
barriers will require collaboration between industry stake-
holders, standardization bodies, and the research community
to bridge the gap between theoretical advancements and
practical deployment.

It is worth mentioning that we did not find any technique
(or approach combining multiple techniques) that suits all
three levels of the pyramid simultaneously. In 2016, the
authors in [7] pointed out the need for a holistic approach that
combined multiple energy-efficient techniques. However,
little has changed since then. Our understanding is that
the community is concerned about very specific challenges.
In this sense, we believe that combining multiple techniques
and technologies from each of the pyramid levels is an
important step in understanding their final impact and overall
benefits.

Developing such a holistic approach would require the
creation of cross-layer optimization frameworks that dynam-
ically adjust the placement of network functions, routing
policies, and real-time resource allocation based on energy
constraints. To achieve this, recent studies investigate the
usage of Al-driven digital twins towards 6G networks [83],
[84], [85]. In this sense, a digital twin can be understood
as a virtual replica of the physical network continuously
used to monitor, predict, and optimize resource allocation
and energy consumption based on real-time traffic demand
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and environmental conditions. DRL is often integrated with
digital twins to adapt slicing decisions, with the aim of
optimizing resource usage and maintaining QoS constraints.
However, integrating digital twins into energy-efficient
network slicing remains an open challenge, particularly
regarding scalability, interoperability, and real-time decision-
making. Future research should focus on developing efficient
AI models that can predict and optimize network energy
consumption with low computational overhead.

Another observation worth highlighting is that current
energy-efficient slicing approaches often assume a central-
ized control plane managed by a single network operator.
However, real-world deployments will involve federated
energy-aware resource allocation, requiring coordination
between multiple infrastructure providers, such as Mobile
Network Operators (MNOs), Mobile Virtual Network Opera-
tors (MVNOs), and private networks from different geograph-
ical regions. Therefore, multi-tenancy and multi-domain
energy efficiency are still challenges, not only technical but
also from a standardization perspective.

Finally, the energy efficiency research topic is directly
related to sustainability contributions. In this regard, to the
best of our knowledge, the current state-of-the-art lacks a
comprehensive study on the contributions and overall impacts
that Network Slicing (NS) may bring to communication
networks. We recognize that the ongoing evolution of these
networks can have profound implications for human society.

VOLUME 13, 2025



A. W. Donatti et al.: Energy Efficiency in Network Slicing: Survey and Taxonomy

IEEE Access

Thus, in this discussion, we aim to go beyond purely technical
aspects of energy-saving mechanisms. We seek to emphasize
the importance of long-term sustainability, highlighting that
this topic remains underexplored and offers ample opportuni-
ties for impactful research. In this regard, future studies could
examine not only the direct contributions of NS, but also, more
broadly, the sustainability implications of advancements in
communication infrastructures. To contribute to this agenda,
we outline several potential contributions of NS, particularly
in relation to the environmental, economic, and social
pillars of sustainability. These contributions, along with
the mechanisms and strategies identified in this work, are
summarized in Table 5.

VII. FINAL CONSIDERATIONS

This survey considers how we can contribute to addressing
the increase of energy efficiency in network slicing, with the
goal of reducing ICT’s carbon footprint.

The contributions presented initially include the definition
of a new approach-driven taxonomy for energy-efficient
network slicing. This taxonomy contributes to a more
general understanding of what is being done by the spe-
cific energy-efficient solutions provided by the research
community. Instead of focusing on the end algorithm or
method used, the taxonomy places the proposed solutions
for energy-efficient network slicing on different optimization
levels that reflect the main approach used (infrastructure,
topology, or slice). Concomitantly, this survey analyzes the
related papers and maps them on the proposed taxonomy.

One relevant trend identified by our taxonomic clas-
sification is that energy efficiency in network slicing is
gradually becoming a systemic approach. We mean that
existing solutions tend to consider multiple optimization-
level methods, ranging from the decision to place resources
in the infrastructure to optimizing resource usage at the slice
optimization level.

This suggests that a more holistic approach is the best way
to save energy and reduce carbon footprint. This trend also
suggests that energy-efficient systems will involve various
subsystems, and machine-learning approaches will have to
be integrated learning from distributed sources of knowledge.
This is indeed a new challenge to be addressed by the research
community.

LIST OF ACRONYMS
3GPP  3rd Generation Partnership Project
Al Artificial Intelligence

ARIMA Autoregressive Integrated Moving Average
B5G Beyond 5G

BCD block coordinate descent

BS Base Station

C-RAN Cloud-RAN

ccC Cognitive Cycles

CN Core Network

CT Communication Technology
CU Central Unit
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DDQN  Double Deep Q-Network

DL Deep Learning

DRL Deep Reinforcement Learning
DNN Deep Neural Network

DU Distributed Unit

E2E end-to-end
EE Energy Efficiency

EESO  Energy Efficient System-resource Optimization
eMBB  enhanced Mobile Broadband

ETS Exponential Smoothing

FL Federated Learning

F-AP  Fog Radio Access Point

F-RAN Fog-RAN

F-UE  Fog-UE

FWA Fixed Wireless Access

GBR Gradient Boosting Regressor

GHG  Greenhouse Gas

H-CRAN Heterogeneous Cloud Radio Access Network

HetNet Heterogeneous Network

H-NOMA heterogeneous non-orthogonal multiple access

ICT Information and Communication Technology

ILP Integer Linear Programming

IoT Internet of Things

ISP Internet Service Provider

K8s Kubernetes

KPI Key Performance Indicator

MAB  Multi-Armed Bandit

MANO Management and Orchestration

MBLP Mixed Binary Linear Program

MEC  Multi-access Edge Computing

MILFP mixed-integer linear fractional optimization
problem

mloT  massive IoT

MILP  mixed-integer linear programming

MINLP mixed-integer non-linear programming

mMTC Machine Type Communication

MNO  Mobile Network Operator

MVNO Mobile Virtual Network Operator

ML Machine Learning

MVNO Mobile Virtual Network Operator

NFV Network Function Virtualization

NGMN Next-Generation Mobile Networks

NOMA Non-Orthogonal Multiple Access

NS Network Slicing

NSaaS  Network Slice-as-a-Service

NSMF  Network Slice Management Function
NSP Network Service Provider

OMA  Orthogonal Multiple Access

O-RAN Open RAN

OPEX  Operating expenses

PRB Physical Resource Block

QoE Quality of Experience

QoS Quality of Service

SFC service function chain

UE User Equipment

URLLC Ultra-Reliable and Low-Latency Communications
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RAN Radio Access Network
RB Resource Block
RFR Random Forest Regressor
RL Reinforcement Learning
RMEC Radio Multi-access Edge Computing
SACRA Slicing Aware Clustering and Resource Allocation
ScA Successive Convex Approximation
SDN Software-Defined Network
SLA Service Level Agreement
SP Slice Provider
TL Transfer Learning
UE User Equipment
VNE Virtual Network Embedding
VNF Virtualized Network Function
VNFD Virtualized Network Function Descriptor
VR Virtual Reality
vRAN  Virtual RAN
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