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Resumo

Pires-Jr, William Teixeira. Energy-aware approaches to resource allocation in
open radio access networks. Goiania, 2026. 78p. Dissertagdo de Mestrado. Pro-
grama de P6s-Graduaciao em Ciéncia da Computagdo, Instituto de Informatica,
Universidade Federal de Goiés.

Abordagens Sensiveis a energia para alocacdo de recursos em redes de acesso por radio

abertas A evolugdo das redes de comunicagdo mével rumo ao 5G e além busca atender
as demandas por alta vazao de dados, baixa laténcia e eficiéncia energética. As Redes
Abertas de Acesso por Rddio (O-RAN), com sua arquitetura desagregada e virtualizada,
oferecem flexibilidade e interoperabilidade, mas também impdem desafios significativos
em termos de consumo de energia. Este trabalho aborda a alocacdo de recursos com con-
sciéncia energética em O-RAN, com foco no posicionamento de Fun¢des de Rede Vir-
tualizadas (VNF) e na associacdo de equipamentos de usudrio. Propomos um modelo de
Programacao Linear Inteira Mista que considera conjuntamente os custos energéticos dos
equipamentos de radio, rede de transporte e migracao de VNFs, a0 mesmo tempo em que
suporta opcoes flexiveis de divisdo funcional da pilha de protocolos da RAN e decisdes de
roteamento, complementado por uma heuristica para escalabilidade. Utilizando geradores
sintéticos de carga e topologia, avaliamos cendrios variados € mostramos que topologias
hierdrquicas alcancam até 15% mais centralizacdo e reduzem o consumo de energia em
cerca de 28% em comparagdo com topologias amplamente adotadas atualmente. Além
disso, a otimizacdo conjunta do posicionamento de VNFs e da associacdo de equipamen-
tos de usudrio possibilita uma melhoria significativa da eficiéncia energética ao desativar
completamente estacdes base em momentos de baixa carga. Uma abordagem disjunta
para o problema € capaz de resolver instancias maiores e alcancar solugdes proximas ao
6timo, superando aquelas baseadas apenas na associagdo com maxima Relagcdo Sinal-
Ruido (SNR). Apesar das solucdes 6timas nao atenderem o tempo de resposta exigido em
implantacdes praticas, elas oferecem um resultado de referéncia robusto para a avaliagdo

da rede e de abordagens nao 6timas para o problema.

Palavras—chave
Rede Movel, Rede de Acesso por Radio, Eficiéncia Energética, Orquestracdo de

Recursos, Programacdo Matematica.



Abstract

Pires-Jr, William Teixeira. Energy-aware approaches to resource allocation
in open radio access networks. Goiania, 2026. 78p. MSc. Dissertation. Pro-
grama de P6s-Graduaciao em Ciéncia da Computagdo, Instituto de Informatica,
Universidade Federal de Goiés.
The evolution of mobile communication networks toward 5G and beyond seeks to
meet the demands for high throughput, low latency, and energy efficiency. Open Radio
Access Networks (O-RAN), with their disaggregated and virtualized architecture, provide
flexibility and interoperability but also pose significant challenges in terms of energy
consumption. This work addresses energy-aware resource allocation in O-RAN, focusing
on Virtualized Network Function (VNF) placement and user equipment association.
We propose a Mixed Integer Linear Programming model that jointly considers radio
equipment, transport network, and VNF migration energy costs while supporting flexible
functional split options and routing decisions, complemented by a heuristic for scalability.
Using synthetic load and topology generators, we evaluate diverse scenarios and show
that hierarchical topologies achieve up to 15% more centralization and reduce energy
consumption by about 28% compared to current widely adopted topologies. Additionally,
joint optimization of VNF placement and user equipment association enables significant
energy savings by disabling entire base stations during moments of low load. A disjoint
approach to the problem is able to solve larger instances of the problem and achieves
solutions close to optimal while surpassing a maximum-Signal to Noise Ratio (SNR)
solution. Despite the optimal solutions being unable to meet the stringent response time
required in practical deployments, they present a robust baseline for the evaluation of both

the network and non-optimal approaches to the problem.

Keywords
Mobile network, radio access network, energy efficiency, resource orchestration,

mathematical programming.
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CHAPTER 1

Introduction

Energy efficiency has become one of the most pressing challenges in the evolu-
tion of mobile communication networks. While each new generation of mobile systems
has introduced innovations to support emerging use cases, the environmental and eco-
nomic impacts of their operation have grown substantially. Today, the Information and
Communication Technology (ICT) sector accounts for around 3.5-4.0% of global elec-
tricity consumption, with telecommunication infrastructure alone responsible for about
1% of the total. Moreover, energy costs represent up to 40% of operators’ expenditures
[16]. Within this context, the Radio Access Network (RAN) is particularly critical, re-
sponsible for 75-80% of the total energy used by mobile network infrastructure, while
nearly 95% of CO, emissions associated with network equipment occur during its oper-
ation [40]. These statistics highlight the need for energy-aware strategies that can ensure
the sustainability of future mobile networks.

The Open Radio Access Network (O-RAN) paradigm offers unprecedented
flexibility by disaggregating the RAN protocol stack into Virtualized Network Functions
(VNFs) executed on General Purpose Processors (GPPs). This flexibility enables dynamic
orchestration and cost reduction; however, it also introduces complex decisions regarding
VNF placement and traffic routing. Each of these decisions directly influences the energy
footprint of the network. Exploring energy efficiency in this context is therefore essential
to conform with the International Telecommunication Union (ITU) directive of aligning
the network’s evolution with the Sustainable Development Goals (SDGs) established by
the United Nations [22].

This dissertation investigates energy-aware approaches to resource allocation in
open and virtualized RANs, with a major focus on understanding the trade-offs between

optimality, scalability, and efficiency. The research is guided by the following questions:

1. Which scale can be achieved when optimally solving the problem of VNF
placement for minimum energy consumption when considering the problem

in its most complete form?
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The first research question is motivated by the observation that existing ap-
proaches to energy efficiency in Virtualized Radio Access Network (VRAN) infrastructure
frequently simplify the problem formulation to achieve tractability. Common simplifica-
tions include neglecting the energy consumption of the transport network, ignoring the
overhead associated with VINF migration, or restricting the choice of functional split to a
single option. Other works resort to heuristic or machine-learning-based methods to ad-
dress scalability concerns. However, these approaches often lack a quantitative evaluation
of the trade-off between scalability and solution optimality. As a result, it remains un-
clear to what extent the complete energy-aware VNF placement problem can be solved
optimally when all relevant energy consumption components are considered.

In the following chapters, we show that the intractability of optimally solving
the problem reported in the literature is a consequence of formulation choices. By
applying a simple linearization technique, the problem can be expressed as a Mixed
Integer Linear Programming (MILP) model, enabling the use of off-the-shelf solvers
for efficient resolution. The results show that instances of considerable size compared
to those reported in the literature can be solved optimally within practical time limits.
Furthermore, the analysis reveals that energy consumption from computing resources, the
transport network, and VNF migration each has the potential to influence the optimal
solution, reinforcing the need for a comprehensive formulation. The objectives derived

from this research question are:

* Formulate a flexible and comprehensive mathematical programming model to
minimize the energy consumption of VRAN systems.
* Evaluate how the solution time for optimization models scales with the size of

instances of the problem.

2. How different RAN topologies and different user equipment network usage
profiles affect the energy consumption of the RAN infrastructure?

The second research question addresses an open gap in the literature concerning
the analysis of how different network scenarios influence the energy consumption of
network infrastructures [2]. Existing studies predominantly focus on static deployments
(with fixed placements for some VNFs) and simplified topologies, such as single-cloud
architectures or hexagonal Base Station (BS) distributions, which may not capture the
heterogeneity of real-world networks or the full flexibility proposed for SG/6G networks.
To overcome these limitations, a flexible formulation capable of representing arbitrary
network scenarios is required. Such formulation enables a comprehensive evaluation of
the interactions between User Equipment (UE) traffic, usage profile, network topology,

and VNF placement decisions.
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Through an evaluation of multiple RAN topologies and heterogeneous UE
usage profiles, this dissertation shows that architectural choices play a decisive role
in characterizing energy efficiency. For instance, hierarchical topologies can achieve
significantly lower energy consumption than ring topologies by enabling more efficient
aggregation of VNFs and better utilization of computing resources. At the same time,
high-throughput usage profiles tend to amplify transport network energy costs, reducing
the benefits of aggressive centralization and favoring more distributed deployments.
Conversely, under lower load conditions, greater centralization often leads to energy
savings, provided that routing and functional split decisions are jointly optimized. The

following objectives were based on this research question:

* Identify different network topology structures and UE network usage profiles for
evaluation.

* Quantify the energy consumption for different RAN topologies under similar loads.

* Evaluate the relationship between UE network usage profiles and energy optimized

decision trends.

3. Regarding the problems of UE-BS association and VNF placement. Is there
any benefits in adopting a heuristic solution instead of an optimal solution of
the problem in its holistic or relaxed formulation?

The third research question is motivated by the practical limitations of deploying
optimal solutions in large-scale or time-sensitive operational environments. An efficient
formulation may be capable of presenting solutions in practical time for a technical
evaluation of the network. However, solving the UE-BS association and holistic VNF
placement problems optimally may not always be feasible within the time constraints
imposed by real network deployment requirements. For this reason, heuristic solutions are
frequently proposed as an alternative. Still, such heuristics are often evaluated in isolation,
without a rigorous comparison against an optimal baseline.

This dissertation seeks to address this question by designing and evaluating a
heuristic solution against the optimization model. The results show that the heuristic
developed for VNF placement can achieve energy consumption levels lower than those
of a fully centralized deployment while remaining close to the optimal solution during
periods of low traffic load. Additionally, we evaluate a heuristic approach to the problem
of UE-BS association that is commonly used to maximize UE signal quality. While the
heuristic is capable of presenting solutions with energy consumption close to optimal in
scenarios with high UE density, it may do so at the cost of a reduced admission rate.
Furthermore, the optimization model remains essential for achieving significantly lower

energy consumption in low UE density scenarios. Overall, these results demonstrate that
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while heuristic approaches can offer a solution within an acceptable time frame for real-
world network deployments, optimization-based solutions are essential for evaluating
non-optimal methods and for clarifying the complex relationships between network
operational decisions and energy efficiency. Accordingly, the objectives derived from this

research question are:

* Design a heuristic aligned with the holistic formulation for the problem of VNF
placement, aiming to minimize energy consumption.
* Quantify the energy gap between the heuristic and optimal solutions for both

problems.

4. What is the extent of the impact on energy consumption when addressing the
problems of UE-BS association and VNF placement disjointly compared to the
joint approach?

The fourth research question is driven by a practice observed in the literature
of addressing the problems of UE-BS association and VNF placement disjointly, without
assessing the gap in solution quality in comparison to a joint approach. While a disjoint
formulation reduces complexity, an optimal solution for the first problem alone can
block an overall optimal solution for the complete problem. The results presented in
this dissertation show that, despite the joint approach yielding lower energy consumption
in the majority of the instances evaluated, the energy consumption gap of the disjoint
approach is consistently lower than 1%. The objectives associated with this research

question are therefore:

» Formalize both a joint and a disjoint optimization model for the problems of UE-BS
association and VNF placement.

* Quantify the energy gap between the joint and disjoint approaches to the problem.

By placing energy consumption at the center of the analysis, this dissertation
contributes to the design of sustainable mobile networks, offering insights that can guide
both future theoretical advancements and practical orchestration strategies for real-world
O-RAN deployments.

The remainder of this dissertation is organized as follows. Chapter 3 formalizes
and evaluates the problem of VNF placement with the objective of minimizing energy
consumption from a comprehensive perspective. Chapter 4 extends the scope of the eval-
uation to include the UE-BS association problem, considering both joint and disjoint op-
timization approaches. Finally, Chapter 5 presents the concluding remarks and discusses
potential future research directions for improving energy efficiency in next generation
RAN deployments.



CHAPTER 2

Background

This chapter provides the background necessary to contextualize the disserta-
tion. It reviews the evolution of mobile networks, outlines the main characteristics of
radio access network architectures, introduces orchestration problems relevant to VRAN

operation, and summarizes fundamental concepts in mathematical programming.

2.1 Evolution of mobile networks

The mobile communication network has undergone continuous evolution since
its initial proposal in the 1980s [5, 7]. This progression has been driven by the emergence
of use cases introduced by the technological and social trends of its time. In practice,
this is reflected in the adoption of new types of mobile devices and the development of
software applications with increasingly stringent network requirements.

The first generation of mobile communication (1G) was designed to support ana-
log transmission and focused on wireless voice services, with limited support for handoff.
In the early 1990s, the second generation of mobile communication (2G) introduced dig-
ital transmission over the radio link, improving spectral efficiency and enabling an initial,
though highly limited, form of data services. The third generation of mobile communica-
tion (3G), deployed in the early 2000s, provided proper wireless internet access for e-mail,
picture messaging, mobile TV, and video conferencing services. In 2014, the fourth gen-
eration (4G) introduced enhancements in mobile broadband to enable higher data rates,
supporting emerging smartphone applications such as high-quality video streaming.

We are now in the fifth generation (5G) of mobile networks. Introduced in 2020,
5G incorporated innovations designed to address three primary use cases [21]. In the
Enhanced Mobile Broadband (eMBB) scenario, the goal is to meet the growing demand
of users, characterized by higher device density and increased requirements for data
rate in mobile applications. The second scenario, known as Ultra Reliable Low Latency
Communication (URLLC), supports industrial, medical, and transportation applications

that are critically sensitive to connection loss, latency, and transmission errors. Finally,
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Massive Machine Type Communications (mMTC) provides support for Internet of Things
(IoT) applications, involving large numbers of low-cost devices with energy constraints.
To meet these requirements, SG incorporates several technological advance-
ments. At the radio layer, Orthogonal Frequency Division Multiplexing (OFDM)-based
techniques were extended to provide greater flexibility in waveform parametrization (i.e.,
numerology), enabling the network to tailor transmission parameters to different prop-
agation conditions and service requirements [50]. The introduction of massive Multiple
Input Multiple Output (MIMO) and advancements in beamforming improve spectral ef-
ficiency, reducing propagation losses at higher carrier frequencies. Additionally, the use
of higher frequency bands, including the millimeter wave spectrum, expands the avail-
able bandwidth to support the targeted data rates and device densities. At the architectural
level, network densification through small cells and heterogeneous deployments increases
spatial reuse, but at the cost of powering more active sites and raising coordination com-

plexity.

2.2 5G network architecture

D-RAN C-RAN VRAN O-RAN

((A’) (ﬁ&) @ Q) @ @ Q)
(Rri ) (RrH ) (ru) | ) |

RRH RRH RU RU
vBBU
CU

BBU BBU

Figure 2.1: RAN architectures. Lines connects components positioned in different geo-
graphic locations.

Figure 2.1 illustrates RAN architectures. In traditional Distributed Radio Access
Network (D-RAN) deployments, Baseband Units (BBUs) are located at (or near) the radio
base station sites, co-located with Remote Radio Heads (RRHs), which are responsible for
radio frequency functions. This approach simplifies transport requirements because only
higher-layer traffic must traverse the backhaul. However, each site is dimensioned for peak
load, even if average utilization is low, resulting in inefficient hardware utilization. As
traffic grows and densification increases the number of sites, the inefficiency of isolated

processing resources is intensified.
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Centralized Radio Access Network (C-RAN) emerged as a response by pooling
BBUs from multiple base stations into a shared, centralized location. The idea is to
enhance hardware utilization and enable inter site coordination techniques. However,
complete centralization introduces stringent transport network requirements. The link
connecting radio sites to centralized BBUs must provide high capacity and low latency,
which limits real deployments.

Network Function Virtualization (NFV) builds on the idea that protocol stack
functions can be implemented as software instances instead of specialized hardware. In
the RAN, NFV enables BBU processing to be deployed as VNFs in GPPs platforms, or
virtualized Baseband Units (vBBUs), thereby defining the vRAN paradigm. This decou-
pling of software from the underlying hardware is motivated by improved management
flexibility and potential cost reductions through infrastructure sharing. Leveraging the
concepts of virtualization, O-RAN architecture introduces standardized, open interfaces
for the compatibility of components among different vendors and Radio Access Network
Intelligent Controllers (RICs) for network management. Furthermore, to circumvent the
constraints in transport network capacity and latency requirements from a fully centralized
network, O-RAN offers options to balance pooling gains against deployment feasibility
[29].
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Figure 2.2: 3GPP functional split options and example where options 7.x and 1 are used
to define RU, DU and CU.

These options are illustrated in Figure 2.2, splitting the RAN protocol stack into
7 VNFs: Radio Frequency (RF), Low Physical (Low-PHY), High Physical (High-PHY),
Media Access Control (MAC), Radio Link Control (RLC), and Packet Data Convergence
Protocol (PDCP). Following a Software Defines Network (SDN) paradigm, the higher
layer is further separated into Radio Resource Control (RRC) in the control plane and
Internet Protocol (IP) in the user plane. Downlink traffic destined for a UE and uplink
radio signals received from a UE are processed sequentially by each VNF in the order

shown.
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By choosing one or two functional split options, the RAN protocol stack can be
divided into up to three logical units: the Radio Unit (RU), the Distributed Unit (DU), and
the Centralized Unit (CU). In this decomposition, RU is distributed among radio sites and
processes VNFs closer to the RF, the DU may aggregate flows from multiple nearby RUs,
and the CU may further centralize processing across multiple DUs. Furthermore, these
RAN logical units are connected by a crosshaul transport network, composed of three
segments. The fronthaul connects the RU to the DU, the midhaul connects the DU to the
CU, and the backhaul connects the CU to the core network.

Functional splits, therefore, serve as an architectural configuration parameter
that trades off centralization benefits against transport network feasibility. When higher
centralization of VNFs is pursued to enable coordination or enhance the efficiency of
computing resource usage, the transport network must often carry higher data rate flows
and meet tighter latency targets. Conversely, when functions are pushed closer to the radio
sites, transport constraints relax, but compute and energy requirements at distributed sites

can increase.

2.3 Orchestration problems

Once RAN functions can be virtualized and disaggregated, effective network
operation requires solving the associated orchestration problems. For example, selecting
the functional split option and crosshaul transport network route for each BS defines the
VNF placement problem because these decisions determine where each VNF associated

with a given BS is executed and, therefore, which computing resources are used.

Route Option 1 Route Option 2
1 2 3 1 2 3
R R B @ @ @
Fl Fl Fl Fl Fl Fl
F2 F2 F2 F2 F2 F2
| F3 F3 | F3 ] F3
o Fa F4_|Q ol I F4_ |3
O _Fs F5s | (O Fs F5_|®

Figure 2.3: Deployment with same functional split and different routes.
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Figures 2.3 and 2.4 show practical examples of how routing and split choices
jointly determine VNF placement. The VNFs are indexed by number, but they corre-
spond to the same functions described in the previous section. In Figure 2.3, VNFs 3-6
associated with BS 2 are relocated from Computing Resource (CR) 1 to CR 2 by chang-
ing the route, while keeping the same functional split options. In Figure 2.4, changing the
functional split option, while preserving the routes, relocates VNF 3 for BSs 1 and 2 from
CR 1 to local processing, and relocates VNF 6 for all BSs to CR 3.

Split Option 1 Split Option 2
Q@ @ @ Q@ @ @
A R R A R R
Fl Fl Fl Fl Fl Fl
F2 F2 F2 F2 F2 F2
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Figure 2.4: Deployment with different functional split options and same routes.

UE-BS association adds an additional layer to the problem. The choice of
which BS serves each UE affects radio feasibility (e.g., signal quality and radio resource
demand), which in turn determines which sites must be active and the amount of traffic
generated by each RU. This traffic directly impacts transport network requirements
and consequently influences VNF placement decisions. Overall, this interdependence
highlights both the importance of a joint evaluation of these problems and the inherent
complexity of a comprehensive analysis of the network.

Existing studies address the VNF placement problem with the goal of promoting
centralization toward C-RAN-like deployments [35]. This is achieved by defining a
VNF centralization expression to be maximized as the optimization objective. Regarding
the UE association problem, the objective is often to maximize user admission under
saturation or to maximize the quality of service delivered by the network. However,
finding a solution that aims to minimize energy consumption has also been presented
as a relevant approach in the literature, especially since the ITU aligned the evolution of
the network with the UN’s sustainable development goals [22].

Although prior work in the literature addresses these problems from the perspec-
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tive of energy consumption, as will be shown in the following chapters, this dissertation
aims to address important gaps that remain. An example is the lack of a comprehensive
formulation that accounts for every energy consuming component and captures all the
flexibility proposed by the next generation of mobile networks. Additionally, this disser-
tation seeks to avoid a common method observed in the literature, in which a heuristic
or machine learning based solution is evaluated without a proper comparison against an

exact solution.

2.4 Mathematical programming

The primary method adopted in this dissertation to address the orchestration
problems is mathematical programming. In its most general form, a combinatorial op-
timization problem is defined by (i) a set of decision variables representing controllable
choices, (i1) an objective function that quantifies the quality of a solution, and (iii) a set
of constraints defined by the nature of the problem that ensures the practical feasibility of
the solution.

Mathematical programming models can be classified along two main dimen-
sions. The first concerns the linearity of the objective function and the constraints. Linear
models restrict both the objective and all constraints to linear expressions, whereas nonlin-
ear models allow nonlinear terms, representing more complex relationships. The second
dimension concerns the domain of the decision variables. Continuous variables take val-
ues over a real-valued range (e.g., frequency, energy, spectral efficiency), while discrete
variables represent choices among alternatives (e.g., on/off activation, assignment, routing

decisions). Combining these dimensions yields the following model classes:

* Linear Programming (LP) — linear objective and linear constraints with continu-
ous decision variables.

* Integer Linear Programming (ILP) — linear objective and linear constraints with
integer (including binary) decision variables.

* Mixed Integer Linear Programming (MILP) — linear objective and linear con-
straints with both continuous and integer decision variables.

* Nonlinear Programming (NLP) — nonlinear objective and/or constraints with
continuous decision variables.

* Mixed Integer Nonlinear Programming (MINLP) — nonlinear objective and/or

constraints with both continuous and integer decision variables.

Solving a mathematical programming model consists of finding values for the
decision variables that satisfy all constraints (i.e., a feasible solution) and optimize the

objective function. A feasible solution that achieves the best objective value among all
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feasible solutions is called an optimal solution. LP models, as well as some subcategories
of non-LP models, can be solved in polynomial time, with the interior-point method being
an example of a polynomial time algorithm for these problem classes. Therefore, when a
problem can be modeled as a LP, it typically represents the most favorable scenario from
a practical tractability perspective.

In contrast, ILP and MILP formulations increase the complexity of solving the
optimization problem. Integrality constraints, which restrict decision variables to integer
values, render the feasible region nonconvex, and LP solution methods cannot always be
applied. The Branch-and-bound (B&B) technique enables the solution of these classes
of problems. In this approach, the algorithm repeatedly solves linear relaxations (i.e., the
original problem with integer constraints ignored), branches on fractional variables to
create subproblems, and tightens relaxations via additional constraints. This branching
behavior creates a tree of LP problems that grows exponentially with the number of
decision variables. Consequently, solving general ILP and MILP models is NP-Hard.

In practice, despite the NP-Hardness of ILP and MILP models, B&B can solve
many instances within an acceptable time delay. Therefore, the scalability of a given
formulation becomes a critical factor. Scalability can often be improved by terminating
the search early and returning a suboptimal solution with good enough quality. In this
case, solution quality is usually assessed using the optimality gap, which quantifies the
distance between the best known integer solution and the optimal solution of the linear
relaxed version of the problem.

Finally, the presence of nonconvex expressions (e.g., sine, cosine, or logarithm)
further increases the complexity of MINLP models. Such problems require additional
features to relax the convexity, which expands the search space and leads to poorer

practical scalability when compared to linear counterparts.

2.5 Conclusion

This chapter provided the background needed to support energy-aware orches-
tration in open and virtualized RANSs. It reviewed the evolution toward 5G, introduced
the innovations of VRAN and O-RAN architectures, and described the flexibility of func-
tional split options which, together with routing decisions, determine VNF placement. To
ground the methodological approach adopted in this dissertation, the chapter also sum-
marized the fundamentals of mathematical programming.

Building on this foundation, the next chapter formalizes the VNF placement
problem as a comprehensive MILP and shows how a simple linearization technique

enables the solution of considerable-sized instances within practical time limits.



CHAPTER 3

VNF Placement for Optimal Energy

Consumption

In this chapter, we formulate the problem of VNF placement with the objective of
minimizing energy consumption as a MILP model. The aim is to represent the problem in
its most comprehensive form while showing that the application of a simple linearization
technique enables the solution of network instances with 50 BSs in less than one second.
Furthermore, a heuristic is proposed to improve scalability and achieve reduced energy

consumption when compared to a solution that maximizes centralization.

3.1 Related work

The VNF placement problem in VRAN has typically been investigated with the
objective of maximizing VNF centralization; that is, increasing the number of VNFs from
different RUs processed on the same CR, subject to transport network and processing
capacity constraints [14, 15, 35, 37]. However, as highlighted in [41], centralization
alone does not necessarily yield energy consumption gains. That work formulates energy
efficiency in VRAN as a bi-objective optimization problem, explicitly capturing the
tradeoff between centralization and energy consumption. While insightful, the approach
does not provide a decisive solution that can be periodically deployed in dynamic network
environments.

Several studies have also examined the VNF placement problem in vRAN with
the goal of minimizing energy consumption. In [17], the authors propose a heuristic to ad-
dress the association between CU, DU, and UE, aiming to reduce network energy usage
while limiting mobile device handovers. However, their approach assumes fixed associ-
ations between DU and RU, overlooking the potential benefits of dynamically adjusting
RAN split options. This limitation may lead to inefficient resource utilization, particu-
larly during off-peak periods when a single DU could support a larger number of RUs.
GreenRAN [46] formulates the VNF placement problem as a quadratic integer program to

minimize energy consumption. Due to its computational complexity, the authors propose
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a metaheuristic to solve a relaxed version of the problem, incorporating both VNF migra-
tion costs and the division of the RAN into up to three units. Nevertheless, their model
simplifies network routing and excludes transport network energy consumption, which
can lead to sub-optimal decisions in scenarios where transport costs dominate overall en-
ergy usage.

In [34], the authors propose a reinforcement learning algorithm to determine
the placement of VNFs across a set of DUs with varying capacities, as well as the
scheduling of radio resource blocks for each UE demand. The objective is to reduce
energy consumption by switching off idle DUs while meeting heterogeneous latency
requirements. However, the model does not account for the energy consumption of the
transport network and considers only a single split option, C-RAN, thereby overlooking
potential energy gains from more flexible functional splits. Moreover, C-RAN represents
the most demanding split option to implement in practice due to its stringent transport
network requirements [18], which significantly limits the applicability of the proposed
solution.

In [45], the authors address the problem of selecting the RAN function split
per network slice to reduce the energy consumption of CRs and the transport network.
A heuristic is proposed to obtain solutions within a reasonable time; however, the
routing model is oversimplified, restricting associations between RU and DU, which may
prevent more energy-efficient configurations. The work in [4] tackles the assignment of
VNFs split for each BS across multiple time slots using a deep reinforcement learning
approach. Both [45] and [4] consider only midhaul energy consumption, neglecting the
potential impact of backhaul and midhaul together. Zorello et al. [36] investigate CU
and DU placement under diverse 5G service requirements for bandwidth and latency,
proposing a heuristic compared against the optimal solution. Their findings highlight that
routing choices strongly influence power consumption. Similarly, Malandrino et al. [33]
formulates energy minimization in a C-RAN scenario, though C-RAN represents only
one of several possible functional splits. In [9], the joint allocation of cloud, network,
and radio resources per UE is explored in a cell-free mobile network to reduce power
consumption. The authors assume a single cloud connected to all RUs, which simplifies
routing but fails to capture the diversity of real-world topologies. Importantly, none of
these works [4, 9, 33, 34, 36, 45] accounts for the energy overhead of VNF migration.
This omission limits their applicability in dynamic environments, where even small load
variations may trigger migrations whose energy costs outweigh the potential savings.

Table 3.1 provides an overview of the challenges addressed in prior studies,
along with the instance sizes and response times reported. To the best of our knowledge,
our approach is the first to simultaneously tackle all of these challenges, as reflected in

the table. It is worth noting, however, that the NP-hard nature of the problem means



3.2 System model and problem statement 29

that relying on off-the-shelf solvers to obtain optimal solutions still entails exponential
complexity, rendering them impractical for very large topologies. Nevertheless, as shown
in Table 3.1, our MILP formulation achieves optimal solutions for reasonably large
instances in significantly reduced time, offering a strong baseline against which future

non-optimal strategies can be evaluated.

Table 3.1: Summary of related work in vVRAN energy consumption

Article Comprehensiveness Flexibility Solution Instanfe Response
RAN TNet Mig Splitting Routing Size Time
[17] o O o o O Optimal’ 50 BSs 10%s
[46] () O e () O Metaheuristic 25 BSs 102s
[34] ( O O O O RL — —
[45] () © O () O Optimalf 30 Slices 10's
(4]  J L) O [ O DRL — —
[36] ) ) O O ) Optimal 10 BSs 10%s
[33] o o O O [ Heuristic — —
[9] o o O [ © Heuristic — —
Our Proposal @ [ o ] L Optimal 50 BSs 107 "s

Symbols: @ Considered - © Partially considered - O Not considered.
RAN and TNet represent the energy consumption of the radio access network and the transport
network, respectively.
Mig represents the energy cost of migration.

* Instance size is related to the response time column. We omit this value when solution response
time is not available.

t This work also presents a heuristic solution; however, we consider the optimal solution in compar-
ison.

3.2 System model and problem statement

We consider a RAN topology composed of a set B = {by, by, .. by B|} of RUs
and a set of general-purpose servers H = {hy,hp,...,h} capable of processing the
RAN VNFs. RUs and servers are connected through a set of transport network nodes
T=A{t,b,..., tm}. We define the set of CRs as C = {C1,Cg,...,C|C|} where ¢,y C T UH
represents a group of co-located switches and servers. We represent the RAN topology as
agraph G=(V,€), in which V = {vp} UBUT UH denotes the vertices, where vy represents
the core network, and € = {ej; | v;, v; € V} represents the set of edges corresponding to the
network links connecting the nodes. This graph structure is flexible enough to enable the
representation of any possible RAN topology design, from a traditional distributed RAN
topology to infrastructures featuring cloud and edge computing centers.

Furthermore, in practical network deployment, the graph-based structure of
our system model supports the implementation of our solution as an rApp, i.e., as an
application that runs in the Non-Real Time RAN Intelligent Controller in the O-RAN

architecture [3]. This is particularly justified as the rApp manages the placement of
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virtualized radio functions across multiple base stations, leveraging a broader network
perspective [27, 32].

Routing — All data traffic originates (downlink) or terminates (uplink) at the core network
vp. The best route for a BS depends highly on the power efficiency of the transport network
and processing equipment, as well as the data load generated at the BS. In a scenario
where the cost of turning on a server has the greatest impact on energy consumption, a
longer route, as illustrated in Figure 3.1(a), can lead to lower energy costs. Conversely, if
the energy cost of the transport network is the dominant factor, a shorter route, as shown
in Figure 3.1(b), can be the most beneficial choice. As the size of the topology increases,
this trade-off becomes more complex and must be considered in the formulation. Without
loss of generality, we consider only the downlink flow. We define P, as the set of all
possible paths from each RU b, € B to the core network vp. Each path is represented as an
ordered sequence of CRs connecting the RU to the core. To support different functional
split options, a path is decomposed into at most three segments that connect CU, DU, and
RU: pgp (backhaul), pyp (midhaul), and prp, (fronthaul). As an example, consider a path
represented by the sequence of edges (eq, 2, €3, €4); Different segmentations correspond

to different paths in P, such as:

p1 = PBh(e1, €2, €3, €4),
Pi+1 = PBh(€1, €2, €3) + Pmn(€s),

Pi2 = PBn(€1) + Pmn(e2, €3) + PFh(€s),

and so forth. Moreover, we consider a crosshaul transport network, i.e., a link g;; € £ can

serve different segment parts for different BSs.

(a) Long route. (b) Short route.

Figure 3.1: Example of different routes in the same vVRAN topology.
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Virtual Network Functions — For each RU b, € 3, our objective is to determine the best
CR to deploy the RU set of RAN VNFs, denoted by F = {fi, £, f3, s, f5}, representing
High-PHY, MAC, RLC, PDCP, and RRC functions, respectively. The VNF stack may be
partitioned at most twice according to the functional split combination option D, € D,
which enhances the flexibility of the solution by allowing parts of the VNF stack to be
deployed in different CRs. The Low-PHY function is not virtualized and is assumed to
always be deployed at the RU. In our formulation, each option D, € D, with D, & Dy,
represents either a single functional split or a combination of two functional split options
presented in Section 2.2. The option Dy € D denotes the D-RAN configuration, in which
no functional split is performed and all VNFs are placed on a server co-located with the
RU.

3.2.1 VNF processing

Let the binary decision variable le " denote if the path p € PP; was chosen for the
b, € B using the functional split D, € D. However, during the decision, we must ensure
that the assigned servers selected by the path p € P, have the required processing capacity.
To achieve this, we formulate the computing resource cost for each VNF in terms of Giga
Operations Per Second (GOPS) as described in the following.

We adopt local partial minimum mean square error (LP-MMSE) as the precoding

method, for which the computational cost was formulated in [9] as follows:

Nused
Cprecoding = ﬁ (8N/Tg + 8N/2 (Tp + LO&d(b/)) ) +

Nuysed
(8NjLoad(by)) + T 109 (8NjLoad(by))+ (3-1)

NyseaTd
Toto10°
Nused
Toto10°

8(N? — N/)>.

((4N,2 +4N)) T, + 8NP Load (b)) + -

In this expression, Nyseq denotes the number of used subcarriers, Tg is related to
the OFDM symbol duration, and N, is the number of antennas at RU b, € B. As in [9], we
assume without loss of generality that all bandwidth is allocated to downlink transmission
(i.e., no uplink data transmission is considered) and that pilot symbols for OFDM channel
estimation are transmitted in every coherence block. Accordingly, T, denotes the number
of samples per coherence block, Tp is the number of samples used for uplink training, and
Ty =Tc — Tp 1s the number of samples effectively available for downlink data transmission.

Next, based on the model in [8], we estimate the computational costs of OFDM
modulation and of mapping modulated symbols onto resource elements (REs), respec-

tively, as:

Nb't 1.2
Cmodulation = 1-3Nl< 1163) , (3‘2)
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1.2 15
Ni; SE
Cmapping = 1.3Load(b/)( 1"gs) ( - 0) , (3-3)

where Npj:s 1s the number of bits used for data quantization and SEj denotes the spectral
efficiency of the channel. Therefore, the number of GOPS required for High-PHY layer

processing is given by:
C'HighPHY = Cprecoding + Cmodulation + C'mavpping- (3-4)

Channel coding, system control, and data redirection to the core network opera-
tions are implemented in the higher (or superior) layers of the RAN VNF stack. Similar

to [8], the number of GOPS required by all these superior layers is calculated as follows:

Npi SE 02 SE
CSupLayers = 1-3L0ad(b/) < b’ts) ( 0) +2. 7\/_( b/ts) +8L03d(b/) (TO) .

16 6

To determine the processing required by each VNF individually, given the
aggregated load of the superior layers Csypayers from (3-5), we utilize proportions based
on the CPU utilization profiles observed in the OpenAirInterface (OAI) implementation
[26]. Finally, the total processing load vy, for a given server h, € H is calculated as

follows:

Yw = Z Z Z X/ {F1 (hw, Dr, p)CHighpHy + F2(hw, Dr, p) <0-4 CSupLazyers)
b/GBDrGDPGPI

+ Fa(hw, Dr,p) (0.028 Couptayers ) + Falhws Dr,) (0.286 Couptayers)  (3-6)

+ Fs(hw, Dr, p) (0-286 CSupLayers)} ,

where Fp(hy, Dy, p), based on the input data, returns 1 when server h,, € ‘H processes VNF

f, € F according to functional split D, € D and route p € Pj; otherwise, it returns 0.

3.2.2 Optimization model

We formulate the problem of RAN VNF placement to minimize the energy
consumption as a MILP model. Moreover, we decompose the energy consumption into

three main components, which are detailed below.

VRAN energy consumption — The energy consumed by the general purpose servers
processing the VNFs of all RUs by € B characterizes the vVRAN energy consumption. We

use a traditional energy model [11] to estimate this energy consumption, in which the total
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energy consumed by a server h,, € ‘H over the period T includes a static power component
Pidle consumed whether the server is turned on, and a dynamic load-dependent power

consumption P.l,’vusy — P,’;‘Vj’e, defined as:

Evaan= Y. TWSPE"+ (va/CE®) (P — i) |, (3-7)
hweH

where v, 1s the total load assigned to server h,, € ‘H as calculated in (3-6), cp represents
the number of GOPS the server h,, € H can perform. 9 is a ceiling function that ensures
that a server h,, € H is counted as active if, and only if, at least one VNF of any RU is

assigned to it. This ceiling function is defined as follows:

(3-8)

X/p'rUf/)vM(hW, fn, bls DI’)—‘
|1 1Bl ’

Ww-LY Yy
fn€F bjeB DreD peP;
where ufy, € {0,1} is based on the input data, indicating whether a server h,, € H is

part or not of the route p € P,. The mapping function M(hy,, f,, b;, D) returns 1 when the
server h,, € H processes VNF f, € F from RU b, € B according to functional split D, € D.

Transport network energy consumption — We consider an optical transport network
dedicated to the RAN infrastructure, where the energy consumption comes from (i)
Ethernet switches, allowing higher routing flexibility by enabling packet aggregation,
and (ii) Dense Wavelength Division Multiplexing (DWDM) pluggable transceivers that
can be directly installed in switches and in the most recent 5G RUs [43, 12]. Each link
ejj € & is characterized by its data transmission capacity Rg] and power consumption Pélrl
of the transceivers at each end of the link. For each topology node v, € V), the function
S(vk) € {0,1} indicates whether vk is a packet switch, while P} _represents the power
consumed by each switch port. Finally, The transport network energy consumption is

defined as follows:
ETNet = Yoy (2ptr 1 S(v)PS + S(vi) P 3-9
TNet - Z Rtr e’/+ (v_/) V]+ (VI) Vi . ( - )
e;€E €jj
Ye; in (3-9) represents the total throughput over link ej;, which is defined as:

_ p.rpl [, PBh A Pmh 11 PFh 1]
Ye; = Z Z Z X R (yeij Xph* Ve Xpn*t Ve “Fh) ’ (3-10)
D,eD bjeBpeP;

where the data throughput R’ = Load(b))R%" generated by RU b, € B is a dynamic param-

eter that fluctuates over time, and can be estimated by the number of devices connected to

the RU at a given instant and the mean throughput generated by these devices. ygf”, ygé‘.””,
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and yg.f " indicate if the link ej; is part of the backhaul, midhaul, or fronthaul, respectively,
for the path p € P,. For each RU b, € B, the chosen functional split D, € D increases the
data rate required at the backhaul, midhaul, and fronthaul by the factors ocgﬁv, ocg;,lh, and
ocf_-’g, respectively. As the solution is expected to be effective during the time period T,
we consider the estimated number of active links v,/ Fz’gj as a possible non-integral real

value to account for the deactivation of the link during periods of inactivity.

VNF migration energy consumption — To ensure that the energy cost overhead due to
migration does not outweigh the energy gains in the new solution, we use a linear approx-
imation model based on empirical data, similar to [17, 46]. As shown in Section 3.3, VNF
migration is the component with the lowest impact on total energy consumption. There-
fore, despite the possible inaccuracies inherent in linear approximations, this approach
has a limited impact on the quality of the solution and complies with our objective of
preserving the linearity of the formulation. Considering that each VNF is processed indi-
vidually in its own Virtual Machine (VM), allowing for flexible function placement, we
estimate the energy cost of migrating a specific VNF f, € F as E¢, = aVs,+ b, where Vg, is
the memory volume of the VM hosting the VNF f, € F, and coefficients a and b are de-
rived from experimental observations [30], which maps the data traffic of VM migration
to energy consumption. Lastly, we define the total VNF migration energy consumption

by the following equation:

Emig="Y, Y, Y. Y. Y [1—N(hw,fab)| X uf M(hy, fo, by, D) Er,,  (3-11)
hwEH f€F D;€D bieBpeP,

where N(hy, fy, bj) is defined over the input data, resulting in 1 when server h, € H

processes VNF f, € F from RU b; € B for the previous VNF deployment. Otherwise,
it returns O.

The objective is to minimize the total energy consumption needed to process

the VRAN VNFs. This total energy consumption is impacted by the hardware processing

the VNFs, the transport network connecting the CRs, and the migration of VNFs given a

previous deployment. Therefore, we define the objective function as follows:

minimize EvRAN + ETNet + EMig (3—123.)
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subject to

Y Y (L X T LA MOnh00) 05 2 0% i
CmEC fne]: hwEH b/GB DrGD pEP/

Y ) xP"=1, VbeB, (3-12¢)
DreD pePy
Ye, < 5P, VejEE, (3-12d)

Y xP'yEetel < Bgy, Vb €B,D,€D,pe P, (3-12¢)
ejcf

Y xP'ySMhel < Byp, Vb € B,D,€D,peP, (3-12f)
e,-,-eé'

Y xPyErel < Bry Vb €B,D,€D,pE P, (3-12¢)
e,-,-eE
Yw <GP, Vhy €H, (3-12h)
xP"€{0,1}, Vb eB,D,eD,peP,. (3-121)

We define centralization as the number of VNFs from different RUs being processed in
the same CR, i.e., in servers at the same geographical location. The constraint in (3-12b)
ensures a lower bound centralization p¢ of VNFs, where v,’f,,w, defined over the input data,
indicates whether a server h,, € H is associated with CR ¢, € C and is part of route p € P,.
The term 11)5 n9'€ is an expression and assures that at least two RUs b; € B must have the
same type of VNF f, € F allocated to the same CR ¢, € C to count as centralization,

which is formulated as:

smg/e ’72 Z Z Z perwM(thnsbl,Dr)—‘

hweH bieB DD peP; ’-7:| ‘B|

(3-13)

For each RU b, € B, only one combination of route p € P, and functional split
D, € D must be assigned, as represented in the constraint (3-12c¢).

Each link e;; € £ has a maximum data rate capacity e,-?ap defined by the number
of fibers and data rate of transceivers composing it. This maximum capacity must not
be exceeded, as represented in the constraint (3-12d). Furthermore, scenarios where the
transport network is shared with other services can be considered by extending constraint
(3-12d).

Depending on the functional split D, € D chosen, different latencies must be
granted at fronthaul (), midhaul (3},,), and backhaul (35;,) of path p € P;. Since each
link e;; € £ incurs in delay e,-Lj according to its capacity, distance between nodes, number
of hops, and packet queue size, the chosen path p € P; must ensure the latency required
by functional split D, € D, as defined in the constraints (3-12e) — (3-12g).

The VNFs assigned to a given server h, € H must not exceed its maximum
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processing capacity Car, as defined in the constraint (3-12h). Finally, the constraint in

(3-121) specifies that the decision variable is binary.

3.2.3 Linearization

The problem stated in (3-12) represents an integer program formulation, which
is known to be an NP-hard problem, as demonstrated by the authors of [35]. However,
the ceiling function in (3-8) and (3-13) renders those constraints discontinuous. This
approach makes the model nonlinear, i.e., unsupported by MILP solvers and dependent
on inefficient solutions. Therefore, we linearize these constraints by introducing two new
integer decision variables, y,, and y,,, for each server, h, € H and CR ¢, € C. Regarding

the former and considering the following relaxation of \9:

pruf/)l/M(th fn!b/s Dr)
7] 1Bl ’

WL Y Y LS 314

fn€F bjeBB D,€D peP;

we are able to mimic the behavior of the ceil function by adding the following constraints:

Y > $3", (3-15)
w <V +1— ¢, (3-16)
where € < 1/(|F| |B|) is an integrity component, granting that y,, remains equivalent to
on. when 1|)f,’,,”/ results in an integer value. Similarly, for y,,, we define Ll)f,';ngle as the
relaxation of tl),s,';ng le,
M(hw, f, by, D;)
smgle Z Z Z Z Vm w w> In, Of, Ur (3-17)
hweH beB DyeD peP, | F||B]

and formulate the following constraints:
Yimn = W' (3-18)
Y < < ll)s:ngle €. (3_19)

To conclude, after replacing }°” with y,, in (3-7) and }5"9'® with y,, in (3-12b),

we end up with:

minimize E,gan + ETnet + Emig
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subject to

) Z(Z Y Y Y xR wM(hw. fa,bi, D) — ym>zpc,

CmGC fnef hWGH b/GB DrG’DPEP/

Z Z X/p’r=1, Vb, € B,

DrEDpEP/
Ye; < ecap, Vej €&,

Z X rygfheu <PBgn Vb €EB,D€D,peP,
ejef

Y xPTyBUnel < Bl Vb €B,D,€D,peE P,
e

Y xPTyErel < Br,, Vb€ B,D, € D,pe P,
ejcf
Yw < C, Vh, €H,
}/WZII)W , Vhy €H,
Y <V 41 —e, Vhy €M,
Ymn > I eneC e F,
Yoo < WIS 4 e VemeC e F,
x""e€{0,1}, Vb €B,D,eD,peP,
Yw:Ymn €72, YemeC,hy € H,fHeF,

which represents a more efficient MILP formulation, as illustrated by the results presented
in Section 3.3.
Table 3.2 summarizes all the decision variables, sets, and data parameters used

throughout the formulation.

3.2.4 Heuristic

Solving an MILP formulation is known to be NP-Hard, presenting non-
polynomial complexity to solve. To obtain a faster solution for instances that cannot be
solved within an acceptable time using the MILP model, we propose a heuristic solution.

Algorithms 1 and 2 present the heuristic to assign a route between each BS in
the topology and the core network, as well as a functional split for the association. As
input, we consider the sets L, of nodes with distance n (in number of hops) from the core,
the RAN topology graph G, the set of functional splits D* excluding the no-split option
Dy, the set of paths P from every BS until the core, and the associations S~ currently
deployed in the network. Additionally, Algorithm 2 receives the partial solution from
Algorithm 1.
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Table 3.2: Sets, Input Data, Decision Variables, and Expressions

Notation Description

B Set of RUs
H Set of general-purpose servers
T Set of transport network nodes
C Set of CRs
2 9 Topology graph where G = (V,£)
3V Set of topology nodes where V = {vp} UBUT UH
& Set of topology links where £ = {ej; | vi,v; € V}
Py Set of all paths from each RU b; € B to the core network vy
F Set of VNFs
D Set of functional splits
¢ VNF centralization lower bound
oap Processing capacity of server h, € H
phusy Load-dependent power consumption of server hy,, € H
pidle Static power consumption of server h, € ‘H
E;, Memory volume of VM hosting the VNF f, € F
eic-;ap Maximum link data rate
e,é- End-to-end link latency
Fi’gj Transceiver transmission capacity
s ng Transceiver power consumption
‘Q“ Py, Ethernet switch port power consumption
s T Expected solution deployment duration
g* Ts OFDM symbol duration
Nused Number of sub-carriers used
Npits Number of bits used for data quantization
N, Number of antennas in RU b, € B
ub, Indicates whether a server h,, € H is part of the path p € P,
vﬁ,,w Indicates whether a server h, € H, part of the path p € P, is
associated with CR ¢, € C
SEy Channel spectral efficiency
T Number of samples per coherence block
Tp Number of received samples during training phase
Ty Number of received samples during downlink data transmission
g le ! Binary decision variable indicating that path p € P, was chosen
3 for RU b, € B using functional split D, € D _
T YwYm Integer decision variables that linearize 19" and 1bf,§7,? le
2 Yw Processing load for server h,, € H
<>‘€ Ye;, Total throughput over link e;;
o on Indicate if server h,, € H is assigned to the processing of any VNF
:% and needs to be activated
g ﬁ;n,? le Indicate if at least two different RUs deploy the same VNF f, € F

inCRc¢cpeC
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Algorithm 1 VNF Placement For The First Level

Input :L, G D*P,S'.
Output: Partial set of associations between BS, route and functional split S.
1 S+o
2 Sort set Ly, for each n, by BS load
3 forv; € Ly do
4 if v; ¢ B3 then
5 L continue

6 p < No-split route for v; with the most power-efficient available server
7 if Migrating to (v, p, Do) is worthwhile then
| S+ SU(vi,p,Do)

Algorithm 2 VNF Placement For Level 2 and Beyond

Input : L, G, D*,P,S18.

Output: Complete set of associations between BS, route and functional split S.
9 Sort set L, for each n, by BS load
10 for n>1do

11 for vie L, do

12 if v; ¢ BB then

13 L continue

14 Ceands. < CRs with turned on server

15 Reverse sort Ccangs. by number of associated BSs

16 po < No-split route for v; with the most power-efficient available server

17 candAssociation < (Vv;, po, Dp)

18 feasible < False

19 for ¢, € Coangs. do

20 for route p that contains candidate CR ¢y, do

21 for O; € D* do

22 if (v, p, O)) is unfeasible then

23 L continue

24 feasible <— True

25 if (v, p, O)) consumes less energy than candAssociation then

26 | candAssociation < (v;,p, O))

27 if feasible then

28 if Migrating to (v;, p, O)) is worthwhile then

29 | S+« SUvp,0)

30 else

31 cm <+ a CR with available server to turn on, prioritizing already active CRs

32 Assuming that the BS load in V; is equivalent to the load of all vy not
yet associated in L,

33 if dp € P and 30, € D* such that (v;,p, Oy) is feasible and consumes less energy than
performing no-split then

34 if Migrating to (v, p, Oy) is worthwhile then

35 | S+ SUV.p,0r)

36 else

37 p < No-split route for v; with the most power-efficient available server

38 L S« SuU(vj,p, Dy)

39 Try to apply no-split option for the remaining nodes in distance n

40 Iterate loop in step 10
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Algorithm 1 creates a partial solution by assigning a route and functional split to
every BS in the first hop from the core, if any, that cannot centralize their VNFs. In step 2
we sort the nodes in each level n (i.e., nodes with the same distance from the core) by BS
load, so we associate the nodes with the least load first. In steps 3 to 8 a route with a no-
split option is associated for BSs at level 1. To address the energy cost of VNF migration,
in step 7 we evaluate whether the energy savings from the new association compensate
for the energy overhead incurred by migrating from the previous solution.

For levels 2 and beyond, in Algorithm 2, we evaluate whether performing a split
and using an active CR in the upper levels is more efficient than turning on a local server
and opting for a no-split option, as detailed in steps 14 to 29. If none of the evaluated
associations are feasible, we determine whether a new server should be activated in the
upper levels or if the no-split option should be assigned to the remaining BSs in the current
level, as addressed in steps 30 to 40. This decision is based on the assumption that the total
load in the remaining BSs at this level is generated by the current BS being evaluated. This
assumption implies that the greater the difference in efficiency between CRs and transport
network links, the farther from optimal the heuristic solution is expected to be.

Complexity analysis — The proposed heuristic algorithm can find a satisfactory
solution in polynomial time, as shown in Section 3.3. In Algorithm 1, step 2 sorts each
hop-level set L, by BS load, which costs Y, |Lp|log|Ls| < O(|V|log|V|). This upper limit
stems from the definition of L,, where ¥, L, = |V| — 1. steps 3 to 8 iterate over Ly < |V
once, therefore, the overall complexity of Alg. 1 is O(|V|log|V|), dominated by the sorting
step. For algorithm 2, step 9 performs the same sort as previously described. Steps 10 and
11 iterate over each CRs once, while step 19, in the worst case, handles all CRs again.
Step 20 iterates through the routes for a given CR. To limit the number of paths and
reduce the complexity of the heuristic, we use only the k-shortest paths, which gives k
paths of length ¢ where each is further divided into 1 route without splits, £ — 1 routes
with a single split, and 211;—12 j = O(f?) routes with two splits. In the worst case, all paths
have £ = |V| — 1, limiting the number of iterations in step 20 to O(k - |V|3). Finally, steps 10
to 26 have complexity O(k - |V|°). The evaluation in step 33 is done similarly, resulting in

the same complexity.

3.3 Evaluation

In this section, we evaluate the proposed formulation for the problem of vVRAN
VNF placement for energy efficiency. We introduce the method and parameters used in

the evaluation, followed by a discussion of the results.
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3.3.1 Method and parameters setup

Topologies — We consider the two classes of RAN topologies commonly deployed by
network operators [23, 35, 38, 52]: T1, in which the nodes are connected in ring struc-
tures, and T2, in which the transport network follows a hierarchical tree structure. Both
topology classes are represented by instances comprising 50 nodes. In T2, each node’s
network capacity and computing resources are defined according to its distance (in hops)
from the core network. Since links closer to the core may be subject to higher load, they
are defined with larger capacity. In T1, we consider two configurations: a High Capacity
(HC) scenario, where every link utilizes 100G pluggable transceivers, and a Low Ca-
pacity (LC) scenario, with links composed of 10G pluggable transceivers. In a previous
work [41], we assessed the impact of heterogeneous hardware topologies on energy
consumption and observed that servers with higher energy efficiency are prioritized for
activation. To preserve this behavior within our problem instances, we randomly assign
the idle power consumption P!9'® from 20% to 25% of the busy power consumption Pﬁ,”sy

for each server h,, € H.

Paths — The number of paths from each RU to the core network can grow exponentially
with the number of nodes in the topology, hindering the ability to solve instances of
larger topologies. In this work, all simple paths in P, are considered, preserving the
full search space. While restricting the evaluation to a subset (e.g., the k-shortest paths)
would reduce computational complexity, it would do so at the cost of potentially sac-

rificing optimality. Furthermore, the length of the path is measured by the number of hops.

Latency — The latency experienced in a given route from the BS to the core network
is composed of four components: (i) optical propagation in the fiber, (ii) processing in
packet switches, (iii) transmission delay, and (iv) queue delay. Once a solution is expected
to remain active during a period of time T, latency constraints must be granted most of
the time. To estimate an upper bound for total latency, as in [48], we consider 5 ps/Km
of propagation delay, 5 us of switch processing, a packet of 12368 bits, and an average
queue size of two packets. The worst-case latency with these parameters is 26 ps, which

does not preclude any evaluated functional splits.

Load Variation — For BS load, we use synthetic data generated by the Markov Chain
based algorithm proposed in [42]. Since publicly available real-world data are limited
to small fragments, we generated synthetic data to model realistic demand variations
over time. This allows us to perform a comprehensive evaluation of our model over
a 72-hour period, starting on Sunday and ending on Tuesday. The data comprises the

hourly state of the network. Therefore, we always solve for a time T = 1 hour. However,
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due to the dynamic nature of the network, T can be adjusted dynamically to suit other
scenarios. For example, it is possible to actively monitor the state of a deployed network

and dynamically invoke the model whenever a new solution is required.

UE Profiles — We consider four device usage profiles to analyze how different device
network requirements impact the energy consumption of the vRAN. Profile P1 is based on
devices requiring URLLC service and 1 Gigabits Per Second (Gbps) of data throughput.
Profiles P12, P24, and P53 are all based on eMBB service, with throughput requirements
of 12 Gbps, 24 Gbps, and 53 Gbps, respectively.

Functional Splits — Due to data unavailability, we evaluate only 3GPP functional splits 6
and 7.2 with a delay requirement of 250 pus. However, the model is formulated to support
additional functional split options, as more data becomes available in the future. When
transmitting an eMBB packet (1500 Bytes), the transport network’s required bandwidth
increases by 1.001 for split 6 and 7.175 for split 7.2 [44]. The bandwidth factors for
URLLC packets (128 Bytes) are 1.070 for split 6 and 7.634 for split 7.2.

A transport network based on pluggable DWDM transceivers and Ethernet
packet switches is considered, as in [12]. Radio and CR parameters are mainly extracted
from [9]. We estimate the VM memory footprint for each VNF based on the memory
values provided in [46] and the CPU core usage for each VNF presented in [35]. The
parameters utilized in the model evaluation are summarized in Table 3.3.

To perform the evaluation, the proposed model was implemented in Python using
the docplex library. Next, CPLEX is used to solve each instance of the problem. An
instance is represented by a vVRAN topology, its load in a given time, and the network
usage profile of the devices. We investigate the impact of those three elements in the
solution. The experiments were executed on an Intel 17-12700. Considering 50 BSs,
instances of topology with low capacity links took a mean time of 300 ms, while instances

of topology T1 with high capacity were solved in a mean time of 700 ms.

3.3.2 Results

Scalability — To evaluate the scalability of the solution, we consider scenarios where
all CRs have a co-located RU, and the UEs present a profile P12. For each topology
size, i.e., number of CRs, we evaluate 5 instances with different BS loads. The solver is
configured with a time limit of 30 minutes and a relative Mixed Integer Programming
(MIP) gap tolerance of 107° (slightly lower than the default value of 10™#), meaning
that the solver may stop early and return a solution that can be up to 0.001% worse than

a possible optimal solution. Instances not solved within the time limit are not included
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Table 3.3: Evaluation parameters

Parameter Value
8] 50
p° 0
CcGoPs 180
paisy 94.8 W
pidle 20-25% of PY'¥Y
E;, {1795, 242.08, 172.92, 410, 410} MB
e,‘j?a" {100, 200, 400, 800, 1000} Gbps
e,-Lj (107",10™*) ms
RY {1, 10, 100} Gbps
Py {1.0,2.0,45} W
P {1.0,4.2,14.0} W
T 3600 s
Ts 71.4 us
Nused 1200
Npits 12
N, 4
SE, 1.0 bits/s/Hz
Te, Tp 192, 8

in the statistics. Figure 3.2 shows that the solution time grows exponentially with the
number of nodes in the topology. The data rate capacity of the transport network also
impacts the time it takes to solve an instance. The data indicates that the complexity of
an instance increases with the number of nodes in a topology and with the increase of
the capacity in the transport network. In addition, we observe that different BS loads may
cause greater variation in the solution time, especially as the complexity of the instance
increases, resulting in more instances that are not solved within the time limit, as shown
by the bar charts which illustrate the stop criteria of the MIP Solver for every evaluated
instance. Nonetheless, we obtain a solution for instances with 450 RUs within a time
range of 2 to 16 minutes, which is nearly one order of magnitude larger than the largest
instance reported as optimally solved in the literature.

To further evaluate the impact of link capacity on the absolute solution time, we
present the results in Figure 3.3 for a topology with 100 CRs and a varying transport
network. First, we evaluate a transport network composed entirely of 1 Gbps, 10 Gbps,
and 100 Gbps transceivers. Next, in the scenario labeled “Hier.”, we assess a transport

network where the data rate capacity of the transceivers decreases with the distance from
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Figure 3.2: Solution time scalability for topologies with different transport network
link capacities and increasing topology size. The x-axis, representing topology size, is
common to all vertically aligned sub-figures.

the core. The “Inv. Hier.” scenario follows the same logic; however, the transceiver data
rate capacity increases with the distance from the core. Finally, in the “Random” scenario,
transceivers are randomly assigned to each link. Unlike in the previous evaluation, we now
maintain the same overall capacity of the transport network by reducing the number of
links between CRs as we increase the data rate capacity of the transceivers. The results
indicate that a transport network with lower capacity transceivers in the links closer to the
core tends to present lower solution times.

The MILP formulation in Section 3.2 introduces a set of decision variables, the
number of which grows combinatorially with the size of the topology. The core binary
variable x,p " is defined for every RU by € B, every candidate path p € P, and every
functional split D, € D. Consequently, the total number of such variables is |B||P||D|.
Since the number of functional split options is bounded, |D| can be treated as a constant.
Therefore, the growth in the number of decision variables is primarily driven by |B| and
|P/|. When all simple paths are considered, the number of paths can grow factorially in
dense topologies, yielding a worst-case bound |P;| = O(|B|!). Under this assumption, the

number of binary variables scales as
1B|-O(B]Y) = O(|B),

indicating that the search space is dominated by the number of candidate paths.

Comparison of different solutions — As shown in Figure 3.4, for a scenario with 50
CRs, 48 RUs, and UEs with profile P53, our optimization model presents a solution that
consumes 22% less energy than C-RAN. This is because C-RAN centralizes all VNFs

in a single CR continuously, which limits optimal server allocation, and results in higher
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Figure 3.3: Solution time for topologies with 100 CRs and different transport network
link capacities.

utilization of the transport network. If compared with D-RAN, the energy savings increase
to 52%. In this case, D-RAN deploys the VNFs from each RU in a co-located server,
resulting in under-utilization of active equipment. Since the heuristic solution can assign
different split options according to the energy cost of each evaluated situation, it achieves a
better result than C-RAN, with the optimal solution presenting 14% energy saving overall
if compared to the heuristic. Given the assumptions made in the heuristic, it cannot reach
the efficacy of the optimal solution. However, as shown in Section 3.2-3.2.4, the heuristic
has polynomial complexity and, therefore, has better scalability than the optimal solution.
Impact of Topology Structures — Figure 3.5 shows the empirical distribution of the total
energy consumption achieved in different VRAN topologies when our model is employed.
Since transceivers with higher throughput capacity are more energetically efficient, topol-
ogy T1 HC can achieve lower energy consumption and higher centralization rate during
low BS load than T1 LC. However, none of them can surpass the energy efficiency of
topology T2. Figure 3.6(a) and 3.6(b) show the energy consumption by component for
each topology under different conditions, i.e., low and high loads.

Figure 3.7 shows the centralization rate achieved by each topology over time,
presented as a percentage of the maximum VNF centralization possible. This maximum

centralization occurs when the VNFs of all RUs, implementing functional split 7.2, are
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deployed in a single CR. We can observe that despite T2 presenting a higher energy usage
of the transport network compared to T1 HC, the gains in vRAN processing allow a lower
overall energy consumption. This behavior occurs due to the hierarchical organization of
the infrastructure components in T2, allowing more effective usage of network equipment,
which enables (i) higher centralization of VNFs with lower transport network impact and
(i1) most efficient usage of the already turned-on servers in the centralization of CRs
during high load. Although the energy consumption of VNF migration is formulated
in the objective function, it also indirectly acts as a constraint. As BS load fluctuates
over time, it prevents changes in previous associations when the energy overhead in the
transport network to deploy a new solution outweighs its energy savings. Beyond that, we
could not identify any relation between the number of VNF migrations and the topology
structure.

We illustrate solutions during peak BS load for both topologies in Figure 3.8 and
Figure 3.9. Topology T1 requires more active CRs, as illustrated by the higher number of
percentage tags in the nodes, which inform the turned-on servers CPU load. In topology
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Figure 3.7: Centralization ratio achieved for profile P53.

T2, a slightly higher centralization rate is possible. However, it is not achieved because
the model identifies that turning on an additional server in an active CR to aggregate the

processing of a few BSs would not be worth the extra energy cost in the transport network.

Impact of Network Usage Profiles — Figure 3.10 shows an empirical distribution of
the VRAN energy consumption achieved by the optimization model for different usage
profiles. The throughput generated by the devices connected to the mobile network
increases the total energy consumption of VRAN. This increase in consumption is more
pronounced during high BS load, as illustrated in Figure 3.11(a) and Figure 3.11(b). These
figures present the vVRAN energy consumption broken down into components in low and
high BS load moments. Those figures confirm that VNF migration is the component

with the lowest impact, representing less than 2% of the total energy consumption of the
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topology. This result shows that using a linear approximation model for VNF migration
cost does not compromise the robustness of our formulation, as the minimal gain in
precision from more complex models does not justify the added complexity. Additionally,
the impact of usage profiles on the energy consumed by the CRs running vRAN and
VNF migration is minimal. However, the transport network energy consumption is more
sensitive to the throughput generated by user devices, further aggravated by the increase
in BS load.

The higher demand for the transport network also results in solutions with
lower centralization rates, mainly during high BS load, as shown in Figure 3.12. Once
the need for more CRs arises, given the increase in BS load with time, using local
servers while performing no functional split becomes preferable to turning on more
servers in centralization nodes. This behavior occurs because the energy consumption

incurred by the transport network outweighs the energy gains achieved by centralizing
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Figure 3.11: Energy consumption per component for different net. usage profiles.

the VNFs of multiple BSs into a single node. On the other side, moments with lower
BS load can achieve better energy consumption by increasing the centralization rate. In
the formulation, we considered that the maximum latency required by each functional
split must be granted as a hard constraint. According to the values in [1], all functional
splits remain viable in the evaluated topology. However, the latency requirements of
the functional splits may vary, as shown in [44]. If the maximum allowed latency
is low enough to prevent the choice of some functional split options, it may limit
the centralization rate, and we can expect to observe a negative impact on energy

consumption.
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3.4 Conclusion

This chapter addressed the VRAN VNF placement problem with the objective of
minimizing infrastructure energy consumption by proposing a flexible and comprehensive
MILP formulation. The evaluation accounted for the energy consumption of computing
resources and the transport network, as well as VNF migration overhead. Moreover, the
results show that an appropriate formulation can keep the model solvable within practical
time limits.

The evaluation further indicates that optimal deployment decisions are charac-
terized by the interaction between compute and transport network costs. Increased cen-
tralization can reduce energy consumption by improving hardware utilization. However,
in scenarios with high-throughput UE demand, transport network energy costs become
dominant and tend to limit the degree of centralization. Finally, VNF migration remained
a minor contributor in the evaluated instances (below 2%). As a next step, Chapter 4 ex-
tends this orchestration problem by incorporating UE-BS association and related radio
feasibility constraints into the optimization model.



CHAPTER 4

Energy Efficient User Equipment Association

This chapter extends the formulation presented in Chapter 3 to include the
problems of UE-BS association and BS transmission power configuration, in addition
to the previously addressed problem of VNF placement. Our objective is to formally state
the problem, investigate the scalability of an optimal joint solution, and assess the impacts

of a disjoint approach.

4.1 Related work

The problem of VNF placement in 5G RAN, with the objective of minimizing
energy consumption, has been widely explored in the literature [17, 34, 36, 42, 46]. These
works demonstrate that energy consumption can be reduced through VNF placement
optimization. Nonetheless, mobile network infrastructure is typically over-dimensioned to
accommodate peak load, which creates the opportunity to achieve greater energy savings
by disabling BSs during periods of low activity.

Some works, such as [25] and [49], address the problem of UE-BS association
without accounting for energy costs. The former aims to maximize the network Quality
of Service (QoS), while the latter seeks to achieve network load balancing. However, both
objectives are inherently prone to conflict with energy efficiency goals, since offering
higher QoS results in more intense resource utilization and load-balancing benefits from
active and underutilized CRs.

Also within this category, [24] proposed a Deep Reinforcement Learning (DRL)-
based algorithm to solve the problem of UE-BS association and VRAN placement to
bi-objectively minimize end-to-end delay and computing cost. Similarly, [19] addresses
the same problem but aims to maximize UE admission in overloaded scenarios. They
compare the optimal solution for the joint and disjoint formulations of the problem and
introduce a Recurrent Neural Network (RNN) approach for the joint problem.

In [31], the authors formulate the problem of maximizing energy efficiency
through computing and cache resource allocation combined with UE-BS association in

Fog RAN. Due to the complexity of the problem, a relaxed version is solved using the
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Alternating Direction Method of Multipliers (ADMM). In [47], the authors address the
problem of BS sleeping, user association, and UE power control to maximize energy
efficiency in the fully decoupled RAN (FD-RAN). They employ the Tammer decompo-
sition method to split the problem into two levels, and subsequently apply the many-
to-many swap matching and Dinkelbach algorithms to solve each sub-problem. In [51],
the multi-agent proximal policy optimization (MAPPO) technique is introduced to solve
the problem of UE-BS association, advanced sleeping mode management, and antenna
switching in a massive MIMO network under dynamic traffic conditions. Beyond these
contributions, none of these works addresses the problems of VNF placement or crosshaul
network routing.

In [13] the problem of UE-RU-DU-CU association was formulated with the aim
of minimizing Power Usage Effectiveness (PUE) and maximizing power efficiency as
a MINLP model. To present a solution within an acceptable time frame, they propose
the use of a Quantum Genetic Algorithm. However, the energy consumption of transport
network equipment is not considered.

Most solutions [25, 47, 49] address the problems of UE-BS association and
vRAN placement disjointly, without evaluating the impact compared to a joint solution.
As shown in [19], a degradation in solution quality is expected and must be properly
quantified. Thus, in this chapter, we address the problem of jointly optimizing UE-BS
association, BS transmission power allocation, VNF placement, and crosshaul transport
network routing. In terms of energy consumption, our formulation accounts for the
contributions of VNF processing, crosshaul transport network equipment, and the RU.
Finally, we compare the optimal solution of the joint formulation with both a disjoint
approach and a widely adopted solution that associates each UE with the BS offering the

maximum Signal to Noise Ratio (SNR).

4.2 System model

We build on the model presented in Chapter 3 to incorporate UE-BS assignment.
The RAN topology is composed of a set B = { by, bo, .. ., b| B\} of RUs and a set of general-
purpose servers H = {hy, hy, ..., h|rH|} capable of processing the RAN VNFs. RUs and
servers are connected through a set of transport network nodes 7 = {t, b, ..., {7 }. We
define the set of CRs as C = {cy, ¢, .. ., C|C|} where ¢, C T UH represents a group of
co-located switches and servers. We represent the RAN topology as a graph G = (V,£), in
which V = {v} UBUT UH denotes the vertices, where vy represents the core network,
and € = {ejj | v;,v; € V} represents the set of edges corresponding to the network links
connecting the nodes. Furthermore, we define the set of UEs K = {k1, ko, ..., k‘ K| }.
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Routing — All data traffic originates (downlink) or terminates (uplink) at the core network
vo. Without loss of generality, we consider only the downlink flow. We define P, as
the set of all possible paths from each RU b, € B to the core network vy. Each path is
represented as an ordered sequence of CRs connecting the RU to the core. To support
different functional split options, a path is decomposed into at most three segments that
connect CU, DU, and RU: pgy (backhaul), pyp (midhaul), and pgp (fronthaul). Moreover,
we consider a crosshaul transport network, i.e., a link e;; € £ can serve different segment
parts for different BSs.

Virtual Network Functions — For each RU b, € B, our objective is to determine the
best CR to deploy the RU set of RAN VNFs, denoted by F = {fi, f2, f3, f4, 5 } representing
High-PHY, MAC, RLC, PDCP, and RRC functions, respectively. The VNF stack may be
partitioned up to two times according to the functional split combination option D, € D,
which enhances the flexibility of the solution by allowing parts of the VNF stack to be
deployed in different CRs. The Low-PHY function is not virtualized and is assumed to
always be deployed at the RU. In our formulation, each option D, € D, with D, # Dy,
represents either a single functional split or a combination of two functional split options
presented in Section 2.2. The option Dy € D denotes the D-RAN configuration, in which
no functional split is performed and all VNFs are placed on a server co-located with the
RU.

4.2.1 VNF processing

Let the binary decision variable x,’? ,’(r indicate whether UE k € K is associated
with BS b, € B performing functional split D, € D on the path p € P;. In addition, the
binary decision variable z,p " is based on Xf ,’(r and denotes if the path p € P; was chosen
for by € B using the functional split D, € D.

During the decision process, servers allocated by the choice of path p € P,
must present the required processing capacity. To achieve this, we model the computing
resource cost for each VNF in terms of GOPS as described below.

We adopt local partial minimum mean square error (LP-MMSE) as the precoding

method, for which the computational cost was formulated in [9] as follows:

N,
o,r,/ p,r used 2 2
Cprecoding =7 ( TeT10° <8N/Tp +8N, TP) +
N 8(N3—N
used ((4N;2 +4AN)T, + 8(N/ —Np) ’)> +
ToTc10° 3
N, N,seqT N,
Y x,”,;’( “3‘9‘3’916N,2 4+ —used ‘;’SN, + “SedgsN,). 4-1)
SR Te10 TsT:10 ToTo10



4.2 System model 54

In this expression, N seq denotes the number of used subcarriers, Ts is related
to the OFDM symbol duration, and N, is the number of antennas at RU b, € B. As in
[9], pilot symbols for OFDM channel estimation are assumed to be transmitted in every
coherence block. Accordingly, T, denotes the number of samples per coherence block,
Tp is the number of samples used for uplink training, and Ty = Tc — Tp is the number of
samples effectively available for downlink data transmission.

Next, based on the model in [8], we estimate the computational costs of OFDM

modulation and of mapping modulated symbols onto resource elements (REs), respec-

tively, as:
Npits 12 p,r
o, )
Crodulation = 1 'SN/( 16 ) Z 4-2)
1.2 1.5
Npi SE
o,r,! _ bits 0 p,r )
Cmapping - 1'3( 16 ) ( 6 ) kgcxl,k ) (4 3)

where Npj;s 1s the number of bits used for data quantization and SEj denotes the spectral
efficiency of the channel. Therefore, the number of GOPS required for High-PHY layer
processing is given by:

p.r,! _ npirl p,r,! p.r,l
CHighPHY - Cprecoding + Cmodulation + Cmavpping' (4_4)

Channel coding, system control, and data redirection to the core network opera-
tions are implemented in the higher (or superior) layers of the RAN VNF stack. Similar

to [8], the number of GOPS required by all these superior layers is calculated as follows:

1.2
Np; SE
o,r,/ bits 0 o,r
CSupLayers =1'3< 16 ) ( 6 ) Z Xk +
kel

0.2

Npi SE

2.7v/N, ( 1"gs) zf’r+8(TO> Y X0 (4-5)
ke

Finally, to determine the processing required by each VNF individually, given the aggre-

gate load of the superior layers Csypiayers from Eq. 4-5, we utilize proportions based on

the CPU utilization profiles observed in the OAI implementation [26] to define the total

processing load vy, for a given server h,, € H as follows:
.1 A
=Y ¥ ¥ {H (P, D1 P) iy + Fall Dr,p) (0.4 CBI oy ) +
b/EB DrED ,DE'P/

1l orl
F3(hw, Dr, p) (0-028 Cglijayers> + Fa(hw, Dr, p) <0-286 Cglija}’G'fs> *

Fs(hw, D, p) (0.286 Cg’,j;jLayersﬂ , (4-6)
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where the mapping function F,(hy, D, p), based on the input data, returns 1 when server
hy € H processes VNF f, € F according to functional split D, € D and route p € P;;

otherwise, it returns 0.

4.2.2 Signal model

The Signal to Interference plus Noise Ratio (SINR) quantifies the quality of
a wireless link through the ratio between the strength of the received signal power
to the combined effect of interference generated by other devices sharing the same
communication channel plus background noise. For a UE k € K, connected to BS b, € B,
SINR is expressed as:
SINR,, - Prxl,K) )
’ Y Y Y ¥ x //k/Prx/k)"'NOB

DreDpePibjeB; K ek,
K’k

where N is the background noise power spectral density, B is the bandwidth, and B} is
the set of BSs that share the same frequency channel with a given BS b; € 3. The power
Prx(l, k) of the signal received at BS b; € B from UE k € K, is modeled as:

Prx(l, k) = P+ G+ Gk — L(1, k), (4-8)

where Py is the transmit power of UE k € K, Gy and G represent the antenna gains at BS
b, € B and UE k € IC, respectively, and L(/, k) is the path loss between BS b, € B and UE
kelk.

The capacity of a BS employing Orthogonal Frequency Division Multiple Ac-
cess (OFDMA), in terms of radio resources, is given in Resource Blocks (RBs). An RB
represents the smallest unit in the time-frequency domain that can be allocated to a UE.
According to the Shannon-Hartley theorem, and assuming that the spectral efficiency for
a BS-UE association is uniform across all RBs, while disregarding the channel capacity
used for control signaling and considering a single spatial layer per RB, the data rate per
RB assigned for UE k € IC in BS b, € B is defined as:

Rs = Br logo(1 + SINRy ), (4-9)

where Brp is the bandwidth of a single RB, which depends on the overall channel

bandwidth and the subcarrier spacing selected by the BS.
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4.3 Problem statement

To formulate the problem of RAN VNF placement and UE-BS association to
minimize energy consumption, we decompose the energy consumption into three main
components.

VRAN energy consumption — The energy consumed by the general purpose servers
processing the VNFs of all RUs by € B characterizes the vVRAN energy consumption. We
use a traditional energy model [11] to estimate this energy consumption, in which the total
energy consumed by a server h,, € ‘H over the period T includes a static power component
Pidle consumed whether the server is turned on, and a dynamic load-dependent power

consumption poUsy Pidle defined as:

EVRAN = Z T|:.L|)‘(/)VHP|I;|(/J'/9+ (,YW/CV?OPS) (Pﬁlusy _ P‘I;/Jle)] , (4_10)
hweH

where T is the expected duration of the deployment in seconds, v, is the total load

assigned to server h, € H as calculated in Eq. 4-6, CGOPS

represents the number of
GOPS the server h, € H can perform. )9 is a ceiling function that ensures a server
hy € H is counted as active if, and only if, at least one VNF of any RU is assigned to it.

This ceiling function is defined as follows:

2P ul,M(hw, o, by, D,)-‘ (4-11)

71 1B

Ww-L LY ¥
fneF bjeB DD pePy
where ub, € {0,1} is based on the input data, indicating whether a server h,, € H is part or
not of the route p € P;. The mapping function M(hy, f,, by, D;) returns 1 when the server
hy € H processes VNF f, € F from RU b, € B according to functional split D, € D.

Radio energy consumption — Let w; be a integer decision variable that represents the
transmit power from BS b, € B in watts. Similar to the approach in [9], we employ a

generic model based in [6] to represent the total energy consumption of radio equipment:

Epu= ), (W"PI°Ni+ A w) - T, (4-12)
beB

where Pfd’e denotes the power consumed by BS b, € B when there is no load, the slope
A" maps transmit power to load-dependent power consumption, and 9" is an expression

that indicates whether the BS b, € B is active, as formulated in the following equation:

"= [ Y Y ) %W (4-13)

DreD peP ke

Transport network energy consumption — We consider an optical transport network
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where the energy consumption arises from (i) Ethernet switches, which allow for higher
routing flexibility by enabling packet aggregation, and (ii)) DWDM pluggable transceivers
that can be directly installed in radio devices or switches [12, 43]. Each link g; € £
is characterized by its data transmission capacity jo and power consumption Pgl of
the transceivers at each end of the link. For each topology node vk € V), the function
S(vk) € {0,1} indicates whether vk is a packet switch, while Pj_represents the power
consumed by each switch port. Finally, The transport network energy consumption is
defined as follows:

Ernet= Y. {T% (2ng +S(y)PS + S(v,-)P;ﬂ . (4-14)
ejc€ €jj
Component ye, in Eq. 4-14 represents the total throughput over link ej;, which is defined
as:
o= X X Y Y AR (e e B a0, ) (1)
Dr€D peP peP kel
where R* represents the data throughput incurred from UE k € IC. yg2", y5", and y&r"
indicate if the link e;j; is part of the backhaul, midhaul, or fronthaul, respectively, for the
path p € P,. For each RU b, € B, the chosen functional split D, € D increases the data
rate required at the backhaul, midhaul, and fronthaul by the factors o, &, and o7},
respectively.
The primary objective of this work is to minimize the overall energy consump-
tion associated with the processing of VRAN VNFs, the operation of radio unit equipment,
and the utilization of the transport network interconnecting the CRs. Therefore, we define

the objective function as:
minimize El‘ota/ = EvFiAN + EHU + ETNet- (4-16)

To ensure that the association between UE and BS is feasible, we first require that
the SINR for every UE k € K is bounded below by the minimum ratio SINR i, necessary
for a BS to decode the received signal, as formulated in the following constraint:

Y Y Y XPISINR > 105NRmn/10 i € K, 4-17)
DreD bieBpeP,

next, if an UE is associated with a given BS, the power of the signal received by the
UE, after attenuation, must be above the minimum threshold Sy, as expressed in the

following constraint:

> Smin- Y, Y. Xk, VbeBVkeKk, (4-18)

L'l k) DiEDpeP,
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where L'(/,k) denotes the path loss converted into linear units, since w; represents the
transmit power in milliwatts.
For each RU b, € B, at most one combination of route p € P; and functional split

D, € D must be assigned, as represented in the following constraint:

Y ) <1, vbeB, (4-19)
DreD peP;

Similarly, each UE k € KC must be associated with exactly one combination of
BS b, € B and channel ch € Cp:

Y Y Y xi=1 Vkek. (4-20)

D,eD peP bieB

When a BS is active, the assigned transmission power must remain within the

minimum and maximum constraints defined by its operational capacity, expressed as:

W > Pmin- Y, Y, 2, Vb €B, (4-21)

Each link e;; € £ has a maximum data rate capacity e,-?ap defined by the number
of fibers and data rate of transceivers composing it. This maximum capacity must not be
exceeded, as represented in the following constraint:

Yoy S €5, Ve €. (4-23)

Depending on the functional split D, € D chosen, different latencies must be
granted at fronthaul (B,), midhaul (B},;,), and backhaul (37g;,) of path p € P,. Since each
link ej; € £ incurs in delay e,-Lj according to its capacity, distance between nodes, number
of hops, and packet queue size, the chosen path p € P; must ensure the latency required

by the functional split D, € D, as defined in the following constraints:

Y zPyErel < By, Vb €B,D, €D, peP, (4-24)
e;jES
Y ZPyEnel < Byn Vb €B,D,€D,pE P, (4-25)
e,-,EE
Y z'yi el < Bk, Vb €B,D,€D,pe P (4-26)
ejcf

The VNFs assigned to a given server h, € H must not exceed its maximum
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CVCV%OPS

processing capacity , as defined by the following constraint:

Yw < CEOPS - vh, € H. (4-27)

Similarly, the set of UEs associated with a specific BS b; € B must not exceed its

maximum available RBs, denoted as C,RB , which is defined by the following constraint:

Yy ¥ Z <c,’"B Vb € B. (4-28)

pEP, DreD ke RB

Finally, we establish the relation between the decision variables z and x, and

define their binary scope:
o.r

X k
P> kz;,c Tk (4-29)
€
X, 2" e {01}, (4-30)
w, € N. (4-31)

Tables 4.1 and 4.2 summarizes all the data parameters, decision variables, and

sets used throughout the formulation.

4.4 Evaluation

To evaluate the proposed formulation, we implement the optimization model us-
ing the python library docplex (version 2.28.240) in conjunction with CPLEX (version
22.1.1.0) as the solver. Since constraint (4-17) renders the problem non-linear, the CPLEX
Constraint Programming (CP) module is employed due to its capability of solving prob-
lems in this category. In the topology considered for input data, illustrated in Figure 4.1,
the BSs were positioned within a 2 Km? area using Poisson-Disk sampling with a min-
imum separation radius of 500 meters. The transport network links were generated ran-
domly, while the UE locations are also random and were sampled uniformly within the
coverage area of the BSs.

Additionally, the Sionna simulation library [20] was employed to generate radio
link input data for the instances. The Urban Macrocell (UMa) scenario was considered,
using the frequency band n78 with a subcarrier spacing of 15 kHz, divided into 3 channels
of 20 MHz each. Shadow fading was not considered, as it introduces stochastic variability
into the propagation model. Isolating its impact on optimal decisions from that of topology
architecture and UE usage profiles would require a large number of instances within

each scenario, along with multiple channel simulations, to obtain statistically reliable
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Table 4.1: Inputa Data

Notation Description

CcGoPs Processing capacity of server h,, € H

C,RB RBs available in BS b, € B

Pﬁ,usy Load-dependent power consumption of server h,, € H

pidle Static power consumption of server hy,, € H

P (l,k)  Power of the signal received at BS b; € B from UE k €

Py, Ethernet switch port power consumption in node v; € V

ng Power consumption of a transceiver in the link g;; € £

Py Transmit power of UE k € K

Al Constant value that maps transmit power to load-dependent energy
consumption of an RU

G, Gk Antenna gain at BS b, € B and UE k € K

L(I, k) Path loss between BS by € Band UE k € C

e,c-ap Maximum link data rate

e,-lj End-to-end link latency

Rg/ Transceiver transmission capacity

Rk Data throughput from UE k € K

T Expected solution deployment duration

Ts OFDM symbol duration

Nysed Number of sub-carriers used

Nbits Number of bits used for data quantization

N Number of antennas in RU b, € B

up Indicates whether a server h,, € H is part of the path p € P,

v,’,’,,W Indicates whether a server h,, € H, part of the path p € P}, is associated
with CR ¢, € C

SINRpmin  Minimum SINR threshold

Smin UE radio receiver sensitivity

SEy Channel spectral efficiency

No Background noise power spectral density

B Bandwidth

Bgrs Bandwidth if a single RB

T Number of samples per coherence block

Tp Number of received samples during training phase

Ty Number of received samples during downlink data transmission
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Table 4.2: Sets, Input Data, Decision Variables, and Expressions

Notation Description

Set of RUs

Set of general-purpose servers

Set of transport network nodes

Set of CRs

Topology graph where G = (V,€)

Set of topology nodes where V = {vp} UBUT UH
Set of topology links where & = {ej; | vj,v; € V}
Set of UEs

Set of all paths from each RU b; € B to the core network vy
Set of VNFs

Set of functional splits

Sets
UNIAOMCTOOIE®

Binary decision variable indicating that path p € P, was chosen
for RU b, € B using functional split D, € D serving UE k € C
Binary decision variable indicating that path p € P, was chosen
for RU b; € B using functional split D, € D

w; Integer decision variable representing transmit power from RU
b; € B in watts

Processing load for server h,, € H

Decision Vars. and Exprs.
.<
S

Yei, Total throughput over link e;;
on Indicate if server h,, € H is assigned to the processing of any VNF
and needs to be activated
on Indicate if BS b, € B is active
,S,',n,? le Indicate if at least two different RUs deploy the same VNF f, € F
inCR ¢y, €C

performance estimates. By disabling this source of randomness, the evaluation focuses on
deterministic topology characteristics while reducing the number of required experiments.

The BS transmitter was configured with dual polarization and 2 omnidirectional
antennas, with a maximum transmit power of 33 dBm, while the UE transmitter was
equipped with a single omnidirectional antenna and a maximum transmit power of 23
dBm. The remaining parameters utilized in the model evaluation are maintained as

described in Chapter 3 and summarized in Table 4.3.

4.4.1 Joint versus disjoint approaches

The decision regarding the UE-BS association problem has the potential to
influence subsequent VNF placement and routing decisions. To better understand this
interdependence, we evaluate the joint optimization problem of UE-BS association, VNF
placement, and routing, as defined in Section 4.3. For comparison, we also consider a

disjoint approach in which the UE-BS association problem is solved independently, and
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Figure 4.1: Topology used in evaluation with 5 BSs and 50 UEs.
Table 4.3: Evaluation parameters
Parameter Value Parameter Value
B 5 p° 0
cgors 180 pousy 94.8 W
pidle 20-25% of P | Ey, {1795, 242.08, 172.92, 410, 410} MB
e 1000 Gbps et (1071,107%) ms
Rg] 100 Gbps Pg] 45W
P‘fl, 140 W T 3600 s
Ts 71.4 HS Nused 1200
Npits 12 N, 6
SEy 1.0 bits/s/Hz Te, Tp 192, 8
Py 23 dBm G, Gk, X; 16dB,0dB, 0dB
pidle 84 W Al 2.8
Smin -121.7 dBm

its solution is then used as input for the VNF placement plus routing problem.

In Figure 4.2, we present a comparison of the overall energy consumption

between joint and disjoint solutions across instances with varying numbers of UEs. The
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solver was configured with a time limit of 10 minutes; therefore, the joint model was able
to solve only up to the instance with 38 UEs. As the number of UEs increases, a larger
set of active BSs is required to satisfy the minimum SINR required for each UE. Since
the RU represents the major source of energy consumption within a BS, this increase in
active BSs can be identified by jumps in energy consumption, which can be observed in
instances with 2, 9, 10, and 22 UEs.

g Difference r12.5
E’ —e— Joint
.2 1.5/ —©— Disjoint 110.0
a Q
: 753
S 1o
5 5.0 &
g A
o
- 2.5
é 0.51

0.0

0 5 10 15 20 25 30 35 40 45 50
Number of UEs

Figure 4.2: Overall energy consumption comparison between joint and disjoint solutions
across instances with varying numbers of UEs. The left y-axis corresponds to the line
curves, while the right y-axis corresponds to the bar values.

In some instances, the disjoint approach finds solutions with the same energy
consumption as the Joint approach. However, when the disjoint approach performs worse,
the difference in objective cost remains 2 to 3 orders of magnitude smaller than the
total cost. To further investigate the source of this gap, Figure 4.3 decomposes the
energy consumption for the instance with the largest observed difference (32 UEs). In
this case, solving only the UE-BS association enables the disjoint solution to achieve
a 0.1% reduction in radio power consumption. Nevertheless, the subsequent stage of
VNF placement and routing increases the cost by 0.2% and 36.5%, respectively, thereby
worsening the overall solution cost. This instance highlights the interdependence among
the problems; yet, the difference in objective cost remains minimal, while the ability to

solve larger instances suggests that the disjoint approach is a robust solution.

4.4.2 Comparison with best SNR approach

A common solution for UE-BS association currently employed in mobile net-
works is to associate each UE with the BS offering the highest SNR. As shown in Fig-
ure 4.4, this approach leads to a greater number of active BSs for some instances with

lower UE density compared to the optimization model solution. This occurs because the
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solutions of instance with 32 UEs.

BS providing the best SNR must be activated, even when the instance could be satisfied
by a smaller set of BSs offering a slightly lower SNR.
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Figure 4.4: comparison of overall energy consumption between joint, disjoint and Maxi-
mum SNR solutions.

When each UE is assigned to the BS offering the highest SNR, fewer RBs are
required to satisfy the UE data rate demand, as illustrated in Figure 4.5. However, because
this approach disregards inter-BS interference, starting from the instance with 35 UEs,
interference prevents the communication of some UEs resulting in the requirement of an
unfeasible quantity of RBs.

Furthermore, beyond the reduced energy consumption achieved in instances
with lower UE density, Figure 4.6 shows that, unlike the maximum SNR approach, the
optimization model consistently satisfies the 10 dB of SINR requirement in instances with
higher UE density, as expected, since this condition was formulated as a hard constraint.
Finally, when the disjoint approach differs from the joint approach, the results indicate

slightly better SINR in the disjoint approach. However, this appears to be an arbitrary
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outcome in the evaluated instance, since the formulation guaranties only the minimum
SINR and provides no logic that could lead to one approach presenting solutions with
better SINR.
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Figure 4.6: Comparison of SINR between joint, disjoint and Maximum SNR solutions.

4.4.3 Saturation scenario

Constraint (4-20) establishes that every UE is associated with exactly one BS.
Under overload conditions, i.e., when aggregate UE demand exceeds network capacity, it
may be infeasible to associate every device. A strategy to handle this case is to relax the

aforementioned constraint to allow optional admission:

Y Y <1 vkek, (4-32)
DreD peP bieB
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which ensures that every UE is associated with at most one BS, while permitting some
UEs to remain unserved. To prioritize admitting as many UEs as possible, we include the

following admission constraint:

Y X X Y xk=IKl-i (4-33)

DreD pePbeB ke

where the parameter / iterates over the interval [1, |KC| — 1] until the model becomes fea-
sible. Since increasing i relaxes the admission constraint, the feasible region expands
monotonically with i. Therefore, the first value of / that yields a feasible solution corre-
sponds to the smallest relaxation required to satisfy the constraints, which is equivalent
to admitting the maximum possible number of UEs under the model assumptions. This
corresponds to a greedy strategy. However, if feasibility verification can be performed
efficiently, a binary search procedure could reach the same solution with fewer iterations
overall.

To evaluate these overload cases, we use the same topology illustrated in Fig-
ure 4.1 and consider two scenarios with different per-UE throughput requirements RX.
Following the observations in [51], the low throughput scenario adopts R* = 6.02 MB/s,
consistent with the mean throughput reported for an urban setting, while the high through-

put scenario adopts R = 23.72 MB/s, corresponding to a residential setting.
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Figure 4.7: Comparison of mean RB usage between high and low UE throughput scenar-
i0s.

Figure 4.7 shows the mean RB usage per BS. As expected, ensuring higher
per-UE throughput requires a larger number of RBs. As a Consequence, BSs reaches
saturation with fewer associated UEs, and the admission rate drops below 100% starting at
the instance with 30 UEs onward, as shown in Figure 4.8. Also, under the high throughput
scenario, the disjoint optimization model could be solved only up to the instance with 40
UEs within the one-hour time limit, indicating that BS saturation is a relevant factor for

the solution time.
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Overall, the difference in energy consumption between the two scenarios is
small, with the high throughput scenario exhibiting a higher value in the majority of the
instances, as depicted in Figure 4.9. The largest gap is observed for the instance with 21
UEs, where the higher traffic load triggers the activation of the fifth BS earlier. The next
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largest difference occurs in the instance with 29 UEs. In this case, BSs capacity saturation
forces associations under worse SNR conditions, which in turn require a higher BS
transmit power configuration. At the same time, the higher traffic load increases transport
network utilization. These effects are reflected in Fig 4.10, which shows a higher energy
consumption in both radio and transport network equipment, whereas VNF processing

energy remains unchanged across the two scenarios.

4.4.4 Energy efficiency

The optimization model formulated in this chapter aims solely to minimize
energy consumption, however, it may provide some insights into energy efficiency. In
this way, the metric of energy efficiency measured in bits per second per joule (bps/J)
is adopted. For each evaluated instance, energy efficiency nFF is computed as the ratio
between the achieved aggregate throughput and the total energy consumption of the
network, i.e.,
nEE Ykek Rk, (4-34)

Eiotal
where Eyq is the total energy consumption as computed in Equation (4-16), and R¥
denotes the throughput effectively delivered to UE k (set to zero for non-admitted UEs),
obtained by considering a homogeneous distribution of the RBs available in each BS

between the associated UEs.
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Figure 4.11: Energy efficiency achieved between scenarios with high and low UE through-
put requirements.

Figure 4.11 compares energy efficiency under the low and high UE throughput
scenarios. The achieved aggregate throughput is primarily determined by the number of
active BSs and the mean SINR of the admitted UEs. Since these parameters present low

variation between the two scenarios, the observed differences in energy efficiency are
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mainly driven by variations in total energy consumption, with higher consumption leading
to lower bps/J.
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Figure 4.12: Topology used in energy efficiency evaluation with 2 BSs and 10 UEs.

To further examine this relationship, we consider the topology with two BSs
presented in Figure 4.12, where five UEs are uniformly placed at a distance of 500 meters
from each BS. We focus exclusively on the high throughput requirement. Additionally,
as the number of UEs in the instance increases, equipments are added according to their

index ordering. In this way, the first BS is saturated before adding UEs close to the second
one.
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Figure 4.13: Energy efficiency achieved in a scenario with a single shared channel against
a scenario with two orthogonal channels.

Figure 4.13 compares two spectrum allocation scenarios. In the first scenario,
both BSs operate on the same frequency channel; in the second, each BS is assigned

an orthogonal channel. When the channel is shared, admitting users at the second BS



4.5 Conclusion 70

(starting in the instance with 7 UEs) incurs a decrease in the mean SINR of the system.
This degradation affects both energy efficiency (solid line) and admission rate (dashed
line). In contrast, assigning orthogonal channels substantially reduces or completely
eliminates inter-BS interference. The result is an increase in aggregate throughput that
outweighs the additional energy consumption from activating the second BS, leading to
higher energy efficiency.

Finally, these results outline that a formulation aimed at minimizing total energy
consumption does not necessarily yield the most energy-efficient solution. Nevertheless,
architectural decisions can significantly affect the energy efficiency achieved by the
minimum-energy solution and should, therefore, be considered in mobile network design

and evaluation processes.

4.5 Conclusion

This chapter extended the energy-aware orchestration problem by jointly mod-
eling UE-BS association and RAN VNF placement. A direct comparison between joint
optimization and the common practice of solving the problems disjointly was performed.
The results indicate that, although the joint model tends to achieve lower total energy
consumption, the disjoint approach consistently remains close (below a 1% gap) in the
evaluated instances, suggesting a practical scalability—optimality trade-off.

Beyond joint versus disjoint comparison, the chapter also showed that a radio-
centric heuristic (i.e., maximum-SNR association) can increase the number of active base
stations and intensify inter-cell interference, which can degrade feasibility and worsen
energy outcomes. Finally, minimizing total energy does not necessarily maximize energy
efficiency since, by the definition of the metric, gains in throughput may outweigh
increases in energy consumption. Nonetheless, the evaluation of energy efficiency remains
relevant, as architectural decisions may impact the performance of the minimum-energy

solution.



CHAPTER 5

Final remarks

This dissertation investigated the problem of energy-efficient resource manage-
ment in virtualized and disaggregated Radio Access Networks, with a focus on the op-
timization of UE-BS association, BS transmission power configuration, and VNF place-
ment. Motivated by the increasing energy footprint of mobile networks and the architec-
tural flexibility introduced by vVRAN paradigm, the research addressed the limitations of
existing approaches that do not consider all these optimization decisions in a compre-
hensive formulation or rely on non-optimal solutions without proper assessment of the
optimality gap.

The results demonstrate that energy consumption in VRAN systems is charac-
terized by the interaction among radio equipment, computing resources, and transport
networks. Consequently, an effective assessment of energy efficiency requires accounting
for all these components. This dissertation shows that it is possible to optimally solve
problem instances of considerable size when an efficient formulation and appropriate lin-
earization techniques are employed.

Nevertheless, real-network deployments impose strict time constraints, under
which obtaining optimal solutions may remain impractical. Even so, the optimization
model is still valuable, as it provides both insights that can guide practical orchestration
strategies and establishes a robust baseline for the evaluation of faster non-optimal
approaches.

Moreover, the analysis revealed that transport network energy consumption
can significantly influence the optimal deployment strategy, particularly under high-
throughput UE usage profiles and in topologies with lower transport network efficiency.
Additionally, the impact of VNF migration on overall energy consumption is minimal in
the evaluated instances, practical deployments should still account for migration costs,
since the energy savings achieved by a new configuration may not compensate for the
energy overhead incurred during the process of migration to the new deployment. The
dissertation also provided a systematic evaluation of how RAN topology design and
UE traffic profiles affect energy consumption, highlighting that architectural choices

are fundamental in determining whether centralization or distribution is energetically
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favorable.

UE-BS association is a key component in energy-aware VRAN operation be-
cause it determines how traffic demand is distributed across base stations. This distribution
affects radio equipment power consumption and the load generated both on computing re-
sources and on the crosshaul transport network. We compared a joint approach in which
association and transmission power configuration are optimized together with VNF place-
ment to a disjoint strategy that first addresses the association problem before optimizing
the remaining decisions. although it is expected that disjoint optimization can reduce solu-
tion quality by restricting the global search space, the evaluated instances presented only
a small gap relative to the joint formulation, while the decoupling of the problem enabled
solving larger instances.

The investigations conducted in this dissertation resulted in the publication of
the article [42], in the IEEE Open Journal of the Communications Society. This work
presents a comprehensive model of energy consumption in O-RAN systems and reports
the findings on how diverse network scenarios affect energy consumption. In addition, a
text describing our developments on UE-BS association is expected to be submitted for
peer review in the near future.

To foster future research and facilitate the reproducibility of the academic work
developed in the context of the published article, we make the implementation of the
proposed optimization model and the datasets used in the evaluation publicly available in
a repository. !

While this dissertation contributes insights into energy-efficient vVRAN resource
management, several directions remain open for future research. To meet the network re-
quirements anticipated for 6G networks, some studies have investigated cell-free massive
MIMO (CF-mMIMO) architectures [39]. In CF-mMIMO, each UE is served by a subset
of BSs through joint transmission and/or reception, rather than being associated with a
single base station. However, supporting CF-mMIMO is expected to require substantial
changes in network infrastructure and topology, which may constrain the deployment of
dynamic and flexible functional split solutions [28]. In this context, a comprehensive com-
parison of the energy efficiency of CF-mMIMO architectures against dynamic, flexible
functional-split vVRAN models remains an open research question. Additionally, extend-
ing the heuristic presented in Section 3.2.4 to support CF-mMIMO is a relevant research
direction. Its evaluation on larger instances, where the solver may not obtain the optimal
solution, would still allow assessing solution quality through the reported optimality gap,
providing insight into the heuristic’s performance.

As shown in Sub-section 3.3.2, the size of the search space for the problem

"https://github.com/LABORA- INF-UFG/paper-WGSCLK-2025
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formulated in Section 3.2 is dominated by the number of simple paths. Future work may
therefore investigate the impact on solution quality of restricting the candidate set to a
reduced subset of paths, such as the shortest paths. In addition, the application of the
Column Generation [10] algorithm represents a promising direction for solving larger
instances more efficiently.

Regarding the UE-BS association problem, a natural extension is to incorporate
temporal dynamics into the optimization framework, explicitly accounting for time-
varying traffic patterns and UE mobility. This would enable the evaluation of long-
term trade-offs between energy savings and VNF migration overhead. Furthermore, a
systematic evaluation of energy minimization strategies based on heuristics and machine-
learning approaches, in comparison to the optimal solution, is a promising research
direction. In this context, optimal solutions can also be leveraged to guide intelligent
model training and validation, providing high-quality supervision and robust performance

baselines.
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