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ABSTRACT Virtualized RAN (vRAN) matches O-RAN Alliance specifications while transitioning
towards virtualized functions on general-purpose computing platforms. However, the energy consumption
of these systems remains a major concern. Although this issue has been addressed in the literature, previous
works oversimplify routing decisions, overlook the benefits of flexible split choices, or neglect the energy
consumption of the transport network. Additionally, most studies employing optimal solutions exhibit
very limited scalability due to their high computational time. In this work, we present a comprehensive
and efficient Mixed Integer Linear Programming model to minimize the energy consumption of O-RAN
systems, addressing the limitations of current approaches. We also design and implement a synthetic
data generator to evaluate our model across various network usage profiles, topologies, and reasonable-
size networks. We achieved valuable insights and promising results in our evaluation. For example, our
results show that when devices require high throughput, the transport network incurs significant energy
costs and reduces the centralization rate. We also observed that hierarchical RAN topologies can achieve
greater energy efficiency than ring topologies, with our approach enabling up to 15% more centralization
while saving around 28% of energy and consuming at least one order of magnitude less time than other
strategies.

INDEX TERMS End-to-end resource allocation, energy efficiency, O-RAN functional splits, virtualized
RAN.

I. INTRODUCTION

THE OPEN Radio Access Network (O-RAN) Alliance
is an attempt in the telecom industry to redesign the

Radio Access Network (RAN) technologies [1]. The main
principles supported by O-RAN are open interfaces for
hardware and software interoperability between different
manufacturers, the deployment of RAN intelligent controllers
beyond data/control plane separation as stated by Software
Defines Network (SDN) concept, and the virtualization of
the RAN [2]. The introduction of the Network Function
Virtualization (NFV) paradigm allows the RAN protocol
stack associated with a given Base Station (BS) to be

converted into Virtualized Network Functions (VNFs) to
be processed by General Purpose Processors (GPPs). This
transformation decouples radio software components from
the underlying hardware, leading to improved management
flexibility and cost reductions in RAN deployments by
enabling infrastructure sharing [3].

The pooling of Baseband Units (BBUs) from multiple
BSs in a single location is the main proposal of Centralized
RAN (C-RAN). Virtualized RAN (vRAN) leverages C-RAN
architecture by introducing virtualization of VNFs. However,
this complete centralization requires a high capacity and a
low-latency transport network, which can hinder practical
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FIGURE 1. Example of vRAN topology and transport network route.

deployment. To address these challenges, the O-RAN archi-
tecture specification proposes the disaggregation of the RAN
protocol stack to realize such decoupling and take advantage
of VNFs centralization, while presenting more flexible
requirements. This centralization brings several benefits to
the network, such as reducing the signaling required for
mobile devices, allowing the most efficient utilization of
hardware, and enabling Coordinated Multi-Point (CoMP)
techniques. Disaggregation in O-RAN is realized through the
split of the RAN protocol stack according to eight options
and the distribution of VNFs between up to three logical
units: the Radio Unit (RU), the virtual Distributed Unit
(vDU), and the virtual Centralized Unit (vCU) [4].

Figure 1 shows an example of a RAN topology according
to O-RAN specification. RU processes the parts related
to Radio Frequency (RF) and Low-PHY, while the upper
layers are processed in DU and CU. A Distributed Unit
(DU) may aggregate the flow from a set of nearby RUs,
while a Centralized Unit (CU) may further centralize the
processing of the flow coming from multiple DUs. CUs and
DUs can be virtualized, i.e., vCU and vDU, and processed
on GPPs located in Computing Resources (CRs) spread
across different network points, as illustrated in the figure.
The disaggregated RAN units are connected to the core
network through a crosshaul transport network [5], where
the routing from RAN to core can be divided into up to
three components: (i) fronthaul: path from RU to vDU;
(ii) midhaul: path from vDU to vCU; and (iii) backhaul:
path from vCU to core.
The problem of determining in which CR the VNFs of

each BS should be processed (i.e., RAN VNF placement)
has been widely studied in the literature [2], [3], [6], [7].
However, the energy consumption of vRAN systems remains
a major concern because to offer high throughput links
to users, 5G and Beyond networks require higher RAN
densification [8]. In addition, the CRs spread along the
network will foster computationally demanding use cases,
further intensifying energy usage [9]. Indeed, operators are
currently under pressure to reduce their energy consumption
as telecoms account for 2-3% of total global energy demand,
and energy cost represents 20-40% of mobile network
operators’ expenses [10].

Four challenges emerge to design an effective model
to minimize the energy consumption of advanced vRAN
systems based on O-RAN:

1) System comprehensiveness: modeling the energy con-
sumption of all the system components from the
RU to the core is particularly challenging because it
depends on an accurate representation of the digital
operations at the radio site, the computing and optical
transport resources demanded by such operations, and
the routing possibilities across the crosshaul toward
the core.

2) Network flexibility: representing the system compo-
nents with flexibility is also challenging as the model
must consider all possible disaggregated RAN units
(RU, vDU, and vCU), the segments between those
units (fronthaul, midhaul, and backhaul), and all
possible functional split options.

3) CR and transport adaptability: given the dynamic char-
acteristic of mobile network usage, the load on RUs
may vary. Load variation impacts CR requirements and
transport network usage, raising the need to calculate
new solutions periodically. However, migrating a VNF
processing from one CR node to another can result
in additional energy costs on the transport network.
Therefore, energy cost overhead due to migration must
be accounted for when providing a new solution.

4) Fast response time: wireless conditions change very
fast in mobile networks due to the high mobility of
users [11]. To enable control and optimization of RAN
resources, the O-RAN architecture defines a non-real
time intelligent controller, where rApps operates within
control loops of 1 second or more [12]. Therefore, for
practical evaluation, the model must provide a solution
at the same time granularity.

Although previous works [13], [14], [15], [16], [17], [18],
[19] have addressed the problem of minimizing the energy
consumption of vRAN systems, they either oversimplify
routing decisions, overlook the benefits of flexible split
choices, or neglect the energy consumption of the transport
network. In addition, most of the work employing optimal
solutions exhibits very limited scalability due to their high
computational time. To fill this gap, in this work, we propose
an Mixed Integer Linear Programming (MILP) model that
addresses the four challenges highlighted in the literature.
Our optimization model (i) considers relevant components
related to energy consumption in the RAN and transport
network, (ii) allows each BS to implement a different
functional split option, (iii) considers the routing decision of
each BS until the core, enabling a given CR to work both as
vCU and vDU, (iv) considers the energy cost of migrating
to a new solution, and (v) provides an efficient linear
formulation capable of solving instances of considerable size
while ensuring a lower bound centralization of VNFs.
To evaluate our optimization model, we have implemented

a synthetic load generator based on Markov Chains to
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simulate the demand variation of RUs. In addition to our syn-
thetic data generator, we have developed a network topology
generator based on a real-world RAN topology database with
latitude and longitude data. The topology generator accounts
for specific characteristics of vRAN networks and produces a
topology graph accordingly. Using the load and the topology
generators, we assessed the performance of our optimization
model across various network usage profiles, topologies,
and reasonable-size networks. We observed that although
considering more features and challenges than previous
optimal energy-efficient models, our model finds the optimal
solution in at least one order of magnitude less time than
other strategies proposed in the literature. We also verified
valuable insights that dynamic orchestration algorithms can
further explore. For instance, our results show that when
user devices require high throughput, the transport network
incurs significant energy costs and reduces the centralization
rate. We also observed that hierarchical RAN topologies
can achieve greater energy efficiency than ring topologies,
with our model enabling up to 15% more centralization
while saving around 28% of energy. To summarize, the main
contributions of this work are:
• We formulate a flexible and comprehensive Integer
Linear Program (ILP) model to minimize the energy
consumption of vRAN systems.

• Given the efficiency of our linear model, we can obtain
the optimal solution for instances of considerable size
in extremely fast time (milliseconds).

• Since the ILP model represents a NP-Hard problem,
we also propose a heuristic algorithm with polynomial
complexity to provide a faster solution for instances
where an optimal solution cannot be found within an
acceptable time frame.

• We provide valuable insights on how service require-
ments and network topologies impact both energy
consumption and the centralization rate of the
deployment.

• We make the source code and data related to the
optimization model, along with the heuristic algorithm,
publicly available in a GitHub repository,3 as well as
the load and topology generators.

This article is organized as follows. Section II describes
the related work. Section III shows the system model and
the problem formulation. Section IV presents the load and
topology generators. Section V discusses the results. Final
considerations are made in Section VI.

II. RELATED WORK
The VNF placement problem in vRAN is usually studied in
the literature aiming to maximize VNF centralization (i.e.,
the number of VNFs from different RUs being processed
on the same CR), while constrained by transport network
and processing capacity [2], [3], [6], [7]. Nevertheless,
the work in [21] shows that centralizing VNFs is not

3https://github.com/LABORA-INF-UFG/paper-WGSCLK-2025

guaranteed to bring energy-related benefits. It formulates
the energy efficiency in vRAN as a bi-objective function
and, therefore, analyzes a tradeoff between centralization and
energy consumption, but not a decisive solution deployed
periodically.
Some works have also investigated the VNF placement

problem in vRAN, seeking to minimize the network’s energy
consumption. The authors in [13] propose a heuristic to
solve the association problem between CU, DU, and User
Equipment (UE), aiming to minimize network energy con-
sumption while reducing mobile device handovers. However,
they consider DU and RU with fixed association, dis-
regarding the impact of dynamic choices of RAN split
options, which may lead to under-utilization of resources
during off-peak moments when a DU can handle a higher
number of RUs. GreenRAN [14] formulates the problem of
VNF placement in vRAN to minimize energy consumption
as a quadratic integer program. Given its complexity, the
authors propose a metaheuristic to solve a relaxed version
of the problem. VNF migration cost and the split of RAN
into up three units are considered. However, the excessive
simplification of network routing and the omission of the
energy consumption from the transport network can result
in sub-optimal decisions in scenarios where the transport
network’s energy cost dominates the problem.
A reinforcement learning algorithm is proposed in [15] to

decide the placement of VNFs among a set of DUs with dif-
ferent capacities and the scheduling of radio resource blocks
for each UE demand, aiming to reduce energy consumption
by turning off idle DUs while ensuring heterogeneous latency
requirements for devices. However, the energy consumption
of the transport network is not represented and only a single
split option, C-RAN, is considered, disregarding possible
energy benefits from more flexible split options. In addition,
C-RAN is the most challenging split option to implement
in practice due to its strict requirements on the transport
network [22], which limits the practicality of the solution.

In [16], the authors formulate the problem of deciding the
RAN function split performed per network slice to reduce
the energy consumption of CRs and transport network.
A heuristic is proposed to present a good solution in a
reasonable time. However, the routing is oversimplified,
limiting the association between RU and DU. This may
prevent associations with better energy efficiency. The
problem of VNFs split assignment for each BS in a set
of time slots is solved using a deep reinforcement learning
approach in the article [17]. Both in [16] and [17], only the
energy consumption of the midhaul is considered, whereas
the energy consumption of the backhaul and midhaul may
be significant enough to impact the quality of the solution.
Zorello et al. [18] studied the CU and DU placement problem
while considering different 5G service requirements for
bandwidth and latency. A heuristic algorithm is proposed
and compared with the optimal solution. They showed
that routing choices have a significant impact on power
consumption. In [19], the authors formulate the problem
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TABLE 1. Summary of related work in vRAN energy consumption.

of minimizing energy consumption in a C-RAN scenario.
However, C-RAN represents only one of the possible
functional splits of the RAN. In [20], joint allocation of
cloud, network, and radio resources per UE is performed in a
cell-free mobile network to reduce power consumption. The
authors consider a single cloud connected to all RUs, which
simplifies the routing and may not represent all possible
topologies. Moreover, none of these works [15], [16], [17],
[18], [19], [20] considers the energy consumption of VNF
migration, hindering the use of the proposed solutions with
varying network load over time, as small changes in load may
trigger a migration of VNFs where the energy savings from
the new solution do not outweigh the migration overhead.
Table 1 summarizes the challenges addressed in the related

literature and the instance size and response time achieved
by the existing solutions. To the best of our knowledge, our
work is the first to address all the considered challenges, as
illustrated in the table. However, it is important to highlight
that given the NP-hard nature of the addressed problem,
using off-the-shelf solvers to obtain an optimal solution still
involves exponential complexity, making it impractical for
solving larger topologies. As shown in Table 1, our efficient
formulation can rapidly achieve an optimal solution for
instances of considerable size, providing a robust baseline
to evaluate non-optimal solutions in future works.

III. SYSTEM MODEL AND PROBLEM STATEMENT
We consider a RAN topology composed of a set B =
{b1, b2, . . . , b|B|} of RUs and a set of general-purpose servers
H = {h1, h2, . . . , h|H|} capable of processing the RAN
VNFs. RUs and servers are connected through a set of
transport network nodes T = {t1, t2, . . . , t|T |}. We define
the set of CRs as C = {c1, c2, . . . , c|C|} where cm ⊆ T ∪H
represents a group of co-located switches and servers. We
represent the RAN topology as a graph G = (V, E), in which
V = {v0}∪B∪T ∪H denotes the vertices, where v0 represents
the core network, and E = {eij | vi, vj ∈ V} represents the set

FIGURE 2. Example of different routes in the same vRAN topology.

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 a rApp in the Non-RT
RIC of the O-RAN architecture [23]. This is particularly
justified as the rApp manages the placement of virtualized
radio functions across multiple base stations, leveraging a
broader network perspective [24], [25].
Routing – All data traffic originates (downlink) or

terminates (uplink) at the core network v0. 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 2(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
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TABLE 2. Functional split options for the RAN.

Figure 2(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 Pl
as the set of paths from each RU bl ∈ B to the core network
v0, where each path p ∈ Pl may be split into up to three sub-
paths: pBh (backhaul), pMh (midhaul), and pFh (fronthaul).
Moreover, we consider a crosshaul transport network, i.e., a
link eij ∈ E can serve any sub-path combination.
Virtual Network Functions – For each RU bl ∈ B,

our objective is to determine the best CR to deploy the
RU set of RAN VNFs, denoted by F = {f1, f2, f3, f4, f5}
representing High-PHY, MAC, RLC, PDCP, and RRC
functions respectively. The VNF stack may be parti-
tioned up to two times according to the functional splits
D = {O0,O1,O2,O4,O6,O9} defined in Table 2 (according
to [26]), 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. For
our formulation, option O0 denotes the Disaggregated RAN
(D-RAN), where no split is performed, and all the VNFs
run on a server co-located with the RU.

A. VNF PROCESSING
Let the binary decision variable xp,rl denote if the path p ∈
Pl was chosen for the bl ∈ B using the functional split
Dr ∈ D. However, during the decision, we must ensure that
the assigned servers selected by the path p ∈ Pl 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.
The High-PHY layer runs pre-coding (relating to channel

prediction and reciprocity calibration), modulation, and
resource element mapping. Similar to [20], [27], we formu-
late the processing of those operations as follows:

Cprecoding = Nused
Tsτc109

(
8Nlτ

2
p + 8N2

l

(
τp + Load(bl)

))

+Nusedτd
Tsτc109

(
8NlLoad(bl)

)+ Nused
Tsτc109

(
8NlLoad(bl)

)

+ Nused
Tsτc109

(
(4N2

l + 4Nl)τp

+8N2
l Load(bl)+

8(N3
l − Nl)
3

)
, (1)

Cmodulation = 1.3Nl

(
Nbits
16

)1.2

, (2)

Cmapping = 1.3Load(bl)

(
Nbits
16

)1.2(SE0

6

)1.5

, (3)

where Nused denotes the number of sub-carriers used. Ts is
related to the duration of the Orthogonal Frequency Division
Multiplexing (OFDM) symbol. τc, τp, and τd = τc − τp
represent the number of samples per coherence block, the
number of received samples during the training phase, and
the number of samples during downlink data transmission,
respectively. Nl stands for the number of antennas in RU
bl ∈ B. Load(bl) is a function over the input data that
returns the current number of devices associated to RU
bl ∈ B. Nbits represents the number of bits used for data
quantization and SE0 denotes the spectral efficiency of the
channel. Therefore, the number of GOPS required for High-
PHY layer processing is given by:

CHighPHY = Cprecoding + Cmodulation + Cmapping. (4)

Channel coding, system control, and data redirection to
the core network operations are implemented in the higher
(or superior) layers of the RAN VNF stack. Similar to [27],
the number of GOPS required by all these superior layers
is calculated as follows:

CSupLayers = 1.3Load(bl)

(
Nbits
16

)1.2(SE0

6

)
(5)

+ 2.7
√
Nl

(
Nbits
16

)0.2

+ 8Load(bl)

(
SE0

6

)
.

To determine the processing required by each VNF
individually, given the aggregate load of the superior layers
CSupLayers from (5), we utilize proportions based on the CPU
utilization profiles observed in the OpenAirInterface (OAI)
implementation [28]. Finally, the total processing load γw
for a given server hw ∈ H is calculated as follows:

γw =
∑

bl∈B

∑

Dr∈D

∑

p∈Pl

xp,rl

[
F1(hw,Dr, p)CHighPHY

+ F2(hw,Dr, p)
(

0.4 CSupLayers
)

+ F3(hw,Dr, p)
(

0.028 CSupLayers
)

(6)

+ F4(hw,Dr, p)
(

0.286 CSupLayers
)

+ F5(hw,Dr, p)
(

0.286 CSupLayers
)]
,

where Fn(hw,Dr, p), based on the input data, returns 1 when
server hw ∈ H processes VNF fn ∈ F according to functional
split Dr ∈ D and route p ∈ Pl; otherwise, it returns 0.

B. OPTIMIZATION MODEL
We formulate the problem of RAN VNF placement to min-
imize 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
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bl ∈ B characterizes the vRAN energy consumption. We
use a traditional energy model [29] to estimate this energy
consumption, in which the total energy consumed by a
server hw ∈ H over the period T includes a static power
component Pidlew consumed whether the server is turned on,
and a dynamic load-dependent power consumption Pbusyw −
Pidlew , defined as:

EvRAN =
∑

hw∈H
T
[
ψon
w Pidlew +

(
γw/C

cap
w

)(
Pbusyw − Pidlew

)]
, (7)

where γw is the total load assigned to server hw ∈ H as
calculated in (6), Ccapw represents the number of GOPS the
server hw ∈ H can perform. ψon

w is a ceiling function that
ensures that a server hw ∈ 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:

ψon
w =

⌈ ∑

fn∈F

∑

bl∈B

∑

Dr∈D

∑

p∈Pl

xp,rl upwM(hw, fn, bl,Dr)

|F | |B|
⌉
, (8)

where upw ∈ {0, 1} is based on the input data, indicating
whether a server hw ∈ H is part or not of the route p ∈ Pl.
The mapping function M(hw, fn, bl,Dr) returns 1 when the
server hw ∈ H processes VNF fn ∈ F from RU bl ∈ B
according to functional split Dr ∈ D.
Transport network energy consumption – We consider

an optical transport network dedicated to the RAN infrastruc-
ture 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 radio devices and switches [30], [31].
Each link eij ∈ E is characterized by its data transmission
capacity Rtreij and power consumption Ptreij 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 Psvk represents the power consumed
by each switch port. Finally, the transport network energy
consumption is defined as follows:

ETNet =
∑

eij∈E

[
T
γeij

Rtreij

(
2Ptreij + S(vj)Psvj + S(vi)Psvi

)]
. (9)

γeij in (9) represents the total throughput over link eij, which
is defined as:

γeij =
∑

Dr∈D

∑

bl∈B

∑

p∈Pl

xp,rl Rl
(
ypBheij α

r,l
Bh + ypMheij α

r,l
Mh + ypFheij α

r,l
Fh

)
, (10)

where the data throughput Rl = Load(bl)Rdev generated by
RU bl ∈ B is a dynamic parameter 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. ypBheij , y

pMh
eij , and ypFheij indicate if the link eij is

part of the backhaul, midhaul, or fronthaul, respectively, for
the path p ∈ Pl. For each RU bl ∈ B, the chosen functional

split Dr ∈ D increases the data rate required at the backhaul,
midhaul, and fronthaul by the factors αr,lBh, α

r,l
Mh, and α

r,l
Fh,

respectively. As the solution is expected to be effective during
the time period T , we consider the estimated number of
active links γeij/R

tr
eij 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 out-
weigh the energy gains in the new solution, we use a
linear approximation model based on empirical data, similar
to [13], [14]. As shown in Section V, VNF migration is
the component with the lowest impact on total energy
consumption. Therefore, 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 individually in its
own Virtual Machine (VM), allowing for flexible function
placement, we estimate the energy cost of migrating a
specific VNF fn ∈ F as Efn = aVfn + b, where Vfn is
the memory volume of the VM hosting the VNF fn ∈ F ,
and coefficients a and b are derived from experimental
observations [32], 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 =
∑

hw∈H

∑

fn∈F

∑

Dr∈D

∑

bl∈B

∑

p∈Pl
(11)

[
1− N(hw, fn, bl)

]
xp,rl upwM(hw, fn, bl,Dr)Efn ,

where N(hw, fn, bl) is defined over the input data, resulting
in 1 when server hw ∈ H processes VNF fn ∈ F from
RU bl ∈ B for the previous VNF deployment. Otherwise, it
returns 0.

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
xp,rl ,∀bl,∀Dr,∀p

EvRAN + ETNet + EMig (12a)

subject to
∑

cm∈C

∑

fn∈F

( ∑

hw∈H

∑

bl∈B

∑

Dr∈D

∑

p∈Pl

xp,rl vpm,wM(hw, fn, bl,Dr)− ψ single
m,n

)
≥ ρc, (12b)

∑

Dr∈D

∑

p∈Pl

xp,rl = 1, ∀bl ∈ B, (12c)

γeij ≤ eCapij , ∀eij ∈ E, (12d)
∑

eij∈E
xp,rl ypBheij e

L
ij ≤ βrBh, ∀bl ∈ B,Dr ∈ D, p ∈ Pl, (12e)
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∑

eij∈E
xp,rl ypMheij e

L
ij ≤ βrMh, ∀bl ∈ B,Dr ∈ D, p ∈ Pl, (12f)

∑

eij∈E
xp,rl ypFheij e

L
ij ≤ βrFh, ∀bl ∈ B,Dr ∈ D, p ∈ Pl, (12g)

γw ≤ Ccapw , ∀hw ∈ H, (12h)

xp,rl ∈ {0, 1}, ∀bl ∈ B,Dr ∈ D, p ∈ Pl. (12i)

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 (12b)
ensures a lower bound centralization ρc of VNFs, where
vpm,w, defined over the input data, indicates whether a server
hw ∈ H is associated with CR cm ∈ C and is part of route
p ∈ Pl. The term ψ

single
m is an expression and assures that at

least two RUs bl ∈ B must have the same type of VNF fn ∈ F
allocated to the same CR cm ∈ C to count as centralization,
which is formulated as:

ψ single
m,n =

⌈ ∑

hw∈H

∑

bl∈B

∑

Dr∈D

∑

p∈Pl

xp,rl vpm,wM(hw, fn, bl,Dr)

|F | |B|
⌉
. (13)

For each RU bl ∈ B, only one combination of route p ∈ Pl
and functional split Dr ∈ D must be assigned, as represented
in the constraint (12c).
Each link eij ∈ E has a maximum data rate capacity eCapij

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 (12d). Furthermore, scenarios
where the transport network is shared with other services
can be considered by extending constraint (12d).

Depending on the functional split Dr ∈ D chosen, different
latencies must be granted at fronthaul (βrFh), midhaul (β

r
Mh),

and backhaul (βrBh) of path p ∈ Pl. Since each link eij ∈ E
incurs in delay eLij according to its capacity, distance between
nodes, number of hops, and packet queue size, the chosen
path p ∈ Pl must ensure the latency required by functional
split Dr ∈ D, as defined in the constraints (12e)− (12g).
The VNFs assigned to a given server hw ∈ H must not

exceed its maximum processing capacity Ccapw , as defined in
the constraint (12h). Finally, the constraint in (12i) specifies
that the decision variable is binary.

C. LINEARIZATION
The problem stated in (12) represents an integer program
formulation, which is known to be an NP-hard problem,
as demonstrated by the authors of [7]. However, the
ceiling function in (8) and (13) renders those constraints
discontinuous. This approach makes the model nonlinear,
i.e., unsupported by MILP solvers and dependent on ineffi-
cient solutions. Therefore, we linearize these constraints by
introducing two new integer decision variables, yw and ym,

for each server, hw ∈ H and CR cm ∈ C. Regarding the
former and considering the following relaxation of ψon

w :

ψon′
w =

∑

fn∈F

∑

bl∈B

∑

Dr∈D

∑

p∈Pl

xp,rl upwM(hw, fn, bl,Dr)

|F | |B| , (14)

we can mimic the behavior of the ceiling function by adding
the following constraints:

yw ≥ ψon′
w , (15)

yw ≤ ψon′
w + 1− ε. (16)

Since the lowest value ψon′
w can assume is 1/(|F | |B|), the

integrity parameter ε must be chosen as ε < 1/(|F | |B|).
This assumption ensures that yw always remains equivalent
to ψon

w , even when ψon′
w approaches an integer value, thereby

preventing any inconsistencies in the formulation. Similarly,
for ym, we define ψ single′

m as the relaxation of ψ single
m :

ψ single′
m =

∑

hw∈H

∑

bl∈B

∑

Dr∈D

∑

p∈Pl

xp,rl vpm,wM(hw, fn, bl,Dr)

|F | × |B| , (17)

and formulate the following constraints:

ym,n ≥ ψ single′
m,n , (18)

ym,n ≤ ψ single′
m,n + 1− ε. (19)

To conclude, after replacing ψon
w with yw in (7) and ψ single

m

with ym in (12b), we end up with:

minimize
xp,rl ,∀bl,∀Dr,∀p
ym,n,∀cm,∀fn

yw∀hw

EvRAN + ETNet + EMig.

subject to

∑

cm∈C

∑

fn∈F

( ∑

hw∈H

∑

bl∈B

∑

Dr∈D

∑

p∈Pl

xp,rl vpm,wM(hw, fn, bl,Dr)− ym
)
≥ ρc,

∑

Dr∈D

∑

p∈Pl

xp,rl = 1, ∀bl ∈ B,

γeij ≤ eCapij , ∀eij ∈ E,
∑

eij∈E
xp,rl ypBheij e

L
ij ≤ βrBh, ∀bl ∈ B,Dr ∈ D, p ∈ Pl,

∑

eij∈E
xp,rl ypMheij e

L
ij ≤ βrMh, ∀bl ∈ B,Dr ∈ D, p ∈ Pl,

∑

eij∈E
xp,rl ypFheij e

L
ij ≤ βrFh, ∀bl ∈ B,Dr ∈ D, p ∈ Pl,

γw ≤ Ccapw , ∀hw ∈ H,
yw ≥ ψon′

w , ∀hw ∈ H,
yw ≤ ψon′

w + 1− ε, ∀hw ∈ H,
ym,n ≥ ψ single′

m,n , ∀cm ∈ C, fn ∈ F ,
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Algorithm 1: VNF Placement for the First Level

Input : Ln,G,D∗,P,S−1.
Output: Partial set of associations between BS, route and

functional split S.
1 S ← ∅

2 Sort set Ln, for each n, by BS load
3 for vi ∈ L1 do
4 if vi /∈ B then
5 continue

6 p← No-split route for vi with the most power-efficient available
server

7 if Migrating to (vi, p,O0) is worthwhile then
8 S ← S ∪ (vi, p,O0)

ym,n ≤ ψ single′
m,n + 1− ε, ∀cm ∈ C, fn ∈ F ,

xp,rl ∈ {0, 1}, ∀bl ∈ B,Dr ∈ D, p ∈ Pl,
yw, ym,n ∈ Z, ∀cm ∈ C, hw ∈ H, fn ∈ F ,

which represents a more efficient MILP formulation, as
illustrated by the results presented in Section V.
Table 3 summarizes all the decision variables, sets, and

data parameters used throughout the formulation.

D. HEURISTIC
Problems formulated as MILP are 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 Ln 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
O0, the set of routes P from every BS until the core, and
the associations S−1 currently deployed in the network.
Additionally, Algorithm 2 receives the partial solution from
Algorithm 1.

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 line 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 lines 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 line 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 lines 6 to 21. If
none of the evaluated associations are feasible, we determine
whether a new server should be activated in the upper levels

TABLE 3. Sets, input data, decision variables, and expressions.

or if the no-split option should be assigned to the remaining
BSs in the current level, as addressed in lines 22 to 33.
This decision is based on the assumption that the total
load in the remaining BSs at this level is generated by the
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Algorithm 2: VNF Placement for Level 2 and Beyond

Input : Ln,G,D∗,P,S−1,S.
Output: Complete set of associations between BS, route and

functional split S.
1 Sort set Ln, for each n, by BS load
2 for n > 1 do
3 for vi ∈ Ln do
4 if vi /∈ B then
5 continue

6 Ccands. ← CRs with turned on server
7 Reverse sort Ccands. by number of associated BSs
8 p0 ← No-split route for vi with the most power-efficient

available server
9 candAssociation ← (vi, po,O0)

10 feasible ← False
11 for cm ∈ Ccands. do
12 for route p that contains candidate CR cm do
13 for Oj ∈ D∗ do
14 if (vi, p,Oj) is unfeasible then
15 continue

16 feasible ← True
17 if (vi, p,Oj) consumes less energy than

candAssociation then
18 candAssociation ← (vi, p,Oj)

19 if feasible then
20 if Migrating to (vi, p,Oj) is worthwhile then
21 S ← S ∪ (vi, p,Oj)
22 else
23 cm ← a CR with available server to turn on,

prioritizing already active CRs
24 Assuming that the BS load in vi is

equivalent to the load of all vx not
yet associated in Ln

25 if ∃p ∈ P and ∃Or ∈ D∗ such that (vi, p,Or) is
feasible and consumes less energy than performing
no-split then

26 if Migrating to (vi, p,Or) is worthwhile then
27 S ← S ∪ (vi, p,Or)
28 else
29 p← No-split route for vi with the most

power-efficient available server
30 if Migrating to (vi, p,O0) is worthwhile then
31 S ← S ∪ (vi, p,O0)

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

33 Iterate loop in line 2

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 V. In Algorithm 1, line 1 will perform
at worst O(|V|) sorting operations. Using the quick sort
algorithm [33] for reference, this would be limited to a
total complexity of o(|V|3), since, by the definition of Ln,
it is not possible to have |V| levels with |V| CRs. Lines 3
to 8 execute at most O(|V|) times. For Algorithm 2, line 1
performs the same sort as already described. Lines 2 and 3

iterate over each CRs once, while line 11, in the worst case,
handles all CRs again. Line 12 iterates through all routes
for a given CR, and considering the use of k-shortest path
algorithm, we have k paths where each is further divided
into 1 route without splits, |hops| − 1 routes with a single
split, and

∑|hops|−2
j=1 j = O(|hops|2) routes with two splits.

In the worst case, all paths have |hops| = |V| − 1, limiting
the number of iterations in line 12 to O(k · |V|3). Finally,
lines 2 to 18 have complexity O(k · |V|5). The evaluation in
line 25 is done similarly, having the same complexity.

IV. SYNTHETIC LOAD GENERATOR
Academia and industry have made significant strides in
developing synthetic data generators to overcome the
scarcity of publicly available real-world data [34], [35], [36].
Following the methodology proposed in [34], this work
formulates a synthetic data generator based on Markov
Chains to simulate the demand variation of RUs. In our
load generator, each RU is characterized by its region
type (e.g., urban, rural, center, suburb), the time of trace
capture (e.g., hour), the day type of capture (e.g., weekday
(WD) or weekend (WE)), and the number of associated
users. While the load generator presented in [34] considers
a transition function for each day of the week, resulting
in higher computational complexity in terms of time and
space to compute the Markov Chain transition probability,
our synthetic load generator minimizes the complexity of
the Markov Chain model by representing the days of the
week according to their type, e.g., weekday and weekend.
This formulation strategy leverages the similarity of the
mobility pattern between weekdays and weekends [37],
minimizing the complexity of the Markov Chain model while
maintaining its generality and accuracy in capturing demand
variations.
We consider a set of states S = {s1, s2, . . . , s|S|}, where

each state s ∈ S is defined by the following tuple:

s = (A(bl),DT, q, δ), (20)

where A(bl) represents the region type of RU bl ∈ B, DT ∈
{WD,WE} denotes the day type, q ∈ [0, 24] defines the hour
of the day, and δ ∈ Z≥0 represents the number of users
associated to RU bl ∈ B at a time q. For example, the tuple
s = (Suburb,WE, 9, 45) specifies that RU bl ∈ B is in a
suburb region on the weekend, and are 45 users associated
to this RU at 9:00 AM.
The transition function calculates the probability of a RU

in a region type A(bl) moving from demand δi at time qi to
demand δj at time qj, with i < j. This function is defined
as:

ρ = (A(bl),DT, qi, δi, qj, δj). (21)

Algorithm 3 describes how we calculate the transition
probability of our model, defining the set of states S and
the probabilistic transition function ρ(si, sj) for all pairs of
states. As input, we consider the set of RUs B, the set of
region types A, the set of days D, the set of times Q, and
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Algorithm 3: Estimation of Markov Chain Transition
Probabilities
Input : B,A,D,Q,
.
Output: Set of states S and the transition function ρ.

1 S ← ∅, P← ∅, ρ ← ∅

2 for bl ∈ B do
3 for d ∈ D do
4 if d ∈ {Mon., Tue., Wed., Thu., Fry.} then
5 DT ←WD
6 else
7 DT ←WE

8 for q ∈ Q do
9 si ← (A(bl),DT, q,
(bl, d, q))

10 S ← si
11 if q+ 1 ∈ Q then
12 sj ← (A(bl),DT, q+ 1,
(bl, d, q+ 1))
13 S ← sj
14 if p(si, sj) /∈ P then
15 p(si, sj)← 1
16 P← p(si, sj)
17 else
18 p(si, sj)← p(si, sj)+ 1

19 for si, sj ∈ S do
20 ρ(si, sj)← p(si,sj)∑

sk∈S p(si,sk)

the number of users associated with each RU, i.e., 
. Lines
2 to 18 calculate the set of states based on the combination
of region type A(bl), day d, time q, and the number of
users associated with the RU, 
(bl, d, q). This loop also
computes p(si, sj), representing the frequency of transitions
from state si to state sj in the data. This information about
the occurrence of transition is used in the second loop (lines
19 and 20) to calculate the probabilistic transition function
between states si and sj.

In addition to our synthetic data generator, we have
designed a network topology generator that accounts for the
various region types within the topology. The implementation
incorporates maximum fiber distance between hops, the
number of hops, redundant routing paths, RU coverage
range, and regional RU density. The output of this generator
includes the position of RUs, link lengths, and path latencies,
calculated using Manhattan distance. This comprehensive
approach ensures an accurate and realistic representation of
vRAN topologies. We use the number of associated users
each time as the primary information to represent the demand
variation of RUs, which differs from the authors of [34],
that used as primary information traffic load. We opt for
this strategy because this type of information is more readily
available. Our formulation is dynamic since we can consider
different user applications that impact the traffic on RUs.
We compare one random instance generated by synthetic

data and the dataset’s real-world data to illustrate the
behavior of our synthetic load generator. Figure 3 presents
this comparison in which we considered 170 hours and
included data from 50 RUs. Regarding the distribution of
RUs by region, we selected 15% of center RUs and 85%

FIGURE 3. Comparison of demand variation patterns of synthetic and real-world
data.

TABLE 4. Synthetic data and real-world data statistics.

of suburban RUs, mirroring the distribution in the real-
world dataset. Despite the lower number of center RUs, the
synthetic data preserves the behavior of the real-world data,
as illustrated in the figure. Due to the higher proportion
of suburban RUs, the overall peaks in the synthetic data
are lower than those presented by the center RUs, properly
reflecting the real-world demand variation patterns.
To ensure a comprehensive analysis, we generated 30

distinct instances of synthetic data, accounting for its
non-deterministic nature. Table 4 presents a statistical com-
parison between the real-world dataset and the synthetic
data produced by our model. The results indicate a strong
alignment between the two, demonstrating the accuracy of
our generator in replicating key characteristics of the real-
world dataset.
The close mean values suggest that the synthetic data

effectively captures the overall trend of the original data.
Additionally, the similarities in medians and quartiles con-
firm that the distribution of the synthetic data closely mirrors
that of the real-world dataset, preserving its overall shape.
The standard deviation and variance values further indicate
that the synthetic data maintains a comparable level of
variability. Lastly, the consistent minimum and maximum
values show that the range of the synthetic data aligns well
with the real-world dataset, reinforcing the reliability of our
generation process.

V. EVALUATION
In this section, we evaluate the proposed formulation for the
problem of vRAN 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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A. METHOD AND PARAMETERS SETUP
Topologies – We consider the two classes of RAN topologies
commonly deployed by network operators [7], [38], [39],
[40]: T1, in which the nodes are connected in ring structures,
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 Capacity (LC) scenario,
with links composed of 10G pluggable transceivers. In a
previous work [21], 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
Pidlew from 20% to 25% of the busy power consumption Pbusyw

for each server hw ∈ 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, we employ an algorithm
for k shortest paths to generate the routes for the set Pl.
The length of the path is measured by the number of
hops. Scenarios, where the parameter k restricts the number
of paths generated, may lose the optimal solution. While
other algorithms might yield better results from non-optimal
solutions, this is beyond the scope of our current work and
is left open for future investigation.
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 [41],
we consider 5 μs/Km of propagation delay, 5 μs 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 μs, which does not preclude any evaluated functional
splits.
Load Variation – For BS load, we use synthetic data

generated by our load generator, as described in Section IV.
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, 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

TABLE 5. Evaluation parameters.

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 Ultra Reliable Low Latency
Communication (URLLC) service and 1 Gigabits Per Second
(Gbps) of data throughput. Profiles P12, P24, and P53 are
all based on Enhanced Mobile Broadband (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 require-
ment of 250 μs. 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 [26].
The bandwidth factors for URLLC packets (128 Bytes) are
1.070 for split 6 and 7.634 for split 7.2.
We consider a transport network based on pluggable

DWDM transceivers and Ethernet packet switches, as in [31].
Radio and CR parameters are mainly extracted from [20].
We estimate the VM memory footprint for each VNF based
on the memory values provided in [14] and the CPU core
usage for each VNF presented in [7]. The parameters utilized
in the model evaluation are summarized in Table 5.
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FIGURE 4. Solution time scalability for topologies with different transport network link capacities and increasing topology size.

We implement the proposed model using Python and the
docplex library to perform the evaluation. Next, CPLEX is
used to solve each instance of the problem. An instance is
represented by a vRAN 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 in an Intel i7-12700. Considering
50 BSs, instances of topology T2 and topology T1 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.

B. RESULTS
We analyze how the solution reacts to different configura-
tions since the components of the vRAN topology may be
structured in various ways. In this context, we consider only
topology T2 to analyze the impact of network usage profiles
in the vRAN orchestration problem.
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 10−5 (slightly lower than the default
value of 10−4), 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 in the statistics. Figure 4
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.
To further evaluate the impact of link capacity on the

absolute solution time, we present the results in Figure 5 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 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.
Comparison of different solutions – As shown in

Figure 6, 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
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
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FIGURE 5. Solution time for topologies with 100 CRs and different transport
network link capacities.

FIGURE 6. Total energy consumption achieved by different solutions.

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 III-D, the heuristic has polynomial
complexity and, therefore, has better scalability than the
optimal solution.
Impact of Topology Structures – Figure 7 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, topology 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 8(a)
and 8(b) show the energy consumption by component for
each topology under different conditions, i.e., low and high
loads.

FIGURE 7. Total energy consumption for different vRAN topologies.

FIGURE 8. Energy consumption per component: vRAN, TNet, and Mig.

Figure 9 shows the centralization rate achieved by each
topology over time, presented as a percentage of the
maximum VNF centralization possible. This maximum cen-
tralization occurs when the VNFs of all RUs, implementing
functional split 7.2, are 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 (ii) 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 10 and Figure 11. 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 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
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FIGURE 9. Centralization ratio achieved for profile P53.

FIGURE 10. Solution for T1 HC topology during peak load.

FIGURE 11. Solution for T2 topology during peak load.

BSs would not be worth the extra energy cost in the transport
network.
Impact of Network Usage Profiles – Figure 12 shows

an empirical distribution of the vRAN energy consumption
achieved by the optimization model for different usage
profiles. The throughput generated by the devices con-
nected 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 13(a) and Figure 13(b). These figures present the
vRAN 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 topology. This result shows that using

FIGURE 12. Total energy consumption for different network usage profiles.

FIGURE 13. Energy consumption per component for different net. usage profiles.

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 14. 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 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 [4],
all functional splits remain viable in the evaluated topology.
However, the latency requirements of the functional splits
may vary, as shown in [26]. 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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FIGURE 14. Centralization achieved for network usage profiles.

VI. CONCLUSION
In this article, we addressed the problem of vRAN VNF
positioning to minimize the energy consumption of the
infrastructure by formulating a flexible and comprehensive
MILP model. This linear formulation enables us to solve
instances of the problem optimally and quickly (in ms) pro-
viding a robust baseline for evaluating non-optimal solutions.
We observed that in scenarios with high-throughput demand
devices, the transport network imposes a large energy cost on
the solution, reducing the achievable centralization rate. For
future work, we plan to explore additional functional splits to
further assess their impact on energy efficiency. Additionally,
given the potential energy savings by entirely disabling an
RU, we aim to investigate the problem of association between
UEs and BSs, minimizing infrastructure energy consumption
while ensuring the quality of service to different service
profiles.
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