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 A B S T R A C T

The rapid evolution of mobile communications, driven by the proliferation of mobile devices and data-intensive 
applications, has driven an unprecedented increase in data traffic, pushing the current network infrastructure 
to its limits. In Beyond 5G and future 6G networks, minimizing network latency is crucial to support next-
generation applications, such as immersive media, autonomous systems, and critical real-time services, all of 
which demand ultra-low latency and high reliability. In Multi-access Edge Computing environments, where 
future 6G networks will be deployed, efficient allocation of virtual base stations to the access network in 
dense environments will be essential to optimize performance and maintain quality of service. This efficient 
allocation will be key to effectively addressing the challenges present in these settings. This paper addresses this 
problem through a parallelized multi-objective evolutionary algorithm that simultaneously optimizes signaling 
delay, data plane overhead, and load balancing. By leveraging a Pareto-based approach, we provide a set 
of optimal trade-offs that enhance network adaptability and efficiency beyond traditional single-objective 
methods. Moreover, we introduce a novel metric inspired by the Sharpe ratio to evaluate the efficiency of load 
distribution across the network. Experimental results in various network topologies show that our approach 
significantly enhances network performance, achieving reductions in data plane overhead of up to 51.5% and 
77.9% in signaling delay compared to a state-of-the-art solution based on a specialized heuristic. By providing 
a set of non-dominated solutions, our approach enables network operators to select configurations that best 
meet specific quality of service requirements and service priorities, thereby improving network adaptability 
and resilience under varying conditions.
1. Introduction

Mobile communications have undergone substantial transformation 
in recent years, largely due to the widespread adoption of mobile 
devices that produce unprecedented data traffic volumes. A recent 
Ericsson forecast anticipates that global mobile subscriptions will reach 
8.6 billion by the close of 2028 [1]. Moreover, mobile data traffic 
worldwide is projected to increase nearly fourfold from 2023 to 2028, 
reaching about 53 exabytes per month by that time. This rapid growth 
is fueled by the continuous expansion of 5G networks and the rise 
of data-heavy applications. 5G represented a significant leap in the 
evolution of mobile networks, capable of supporting higher data trans-
mission speeds, enabling rapid analysis and management of massive 
data flows, and improving the utilization of network resources with 
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greater efficiency than that of previous generations. However, mobile 
communication technologies must adapt even further to support this 
increased demand and ensure that new services and applications cater 
to users’ needs. These capabilities address a wide range of applications, 
from data-intensive streaming services to critical infrastructure systems 
that demand near-zero latency [2]. Advanced 5G and future 6G tech-
nologies are being designed to address the complex requirements of 
ultra-dense deployments, which require stringent levels of latency and 
reliability.

From a network architecture perspective, 3GPP has made substan-
tial efforts to advance the standard, laying the foundation for what 
is known as Advanced 5G (3GPP Release-18) [3]. This release intro-
duces features that provide greater flexibility and efficiency to the 
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network and examines the evolution of network architectures to opti-
mize deployments. Key focus areas include energy efficiency, coverage, 
mobility support, and positioning, among others [4]. This evolution is 
expected to pave the way for the sixth generation of mobile networks 
(6G), designed to meet demands for higher data rates, lower latencies, 
and greater reliability across ultra-dense networks supporting applica-
tions such as immersive media, autonomous systems, and the Internet 
of Everything (IoE) [5,6].

In previous generations, network architecture relied on centralized 
mobility management, with mobility anchors handling data forward-
ing and signaling. Although effective for moderate traffic loads, this 
approach posed challenges such as non-optimal routing, scalability 
issues, and reliance on centralized components, creating single points of 
failure. The high demands of 5G required a shift to more flexible, decen-
tralized architectures [7]. In response, 5G introduced a service-based 
architecture that positions mobility anchors closer to end-users, reduc-
ing bottlenecks and enabling a flatter network structure. The primary 
mobility functions managed by the Access Mobility Function (AMF) 
and Session Management Function (SMF), enhance the control plane’s 
efficiency, while the User Plane Function (UPF) improves data delivery 
by placing the closer to users, particularly through integration with 
Multi-access Edge Computing (MEC) at the network edge [8]. This inte-
gration minimizes latency by reducing the distance between users and 
computational resources, which is essential to maintain uninterrupted 
service during user movement.

As future 6G networks further intensify these demands, effective 
allocation of virtual base stations (vBS) to access network nodes in 
MEC environments will become critical to balancing load, reducing 
signaling overhead, and minimizing latency in dynamic, high-density 
environments. vBS, or software-based representations of traditional 
base stations, offer the flexibility to adjust to evolving user densities 
and mobility patterns, thus ensuring efficient resource utilization and 
enhanced quality of service (QoS) [9,10]. A vBS is essentially com-
posed of two main components: the Remote Radio Head (RRH) and 
the Baseband Unit (BBU). The RRH is responsible for handling radio 
frequency functions, transmitting and receiving signals over the air to 
connect with mobile users. BBU processes the baseband signals and 
manages control functions. In modern network architectures, these 
components are often separated, allowing the BBU to be centralized 
in a datacenters while the RRH remains at the site [11]. In MEC, this 
separation enables virtualization, where multiple BBUs can support 
several RRHs in a scalable and flexible configuration, optimizing net-
work resources [12]. By formulating this allocation as an optimization 
problem, network operators can address the unique challenges of next-
generation mobility management and support the diverse requirements 
of future ultra-connected 6G applications.

In this paper, we address the challenge of vBS-to-access network 
allocation in highly dense 5G and future 6G networks by leveraging a 
parallel multi-objective evolutionary algorithm (MOEA) [13,14] which 
is capable of running on thousands of processing elements (cores). 
Unlike traditional heuristic approaches, which prioritize fast but po-
tentially suboptimal solutions, our method simultaneously optimizes 
signaling delay, data plane overhead, and load balancing to ensure a 
more efficient and scalable network configuration. Network operators 
commonly use historical demand data and predictive models to antic-
ipate network traffic and mobility patterns, ensuring optimal infras-
tructure configuration. By integrating a multi-objective optimization 
approach, our method enhances planning by simultaneously minimiz-
ing signaling delay, reducing data plane overhead, and improving load 
balancing. This approach generates a diverse set of non-dominated 
solutions using a Pareto-based strategy, providing network operators 
with optimal trade-offs that enhance adaptability and efficiency beyond 
traditional single-objective methods [15]. While computationally de-
manding, our parallelized implementation enables efficient exploration 
of the solution space, making it a practical and effective tool for 
next-generation network planning. There exist alternative optimization 
2 
techniques, such as surrogate-assisted approaches [13], which aim 
to reduce computational costs by approximating objective functions. 
However, these surrogate methods often incur significant approxima-
tion errors, making them unsuitable for accurate evaluation in highly 
complex and resource-intensive scenarios such as ours. Furthermore, 
linear programming-based optimization methods are exact and guaran-
tee optimal solutions for smaller scenarios but become computationally 
infeasible as the search space grows, making them impractical for the 
large-scale network configurations addressed in this study.

This work builds upon a previous approach presented in [10], which 
introduced a heuristic-based allocation algorithm, named LNA (Link-
Network Assignment), focused on minimizing signaling delay and data 
plane overhead in 5G networks. In that study, LNA achieved the best 
results compared to widely used heuristics, demonstrating its superior-
ity among traditional approaches. Therefore, in this paper, we focus on 
comparing our newly proposed method against LNA, as it represents 
the strongest existing alternative. Our method extends the previous 
optimization by simultaneously addressing three objectives: minimizing 
signaling delay, minimizing data plane overhead, and maximizing load 
balance across the network. This focused comparison allows us to 
highlight the effectiveness of our novel approach in addressing resource 
allocation challenges in next-generation networks.

A key contribution of this paper is the introduction of a metric 
inspired on the Sharpe ratio [16], a well-known measure of the excess 
return per unit of risk of a financial investment, as a novel metric to 
measure the efficiency of network load distribution, ensuring a more 
balanced allocation of vBS to routers. To ensure a comprehensive eval-
uation, we tested the proposed method across three network topologies 
(low-connected, hybrid-connected, and high-connected) each with 30 
distinct scenarios. These topologies vary in router connectivity levels, 
allowing us to assess the robustness of the MOEA under different 
network configurations.

The rest of this paper is organized as follows. Section 2 presents 
the system model and formulates the optimization problem, detailing 
the network architecture and the objectives to be optimized. Section 3 
describes the methodology, including the simulation setup, network 
topologies used for experimental evaluation, evaluation metrics and 
the MOEA-based framework. Section 4 provides a comparative analysis 
between the heuristic LNA algorithm from previous work and the 
proposed MOEA approach, assessing their performance from both a 
multi-objective optimization perspective and a performance metrics 
perspective. Finally, Section 5 concludes the paper, summarizing the 
findings and outlining potential directions for future research.

2. System model and problem formulation

This section presents the system model on which the multi-objective 
optimization problem is defined to minimize the impact of vBS al-
location to the edge nodes of the access network, while maintaining 
network performance.

2.1. Mobility domain and access network

Let the access network be represented as an undirected graph 𝐺 =
(𝑉 ,𝐸), where 𝑉  denotes the set of nodes (including routers and vBS) 
and 𝐸 represents the edges (communication links) between these nodes. 
Let 𝐾 ⊂ 𝑉  be the set of access routers that provide connectivity to a set 
of vBS 𝐵. Each vBS is represented by 𝑏𝑖 with 𝑖 ∈ {1, 2,… , |𝐵|}, where 
|𝐵| is the total number of vBS. Each vBS consists of a conjunction of an 
RRH and a vBBU.

The set of vBS 𝐵 provides full coverage to a geographical area of 
interest, where each location in this area is defined by the coordinates 
{𝐿𝑏𝑖}

|𝐵|
𝑖=1, with 𝐿𝑏𝑖 ∈ R2 representing the position of each vBS. Note that 

the position of each vBS is actually the position of its corresponding 
RRH, as the virtual base-band units (vBBUs) are co-located with the 
access routers. This setup ensures that the entire domain is efficiently 
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Fig. 1. RRH allocation to edge access routers deployed on core network.
served by the available infrastructure. The goal of this network design 
is to optimize the allocation of vBS to routers, thereby minimizing 
operational costs and achieving a balanced load distribution across the 
network.

Fig.  1 illustrates the structure of the allocation problem, which 
defines the placement of vBS units and their possible connections to the 
access network. In this figure, the core network serves as a centralized 
system that coordinates communication between the vBS and access 
routers, enabling seamless connectivity for mobile users throughout the 
coverage area. The links between vBS and routers are shown as poten-
tial paths that can be optimized based on the objectives of minimizing 
signaling delays, reducing data plane overhead, and balancing the load 
across network nodes.

2.2. Virtual base station allocation and mobile nodes support

Each access router 𝑘𝑗 , with 𝑗 ∈ {1, 2,… , |𝐾|}, manages a specific 
subset of vBS denoted by 𝐵𝑗 ⊂ 𝐵. These routers function as the first 
level of communication within the network domain, ensuring that data 
and control packets are efficiently routed. Additionally, vBBUs are co-
located with the access routers to facilitate processing and resource 
management.

The assignment of vBS to routers is represented by the vector 𝑎 =
⟨𝑎1, 𝑎2,… , 𝑎

|𝐵|⟩, where each element 𝑎𝑚 ∈ {1, 2,… , |𝐾|} specifies the 
access node to which vBS 𝑏𝑚 is allocated. This ensures that each vBS is 
connected to exactly one router and, conversely, one router may have 
assigned any number of vBSs, even none. That is the reason because 
it is important to include a load balancing mechanism. For example, if 
𝑎 = ⟨2, 1, 3,… , 2⟩, then vBS 𝑏1 is assigned to router 2, 𝑏2 to router 1, 
𝑏3 to router 3, and so on. This vector-based representation provides a 
compact format for defining and manipulating assignments within the 
optimization process.

The first objective corresponds to the signaling delay 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 , 
which reflects the overhead due to the signaling messages required for 
mobility management when handovers occur. It is defined as: 

min
𝑎

𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 =
|𝐵|
∑

𝑚=1
𝑓𝑠(𝑚, 𝑎𝑚), (1)

where 𝑓𝑠(𝑚, 𝑎𝑚) is the signaling delay associated with assigning the vBS 
𝑚 to the router 𝑎𝑚 normalized by the network capacity.

The second objective to minimize is the overhead of the packet 
delivery in the data plane 𝑂𝑑𝑎𝑡𝑎, which quantifies the resources needed 
to transmit the data packets from the vBS to the end users: 

min
𝑎

𝑂𝑑𝑎𝑡𝑎 =
|𝐵|
∑

𝑚=1
𝑓𝑑 (𝑚, 𝑎𝑚), (2)

where 𝑓𝑑 (𝑚, 𝑎𝑚) indicates the cost of forwarding packets when the vBS 
𝑚 is assigned to the router 𝑎𝑚.

Finally, to achieve a balanced load across all access routers, we max-
imize the metric inspired by the Sharpe ratio [16]. Originally developed 
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in Finance, the Sharpe ratio measures the risk-adjusted return of an 
investment. The Sharpe Ratio 𝑆 is defined as: 

𝑆 =
𝐸[𝑃 ] − 𝑃𝑓

𝜎
(3)

where:

• 𝐸[𝑃 ] represents the mean expected performance.
• 𝑃𝑓  is the baseline or risk-free performance.
• 𝜎 denotes the performance volatility, specifically the standard 
deviation of performance.

If the risk-free performance 𝑃𝑓  is not considered (which will be ex-
plained later), the Sharpe Ratio can be computed as: 
𝑆 =

𝜇
𝜎

(4)

where 𝜇 is the mean return and 𝜎 is the standard deviation of the 
returns.

Specifically, in this work, we perform the mapping of the original 
Sharpe ratio components to our load distribution metric as follows. 
The expected performance (𝐸[𝑃 ]) is translated into our optimization 
problem as the mean number of virtual base stations assigned per router 
in the network. As for the risk-free performance (𝑃𝑓 ), a baseline return 
used in financial applications to evaluate excess returns, does not have 
a direct counterpart in our network load balancing problem. Instead, 
we assess the relative efficiency of load distribution without defining a 
strict baseline. Thus, in our adaptation, 𝑃𝑓  is implicitly considered to 
be zero, meaning that the balance metric is evaluated purely based on 
the observed deviation from a uniform distribution. Moreover, since 
the Sharpe ratio is used to compare solutions, 𝑃𝑓  is a constant term 
(the same for all solutions in the population) that can be eliminated 
from the comparisons. Finally, the performance volatility (𝜎) is mapped 
to the standard deviation of the vBS assignment across routers in our 
network. In this context, we adapt the Sharpe ratio to quantify the 
efficiency of load distribution among access routers, representing it as 
the ratio of mean load to the standard deviation of load across routers. 
A higher ratio indicates a more balanced and efficient load distribution. 
To our knowledge, this is the first time that this metric has been used 
to optimize a network management problem. However, it has been 
used in other areas, such as operational research [17] and portfolio 
optimization [18].

The total number of vBS assigned to the router 𝑟 is given by: 

|𝐵𝑎
𝑟 | =

|𝐵|
∑

𝑚=1
𝛿(𝑎𝑚, 𝑟),∀ 𝑎𝑚 ∈ 𝑎 (5)

where 𝛿(𝑎𝑚, 𝑟) is an indicator function defined as: 

𝛿(𝑎𝑚, 𝑟) =

{

1 if vBS 𝑚 is assigned to router 𝑟,
0 otherwise.

(6)

The mean number of vBS assigned per router, 𝜇𝑎
𝐵 , is calculated as: 

𝜇𝑎
𝐵 = 1

|𝐾|

∑

|𝐵𝑎
𝑟 |, (7)
|𝐾| 𝑟=1
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which represents the average load per router.
The standard deviation of the load distribution across routers, which 

measures the variation in the number of vBS assigned to each router, 
is given by: 

𝜎𝑎𝐵 =

√

√

√

√
1

|𝐾| − 1

|𝐾|

∑

𝑟=1

(

|𝐵𝑎
𝑟 | − 𝜇𝑎

𝐵

)2
. (8)

Thus, the third objective to maximize the metric inspired by the 
Sharpe ratio 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 is defined as: 

max
𝑎

𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 =
𝜇𝑎
𝐵

𝜎𝑎𝐵
. (9)

Maximizing this ratio encourages a uniform load distribution, re-
ducing the likelihood of overloading specific routers and promoting 
efficient resource utilization across the network.

2.3. Constraints

The optimization problem is subject to the following constraints:

1. Router allocation constraint. Decision variables 𝑎𝑚 are inte-
gers that indicate the router to which each vBS 𝑚 is assigned, 
ensuring that each vBS is associated with exactly one router: 

𝑎𝑚 ∈ 1, 2,… , |𝐾|, ∀𝑚 ∈ 𝐵. (10)

2. Load balancing constraint. The standard deviation of the num-
ber of vBS assigned to the access nodes must not exceed a 
specified threshold 𝜎max, with the goal of achieving the most 
balanced load distribution possible: 

𝜎𝐵 ≤ 𝜎max. (11)

2.4. Multi-objective optimization problem

The complete multi-objective optimization problem can be summa-
rized as follows:

min
𝑎

𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 =
|𝐵|
∑

𝑚=1
𝑓𝑠(𝑚, 𝑎𝑚), (12)

min
𝑎

𝑂𝑑𝑎𝑡𝑎 =
|𝐵|
∑

𝑚=1
𝑓𝑑 (𝑚, 𝑎𝑚), (13)

max
𝑎

𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 =
𝜇𝑎
𝐵

𝜎𝑎𝐵
, (14)

subject to (15)

𝑎𝑚 ∈ {1, 2,… , |𝐾|}, ∀ 𝑚 ∈ 𝐵, (16)

𝜎𝐵 ≤ 𝜎max. (17)

3. Methodology

In this section, the simulation setup is described first, detailing the 
experimental conditions and parameters selected to ensure reliable and 
reproducible results. Next, the network topologies used to assess the 
adaptability of the algorithm across varying connectivity levels are 
explained. Following this, we define the metrics employed to evaluate 
the quality of solutions in terms of signaling delay, data plane overhead 
and load balance. Finally, the asynchronous distributed steady-state 
MOEA is presented, with details on the distributed framework and 
parameters to optimize the multi-objective problem efficiently.
4 
3.1. Simulation setup

The simulation scenario consists of a square region with an area 
of 10 × 10 km2, where vBS are distributed following a Poisson Point 
Process (PPP), suitable for modeling random distributions in dense 
environments. The intensity of the PPP (𝜆𝑣𝐵𝑆 ) corresponds to the 
average number of vBS (𝑁𝑣𝐵𝑆 ) per unit area (𝐴) [19], calculated as 
𝜆𝑣𝐵𝑆 = 𝑁𝑣𝐵𝑆∕𝐴. In next-generation mobile networks, cell densification 
is commonly modeled in this way, enabling the construction of ultra-
dense networks. This approach allows for more efficient utilization of 
spatial resources and enhances network capacity by deploying a high 
density of vBS in limited areas [20,21]. Additionally, the coverage 
areas of the vBS are modeled as a Poisson–Voronoi tessellation in 
a two-dimensional plane, where each mobile user connects to the 
nearest vBS. Moreover, the value of 𝜎max is set to 2 to ensure a fair 
and meaningful comparison with the heuristic-based approach while 
simultaneously allowing the multi-objective evolutionary algorithm to 
explore a broader search space.

User mobility is modeled using the Random Waypoint approach, 
with velocities uniformly distributed between 1 and 20 m/s. In each 
simulation, mobile users move across the mobility domain, connecting 
to different vBS following the mobility model specified in [22]. These 
users manage a set of sessions throughout the simulation. The incoming 
sessions for each user are assumed to follow a Poisson process with an 
average arrival rate of 𝜆 = 0.01. The duration of the session is modeled 
as an exponentially distributed variable with a parameter 𝜇 = 10 [23]. 
Furthermore, the flow rate requirement for each session varies between 
1500 Kbps and 10 Mbps (e.g. video streams) [24].

3.2. Network topologies

Network topology plays a crucial role in influencing performance 
metrics, particularly in heterogeneous environments. To evaluate the 
adaptability of the proposed approach, we consider three types of 
network topologies with varying levels of connectivity [25], as il-
lustrated in Fig.  2. Fig.  2(a) is a low-connected topology in which 
routers do not connect to other routers at the same level; instead, 
they connect to routers at lower levels in the hierarchy. Fig.  2(b) is 
a hybrid-connected topology in which mobile nodes will traverse both 
the connected and sparse areas of the network. In the highly connected 
area of this topology, there are direct connections between the routers 
of the backbone layer and the access layer. Finally, Fig.  2(c) shows 
the high-connected topology where there is hierarchical connectivity 
between routers, along with connections between routers at the same 
level in the hierarchy.

3.3. Performance metrics

The performance metrics used to evaluate the efficiency of the 
MOEA and compare it to the LNA algorithm are selected to capture 
critical aspects of control plane and data plane performance. These 
metrics have been widely used in prior analyses and evaluations of mo-
bility solutions [26,27], allowing for the assessment of overall mobile 
network performance.

3.3.1. Signaling delay
Efficient service provisioning and optimized use of network re-

sources in next-generation networks require addressing challenges be-
yond the data link layer, extending into layer 3 (L3) management 
protocols. Mobility management mechanisms ensure that mobile users 
remain reachable and can maintain ongoing communication as they 
roam across different networks. In densified network environments, 
signaling plays a crucial role in performance, particularly as high-
speed mobile nodes experience frequent handovers, resulting in a high 
signaling load due to the short cell radius [26].
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Fig. 2. Network topologies used in the experimental evaluation.
Maintaining established communications during the movement of a 
mobile node across the network involves L3 handover processes, which 
require the exchange of control messages between various network 
entities. These control messages introduce delays that can undermine 
the low-latency goals of 5G. In a first-come, first-served transmission 
setup, signaling packets must wait until all preceding packets have been 
sent, increasing overall delay. Therefore, in this article, signaling delay 
is considered an important metric for evaluating the control plane, 
omitting the propagation latency of the transmission medium, as these 
two values are assumed to be identical across the scenarios we compare. 
This approach aims to ensure the fairest possible comparison. For an 
association between a vBS 𝑚 and a router 𝑎𝑚, the signaling delay of an 
allocation is defined as 𝑓𝑠(𝑚, 𝑎𝑚), as shown in Eq.  (18). This function 
represents the signaling cost associated with allocating resources from 
the vBS 𝑚 to the router 𝑎𝑚 and depends on the specific parameters of 
this association. This metric depends on the size of signaling messages 
(𝑠𝑢), the number of anchors (𝑁𝐴(𝑚, 𝑎𝑚)) with active sessions to a 
particular mobile node, and the available bandwidth (𝐵𝑊 (𝑚, 𝑎𝑚)) in 
the transmission medium. The parameter values used in the simulations 
were obtained from [10] to ensure a fair comparison with the baseline 
approach. 

𝑓𝑠(𝑚, 𝑎𝑚) = 2𝑠𝑢
1 +𝑁𝐴(𝑚, 𝑎𝑚)
𝐵𝑊 (𝑚, 𝑎𝑚)

. (18)

3.3.2. Data plane overhead
In the data plane, one of the metrics that significantly impacts 

overall network performance is overhead. In addition to the signaling 
load associated with mobility management, data packets also need to 
be transmitted to the mobile node. This value is influenced by the 
average size of data messages, which is multiplied by the number of 
hops required to reach the mobile node. Data plane overhead is partic-
ularly relevant for applications with high data demands, such as video 
streaming, where network efficiency directly affects user experience.

To ensure a fair comparison between MOEA and LNA methods, we 
adopt this metric as defined in [27,28]. For each allocation between a 
vBS 𝑚 and a router 𝑎𝑚, the data plane overhead is defined as shown 
in Eq.  (19): 
𝑓𝑑 (𝑚, 𝑎𝑚) = (𝑝𝑛 𝑃 𝑑

𝑐 (𝑚, 𝑎𝑚) + 𝑝ℎ 𝑃 𝑖
𝑐 (𝑚, 𝑎𝑚)) 𝑁𝑝∕𝑠, (19)

where 𝑁𝑝∕𝑠 represents the transmission rate of packets per active flow. 
Furthermore, 𝑝  and 𝑝  are the probabilities that a traffic flow is new 
𝑛 ℎ
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or remains open after a handover, respectively, and 𝑃 𝑑
𝑐 (𝑚, 𝑎𝑚) and 

𝑃 𝑖
𝑐 (𝑚, 𝑎𝑚) represent the overhead for direct and indirect modes, respec-
tively [29]. Just as with the previous metric, the simulation parameters 
were sourced from [10] to facilitate an equitable comparison against 
the baseline approach.

3.4. Asynchronous distributed steady-state MOEA

A multi-objective evolutionary algorithm (MOEA) has been em-
ployed, specifically an asynchronous distributed steady-state imple-
mentation of the Non-dominated Sorting Genetic Algorithm II (NSGA-
II) [30]. MOEAs are widely used to optimize problems with multiple 
conflicting objectives, as they are capable of approximating the Pareto 
front (a set of optimal solutions where no objective can be improved 
without worsening another) in one single run [31,32]. In this case, 
our goal is to optimize three objectives: signaling delay, data plane 
overhead, and the metric inspired by the Sharpe ratio, which balances 
the load distribution of vBS among routers, as described in Section 2.

The optimization process begins with the MOEA generating an 
initial population of candidate solutions, each representing a different 
allocation of vBS to access nodes. These solutions are evaluated to 
obtain the objective values. Then, standard evolutionary operators 
from the literature are applied to iteratively refine the population 
and explore the search space, enhancing the trade-offs between the 
three objectives. The evolutionary cycle continues until the stopping 
condition is reached, which, based on preliminary tests, ensures that 
the MOEA has stopped making further improvements in approximating 
the Pareto front. In this work, we opted for a steady-state MOEA due to 
its replacement strategy, which supports an arbitrarily large number of 
worker nodes, allowing greater flexibility in a distributed environment. 
Unlike generational models, which update the entire population simul-
taneously, the steady-state approach replaces only a few individuals at 
a time, facilitating parallel evaluations without being limited by the 
population size.

The diagram in Fig.  3 presents the flow of a classical evolutionary 
algorithm but incorporates two key features: (i) the evaluation of can-
didate solutions is delegated to worker nodes, independent of the node 
running the algorithm, to handle the hardware and temporal resource 
demands of each evaluation; and (ii) after the initial population is 
created, the algorithm operates asynchronously, receiving evaluated 
solutions from the worker nodes as they become available. This allows 



J. Calle-Cancho et al. Ad Hoc Networks 177 (2025) 103912 
Fig. 3. Overview of the algorithmic flow in the proposed MOEA-based approach.

the algorithm to perform replacement and reproduction continuously, 
integrating evaluated solutions into the current population without 
waiting for the entire population to be evaluated.

Evaluating each solution in this optimization problem requires run-
ning computationally intensive simulations to obtain objective values, 
with each evaluation taking approximately 30 s. Given the number of 
candidate solutions required by the MOEA to sample the search space 
composed of all the possible vBs-to-access node assignments, a sequen-
tial approach would be infeasible. To address this, we implemented a 
distributed master/worker setup in which a master node manages the 
evolutionary process and delegates the evaluation of solutions to multi-
ple worker nodes operating in parallel [14]. Each worker is responsible 
for computing the objective functions (𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 , 𝑂𝑑𝑎𝑡𝑎, and 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒) 
for the assigned solutions using discrete-event network simulations 
implemented in Python, leveraging libraries such as NetworkX and 
Scipy. This parallelized approach improves scalability and ensures a 
more accurate assessment across network scenarios.

Specifically, LNA requires approximately 30 s to generate a solu-
tion; however, it does not guarantee that this solution is optimal, as 
demonstrated in the present study. Moreover, the solution obtained 
with LNA does not allow for the selection among multiple alternatives, 
which can be a crucial aspect during the network deployment. In 
contrast, MOEA not only provides an optimal solution but also gen-
erates alternative trade-off solutions that balance different objectives. 
This flexibility enables decision-makers to choose the most suitable 
configuration based on specific requirements or constraints at any 
given moment, significantly enhancing the adaptability and robust-
ness of the network deployment process. Therefore, while our MOEA-
based algorithm involves a higher computational cost, its ability to 
find optimal solutions makes it more suitable for network planning 
applications where solution quality is the top priority. Furthermore, 
our approach leverages parallelism, allowing us to obtain results in 
reasonable execution periods.

To significantly reduce computation times and make optimization 
viable for realistic scenarios, we employ a parallel approach that uses 
the computational capabilities of the Picasso supercomputer.1 Given 

1 https://www.scbi.uma.es/web/.
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Table 1
Computational time and time reduction for different number of workers.
 Workers Computation time [minutes] Time reduction [%] 
 Non-parallelized 39,630 00.0  
 2 19,815 50.0  
 10 3,963 90.0  
 100 396 99.0  
 500 79 99.8  

that each individual solution evaluation takes approximately 30 s, 
the sequential execution of the full optimization would be extremely 
time-consuming. In fact, a single complete optimization run without 
parallelization would take around 40,000 min (approximately 27.8 
days). In contrast, our parallelized implementation drastically reduces 
computation times, achieving reductions from 50% with only two 
worker nodes to 99.8% with 500 workers, as shown in Table  1. The 
scalability of our parallelized solution allows further reduction in com-
putational time by incorporating more workers, though incremental 
gains become marginal beyond a certain threshold due to diminishing 
returns of parallel efficiency.

Given the stochastic nature of evolutionary algorithms, we per-
formed 30 independent runs for each topology described in Section 3.1. 
Each run used a different random seed to explore variations in the 
topologies, ensuring robustness in the results. The final solution for 
each topology was selected based on the highest 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒, that is, 
prioritizing the solutions with the highest balance of vBS assigned to 
access nodes. This approach also allowed a fair comparison with the 
LNA heuristic algorithm [10] used in a previous study, ensuring that the 
solutions generated by MOEA maintained a high degree of consistency 
across different scenarios.

4. Performance evaluation

This section presents a comprehensive evaluation of the proposed 
approach. In the first subsection, we analyze the results from the per-
spective of the optimization process itself, focusing on the performance 
of the MOEA in terms of convergence and solution quality with respect 
to LNA. Then, the second subsection examines the network efficiency 
of the two algorithms, MOEA and LNA, specifically analyzing the two 
primary objectives of the optimization problem: data plane overhead 
(𝑂𝑑𝑎𝑡𝑎) and signaling delay (𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔). This comparison provides a 
detailed look at how each approach addresses these critical aspects of 
network efficiency.

It is important to note that although MOEA optimizes a problem 
with three objectives, the results analysis focuses mainly on 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔
and 𝑂𝑑𝑎𝑡𝑎, as 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 is designed primarly to achieve load distribution 
balance. This focus allows us to directly evaluate the impact of the 
MOEA on the efficiency of the network in terms of signaling delay and 
data plane overhead, while the balancing objective acts to ensure a 
more evenly distributed load across the network nodes. For access to 
raw results and 3D visualizations of the Pareto front approximations, 
please refer to the publicly available repository on GitHub.2

4.1. Multi-objective optimization analysis

First, we analyze the results from the perspective of multi-objective 
optimization. The outcome of a MOEA is a set of non-dominated solu-
tions known as an approximation to the Pareto front. In the context of 
multi-objective optimization, a solution is considered non-dominated if 
there is no other solution that performs better in one objective without 
worsening in at least one other objective. The Pareto front, therefore, 

2 https://github.com/galeanobra/ResourceAllocationMOEA.

https://www.scbi.uma.es/web/
https://github.com/galeanobra/ResourceAllocationMOEA
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Fig. 4. Attainment surfaces achieved by the MOEA (◦) and median solutions obtained by LNA (□) for the three topologies.
represents the set of optimal trade-offs between the competing objec-
tives, providing decision-makers with a range of solutions that balance 
the different performance metrics.

To evaluate the median performance of the MOEA across all prob-
lem instances and facilitate a comparison with the heuristic-based 
LNA approach, we use attainment surfaces. The Empirical Attainment 
Function (EAF) [33] is a graphical tool used to examine the Pareto front 
approximations generated by multi-objective optimization algorithms. 
Specifically, the EAF visualizes the expected performance and variabil-
ity of the fronts across multiple iterations of the MOEA. In simpler 
terms, the 50%-attainment surface serves a role similar to the median 
in single-objective optimization, providing a visual representation of 
the typical performance of the algorithm. This allows us to compare 
the overall behavior of the MOEA with other approaches, such as LNA, 
and observe the median effectiveness of the MOEA across different 
scenarios.

Next, we proceed by analyzing the attainment surfaces of the MOEA 
and comparing them to the median performance of LNA across all 
problem instances, categorized by the three topologies described in 
Section 3.2. This comparison allows us to evaluate the effectiveness of 
the MOEA in optimizing the data plane overhead and signaling delay 
under different network configurations.

Fig.  4 illustrates the comparison between MOEA and LNA in terms 
of data plane overhead and signaling delay for each topology. From 
an optimization standpoint, the attainment surfaces of the MOEA re-
veal a broader range of non-dominated solutions, demonstrating the 
algorithm’s capacity to explore a diverse set of trade-offs between data 
plane overhead and signaling delay. This multi-objective optimization 
approach allows network operators to choose the solution from the 
Pareto front approximation that best aligns with their specific QoS 
requirements and service needs, enhancing the network’s adaptability. 
Furthermore, it is notable that the vast majority of solutions on the 
MOEA’s Pareto front approximation outperform LNA in both objectives, 
providing a clear advantage over the heuristic-based method across 
different topologies.

The inclusion of the auxiliary objective inspired by the Sharpe 
ratio, 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒, has a notable impact on the load distribution of the vBS 
assignments in the network. Fig.  5 illustrates the progression of 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒
throughout the evolutionary cycle, with measurements taken every 
5000 evaluations up to the stopping criterion at 100,000 evaluations. 
As the MOEA progresses, the increasing size of the boxes in the boxplots 
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reflects the expanding variability within the population. This variability 
stabilizes around 75,000 evaluations, indicating that the algorithm 
is effectively exploring trade-offs across the spectrum of objectives, 
including different degrees of load balancing.

By approximately 85,000 evaluations, the 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 metric shows 
signs of convergence, supporting our decission of 100,000 evaluations 
as the stopping condition for the MOEA. This convergence ensures that 
the algorithm has reached a stable balance between all objectives. The 
radar plot in Fig.  6 provides an overview of the average values of 
the three objectives over the evolution of the optimization process. In 
this plot, each objective is normalized to ensure that improvements 
bring the corresponding vertex closer to the edge circumference. For 
the objectives 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 and 𝑂𝑑𝑎𝑡𝑎, both of which are minimized, a 
closer position to the outer edge represents a reduction in objective 
values. Conversely, for 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒, which is to be maximized, proximity 
to the outer edge correspond to an increase in value. With this in 
mind, the plot shows that 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 is the first objective to improve, 
followed by 𝑂𝑑𝑎𝑡𝑎, while 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 progresses more slowly and requires 
more evaluations to reach best levels of balance. This trend indicates 
that the MOEA initially focuses on reducing 𝑂𝑑𝑎𝑡𝑎 and 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 , with 
load balancing gradually improving as the optimization progresses. 
The steady improvement in 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 highlights the algorithm’s ability 
to refine the load distribution incrementally, ultimately achieving a 
balanced performance across all objectives.

4.2. Performance comparison between MOEA and LNA

With the optimization results established, we proceed to analyze 
the performance metrics that evaluate the efficiency of the proposed 
approaches. Using the results of the LNA from previous work as a 
baseline, we compare them against those achieved by the MOEA. This 
comparison enables us to assess the advantages of the multi-objective 
optimization approach, particularly in terms of signaling delay and 
data plane overhead across the different topologies described in 3.2. 
By examining these metrics, we aim to highlight the improvements in 
overall network performance by the MOEA over the heuristic-based 
LNA.

Figs.  7 and 8 present a comparative analysis of the data plane 
overhead (𝑂𝑑𝑎𝑡𝑎) and signaling delay (𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔) metrics across each 
topology (low-connected, hybrid-connected, and high-connected). Each 
figure shows a violin plot, where the width of each distribution reflects 
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Fig. 5. Evolution of the metric inspired by the Sharpe ratio throughout the number of evaluations performed by the MOEA.
Fig. 6. Evolution of the three objectives (𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 , 𝑂𝑑𝑎𝑡𝑎, and 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒) throughout the 
optimization process, from 5000 evaluations (red) to 100,000 evaluations (blue).

the variability of the metric values across different instances. The blue 
distribution represents the performance of the MOEA, based on the 
solutions with the highest 𝑆𝑏𝑎𝑙𝑎𝑛𝑐𝑒 from the Pareto front approximation 
to ensure a fair comparison. In contrast, the orange distribution cor-
responds to the single solution generated by the heuristic-based LNA 
approach for each instance. The white line within each distribution 
indicates the median value, providing a central reference point, while 
the dotted gray lines represent the first and third quartiles, showing 
the range within which 50% of the data points lie. A narrower, lower 
distribution indicates a more consistent and efficient performance, as 
lower values correspond to reduced data plane overhead or signaling 
delay, respectively. By visualizing these distributions, we can assess not 
only the average performance but also the variability and robustness of 
each method across different network conditions.

In terms of 𝑂𝑑𝑎𝑡𝑎 (Fig.  7), the LNA shows narrower distributions 
across all topologies, indicating more consistent performance with 
less variability. However, despite this consistency, the values achieved 
by LNA are consistently higher than those of the MOEA across all 
topologies. The MOEA, while exhibiting slightly wider distributions, 
consistently yields lower 𝑂𝑑𝑎𝑡𝑎 values. Notably, the first quartile of 
the MOEA’s distribution is below the third quartile of the LNA’s dis-
tribution in every topology, underscoring a significant improvement. 
This improvement is particularly pronounced in the low-connected 
and hybrid-connected topologies, where the flexibility of the multi-
objective approach in the MOEA allows it to explore a broader range of 
trade-offs, effectively minimizing data transmission costs compared to 
the heuristic approach of the LNA. The ability of the MOEA to generate 
a spectrum of solutions with lower overhead, despite slightly higher 
variability, demonstrates its adaptability to different network condi-
tions, offering network operators the potential for reduced transmission 
costs in practical deployments.
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For 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 (Fig.  8), the MOEA exhibits narrower distributions 
in the low-connected and high-connected topologies, suggesting more 
consistent low-latency performance in these configurations. This con-
sistency in 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 is crucial for applications where maintaining low 
latency is essential for ensuring QoS. In the hybrid-connected topology, 
however, the LNA achieves a slightly narrower distribution, indicating 
more stable results in this specific setup. Nevertheless, the median and 
overall distribution of 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 values for the MOEA are consistently 
lower than those for LNA across all topologies. Importantly, the first 
quartile of the MOEA’s 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 remains below the third quartile of 
the LNA’s in every topology, highlighting a substantial reduction in 
latency. This reduction is particularly beneficial in highly connected 
networks, where the complex inter-router links can increase 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔
in less optimized configurations. The MOEA’s superior performance 
in achieving lower 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 across varied topologies demonstrates its 
effectiveness in handling handover events more efficiently, which is 
essential for dense and dynamic network environments.

Finally, in terms of percentage improvements, the MOEA achieves 
an average reduction in 𝑂𝑑𝑎𝑡𝑎 of 34.1% in the low-connected topol-
ogy, 21.5% in the hybrid-connected topology, and 21.6% in the high-
connected topology. The best improvement was observed in the low-
connected topology at 51.5%, while the smallest improvement was 
0.99% in the hybrid-connected topology. For 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 , the MOEA’s 
average improvement across topologies further emphasizes its effective-
ness, with reductions of 53.9% in the low-connected topology, 48.9% 
in the hybrid-connected topology, and 48.5% in the high-connected 
topology. The most significant improvement was 77.9% in the low-
connected topology, while the lowest was 3.8% in the high-connected 
topology. These substantial reductions in 𝐷𝑠𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑔 and 𝑂𝑑𝑎𝑡𝑎 across 
different topologies demonstrate the MOEA’s adaptability to varying 
network conditions, especially considering that in all instances of the 
three topologies it has superior performance.

5. Conclusions and future work

In this paper, we presented a parallelized multi-objective approach 
to address the complex challenge of vBS-to-access network allocation, 
aimed at enhancing resource deployment and mobility management 
in dense 5G and future 6G networks. By leveraging an asynchronous 
distributed steady-state multi-objective evolutionary algorithm, our ap-
proach simultaneously optimizes signaling delay and data plane over-
head, while incorporating an auxiliary objective inspired by the Sharpe 
ratio to ensure load balancing across network nodes. This integration 
introduces a novel contribution to the field of communication networks, 
as the balance metric, adapted from the financial domain, provides 
an effective means to distribute resources more equitably, thereby 
enhancing network performance.
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Fig. 7. Data plane overhead comparison between MOEA (blue) and LNA (orange) across different network topologies. White lines in the distributions indicates the median, and 
dotted gray lines mark the first and third quartiles.
Fig. 8. Signaling delay comparison between MOEA (blue) and LNA (orange) across different network topologies. White lines in the distributions indicates the median, and dotted 
gray lines mark the first and third quartiles.
Our experimental results highlight the significant advantages of the 
MOEA over the domain-specific heuristic LNA, which has previously 
achieved high-quality solutions for this problem. The MOEA consis-
tently attains lower values in both primary metrics, with improvements 
of up to 51.5% in data plane overhead and 77.9% in signaling de-
lay, showcasing the effectiveness of a multi-objective optimization 
approach for managing mobility and resource deployment in next-
generation networks. Additionally, evaluating MOEA solutions required 
computationally intensive, real-world network simulations. To address 
this, we implemented extensive parallel computation with up to 1000 
computing nodes working simultaneously, which allowed us to effi-
ciently manage the computational demands, reduce experimentation 
time, and ensure scalable, precise assessments of solution quality.

Although the MOEA has demonstrated superior performance, sev-
eral promising directions remain for future work. One of them involves 
integrating additional performance metrics, such as energy consump-
tion and service continuity, to contribute to more sustainable network 
designs. In this regard, optimizing cell switch-off decisions at the 
physical level of base stations could further enhance power efficiency 
without compromising network performance. Furthermore, we plan to 
incorporate additional communication performance metrics, such as 
latencies and throughput, to provide a more comprehensive evaluation 
of network efficiency under different traffic conditions. Additionally, 
extending the approach to support heterogeneous network infrastruc-
tures, including hybrid 5G/6G and Wi-Fi networks, could improve the 
9 
applicability and robustness of the proposed solution, making it more 
adaptable to the diverse conditions of next-generation mobile networks.
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 LNA Link-Network Assignment  
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 MEC Multi-access Edge Computing  
 QoS Quality of Service  
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 DMM Distributed Mobility Management  
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