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ABSTRACT Data networks and computing devices have experienced exponential growth. Within a short
span of time, they have opened new digital frontiers while also bringing forth new threats. These threats
have the potential to increase costs and disrupt regular operations. Choosing a cybersecurity plan to
address these threats requires balancing direct and indirect costs against the benefits of implementation and
subsequent operation. In this study, we propose an efficient strategy for designing networking topologies by
incorporating a Security Information and Event Management System. This system consists of a central server
and Network Intrusion Detection Sensors, which gather data and promptly transmit information regarding
suspicious activities to the server. The server then takes immediate action in case of incidents. To determine
the optimal number and placement of sensors, a many-objective optimization approach is employed. The
problem is mathematically modeled using linear programming. To solve the optimization problem, swarm
intelligence techniques such as the particle swarm optimizer, the bat algorithm, and the black hole method
are utilized. Various test scenarios were created by presenting low, medium, and complex instances of
conventional networks. The results obtained using the black hole bio-inspired algorithm were particularly
satisfying, surpassing the performance and resolution of the other methods.

INDEX TERMS Security information and event management, network intrusion detection system, cyberse-

curity, many-objective optimization strategy, metaheuristics.

I. INTRODUCTION

Since the advent of personal computing and the subsequent
emergence of data networks, the landscape of information
technologies has undergone a profound transformation, fun-
damentally altering our ways of interaction [1]. Today, the
irruption of the internet has become an essential part of
human life [2]. We now rely on the internet for various
purposes, accessing it from our homes, offices, and portable
devices, regardless of our location. Within organizations and
companies, information systems facilitate the exchange of
data, supporting critical business operations and contribut-
ing to the overall mission of each entity [3]. Consequently,
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the reliance on information technologies has grown substan-
tially, necessitating the implementation of robust security
risk management measures to safeguard sensitive data and
information. Failure to address these measures may lead to
unintended consequences. Moreover, organizations and com-
panies are increasingly cognizant of the potential impacts that
a security breach in their computing infrastructure could have
on their business continuity and overall reputation [4].

An organization’s effective cyber risk management
involves the identification of critical assets that are essential
for operational and productive continuity, as well as the
evaluation of measures to protect them against potential
threats [5]. Risk, in this context, refers to the possibility of
experiencing damage or loss. Threats, on the other hand, are
components of risk and encompass threat agents, whether
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human or non-human, capable of triggering actions such
as identifying and exploiting vulnerabilities, resulting in
unexpected and unwanted outcomes [6]. However, the current
state of cyber risk management falls short of delivering the
desired results and requires improvement. This issue stems
from various factors, including the ever-changing landscape
of new attacks, which go undetected by existing security tech-
nology systems due to novel patterns of incidence. It is worth
noting that organizations worldwide are making unprece-
dented investments in cybersecurity, yet they still struggle to
achieve their desired outcomes due to a misaligned focus on
priorities [7]. Reports indicate a steady increase in success-
ful malware attacks over the past decade, causing damages
exceeding 7.5 billion. In 2017, a survey estimated that a
typical financial institution faced an average of 85 percent
of cyberattacks annually, with one-third of them resulting
in successful breaches [8], [9]. In summary, organizations
face continuous cyber-attacks, necessitating more effective
mitigation actions for defense [10].

Cyber risk management endeavors to safeguard informa-
tion assets through the utilization of cutting-edge techniques,
disciplines, policies, firewalls, and established intrusion
detection and prevention systems. However, selecting an
appropriate cybersecurity plan from the available options
can be a daunting undertaking. Numerous security controls
are at our disposal, and strategically placing them within
the network can offer some defense against the exploitation
of vulnerabilities. Nonetheless, these approaches often find
themselves in a state of constant conflict, where implement-
ing one plan invariably diminishes the viability of alternative
strategies.

Operating systems, software, and applications often have
known vulnerabilities that cybercriminals can exploit, includ-
ing firewalls, antivirus software, and other security mech-
anisms. Therefore, it is crucial to regularly apply security
updates provided by vendors. Additionally, implementing a
vulnerability management program is essential as it helps
detect and resolve issues before cybercriminals can take
advantage of them. Make sure that technologies such as
firewalls and intrusion detection systems (IDS) are properly
configured and regularly updated to protect against emerging
threats. Consider leveraging cloud-based security solutions
that offer ongoing, up-to-date protection against both known
and emerging threats. These solutions often provide advanced
detection and response capabilities, along with automatic
security updates. However, it is important to remember that
cybersecurity is an ongoing effort that requires constant
updates and improvements to stay ahead of new and emerging
threats and vulnerabilities.

In light of the aforementioned arguments, it becomes
imperative to undertake research that employs a strategy to
address cyber risk management as a many-objective opti-
mization problem, aiming to discover effective and efficient
solutions. The multicriteria approach has previously been
studied to support cybersecurity issues, with many of them
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being framed as modeling problems in binary domains [11].
For example, in [12], three control methods are proposed
for addressing anti-phishing measures, vulnerabilities, and
attack paths. It is important to note that attack modeling
techniques play a vital role in understanding, exploring, and
validating security threats in the cyber world, as highlighted
in the bibliographic review [13]. In [14], a suitable trade-
off between cyber risk and investment is proposed using the
mixed-integer paradigm. Recently, [15] published another
work that employs a bi-objective formulation, where the
primary optimization components considered are the service
cost and multi-cloud risk. The reported works generally focus
on direct costs, risks, vulnerabilities, and similar issues. In our
proposal, we also consider indirect costs associated with
networking performance and the benefits derived from its
installation and subsequent operation.

Our research proposes the development of a cyber risk
management strategy, which entails the implementation of a
security control known as a security information and event
management system. This system consists of a server and
sensors distributed throughout the network. To achieve this,
we mathematically model the network’s requirements based
on various functional factors. These two aspects of develop-
ment converge to accomplish a shared objective: establishing
a protected network with strategically positioned and techno-
logically advanced resources.

SIEM solutions have evolved into comprehensive systems
that offer extensive visibility, enabling the identification of
high-risk areas and proactive mitigation strategies to mini-
mize costs and incident response time [16]. Furthermore,
in [17], the authors assert that SIEM enables the storage and
monitoring of unwanted events and unauthorized access to
computer system records, which can lead to various security
threats, including information leakage and breaches of pri-
vacy and confidentiality.

As mentioned earlier, the SIEM system will consist of a
central server and sensors responsible for collecting log infor-
mation from multiple sources. These sensors will correlate
events to identify malicious activities or cyber-attacks. Deter-
mining the optimal number of sensors and their installation
locations will be approached as a multi-objective problem,
mathematically modeled using linear programming based on
the technical and functional aspects of the network. The solu-
tion will be obtained through the utilization of metaheuristic
techniques and bio-inspired algorithms. The main contribu-
tions are related to: (a) increasing the coverage of the NIDS
across the network with the minimal number of sensors, (b)
maximizing the performance of the network, and (¢) minimiz-
ing the deployment cost of the NIDS, particularly the number
of required sensors. Efficient solutions will be weighted and
scaled using the traditional linearization method.

This research article is structured as follows: Section II
discusses the bibliographic search conducted to identify rel-
evant works in the field of study, along with fundamental
concepts pertaining to multi-objective and many-objective
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optimization problems in cybersecurity, cyber risk man-
agement, and the implementation of security controls. In
Section III, the formal statement of the problem to be
addressed is presented. Section IV provides detailed insights
into the developed solution, highlighting key aspects of
modeling and problem-solving. Section V elaborates on the
experimental setup employed for evaluation purposes. Mov-
ing forward to VI we delve into a comprehensive discussion
of the main results obtained. Finally, Section VII presents the
conclusions drawn from the study, along with avenues for
future research.

Il. RELATED WORK

The document [12] represents the closest work to the ongo-
ing research, as it puts forth a strategy aimed at effectively
addressing many-objective optimization problems within
the realm of cybersecurity defense. Specifically, this work
focuses on formulating the defense problem by identifying
and selecting security controls that simultaneously minimize
security risk as well as direct and indirect costs. The approach
adopted in this article involves modeling the problem as
a min-max many-objective optimization, employing tech-
niques such as binary linear programming.

In [18], a previous mention was made of optimizing the
security of dynamic networks through the utilization of prob-
abilistic graphs and linear programming. This method offers
an approximate solution to the internal optimization problem,
employing Taylor expansion and sequential linear program-
ming. The primary focus of this work is to address the
challenge of rigorously evaluating a range of network security
defense strategies with the aim of reducing the probability of
successful large-scale attacks on complex and dynamically
evolving network architectures. To analyze the security of
intricate networks and diminish the likelihood of successful
attacks, the study introduces a probabilistic graph model and
corresponding algorithms. Sequential linear programming,
a scalable optimization technique, is employed, while a prob-
abilistic model is utilized to account for uncertainties in
network configurations. In [19], multiple objective functions
encompassing security risk, direct costs, and indirect costs are
proposed. However, these models primarily consider single-
stage attacks rather than sequences of steps. Conversely, [20]
introduces an approach that employs mixed-integer linear
programming for optimal defense, which is further extended
in [21] to include robustness and sensitivity analyses.

In the article [22], an alternative proposal is presented,
utilizing three widely recognized metaheuristics to showcase
the effectiveness of the technique in resolving optimization
problems related to cybersecurity prevention in the Internet
of Things. Furthermore, in the context of information secu-
rity systems, [23] puts forth multi-criteria cost optimization
method, employing the vector-evaluated genetic algorithm.
Researchers in [24], driven by the escalating interaction in
cyberspace, have devised optimization techniques for both
attack and defense. These optimization approaches leverage
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artificial intelligence techniques powered by metaheuristics
to identify and detect threats and attacks. Another study [25]
proposes the utilization of particle swarm optimization as a
technique to determine the optimal number of ad hoc mobiles
within a network. These mobiles are grouped as sensors,
functioning as intrusion detectors.

In [26], the authors also adopt the structure of the attack
graph and put forth novel coverage models aimed at selecting
an optimal portfolio of security controls to mitigate threat
vulnerability. They propose a polynomial-time heuristic and a
Bender’s branch-and-cut algorithm, which efficiently provide
near-optimal and exact solutions for large-scale scenarios.
The study incorporates three robustness models that account
for modeling uncertainty, assuming that the attack paths are
enumerated and provided in a complete list. In contrast, our
approach relaxes this assumption by allowing the attacker
to exploit the most advantageous attack path among numer-
ous alternatives. Similar, in [27], researchers propose a new
framework for cybersecurity planning. The objective of the
defense strategy is to prolong the time it takes for attacks to
succeed, while the attacker aims for the shortest completion
time. In our approach, we assume that the attacker selects the
attack path with the highest probability of success.

In the realm of implementing a SIEM, the following
research [28] emerges as a notable source, showcasing a
practical illustration of monitoring security events within an
organization’s network. It is worth mentioning that secu-
rity information and event management systems have gained
widespread adoption as a robust tool for preventing, detect-
ing, and responding to cyber-attacks, as reaffirmed by [29].
Over time, SIEM solutions have evolved into comprehensive,
end-to-end systems that offer extensive visibility, enabling
the identification of high-risk areas and proactive mitigation
strategies to reduce costs and incident response time. The
study also highlights that various companies have devel-
oped SIEM software products to detect network attacks and
anomalies in IT system infrastructures. Noteworthy entities in
this domain include esteemed I'T companies such as HP, IBM,
Intel, McAfee, as well as visionary options like AT&T Cyber-
security/AlienVault’s SIEMs, and promising tools worth con-
sidering within the SIEM context, such as Splunk.

Another article highlights the challenges posed by the
uncertainty, complexity, and diversity of data traffic in net-
work intrusion behaviors. To tackle this issue, the article [30]
employs a network-based intrusion detection algorithm and
the particle optimizer algorithm as a detection method.
In addressing the problem of ensuring information security
in wireless sensor networks, the document [31] introduces a
security information and event management methodology in
conjunction with a multi-sensor or agent approach. The pro-
posed approach seamlessly integrates the SIEM methodology
with a multi-agent architecture comprising data collection
agents, coordinator agents, and local intrusion detection sys-
tems. A server undertakes correlation analysis, identifies the
most significant incidents, and assists in prioritizing incident
response.
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Numerous studies have explored the utilization of sensor
networks for diverse purposes. In relation to this, the article
[32] highlights the significance of the concept of Smart Cities
and the monitoring of environmental parameters, which has
garnered considerable scientific interest over the past decade.
The study further emphasizes that the emergence of recent
computing technologies, coupled with low-cost and low-
power devices, has expanded the scope of research, enabling
the development of monitoring devices and the implemen-
tation of Sensor Networks using Raspberry PI in a more
accessible and expansive manner.

Regarding cybersecurity and sensor technology, the
study [33], focuses on the development of a lightweight
Intrusion Detection System (IDS) based on machine learning.
This IDS incorporates a novel feature selection algorithm and
is specifically designed and implemented on the Raspberry
Pi platform. The performance of the system is assessed using
a dataset obtained from an IoT environment, demonstrating
that the detection system is lightweight enough to operate
effectively within the Raspberry Pi environment, without
compromising its detection performance.

Finally, works that include artificial intelligence algo-
rithms, principally machine and deep learning mechanisms,
can be seen in [34], [35], and [36]. Here, temporal networks
-designed as a classical networking topology, are studied
using well-known learning-based methods. Feature selection
is used as an optimization problem to reduce the time of the
training phase and keep the algorithm’s performance. Last,
interesting works were published in [37] and [38]. Here,
again the optimization paradigm and the machine learning
techniques cross their paths to model real-world applications.

Ill. PRELIMINARIES

In the current community, cybersecurity can benefit from
applying optimization methods to address various challenges.
The most common issue is intrusion detection and preven-
tion, where optimization methods can be used to enhance
intrusion detection and prevention systems [39]. Network
traffic analysis and anomaly detection are other cases where
optimization methods can attend to cybersecurity topics by
analyzing network flow analysis, traffic pattern recogni-
tion, or anomaly detection algorithms. Thus, cybersecurity
professionals can identify potential security breaches, unau-
thorized access attempts, or abnormal behaviors within the
network [40]. Another open challenge is malware detection
and classification. Here, optimization techniques can support
the feature selection strategy, model parameters, ensemble
methods, and machine learning algorithms for improving the
effectiveness of cybersecurity defenses [41]. Finally, we con-
sider vulnerability assessment and patch management as hot
topics. Again, optimization mechanisms can be utilized to
prioritize vulnerability assessments and patch management
efforts. By considering factors like risk severity, system
criticality, and available resources, optimization algorithms
can help organizations allocate limited resources efficiently,
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ensuring that the most critical vulnerabilities are addressed
promptly [42].

A. TECHNICAL CHARACTERISTICS OF A SIEM

Today, all computer systems face the constant threat of cyber-
attacks, necessitating ongoing security measures to mitigate
potential risks [43]. As aresult, technological infrastructures
are fortified with various security components, including fire-
walls, intrusion detection systems, intrusion prevention sys-
tems, and security software installed on terminal devices [44].
However, these security controls operate independently, and
comprehensive attack recognition requires the combination
and correlation of logs and events from different security
components [45]. This is precisely where a security informa-
tion and event management (SIEM) system prove valuable.
A SIEM system serves as the central platform within a secu-
rity operation center, gathering events from multiple sensors
such as intrusion detection systems, antivirus software, and
firewalls. By correlating these events, it provides a unified
view of alerts for managing threats and generating security
reports. In line with this, the present research proposes the
implementation of a SIEM as a centralized system, utilizing
a server and distributed sensors, including intrusion detec-
tion systems, capable of collecting and identifying malicious
activities and anomalous traffic.

In the cited study [28], a basic SIEM architecture consists
of distinct blocks, namely source devices, log collection,
parsing normalization, rules engine, log storage, and event
monitoring. Each component operates independently, ensur-
ing their individual functionality. Figure 1 visually depicts the
fundamental constituents of a SIEM solution.

As stated in [46], the pivotal component of the SIEM
system is the central engine responsible for tasks such as
log filtering, analysis, monitoring, policy application, and
alert generation. Additionally, it facilitates the transmission
of logs to storage and forwards the generated information to
the presentation layer. This enables security officers to view
real-time network activities. Figure 2 illustrates the physical
architecture of the SIEM, providing a visual representation of
its structure.

B. TECHNICAL CHARACTERISTICS OF THE SENSOR
MODULE

The sensor module utilizes a Raspberry Pi as its primary com-
ponent. To achieve the desired outcomes, the sensor control
core necessitates two Ethernet network ports—one connected
to the internal subnet and the other linked to the central server
housing the SIEM application. Operating in monitor mode,
it can detect all incoming and outgoing data flow within the
subnet. The details provided in the referenced article suggest
that Raspberry Pi serves as a fully functional single-board
computer, integrated onto a circuit board system. It operates
on a Linux operating system and can be easily modified
by replacing the board’s memory. Like a computer, it can
handle multiple tasks concurrently, including networks, data
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FIGURE 1. SIEM provides real-time monitoring, analysis of events, tracking, and logging security data for compliance or auditing purposes.
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are received from the different devices.

Real times analysis

FIGURE 2. Physical architecture of the SIEM.

transmission, databases, and web servers, making it suitable
for Raspberry Pi-based applications (see Figure 3). Further-
more, remote access is possible through Secure Shell. Given
its affordability, small-scale and micro-scale entrepreneurs
can leverage Raspberry Pi’s integrated control kernel for real-
world applications.

C. DESCRIPTION OF A ORGANIZATION’S TRADITIONAL
NETWORK TOPOLOGY

In line with contemporary design principles, a modern tradi-
tional network topology is structured to address the demands
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making. SI EM
Central
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\
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Essential and necessary information about how a
certain system behaves.
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Information of the devices that are being
monitored.

Monitoring

It enables automated alerts, reporting, and
improvement of your incident response processes.

of uptime and scalability. It adheres to a hierarchical model,
encompassing intermediate devices like routers, switches,
edge firewalls, and end devices such as computers and
servers. Additionally, it incorporates redundant connectivity
to the Internet through two Internet Service Providers (ISPs)
for enhanced reliability [47]. Figure 4 shows a typical tradi-
tional network.

This proposal encompasses multiple network topologies,
referred to as instances, beginning with the zero-network
instance. The zero instance consists of five distinct subnets,
each serving specific production areas with their respective
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technical and operational prerequisites. The first four subnets
are dedicated to accommodating various production areas,
while the fifth subnet is designated as the server farm, housing
the organization’s data center.

D. CYBER RISK MANAGEMENT PROBLEM
As computer networks continue to expand and become more
intricate, the task of monitoring and safeguarding them
becomes increasingly challenging [48]. Cyber risk manage-
ment aims to protect valuable information assets through
the application of effective techniques, disciplines, poli-
cies, and existing infrastructure. Selecting an appropriate
cybersecurity plan can be a complex endeavor, given the
multitude of security controls available, each capable of
providing defense against potentially overlapping vulnerabil-
ities. Examples of such security controls include inventory
management of authorized and unauthorized devices and
software, identity management and access control, adherence
to password policies, patch management, configuration of
network and/or application firewalls, deployment of anti-
malware and antiphishing software, staff training to counter
social engineering attacks, data backup practices, resource
redundancies, and physical security measures [49].
However, the management of cyber risks described above
is deficient and fails to deliver the expected results. This
inadequacy can be attributed to several factors, including
the constant evolution and variation of new attacks that go
undetected by conventional technological security systems
due to their novel patterns of incidence. Moreover, existing
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regulations and established best practices often prove inef-
fective in mitigating security breaches.

It is important to recognize that cyber risk management
is a process aimed at achieving an optimal balance between
leveraging opportunities and minimizing vulnerability losses.
This is typically accomplished by ensuring that the impact
of threats exploiting vulnerabilities remains within accept-
able limits and at a reasonable cost [50]. In the current
cybersecurity landscape, organizations have been compelled
to incorporate a set of robust security practices into their
information management systems. These protective measures
have become widely adopted, prompting various organiza-
tions to establish and implement information security stan-
dards. Traditional cyber risk management relies on qualitative
instruments and expert judgments to address risk mitigation
and resource optimization. However, some authors argue that
such approaches [14] are subjective and incomplete, and
therefore, should be complemented by a quantitative and
objective approach.

This research proposes an approach to cyber risk manage-
ment using a many-optimization strategy. The objective is to
determine the optimal or near-optimal placement of network
components to design an efficient network topology. The net-
work topology instance depicted in 4 presents a solution for
placing devices while ensuring specific constraints, such as
availability, are met. This strategy is scalable and applicable
to various network instances.

By employing linear programming modeling and optimiza-
tion algorithms, this project aims to investigate whether the
utilization of these techniques is suitable for enhancing the
effectiveness of cyber risk management through the design of
an efficient network topology. Additionally, it seeks to deter-
mine if the proposed many-objective optimization approach
can effectively mitigate cyber risks within organizations.

Linear programming is a mathematical modeling tech-
nique that aims to accurately represent reality to understand
its behavior and obtain solutions for specific actions. It has
been successfully applied in various studies to address sim-
ilar issues, demonstrating its effectiveness [51], [52], [53],
[54]. Therefore, we believe that leveraging linear program-
ming as a modeling process to optimize multiple informa-
tion security variables can enhance cyber risk management.
By maximizing benefits or minimizing costs, it enables bet-
ter decision-making regarding threat mitigation, vulnerability
remediation, and investment in monitoring technologies and
security controls. Additionally, we recognize the value of uti-
lizing bio-inspired algorithms to achieve near-optimal results,
which can provide advanced planning for the placement of
network intrusion detection systems (NIDS) within the orga-
nization’s network.

Finally, we adopt the linear programming paradigm to
model the multiple variables of cybersecurity, aiming to
find solutions that maximize the benefits and minimize the
costs associated with cyber risk management. By formu-
lating the problem in this way, we can effectively opti-
mize various aspects of cybersecurity and make informed
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decisions to enhance the overall management of cyber
risks.

IV. DEVELOPED SOLUTION

Cybersecurity threats are ever evolving, with new strategies
and techniques emerging constantly. Models and optimiza-
tion techniques may prove less effective in defending against
fresh and unforeseen threats and attacks due to their reliance
on historical knowledge and data. As a result, it is crucial
to frequently update and modify these models and optimiza-
tion techniques to address emerging threats. However, some
exact optimization techniques may demand extensive compu-
tational power and processing time to yield accurate results.
This can pose challenges when rapid responses to secu-
rity incidents are necessary or when operating in resource-
constrained environments. Overcoming this limitation can
involve leveraging simplified methods or more efficient opti-
mization techniques capable of producing immediate results.
By combining models, regularly validating with real-world
data, and collaborating with cybersecurity experts, these con-
straints can be overcome, leading to improved cybersecurity
outcomes.

Organizations across various sectors are increasingly
encountering advanced threats, which drive up their opera-
tional costs. In response, IT security teams are implementing
appropriate systems capable of promptly responding to these
new threats. In this regard, it is imperative to establish a Secu-
rity Information and Event Management (SIEM) system for
managing and monitoring security events and incidents [55].
SIEM, when deployed on a server and complemented by dis-
tributed NIDS (Network Intrusion Detection System) sensors
throughout the network, has evolved into a mature, reliable,
and easy-to-use technology. Numerous solution providers
offer scalable SIEM and NIDS solutions that can be tailored
to different needs and budgets. The proposed solution can
scale and adapt to networks of varying sizes and complex-
ities, capable of adjusting to dynamic environments with
multiple devices, users, and network segments. Furthermore,
it can seamlessly integrate with other network infrastructure
components such as firewalls, antivirus systems, and logging
services, ensuring comprehensive visibility and threat detec-
tion capabilities.

A. PROBLEM MODELING

In this section, we detail how the modeling of the problem
regarding the management of cyber risks is carried out, and
we describe the characteristics of bio-inspired methods to
solve this problem and find near-optimal solutions.

The proposed solution aims to optimize the management
of cybernetic risk by modeling various instances of cyber-
security that encompass it. This modeling process allows us
to derive objective functions that maximize the benefits of
deploying sensors in specific locations within the organiza-
tion’s network while simultaneously minimizing the mone-
tary costs associated with each sensor and the indirect costs
incurred by not installing them. Additionally, the solution
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determines the corresponding decision variables that describe
these objective functions and the constraints that define the
feasible solution space. The optimization results obtained
will provide valuable insights for decision-making, informing
choices regarding the number of NIDS to utilize and their
optimal placement within the network.

To effectively model the cyber risk management problem,
the initial step involves assessing the organization’s vital
assets, ensuring the continuity of productive operations. This
assessment adheres to the guidelines outlined in the ISO
27005 standard [56]. The primary objective is to identify
and effectively manage the cyber risks that these informa-
tion assets face, thereby safeguarding their confidentiality,
integrity, and availability. An asset, in this context, refers
to any element within the organization that possesses value
and requires protection, as it contributes to the achievement
of the organization’s objectives [57]. Once the assets have
been identified, each one will be assigned a value based
on its significance in relation to business productivity. The
availability of these assets assumes particular importance,
as any disruption or unavailability could result in signifi-
cant repercussions on the organization’s overall productive
capacity.

An optimization problem generally includes an objective
function to be minimized, maximized, or both, subject to
different constraints. In this research, we explore minimizing
the monetary costs of the number of sensors used. Likewise,
we also seek to maximize the benefits given that the sensor is
installed in a particular place. Finally, we study to minimize
the indirect effects of the sensor not being installed in a spe-
cific place. In short, we have a many-objective optimization,
whose mathematical formulation we will describe below.

First, Equation (1), described as a vector, represents the
modeling of the many-objective problem:

FG) = (i), (), (X)) ey

where X = (xi1, Xi2, ..., xin)T defines a binary vector of
n dimensions and represents the set of decision variables,
therefore, x;; € {0, 1}. There can be several types of sensors,
so we will use subindex i to denote it. Thus, F(X) represents
the set of mono-objective functions to be optimized.

S n
fiG) 1min >0 > ey @
x,-jeX i1 j=1
n
HE max ; xijdyj, Vi 3)
n
f3(@) :min jZ_])u — x;)iyj, Vi “)

Equation (2) defines the minimization of the cost of the
sensors or acquisition price, represented by the variable c;;.
This research considers two types of NIDS (s = 2), whose
value depends on their performance, technical characteristics,
and manufacturer.
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Equation (3) models the maximization of the direct bene-
fits of a sensor by being located in a certain place. Variable
d;j takes values from a qualitative range of four-point scale.
The variable d;; will receive a very high rating when the
operational importance of a subnet is very significant and
represents high availability, whose assigned value for this
condition is twenty. Similarly, d;; will take a high value when
the importance of a subnet is significant, receiving the value
of fifteen. For a d;; with medium importance, the variable will
obtain the value of ten, a d;; with low importance will receive
the value of five, and a d;; with very low importance it will
get the value one. The values of parameters are assigned by
using ISO 27005 as a reference.

Equation (4) expresses the objective function that models
the minimization of indirect costs, given that the sensor is
not located in a certain place. From a qualitative scale, the
assigned values determine the impact of not having a sensor
on a specific subnet.

The variable i;; establishes the value of the indirect cost,
assigning it a value of seven when it is a catastrophic impact
that is not installed, a value of five for a severe impact, a value
of three when the impact is medium, and a value of one when
the impact is minimal. Finally, Equations (5) and (6) describe
the set of constraints of the problem.

n
D xg= 1. Vi )
j=1

n
D pitl = xp)
j=1

. <(—u), Vi ©)
2.7
j=1

Regarding the mathematical modeling constraints,

Equation (5) tells us that the network must have at least
one NIDS. The importance of having more than one NIDS
distributed in the network is that it allows us to correlate
events from different devices in the network, detecting threats
and validating the SIEM implementation as a security control.

Concerning Equation (6), p; represents the probability of
non-operation for a given subnet. Therefore, these restriction
forces have a NIDS in the subnets with the highest probability
of failure, according to a general probability of network
uptime represented by u.

In addition to edge firewalls and all the network design
features described above, this research proposes implement-
ing a security information and event management system,
known by its acronym SIEM, for centralizing the storage
and interpretation of security data. Security to control the
management of cyber risks. This system comprises a central
server where the SIEM solution and sensors called NIDS are
installed, which are placed at specific points in the network.
This research aims to optimize resources, such as the number
of NIDS to use. This strategy will be detailed later.

Given the zero instance described above, a survey of the
functional and operational characteristics of each subnet is
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carried out to determine if it is necessary to place a NIDS. The
management of the assets of this zero instance is carried out to
protect the operational continuity that guarantees availability
in their respective subnets.

Given the qualitative scale described above to categorize
by values the direct benefits given that the sensor is installed
and the indirect costs given that the sensor is not installed,
instance zero is described with their respective values by
subnet. In addition, it is based on the premise that each
subnet has a sensor corresponding to one of the two types.
Once the optimization strategy has been carried out, leave the
corresponding ones. Therefore, for each subnet, the following
values are defined:

« Subnet Floor 1: The direct benefit dj; is assigned the
value 15, representing a high benefit if the sensor is
placed in this subnet. The parameter i takes the value 3,
corresponding to a half indirect cost if the sensor is
not placed. This subnet has a drop probability of 0.65.
A type 1 sensor is placed if required.

« Subnet Floor 2: The direct benefit dj; is assigned the
value 1, representing a very low benefit if the sensor is
placed in this subnet. The parameter i takes the value 1,
corresponding to a minimum indirect cost if the sensor
is not placed. This subnet has a drop probability of 0.50.
A type 1 sensor is placed if required.

« Subnet Floor 3: The direct benefit dj; is assigned the
value 10, representing a half benefit if the sensor is
placed in this subnet. The parameter i takes the value 3,
corresponding to a half indirect cost if the sensor is
not placed. This subnet has a drop probability of 0.10.
A type 2 sensor is placed if required.

 Subnet Floor 4: The direct benefit dj; is assigned the
value 5, representing a low benefit if the sensor is placed
in this subnet. The parameter i takes the value 1, corre-
sponding to a half indirect cost if the sensor is not placed.
This subnet has a drop probability of 0.50. A type 1
sensor is placed if required.

o Subnet 5 Server Farm: The direct benefit d;; is assigned
the value 20, representing a very high benefit if the
sensor is placed in this subnet. The parameter i takes
the value 7, corresponding to a catastrophic indirect
cost if the sensor is not placed. This subnet has a drop
probability of 0.7. A type 2 sensor is placed if required.

Figure 5 shows instance zero of network topology.

B. BIO-INSPIRED METHODS

Bio-inspired optimization methods are optimization tech-
niques that draw inspiration from nature and the behaviors
of living beings to solve complex problems [58], [59]. These
methods simulate biological processes and strategies devel-
oped in nature for adaptation and survival [60].

In this research, we utilize three population-based meta-
heuristic algorithms: particle swarm optimization, black
hole algorithm, and bat optimization. These metaheuristic
techniques are selected due to their popularity in swarm
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FIGURE 5. Zero instance of network topology.

intelligence methods and their similar working principles.
Initially, the algorithms generate a random initial population,
which is then improved by modifying the velocities of the
swarm.

Solving multi-objective optimization problems related to
locating security devices in networks for cybersecurity issues
can present challenges in terms of computational complex-
ity due to the combinatorial nature and multiple objectives
involved. However, by carefully designing efficient strate-
gies, it is possible to address this complexity and find quality
solutions in a reasonable amount of time. In our case, com-
putational complexity is kept in O(kn) because we consider
n as the number of subnetworks, and metaheuristics operate
k-times in this dimension iteratively.

1) PARTICLE SWARM OPTIMIZATION

Particle swarm optimizer (PSO) is a population-based opti-
mization technique inspired by the social behavior of birds
flocking or fish schooling. It was introduced in 1995 by
Kennedy and Eberhart as a simple yet powerful algorithm
for solving optimization problems [61]. The main idea behind
PSO is to simulate the social behavior of a group of individ-
uals (particles) that move and search for the optimal solution
in a search space.

PSO algorithm starts by randomly initializing a population
of particles in the search space. Each particle represents a
candidate solution to the optimization problem. The particles
have a position and a velocity vector, updated at each iteration
of the algorithm based on the best position found by each
particle and the best position found by the entire swarm.

The update rule for the velocity of a particle i is given by:

vi(t + 1)=wvi(t) + c1ri(pbest; — xi(t)) + cara(gbest — xi(t))
@)

where v;(t) is the velocity vector of particle i at time 7, x;(¢)
is the position vector of particle i at time ¢, pbest; is the best
position found by particle i so far, gbest is the best position
found by the entire swarm so far, w is the inertia weight, c;
and ¢ are the cognitive and social parameters that control the
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influence of personal and global bests, and r| and r; are two
random numbers in [0, 1].
The update rule for the position of a particle i is given by:

xit+ D) =x(t) +vit+ 1) (8)

where x;(¢) is the current position of particle i at time 7.

The inertia weight w controls the trade-off between the
exploration and exploitation of the search space. A high
value of w promotes exploration, whereas a low value of w
promotes exploitation. The cognitive and social parameters
influence personal and global bests, respectively. A high
value of ¢; promotes exploitation, whereas a high value of
¢, promotes exploration.

PSO algorithm iteratively updates the position and velocity
vectors of the particles until a stopping criterion is met. The
stopping criterion can be a maximum number of iterations,
a maximum computational time, or a target fitness value.

2) BLACK HOLE ALGORITHM
The Black Hole Optimizer (BHO) is a metaheuristic opti-
mization algorithm inspired by the behavior of black holes
in space. Hatamlou first proposed the algorithm in 2013 [62].
In the BHO algorithm, solutions to an optimization prob-
lem are represented as stars that are attracted toward a black
hole, which represents the best solution found so far. Each
particle has a position in the search space, and a velocity
determines its movement (see Equation (9)) that is updated
based on its current position and the positions of the other
stars (see Equation (10)).

Vit + 1) = r(bh — xi(1) )
A+ 1) =20+ Ve + 1) (10)

The attraction towards the black hole is determined by the
mass of each star, which is calculated based on its fitness
value. The more fit a star is, the greater its mass and the
stronger its attraction towards the black hole. As stars move
toward the black hole, they can exchange information with
each other and explore different regions of the search space.

Using a random component that reacts when a probabil-
ity of involvement is attained, this method aims to break
the deadlock. This mechanism, known as the event horizon,
is crucial for regulating global and local searches. If any star
crosses the black hole’s event horizon will be absorbed by it.
The radius of the event horizon is computed by Equation (11):

E = —{(bh) (11)

pEN)
i=1

where s represents the number of stars, f(bh) is the fitness
value of the black hole, and f(x;) is the fitness value of the
ith star. When the distance between a ith star and the black
hole (diff;) is less than the event horizon at an instant z, the
star collapses into the black hole. The separation between a
star and a black hole is the Euclidean distance calculated by
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Equation (12) as follows:

diffi(t) = \/[bhl —xOF + -+ b — O (12)

This approach operates according to the eventual guide-
lines mentioned above. For example, if an actual random
number between 0 and 1 is more significant than an input
parameter, the event horizon provides variety among the solu-
tions. Otherwise, the solutions will continue to intensify the
current search area.

3) BAT OPTIMIZATION ALGORITHM

Bat optimization algorithm (BAT) is a metaheuristic opti-
mization algorithm inspired by the echolocation behavior of
micro-bats. The algorithm was proposed by Xin-She Yang in
2010 [63].

In the bat algorithm, solutions to an optimization problem
are represented as virtual bats that fly through the search
space. Each bat has a position and a velocity and emits
ultrasonic pulses to search for food (i.e., optimal solutions).
The loudness of the pulses represents the energy level of the
bat, while the frequency represents the pulse rate.

The algorithm starts with a population of bats randomly
distributed in the search space. Each bat then flies towards a
random position in the search space, with its velocity (see
Equations (13) and (14)) and direction determined by its
current position (see Equation (15)), the position of the best
bat found so far, and a random noise term. If a bat finds a new
solution that is better than the current best solution, it updates
its position and energy level and adjusts its pulse rate and
loudness.

ﬁ' mein + (fmax _fmin)ﬂ (13)
Vit +1) = (), — KO (14)
(e +1) = x0) Vi@ + 1) (15)

where B is a uniformly distributed random value in the range
[0, 1], finin s set to have a small value, and f;,,,, varies accord-
ing to the max variance allowed in each time step. Next, Xpes;
describes the global best solution all bats generate during the
search process.

The pulse rate and loudness of each bat are updated dynam-
ically during the search process based on the quality of
the solutions found so far. The algorithm also includes a
mechanism for controlling the exploration-exploitation trade-
off, which balances the search for new solutions with the
exploitation of the best solutions found so far.

In this optimizer, the random walk mechanism leads the
branching phase to alter a solution. The solution is generated
by the current volume of the bat A; and the maximum varia-
tion allowed max(var) during a time step. This procedure is
calculated by Equation (16).

x{,ew = xf)ld + eA;max(var) (16)
where € is a random value in [—1, 1].
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Finally, the variation between loudness and pulse emis-
sion drives the intensification phase. This initiation occurs
from the hunter’s behavior when the bats recognize their
prey. When it happens, it attenuates the volume and inten-
sifies the pulse emission rate. This approach is calculated by
Equation (17).

Ai=ad;, 1= im0 — ey lime=ny - (17)

where o and y are ad-hoc constants to control the intensifi-
cation phase. For 0 < o < land y > 0, we get A; — 0,
ri — ritime:())’ t — 0.

4) COMMON BEHAVIOR

Population-based metaheuristics show a common behavior.
For that, Algorithm 1 details how bio-inspired solvers execute
their search procedures. Now, to implement these algorithms,
we adjust the particularities of each of them.

Algorithm 1 Common Work Scheme Used to Imple-
ment the Population-Based Algorithms

1 Input: popSize: the population size; T': the maximum
time; Lb: Lower bound; Ub: Upper bound; particular
parameters; n: dimensionality.

2 (fx, n) < loadProblemData()

3 objective functions f;(X), x = (x!, ..., x")
~VMk={1,....K})

4 // produce the first generation of popSize agents
(particles, stars or bats), randomly.

5 foreach agent a, YV a = {1, ..., popSize}) do

6 foreach variable j, ¥ j = {1, ...,n}) do

7 position x{ (0) <= Random[Lb, Ub];
8 velocity v/(0) < 0;

9 end

10 compute f(x;(0));
11 end
12 // produce T-generations of popSize agents.
131« 1;

14 whilet < T do

15 foreach agents a, Vi = {1, ..., popSize}) do
16 if £ (x;(?)) is better than f (x;) then

17 | xg < xi(0);

18 end

19 end

20 foreach variable j, ¥ j = {1, ...,n}) do
21 update vi-(t + 1);

2 update x};

23 end

24 compute f (x;(1));

25 t<—t+1;

26 end
27 return post-process results and visualization;
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FIGURE 6. Schema of the experimental phase applied to this work.

V. EXPERIMENTAL SETUP

As part of this experimental stage, sixty instances have been
created. These instances have random operational parame-
ters, including the number of subnets, direct benefits, sensor
costs, and indirect costs associated with the placement or
absence of a sensor. The purpose is to cover a wide range
of scenarios, ensuring the inclusion of various possibilities.
(see Table 1).

After the solution vector changes, a binarization step is
necessary to apply continuous metaheuristics in a binary
domain [64]. Sigmoid function is contrasted against a uni-
form random value § between 0 and 1. Next, a transformation
function, i.e., [1/(1 + e‘x{)] > §, is used as a discretization
method, in this case, if the sentence is true, then xl’ <~ 1.
Otherwise, x{ <~ 0.

To properly assess the performance of swarm intelligence
methods, robust performance analysis is required. For that,
we compare the best solutions achieved by the metaheuristics
with the result of the sixty instances. Figure 6 describes the
procedures involved in the experiments.

We design goals and suggestions for the experimental
phase to show that the proposed approach is a viable alter-
native for solving the location of NIDS. Solving time is
computed to determine how long metaheuristics take to reach
the best solutions. We employ the best value as a vital indica-
tor for assessing future results, computed by Equation (18).

£ )
e ()_’Cbest) P ’C\_ e (}best)a)q’ w(IMI) 2 0
P Dprg € K L i
max min
(18)

where w4 represents weight of objective functions and
> wp,q = 1 must be satisfied. Values of w4 is defined
by analogous estimating. f{,, ;) () is the single-objective func-
tion and ey, ) (x"**") stores the best value met independently.
Finally, ¢ is an upper bound of minimization single-objective
functions.

Next, we apply ordinal analysis to evaluate whether the
strategy is proper. Finally, we detail the hardware and soft-
ware used to replicate computational experiments. Results
will visualize in tables and graphics.

We highlight that test scenarios are created from conven-
tional simulated networks that are prototyped to emulate the
behavior and characteristics of real-world networks, which
reflect the execution characteristics of any network of a given
organization, including small, medium, and large networks.
Depending on its scope and size, determined by the number
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of subnets, every network comprises devices such as comput-
ers, routers, switches, server farms, and their corresponding
interconnections. This research considers test networks rang-
ing from small networks of five subnets, through medium
networks of fifteen subnets, to large networks of up to thirty-
nine subnets. The emulation of the test networks, given
their operational and functional characteristics, considers the
limitations of bandwidth, latency, packet loss, and network
congestion, which among other factors, determine the uptime
of each subnet. Since the uptime of a network refers to
the duration or percentage of time that the network remains
operational and accessible without experiencing significant
downtime, for this investigation, the networks must have a
minimum uptime of 90% since interruptions and downtime
may occur—downtime caused by equipment failures, net-
work congestion, connectivity failures. Given the proactive
monitoring of the SIEM implementation, it will ensure high
uptime on the network.

All algorithms were finally coded in the Java 1.8 program-
ming language. The infrastructure was a workstation running
Windows 11 Pro operating system with seven processors i7
8700, and 16 GB of RAM. Parallel implementation was not
required.

V1. DISCUSSION

The main results are illustrated in Tables 2-4 which corre-
spond to the executions of the PSO, BAT, and BH algorithms,
respectively. These tables provide an overview of the sta-
tistical variables that reflect the performance of the sixty
instances used in the experiments. For each instance, the
tables display the number of subnets, the best solution, the
worst solution, the average, the median, the standard devia-
tion, the interquartile range, the best time, and the average
time of the set of solutions obtained. Furthermore, the tables
indicate the optimal number of sensors to be placed in each
instance, allowing for a comprehensive assessment of the
algorithms’ performance in achieving the desired objectives.
The statistical information presented in these tables facilitates
a thorough evaluation and comparison of the algorithms’
effectiveness in solving the problem.

According to the analysis of Tables 2-4, it is evident that the
three algorithms (PSO, BAT, and BH) produce comparable
results for the initial instances. The solutions obtained by
these algorithms are identical, indicating their effectiveness
in finding the best solution. Additionally, when considering
the convergence times of the algorithms, it is observed that
from the first to the nineteenth instance, all three algorithms
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TABLE 1. Description of the instances.

Instance Number of Type of Uptime Range of Qualitative Range of Performance of
subnets sensors direct costs  profit-range  indirect costs subnets

1 5 2 90% [100-150] [10-20] [1-5] [0.55-0.90]
2 5 2 90% [100-150] [5-15] [1-7] [0.23-0.92]
3 5 2 90% [100-150] [1-20] [1-5] [0.28-0.73]
4 6 2 90% [100-150] [10-20] [1-5] [0.17-0.98]
5 7 2 90% [100-150] [1-20] [1-7] [0.12-0.67]
6 8 2 90% [100-150] [1-20] [1-7] [0.17-0.98]
7 9 2 90% [100-150] [1-20] [1-7] [0.25-0.58]
8 9 2 90% [100-150] [1-20] [1-7] [0.25-0.85]
9 9 2 90% [100-150] [1-20] [1-7] [0.55-0.90]
10 10 2 90% [100-150] [1-20] [1-7] [0.05-0.96]
11 10 2 90% [100-150] [1-20] [1-7] [0.39-0.80]
12 10 2 90% [100-150] [1-20] [1-7] [0.10-0.80]
13 10 2 90% [100-150] [1-20] [1-7] [0.02-0.80]
14 10 2 90% [100-150] [1-20] [1-5] [0.11-0.80]
15 10 2 90% [100-150] [1-20] [1-7] [0.14-0.94]
16 11 2 90% [100-150] [1-20] [1-7] [0.14-0.94]
17 12 2 90% [100-150] [1-20] [1-7] [0.14-0.94]
18 12 2 90% [100-150] [1-20] [3-5] [0.07-0.96]
19 13 2 90% [100-150] [1-20] [3-7] [0.23-0.96]
20 14 2 90% [100-150] [10-20] [1-7] [0.50-0.89]
21 15 2 90% [100-150] [1-15] [1-7] [0.02-0.96]
22 15 2 90% [100-150] [1-20] [1-7] [0.07-0.97]
23 15 2 90% [100-150] [1-20] [1-7] [0.20-0.98]
24 15 2 90% [100-150] [1-20] [1-7] [0.05-0.98]
25 15 2 90% [100-150] [1-20] [1-7] [0.16-0.73]
26 16 2 90% [100-150] [1-20] [1-7] [0.10-0.99]
27 17 2 90% [100-150] [1-20] [1-7] [0.28-0.90]
28 18 2 90% [100-150] [1-20] [1-7] [0.10-0.96]
29 19 2 90% [100-150] [1-20] [1-7] [0.08-0.98]
30 20 2 90% [100-150] [1-20] [1-7] [0.06-0.98]
31 20 2 90% [100-150] [1-20] [1-7] [0.06-0.98]
32 20 2 90% [100-150] [1-20] [1-7] [0.01-0.98]
33 20 2 90% [100-150] [1-20] [1-7] [0.01-0.99]
34 20 2 90% [100-150] [1-20] [1-7] [0.10-0.82]
35 21 2 90% [100-150] [1-20] [1-7] [0.08-0.94]
36 22 2 90% [100-150] [1-20] [1-7] [0.07-0.97]
37 23 2 90% [100-150] [1-20] [1-7] [0.15-0.95]
38 24 2 90% [100-150] [1-20] [1-7] [0.02-0.97]
39 25 2 90% [100-150] [1-20] [1-7] [0.09-0.84]
40 25 2 90% [100-150] [1-20] [1-7] [0.09-0.91]
41 25 2 90% [100-150] [1-20] [1-7] [0.01-0.95]
42 26 2 90% [100-150] [1-20] [1-7] [0.02-0.96]
43 27 2 90% [100-150] [1-20] [1-7] [0.05-0.85]
44 28 2 90% [100-150] [1-20] [1-7] [0.17-0.96]
45 29 2 90% [100-150] [1-20] [1-7] [0.05-0.92]
46 30 2 90% [100-150] [1-20] [1-7] [0.06-0.92]
47 30 2 90% [100-150] [1-20] [1-7] [0.01-0.87]
48 30 2 90% [100-150] [1-20] [1-7] [0.02-0.98]
49 30 2 90% [100-150] [1-20] [1-7] [0.10-0.99]
50 30 2 90% [100-150] [1-20] [1-7] [0.02-0.96]
51 30 2 90% [100-150] [1-20] [1-7] [0.06-0.90]
52 31 2 90% [100-150] [1-20] [1-7] [0.04-0.95]
53 32 2 90% [100-150] [1-20] [1-7] [0.02-1.00]
54 33 2 90% [100-150] [1-20] [1-7] [0.05-0.93]
55 34 2 90% [100-150] [1-20] [1-7] [0.06-0.99]
56 35 2 90% [100-150] [1-20] [1-7] [0.03-0.98]
57 36 2 90% [100-150] [1-20] [1-7] [0.05-0.96]
58 37 2 90% [100-150] [1-20] [1-7] [0.08-0.93]
59 38 2 90% [100-150] [1-20] [1-7] [0.01-0.97]
60 39 2 90% [100-150] [1-20] [1-7] [0.01-0.99]
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TABLE 2. PSO results table for sixty instances.

D Best Worst Average  Median Standard Interquartile Better  Average Number of
Solution  Solution Deviation Range Time Time sensors to place
1 654 654 654 654 0 0 1 8.10 5
2 426 426 426 426 0 0 0 9.10 4
3 555 555 555 555 0 0 1 3.93 4
4 602 602 602 602 0 0 0 13.33 5
5 634 634 634 634 0 0 0 3.23 5
6 641 641 641 641 0 0 1 4.93 6
7 846 846 846 846 0 0 1 14.17 7
8 854 854 854 854 0 0 1 20.83 8
9 935 935 935 935 0 0 1 25.60 8
10 765 765 765 765 0 0 1 13.03 7
11 950 950 950 950 0 0 2 15.70 9
12 773 733 733 733 0 0 1 12.17 7
13 822 822 822 822 0 0 1 10.63 7
14 872 872 872 872 0 0 2 10.73 8
15 807 807 807 807 0 0 1 13.87 8
16 1003 1003 1003 1003 0 0 1 13.40 11
17 1098 1098 1098 1098 0 0 2 22.10 10
18 1101 1101 1101 1101 0 0 2 22.87 12
19 1969 1069 1069 1069 0 0 3 29.37 10
20 380 638 507.17 469.50 79.16 84 1 26.13 4
21 1083 1136 1091.83 1083 20.1 0 3 19.93 11
22 1189 1260 1217.40 1189 35.38 71 3 21.90 10
23 1263 1267 1264.07 1263 1.80 4 3 19.10 11
24 1187 1223 1188.73 1187 6.62 0 2 24.77 11
25 1215 1215 1215 1215 0 0 3 27.10 12
26 1278 1285 1279.17 1278 2.65 0 4 78.60 12
27 1394 1406 1394.80 1394 3.04 0 9 96.27 14
28 1373 1448 1409.13 1427 28.44 54 6 88.03 18
29 1437 1489 1449 1437 19.04 19 11 76.03 14
30 1520 1609 1535.23 1528 22.83 18 17 95.57 14
31 1556 1637 1588.97 1580 30.12 72 13 101.53 15
32 1417 1508 1442.53 1431 28.03 50 11 63.53 14
33 1481 1609 1531.67 1541 31.07 20.75 17 72.30 14
34 1535 1622 1583.23 1591 33.17 75 20 144.50 15
35 1311 1451 1355.07 1341.50 46.72 95 7 50.40 14
36 1544 1689 1625.60 1627 22.93 16.25 10 51.83 14
37 1737 1830 1780.37 1775 35.14 77.25 117 326.23 17
38 1593 1766 1681 1693 45.22 54.75 94 175.07 16
39 1980 2069 2011.23 1991 31.01 55.75 192 355.40 19
40 1737 1889 1820.70 1832.50 49.07 75 101 176.77 17
41 1699 1901 1800.47 1795.50 62.87 37.75 219 421.80 17
42 1761 1863 1817.87 1825.50 35.03 59.75 77 331.07 18
43 1922 2068 1981.57 2001 44.98 38 515 1137.40 20
44 2079 2188 2119.10 2117 38.24 61 325 780.53 21
45 2025 2162 2120.77 2140 40 70.75 222 517.23 20
46 2022 2235 2116.20 2136 48.32 85 372 665.90 20
47 1993 2183 2099.87 2085 41.85 42 406 1041.97 21
48 1928 2235 2083.63 2081 70.45 104.75 122 370.07 19
49 2238 2354 2295.23 2295 37.31 71 223 630.27 22
50 2078 2325 2234.70 2225 62 112.25 249 665.43 20
51 2500 2608 2545.83 2532 31.92 51.50 541 1270.57 23
52 2214 2402 231833  2328.50 47.01 52 910 2891.23 21
53 2234 2445 232893  2318.50 58.57 94.75 405 1460.93 22
54 2223 2431 2336.87  2329.50 48.57 57.75 828 1847.07 24
55 2738 2950 2854.83 2846 52.32 68.50 1376 3115.77 25
56 2721 2921 2852.87  2856.50 43.98 50.50 1171 3323.37 26
57 2799 2970 2898 2921.50 52.68 70.25 3521 5054.53 27
58 2704 2980 2854.87  2854.50 64.95 85.50 7509 14508.23 27
59 2755 2978 2889.90  2899.50 59.51 88.25 2690 5624.80 26
60 2761 2976 2854.60  2846.50 59 82 2048 4215.77 28
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TABLE 3. BAT results table for sixty instances.
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D Best Worst Average  Median Standard Interquartile Better  Average Number of
Solution  Solution Deviation Range Time Time sensors to place
1 654 654 654 654 0 0 1 8.53 5
2 426 426 426 426 0 0 <0 7.13 4
3 555 555 555 555 0 0 <0 12.40 4
4 602 602 602 602 0 0 1 22.13 5
5 634 634 634 634 0 0 <0 11.30 5
6 641 641 641 641 0 0 1 12.97 6
7 749 749 749 749 0 0 1 15.30 7
8 854 854 854 854 0 0 1 32.80 8
9 935 935 935 935 0 0 1 32.60 8
10 765 765 765 765 0 0 2 11 7
11 950 950 950 950 0 0 2 17.50 9
12 773 773 773 773 0 0 2 23 7
13 822 822 822 822 0 0 2 13.37 7
14 872 872 872 872 0 0 4 20.47 8
15 807 888 809.70 807 14.79 0 2 22.50 8
16 1003 1003 1003 1003 0 0 2 18.10 9
17 1098 1098 1098 1098 0 0 5 25.13 10
18 1101 1101 1101 1101 0 0 2 36.97 10
19 1069 1157 1080 1069 30.43 0 2 43.10 10
20 380 638 507.17 469.50 79.16 135 1 33.27 4
21 1083 1143 1104.90 1083 27.35 53 4 46.03 11
22 1189 1349 1233.27 1260 42.45 71 4 37.83 10
23 1263 1296 1269.87 1263 10.87 23 3 32.13 11
24 1187 1273 1202.07 1187 26.63 36 5 45.20 11
25 1215 1234 1216.03 1215 3.72 0 8 52.33 12
26 1278 1285 1278.70 1278 2.14 0 9 100.27 12
27 1394 1406 1394.40 1394 2.19 0 93 224.17 14
28 1373 1449 1402.87 1400 31.11 54 89 164.53 13
29 1437 1535 1461.90 1444 33.25 46.25 96 203.37 14
30 1520 1632 1553.17 1553.50 30.14 31 83 173.27 14
31 1556 1634 1588.67 1580 27.85 72 102 196.63 15
32 1417 1513 1467.47 1473 35.60 78.25 11 153.23 14
33 1481 1631 1516.23 1481 42.43 66.50 23 143.20 14
34 1535 1674 1579.80 1591 40.04 75 109 293.53 15
35 1311 1454 1356.13 1324 48.96 97.50 20 106.37 14
36 1531 1779 1637.63 1629 56.89 68.75 26 108.67 14
37 1737 1830 1775 1784 30.77 39 99 413.30 17
38 1593 1830 1684.47 1692.50 51.46 75.50 101 257.73 16
39 1946 2081 2006.70 1985 44.32 75.50 90 502.07 18
40 1743 1976 1842.10 1845 55.53 63.50 135 341.43 17
41 1699 1821 1755.70 1786 44.16 67.50 120 492.93 17
42 1761 1941 1846.77 1851 49.74 80 280 591.03 18
43 1922 2098 1996.17 2001 48.13 35.25 500 1951.03 20
44 1984 2247 2107.40  2114.50 81.77 138 514 1223.47 21
45 1995 2242 2137.67  2148.50 64.43 98.75 221 783.83 19
46 2022 2235 2116.20 2136 48.32 85 372 665.99 20
47 1989 2191 2112.27 2091 46.90 76.50 607 1509.77 21
48 2016 2325 211397  2104.50 82.78 122.25 184 493.73 20
49 2238 2345 2283.83 2282 35.33 61.50 298 818.77 22
50 2119 2331 223550  2234.50 65.36 120 364 991.20 20
51 2504 2614 2563.47 2571 35.90 72.25 1027 2148.80 23
52 2145 2462 2324.37 2323 80.33 103.25 585 1877.20 21
53 2187 2442 2329.27 2340 66.41 104.75 1261 2290.43 22
54 2225 2422 2337.50 2323 48.50 59 1601 3375.93 24
55 2739 2936 2847.10 2838 49.34 61.50 3193 5617.13 25
56 2746 2945 2863.07 2876 49.51 55.25 2559 5716.70 26
57 2716 3057 2896.97 2901 65.33 75.25 5184 10194.57 26
58 2670 2972 2827.87 2834 76.49 114.50 9818 28525.57 26
59 2747 3036 2889.97 2915 91.04 164.25 5920 11411.67 26
60 27438 2992 2856.57 2860 60.38 96 4318 8849.777 28
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TABLE 4. BH results table for sixty instances.

D Best Worst Average  Median Standard Interquartile Better  Average Number of
Solution  Solution Deviation Range Time Time sensors to place
1 654 654 654 654 0 0 2 11.63 5
2 426 426 426 426 0 0 1 6.70 4
3 555 555 555 555 0 0 <0 5.53 4
4 602 602 602 602 0 0 2 19.13 5
5 634 634 634 634 0 0 1 10.97 5
6 641 641 641 641 0 0 1 16.03 6
7 749 749 749 749 0 0 2 22.67 7
8 854 854 854 854 0 0 3 24.07 8
9 935 935 935 935 0 0 3 36.07 8
10 765 765 765 765 0 0 2 11 7
11 950 950 950 950 0 0 6 28.77 9
12 773 773 773 773 0 0 3 24.67 7
13 822 822 822 822 0 0 2 19.23 7
14 872 872 872 872 0 0 4 20.47 8
15 807 807 807 807 0 0 3 26.03 8
16 1003 1003 1003 1003 0 0 4 29.87 9
17 1098 1098 1098 1098 0 0 7 39.37 10
18 1101 1101 1101 1101 0 0 10 66.10 10
19 1069 1069 1069 1069 0 0 8 77.30 10
20 380 550 460 463 52.72 39.75 2 33.17 4
21 1083 1136 1084.77 1083 9.68 0 87 132 11
22 1189 1189 1189 1189 0 0 12 55.87 10
23 1263 1263 1263 1263 0 0 10 44.40 11
24 1187 1187 1187 1187 0 0 88 126 11
25 1215 1215 1215 1215 0 0 80 153.63 15
26 1278 1285 1278.23 1278 1.28 0 96 251.80 12
27 1394 1394 1394 1394 0 0 292 442.20 14
28 1373 1428 1392.83 1373 26.51 54 126 365.93 13
29 1437 14438 1439 1437 3.44 7 288 479.37 14
30 1520 1550 1523.33 1520 6.17 4 198 305.90 14
31 1556 1630 1562.47 1556 15.65 0 319 541.47 15
32 1417 1506 1426.47 1420.50 18.28 12 209 429.80 14
33 1481 1549 1519.93 1541 30.21 60 288 351.70 14
34 1535 1610 1556.03 1535 30.57 56 400 868.53 15
35 1311 1415 1332 1316 30.37 48 108 233.33 14
36 1531 1632 1589.33 1611.50 40.71 81 109 282.03 14
37 1737 1831 1766.40 1747 31.35 40.25 675 1090.07 17
38 1593 1718 1647.83 1650 39.09 76 329 861.83 16
39 1946 2030 1983.47 1984 14.34 8 840 1225.30 18
40 1737 1890 1798.43 1803 34.19 48 401 733.77 17
41 1699 1821 1755.70 1786 44.16 86 597 967.10 17
42 1761 1811 1788.10 1794 17.42 35 812 1384.87 18
43 1922 2011 1970.93 1991.50 36.20 75.50 1980 2911.03 20
44 1984 2140 2075.83 2084 40.99 13 2494 3237.10 21
45 1990 2153 2072.90 2073 45.40 45.75 1340 2042.83 19
46 1971 2150 2072.53  2066.50 54.21 88.50 1484 2103.87 19
47 1991 2147 2067.37 2085 4493 37.75 3700 4563.17 21
48 1921 2122 2021.77 2022 53.28 51.25 864 1232.07 19
49 2238 2342 227830  2280.50 29.90 42 1852 2496.23 22
50 2073 2281 2188.77 2183 51.57 55.50 2282 2890.27 20
51 2500 2571 252283  2514.50 21.67 24.75 5472 6748.80 23
52 2148 2357 2266.17  2256.50 44.20 71.75 3926 4966.77 21
53 2176 2357 227797  2279.50 42.26 32.25 6657 14253.40 22
54 2223 2340 2310.97 2319 29.27 17.75 8586 10542.10 24
55 2739 2879 2818.97  2834.50 44.84 58 17794 20314 25
56 2748 2870 2813.70 2813 33.22 41.25 17486  21963.80 26
57 2773 2918 2848 2850.50 36.48 75.25 30885  46754.20 26
58 2701 2898 2809.28 2829 53.28 78 69809  86407.56 27
59 2748 2929 2827.63  2835.50 35.05 34 17659  26008.90 26
60 2761 2896 2822.55 2821 39.98 67.75 26687  30998.77 28
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FIGURE 7. Distributions of best solutions (1/3).
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FIGURE 8. Distributions of best solutions (2/3).
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FIGURE 9. Distributions of best solutions (3/3).
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exhibit similar behavior, consistently achieving the same
results within a comparable timeframe. Unlike the rest of the
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A notable finding of the experimental phase is the robust-
ness demonstrated by the consistent solutions obtained across
multiple executions of each instance. This is evident from
the results depicted in Figures 7, 8, and 9, which show-
case the solution quality achieved by each algorithm. It is
observed that the BH algorithm outperforms both PSO and
BAT in terms of solution quality, as it consistently attains
the minimum value, representing the best optimal solution.
Furthermore, the standard deviations associated with BH are
generally lower compared to the other algorithms. This find-
ing indicates that BH produces more homogeneous solutions,
as supported by the interquartile range and the observation
of the box plots. 10, 11, and 12 illustrate the convergence
behavior of the PSO, BAT, and BH algorithms. It is observed
that these algorithms exhibit similar convergence patterns
for instances one to nineteen, with rapid convergence. How-
ever, for instances twenty to sixty, the convergence becomes
slower. This can be attributed to the increased complex-
ity of these instances, characterized by a higher number of
subnets. Consequently, the algorithms require more time to
find efficient solutions. Overall, these findings highlight the
effectiveness of the BH algorithm in terms of solution quality
and homogeneity, particularly in more challenging instances.
Additionally, they emphasize the impact of instance complex-
ity on convergence speed.

Finally, We also tested new metaheuristics recently
reported but we did not get the expected results. All imple-
mentations can be downloaded from [65].

VIl. CONCLUSION

This research presents a cyber risk management approach
that incorporates the optimal distribution of NIDS (Network
Intrusion Detection System) intrusion detection sensors, sub-
ordinated to a security information and event management
(SIEM) tool, which allows continuous monitoring. of events
associated with cyber risks. Furthermore, the approach
emphasizes the importance of a containment strategy to miti-
gate cyber risk attacks, ensuring that organizations can sustain
their operations and maintain service availability.

Also, development of a strategy for the management of
cyber risks, which mathematically model with linear pro-
gramming the requirements of said implementation accord-
ing to the functional characteristics of the network. Our
proposal covers some of the most relevant topics to consider
when locating security sensors, such as costs and uptime.
Here, we must prioritize and not include, for example, the
number of end-points for subnetworks, wireless networking,
virtual networking, and among others. These topics can be
included in future works. For experiments, sixty network
instances were created, ranging in complexity from networks
of five subnets to thirty-nine subnets. It was possible to deter-
mine the efficient number of sensors that allows maximizing
the benefits of its function, minimizing the indirect costs of
not having it, and minimizing the costs of the number of
NIDS.

91934

Many works deal with multicriteria optimization from cost
and investment perspectives. Our proposal covers not only
direct costs, but also indirect costs related to network per-
formance and the benefits of identifying the best location
to increase sensor performance. In this context, the efficient
quantity and where to place the NIDS for the centralized
SIEM tool was approached as a multi-objective problem
mathematically modeling through linear programming the
technical and functional characteristics of the network and
solved with bio-inspired algorithms such as PSO, BAT, and
Black Hole. Subsequently, once the results were obtained
by applying the three bio-inspired algorithms, it can be
confirmed that the Black Hole algorithm achieved the best
efficient solutions. The above given that PSO is deterministic
since the solution it generates is not better than the previous
one, so it does not change it. For its part, BAT is semi-
deterministic since it changes a solution but with a certain
probability. If that probability is not exceeded, it does not
change. Therefore, it is not deterministic in the face of a better
chance. Black Hole is non-deterministic. If it finds a better
solution, it changes it immediately. It should be noted that
Black Hole will not always provide better solutions. It will
depend on the problem.

The scalability of the research proposal is addressed in
the experimentation phase, working with sixty test instances
ranging from small networks of five to fifteen subnets,
through medium networks of fifteen to twenty-five sub-
nets, up to large networks of twenty-five to thirty-nine.
subnets. Therefore, the methodology can efficiently scale as
network size, complexity, and requirements evolve. In addi-
tion to different network sizes, different scenarios include
factors such as latency, throughput, and response times, all
of which influence the probability of a network outage.

It should be also noted that the limitations of the proposed
method are manifested from instance fifty-one when the num-
ber of subnets begins to grow. Thus, after thirty-one subnets,
the corresponding bio-inspired algorithms take a long time
to deliver their respective results, and only up to sixty with
thirty-nine subnets is it possible to obtain the expected results.
To solve these problem limitations, it is proposed to increase
the computing capacity by processing hard instances with
cloud computing.

For future work, we propose to develop a methodology that
allows solving more complex instances, that is, more than
thirty-nine subnets. Furthermore, we plan to use knowledge
extraction intelligence mechanisms for boosting the search
procedures of bio-inspired algorithms in order to they can find
efficient solutions in a large-scale instances of this problem.
Finally, we also try to solve this problem using machine
learning techniques on generated data by bio-solvers. Here,
we employ data from smaller instances to treat the hardest.

ABBREVIATIONS
NIDS: Network Intrusion Detection Sensors; SIEM: Security
Information and Event Management System; PSO: Particle
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swarm optimization; BHO: Black Hole Optimizer; BAT: Bat
Optimization Algorithm;
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