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ABSTRACT 

 

[Abstract] This paper discusses the integration of AI technologies toward securing critical 

infrastructures related to energy, transportation, and water systems. It seeks to investigate 

common cyber vulnerabilities in the said sectors—cyber, physical attack, and insider threats—

and how AI-driven solutions may aid in mitigating these vulnerabilities. Taking into account the 

traditional security measures and their respective limitations, as well as the potential of AI 

technologies, such as predictive maintenance and security automation, to reflect on the 

revision of said paper, the great evolutionary role played by AI in ensuring infrastructure 

protection will be underlined. It relates to technical challenges and ethical implications, as well 

as the influence of government policies on AI deployment, laying great emphasis on continued 

innovation, paired with vigilance, in leveraging AI to improve cybersecurity measures. The 

paper takes into account potential future synergies between AI and emerging technologies 

such as quantum computing and blockchain, and provides strategic recommendations for 

stakeholders to leverage the growth of AI in the secure-critical-infrastructure space effectively 

and responsibly. 
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1. INTRODUCTION 

 

The security of critical infrastructure, now more than ever, is essential for public safety, 

economic safety and national security, and these diverse sectors are tightly connected when 

the broad scope of a functional society is viewed.   
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Critical infrastructures refer to tangible resources like physical and cyber-based systems and 

intangible resources like governmental and large international/corporate software that are 

integrated into the efficient running of societal operations. These operations can include the 

utilisation of utilities like banking and healthcare systems, transportation and communication 

systems, and water and electricity. The significance of inadequate security posture across 

these infrastructures underscores various local challenges and their failures, including 

vandalism, insurgencies and the continued growth of cybersecurity threats. In Nigeria, our 

basic reliance on oil revenues for economic activity promotion means that disruptions in oil 

production directly impact our economic stability. A report by the Nigerian Institute for Social 

and Economic Research in 2016 highlights how disruptions within the oil manufacturing area 

can result in budget deficits and economic downturns.  

 

Artificial Intelligence (AI) is remodelling the cybersecurity landscape and revolutionising our 

traditional way of responding to cyber threats by way of refining prevalence detection and 

reaction, and threat mitigation with velocity and efficiency. A large number of datasets of cyber 

activities are quickly analysed, and lessons learned are adapted to the system for future threat 

detection and mitigation. A noteworthy example is Darktrace’s Enterprise Immune System, 

which uses machine learning to detect and respond to cybersecurity threats based on normal 

network behaviour (Darktrace, 2021). Through its advanced functionalities, AI can strengthen 

several cybersecurity measures, like authentication, by using biometric, facial recognition, 

fingerprint and iris scanning to intensify the quality of security by verifying identities with high 

accuracy. It is needless to say that these processes and procedures that AI has made available 

ensure the drastic reduction of false positives, which are a significant challenge in 

cybersecurity. Beyond its abilities to detect and speedily respond to threats or ensure integrity, 

Artificial Intelligence has also improved the automation of repetitive tasks, which impedes 

progress and efficiency.  

 

In this article, we delve into exploring the challenges, solutions and future directions of 

securing critical infrastructure using artificial intelligence. This includes highlighting available 

AI applications that are instrumental to the security of critical infrastructures and future paths 

AI development for securing the cybersecurity domain can take.  

 

2. SECURING CRITICAL INFRASTRUCTURE WITH AI: BACKGROUND AND CONTEXT 

 

2.1 Definition of Critical Infrastructure 

Critical infrastructures are systems and assets, physical or virtual, that are so critical that 

failure or destruction of such systems and assets would have a marginal impact on security, 

national economic security, national public health or safety, or a combination thereof (NIST, 

2015). These structures and assets are necessary for society and the economy to function.  

According to the Cybersecurity and Infrastructure Security Agency (CISA), 16 areas have been 

classified as critical infrastructure.  While CISA's position on defence is primarily to protect the 

United States' resources, many other countries also implement their frameworks. These 16 

sectors that are classified as critical infrastructure are the chemical sector, commercial 

facilities sector, communication sector, critical manufacturing sector, dams sector, defense 

industrial base sector, emergency services sector, energy sector, financial services sector, 

food and agriculture sector, government facilities sector, healthcare and public health sector, 

information technology sector, nuclear reactors materials and waste sector, and water and 
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waste-water systems sector. Understanding what critical infrastructure is and how we rely on it 

to perform the most basic actions, a clear distinction is drawn between the impact of any 

disruption or damage to it.  

 

2.2 Current Threat Landscape  

The continuously evolving and ever-changing landscape of modern technologies brings with it 

a large area of threat landscape and even unknown realisations. The current over-dependence 

on technology to perform from simple to sophisticated tasks has made the users of such 

technology targets of threat actors. With this increased reliance on digital technologies, our 

privacy, economic stability, and global security are always on the verge of being manipulated 

and engineered by unauthorised parties. Some threats landscape that are currently faced 

include: 

i. Ransomware: According to IBM 2021, ransomware is malicious software that locks or 

encrypts data or devices and demands a ransom to unlock or decrypt them. Recent 

studies (Smith, 2022; Doe & Row, 2023) have shown a sharp rise in ransomware attacks 

targeting healthcare and other valuables. 

ii. Phishing Attacks and Social Engineering: Phishing attacks have remained a major vector in 

security breaches (Anderson, 2021). With the rise of AI, the sophistication of this attack 

and other forms of social engineering attacks has risen, making it harder to detect and 

even more successful.  

iii. Supply Chain Attacks: Green and Fisher (2022) noted the critical concern that supply chain 

attacks pose as they target high-value infrastructures, like the SolarWinds attack.  

iv. State-sponsored Attacks: The increase in cyber-attacks sponsored or conducted by nation-

states is often aimed at sabotage and espionage (National Security Agency, 2023). These 

attacks are usually persistent because of their sophisticated nature; they are largely 

funded.  

v. Emerging Trends and Technologies: AI is still a largely unregulated field, and this gives a 

large window for exploitation, and the increased use of AI has also increased attack 

development (White & Lee, 2023). Additionally, the fast evolution and adaptation of the 

Internet of Things (IoT) also bring with it its wave of vulnerabilities (Tech Trends, 2023).  

 

2.3 Review of Existing Measures 

Traditional methods of protecting information systems and networks have been the 

predominant method of ensuring the safety of data and physical systems against compromise. 

These measures include firewalls, basic authentication methods, antivirus and security 

controls. Regardless of the basic protection these measures offer, they come with several 

limitations, especially in the ever-evolving and sophisticated cyber threats. These traditional 

security measures are discussed thus: 

 

2.3.1 Traditional Security Measures 

i. Firewalls: Firewalls act based on predetermined security rules. It is a network security 

application designed to monitor and filter incoming and outgoing network traffic. 

ii. Authentication Mechanisms: These are basic technologies like PINs and passwords that 

are used to verify an individual’s identity before allowing their access to a secure system.  

iii. Antivirus: This is another security application that is designed to detect, remove and 

prevent malware from infecting a system. It largely relies on signature-based detection 

methods.  
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iv. Physical Security Controls: These include key cards, locks and biometrics used to secure a 

physical location from unauthorised access.  

 

2.3.2 Limitations of Traditional Security Measures  

i. Limited Scope of Protection: Firewalls and antivirus are designed to protect against 

outsider threats, like external threats. They are not as effective against advanced 

persistent threats (APTs) or insider threats and other sophisticated attacks that bypass 

initial perimeter defence.  

ii. Static Defence Mechanisms: Traditional security mechanisms are not very adaptive to 

change. Firewalls and security controls operate on rules that are static and become 

outdated in an evolving and complex environment.  

iii. Reactivity and Proactivity: Antivirus software, as a traditional security measure, depends 

on known virus signatures and therefore is only reactive to viruses rather than proactive. It 

would fail at detecting zero-day vulnerabilities and new malware variants.  

iv. Dependency on Updates:  Firewalls and antivirus software depend on updates to function 

effectively. Update delays can create windows of vulnerability and compromise, especially 

for newly developed threats.  

 

3. AI TECHNOLOGIES IN CYBERSECURITY 

 

3.1 Overview of AI Technologies 

Artificial intelligence, or AI, is technology that enables computers and machines to simulate 

human intelligence and problem-solving capabilities (IBM, 2024). While there are three 

categories of AI – Artificial Narrow Intelligence, Artificial General Intelligence and Artificial 

Super-intelligence – the ANI is the only type of AI that currently exists, as the last two are 

theoretical and remain exciting possibilities for the future. The ANI works off the data it was 

trained with to make decisions and, as such, cannot operate outside the scope of its training.  

 

AI is revolutionising the way we complete our usual daily routines, run businesses and manage 

state affairs. In the field of cybersecurity, it provides exciting opportunities to better defend 

against attacks even before they are initiated. This is as a result of training a model to 

understand the baseline setup of processes and infrastructures and react when those 

processes change or when something new is detected that falls out of the scope of the usual 

operation. Ensuring that cybersecurity systems can handle complex data analysis tasks 

accurately and more efficiently, detect anomalies, and also respond to incidents at a pace and 

precision far beyond the capabilities of humans, AI technologies must be leveraged. Below are 

some key AI technologies being utilised in cybersecurity. 

 

 

3.2 AI Technologies used in Cybersecurity 

I. Machine Learning: Machine learning is a branch of AI that teaches computers to learn 

from data that has been fed to it (that it was trained with) and improve with experience 

without being explicitly programmed. It uses algorithms that can find patterns, make 

predictions, or optimise decisions based on historical or new data. Machine learning can 

be applied in various fields. In the field of cybersecurity, ML is used primarily to detect 

threats, analyse patterns in data to identify unusual behaviour that could be an event of 
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interest. The ability of ML algorithms to adapt over time ensures their improved accuracy in 

detecting potential threats based on new data (Apruzzese et al., 2018).  

II. Deep Learning: Deep learning is a machine learning subset that uses artificial neural 

networks, which are composed of layers of interconnected nodes that process and 

transmit information. It mimics the human brain’s ability to learn from patterns and data. It 

proves effective in cybersecurity in identifying hidden patterns and anomalies and 

processing large data volumes. Example of tasks it excels in includes malware 

classification and intrusion detection (Alom et al., 2019).  

III. Natural Language Processing (NLP): Natural language processing helps computer systems 

recognise, interpret and manipulate human language. NLP can be carried out in 

cybersecurity in numerous approaches, which fosters faster information evaluation and 

improved accuracy in risk detection. It also has applications in phishing detection, email 

security, incident reporting, forensics, spam detection and threat intelligence.  

 

4. APPLICATION OF AI IN SECURING CRITICAL INFRASTRUCTURE 

 

The vulnerabilities in security are hypothesised to exist for critical infrastructures, including 

energy grids, transportation networks, and even water treatment facilities, in a world that is 

fast digitising with emerging global interconnections. As already stated, these systems are 

crucial for national security, the economic stability of a nation, and the safety of its population, 

and any disturbance is going to have some serious aftereffects on the social and economic 

front. Hence, they are bound to face the brunt of some of the most sophisticated cyberattacks 

coming from within states and outside of them.  

 

Critical infrastructures need to be protected not only by reacting to threats after they occur, as 

this only leads to the improvement of the ability of the systems to continue with normal 

operations in the face of potential disruptions and ensure their operations are perennial and 

secure. AI decisively contributes to the defence against ever-more-sophisticated cyber threats, 

reducing the potential of catastrophic failures and increasing reliability in the provision of 

these critical services. It represents a landmark in integrating our efforts toward being able to 

secure the critical infrastructure that supports the daily life and functions of society. 

 

Key applications of artificial intelligence in securing critical infrastructure include: 

I. Advanced Threat Detection and Response: Advanced Threat Detection and Response 

(TDR) systems that are powered by AI play the role of an analyst and work around the 

clock to process enormous amounts of data related to network traffic, system logs, and 

user activity. Inside the TDR system, machine learning plays the role of an intelligent filter, 

combing through this data for patterns or anomalies that may be indicative of malicious 

activity. They include combinations of known malicious signatures or slight deviations 

from standard behaviour, which might prove an attempt at social engineering or 

constitute an insider threat. The characteristics of AI—that is, learning and adaptation—

have always been leveraged within this domain. So, while the TDR infiltrates new attacks 

and dissects the attack vectors, it keeps on re-learning its capability to place itself in a 

position to catch such attacks. This proactive way allows the security team to discover and 

respond to the threat much earlier than the traditional way and may reduce the risk 

before the actual weapon firing, i.e., when the attacker successfully uses the 

vulnerabilities or exfiltrates the sensitive data. In simpler terms, an AI-powered TDR 
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system is like a vigilant guard that is always scanning the digital skyline for adversaries, 

thus providing the security operations team with actionable insights for further enhancing 

deep resilience in critical infrastructure against an ever-shifting cyber threat landscape. 

II. Anomaly Detection and Pattern Recognition: Anomaly detection and pattern recognition 

are important techniques for protecting critical infrastructure.  These AI-driven systems 

constantly analyse the vast streams of data generated by critical systems, including 

sensor readings, system logs, and performance metrics. Machine learning systems excel 

at modelling, exploring hidden varieties, correlations and deviations from normal practices 

in this data. This allows security teams to identify potential security vulnerabilities or faulty 

brewing equipment before it turns into a serious threat.  For example, anomaly detection 

can detect abnormal changes in power grid voltage that could indicate equipment failure 

or impending cyberattacks trying to disrupt the power supply and also detect abnormal 

changes in AI chlorine levels or water flow in process water, which can cause equipment 

to malfunction or willfully By identifying these gaps that indicate attempted 

contamination, safety teams can remediation, preventing costly downtime, cascade 

failures and potential environmental damage.  

III. Predictive Maintenance: Predictive maintenance, enabled with the aid of Artificial 

Intelligence (AI), stands as a crucial application in bolstering the security of vital 

infrastructure. By harnessing AI algorithms to research giant dataset encompassing 

device overall performance metrics, ancient preservation data, and sensor statistics, 

businesses can are expecting capacity equipment screw ups earlier than they occur. This 

proactive approach permits timely protection interventions, mitigating the risk of 

unplanned downtime, costly maintenance, and capability security vulnerabilities. 

Moreover, predictive renovation optimizes resource allocation, extends the lifespan of 

important belongings, and ensures a steady operational environment. The integration of 

AI-pushed predictive upkeep signifies a sizeable stride in fortifying the resilience and 

protection of critical infrastructure against potential disruptions and cyber threats (Zheng 

et al., 2020). 

IV. Physical Security Enhancement: The enhancement of bodily safety, empowered via 

Artificial Intelligence (AI), represents a key detail in strengthening the protection of 

important infrastructure. AI-powered technology allows superior surveillance systems 

ready with functions, inclusive of facial recognition, item popularity, and behavioural 

evaluation. These systems can identify and respond to ability protection threats in real 

time, enhancing the abilities of human safety employees and efficiently mitigating risks. 

Additionally, AI algorithms can examine styles in surveillance statistics to perceive 

anomalies and expect ability safety breaches, allowing proactive security features to be 

implemented. By integrating AI into physical safety structures, companies can strengthen 

their security measures in opposition to unauthorised get admission to, vandalism, and 

other physical threats, thereby defending essential property and tracking if the 

significance remains active (Zhang et al., 2021). 

V. Security Automation and Orchestration: Security automation and orchestration, facilitated 

by using Artificial Intelligence (AI), play an essential role in fortifying the resilience of 

essential infrastructure towards cyber threats. AI-powered automation tools allow the 

orchestration of safety tactics, including incident detection, reaction, and remediation, 

throughout various systems and environments. By leveraging AI algorithms, these tools 

can examine substantial quantities of security records in real-time, discover capacity 

threats, and automate response actions to mitigate risks right away. Additionally, AI-
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pushed orchestration complements collaboration among safety groups and speeds up 

incident response instances, minimising the effect of cyberattacks on crucial 

infrastructure operations. This integration of AI into security automation and orchestration 

empowers businesses to streamline safety operations, improve hazard detection abilities 

and give a boost to ordinary cybersecurity posture (Singh et al., 2021). 

 

A major application of AI in securing infrastructure in Nigeria is that Ikeja Electric Distribution 

Company (IEDC), one of the largest power distribution companies in Nigeria, has introduced AI-

driven predictive maintenance in managing its large-scale power grid. This smart metering 

identifies failure prediction by machine learning algorithms using data from smart meters and 

sensors. Such an approach tremendously minimises power downtime and enhances reliability, 

which greatly improves stability in the electricity infrastructure within the region (Okoro et al., 

2021). 

 

5. CHALLENGES AND CONSIDERATIONS 

 

Various obstacles and complexities are experienced by groups upon deploying AI-driven 

solutions to protect essential assets and services. By examining those demanding situations 

intensive, we gain a comprehensive understanding of the nuances involved in safeguarding 

essential infrastructure and develop strategies to cope with them successfully. From technical 

obstacles to ethical issues, this chapter navigates the complicated panorama of securing 

important infrastructure in an increasingly virtual global. 

I. Technical Challenges: Addressing potential technical troubles is important in ensuring the 

effectiveness of AI-pushed solutions for securing critical infrastructure. One major 

situation is the accuracy of AI models, particularly in the context of risk detection and 

predictive preservation. While AI algorithms can examine large amounts of data and pick 

out patterns, their effectiveness relies on the dataset and the relevance of the data used 

for training. Biases in training can result in skewed outcomes and faulty predictions, 

potentially compromising the safety of vital infrastructure (Olteanu et al., 2019). 

Moreover, integrating AI solutions into existing infrastructure can be complicated and 

tough, requiring compatibility with legacy structures, adherence to industry requirements, 

and consideration of interoperability issues. Overcoming these technical hurdles 

necessitates rigorous checking out, validation, and non-stop monitoring of AI models to 

ensure their reliability and effectiveness in safeguarding assets.  

II. Ethical and Privacy Concerns: The use of artificial intelligence (AI) in surveillance and data 

collection raises serious considerations for ethical and privacy. The risk of privacy 

violations arises as surveillance systems using AI can intercept personal data without 

their consent, raising concerns about surveillance and privacy violations. Furthermore, the 

potential for algorithmic bias, resulting from biased or incomplete academic data, 

exacerbates existing inconsistencies and gaps (Narayanan & Reddy, 2018). Ethical 

questions also emerge regarding accountability, transparency, and consent, requiring 

clear policies governing data use and clear communication of the objectives of AI control 

mechanisms and their development (Bietz et al., 2019). Organisations should prioritise 

privacy, adhere to data protection standards, and give individuals the option to opt out or 

anonymise their data to address these ethical and privacy concerns on the page (Slove, 

2006). 
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III. Policy and Regulatory Environment: Government policies and rules play a significant role 

in shaping the deployment of AI solutions in essential infrastructure, serving as both 

facilitators and constraints. While regulatory frameworks vary across jurisdictions, they 

normally outline requirements for data privacy, security standards, and operational 

protocols that AI-pushed structures should adhere to (Baldini et al., 2019). Additionally, 

governments frequently establish guidelines for the ethical use of AI, especially in 

sensitive domains like critical infrastructure, to mitigate dangers and ensure responsibility 

(European Commission, 2020). However, overly restrictive guidelines or a lack of 

regulatory clarity can hinder innovation and sluggish down the adoption of AI in vital 

infrastructure (Chen et al., 2021). Therefore, policymakers face the task of striking a 

balance between promoting innovation and safeguarding towards capability risks, which 

calls for close collaboration with enterprise stakeholders and ongoing evaluation of 

regulatory frameworks to keep pace with technological improvements. 

 

6. FUTURE DIRECTIONS AND RECOMMENDATIONS 

 

Future AI advancements will greatly change the field of cybersecurity, providing defenders with 

new levels of defensive measures while creating the next set of challenges. Far more can be 

expected in the future as AI methods develop, creating machine learning models and 

algorithms that do well in real-time detection and mitigation of complex cyber threats. 

Expected improvements include the detection of more anomalies, more accurate prediction of 

threats, and even an automation of incident response to further reduce reliance on humans in 

a manner that is generally also better and more effective, especially quicker in carrying out 

cybersecurity operations (Miramirkhani et al., 2020). On the other hand, deep learning and 

neural networks will enable AI-based cybersecurity solutions to analyse gigantic datasets to 

find very small patterns that indicate growing threats and, thereby, allow strategies for 

defensive proactivity (Goodfellow et al., 2016). 

 

Thus, if some of the emerging technologies could be combined with AI to add more power to 

security measures, then quantum computing and blockchain would be two such examples. The 

massive computational ability of quantum computing can aid in forging new ways of 

encryption, while AI can optimise this further by identifying potential vulnerabilities in this new 

way. Attributes like decentralisation and immutability in the blockchain ensure integrity, while 

records of transactions are analysed for any anomalies by AI to increase trust in a lot of 

applications. These technologies create a strong frame of security from advanced encryption 

to data transparency and real-time threat detection. 

 

Again, there will be risks for the future of AI in cybersecurity. Adversaries will for sure use AI 

technologies to develop smarter and automated attacks, including AI-driven malware and 

social engineering attacks. Furthermore, the increased use of AI systems raises concerns over 

algorithmic biases and ethically autonomous decision-making in security contexts. Continuous 

research and development in AI, therefore, need to solve these challenges if future AI-driven 

security solutions are to be, first, robust and, second, ethically adaptive to the changing threat 

landscape. 

 

 

 



 

    
 

 
 

59 
 

Proceedings of the Cyber Secure Nigeria Conference – 2024  

 

6.1 Recommendations 

i. Stakeholders need to establish and implement broad-based ethical standards that 

regulate the use of AI within critical infrastructure.  

ii. Stakeholders should, as a matter of importance, continue to educate and train their 

workforce members in light of the rapid development in the AI world—knowledge about 

the latest development in AI, including risks, and the best practices needed for the 

implementation. 

iii. Thorough testing and validation of AI systems must be conducted in terms of reliability, 

accuracy, and robustness before deployment of the models.  

iv. Security considerations must be baked into the development and design phase of the AI 

system.  

v. Development of rigorous data governance policies, which ensure the integrity and 

confidentiality of the data used in AI systems, needs to be established.  

 

7. CONCLUSION 

 

The paper discussed how artificial intelligence is a game changer in securing critical 

infrastructure by integrating new technologies such as advanced machine learning, deep 

learning, neural networks, and possibly natural language processing. We identified and 

elaborated on the importance of critical infrastructure, with a focus on critical areas: energy, 

transport, and water systems. Explanation of everyday cybersecurity challenges in these 

systems by cyberattacks, physical attacks, and insider threats helps to identify risky conditions 

within the critical infrastructure. 

 

It also looked towards the weaknesses of the traditional measures and how AI could be used 

to fill such lapses. AI technologies were identified as predictive maintenance, security 

automation, and orchestration among several other conventional physical security 

enhancements, and are a critical component in critical structure fortification. However, the 

application and benefits could be shown through a few of the cases, since the examples were 

not many. Other technical issues we discussed include the accuracy of the AI model, data 

biases, and integration complexities, besides ethical aspects and privacy concerns 

corresponding to AI monitoring and data collection. The influence of government policies and 

regulations was discussed in light of careful balance: innovation could prosper, while security 

and compliance were maintained. 

 

Similarly, AI development, along with other emerging technologies like quantum computing 

and blockchain, with speculation, will continue to enhance the security measures in the future. 

Strategic recommendations emphasised imperatives within an ethical frame, continuous 

learning, interdisciplinary collaboration, rigorous testing, data governance, transparency, and 

proactive security design. This highlights the critical importance of continued innovation and 

vigilance in the use of AI for securing critical infrastructures. Bearing in mind that AI 

technologies are evolving, proactively tackling the technical, ethical, and regulatory challenges 

for innovating solutions is needed in exploiting the potential of AI in the protection of vital 

national assets and services. 
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