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ABSTRACT

Protection of infrastructure is becoming increasingly demanding, and the sophistication and severity of
cyber threats are increasing daily. Traditional threat detection techniques cannot match the ever-evolving
nature of cyber threats, which increases the number of false positives and attack misses. Al-driven
methods address these shortfalls via the use of advanced learning algorithms to detect and respond to
newly discovered threats in real time. They are largely static rule-based or signature-based attacks, and
they do not perform effectively against zero-day attacks and highly organized, advanced attacks. Given
the critical need to protect digital infrastructures such as energy, transport, and communications from
destruction, which threatens security and operational integrity, an adaptive means for real-time and
accurate threat detection must evolve. This research aims to determine the optimum method for designing
and testing an Al-based real-time threat detection system that is suitable for use in critical infrastructure
environments. Compared with traditional methods, the proposed system uses an advanced machine
learning technique to provide better detection accuracy, adaptiveness, and efficiency of results. It is
designed to integrate all the critical features of data integration, anomaly detection, and feature extraction
along with an automated response mechanism that allows the system to detect various types of threats
and cyberattacks, including new and sophisticated ones, without much human intervention. Some of the
key performance indicators, including accuracy, precision, recall, and F1 score, ensure that, indeed, the
system is effective. The research findings illustrate that for clear readability, the Al-based detection
system reported an accuracy value of 0.95, where precision is 0.93 and a recall value of 0.92 with the F1
score of 0.92, hence performing better than do conventional methods of threat detection. This suggests
that it reports a high rate of false-positive rejection while returning proper alerts in the case of real-time
operation. This was also enhanced by an automated response feature of the system that provided faster
threat mitigations with shorter times for all types of responses, leading to even improved security. Finally,
the paper has demonstrated how the Al-based approach is a viable and scalable solution towards
mitigating current cybersecurity challenges in critical infrastructures and, at the same time, providing
opportunities for further research into more robust, flexible, and autonomous defense systems.
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1. INTRODUCTION

Within the last few years, there has been a tremendous increase in the scale and sophistication of cyber threats against critical
infrastructures. The 2015 Ukrainian Power Grid Cyber Attack, the ransomware attack against the Colonial Pipeline in 2021,
and several others are truly very dangerous precedents that indicate the disruptive and potentially disastrous consequences that
may result from a single cyber incident. Incidents of this nature point to the sound and proactive controls of security that could
identify the threat and respond to it in real time. Traditional methods of cybersecurity are based, in many respects, on manual
oversight and reactive protocols, which have been completely proven incapable of handling the nature of these threats. Most of
these have now become automated, adaptive, and, in most instances, driven by malicious Al. Real-time threat detection has
recently become one of the key requirements for CI protection, and Al has started to play a major role in developing such
capabilities [1]. The application of Al to CI, in view of its promising advantages in cybersecurity, has been considered. Artificial
intelligence-driven threat detection systems work at speed and accuracy to monitor network traffic, user behavior, and system
logs unceasingly for anomalies that may indicate an attack. In contrast to traditional methods, Al models analyse large volumes
of data in real time and hence detect threats at much higher velocities with much greater accuracy. Machine learning and deep
learning models study how to predict patterns of malicious behavior from historical data and may even evolve as new types of
attacks pop up [2]. These functionalities support the adaptation of Al-driven systems to rapid changes in the threat landscape
and provide proactive defense, which is extremely important for CI protection. While the potential of Al-driven cybersecurity
solutions for CI is clear, putting it into actual practice presents a host of challenges. Many CI systems were designed and built
decades ago, long before cybersecurity threats were understood, and as such, they were unequipped to address modern security
practices without major upgrades. Second, CI networks often operate in real time and cannot afford downtime, which
complicates the deployment and testing of new security technologies [3]. In summary, there is an interesting paradox regarding
the element of data privacy and the demand for flow in relation to the integration challenge in applying Al systems to CL
Indeed, it is challenging to demand a carefully designed system with an operational method of data and integrative operations
to achieve effective, sustained Al-driven threat detection within a CI environment. It follows that this work intends to highlight
the state-of-the-art conditions in the elaboration of Al-driven and real-time, threat-detecting systems exclusively designed for
CI protection. From the very needs of Cls to what role Al would play in their fulfilment, this would be a guidance paper on
'how to do it' and implement and maintain effective cybersecurity solutions in place. It presents specific challenges and
vulnerabilities of CI, the architecture and functionality of Al-driven detection systems, and lessons learned from real-world
case studies [4][36]. Overall, this paper explains how Al can revolutionize cybersecurity for critical infrastructures and
understand the rising technologies that might be used in protecting the infrastructure relevant to a society.

Figure 1 shows how ML models deployed in cloud environments are susceptible to highly coordinated cyberattacks by a bot
master. The upper part shows a number of ML approaches—supervised learning, unsupervised learning, reinforcement
learning, and deep learning—used in analysis and prediction. These models are hosted on cloud servers, which are entry points
by the hostile agents. The attacker's bot master, or controller of attacker systems, orchestrates a series of attacks that target the
ML models with the intention of compromising them. The lower portion illustrates different types of attacks, such as data
poisoning, model evasion, and adversarial attacks, which can mislead or compromise the performance of the ML model. The
graph indicates the vulnerability of ML systems to coordinated cyber attacks, requiring robust security to protect Al-powered
applications.
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These ML models utilize supervised learning, unsupervised learning, reinforcement learning, and deep learning to predict and
analyze data patterns. Such types of cyberattacks that are controlled by a sole bot master and utilized as the attacker or evil
controller pose a threat to ML models. Such attacks target various vulnerabilities of the system for disrupting or manipulating
the functioning of the model. These findings echo the susceptibility of cloud-based ML systems during operations within
adversarial settings and confirmed the need for strong cybersecurity defenses [6].

1.1.Research Gap and Research Question

The increasing integration of Al-driven solutions in cybersecurity has not yet succeeded in creating real-time adaptive threat
detection systems that can maintain accuracy while remaining computationally efficient and resilient to adversarial attacks.
Conventional cybersecurity systems demonstrate high false positive rates along with slow detection capabilities and fail to
identify modern complex cyber threats. Al-based cybersecurity models have undergone considerable advancements but face
deployment obstacles in large-scale critical infrastructure due to their adversarial robustness, explainability limitations and
scalability issues. Researchers currently do not extensively evaluate real-time performance factors such as inference time and
computational overhead, which are critical for effective system deployment. To address these challenges, this study aims to
answer the following key research question: What design and optimization strategies can be applied to create an Al-based real-
time threat detection system that achieves high accuracy and adversarial robustness while scaling effectively and maintaining
computational efficiency to protect critical infrastructure? This study introduces a new Al-based framework that combines
adaptive anomaly detection with automated response systems and explainable Al methods to maintain security and
interpretability in critical cybersecurity settings.

2. RTELATED WORK

The transformative aspect of Al involves automating the processes of detecting, stopping, and responding to cyberthreats,
which is useful for many organizations, including CI. Like other sectors, Cls are not Al-ready, and Al-driven methodologies
have undergone significant improvements [7]. The application of Al, automation and analytics enables protection from
cyberattacks via machine learning, deep learning, and neural networks. The flexibility, extensibility, and automation achieved
through those technologies are fundamental features for the protection of infrastructure vital for public safety and national
security. In this section, primary Al algorithms and their benefits over traditional techniques in cybersecurity are analysed along
with the paradigm of Al-enabled threat detection [8]. Al-driven cybersecurity systems have deployed various sophisticated
techniques, each with different advantages in the field of threat detection and response. It has become one of the most utilized
techniques, with training algorithms via large datasets for recognizing patterns that would indicate a cyber threat. In
cybersecurity, ML can pick out unusual behavior within network traffic, user activities, or system processes that might signal
a security breach. Over time, ML models improve by continuously learning from both past data and real-time inputs. This
enables them to detect subtle and novel attack patterns, which rule-based detection mechanisms often fail to identify. While
ML is itself a subset of deep learning, it takes advantage of multitier neural networks that handle complex datasets to find
sophisticated patterns within them [9]. Thus, deep learning techniques prove very effective at analysing large volumes of
unstructured data, such as logs, images, and audio, which makes them ideal for applications such as endpoint security, malware
detection, and intrusion detection in complex networks. These systems can identify pattemns that can increase the speed and
precision of threat detection, perhaps because human analysts might not find them. Neural networks are one of the foundations
of deep learning, enabling Al models to find complex relationships between items of data, for example, highlighting anomalies
in users' behavior or recognizing signs of phishing. Through continuous data analysis and learning from experience, neural
networks can identify even slight deviations from the norm and indicate potential dangers for rapid intervention. Compared
with traditional approaches, Al-driven cybersecurity systems inherently have advantages, mainly in terms of speed, accuracy,
and adaptability. In many areas of traditional cybersecurity, there are predefined rules or signature-based detections, but an Al
system has no limits concerning a predefined set of threats that have been known before [10]. Speed and accuracy are crucial
in CI security: delays and false positives may cause critical service interruptions. With Al-driven systems, large volumes of
data can be analysed in real time to identify threats the moment they become visible with far greater accuracy than human
analysts. The speed and precision of this approach allow CI operators to act in a timely manner and reduce the risk of an
effective attack, thereby constraining damage. Another strong positive feature of Al-driven cybersecurity is its ability to scale
up and evolve along with the threat landscape. Traditional cybersecurity measures could be challenged by new types of attacks,
given that attackers continuously create new techniques and use automation on their end. Al models, however, are built to learn
from past data and for instantaneous threat mitigation to continuously improve detection, as new forms of cyber threats are
being developed [11]. This is important for CI, which has to keep up with not only current threats but possibly even future
threats. Since Al-driven systems are trained using vast amounts of data, including new incidents and benign activity patterns,
they can detect unknown or abnormal behaviors much better. Thus, Al-powered systems are ideal for environments that face
emerging threats continuously. Al-driven cybersecurity systems use multiple threat detection models that best fit different
security needs and threat profiles. The signature-based detection relies on known patterns of malicious code, traffic, and
behaviors to identify threats, in addition to being one of the most traditional methods. The drawback of this signature-based
approach is that, while it is effective for previously identified threats, it lacks the ability to find novel or modified threats. Al
can, of course, make signature-based detection much faster by analysing and matching vast signature databases to identify
known threats much more efficiently [12]. In anomaly based detection, Al models determine the baseline of normal behavior
in systems and networks. Anomaly based intrusion detection systems are able to detect deviations from normal behavior that
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may indicate a security threat by monitoring data continuously in real time. This will be very effective in a CI environment
since it is typical for attackers to use tactics that are very subtle, discreet, and hence not set off any alarm. Since anomaly based
detection recognizes unknown or zero-day attacks, it has become very helpful in fighting these emerging threats, which have
not yet been catalogued within signature databases. Hybrid models combine the best of both worlds to provide a better security
model, where signature-based detection is combined with anomaly based detection [13]. These hybrid models have the potential
ability to identify known threats with an improved speed of detection and reveal new/suspicious behavior that does not match
any of the predefined signatures. This makes the combination especially valuable for CI because any compromise in security
may have wide ramifications. Hybrid solutions provide several levels of threat detection, laying protection against known
and unknown threats and making CI systems resilient to dynamic and uncertain cyber security threats [14].

Next-gen solutions surpass legacy rule-based and signature-based solutions through the implementation of advanced Al-based
methods such as generative Al, machine learning, and deep learning. Such solutions are fast becoming a preferred form of Al-
based solution within cybersecurity thanks to the strengths of generative Al to recognize and prevent attacks in advance. While
conventional methods rely on established precepts and human expertise, generative Al is able to digest large amounts of data
and pick up subtle patterns that can often go unnoticed even by human professionals. Further, generative Al can create security
products, such as safe passwords and even safer encryption algorithms, thereby serving as an active process of strengthening
cybersecurity protection [15]. With cyberattacks becoming sophisticated, Al has been applied in preemptively predicting
attacks before they actually occur. One of the more recent approaches is the creation of big data analytics algorithms that are
capable of anticipating cyberattacks through real-time threat prevention. The program uses deep learning and behavioral
analysis to determine unusual patterns that may be indicators of a pending attack. By analysing data from multiple internal
network sources, attached devices, and threat feeds, Al systems are able to sift through millions of events in real time and
identify suspicious activities [16] [17].

Limitations of the present methodologies used in real-time threat detection systems in Al-driven cybersecurity in critical
infrastructure are presented in Table 1. Some of the traditional methods for signature-based detection, rule-based systems, face
difficulties in terms of high false positive rates, inability to adapt to new or evolving threats, and inability to scale in large-scale
infrastructures. These systems rely mostly on siloed data and manual intervention, making them less effective against
sophisticated, coordinated attacks and increasing their vulnerability to insider threats. In addition, many current solutions suffer
from privacy and ethical issues and cannot provide integrated data analysis; these aspects further make human expertise crucial,
which delays the response time.

TABLE I. CURRENT REAL-TIME THREAT DETECTION SYSTEMS - LIMITATIONS

Current Method

Problem

Description of Limitation

Signature-Based Detection

High False Positive and False
Negative Rates

Often results in high false positives, causing alert fatigue, and high false negatives,
missing actual threats and posing security risks.

Rule-Based Systems

Lack of Adaptability to New
Threats

Depending on predefined rules and known threat signatures, making it ineffective
against zero-day attacks and novel, sophisticated threats like Al-driven or
polymorphic malware.

Centralized Data

Processing

Limited Scalability and High
Latency

Struggles with large data volumes, causing latency issues that prevent real-time
detection and response in expansive critical infrastructure environments.

Siloed Monitoring Tools

Challenges in Data Integration
and Contextual Analysis

Separate monitoring tools across systems hinder data integration and contextual
analysis, limiting situational awareness and missing coordinated attack indicators.

Manual or Semi-
Automated Security
Solutions

Resource Constraints and Cost
Issues

Resource-intensive, requiring significant budget and maintenance, which is often
unsustainable for critical infrastructure sectors with limited financial resources.

Data Collection without
Privacy Measures

Privacy and Ethical Concerns

Lacks mechanisms to securely handle sensitive operational and personal data, raising
privacy and compliance issues, which restricts the use of Al-driven cybersecurity.

Perimeter-Based Defense
Systems

Difficulty in Detecting Insider
Threats

Designed primarily for external threats and lacks behavioral analysis, failing to detect
subtle indicators of insider threats in real time.

Human-Dependent Threat
Analysis

Dependency on  Human
Intervention and Expertise

Requires constant human intervention for identifying and responding to threats,
leading to delays and relying heavily on cybersecurity expertise, which is often in

short supply.

Contributions of this study: In the end, this research aims to remedy these defects through the development of new Al-driven
solutions that are adaptive, scalable, and real-time threat detection critical infrastructure environments. This approach
introduces methods for better integration of data and contextual analysis so that the systems can identify complex and
coordinated attacks more precisely. Thus, the contributions of this work lie in automation, behavioral analysis, and mechanisms
of preserving privacy, which will contribute to evolving cybersecurity systems to operate with minimal human intervention.
The approach also reduces the response times and provides better security against both external and insider threats. These
contributions provide a framework for building more resilient and responsive cybersecurity systems for critical infrastructure.
The general perspectives of cybersecurity are now changing dimensions, particularly with the use of artificial intelligence to
protect critical infrastructure systems from emerging cyber threats. Systems responsible for essential services ranging from
power and water to transportation face many unique challenges that traditional cybersecurity methods often cannot cope with
effectively. Al-powered cybersecurity offers a new level of complexity and effectiveness, therefore allowing for real-time threat
detection, accelerating the speed of response, and fast adaptation of new types of attacks [18]. The following section presents
key Al techniques comprising machine learning, deep learning, neural networks, and their concrete applications for threat
detection in CI. We also discuss the benefits that Al provides over conventional security processes in terms of speed, accuracy,
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and adaptability before delving into various Al-powered threat detection models in force today. The lowest layer would be the
Al cybersecurity systems themselves, where various techniques are needed, each contributing in its unique way to detecting,
analysing, and responding to cyber threats. Machine learning is a foundational technology in Al-driven cybersecurity; it
involves training algorithms on vast datasets to recognize patterns that intimate potential security threats. In fact, ML models
can find unusual behavior in network traffic, system processes, and user activities as potential indicators of a breach.
Additionally, given more time to analyse data, such models will become even more effective at detecting known and novel
threats while increasing the ability to detect sophisticated patterns of attacks that might bypass traditional security tools. Deep
learning is a segment of ML that uses multilayered neural networks to study large and varied datasets; therefore, it is quite
effective in finding complicated patterns in unstructured data such as system logs or endpoint data. Deep learning techniques
can accurately detect several kinds of malware threat detection or unauthorized network intrusions that could be obscure or
even hidden at times. Deep learning neural networks present an opportunity for Al models to identify anomalies caused by
intricate relationships in the data. Through constant training where such networks are fed with historical as well as real-time
data, they detect even the slightest variations in patterns of expected behavior that may point towards a security risk.

In this context, Al cybersecurity has several obvious advantages over traditional cybersecurity in terms of speed, accuracy, and
responsiveness. While traditional cybersecurity approaches are usually centered on static rules and human-staffed response, Al
systems can run autonomously, processing haystacks of data in real-time threat elimination. This is particularly important in
CI, where delayed response to threats could result in service disruption or further damage [19]. Al-powered systems can spot
threats and act on them in near-instantaneous threat mitigation, with often much higher accuracy than human analysts do,
thereby reducing false positives and missed incidents. The second critical advantage of Al-driven cybersecurity pertains to
scalability and flexibility. While classic systems cannot react properly to new modes of attack, cybercriminals increasingly turn
to the use of automation and adaptive methods. While AI models learn from past incidents and day-to-day data streams, they
recognize and adapt to emerging threat patterns. This degree of adaptability is key in CI because a uniform approach to security
will be entirely irrelevant in light of threats that continuously change. This means that as more data are fed into Al-driven
systems, they become increasingly capable of finding new, unfamiliar attack vectors—something that offers a dynamic, robust
approach to defense in CI environments [20].

Al-driven cybersecurity is a suite of various threat detection models, each having unique ways through which they address
security needs and threats. The more traditional methods are signature-based detection methods, which assume predefined
patterns for malicious code, behavior, or network activity when identifying the threat. While a signature-based model can do a
good job of detecting a previously encountered threat with high efficiency, most of them lack the much-needed flexibility to
recognize new or modified attacks. Al enhances this by making it possible to scan giant signature databases at high speed,
hence the quick identification of known threats [21-25].

3. METHODS

This research addresses some of the most important challenges in critical infrastructure cybersecurity. This approach results in
many false positives and missed threats that generally occur in traditional systems, increases accuracy through an Al-driven
detection approach to reduce unwanted alerts, and makes finding minute threats possible that would otherwise have remained
hidden. The framework will also overcome another limitation of better adaptability, as classic methods using predefined rules
cannot find new or evolving threats. This framework recognizes novel and zero-day attacks through the use of machine learning
and anomaly detection without completely depending on the signature of known threats. In addition, it addresses scalability
and responsiveness in real time; most of the existing systems are incapable of processing the volume generated by critical
infrastructure and thus delay detection and responsiveness. This proposed framework is for real-time processing, which ensures
timely detection and timely action. Another significant solution provided by this research involves how heterogeneous data
sources can be combined in a general critical infrastructure environment where data are generated within different systems and
formats. The framework includes an enhanced module of data integration that can facilitate seamless analysis among various
data types for comprehensive threat detection. This research further limits human involvement by solving the problem of slow
response times and skill gaps in cybersecurity through the inclusion of automated responses that immediately kick in once a
threat has been detected. The research also enhances insider threat detection, which is likely to be missed by traditional systems
since they are faceward-facing in how they identify external threats. The model can indicate an insider threat via analysis of
behavior patterns that display anomalous internal activity. The general contribution of this work is a more flexible and scalable
solution to cybersecurity to adequately match the loopholes in the reviewed techniques in securing critical infrastructures. The
integrated solution will include data collection, preprocessing, and analysis via advanced Al models for threat response.

3.1 Al challenges: Adversarial attacks and explainability

While Al-based threat detection software has much to offer in the way of finding and hindering cyber attacks, they also address
their own issues. One of the greatest vulnerabilities of Al systems is that they can be attacked by adversarial attacks, where
attackers create tiny perturbations in the input data to trick the model's predictions. These attacks can make the trustworthiness
of Al-based cybersecurity systems questionable, leading to misclassification of threats or evasions by sophisticated malware.
Robustness adversarial is enhanced by advanced defense methods, i.e., adversarial training, defensive distillation, and anomaly
based detection, that make the model more powerful in evasion of unwanted manipulations. Explainability and interpretability
are some of the other issues being debated. The majority of the Al-based security models, particularly deep-learning-based
models, are "black boxes," and hence it is difficult for security professionals to comprehend the reasons for predictions. Such
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transparency gap has implications on trust, accountability, as well as regulation, especially protection of key infrastructure. To
mitigate this, applications of explainable Al techniques such as Shapley Additive Explanations (SHAP) and Local Interpretable
Model-Agnostic Explanations (LIME) can make decision-making transparent, enable higher levels of user trust, and enable
better threat response processes.

To be deployed in real time in cybersecurity, Al models need to be not just accurate but also computationally lightweight. A
threat detection system's performance is heavily reliant on the latency of its inference time—the period taken to examine data
as it arrives and determine threats. Models with high latency can cause response times to be slow, allowing an opportunity for
attackers to take advantage of openings before a response can be delivered. Second, Al models must operate in resource-
constrained environments, particularly edge computing scenarios where both processing resources and storage are not plentiful.
To measure the computation efficiency of the proposed Al-based framework, KPIs such as execution time, memory
consumption, and processing overhead must be compared. Techniques such as model pruning, quantization, and hardware
acceleration (e.g., on GPUs or TPUs) can improve real-time performance without compromising high detection accuracy.
Equilibrating these factors makes Al-focused cybersecurity measures scalable and achievable to implement in real critical
infrastructure instances. The following are the fundamental steps with parameters and equations that are the core of the
operation:

A. Data collection and integration

- Data Sources: The system sustains itself using data from many critical infrastructures, such as energy grids, transport, and
communications. The dataset can consist of structured data created at regular intervals, e.g., system logs, or unstructured data,
e.g., network traffic.

D ={d,,d,, ..., d,}: Data points collected from different sources.

T: Timestamp associated with each data point.

S: Source or category of each data point (e.g., network, device, or application).

Integration function:

The data integration module aggregates and standardizes data into a common format as follows:

Dintegrated - fimegrate (D' T, S) (1)

where ficoraie T€Presents the data preprocessing and standardization operations that integrate data from various sources into
a unified format for further processing.

B. Feature Extraction and Preprocessing

- Objective: To draw key features from raw data that are capable of revealing potential indications of security threats.
F ={fi,fs -, [in}: Set of extracted features for each data point.
Pireshoia: Threshold parameter to filter out irrelevant or noisy features.
Feature Extraction Function:
The feature vectors are extracted and transformed via functions such as:

Fi = féxtract (di)' fori € [1,71] (2)
where f....« invVolves conversions such as tokenization, scaling, or encoding, depending on the type of data being processed.

C. Al-Based Threat Detection and Analysis

- Model Selection: Anomaly or threat-indicative pattern detection is accomplished with a machine learning model or
ensemble, e.g., a deep neural network or a recurrent neural network.

6: Model parameters trained to minimize prediction errors.

L: Loss function, typically binary cross-entropy for classification or mean squared error for regression tasks.

Training and Inference Equations:

The model is trained on historical data to minimize the loss:

mein Z?’=1 L(y:Y:) 3)

where y; is the true label and where y; is the predicted label for the i-th data point.
During inference, the model generates predictions on real-time data:

}\1 - ﬁnodel (F' 9) (4)
D. Anomaly detection and thresholding

- Objective: To identify deviations from normal behavior, which may indicate potential security threats.

u and o: Mean and standard deviation of normal behavior on the basis of historical data.

a: Anomaly threshold, which determines when a data point is considered anomalous.

Anomaly score equation:

Anomaly scores are calculated via statistical or machine learning techniques, such as:

Ifi—ul
4, - 5)

where 4; is the anomaly score for feature f;. If A; > «, the data point is flagged as a potential threat.
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E. Automated response and alerting

- Objective: To respond to identified threats in real time while minimizing potential harm to critical infrastructure.
Ry, : Type of response (e.g., alert, block IP, isolate device).

Tesponse: Response time, optimized to reduce the reaction delay.

Response Function:

On the basis of the threat level, the system triggers an automated response:

R - f;esponse (A' Rtype ’ Tresponse ) (6)

where fiesponse Maps the anomaly score and response type to an action, such as generating an alert or isolating a compromised
system.
Figure 2: Workflow of the proposed approach; it starts with data collection and integration, where it gathers data from different
infrastructure sources and unifies it in one format. The second step is feature extraction, where various data are processed to
extract the relevant features that can indicate certain cybersecurity threats. Once the features are extracted, they go through a
module of Al-based detection where machine learning algorithms analyse the data for any unusual pattern or behavior.
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Fig. 2. Al-driven real-time threat detection workflow for ensuring critical Infrastructure

Following detection, the system moves to the anomaly detection phase, where deviations from expected behavior are flagged
as potential threats. On the basis of these findings, an automated response module is activated, triggering predefined actions to
mitigate or neutralize detected threats, such as issuing alerts, isolating compromised systems, or blocking suspicious access.
Each step is represented with labelled boxes and arrows that indicate the logical flow through the system, highlighting the
continuous, automated, and Al-driven nature of this cybersecurity framework. The figure emphasizes the streamlined and
structured process, which is essential for rapid, real-time threat detection and response in critical infrastructure environments.

Adaptive Anomaly Detection and Response System for the Critical Infrastructure Algorithm
import numpy as np

from sklearn.metrics import accuracy score, precision_score, recall_score, f1_score

from sklearn.ensemble import IsolationForest

from sklearn.preprocessing import StandardScaler

threshold = 0.5
model = IsolationForest()

def collect data(sources):
integrated data =[]
for source in sources:
data = source.fetch()
integrated data.extend(data)
return np.array(integrated data)
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def preprocess_data(data):
scaler = StandardScaler()
standardized data = scaler.fit_transform(data)
return standardized data

def detect_anomalies(features, model, threshold):
predictions = model.predict(features)
anomaly_scores = model.decision_function(features)
flagged threats = [(score, pred) for score, pred in zip(anomaly_scores, predictions) if score < threshold]
return flagged threats

def confirm_threats(flagged threats, threshold):
confirmed threats = [threat for threat in flagged threats if threat[0] < threshold]
return confirmed threats
def automated response(threats):
responses = []
for threat in threats:
response = "Alert" if threat[1] == -1 else "No Action"
responses.append(response)
return responses
def evaluate model(true labels, predicted labels):
accuracy = accuracy_score(true_labels, predicted labels)
precision = precision_score(true_labels, predicted labels, pos_label=-1)
recall = recall_score(true labels, predicted labels, pos_label=-1)
fl =f1_score(true_labels, predicted labels, pos_label=-1)
return accuracy, precision, recall, f1
def main():
sources = [sourcel, source2, source3]
true labels=[1,1,-1,1, -1, -1]
raw_data = collect_data(sources)
features = preprocess_data(raw_data)
model.fit(features)
flagged threats = detect_anomalies(features, model, threshold)
confirmed _threats = confirm_threats(flagged threats, threshold)
responses = automated_response(confirmed_threats)
predicted labels = [threat[1] for threat in flagged threats]
accuracy, precision, recall, f1 = evaluate_model(true_labels, predicted labels)

print("Model Evaluation:")

print(f" Accuracy: {accuracy:.2f}")
print(f"'Precision: {precision:.2f}")
print(f"Recall: {recall:.2f}")

print(f"F1 Score: {f1:.2f}")

print(" Automated Responses:", responses)

main()

3.2 Data collection and preprocessing

The effectiveness of an Al-powered cybersecurity system highly depends on the diversity and quality of the data employed for
training and testing. In this study, a blend of real-world and synthetic data was used to achieve robust threat detection ability.

The training and testing data employed are a combination of the following sources:

e Real-World Data: Accumulated from openly available cyber datasets, i.e., CICIDS2017, NSL-KDD, and UNSW-
NB15, which contain various types of cyber attacks, e.g., DoS attacks, brute-force attacks, and botnets. These datasets

include labelled network traffic to enable realistic threat training for the model.

e Synthetic Data: To augment the dataset, adversarial techniques and traffic simulators were used to generate synthetic
attack patterns. This guarantees that the model is exposed to dynamic means of attack, such as zero-day attacks and

adversarial samples, which may not be present in the past data.
To prepare the data collected for processing by Al the following steps were followed:

1. Data Cleaning: Duplicate, contradictory, or missing data records are removed to increase dataset quality.
2. Feature Engineering: Most significant network traffic feature identification methods include packet size, protocol type,

flow duration, and anomaly scores.
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3. Normalization: Scaling features via min—-max normalization for a common input distribution and improved model
performance.

4. Class Balancing: Correction of dataset imbalance through SMOTE (Synthetic Minority Oversampling Technique) to
prevent model bias toward majority classes.

5. Data Splitting: The data were split into 70% training, 15% validation, and 15% testing to avoid overfitting
and allow model generalization.

3.3 Model hyperparameter tuning and overfitting prevention

To obtain the best out of the Al-based threat detection algorithms, extensive hyperparameter optimization was conducted to
achieve a balance between accuracy, computational speed, and generalizability. The
following most significant hyperparameters were optimized via experimental trials:
e Learning rate (1): 0.001--0.01 to achieve smooth convergence without exceeding the optimal weights.
e Batch size: A batch size of 32 was chosen as the middle ground between model stability and memory consumption.
o  Number of Neurons and Layers: Three hidden layers were employed in the deep learning model consisting of 128, 64,
and 32 neurons, respectively, with ReLU activation to prevent vanishing gradients.
e Dropout rate: A 0.3 dropout rate was utilized to avoid overfitting by implementing an effect where random neurons
were dropped during training.
e Regularization (L2): A penalty term (A= 0.01) is added to control model complexity and prevent overfitting.
This model was developed in accordance with the following strategies to ensure that it generalized well to new data and did
not memorize training instances:
1. Cross-validation: To compare the model performance on different data splits, 5-fold cross-validation was used.
2. Early Stopping: Training was monitored with respect to validation loss, and the training was terminated when
improvement was not observed.
3. Data Augmentation: Synthetic anomalies were included to expose the model to different attack scenarios.
4. Ensemble Learning: Several models (e.g., random forest, CNN, and LSTM) were combined to make the prediction
more robust.
These methods ensure that the resulting model achieves levels of high accuracy accompanied by the strength of defying the
differences within real data security settings.
In the interest of rendering the cybersecurity solution reliable and robust, adherence to globally adopted standards remains a
necessity. Adherence to such standards is the implementation of the General Data Protection Regulation (GDPR), National
Institute of Standards and Technology (NIST) guidelines, and International Organization for Standardization (ISO) standards.
The suggested Al-based cybersecurity system incorporates such legal and technical standards in an effort to suggest a
comprehensive and secure solution to safeguard critical infrastructure.
The system is GDPR compliant to the extent of safeguarding and keeping safe the data of the users and its privacy. The needs
fulfilled are the necessity of having a standard of data minimization, where data needed in the cybersecurity process is collected.
This is for purposes of curbing chances of incorrect disclosure of data as well as fulfilling the requirement of the GDPR to
guarantee verification of collection of data as needed. The system also utilizes anonymization and pseudonymization features
so that the anonymity of the users is maintained to avoid making the personal data traceable at all during processing. These are
an essential element in attaining the user confidence along with adherence to GDPR's rigorous privacy policy. The system also
operates on the rights of the users under the GDPR, including their right of access to data and right of erasure, according to
Article 17 (right to erasure). The system provides data subjects with control over their data and therefore ensures transparency
and accountability of data processing activities.
The foundation of the cybersecurity risk management system is the NIST cybersecurity framework (CSF). The CSF has five
major functions: identify, protect, detect, respond, and recover. The system, through the exercising of the functions, is
systematic and proactive in its response to cybersecurity. For example, under the "Protect" function, strong encryption controls
are established to defend data in transit and storage as per NIST Special Publication 800--53. Encryption reappears as a key
feature when there is unwanted access and data integrity. Prevention-oriented processes of risk management in their initial
phase of real-time attack detection are also enabled by the system, which is also given top priority by the NIST under their
theme of monitoring and adaptive security controls. This use of the NIST standards also enhances the ability of the system to
detect and thwart cyber attacks in real-time and hence lessens the effect of security breaches.
The system adheres to a series of ISO standards in ensuring end-to-end privacy and security. A component of compliance is
using ISO/IEC 27001 in establishing an information security management system (ISMS). The standard provides systematic
handling of confidential information under confidentiality, custody, and availability. Through ISO/IEC 27001, the system
implements best practices in the protection of data and communications for critical infrastructure networks. The system also
includes ISO/IEC 27701, which is an extension of the ISMS model to the management of private information. The system
makes the system compliant with data privacy regulations and protects user data in smart systems. The system also encompasses
ISO/IEC 29100, which is a privacy framework for artificial intelligence ecosystems alone. The system addresses the privacy
risks of Al systems by incorporating privacy into the design and operations of the cybersecurity system. With GDPR
compliance, NIST compliance, and ISO compliance, the proposed Al-based cybersecurity mechanism not only adheres to the
laws but also protects critical infrastructure from increasing cyberattacks with an even greater level of security. Collectively,
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these measures constitute an open, privacy-conscious, and agile security solution most appropriate to cater to the heterogeneous
demands of modern critical infrastructures.

4. RESULTS

The new system would greatly improve the detection capability through the use of machine learning methods, thus overcoming
most of the current methods' shortcomings: fewer false alarms and misses. This development is a response to a frequent problem
in safeguarding critical infrastructures, as conventional systems cause too many or useless alarms or miss subtle yet important
threats. In addition, the adaptive capacity of the Al model identifies zero-day attacks and nascent trends in malicious activities,
further increasing its immunity to new cyber threats. On this basis, scientific reports unanimously state that the automated
response capability of the system reduces the threat mitigation time to a minimum. The technology will counteract potential
damage caused by cyber events by triggering a sequence of preprogrammed responses: isolation of the affected component or
immediate alerting of the security teams. This automation of processes, in addition to real-time detection, helps to avoid the
delay normally associated with human intervention, making the response quicker and more consistent. Large and diverse
datasets from various infrastructure sources are processed smoothly, providing the system with increased situational awareness
owing to data integration and preprocessing modules. This feature enables the system to trace complex patterns and correlations
indicative of coordinated attacks—a feature crucial to guaranteeing interconnected infrastructure networks. The accuracy,
precision, recall, and F1 score are the evaluation metrics, which are all very good indicators of overall performance, where
system reliability and adaptability are emphasized in high-stakes environments. The performance of the proposed Al-based
detection method was tested on the basis of a large dataset consisting of 100,000 labelled network traffic records, which were
collected from publicly available cyber security datasets such as CICIDS2017, NSL-KDD, and UNSW-NB15. These datasets
include a range of cyber attacks, i.e., DoS attacks, brute-force attacks, botnet attacks, and zero-day attacks. Training, validation,
and testing were conducted with a 70-15-15 split to provide good generalizability. Evaluation metrics like precision, accuracy,
recall, and F1 score were used on the test set to determine how well the system performs better than the conventional methods
in Table 2.

TABLE II. EVALUATING THE PERFORMANCE PARAMETERS OF AI-POWERED AND TRADITIONAL THREAT DETECTION MECHANISMS
IN CRITICAL INFRASTRUCTURE

Metric Proposed Method | Signature-Based Detection) | Rule-Based Detection | Statistical Anomaly Detection
Accuracy | 0.95 0.85 0.88 0.90
Precision | 0.93 0.82 0.84 0.87
Recall 0.92 0.80 0.83 0.85
F1 Score | 0.92 0.81 0.83 0.86

Figure 3 illustrates a comparison of the performance of four critical measurements—accuracy, precision, recall, and F1 score—
of the proposed Al-based detection approach and three traditional approaches: signature-based, rule-based, and statistical
anomaly detection.
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Fig. 3A. comparison of Al-based and traditional cybersecurity approaches in terms of detection accuracy and effectiveness.

TABLE IlII. HIGHLIGHTS KEY ASPECTS OF DEVELOPING REAL-TIME THREAT DETECTION SYSTEMS BASED ON Al

Aspect Description

Objective Enhance cybersecurity measures through real-time threat detection using Al technologies to protect critical
infrastructure.
1. Data  Collection:  Gathering data  from  sensors, logs, and network traffic.

ey Components 2. Data Processing: Utilizing Al for data normalization and feature extraction.

1.  The first one is machine learning: It is utilized for behavior analysis and anomaly detection
2. A deep learning approach is utilized for big data pattern recognition.

Al Techniques Used
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3. The third is the application of natural language processing to process threats that are text-
based.

Threat Types

. Malware

. Phishing Attacks

. DDoS Attacks

. Insider Threats

. Advanced Persistent Threats (APTs)

Data

. Network Traftic

. User Activity Logs

. IoT Device Data

. Threat Intelligence Feeds

Sources

B WO =AW

Real-Time Processing

Implementing stream processing frameworks (e.g., Apache Kafka, Apache Flink) to analyse data as it
arrives and respond to threats immediately.

Response Mechanisms

1. Automated Incident Response: Using predefined protocols to mitigate threats.
2. Alerts and Notifications: Informing security teams of detected threats.

Challenges

1. Data Privacy Concerns

2. High False Positive Rates

3. Integration with Existing Systems
4. Evolving Threat Landscape

Regulatory Compliance

Ensuring systems comply with regulations (e.g., GDPR, NIST, ISO standards) relevant to cybersecurity in
critical infrastructure.

Future Trends

1. Increased Use of Al and ML: Automated techniques for predicting and mitigating threats.
2. Integration with Blockchain: Ensuring secure data transactions.

4.1 Handling False Positives and System Usability

Artificial intelligence (AI) cybersecurity should maintain a compromise between detection fidelity and system ease of use,
specifically in eliminating false positives (FPs), i.e., legitimate network events incorrectly flagged as attacks. False positives
lead to alert fatigue, reduced user trust, and increased operating costs.

False Positive Reduction Strategies

To reduce false positives and enhance usability, various mechanisms are implemented into the proposed system:

1.

2.

4.

Threshold Optimization: The anomaly detection threshold (t) was fine-tuned to balance detection sensitivity and
specificity, ensuring that only high-confidence anomalies triggered alerts.

Context-Aware Filtering: Anomalies are cross-verified against historical activity patterns to distinguish between
benign and malicious deviations.

Adaptive Learning: The model continuously updates its decision boundaries on the basis of real-time feedback,
improving accuracy over time.

Human-in-the-Loop (HITL) mechanism: Security analysts can override false alerts, refining the system's decision-
making process.

Impact on Usability: Compared to the baseline models, these optimizations resulted in a 30% reduction in false positives. By
the enhancement in user confidence, security teams can focus on real threats and not on false alerts. The response latency also

dropped
not only

by 40%, enhancing real-time mitigation. With these enhancements, the proposed Al-based threat detection system is
accurate but also deployable in real-world environments.

4.2 Performance evaluation: inference time and computational overhead

The efficiency of an Al-driven real-time cybersecurity threat detection system not only depends on accuracy but also on its
inference time (computing speed) and computational overhead (resource utilization). High-latency models lead to delayed
response actions, thereby opening up the systems to attack, whereas excessive computational overhead on low-resource
machines can make deployment impossible. The real-time capabilities of the designed Al model were evaluated using the
following hardware and software setups:

1.
2.
3.
4.
5.
The eval
1.
2.
3.

Hardware: Intel Core 19-12900K, 32 GB RAM, NVIDIA RTX 3090 (24 GB VRAM)
Software: Python 3.9, TensorFlow 2.9, Scikit-learn 1.1

Dataset: CICIDS2017 for real-world attack scenarios

Batch size: 32

Frameworks: Optimized TensorFlow with CUDA acceleration

uation metrics include the following:

Inference Time (T _inf): Classifying time for a single data point.
Computational Overhead (CO): CPU/GPU utilization and memory usage consumed by the model during execution.
Response latency (RL): The duration between the detection of a threat and the activation of an automated response.

The following table presents a comparative analysis of inference time and computational overhead across different Al-based
threat detection models:
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TABLE IV. PERFORMANCE COMPARISON OF AI-BASED THREAT DETECTION MODELS: INFERENCE TIME AND COMPUTATIONAL

OVERHEAD
Model Type Accuracy | Precision | Recall | Inference Time (ms) Computational Overhead (%)
Proposed Model (Hybrid AI) 0.95 0.93 0.92 4.2 ms 18.5%
CNN-based IDS 0.91 0.89 0.88 6.8 ms 23.7%
LSTM-based IDS 0.89 0.87 0.86 7.3 ms 26.1%
Rule-Based IDS 0.85 0.82 0.81 2.1 ms 11.3%

The proposed hybrid Al model outperforms traditional CNN- and LSTM-based models in terms of accuracy (0.95) and recall
(0.92) while maintaining an inference time of 4.2 ms, which is 38% faster than that of LSTM-based intrusion detection systems.
The computational overhead of the proposed model is 18.5%, which is lower than those of the CNN-based and LSTM-based
models but higher than those of rule-based systems, which are not adaptable to changing threats. The response latency (RL)
measured at 15.7 ms demonstrates the system's ability to activate automated countermeasures in near real time. The proposed
Al-driven system ensures scalability in real-time deployment of critical infrastructure cybersecurity while maintaining high
accuracy and adaptability by optimizing inference time and reducing computational overhead.

4.3 Improving Adversarial Robustness in AI-Driven Cybersecurity

While Al-driven cybersecurity solutions are highly effective, they are vulnerable to adversarial attacks, where attackers
manipulate data to deceive machine learning models. Cybersecurity defenses are significantly undermined by such attacks,
which can lead to misclassification of threats or evasion by sophisticated malware. As a result, the proposed system integrates
several adversarial robustness techniques:

Adpversarial training: The FGSM and PGD are used to create adversarially perturbed data for training the model to improve its
resilience against manipulated inputs.

Defensive Distillation: In this technique, the model is trained on softened probability distributions instead of hard labels.
Feature Squeezing: By reducing bit depths and injecting Gaussian noise into inputs, adversaries are more likely to fail.

To ensure robust threat detection even in adversarial environments, the system utilizes a combination of models (e.g., CNNs,
LSTMs, and random forest classifiers). The incorporation of these techniques enhances the system's resilience against
adversarial manipulation, increasing the reliability of Al-based cybersecurity in the real world.

4.4 Scalability and Large-Scale Deployment in Critical Infrastructure

The application of Al-powered threat detection in high-risk infrastructure environments is faced with a number of challenges
that include latency demands, integration into legacy systems, and real-time processing demands on data. The solution
amalgamates the following components to enable large-scale deployment feasibility:

The placement of light-weight Al models at the edge (e.g., on IoT security appliances) enables local real-time threat detection
with reduced data transmission latency.

Cloud-Native Architecture: Scalability between numerous nodes of security is made possible through containerized
microservices (Docker, Kubernetes) without slowing down central servers.

Federated Learning for Distributed Threat Intelligence: Federated learning does not send raw data to a centralized server but
instead trains Al models locally on distributed nodes in order to preserve data privacy while strengthening global cybersecurity
intelligence.

Dynamic Load Balancing: Computational resources are made efficient by adaptive workload distribution to ensure smooth
operation under varying cyber threat levels.

As a result of these optimizations, the system is well-suited for scaling across industrial, financial, and government
infrastructure, offering end-to-end cybersecurity protection without compromising speed or reliability.

4.5 The need for explainable AI (XAI) in cybersecurity

e One of the primary issues is Als' inability to explain and be transparent about their decision-making, even with the
advancement of Al-powered cybersecurity. A security-critical application suffers from this deficiency, which gives
rise to trust, accountability, and regulatory compliance issues. Explainable artificial intelligence in cybersecurity is
required:

e Regulatory Compliance: Institutions handling sensitive data must comply with regulations such as the GDPR, NIST,
and ISO 27001, which call for explainability in automated decision-making.

o  Trust and Adoption: Security professionals must understand how Al determines to take action on threat alerts with
certainty.

e Reducing false positives: By explaining the reasons behind alerts for detected threats, analysts can tune their detection
models and eliminate duplicate security alerts.

4.5.1 Explainability Techniques in the Proposed System

In order to promote interpretability, the system under proposal includes the following:
1. SHAP (Shapley Additive Explanations): Promotes analysts' understanding of the reason behind every alert.
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2. LIME (Local Interpretable Model-Agnostic Explanations): Human-understandable explanations of Al actions are
produced based on approximated decision models.
3. Counterfactual Explanations: It produces substitute inputs, which could result in substitute model decisions, helpful to
analysts in debugging Al predictions and improving the credibility of the models.
With XAI methods embedded in the proposed system, Al-driven threat detection not only is accurate but also explainable,
boosting trust, usability, and compliance.

5. CONCLUSION

This work proposed an Al-based real-time threat detection model to enhance cybersecurity in critical infrastructure
environments. The proposed model enhances the detection accuracy, precision, and recall over the state-of-the-art detection
models at the cost of a low inference time and computational cost. By combining machine learning-driven anomaly detection
and autonomous response functionalities, the system was able to suppress false positives and response latency, thus providing
a scalable and trustworthy cybersecurity solution. The integration of ensemble learning and adversarial training techniques also
made the system more adversarially robust to guarantee successful threat detection in ever-evolving cyber threat scenarios.
Even with all these limitations, there are a few challenges that implementation in the real world still poses. They include, for
example, compatibility with existing infrastructure, where incompatibility issues and real-time processing would create
impediments for smooth uptake. Additionally, ever-changing cyber threats necessitate frequent model updating to avoid
obsolescence. The other critical challenge is adhering to data privacy regulations (e.g., GDPR, NIST, ISO) without
compromising high detection efficiency. To address such challenges, future research must focus on the incorporation of
explainable Al (XAI) techniques to enhance model interpretability and trust among users. Security analysts might not fully
comprehend Al-driven threat decisions, leading to uncertainty regarding cybersecurity measures. With the combination of
SHAP, LIME, and counterfactual explanations, future systems should provide more explainable explanations in Al-based threat
categorizations, reducing false alerts and improving operational decision-making. Future research should explore federated
learning for decentralized cybersecurity architectures to enable threat adaptability without compromising data privacy. Using
blockchain-based security paradigms can also improve data integrity and authentication processes in Al-based cybersecurity
solutions.
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