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Abstract

The increasing sophistication of cyberattacks necessitates advanced methods of intrusion detection
to safeguard modern networks. Port scanning, often the precursor to more complex cyber threats,
remains one of the most commonly used techniques for identifying vulnerabilities in networked
systems. This paper explores the role of artificial intelligence (Al) in enhancing the detection of port
scan activities in network security. Traditional methods, such as signature-based and statistical
approaches, have been instrumental but struggle to cope with emerging attack techniques. We
examine Al-based solutions, including machine learning (ML), deep learning (DL), and anomaly
detection models, focusing on their ability to improve the accuracy, efficiency, and scalability of
port scan detection. The challenges associated with implementing Al in this domain, such as data
quality, computational complexity, and interpretability, are also discussed. Finally, the paper
highlights promising advancements, including reinforcement learning, federated learning, and the
integration of threat intelligence, that are poised to drive the future of Al-based port scan detection
systems. The ongoing research and technological innovations in Al hold significant promise for
strengthening cybersecurity defenses and providing more robust protection against port scanning and
other cyber threats.
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\.Introduction

Traditional port scan detection methods, such as signature-based systems, rely on predefined attack patterns and
often fail to detect novel or sophisticated scan techniques [ ¢]. As cyber threats continue to evolve, machine learning
(ML) and artificial intelligence (Al)-driven methods are emerging as promising solutions for enhancing the accuracy
and scalability of intrusion detection systems (IDS) [°]. These methods have shown potential in identifying complex
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patterns and adapting to new, previously unseen attack vectors, thereby improving the overall resilience of network
security [V][V].

The main objective of this article is to explore the application of Al-based approaches in the detection of port scan
attacks, with a focus on their effectiveness, challenges, and future directions. We will review recent advancements in
Al techniques, such as deep learning, reinforcement learning, and anomaly detection, which have been integrated
into IDS frameworks to detect port scan activities. Additionally, the article will discuss the limitations of these
technologies and propose potential research avenues to overcome existing challenges in Al-based port scan
detection.

Y.Port Scan Detection Methods

Port scan detection remains a critical aspect of network security, as attackers often use port scans
to identify open or vulnerable services. Traditional detection methods have had varying degrees
of success, but the rise of Al-based techniques has significantly advanced the accuracy and
adaptability of intrusion detection systems (IDS).

Y,).Traditional Approaches: Challenges and Limitations

Port scan detection has historically relied on signature-based methods, which are effective at
identifying known attack patterns but fall short when faced with novel or evolving threats.
Signature-based systems rely on predefined patterns that match malicious activities, but they are
not designed to detect previously unknown attacks or polymorphic scans that change their
behavior to evade detection. These methods are often static, requiring continuous updates as new
signatures emerge, which can strain resources and make detection slower. Furthermore,
signature-based systems are prone to high false-negative rates when dealing with attacks that
deviate from established patterns [°].

Anomaly-based systems aim to address some of these shortcomings by detecting deviations from
typical network behavior. By modeling what constitutes "normal” traffic, these systems can spot
unusual activity indicative of an attack, even if the attack has never been seen before. For
example, a sudden spike in connections to a single port, which is not typical for the network,
could trigger an alert. However, these systems suffer from a significant challenge: they often
generate high false positives because benign network behavior (such as a legitimate burst of
activity or maintenance scans) can be mistaken for an attack. This trade-off between false
positives and detection rates remains a core problem in the field [A].

Behavior-based detection has also been explored, which involves the identification of patterns
associated with specific types of scans, such as SYN floods or stealth scans (e.g., FIN, Xmas,
and Null scans). However, this method is highly dependent on the ability to classify scan patterns
effectively, and it can struggle with distinguishing between legitimate administrative scans and
malicious scanning behavior.

Y,Y.Al-Based Approaches: Advanced and Adaptive Solutions
With the advent of Al and machine learning, the landscape of port scan detection has
transformed. Al-based systems offer dynamic, adaptable solutions that can automatically learn

from network traffic and improve their detection performance over time.

Deep Learning (DL) has proven to be particularly effective in detecting port scans by learning
hierarchical representations of data. A study by Zhang et al. [')] demonstrated that
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Convolutional Neural Networks (CNNs) can be trained on raw traffic data to classify different
types of scans with high accuracy. Unlike traditional methods that require manual feature
selection, DL models automatically identify important features, such as packet length, inter-
arrival time, and connection frequency, enabling them to detect subtle attack patterns that might
be overlooked by other techniques. This ability to learn complex, high-dimensional
representations of network traffic allows deep learning models to adapt to new, unknown attacks
without needing retraining from scratch. Furthermore, CNNs are highly efficient in identifying
spatial dependencies in data, which makes them suitable for detecting attack patterns that span
across multiple packets or flows [ Y].

Another powerful Al approach is Reinforcement Learning (RL), which allows IDS systems to
dynamically adapt and improve based on feedback from previous detection results. In RL, an
agent learns to make decisions (e.g., classifying traffic as benign or malicious) by interacting
with its environment and receiving rewards or penalties based on its actions. One notable
advantage of RL is its ability to optimize decision-making policies over time, reducing false
positives and improving the detection of novel attacks. A reinforcement learning model trained
on network traffic data can learn to distinguish between normal network activity and port scans
by associating specific features (such as unusual traffic rates or port access patterns) with
malicious behavior, continuously adjusting its strategies to minimize errors and maximize
detection accuracy ['Y].

Anomaly Detection with Al is also becoming increasingly popular in the context of port scan
detection. This technique uses machine learning algorithms to model "normal™ network behavior
and flag deviations as potential security incidents. For example, a machine learning model may
learn that, in a typical network, no more than ¢+ unique ports are accessed within a given time
frame. If an attacker scans Y,:++ ports within the same time frame, the model detects this
anomaly and raises an alert. Machine learning-based anomaly detection systems have been
shown to significantly reduce false positives compared to traditional rule-based anomaly
detection systems. These models are capable of learning the intricate patterns and features that
constitute "normal” behavior, allowing them to detect previously unseen or zero-day attacks
more effectively [ £].

Hybrid Approaches have also emerged, combining Al with traditional detection methods to
create more robust and accurate detection systems. For example, Al-powered anomaly detection
can be combined with signature-based systems to provide a layered defense. The signature-based
system can quickly identify known threats, while the Al system can flag new, unknown attacks
based on traffic anomalies. This hybrid approach ensures that the system is both highly accurate
and adaptable, offering superior detection capabilities in dynamic network environments [ ¢].

¥,¥.Case Study: Al for Port Scan Detection in Real-World Networks

A practical example of Al-enhanced port scan detection is the implementation of an Al-powered
IDS in an enterprise network. In one study by Liu et al. [Y1], a deep learning model was
deployed to monitor traffic across multiple network segments. The model was trained to identify
both port scanning and denial-of-service (DoS) attacks. During the deployment, the Al system
was able to detect novel attack patterns that were previously undetected by traditional signature-
based IDS systems. Additionally, the system's ability to dynamically adapt to new traffic patterns
resulted in a significant reduction in false-positive alerts, improving the operational efficiency of
the network security team.
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The study found that the Al model was partlcularly effective at detecting low-and-slow scans,
which typically evade traditional IDS due to their stealthy nature. The ability to automatically
learn from network traffic and detect both known and unknown attack types made the Al-based
IDS a valuable tool for safeguarding the network. This case study highlights the growing
importance of Al in enhancing the capabilities of traditional detection systems.

¥.Evaluation and Challenges of Al-Based Port Scan Detection

While Al-based port scan detection systems have shown significant promise, several challenges
must still be addressed to improve their accuracy, scalability, and reliability in real-world
environments. These challenges involve data quality, model interpretability, computational
requirements, and adapting to evolving attack techniques.

¥,1.Challenges in Al-Based Detection
¥,1,\. Data Quality and Labeling Issues

Al systems, particularly supervised learning models, require high-quality labeled data to train
effectively. In the context of network traffic, gathering accurate labeled datasets for port scan
detection can be difficult. Many attacks are low-and-slow, meaning they produce very few
noticeable anomalies that can be clearly labeled as "attack™ or "non-attack.” Furthermore, the
datasets used for training often have inherent biases or imbalances—such as an
overrepresentation of normal traffic—Ileading to challenges in detecting rare or sophisticated
attacks ['VY]. To mitigate this, synthetic data generation techniques or expert-driven data labeling
efforts can be employed, but these solutions often introduce their own challenges related to data
representativeness and labeling consistency.

¥,V,Y. Model Interpretability and Explainability

Al models, particularly deep learning models, often act as "black boxes," meaning their decision-
making processes are not easily understood by humans. This lack of transparency poses a
significant problem in cybersecurity, where understanding the rationale behind a detection is
crucial for trust and accountability. Security teams need to understand why an Al system flagged
certain traffic as suspicious and how certain features (e.g., packet size, inter-arrival time)
influenced the decision. Without interpretability, security professionals may be hesitant to rely
on Al-based systems, especially when high-stakes decisions are at hand. Techniques such as
explainable Al (XAI) are emerging to address this issue, but the field is still developing, and not
all models are fully explainable at this stage [YA].

¥,V,¥. Adapting to Evolving Attack Techniques

Port scan behavior evolves rapidly, with attackers continuously adapting their scanning methods
to evade detection. For instance, they may use encrypted communication channels, perform
scans from multiple sources to distribute the load (distributed scanning), or employ stealth
techniques such as slow scanning or using uncommon port ranges. Al models must be
continuously updated and retrained to detect these novel techniques effectively. This dynamic
nature of cybersecurity requires constant vigilance and adaptation, which can be resource-
intensive. The challenge of generalizing Al models to detect previously unseen attacks remains
an open problem, and overfitting (where models become too specific to training data) is a
common issue [ 4].
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¥,V, ¢, Computational Complexity and Resource Demands

Al models, particularly deep learning models, can require substantial computational resources,
especially when handling large-scale network traffic datasets in real time. In production
environments, where thousands or even millions of packets are transmitted every second,
processing the traffic with Al-based IDS can lead to significant delays if not optimized properly.
The trade-off between detection accuracy and real-time processing speed is a critical
consideration in deploying Al-based systems in high-throughput environments. Additionally, the
hardware infrastructure required to support Al systems might not always be available or cost-
effective for smaller organizations or those with limited resources [Y+].

¥,Y.Evaluation Metrics and Performance Comparison

The effectiveness of Al-based port scan detection systems is typically evaluated using several
key metrics:

¥,Y,\. Detection Rate and Accuracy

The detection rate, or True Positive Rate (TPR), is one of the most important metrics for
evaluating any IDS system. A higher detection rate means that the system successfully identifies
a larger portion of attacks. In Al-based systems, detection rates tend to improve as the models
become more sophisticated and are exposed to more diverse data. Performance improvements
are often seen in the form of better handling of low-and-slow attacks, distributed scans, and other
stealthy tactics that traditional methods struggle to detect.

¥,Y,Y. False Positive and False Negative Rates

A major challenge in port scan detection is balancing the False Positive Rate (FPR) and False
Negative Rate (FNR). A low FPR is crucial to avoid overwhelming security teams with
irrelevant alerts, while a low FNR ensures that real attacks are not missed. Al-based systems,
especially those using deep learning or reinforcement learning, often perform better at balancing
these rates compared to traditional signature-based and anomaly-based IDS. However, achieving
this balance in real-time detection remains a challenge. For instance, a study by Bhattacharya et
al. [Y"] found that an Al-powered IDS reduced false positives by Y7 while maintaining a high
detection rate for port scan attacks.

¥,Y,¥. Real-Time Performance and Scalability

In high-traffic environments, the ability of an Al-based system to handle large volumes of data
with minimal delay is a crucial factor. Scalability is particularly important as network size and
complexity grow. Al-based systems may require optimizations, such as distributed learning or
edge computing, to reduce latency. Performance evaluations often include benchmarks like
processing time per packet, the time taken to update the model, and system throughput.

¥,Y,¢. Robustness to Evasion Techniques
Al-based detection systems need to be evaluated on how well they can adapt to novel evasion

techniques, such as encrypted scans, obfuscation of packet characteristics, or multi-source
scanning. Systems that use deep learning or ensemble methods are generally more robust to these
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advanced evasion techniques because they can learn more complex patterns of attack. In
contrast, traditional methods based on fixed signatures are generally much more susceptible to
evasion.

¥,¥.Case Study: Al Performance in Real-World Networks

In a comparative study, Gallo et al. [YY] tested the performance of several IDS models, including
Al-based and traditional systems, against real-world network traffic. The Al-based systems,
including models based on random forests, deep learning, and reinforcement learning,
consistently outperformed traditional signature-based IDS in terms of detection rate and
adaptability to new attack patterns. Moreover, the Al-based systems demonstrated a significantly
lower rate of false positives, indicating that they were better at distinguishing legitimate traffic
from potential threats.

In one instance, the study showed how an Al-powered IDS was able to detect an advanced
stealth scan that evaded traditional systems. By analyzing a combination of packet timings,
sequence numbers, and port access patterns, the Al model was able to identify the attack as a
multi-source, low-and-slow scan, which traditional systems failed to classify correctly.

¢ .Future Directions and Advancements in Al-Based Port Scan Detection

The field of Al-based port scan detection is evolving rapidly, with new advancements in machine
learning algorithms, data processing techniques, and integration with other security technologies.
This section explores some of the promising directions for future research and potential
advancements that can further enhance the efficacy of Al-based systems.

t,). Integration with Hybrid Detection Systems

One promising direction for future research is the integration of Al-based IDS with hybrid
models that combine both machine learning (ML) and traditional detection methods. While Al
techniques, such as deep learning and ensemble methods, offer higher accuracy and adaptability,
traditional signature-based approaches still play a crucial role in detecting well-known attacks.
By integrating these systems, researchers can harness the strengths of both approaches to create a
more robust and versatile detection system.

For example, machine learning models can be used to detect unknown or novel attack patterns,
while traditional methods can quickly identify known signature-based attacks, providing a faster
initial layer of defense. A hybrid system could also adaptively select the most appropriate
detection technique based on the nature of the traffic, ensuring efficient use of resources without
compromising on detection quality [YY].

¢,Y. Transfer Learning and Federated Learning

In real-world scenarios, collecting vast amounts of labeled data to train Al models can be
challenging due to privacy concerns and data scarcity. Transfer learning and federated learning
are two techniques that could significantly improve Al-based port scan detection systems,
especially in environments where data sharing is restricted.
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Transfer learning enables the use of models pre -trained on large, publicly available datasets for a
specific task, which can then be fine-tuned on smaller, domain-specific datasets. This approach
reduces the need for large amounts of labeled data and allows Al models to leverage knowledge
from other domains, improving their performance on tasks with limited data.

Federated learning allows organizations to train Al models collaboratively without sharing their
sensitive data. Instead of transferring the raw data to a central server, federated learning enables
the model to be trained locally on each device or network, with only model updates being shared.
This approach not only preserves privacy but also helps improve the accuracy of Al models
across diverse environments by allowing the system to learn from a wide variety of real-world
data sources [Y £].

¢,¥. Real-Time and Edge Al-Based Detection

With the increasing demand for real-time network security, researchers are exploring ways to
deploy Al models directly on network edge devices to minimize latency and increase response
times. Edge computing refers to processing data closer to its source rather than sending it to
centralized cloud servers. By utilizing edge devices such as routers, switches, or even loT
devices, Al models can identify and mitigate threats locally without waiting for data to traverse
the entire network.

Edge Al-based detection systems would enable real-time analysis of network traffic and faster
response to port scan attacks. This distributed approach reduces the dependency on centralized
cloud infrastructures and ensures that even in bandwidth-constrained environments, Al models
can still function effectively. It also offers the advantage of offloading some of the processing
power needed for Al, reducing overall computational requirements for the central server [Y°].

¢, ¢, Multi-Layered Security and AI-Driven Threat Intelligence

As cyber-attacks become more sophisticated, there is an increasing need for a multi-layered
approach to security. Al-based IDS can be integrated with other security technologies such as
intrusion prevention systems (IPS), firewalls, and anomaly detection frameworks to create a
comprehensive security strategy. These multi-layered systems use Al to enhance threat
intelligence, sharing data between systems to improve detection across various attack vectors.

Al-driven threat intelligence can aggregate data from multiple sources—such as network logs,
social media, and dark web monitoring—and identify patterns or indicators of compromise
(10Cs) that may otherwise go unnoticed. By correlating data across different layers,
organizations can achieve a more proactive security posture, allowing for the detection of early
warning signs and potential port scan attacks before they escalate [Y1].

t,9, Explainable Al for Trust and Accountability

As discussed earlier, the "black-box™ nature of Al models has been a concern for cybersecurity
professionals, especially in high-stakes environments where understanding why a model made a
specific decision is crucial. In the future, greater emphasis will be placed on developing
explainable Al (XAI) solutions for port scan detection.
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XAl technigques aim to make machlne Iearnlng models more transparent by providing
understandable explanations of the model’s decision-making process. For instance, when an Al
system flags a particular network activity as suspicious, XAl tools can break down the decision-
making process, showing which specific features (e.g., packet size, frequency, or source IP)
contributed to the decision. This increased transparency not only builds trust in Al systems but
also helps security analysts better understand and investigate potential threats, facilitating faster
and more effective incident response [YVY].

¢,1. Leveraging Deep Reinforcement Learning for Dynamic Defense

Deep reinforcement learning (DRL) is a subset of Al that allows models to learn optimal
behaviors through trial and error, mimicking how humans learn from interacting with their
environment. In the context of port scan detection, DRL can be used to dynamically adjust the
defense mechanisms based on the evolving nature of network traffic and attack techniques.

By continuously learning from both legitimate traffic and attack patterns, DRL systems can
adaptively modify detection strategies, such as adjusting thresholds or focusing on different
features that indicate potential threats. This dynamic capability enables Al systems to evolve
alongside emerging attack techniques, offering more robust protection in the face of ever-
changing threats.

For example, a DRL-based port scan detection system could identify a new type of port scanning
behavior and adapt its detection strategy accordingly, without requiring manual updates to the
system [YA].

¢,V. Leveraging Natural Language Processing (NLP) for Anomaly Detection

Natural Language Processing (NLP), traditionally used for text analysis and understanding, is
gaining traction in the domain of network security, particularly in anomaly detection. NLP
techniques can be applied to analyze network traffic patterns as a form of "language,” where
each packet of data, its source, destination, timing, and payload could be treated as "words" and
"sentences."

By utilizing NLP, Al systems can detect subtle deviations in network behavior that might
indicate port scan activity. For instance, sudden bursts of traffic from a single source could be
recognized as a form of "linguistic anomaly,” signaling a potential attack. NLP techniques can
also analyze communication protocols and identify unusual behavior, even in encrypted traffic,
using methods like deep learning models that recognize the flow patterns indicative of port
scanning.

As the field of Al-enhanced threat detection continues to evolve, NLP's capabilities will be
instrumental in recognizing not only port scans but also other forms of attack that often manifest
through irregular network "dialogues.” Integrating NLP into detection systems will contribute to
a deeper understanding of network behavior, allowing for faster and more accurate identification
of potential intrusions [Y4].
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¢,A. Quantum Computing and Al for Advanced Detection Techniques

Although still in its early stages, quantum computing has the potential to revolutionize
cybersecurity, including port scan detection. Traditional computational models struggle to keep
pace with the increasing complexity of cybersecurity threats, as Al models themselves require
extensive resources to process large datasets. Quantum computers, which leverage quantum bits
(qubits) for massively parallel processing, offer the promise of significantly faster and more
powerful Al-based algorithms for threat detection.

By applying quantum algorithms, Al models could process and analyze network traffic patterns
at unprecedented speeds, potentially reducing detection time from seconds to milliseconds. This
could make a substantial difference in real-time intrusion detection, especially in dynamic, large-
scale network environments. Quantum-enhanced machine learning models could also lead to
more accurate port scan detection by identifying minute, complex patterns of behavior that
traditional systems would miss.

Though practical, large-scale quantum computers for cybersecurity are still a few years away,
ongoing research into quantum-enhanced Al offers a glimpse into a future where Al can detect
port scan activities and other cyberattacks with unparalleled precision and speed [+ ].

t,4. Advanced Behavioral Analysis with Al and Big Data

As cybercriminals evolve their tactics, traditional signature-based detection methods fall short of
identifying more sophisticated, low-profile attacks. Behavioral analysis powered by Al has
become a pivotal tool for detecting anomalies in user and device activities that are consistent
with port scanning or other forms of network reconnaissance.

Al systems that combine Big Data analytics with behavioral profiling are capable of identifying
subtle changes in network traffic that might indicate a port scan. By analyzing vast amounts of
data from across the entire network and learning the usual behavior of devices and users, Al
models can create a "normal” profile for network interactions. Any deviation from this normal
behavior, such as repeated access to multiple closed ports or a surge in requests from a particular
IP address, can be flagged as a potential intrusion attempt.

The use of Big Data also allows Al models to consider contextual factors, such as time of day,
geographical location, and historical network activity, in their decision-making processes. This
broader perspective enables Al systems to improve the accuracy of detection, reducing false
positives and catching increasingly sophisticated port scanning methods.

In the future, this integrated approach of Al, Big Data, and behavioral analysis will lead to more
adaptive and intelligent detection systems, which can respond quickly and effectively to port
scanning threats and other cyberattacks [Y].

£, .. Challenges in Deploying Al for Port Scan Detection
While Al-based methods hold great promise for improving port scan detection, several

challenges remain in their widespread deployment. These challenges need to be addressed to
fully realize the potential of Al-driven solutions in network security.
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One of the biggest challenges in training Al models for port scan detection is the availability and
quality of labeled data. Al models, especially supervised learning models, require large amounts
of high-quality labeled data to learn the characteristics of both normal and malicious traffic.
However, obtaining labeled data for port scans can be difficult, especially in real-world
environments where the frequency of port scans may be low.

Moreover, the data used to train these models must be diverse and representative of various types
of attacks, network topologies, and real-world traffic. Without high-quality, well-labeled
datasets, Al models may underperform or fail to generalize across different network
environments. This issue is particularly acute in industries with sensitive data, where training
data must be anonymized or restricted for privacy and security reasons [YY].

£,1+,Y. False Positives and Model Interpretability

One of the ongoing concerns in Al-based detection systems is the false positive rate, which
refers to instances where legitimate traffic is incorrectly flagged as a potential threat. False
positives can significantly reduce the effectiveness of a detection system, as they may lead to
unnecessary alerts, security breaches being overlooked, or even system downtime. In port scan
detection, a false positive might involve legitimate users engaging in activities that mimic a scan-
like pattern, such as network maintenance or system updates.

To mitigate this, models need to be fine-tuned and carefully optimized to reduce false positives
without sacrificing the detection of genuine attacks. Achieving this balance often requires careful
attention to feature selection, model selection, and the training process.

Another major challenge is model interpretability. Al models, particularly deep learning systems,
are often criticized for their "black-box™ nature, meaning it is difficult for security professionals
to understand why a model made a specific decision. This lack of interpretability can undermine
trust in the system, especially in critical security applications like port scan detection, where a
wrong decision can lead to serious consequences. Developing more explainable Al systems will
be crucial to improving trust and adoption of Al in cybersecurity [YY].

£,1+,Y. Adaptability to New and Evolving Threats

Port scan techniques are constantly evolving as attackers develop new methods to evade
detection. In traditional detection systems, signature-based methods struggle to detect new,
previously unseen attacks. Al-based systems, particularly unsupervised learning models, hold
the promise of learning new attack patterns on their own. However, even Al models can struggle
to keep up with the rapid pace of evolving threats, particularly if they are not continuously
retrained with new data.

To address this, Al models must be capable of adapting to new threats dynamically. This
requires regular updates to the training data and retraining of models to incorporate new attack
strategies. In addition, model robustness should be ensured so that they are resilient to
adversarial attacks, where attackers deliberately craft malicious traffic designed to fool Al
detection systems.
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£,V ., ¢, Computational Costs and Infrastructure Requirements

Al-based port scan detection systems, especially deep learning models, require substantial
computational resources, both for training and inference. For large-scale networks, running these
models in real-time can be resource-intensive, leading to high costs in terms of processing
power, storage, and energy consumption.

¢.Conclusion

In conclusion, Al-driven approaches to port scan detection offer significant advantages over
traditional methods, particularly in handling complex and evolving threats. Machine learning and
deep learning models enhance detection accuracy, scalability, and adaptability, addressing key
challenges like false positives and real-time response. However, challenges remain, such as the
need for large datasets and computational costs. Future research should focus on improving
model efficiency, data handling, and system accessibility to further strengthen network security.
Al has the potential to significantly improve the defense against port scan and other cyber threats
in today’s rapidly changing digital landscape.
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