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Abstract—This paper reviews the integration of artificial
intelligence into Nmap-based network scanning,
addressing the limitations of traditional port scanners
and identifying opportunities for intelligent automation.
We summarize literature on Nmap’s functionality (fast
host discovery, port and OS detection) and its scalability
issues in Internet-wide scans. We also review Al and
machine learning applications in cybersecurity (e.g. ML-
based intrusion detection, anomaly analysis) and recent
Al-driven vulnerability scanners (such as DQN-based
penetration testing and ML-enhanced scanners). The
problem is that conventional scanners require manual
tuning and miss contextual insights, motivating the
objective of creating an Al-augmented Nmap
framework. Our contribution is a proposed system
combining Nmap with ML algorithms for adaptive
scanning, anomaly detection, and automated threat
response. Key findings from the literature include
Nmap’s strong baseline performance but inability to
prioritize risks, the effectiveness of ML/AI for pattern
recognition and predictive threat detection, and the gap
in real-time intelligent decision-making in scanning tools.
The novel approach promises reduced scan overhead,
better prioritization of vulnerabilities, and faster
detection of novel threats. Potential limitations (data and
training requirements, computational cost, and
adversarial robustness) are discussed. This abstract
summarizes the review findings, states the scope and
objectives of the proposed research, and highlights the
expected benefits and challenges of integrating Al into
network scanning.

Index Terms—Nmap, Al-driven vulnerability scanning,
Machine learning, Intrusion detection systems, Anomaly
Detection, Network scanning, Cybersecurity,
Vulnerability Assessment, Al-based network scanning,
Adaptive scanning, Automated threat detection, Al-
enhanced security.

[. INTRODUCTION

Nmap (Network Mapper) is a long-established open-
source network scanner used for host discovery, port
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enumeration, service/version detection, and OS
fingerprinting[1]. Its functionality (including fast
scans and a scriptable engine) has made it
indispensable for network reconnaissance and security
audits. However, modern cybersecurity research
emphasizes that static, rule-based scanning tools
struggle with evolving, sophisticated threats. For
example, He et al. (2025) note that ML-based intrusion
detection can automatically distinguish malicious
from benign traffic patterns in ways traditional
scanners cannot[2][3]. In light of this, recent studies
propose integrating Al and machine learning into
network security. This review surveys existing work
on traditional network scanning (e.g. Nmap), Al in
cyber defense, machine learning approaches to threat
detection, and emerging Al-enhanced scanning tools,
identifying gaps that motivate Al-augmented Nmap.

II. TRADITIONAL NETWORK SCANNING
TECHNIQUES

Traditional vulnerability scanning relies on tools like

Nmap to map network assets. Nmap’s core functions

include host discovery and port scanning (enumerating

open ports)[1]. Its features include:

e Host Discovery: Identifying which hosts are alive
on a network.

e Port Scanning: Enumerating open TCP/UDP
ports on targets[1].

e Version Detection: Probing running services to
determine their application names and
versions[1].

e OS Fingerprinting: Using TCP/IP stack
fingerprinting to identify target operating
systems[4].

e Scripting Engine (NSE): A Lua-based system
allowing custom scripts for advanced detection
tasks[5].
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Nmap supports many scanning techniques (e.g. TCP
SYN (“stealth”) scans, TCP connect scans, UDP
scans) to tailor scans to network conditions[6]. Its
scripting engine (NSE) lets users automate complex
tasks like service fingerprinting and basic
vulnerability checks[5]. These capabilities, along with
its speed for small to mid-size scans, make Nmap
widely used in security practice[7]. In practical audits,
Nmap is often used first to discover hosts and ports,
and then tools like Nessus or OpenVAS analyze
identified services against vulnerability databases. As
noted by researchers, “Nmap identifies open ports and
services, [while] Nessus/OpenVAS detect known
vulnerabilities and provide risk scores,” so these tools
are complementary|[8§].

III. ARTIFICIAL INTELLIGENCE IN NETWORK
SECURITY

Artificial intelligence and machine learning have been
increasingly applied to cybersecurity domains. ML
and deep learning models can process large volumes
of network data to recognize complex patterns. He et
al. (2025) highlight that ML-based systems—such as
neural-network-based IDS can learn to distinguish
benign from malicious traffic by identifying intricate
patterns in network flows, capabilities beyond static
rule-based methods[2][3]. Deep learning architectures
(CNNs, RNNs, transformers) have shown strong
performance in tasks like malware classification and
encrypted traffic analysis[14]. Crucially, Al systems
can adapt to new, unknown attacks: unlike fixed
signatures, they generalize from data and maintain
high accuracy as threats evolve[3].

Al has also enabled advanced threat detection
techniques. For instance, anomaly detection models
(often unsupervised ML) are employed to identify
deviations in network behavior that might signal an
attack. These methods are especially valuable in
distributed and IoT environments where conventional
IDS often fail[15]. Behavioral analysis using Al can
model normal user/device behaviors and flag outliers.
In practice, Al-driven tools are being researched for
real-time monitoring and automated response: they
can prioritize alerts, trigger defensive actions, and
forecast emerging threats based on learned patterns.
Overall, the literature shows a clear trend: integrating
Al into cyber defense (intrusion detection systems,
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automated responders, etc.) can greatly enhance
detection breadth and speed[2][3].

IV. MACHINE LEARNING APPROACHES FOR
THREAT DETECTION

Within cybersecurity, machine learning techniques are
widely used for threat detection. Supervised classifiers
such as Decision Trees, Random Forests, Support
Vector Machines (SVM), and neural networks have
been applied to labeled attack datasets to recognize
known intrusion patterns. Unsupervised and semi-
supervised models (e.g. clustering, autoencoders)
focus on anomaly detection to catch novel threats. For
example, Kumar et al. (2026) describe ML models that
“analyze network traffic, detect anomalies, and
identify potentially vulnerable hosts by distinguishing
normal and abnormal activities”’[16]. Similarly, ML-
based IDS can separate benign and malicious flows by
learning discriminative features[2]. These algorithms
enable predictive analytics, spotting emerging attack
vectors before explicit signatures exist.

Research demonstrates that ML algorithms can
significantly outperform traditional methods in many
scenarios. For instance, a recent survey notes that deep
learning (CNN, LSTM) often outperforms classical
ML in detecting complex threat patterns[14]. ML
models can also reduce false positives by considering
contextual data. However, these approaches typically
require comprehensive training data and compute
resources. Limitations include potential overfitting
and vulnerability to adversarial evasion. Nonetheless,
the consensus is that ML provides powerful tools for
pattern recognition and predictive threat analysis that
complement static scanning.

V. AI-ENHANCED VULNERABILITY
ASSESSMENT TOOLS

A growing body of work has begun building
intelligent scanning tools that integrate AI. Kumar et
al. (2026) propose an Al-based network scanning
framework: it uses ML to automate asset discovery
and selectively target scans based on learned network
behavior[17]. Their system correlates scan results with
vulnerability databases and assigns risk scores using
Al, resulting in “reduced scanning overhead,
minimized false positives, and improved accuracy of
threat identification” compared to traditional
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scanners[18]. Similarly, Hawash et al. (2023) develop
a deep reinforcement learning (DQN) agent to
automate penetration testing. Their method uses Nmap
for initial host/port discovery within the learning
process. Experimental results show this Al-driven
approach can uncover vulnerabilities that manual
testing missed[19]. These examples illustrate how Al
can optimize scanning: by focusing on likely targets,
adjusting scan intensity dynamically, and analyzing
results in context.

Other emerging tools and prototypes also apply Al to
scanning. For instance, some frameworks use natural
language prompts or LLMs (e.g. ChatGPT) to guide
Nmap scans, or cloud-based services coordinate
distributed Al-driven scans. Commercial products are
starting to claim Al-enhanced vulnerability analysis
(e.g. Astra, Wiz), aiming to prioritize and triage
findings using machine learning. In general, Al-
enhanced scanners promise features like smart
prioritization, real-time anomaly alerts, and automated
remediation suggestions. However, most published
systems are prototypes or components; very few
describe full Al-integrated Nmap replacements.

VI. RESEARCH GAP

Despite growing interest, the direct integration of Al
with  Nmap and similar scanners remains
underexplored. Few studies explicitly fuse Nmap’s
core engine with ML-driven decision-making. As one
survey of scanning tools concludes, “future studies
could investigate the incorporation of Al-driven
network scanning approaches” to improve real-time
assessments[20]. In other words, the literature itself
calls for Al-augmented scanning research. The gap is
that current Al security work often treats scanning and
analysis separately: Nmap provides data, while Al
tools analyze logs or alerts, but the scanners
themselves rarely adapt their strategy via Al. Existing
Al-based systems (e.g. the ones above) either use
separate scanning tools or custom engines; none have
tightly embedded Al within Nmap’s scanning loop.
This gap justifies research on an Al-integrated Nmap
framework that can dynamically adjust scanning
parameters and respond intelligently to findings in real
time.
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VII. NEED FOR PROPOSED SYSTEM

In conclusion, this review paper on Ethical and Privacy
Concerns in Al-Based Security outlines The need for
an Al-integrated scanning solution is underscored by
escalating cyber threats and the limitations of manual
processes. As Kumar et al. emphasize, Al-driven
scanners can deliver “scalable, adaptive, and efficient”
vulnerability assessment[21]. In practice,
organizations face too many assets and too frequent
threats to rely on human-led scans or static schedules.
Intelligent automation can drastically reduce the time
to detect intrusions and prioritize critical issues. For
example, an Al-enhanced Nmap could learn from past
scans to focus on high-risk subnets or unusual service
changes, enabling earlier alerts. Given these drivers,
the literature suggests an urgent need for systems that
combine fast port discovery with real-time Al analysis
(e.g. anomaly  detection and  automated
response)[20][21].

VIII. CONCLUSION

In instant, the surveyed literature shows that Al
techniques have significant potential to improve
network security. Traditional tools like Nmap provide
comprehensive  scanning capabilities  (host/port
discovery, OS detection, etc.)[1][6], but they lack
intelligence to adapt or interpret results. Machine
learning and deep learning, by contrast, excel at
pattern recognition and can adapt to new threat
scenarios[2][3]. Recent Al-based systems demonstrate
faster, more accurate scanning outcomes[21][19], but
integration with mainstream scanners is still novel.
Thus, existing research has achieved important steps
(e.g. ML-based IDS and proof-of-concept Al-
scanners) yet falls short of a comprehensive Al-
enhanced Nmap solution. Our work aims to fill this
gap by embedding intelligent algorithms directly into
Nmap’s scanning process, enabling adaptive scanning
and automated threat response.

These works illustrate progress and limitations: Al can
greatly  enhance  detection  accuracy  and
automation[21][19], yet often at the cost of increased
complexity and resource use. None, however, fully
merge Al with Nmap’s scanning engine, leaving space
for novel research in Al-driven network scanning.
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