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ABSTRACT

The integration of Artificial Intelligence (Al) into the Internet of
Things (IoT) ecosystem has transformed the landscape of cybersecurity.
While loT systems enable ubiquitous connectivity and automation across
industries, they are also highly susceptible to cyberattacks due to their
heterogeneity, limited resources, and scalability challenges. Al-based
techniques, including machine learning, deep learning, and reinforcement
learning, offer promising approaches to detecting anomalies, preventing
intrusions, and predicting emerging threats in loT networks. However,
these opportunities are accompanied by significant challenges such as
adversarial attacks, data privacy concerns, computational limitations, and
the interpretability of Al models. This review article critically analyzes the
dual role of Al in loT security, highlighting its potential as both a defender
and an enabler of cyber threats. Various Al-driven techniques are
systematically reviewed, their applications in loT security are discussed,
and emerging risks are evaluated. The article further identifies future
directions, emphasizing the importance of explainable Al, lightweight
security frameworks, and robust adversarial defense mechanisms for
sustainable and resilient loT ecosystems.
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Introduction

The Internet of Things (loT) has emerged as a
transformative technology, enabling billions of
interconnected devices to exchange data and deliver
intelligent services in healthcare, transportation,
smart homes, and industrial systems. However,
the very features that make loT powerful—ubiquity,
decentralization, and heterogeneity—also make
it vulnerable to cyber threats. Attacks such as
Distributed Denial-of-Service (DDoS), man-in-the-
middle, spoofing, and ransomware have exposed
the inadequacy of conventional security models in
handling the scale and complexity of loT.

Artificial Intelligence (Al) has gained prominence
as a security enabler, capable of analyzing massive
streams of loT data, detecting anomalies in real
time, and adapting to evolving attack patterns.
Machine learning (ML) and deep learning (DL)
models have been applied to intrusion detection,
malware classification, and traffic analysis. At the
same time, Al introduces new vulnerabilities, such
as adversarial attacks on ML models, data poisoning,
and algorithm manipulation. This dual role of Al
creates a paradox: while it strengthens loT defense
mechanisms, it simultaneously equips adversaries
with sophisticated attack tools.
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This article reviews the opportunities and threats of
Al in 10T security. It provides an in-depth analysis of
Al-driven defense mechanisms, potential risks, and
research gaps, aiming to guide future PhD-level
research in building trustworthy and explainable
Al-based loT security solutions.

Material and Methods

This review adopts a systematic literature review
methodology. Scholarly articles published between
2016 and 2025 were collected from IEEE Xplore,
SpringerLink, ScienceDirect, ACM Digital Library, and
Scopus databases. Keywords such as Al in loT security,
machine learning for loT cybersecurity, adversarial Al
loT, and anomaly detection loT were used.

Inclusion criteria:

J Peer-reviewed articles and conference
papers.

J Studies focusing on Al techniques applied to
loT security.

J Publications addressing both opportunities

and threats.
Exclusion criteria

. Articles not related to 10T or Al.
J General cybersecurity studies without loT-
specific context.

A total of 145 articles were screened, of which 62
were selected for final analysis. The extracted data
were categorized into Al opportunities, threats, and
hybrid perspectives.

Results and Discussion

Opportunities of Al in lIoT Security

Al provides robust mechanisms to enhance loT
security:

. Anomaly Detection: ML models detect
abnormal device behaviors in real-time loT traffic.

. Intrusion Detection Systems (IDS): DL
architectures (CNN, RNN, LSTM) identify
malware and intrusion attempts.

. Predictive Security: Reinforcement learning
predicts evolving attack patterns.
. Automated Decision-Making: Al-driven

orchestration of security protocols improves
response time.

. Federated Learning: Enables distributed loT
devices to collaboratively train models without
compromising privacy.

Threats of Al in loT Security
Al is not only a defensive tool but also an enabler
of threats:

. Adversarial Attacks: Attackers craft
perturbations to fool Al models, bypassing IDS.

. Data Poisoning: Malicious data injections
corrupt Al training datasets.

. Model Inversion & Privacy Breaches:
Attackers extract sensitive information from
Al models.

. Resource Exploitation: Heavy Al

computations strain loT devices with limited
processing capabilities.

. Dual-use Al: Attackers employ Al to
automate reconnaissance and optimize
cyberattacks.

Balancing Opportunities and Risks
To harness Al securely, loT ecosystems must
integrate:

. Explainable Al (XAl): Enhances trust and
interpretability of decisions.

. Lightweight Al Models: Optimized for
resource-constrained loT devices.

. Adversarial Defense Mechanisms:
Defensive distillation, robust training, and
GAN-based anomaly detection.

. Hybrid Security Frameworks: Combining
Al with traditional cryptographic measures.

Table 1: Summary of Al-driven applications in loT security

Al Technique Application in loT Security

Advantages Limitations

Machine Learning
Deep Learning

Anomaly detection, IDS
Malware classification, traffic
analysis
Adaptive threat mitigation
Privacy-preserving collaborative
learning

Reinforcement Learning
Federated Learning

High accuracy, automated feature

Dynamic learning, self-optimization

Fast detection, scalable Data quality dependent
High computation

extraction

Training complexity

Protects data privacy Communication overhead
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Table 2: Al-enabled threats in loT security

Threat Type Description Impact on loT Security

IDS bypass, false negatives
Corrupts model accuracy
Privacy breaches
Accelerated cyberattacks

Perturbed inputs deceive Al models
Injection of malicious data into training sets
Extraction of sensitive data
Attackers use Al for reconnaissance

Adversarial Attacks
Data Poisoning
Model Inversion

Dual-use Al

Fig. 1. Conceptual framework of Al in loT security
(showing Al as both a defense and attack enabler)

Fig. 2. Workflow of Al-driven loT Intrusion Detection System

Fig. 3. Emerging research directions in Al-based loT security (XAl,
federated learning, lightweight Al, adversarial defense)

Conclusion

Al has emerged as both a safeguard and a
potential threat to 10T security. While it strengthens
anomaly detection, intrusion prevention, and
predictive defenses, it simultaneously creates
new vulnerabilities through adversarial attacks
and misuse. A balanced approach integrating
explainable Al, adversarial defense, and lightweight

models is essential to ensure resilient 10T
ecosystems. Future research must focus on the
duality of Al in IoT, developing hybrid frameworks
that combine Al-driven intelligence with classical
security measures. This review highlights both
the opportunities and inherent risks, offering a
roadmap for PhD-level inquiry and innovation in
Al-driven 10T security.
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