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Abstract: The proliferation of IoT devices across industries has revolutionized efficiency but created an expansive,
complex attack surface characterized by heterogeneous devices, weak protocols, and low physical security. Conventional
security solutions are often ineffective due to IoT’s resource constraints and unique latency and scalability needs.
Artificial Intelligence approaches—spanning deep learning, federated, and edge-based frameworks—address these gaps
through adaptive, autonomous, and privacy-aware threat detection using real-time telemetry and behavioural analytics.
Techniques such as intrusion detection, device fingerprinting, and anomaly detection enable timely response against
known and novel threats. This review surveys leading Al strategies for IoT security, explores dataset benchmarks,
adversarial resilience, resource allocation, explainable Al, and privacy safeguards. Ongoing challenges include defending
against advanced persistent threats, ensuring robust operation across diverse environments, optimizing efficiency, and
providing standardized datasets. The findings advise stakeholders on building scalable, trustworthy, and resilient Al-
powered IoT security systems.

Keywords: Edge Al Security, [oT Anomaly Detection, Device Fingerprinting, Botnet Detection, Bot-loT Dataset, N-
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I. INTRODUCTION

The Internet of Things (IoT), which links millions of physical devices to the internet and allows the real and digital worlds
to seamlessly merge, is arguably the most revolutionary technology paradigm of the twenty-first century [1]. Among the
applications of IoT technology are critical infrastructure, transportation networks, smart homes, industrial automation,
and health monitoring. Real-time data and analytics are gathered by shared systems, which boost business efficiency,
save expenses, and enhance decision-making [2]. But the very qualities that make IoT attractive are its ubiquity,
heterogeneity, and autonomy. Additionally, those same traits lead to a wildly enlarged and extremely intricate cyberattack
surface.

IoT devices in general operate with highly constrained limits on processing, memory, and energy, which makes the
deployment of strong, resource-intensive security components difficult. In addition, heterogeneity in hardware platforms,
operating systems, and communications protocols bring interoperability concerns as well as the constraint on portability
of native security products that have been installed for legacy computing systems [3]. Mass placement of devices in
reachable areas places them in physical jeopardy of attack, and slow firmware updates expose most devices to publicly
available vulnerabilities. DDoS assaults, hijacking of devices, exfiltration of data, and botnet creation (such as the Mirai
botnet) already have the capability to create unprecedented disruption by hijacking IoT devices [4].

With such adversities, Artificial Intelligence (Al), such as Machine Learning (ML), Deep Learning (DL), and Federated
Learning (FL), has emerged as a robust enabler of IoT security [5]. Compared to traditional rule-based systems relying
on pre-defined signatures, Al-based controls have the ability to learn from normal and suspicious pattern behaviour from
data, educate themselves with threats, and identify new attack vectors. For instance, ML models are employed to
categorize network traffic flows to determine benign traffic and intrusions while DL architectures such as CNNs and
RNNSs can extract deep spatial and temporal features for anomaly detection without requiring specifications to be defined
manually [6]. Federated Learning goes one step further and provides decentralized training of models on edge devices
over distributed IoT without compromising raw data, thus enhancing privacy and conserving bandwidth.

In addition to detection, Al can facilitate predictive security — foresight of potential attack vectors ahead of time — and
facilitate automated incident response. Built into edge computing platforms, Al facilitates low-latency decision-making
close to sources of data, required in real-time applications such as driverless vehicles or industrial automation systems
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[7]. However, using Al for IoT security is not without challenges, such as model adversary attacks, explainable decisions,
energy-aware computing, and resilience in diverse systems.

This paper would like to give a holistic overview of the Al contribution to IoT network security, from technical
fundamentals, existing practices, evaluation mechanisms, privacy, and research challenges, ultimately in the sequence of
building scalable, reliable, and resilient Al-based IoT security systems [8].

II. BACKGROUND AND THREAT MODEL

2.1 IoT Features That Affect Security
IoT networks differ from conventional computer environments in a number of ways [9].
e  Gigantic Scale and Diversity: [oT networks contain billions of devices of different manufacturers with their own
proprietary firmware, hardware, and communication protocols [10].
e Because of their limited CPU, RAM, and battery capacity, devices in an IoT network cannot employ costly
encryption or computationally intensive security measures [11].
e  Dynamically Changing Topology: Devices are continually joining and departing networks, particularly in
mobile [oT applications such as vehicular networks and wearable devices [12].
e Physical Accessibility: The majority of devices are deployed in uncontrolled situations and hence vulnerable to
physical compromise [13].
Since Al systems are able to learn and adjust to new circumstances, they are excellent at providing the light, flexible, and
mostly decentralized security mechanisms that are required for such capabilities [14].

2.2 Common types of threats in IoT
1. Network-Level Attacks
e Examples: Distributed Denial of Service (DDoS), Man-in-the-Middle (MITM), port scanning [15].
e Impact: Disruption of services, eavesdropping on confidential communication.
2. Device-Level Attacks
e Examples: Firmware tampering, illegal device access, hardware backdoors [16].
e Impact: Total control of device functions, enabling participation in botnets or theft of data.
3. Data-Level Threats
o Examples: Eavesdropping, unauthorized data gathering, injection of forged sensor readings [17].
e Impact: Incorrect decision-making and loss of data integrity.
4. Model-Level Threats (Adversarial ML)
e Evasion (altering input to avoid detection) and poisoning (tampering with malicious training data) are
examples of assaults [18].
e Impact: Enhanced false negatives in intrusion detection and decreased performance of AI models.

2.3 Threat Modelling in AI-Enabled IoT Security
Al-enabled Threat Modelling IoT security is the process of detecting potential attack surfaces and mapping them to Al
mitigation solutions [19]. It contributes to the implementation of proactive defence strategies. Al models can be trained
in real time to detect anomalies and categorize threats using network data, device behaviour records, and environmental
context [20].

Table 1. IoT Threats and AI-Driven Mitigation Strategies
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2.4 AI Role in the Threat Model
In the IoT threat paradigm, artificial intelligence (Al) is crucial for several reasons. threat model in several ways [21]:
e Adaptive protection modifies detection thresholds in response to evolving attack trends.
e Proactive Predictive Risk: This approach foresees possible attacks by using predictive analytics.
o Distributed intelligence: Increases detection capabilities and decreases single points of failure by utilizing edge
and federated learning [22].
e Continuous Improvement: Models are redeployed on fresh data in an effort to counter new, unrecognized
attack vectors.
Companies can use Al-driven threat modelling to create a proactive and flexible layered security plan for IoT networks
that will protect against current and future threats while also adjusting to the ever-evolving IoT ecosystem [23].

III. AI TECHNIQUES FOR IOT SECURITY

IoT network security, including adaptive, data-driven intrusion detection, anomaly detection, device authentication, and
botnet prevention, is quickly relying on artificial intelligence (AI). The four main categories of Al techniques utilized in
IoT security are Hybrid Edge Al, Federated and Distributed Learning (FL/DL), Deep Learning (DL), and Classical
Machine Learning (ML). Each has deployment-related benefits and drawbacks [24].

3.1 Classical Machine Learning (ML)
Decision trees, Random Forest, Support Vector Machines (SVMs), and K-Nearest Neighbours (KNN) are examples of
traditional machine learning models that have been used for IoT intrusion detection for decades due to their moderate
interpretability and cheap computational complexity [25]. From IoT network flows or device behaviour records, they
employ feature engineering to extract statistical, temporal, or frequency-domain information.

e Benefits include interpretability, efficient training on tiny datasets, and low resource consumption.

e Its limitations include an inability to handle raw high-dimensional data and a reduced ability to handle new

threats unless re-trained on a regular basis.

3.2 Deep Learning (DL)
Without requiring human intervention, deep learning methods like autoencoders, recurrent neural networks (RNNs),
convolutional neural networks (CNNs), and long short-term memory (LSTM) networks may be able to autonomously
learn the hierarchical features of IoT data streams [26]. Without requiring extensive manual feature selection, DL excels
in identifying anomalies, categorizing traffic, and analysing behaviour.

e Raw data processing, sensitivity to new patterns, and low detection error are among its advantages.

e Higher processing demands, susceptibility to overfitting, and reduced interpretability in the absence of XAI

tools are some of its disadvantages.

3.3 Federated and Distributed Learning (FL/DL)
By allowing cooperative model training across several IoT devices or gateways without needing raw data sharing,
Federated Learning (FL) preserves confidentiality and reduces bandwidth expenses [27]. The same concepts are used in
distributed learning for decentralized, extensive training that incorporates resilience.
e Benefits include reducing dependency on central servers, protecting privacy, and supporting a large number of
devices.
o Cons: Requires strong aggregation and communication-efficient techniques; susceptible to model poisoning
attacks.

3.4 Hybrid and Edge AI
With hybrid approaches, cloud-based Al and edge computing are combined [28]. While complicated processing and
retraining occur in the cloud, lightweight ML/DL models operate locally on edge devices for quick, low-latency detection.
In terms of speed, accuracy, and resource limitations, this achieves equilibrium.

e Benefits: Real-time decision-making, reduced latency, improved bandwidth usage.

e Limitations: Needs proper partitioning of the model and synchronization between edge and cloud.

Table-to-Visual Mapping: The conceptual bar diagram below to compare these techniques.
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Table 2: Comparative Strength of Al Techniques in IoT Security
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Bar Figure Concept: '""Comparative Strength of AI Techniques in IoT Security"

X-axis: Al Techniques (ML, DL, FL, Hybrid Edge AI)

Y-axis: Scaled Performance Scores (0—10) across metrics: Detection Accuracy, Resource Efficiency, Scalability,
Privacy Preservation.

[lustrative Values:

The resulting bar chart would be four grouped bars across categories, enabling easy visual comparison of strengths and
trade-offs.
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Figure 1: Comparative Strength of Al Techniques in IoT Security
IV. DATASETS AND EVALUATION

Sufficient assessment of AI-IoT security systems depends on the selection of sufficient datasets and application of
standardized metrics to facilitate simple, replicable comparisons. Dataset selection affects system generality,
susceptibility to novel attacks, and readiness for real-world deployment [29].

4.1 Commonly-Used Datasets for IoT Security

4.1.1 Bot-IoT Dataset

BoT-10T is a dataset that was created by the UNSW Canberra Cyber Range Lab to simulate actual [oT network scenarios
of normal and attack traffic involving DDoS, DoS, reconnaissance, and data steal attacks [30]. It supports binary and
multiclass classification issues with network flow-based features for supervised and unsupervised models.

4.1.2 N-BaloT Dataset

Evolved formula and sheltie malware-infected commercial IoT devices, N-BaloT provides time-series network data from
real-world scenarios [31]. It is highly beneficial for botnet detection and anomaly-based intrusion detection due to its
variety of devices.

4.1.3 CICI0T2023 and CIC-IDS Variants

Such Canadian Institute for Cybersecurity (CIC) data sets highlight end-to-end intrusion detection settings, capturing
IoT-extractive and generic classes of attack behaviour [32]. They are always used to compare Al-based IDS systems with
their traditional network counterparts.
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4.2 Evaluation Metrics
4.2.1 Performance Metrics
e Accuracy — Tallies the number of correct predictions; applicable with balanced data sets.
e Precision & Recall — Vital for attack detection under skewed conditions (high recall keeps false negatives low)
[33].
e F1-Score — Harmonic mean of precision and recall; keeps both in balance.
e AUC-ROC — Considers trade-offs between true positive and false positive rates [34].
4.2.2 Deployment Metrics
Inference Latency — Latency to detect and respond to threats [35].
Model Size — Relevant when deploying on resource-constrained IoT devices.
Energy Consumption — Of highest priority for battery-operated devices [36].
Scalability — Ability to keep up with increasing device quantity and traffic load.
4.2.3 Security-Specific Metrics
e  Adversarial Robustness — Determined through controlled evasion or poisoning experiments [37].
e Cross-Device Generalization — Verified accuracy against unfamiliar protocols or devices.
4.3 Recommended Evaluation Process
1. Employ several datasets (e.g., BoT-IoT + N-BaloT) to minimize dataset bias.
2. Use train-test splits per device to test generalization.
3. Integrate resource and latency profiling with measurement of accuracy.
4. Perform adversarial robustness testing to mimic the realistic threats.
Diagram Concept: "Al-Based IoT Security Evaluation Pipeline"
Flow
* Dataset Collection — Preprocessing & Feature Extraction — Model Training (ML/DL/FL) — Evaluation Metrics
(Performance, Deployment, Security) — Deployment & Continuous Monitoring,.

SHalEHO

Dataset Preprocessing Model Training Deployment
Collection & Feature (ML/DL/FL) & Continuous
Extraction Monitoring
Dataset Peerocessing Evaluation Deployment
Collection Feste Extraction Metrics Py

Al-Based loT Security Evaluation Pipeline

Figure 2: Al-Based IoT Security Evaluation Pipeline
V. REPRESENTATIVE ARCHITECTURES & PROPOSED FRAMEWORK

Al and IoT security convergence should enhance through the use of well-designed architectures to enable processing
very large volumes of diverse data, providing real-time threat detection, and responding to emerging cyber threats [38].
Blueprints are example architectures, while an outlined framework combines the best practices into an efficient future-
proof design.

5.1. Centralized AI-Driven Security Architecture
In this design, IoT devices send raw or lightly processed information to a centralized server or cloud where Al models
monitor traffic patterns, identify anomalies, and manage responses [39].
Strengths:
e  Strong computational resources for complex Al models
e single security policy and centralized management
‘Weaknesses:
e single point of failure and privacy risk
«  high latency for real-time security
5.2. Edge Al Security Architecture
Edge Al minimizes latency by proximity of computation to IoT devices, enabling near-real-time threat detection. Al
models are trained on gateways or even on devices [40].
Advantages:
e Lower latency and faster mitigation
e Lower bandwidth usage
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Disadvantages:

e Lower computational power

«  Frequent updates of Al models
5.3. Federated Learning-Enabled Architecture
Federated Learning (FL) allows collaborative model training of Al models by distributed [oT devices without revealing
raw data, thus preserving privacy. Model updates only are shared [41].

e Restrictive privacy protection

e Device-specific environments enabled by distributed learning
Limitations:

e Communication overhead from model updates through frequent communications

Susceptible to poisoning attacks with device attacks

5.4. Hybrid AI-Security Architecture
Hybrid models take advantage of cloud-based Al processing for long-term analysis and edge-based Al for real-time
protection [42]. Centralized as well as decentralized benefits are reaped by the balance.
Advantages:

e Scalable and adaptable to various environments

e Resource assignment is optimized
Limitations:

e Increased design complexity

Requires robust synchronization mechanisms

5.5. Proposed Al-Based IoT Security Framework
The proposed framework is a federated-edge hybrid framework that comprises the following [43]:

1. Data Acquisition Layer — Harvests [oT traffic and sensor data securely.
Edge Pre-Processing Layer — Conducts feature extraction and light-weight anomaly detection.
Federated Learning Layer — Trains global Al models from end-to-end encrypted, aggregated local updates.
Cloud Analytics Layer — Conducts in-depth forensic analysis, trend prediction, and long-term policy tuning.
Response & Policy Enforcement Layer — Applies mitigation measures locally (edge) and globally (cloud
level).

6. Continuous Learning & Adaptation — Updates models with new and available data on an ongoing basis.
5.6. Architecture Diagram Description (for generation):
A multi-layer diagram showing five horizontal layers:

1. IoT Devices Layer (sensors, cameras, wearables) providing input to
Edge Processing & Detection Layer (Al model-enabled gateways),
Federated Learning Coordination Layer (model updates shared),
Cloud AI Analytics Layer (big data analytics central Al server), and
Security Response Layer (enforcement to devices).
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Upward data flow and downward policy feedback loops are shown by arrows.
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Figure 3: Al-Based 10T Security Architecture
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VI. ADVERSARIAL THREATS AND DEFENCES

Securing IoT networks with Al has the following unique challenge: Al models themselves can be attacked with
adversarial attacks [44]. Attackers can manipulate inputs or exploit model vulnerabilities to evade security, disable
detection, or inject malicious behaviour into the devices connected. This section defines common adversarial threats in
Al-IoT systems and countermeasures.

6.1. Types of Adversarial Threats

a. Evasion Attacks

Attackers subtly manipulate [oT data inputs (i.e., sensor reading, network packet) to deceive Al models [45]. For example,
slight alterations of a monitoring image may deceive an intrusion detection model to incorrectly mark the object.

b. Poisoning Attacks

Attackers add tainted data during training, which continuously degrades the AI model's performance. In the IoT network,
tainted devices can provide deceptive readings to skew model responses [46].

c. Model Inference Attacks

Attackers test the Al model in anticipation of inferring sensitive information, such as its architecture, parameters, or
training data, for the purpose of intellectual property breach or privacy breach [47].

d. Replay & Injection Attacks

Pre-recorded, manipulated signals or forged packets of data are injected into the system with the aim of developing clones
of real traffic, avoiding detection algorithms [48].

6.2. Defence Mechanisms

a. Adversarial Training

Integrating adversarial examples into the training dataset of the model for enhancing robustness. This causes the model
to learn patterns that are perturbation-resistant [49].

b. Input Preprocessing & Sanitization

Techniques used for normalization, feature squeezing, and denoising filters help remove adversarial noise before
providing input to the Al model [50].

¢. Model Hardening

Defensive distillation or creating strong architectures are some of the methods that desensitize the model against
perturbations, and it is harder to attack [51].

d. Anomaly Detection Layers

Insertion of another Al layer to detect model output for outlier patterns that expose adversarial tampering [52].

Table 3: Comparative Analysis of Threats and Defences

Threat Type Tmpact on ToT AT Systems Defonge Stratezy

Evasion Attacks Bypasses detection without reising alets  Adversarial Training, ot Satization

Corrupts training datssetend weakens

Poisoning Attacks
mode]

Dita Validation, Federated Learning

Mode! Tference Attacks  Leaks model and training date detals  Differential Privacy, Query Limiting

Replay & Injection
Attuks

Secure Communieation, Signafure

Disgupts normal operations L
a ® Verification

6.3. Future Research Directions
e Development of self-recovering Al model that can auto-retrain if it detects adversarial patterns.
e [oT security on a blockchain foundation for immutable, trust-based authentication of data [53].
e Federated adversarial training was used to protect distant IoT systems without disclosing private information
to a central location.

Line Diagram Description

Two lines that meet over time must be present in the line diagram:
e  The Threat Intensity Curve, which rises with increasingly sophisticated attacks.
e The defence robustness curve, which rises with more sophisticated defences.
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To demonstrate strength improvements, growth milestones such as "Adversarial Training Adoption," "Model
Hardening," and "Federated Defence Integration" should be used [54].

Adversarial Threats and Defenses

Federated

Defense
Integration

Model
Hardening

Adversarial
Training
Adoption
Threat
Intensity

Threat Intensity

Defense
Robustness

Time
Figure 4: Adversarial Threats and Defence
VII. PRIVACY, ETHICS, AND GOVERNANCE IN AI-ENABLED IOT SECURITY

Along with threat detection, automation, and resilience, integrating Al into IoT security also brings with it complicated
issues like data protection, ethical responsibility, and governance [55]. They are necessary because sensitive data is being
processed by IoT devices more often and Al-powered decision-making can have practical applications in smart cities,
healthcare, industrial automation systems, and personal devices.

7.1. Privacy Considerations

a. Data Minimization

IoT networks reduce their exposure in the event of a vulnerability by only accepting information necessary for proper
operation. It is possible to create Al-based systems that can identify threats without gaining access to any personally
identifiable information [56].

b. Federated Learning

A privacy-preserving Al method whereby Al models are trained locally on Internet of Things devices and only offer
summary updates, guaranteeing that private data never leaves its source [57].

c. Data Anonymization & Encryption

Encryption-at-rest, encryption-in-transit, and tokenization techniques render obtained data incoherent and render it hard
to link it to specific individuals [58].

7.2. Ethical Issues

a. Algorithmic Bias

IoT security systems may disproportionately identify or exclude particular devices or people when biased data is used to
train Al algorithms, leading to unfair treatment [59].

b. Transparency & Explainability

Explainable AI (XAI) techniques are necessary so that people can understand the rationale behind particular security
decisions, especially in crucial industries like autonomous vehicles or medicine [59].

c. Accountability & Responsibility

Procedures for assigning responsibility must be clearly specified in case Al-IoT security solutions are ineffective or fail
to identify an attack [60].

7.3. Governance Frameworks

a. Regulatory Compliance

Laws like GDPR, HIPAA, and cybersecurity regulations unique to IoT that set data management and protection
requirements must be followed by AI-IoT security [61].

b. Auditing & Certification

Procedures for third-party auditing and certification aid in guaranteeing the privacy, robustness, and equity of Al models
[62].

c. Ethical AI Governance Boards

Establishing governance boards is necessary for organizations to manage Al implementation in compliance with legal
and ethical standards [63].
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Table 4: Comparative Analysis of Privacy, Ethics, and Governance

Domain ~ Challenges Best Practices

Privacy  Data leakage, unauthorized access Federated Learning, Encryption, Data Minimization
Etties  Afgorithmic bias, Jack of transparency  XAI Bias Mrtigation, Clear Accountability Policies
Governamee Regu!ator)' non-compliance, poor Regular Audits, Legal Compliance, Governance

oversight Comemittees

7.4. Future Directions in Research

* Develop Al models that respond to recent privacy laws.

* Consistent Al governance guidelines for IoT across nations.
* Added ethical assessments in real time to IoT Al pipelines.

PRIVACY, ETHICS, AND
GOVERNANCE

Privacy

Ethics

Governance

Data leakage,

Algorithmic bias,

Regulatory

unauthorized lack of non-compliance,
access transparency poor oversight
Challenges XAl, Regular Audits
Federated Bias Mitigation, | Legal Compliance,
Learning, Clear Governance
Encryption, Accountability Committees
Data Minimization Policies

Best Practices

Best Practices

Best Practices

Figure 5: Privacy, Ethics and Governance

VIII. OPEN CHALLENGES & FUTURE DIRECTIONS IN AI FOR 10T SECURITY
It is a field with unsolved technical, ethical, and operational issues despite tremendous advancements [64]. These issues
will shape IoT security innovation in the upcoming ten years.

8.1. Open Challenges

a. Scalability and Heterogeneity

The billions of devices that comprise IoT networks have different protocols, capabilities, and resource limitations [65].
Al solutions need to be small and reliable across a wide range of network architectures and devices.

b. Data Quality and Availability

The effectiveness of artificial intelligence is largely dependent on high-quality big data [66]. It is challenging to produce
broad and significant sets of IoT security data because of privacy issues and device heterogeneity.

c. Adversarial Robustness

Adversarial attacks that confound detection techniques with simple inputs can nonetheless affect machine learning
algorithms. It is essential that they be able to withstand these dangers in order to use the IoT in real time.

d. Real-Time Processing Constraints

IoT devices and edge nodes of constrained resources will perhaps not be capable of efficiently computing high-end Al
models, impacting threat detection and response latency [67].

e. Governance and Regulatory Uncertainty

Laws on IoT security vary geographically, and worldwide paradigms on Al regulation are yet to be developed, resulting
in challenges around compliance and interoperability [68].
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8.2. Future Directions

a. Federated and Distributed Al

Transition from central Al to federated learning and distributed wisdom may increase scalability, privacy, and security
without compromising performance.

b. Autonomous and Self-Healing Networks

Al-based IoT security systems will become increasingly endowed with self-healing capabilities that enable automatic
anomaly detection, segmentation, and recovery without human intervention [69].

c. Post-Quantum Al Security

As quantum computing advances further, Al-based loT security will need to adopt post-quantum cryptography to protect
information and communications.

d. Multimodal Threat Intelligence Al

IoT security in the future will leverage multimodal Al—network traffic feeds, sensor feeds, and device behaviour
patterns—combined to enhance detection accuracy [70].

e. Ethical AI-First Frameworks

Adoption will be ethical if IoT Al solutions are developed with fairness, transparency, and privacy protection features.

Table 5: Al in [oT Security (2025-2035)

Timeline Milestones

2025-2026 Standardization of IoT AT security protocols, wider adoption of federated learning

2027-2028 Deployment of lightweight, edge-optimized AT models for real-time threat detection

2029-2030 Integration of self-healing Al-enabled [oT networks across industries

2031-2032 Quantum-resistant Al algorithms implemented in [oT secority

2033-2035 Fully autonomous, ethical AIIoT security ecosystems with global governance frameworks

Roadmap for Al in 10T Security

2025- 2027 2029-  2031-  2033-

2026 2028 2030 2032 2035
Standardization Deployment Integration of Quantum- Fully autonomous,

of loT Al of lightweight, self-healing Al-  resistant Al ethical Al loT

security edge-optimized enabled loT algorithms security
protocols, wider Al models for networks implemented in ecosystems with
adoption of real-time across industries  loT security global governance
federated threat detection frameworks

learning
Figure 6: Al in IoT Security (2025-2035)
IX. CONCLUSION

The combination of artificial intelligence (AI) with Internet of Things (IoT) security is a revolutionary development in
the creation of intelligent, flexible, and robust cyber security defence systems. The volume of data generated by billions
of connected devices keeps expanding the attack surface for cybercrime. The dynamic and sophisticated threat ecosystem
of today will be too much for prior signature-based and rule-based security solutions to handle. Active defence, automated
incident response, and real-time threat identification are made possible by artificial intelligence (Al) through the use of
machine learning, deep learning, natural language processing, and anomaly detection.

The threat models that IoT systems face, Al-based security methods, and the architectures, datasets, evaluation paradigms,
and adversarial defensive frameworks needed for their implementation have all been explored. By employing
reinforcement learning-based agents to learn and adjust security policies and supervised machine learning models for
malware detection, artificial intelligence (Al) enables defence mechanisms that expand in lockstep with new threats.
Moreover, with Al blended with edge computing and fog computing, latency is resolved to enable real-time decision-
making on device in mission-critical IoT applications such as healthcare monitoring, autonomous driving, and industrial
control systems.
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However, our analysis also identifies inherent issues—scalability, interoperability, adversarial vulnerabilities, and ethical
control—before optimal deployment of Al-facilitated IoT security. Data privacy, the foundation of trust within IoT
networks, must meet regulatory requirements by applying privacy-enhancing Al methods such as federated learning and
homomorphic encryption. Moreover, building secure Al models against attacks is central to supporting countermeasures
developed against changing attack trends, particularly model vulnerability attacks.

In the years ahead, the future of Al within IoT security is to progressively more independent, self-repairing, and quantum-
proof defence systems. The path toward federated, decentralized, and multimodal AI will enhance threat detection and
response without compromising user privacy or system performance. As ethical Al platforms develop and implement [oT
security mechanisms, they will guarantee equity, openness, and responsibility—qualities essential to widespread adoption
and public confidence.

Last but not least, Al is a developing foundation upon which future IoT protection will be constructed, not a security
advantage of the Internet of Things. By using Al-based solutions to address open issues, the global [oT community can
create a secure, reliable, and robust ecosystem that fosters innovation without compromising security. As a more
connected society develops, loT security and artificial intelligence will play a key role in maximizing the advantages of
connectivity while reducing risks.
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