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Abstract—With the proliferation of Internet of Things
(IoT) devices, privacy protection has become a critical
concern. Users’ personal information and sensitive data
are at risk of being exposed due to their behaviors and
interactions with IoT devices. This research focuses on
the analysis of user behaviors for privacy protection
in the IoT environment using machine learning
techniques. Privacy-sensitive behaviors are identified by
analyzing data collected from IoT devices; patterns that
may compromise user privacy are detected via data
pre-processing, anomaly detection, and machine
learning-  based  classifiers.  Privacy-preserving
mechanisms specific to the IoT environment—such as
data encryption, anonymization, and differential
privacy—are discussed and integrated with rule- based
policy enforcement. The proposed system architecture
con- siders scalability and fault tolerance, while security
enhancements including access control and intrusion
detection strengthen its resilience. Experimental results
demonstrate that the proposed behavioral learning
framework outperforms conventional static approaches
in detection accuracy and adaptive response to evolving
threat patterns.

Index Terms—Internet of Things (IoT), Privacy
Protection, Machine Learning, Behavioral Analysis,
Privacy-Preserving Mechanisms, Anomaly Detection,
Federated Learning

I. INTRODUCTION

The Internet of Things (IoT) refers to the network of
physical devices embedded with sensors, software,
and connectivity capabilities, enabling them to collect
and exchange data with other devices and systems
over the Internet [4]. These devices span everyday
objects—appliances, vehicles, wearables—to
industrial machinery and smart-city infrastructure.
The fundamental concept of IoT is to create a
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connected ecosystem where devices interact,
communicate, and share data, leading to increased
automation, efficiency, and convenience across
domains.

However, the rapid growth of IoT introduces
significant privacy and security challenges. Massive
amounts of personal data—Ilocation traces, health
records, behavioral patterns— are collected
continuously, raising concerns about unauthorized
access and misuse. Traditional rule-based security
systems are inadequate for dynamic, heterogeneous
IoT environments because they cannot adapt to
evolving user behaviors and novel attack vectors
[12].

Machine learning (ML) offers a promising avenue for
addressing these limitations. By learning from
historical de- vice and user data, ML models can
identify privacy-sensitive
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Fig. 1. 1oT ecosystem showing data flow from
devices to cloud and the ML- based privacy
protection engine.

patterns, detect anomalies in real time, and enforce
adaptive privacy policies. This paper proposes a
machine learning- based behavioral learning
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framework that integrates be- haviour analysis,
privacy-preserving  mechanisms, and  policy
enforcement into a unified IoT privacy protection
system.

Fig. 1 illustrates a typical IoT ecosystem and the
privacy threat landscape addressed in this work.

II. RESEARCH GAP

Although significant progress has been made in

applying federated learning, blockchain, and edge

intelligence for IoT privacy, several gaps remain:

- Limited focus on behavioral learning models for
adaptive privacy protection.

- Insufficient integration of user behavior analysis
with privacy mechanisms.

- Challenges in balancing model accuracy,
interpretability, and resource constraints.

- Lack of comprehensive frameworks combining
ML, privacy, and real-time IoT adaptability.

This research aims to address these gaps by

developing a machine learning-based behavioral

learning framework that enhances privacy protection

in dynamic IoT environments.

III. LITERATURE REVIEW

Wang et al. [1] propose a semi-supervised federated
learning method with model personalization and
client-variance reduction, improving accuracy in
heterogeneous deployments. Kuru [2] introduces
Metacommunity, a smart-city digital-twin

Table I Summary of Related Work

Reference Approach Limitation

Wang et al. [1] Semi-supervised Assumes label

FL availability
Mantey et al. [3] Blockchain + FL High latency
overhead
Miao & Chen [5] Privacy- Resource-
preserving FL constrained
devices
Al-Quraan et al. Edge-native 6G Lacks
[6] FL behavioral
modeling
Zhang et al. [11] Federated feature Limited real-
sel. time
adaptability
Proposed ML Behavioral Addresses all
Learning above
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Adaptive Feedback

concept for urban metaverse cyberspaces. Mantey et
al. [3] present a blockchain-enabled privacy-
preserved medical recommender system. Manzoor et
al. [4] provide a federated learning taxonomy
addressing IoT sensor privacy threats.

Miao and Chen [5] develop efficient privacy-
preserving federated learning techniques against
inference attacks in resource-constrained loT devices.
Al-Quraan et al. [6] survey edge-native intelligence
for 6G communications driven by federated learning.
Al Mallah et al. [7] propose a blockchain- enabled
secure federated learning framework for IoT and edge
networks.

Stergiou Lis et al. [8] explore decentralized federated
learning over slotted ALOHA wireless mesh
networks. Du et al.

[9] develop gradient- and channel-aware dynamic
scheduling for over-the-air computation in federated
edge learning. Park and Choi [10] present regulated
subspace projection for communication-efficient
federated learning. Zhang et al. [11] propose
federated feature selection for horizontal federated
learning in IoT. Venkatasubramanian et al. [12]
survey loT malware analysis wusing federated
learning. Wang et al. [13] address latency-oriented
secure wireless federated learning with artificial
jamming. Kim [14] investigates covert
communication over federated learning channels.
Witt et al. [15] conduct a systematic review of
decentralized and incentivized federated learning
frameworks.

Table I summarizes the key methods and their
limitations.

IV. OBJECTIVES

The research objectives are:

1) To analyses privacy challenges in IoT
environments.

2) To investigate machine learning techniques for
privacy protection.

3) To develop a machine learning-based behavioral
learning model.

4) To evaluate the performance of the proposed
model.

5) To propose a privacy-aware framework for loT
eco systems.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1709



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002

|’ 1. Data Collection |
loT Logs & Sansors

l

2. Pre-processing
Cleaning, Mommalization

]’ ~

(3. Feature Extraction J

i
L

Behavior Attributes

I

(4. ML Model TrainingJ_‘_ B

RF / LSTM / | Forast

L

5. Anomaly
Detection
Threshold & Sconng

L

6. Privacy
Mechanisms
Encrypt / Anonymize

l

7. Policy
Enforcement - - -
L Rules & Access Control
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Methodology Pipeline
V. HYPOTHESES

ML-based behavioral models significantly
improve detection of privacy threats compared
to rule-based mechanisms.

Behavioral learning accurately distinguishes
normal from anomalous user/device activities,
enabling early identification of privacy
breaches.

Integration of ML in IoT systems enhances
adaptive privacy protection by dynamically
responding to evolving threat patterns.

The proposed model demonstrates higher
accuracy and lower false-positive rates than
baselines on real or simulated [oT datasets.
Privacy-aware ML mechanisms improve user
trust and data security without significant
performance degradation.

VI. PROPOSED METHODOLOGY

Fig. 2 presents the complete pipeline of the proposed
framework.

A. Data Collection

IoT device logs, user behavior traces, and sensor
readings are collected from heterogeneous sources.
Ethical guidelines and privacy regulations (GDPR,
ISO 27001) govern collection procedures to minimize
data exposure.

B. Feature Extraction

Relevant behavioral features include device usage
patterns, data-sharing preferences, geolocation
sequences, timing statis- tics, and inter-device
communication graphs. Feature importance is
assessed via mutual information and SHAP values.
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Fig. 3. Three-tier IoT Privacy Protection System
Architecture.

C. Machine Learning Algorithms

Three complementary algorithms are selected:

- Random Forest (RF): Robust classification of
labelled threat types.

- LSTM  Auto-encoder:  Temporal  anomaly
detection in sequential IoT streams.

- Isolation Forest: Unsupervised outlier scoring for
zero- day behavioral anomalies.

D. Model Training and Evaluation

An 80/20 stratified train-test split is used, with five-
fold cross-validation. Performance is measured by
accuracy, precision, recall, Fl-score, and area under
the ROC curve (AUC- ROC). Hyperparameter
optimization is performed via Bayesian search.

E. Privacy Protection Mechanisms
Based on detected behavior, the following
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mechanisms are dynamically applied:

- AES-256 encryption for data-at-rest and TLS 1.3
for data- in-transit.

- k-Anonymity and (-Diversity for dataset
anonymization.

- Differential Privacy (e-DP) noise addition before
model aggregation.

- Homomorphic encryption for privacy-preserving
analytics.

. Performance Evaluation
System overhead (CPU, memory, latency) is
benchmarked on resource-constrained ARM Cortex-

1

M devices and edge servers to validate real-world
deploy ability.

VIL. SYSTEM ARCHITECTURE

Fig. 3 shows the three-tier system architecture.

The system is designed for scalability using
microservice containerization (Docker/Kubernetes)
and fault tolerance via distributed consensus (Raft
protocol). Security layers include multi-factor
authentication, role-based access control (RBAC),
and a network intrusion detection system (NIDS) at
each tier boundary.
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Fig. 4. ROC curves for the three ML classifiers on
the N-BaloT dataset.

Table Ii Performance Comparison of Proposed
Models

Model Acc. Prec. | Recall F1

Random Forest 96.8% | 97.1% | 96.4% | 96.7%

LSTM Auto-encoder | 94.3% | 94.7% | 93.8% | 94.2%

Isolation Forest 90.1% | 89.6% | 91.0% | 90.3%

SVM Baseline 87.5% | 86.9% | 88.2% | 87.5%

Rule-based System | 78.2% | 75.0% | 82.1% | 78.4%
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VIIL. EXPERIMENTAL
VALIDATION AND RESULTS

A. Dataset

Experiments are conducted on the N-BaloT dataset
[12] (network traffic from nine compromised IoT
device types) and a synthetic IoT behavioral log
dataset generated using a Markov-chain model
calibrated to realistic home-automation patterns.

B. Evaluation Results
Fig. 4 shows the ROC curves for the three classifiers,
and Table II compares performance metrics.

C. Overhead Analysis

The edge-layer inference latency averages 12 ms
for RF, 28 ms for LSTM, and 9 ms for Isolation
Forest on an NVIDIA Jetson Nano edge node,
confirming real-time suitability. Privacy mechanisms
(AES-256 + DP noise) add ~3 ms overhead per
packet—acceptable for most IoT use cases.

IX. PRIVACY FRAMEWORK DESIGN

Fig. 6 depicts the complete privacy-aware framework

integrating all components.

The framework enforces privacy through four

complementary layers:

1) Behavioral layer: Continuous profiling and
anomaly scoring.

2) Cryptographic layer: End-to-end encryption and
homomorphic computation.

3) Statistical layer: Differential privacy and k-
anonymity.

4) Policy layer: XACML-based rule evaluation and
RBAC.

5) E. A. Mantey, C. Zhou, J. H. Anajemba, Y.
Hamid, and J. K. Arthur, “Blockchain-enabled
technique for privacy-preserved medical recom-
mender system,” IEEE Access, vol. 11, pp.
4094440953, 2023.

6) S. I. Manzoor, S. Jain, Y. Singh, and H. Singh,
“Federated learning-based privacy-ensured sensor
communication in IoT networks: A taxonomy,
threats and attacks,” IEEE Access, vol. 11, pp.
42248-42275, 2023.

7) Y. Miao and S. Chen, “Efficient privacy-
preserving federated learning against inference
attacks for IoT,” in Proc. IEEE Wireless
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Commun. Netw. Conf. (WCNC), pp. 1-6, IEEE,
2023.

8) M. Al-Quraan et al., “Edge-native intelligence for
6G communications driven by federated learning:
A survey of trends and challenges,” IEEE Trans.
Emerg. Topics Comput. Intell., vol. 7, no. 3, pp.
957-979, 2023.

9) R. Al Mallah, D. Lo’pez, and T. Halabi,
“Blockchain-enabled  efficient and secure
federated learning in IoT and edge computing
networks,” in Proc. Int. Conf. Comput., Netw.
Commun. (ICNC), pp. 511-515, IEEE, 2023.

10)A. Stergioulis, A. M. Hayajneh, S. A. R.
Zaidi, D. McLernon, and

I. Robertson, “Decentralized federated learning over

slotted ALOHA wireless mesh networking,” IEEE

Access, vol. 11, pp. 1832618342
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Fig. 5. Comparative performance of all classifiers
across key metrics.
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Fig. 6. Integrated Privacy-Aware ML Framework
for IoT Environments.
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X. CONCLUSION

This study addressed privacy protection in IoT
environments through machine learning-based
behavior analysis. A three-tier framework integrating
behavioral learning, privacy- preserving mechanisms,
and adaptive policy enforcement was designed and
validated. Random Forest achieved the highest
detection accuracy (96.8%), while LSTM Auto-
encoders excelled at temporal sequence anomaly
detection. The system demonstrated real-time
suitability with sub-30 ms inference latency on edge
nodes.

The research identifies privacy-sensitive behavioral
pat- terns, applies pre-processing and feature
engineering for re- liable data quality, and enforces
layered privacy mechanisms including encryption,
anonymization, differential privacy, and rule-based
policies. Security enhancements—access control,
intrusion detection, and distributed consensus—
strengthen system resilience.

Future work will investigate transfer learning across
IoT domains, lightweight on-device federated
learning to further reduce latency, and explainable Al
(XAI) techniques to im- prove model interpretability
for regulatory compliance.
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