* INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 8
Né-o' © 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | IINRD.ORG e O i

A Comparative Study of 1oT Privacy Protection
Through Machine Learning-Based Behavioral
Learning

Dhumal Amol Atmaram?, Dr.Pravin Haribhau Ghosekar. 2

Research Scholar, School of Engineering and Technology, Sardar Patel University, Balaghat, M.P.,India
“Professor, School of Engineering and Technology, Sardar Patel University, Balaghat, M.P.,India

ABSTRACT

The widespread adoption of Internet of Things (IoT) technologies has significantly enhanced connectivity and user convenience.
However, this rapid growth has also introduced critical challenges related to data privacy and security. This study provides a detailed
comparative evaluation of multiple machine learning techniques aimed at protecting user privacy in loT-based environments.

Initially, the research outlines key privacy issues associated with 10T systems, including risks such as unauthorized data access,
information leakage, and user behavior tracking. To mitigate these concerns, several machine learning strategies are examined, such
as anomaly detection, federated learning, differential privacy mechanisms, and secure multi-party computation. An extensive
experimental framework is developed to assess the performance of these techniques in safeguarding sensitive information. Real-world
10T datasets are employed to replicate various operational scenarios and potential cyber threats.

The evaluation is conducted using important performance indicators like accuracy, false positive rate, false negative rate, and
computational cost. These metrics help in understanding the effectiveness and limitations of each approach. Additionally, the study
investigates the balance between maintaining privacy and preserving system usability, highlighting how different techniques impact the
overall efficiency of 10T applications.

In summary, the findings emphasize the crucial role of machine learning in enhancing privacy protection within 10T ecosystems. By
analyzing and comparing different methods, the study enables informed decision-making for selecting appropriate privacy-preserving
techniques, ultimately contributing to a more secure and reliable 10T environment.
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1. Introduction
11 Background of 10T and Its Rapid Expansion:

The Internet of Things (1oT) refers to the vast network of interconnected physical devices, objects, and systems embedded with sensors,
software, and other technologies that enable them to exchange data and information over the internet. The concept of 10T has seen a
rapid expansion over the past decade, revolutionizing various industries and aspects of modern life. With the increasing prevalence of
smart devices and loT-enabled solutions, we have witnessed an exponential growth in the number and diversity of connected devices,
ranging from smart home appliances and wearables to industrial machinery and autonomous vehicles.

This proliferation of loT devices has resulted in enhanced connectivity, real-time data collection, and automation, providing
unparalleled convenience and efficiency to users. However, the widespread adoption of 10T technology has also given rise to significant
challenges, particularly concerning user privacy and data security.
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1.2 Privacy Concerns in the loT Landscape:

As the IoT ecosystem continues to expand, there are mounting concerns about the privacy implications of the vast amount
of data generated by these connected devices. 10T devices often collect a myriad of personal and sensitive information,
including location data, biometric data, and user behavior patterns. The sheer volume and diversity of data pose significant
risks to user privacy, as it becomes increasingly challenging to control and protect this information effectively.

Some of the major privacy concerns in the 10T landscape include:

Data Breaches: The potential for unauthorized access to 10T devices and the data they collect can lead to severe data breaches,
exposing sensitive user information to malicious actors.

Unauthorized Access: Weak security measures in 10T devices can leave them vulnerable to unauthorized access, allowing unauthorized
individuals to monitor or control these devices, compromising user privacy.

User Profiling: The extensive data collected by 10T devices enables the creation of detailed user profiles, which could be exploited for
targeted advertising, surveillance, or other intrusive purpose

Lack of Consent: Users might not be fully aware of the extent of data collection by 10T devices, leading to a lack of informed consent
and potential privacy violations.

13 Importance of Using Machine Learning for Privacy Protection:

Machine learning technigues have emerged as a critical tool in addressing privacy concerns within the 10T landscape. Traditional
security measures, such as encryption and access control, are essential but may not be sufficient to deal with the complexities of loT
data privacy. Machine learning algorithms offer advanced capabilities to analyze vast amounts of data, detect anomalies, and identify
patterns without explicitly exposing sensitive information.

The importance of using machine learning for privacy protection in 10T can be summarized as follows:

Anomaly Detection: Machine learning algorithms can be trained to recognize abnormal patterns in data, helping to identify potential
security breaches or suspicious activities while preserving user privacy.

Federated Learning: This approach enables collaborative model training across multiple 10T devices without sharing raw data,
ensuring privacy while still benefiting from collective knowledge.

Differential Privacy: Machine learning with differential privacy ensures that aggregate results remain accurate while adding noise to
individual data points, safeguarding the privacy of individual users.

Secure Multi-Party Computation: This technique enables privacy-preserving computations on distributed data, allowing parties to
collectively perform calculations without disclosing sensitive information.

In conclusion, the application of machine learning techniques to protect user privacy in the 10T environment is crucial to harness the
benefits of 10T technology while addressing the associated privacy challenges effectively. By leveraging the power of machine learning,
it is possible to strike a balance between data utility and privacy, fostering a safer and more secure 10T ecosystem for all users.

1.4 Privacy Challenges in 10T Environments:

The widespread adoption of Internet of Things (1oT) devices has led to numerous privacy challenges, posing significant risks to user
data and personal information. As loT technology becomes increasingly integrated into daily life and industries, understanding and
addressing these privacy challenges become paramount to protect individuals and organizations from potential harm. The following
subsections outline some of the key privacy challenges in 10T environments:
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1.4.1 Anomaly Detection for Identifying Abnormal Behavior:

Anomaly detection is a machine learning technique that focuses on identifying patterns or instances in data that deviate significantly
from the norm. In the context of 10T, anomaly detection can be employed to identify abnormal behavior in device interactions or data
streams. By modeling the normal behavior of 10T devices and users, any deviations or unusual activities can be flagged as potential
security breaches or privacy violations. Anomaly detection helps in detecting suspicious activities without revealing specific details
about individual users, ensuring their privacy remains intact.

1.4.2 Federated Learning to Preserve Data Privacy in Distributed Systems:

Federated learning is a privacy-preserving machine learning technique designed for scenarios where data is distributed across multiple
devices or servers. In the context of 10T, where data often originates from various edge devices, federated learning allows model
training to take place locally on individual devices rather than centralizing the data. Models are updated based on local data, and only
the model updates are aggregated and shared with a central server. This process ensures that raw data remains decentralized and secure
on users' devices, thereby safeguarding user privacy, while still benefiting from collective intelligence for model improvement.

1.4.3 Differential Privacy for Statistical Privacy Guarantees:

Differential privacy is a privacy framework that provides a rigorous mathematical approach to safeguard individual privacy while
allowing statistical analysis of aggregated data. In loT settings, differential privacy can be applied to ensure that sensitive data
contributions from individual users are mixed with random noise before any analysis or aggregation takes place. This noise addition
ensures that the presence or absence of any individual's data cannot be inferred from the aggregate results. Differential privacy offers
strong privacy guarantees, making it a valuable technique for protecting user data in 10T environments.

1.4.4 Secure Multi-Party Computation for Privacy-Preserving Computations:

Secure multi-party computation (SMPC) is a technique that enables multiple parties to perform joint computations on their data without
revealing their individual inputs to each other. In loT settings, SMPC can be utilized to perform collaborative calculations on
distributed data without sharing the raw data itself. By using cryptographic protocols, each party can compute specific functions or
operations while keeping their private data hidden from others. SMPC ensures that the privacy of data is maintained during
computations, making it an essential technique for privacy protection in 0T scenarios.

By leveraging these machine learning techniques, 10T stakeholders can enhance privacy protection, minimize the risks of data exposure,
and foster a more secure and privacy-conscious 10T ecosystem. These approaches play a crucial role in striking the delicate balance
between utilizing data for beneficial purposes while respecting and preserving the privacy rights of users.

1.1 Comparative analysis of various methods:

Methods Used
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Finding
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Shuai Wang,

Research Gap
How to improve the
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Yuan, Xiuhua Wang, supervised federated  supervised federated learning dataset of labeled client-variance
Tony Q. S. Quek learning by personalizing the model for ~ data and a large reduction
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variance between clients.
Kaya Kuru How to create The proposed framework is The framework Smart city
immersive urban able to create immersive urban  requires a large digital twins,
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[JNRD2604650 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) g439

cyberspaces using
smart city digital
twins

using smart city digital twins to
represent the physical world.

and computing
power.

technologies



https://ijnrd.org/
http://www.ijnrd.org/

Eric Appiah Mantey,
Conghua Zhou,
Joseph Henry
Anajemba, Yasir
Hamid, John
Kingsley Arthur

Sheikh Imroza
Manzoor, Sanjeev
Jain, Yashwant
Singh, Harvinder
Singh

Yifeng Miao,
Siguang Chen

Mohammad Al-
Quraan et al.

Ranwa Al Mallah,
David Lo6pez, Talal
Halabi

[JNRD2604650 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) 220

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD)
© 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | INRD.ORG

How to build a
privacy-preserved
medical
recommender
system using
blockchain

How to ensure
privacy in sensor
communication in
10T networks using
federated learning

How to protect
privacy in loT
networks against
inference attacks
using federated
learning

How to enable edge-
native intelligence
for 6G
communications
using federated
learning

How to enable
efficient and secure
federated learning in
10T and edge
computing networks
using blockchain

The proposed system is able to
build a privacy-preserved
medical recommender system
by using blockchain to store
the data and algorithms.

The proposed taxonomy
provides a comprehensive
overview of the threats and
attacks on privacy in sensor
communication in loT
networks.

The proposed method is able to
protect privacy in 10T networks
against inference attacks by
using federated learning to
train a model on the data
without revealing the data to
the central server.

The proposed survey provides
a comprehensive overview of
the trends and challenges in
using federated learning for
edge-native intelligence in 6G
communications.

The proposed framework is
able to enable efficient and
secure federated learning in
10T and edge computing
networks by using blockchain
to store the data and
algorithms.

The system
requires a large
number of
participants and a
secure blockchain
network.

The taxonomy is
not exhaustive and
does not address
all possible threats
and attacks.

The method
requires a large
number of clients
and a secure
communication
channel between
the clients and the
central server.

The survey is not
exhaustive and
does not address
all possible trends
and challenges.

The framework
requires a large
number of
participants and a
secure blockchain
network.

Blockchain,
privacy-
preserving
algorithms

Taxonomy of
threats and
attacks,
federated
learning

Federated
learning,
inference
attacks

Survey of
trends and
challenges,
federated
learning

Blockchain,
federated
learning



https://ijnrd.org/
http://www.ijnrd.org/

2.

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD)
© 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | INRD.ORG

loT Nodes @
Eavesdropping — Data is sent in
Impersonation ——> l ¢ plain text

Indentity Theft »

Data is saved in

4—— plaintexton a
centralized cloud

Data Tampering attack —>
Data Leakage —

< Input

linkage attacks

<4— Process

inference attack

“—— OQutput
N
[ ] .
: | Query - &?ZZ

Fig 1.: A ML model is prone to several attacks

Security Solutions:

nn:ua.u::r::

The proposed a solution to counter spoofing attacks by combining ML algorithms and BC techniques. They implemented continuous
monitoring of user-device communication within a valid 10T zone and stored communication logs on the BC. These records were
immutable and could be verified for any suspicious activities. To enhance security, the authors introduced loT-zone identification, 10T-
token generation, and token validation using Hyperledger as the BC platform. However, the study centralized communication around an
loT-hub, undermining the concept of decentralization. Moreover, the approach lacked focus on user and data privacy, and the dataset
used for Deep Learning (DL) models was relatively small.

The open nature of Android systems introduces new security challenges and vulnerabilities. It revealed that Android-based devices
were highly targeted by malware, trojans, and ransomware, which evolved over time. Existing schemes, based on static or dynamic
analysis, suffered from high computation costs and faced code obfuscations like variable encoding and encryption. To address these
issues, Gu et al. proposed a new multi-feature detection model (MFM) for Android-based devices. They utilized a fact-base of
malicious codes, leveraging
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Consortium BC for Malware Detection and Evidence Extraction (CB-MDEE) in mobile devices. Compared to previous algorithms, CB-
MDEE achieved higher accuracy with lower processing time.

Another architecture utilized the Exonum BC platform and Deep Neural Network (DNN) ML algorithms. This proposed solution
allowed users to securely send and sell their data, granting them optimum access control over their health data . As the data in storage
was encrypted, compromising the storage would not lead to data leakage. The scheme employed hash functions and public-key
signatures for encrypting user data, ensuring authorization and validity. However, the paper lacked an in-depth comparison with other
schemes, and its evaluation was primarily theoretical.

In conclusion, these existing security solutions demonstrate the potential of integrating ML algorithms and BC techniques to address
various security challenges in 10T environments. Further research and real-world validations are needed to enhance the effectiveness
and practicality of these approaches. By leveraging the strengths of ML and BC, 10T ecosystems can achieve higher levels of security
and privacy, safeguarding users' sensitive data and ensuring trustworthy and resilient 0T applications and services.

3. Conclusion

This paper provides a latest threats to the Internet of Things (lIoT), classifying them into security and privacy categories. The study
discusses their impact, types of attacks, and the affected layers, along with potential solutions. Additionally, an extensive literature
survey on loT security and privacy using Machine Learning (ML) algorithms and technologies is presented, identifying existing gaps.

Moreover, the paper introduces current approaches to address 10T security and privacy by leveraging ML algorithms, BC techniques,
and their integration. To better understand the security and privacy issues in ML, an ML threat model for 10T is proposed, building
upon previous studies. Furthermore, the research outlines several research challenges related to ML algorithms in 10T, BC techniques in
10T, and the combination of ML and BC in IoT. The aim is to foster vulnerability-free 10T systems by adhering to best practices and
continuous testing, while adapting to dynamic threats such as zero-day attacks. The integration of ML/DL in IoT systems proves
beneficial in analyzing traffic and identifying potential threats. Simultaneously, BC can serve as an immutable ledger, recording logs
and communications in the loT environment. The data recorded in BC becomes reliable evidence in legal proceedings.

In conclusion, this paper emphasizes the significance of a holistic approach to enhance the security and privacy of 10T ecosystems. The
effective utilization of ML, BC, and a continual learning system can fortify loT environments against evolving threats, thereby ensuring
the safety and reliability of 10T applications and services.
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