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Chapter 7
Machine Learning Approaches 
in Blockchain Technology-Based IoT 
Security: An Investigation on Current 
Developments and Open Challenges

P. Hemashree, V. Kavitha, S. B. Mahalakshmi, K. Praveena, and R. Tarunika

1 � Introduction

In the contemporary interconnected landscape, merging blockchain technology 
with the Internet of Things (IoT) has surfaced as a potential remedy to tackle the 
significant security challenges linked with IoT systems. As the adoption of IoT plat-
forms continues to grow across various domains, including healthcare, smart cities, 
and industrial automation, the necessity for strong security measures is of utmost 
importance. The decentralized and immutable nature of blockchain technology 
offers a potential solution by providing a tamper-resistant and transparent frame-
work for data integrity and transaction verification.

However, despite the inherent security advantages of blockchain, IoT systems 
still face numerous challenges, ranging from device vulnerabilities and data integ-
rity to privacy concerns and scalability issues. To further enhance the security pos-
ture of blockchain-based IoT systems, researchers have turned to machine learning 
algorithms as a complementary approach. By leveraging the power of machine 
learning, these systems can learn from vast amounts of data, detect anomalies, and 
identify potential threats in real time, ultimately strengthening the overall security 
framework.

This chapter aims to investigate the current developments and open challenges in 
the intersection of machine learning, blockchain technology, and IoT security. We 
will begin by providing an outline of blockchain technology, IoT, and the role  
of machine learning algorithms in enhancing security. Understanding the 
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fundamentals of these technologies will set the stage for exploring their integration 
and the potential benefits they bring to IoT security.

Next, we will delve into the existing literature to identify relevant articles that 
have employed machine learning-based blockchain technology in IoT security. By 
reviewing these studies, we can gain insights into the practical implementation, 
effectiveness, and limitations of the proposed approaches. This analysis will pro-
vide a comprehensive understanding of the cutting-edge methods and their applica-
bility in different IoT use cases.

Furthermore, this chapter will highlight the current developments in machine 
learning approaches for blockchain-based IoT security. We will examine real-world 
case studies and use cases that showcase the successful integration of machine 
learning algorithms with blockchain technology to mitigate security risks in IoT 
systems. By studying these implementations, we can better understand the potential 
benefits and challenges associated with deploying such solutions in practice.

Lastly, we will address the open challenges and identify potential improvements 
that can be focused on for further study. This includes scalability and performance 
issues, privacy concerns, interoperability, standardization, and ethical consider-
ations. By acknowledging these challenges, we can provide insights for future 
research directions and pave the way for the adoption of machine learning approaches 
in securing IoT systems built on blockchain technology.

In summary, this chapter intends to provide a valuable contribution to the ongo-
ing discussion regarding the intersection of machine learning, blockchain technol-
ogy, and the security of IoT systems. By investigating the current developments, 
challenges, and potential improvements, we can provide researchers, practitioners, 
and policymakers with valuable insights and recommendations to enhance the secu-
rity posture of IoT systems in the era of blockchain technology.

1.1 � Background and Motivation

The rapid proliferation of IoT devices and the increasing reliance on blockchain 
technology for secure and transparent transactions have transformed various indus-
tries [51, 54]. However, the security vulnerabilities associated with IoT systems 
have posed significant challenges, making them attractive targets for cyberattacks 
[15]. The decentralized nature of blockchain technology presents an opportunity to 
improve the security of IoT systems by ensuring data integrity, immutability, and 
decentralized consensus [12, 40].

Machine learning, with its ability to learn patterns, detect anomalies, and make 
intelligent decisions from large datasets, has emerged as a powerful tool for enhanc-
ing security across various domains [35]. Within the framework of IoT systems 
based on blockchain technology, machine learning algorithms can play a vital role 
in detecting and mitigating potential threats, identifying patterns of behavior, and 
enhancing anomaly detection capabilities [13, 5].
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The driving force behind this chapter is rooted in the necessity to delve into the 
intersection of machine learning, blockchain technology, and the security of IoT 
systems. By investigating the current developments and open challenges in this 
area, we aim to shed light on the potential benefits, limitations, and practical impli-
cations of integrating machine learning algorithms with blockchain technology for 
IoT security.

Understanding the current state of machine learning approaches in blockchain-
based IoT security is crucial for researchers, practitioners, and policymakers to 
make informed decisions and develop effective security strategies [4]. This book 
chapter aims to connect the gap between theoretical concepts and practical imple-
mentations, providing insights into real-world use cases, case studies, and the asso-
ciated challenges.

Moreover, this chapter seeks to identify potential improvements and research 
directions to address the limitations and open challenges in utilizing machine learn-
ing for enhancing the security of IoT systems built on blockchain technology. By 
addressing scalability, privacy, interoperability, and ethical considerations, we aim 
to foster the development of robust and secure solutions that can be readily imple-
mented in IoT environments.

Overall, the background and motivation for this chapter stem from the need to 
explore and understand the current landscape of machine learning approaches in 
blockchain-based IoT security. By investigating the state-of-the-art techniques, 
identifying challenges, and providing future research directions, this chapter aims to 
contribute to the advancement of secure IoT systems and the utilization of machine 
learning algorithms in conjunction with blockchain technology.

1.2 � Objectives and Scope

The objectives of this book chapter are as follows:

	 (i)	 To provide an outline of blockchain technology, IoT, and machine learning 
algorithms in the context of security, establishing the foundation for under-
standing the amalgamation of these technologies in IoT systems.

	(ii)	 To investigate relevant articles and studies that have utilized machine learning-
based blockchain technology for IoT security, examining their effectiveness, 
limitations, and practical implications.

	(iii)	 To explore the current developments in machine learning approaches for 
blockchain-based IoT security, showcasing real-world case studies and use 
cases that highlight successful implementations.

	(iv)	 To identify and discuss the open challenges associated with using machine 
learning in blockchain-based IoT security, including scalability, privacy con-
cerns, interoperability, standardization, and ethical considerations.
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	(v)	 To provide recommendations for future research directions and potential 
improvements in the field, addressing the identified challenges and fostering 
the development of robust and secure solutions.

The scope of this chapter encompasses the intersection of machine learning, 
blockchain technology, and IoT security. It explores the current developments, chal-
lenges, and opportunities in utilizing machine learning approaches to improve the 
security of IoT systems built on blockchain technology.

This chapter focuses on examining the integration of machine learning algo-
rithms with blockchain technology in the context of IoT security. It discusses the 
practical implementations, effectiveness, and limitations of these approaches 
through a review of relevant articles and studies. Real-world case studies and use 
cases are analyzed to understand the application of machine learning in securing 
IoT systems using blockchain technology.

While the chapter provides understanding of the most advanced techniques avail-
able, it also recognizes the open challenges and constraints that need to be addressed. 
It addresses scalability, privacy, interoperability, standardization, and ethical con-
siderations as key challenges in deploying machine learning approaches in 
blockchain-based IoT security.

The chapter concludes with recommendations for future research, highlighting 
potential areas of improvement and suggesting avenues for further exploration to 
overcome the identified challenges.

2 � Overview of Blockchain Technology and IoT Security

2.1 � Blockchain Technology Fundamentals

Blockchain technology represents a decentralized and distributed ledger system 
designed to enable secure and transparent transactions between multiple partici-
pants, eliminating the necessity for intermediaries [40]. Figure 7.1 illustrates the 
formation of a blockchain using three blocks. It operates through a chain of blocks, 
with each block containing a set of verified and timestamped transactions [54]. The 
fundamental characteristics of blockchain technology include immutability, trans-
parency, decentralization, and cryptographic security [11].

Genesis block Prev block Prev block

Transactions Transactions

Prev block

Transactions

Prev block

Transactions

Block 1 Block 2 Block 3 Block 4 Block 124392
hash / block id

Fig. 7.1  Three blocks forming a chain
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Consensus mechanisms play a crucial role in ensuring agreement on transaction 
validity and preventing malicious activities within a blockchain network. The Proof 
of Work (PoW) consensus mechanism, where participants contend to solve complex 
mathematical puzzles, is widely used in popular blockchain networks like Bitcoin 
[40]. Further, consensus mechanisms such as Proof of Stake (PoS) and Delegated 
Proof of Stake (DPoS) have gained traction due to their energy efficiency and scal-
ability advantages [37, 63].

Smart contracts are programmable and automated contracts that can be deployed 
on blockchain networks. They operate based on predefined rules and conditions, 
enabling automation, reducing the need for intermediaries, and enhancing the effi-
ciency and transparency of transactions [6].

Working of Blockchain
The sequence actions performed while working with blockchain [40] is as repre-
sented in Fig. 7.2.

The working of the blockchain is as follows:

	 (i)	 First under participants and nodes, there exists multiple participants that are 
often referred to as nodes, which join the network voluntarily. Every partici-
pating node possesses a duplicate of the complete blockchain ledger.

	 (ii)	 In the transaction creation, the participants initiate transactions by creating 
and digitally signing them. Transactions can represent various types of data 
such as financial transfer, contracts, assets ownership, or any other relevant 
information.

	 (iii)	 In the transaction propagation, once the transaction is created, it is transmit-
ted across the network. Nodes receive the transaction and validate its authen-
ticity and integrity.

	 (iv)	 In transaction validation, nodes independently verify the validity of each 
transaction using predefined rules and criteria. This validation process ensures 
that transactions comply with specific consensus rules, such as verifying digi-
tal signatures, checking available funds, or executing smart contract 
conditions.

	 (v)	 In pending transactions and mining, the validated transactions are added to a 
pool of pending transactions, waiting to be included in a new block. Miners, 
who are special nodes in the network, contest to solve a cryptographic puzzle 
or perform a consensus algorithm to secure the next block.

	 (vi)	 In block creation, the miners gather a set of pending transactions from the 
pool and create a new block. The block comprises a header and a list of trans-
actions. The header encompasses metadata like a timestamp, a reference to 

End
Add Block 

to 
Blockchain

Link to 
Previous 

block
Add Data 
to Block

Calculte 
Hash Get DataStart

Fig. 7.2  Working of blockchain
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the previous block’s hash, and a nonce (a random number used in the proof-
of-work process).

	(vii)	 In consensus and block validation, the newly created block is propagated 
throughout the network. Other nodes verify the block’s validity, including the 
correctness of the proof-of-work or consensus algorithm. If the block is valid, 
it is accepted and added to each node’s copy of the blockchain.

	(viii)	 In linking blocks, the accepted block becomes the latest addition to the block-
chain. It includes a reference to the hash of the preceding block, effectively 
forming a chain of blocks. This linkage guarantees the immutability and 
truthfulness of the blockchain. Modifying the data in any block would require 
altering subsequent blocks and gaining control of the majority of the net-
work’s computational power.

	 (ix)	 In consensus and trust, as new blocks are added to the chain, consensus mech-
anisms ensure that all participants approve on the state of the blockchain. The 
decentralized nature of blockchain permits trust to be distributed among the 
participants rather than relying on a central authority.

	 (x)	 In data replication and synchronization, nodes in the network constantly share 
information to maintain a synchronized and consistent copy of the block-
chain. Any changes to the blockchain, such as the addition of new blocks or 
updates to transaction history, are propagated across the network to keep all 
copies up to date.

2.2 � Internet of Things (IoT)

Introduction to IoT
The Internet of Things (IoT) has gained significant prominence in various fields, 
transforming the way devices connect and communicate. However, as the adoption 
and advancement of IoT continue to accelerate, ensuring robust security has become 
a critical imperative. To address this challenge, the incorporation of blockchain 
technology with IoT has emerged as a possible solution, offering enhanced security 
and data integrity. This chapter aims to delve into the potential of blockchain in 
bolstering security within IoT systems.

IoT is a rapidly evolving technology that enables the seamless interconnection of 
diverse devices over the internet. Its development is an outcome of the convergence 
of technologies such as Radio Frequency Identification (RFID), wireless communi-
cation, and sensor networks. This architecture has been widely embraced by indus-
tries, unlocking new opportunities for revenue generation and operational 
efficiency [20].

Blockchain technology, most commonly associated with cryptocurrencies, pro-
vides a secure and decentralized framework for storing and tracking a vast number 
of transactions involving users and devices. By harnessing the potential of block-
chain, IoT systems can benefit from enhanced security, privacy, and data integrity, 
mitigating potential vulnerabilities and threats [9].
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The essence of IoT lies in the interconnectedness of various communication net-
works, allowing devices to interact and exchange data seamlessly through the inter-
net. This connectivity brings forth numerous advantages, including improved 
automation, advanced data analytics, and operational efficiency, revolutionizing 
industries such as healthcare, manufacturing, and transportation [4].

Architectural View of IoT
The Internet of Things (IoT) encompasses a vast array of heterogeneous and large-
scale terminal devices, facilitating their interconnectedness and communication. 
The architecture of IoT applications ideally consists of three layers: the things layer, 
the cloud layer, and the edge layer [4].

While the IoT architecture lacks a standardized structure, it is commonly catego-
rized into either four or five layers. In the four-layered IoT architecture, the layers 
include the business layer, support layer, communication layer, and perception 
layer. The communication layer ensures the reliable transmission of information 
between different layers and encompasses sublayers such as application, session, 
transport, network, MAC, and physical layers. The support layer enhances the func-
tionality of other layers by providing computing services and storage facilities, with 
fog/edge and cloud computing serving as key technologies within this layer. The 
business layer incorporates software applications that align with industry require-
ments and user specifications [52].

The things layer accommodates a diverse range of heterogeneous devices, 
including sensors and actuators. These end-terminal devices combine physical com-
ponents that interact with the physical world and cyber components that establish 
connectivity and storage capabilities. These devices vary in specifications, such as 
computation power, power supply, and reporting capabilities. For instance, smart 
meters are capable of executing complex computations, while smart bulbs are lim-
ited to simpler tasks. Most devices within the things layer are resource-constrained 
and operate under limited energy, making them unsuitable for resource-intensive 
operations [47].

The cloud layer represents a robust layer with abundant resources that can sup-
port intricate computing tasks. It can extract information from extensive data stor-
age and perform advanced computations, such as distributed intrusion detection. 
Conversely, the edge layer, also referred to as the gateway or fog layer, acts as a 
bridge between the resource-limited things layer and the resource-rich cloud layer. 
The edge layer holds significant importance within the IoT architecture, as devices 
in this layer are directly connected to physical things or are only a few hops away. 
Edge devices often possess ample resources, including storage, power supply, and 
computing power [53].

Each layer within the IoT architecture possesses distinct characteristics that ren-
der it indispensable. Proper organization and collaboration among these layers are 
crucial for building a cohesive and efficient IoT system.

IoT Security Challenges
The swift propagation of IoT devices has introduced numerous security challenges. 
IoT devices are recurrently resource-constrained, lacking robust security measures, 
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and are prone to various vulnerabilities. Some of the crucial security challenges in 
IoT systems include the following:

	(a)	 Device Vulnerabilities: IoT devices may have weak authentication mecha-
nisms, outdated firmware, or insecure communication protocols, making them 
susceptible to attacks [31].

	(b)	 Data Integrity and Privacy: Ensuring the integrity and privacy of data gener-
ated and communicated by IoT devices is crucial. Unauthorized access, data 
tampering, and privacy breaches pose significant risks [15].

	(c)	 Scalability: The sheer number of IoT devices in large-scale deployments makes 
it challenging to manage security across the network effectively [36].

	(d)	 Interoperability: Different IoT devices and platforms often use different com-
munication protocols and data formats, leading to interoperability challenges 
and potential security gaps [50].

	(e)	 Distributed Denial of Service (DDoS) Attacks: IoT devices can be conceded 
and used as part of botnets to introduce DDoS attacks, causing service disrup-
tions and affecting system availability [25].

2.3 � The Role of Blockchain in IoT Security

Blockchain technology offers several potential advantages in addressing IoT secu-
rity challenges:

	(a)	 Data Integrity and Immutability: The tamper-resistant nature of blockchain 
warrants the integrity and immutability of data. Transactions logged on the 
blockchain cannot be altered, providing a trustworthy source of informa-
tion [54].

	(b)	 Decentralized Trust: The decentralized nature of blockchain disregards the 
need for a central authority, plummeting the risk of single points of failure and 
enhancing trust among IoT devices [12].

	(c)	 Secure Data Exchange: Blockchain facilitates secure peer-to-peer transactions 
and data exchange between IoT devices without the need for mediators, reduc-
ing vulnerabilities associated with centralized servers [69].

	(d)	 Enhanced Identity and Access Management: Blockchain-based identity man-
agement systems allow secure and verifiable authentication and access control 
for IoT devices [10].

	(e)	 Auditability and Transparency: The transparent nature of blockchain enables 
auditing and traceability of IoT transactions, making it easier to detect and 
investigate malicious activities [9].
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Integrating blockchain technology with IoT security can provide a more robust and 
resilient security framework. However, challenges related to scalability, privacy, 
and interoperability require attention to effectively leverage blockchain technology 
in IoT security applications. Machine learning algorithms can complement block-
chain technology by providing intelligent threat detection, anomaly detection, and 
pattern recognition capabilities, thereby further enhancing the security of IoT 
systems.

3 � Machine Learning Techniques for IoT Security

3.1 � An Overview of Machine Learning in IoT Security

Machine learning algorithms can be trained on large datasets to absorb patterns and 
identify abnormal behavior in IoT networks. They can analyze various types of data, 
including network traffic, device behavior, and sensor readings to detect potential 
threats and intrusions [33].

Supervised learning algorithms, such as Support Vector Machines (SVM), 
Random Forests, and Neural Networks, can be used to categorize IoT data into dif-
ferent classes, such as normal or malicious behavior. Unsupervised learning algo-
rithms, such as clustering algorithms and anomaly detection techniques, can detect 
anomalies in IoT data without the need for labeled training data. In Fig. 7.3, the 
significance of machine learning in enhancing IoT security is vividly depicted.

ML for
IoT

Security

Threat Detection
and Prevention

Anomaly
Detection

Intrusion
Detection 

Fig. 7.3  Machine learning for IoT security
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3.2 � Machine Learning-Based Threat Detection and Prevention

Machine learning algorithms can analyze network traffic patterns to identify poten-
tial threats and prevent attacks in real time. By training on historical data, these 
algorithms can learn to recognize known attack patterns and flag distrustful activi-
ties. Intrusion Detection Systems (IDS) and Intrusion Prevention Systems (IPS) can 
be enhanced using machine learning techniques to identify and mitigate attacks 
targeting IoT systems [15].

3.3 � Anomaly Detection in IoT Networks Using 
Machine Learning

Anomaly detection methods are employed to identify unusual behavior or outliers 
in IoT networks. Machine learning algorithms, such as One-Class SVM, 
Autoencoders, and Isolation Forests, can learn the normal behavior of IoT devices 
and detect deviations from the expected patterns. This approach enables the detec-
tion of previously unknown attacks or abnormal activities that may not fit predefined 
rules or signatures [56].

3.4 � Machine Learning for Intrusion Detection in IoT

Machine learning algorithms can be trained to detect specific types of attacks, such 
as Distributed Denial of Service (DDoS) attacks or device spoofing. By analyzing 
network traffic, communication patterns, and device behavior, these algorithms can 
identify signs of malicious activities and raise alerts or take preventive mea-
sures [42].

Ensemble learning techniques, which combine several machine learning models, 
can enhance the accuracy and robustness of IoT security systems. By leveraging the 
strengths of different algorithms, ensemble models can enhance the detection and 
prevention of various types of attacks [58].

It is vital to note that the effectiveness of machine learning techniques in IoT 
security depends on the quality of the training data, feature selection, and the ability 
to adapt to developing attack techniques. Additionally, the resource constraints of 
IoT devices and the need for real-time processing pose challenges in implementing 
machine learning algorithms in IoT security systems. Addressing these challenges 
is crucial to harness the full potential of machine learning in securing IoT 
environments.
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4 � Integration of Blockchain Technology 
with Machine Learning

The integration of blockchain technology with machine learning forms a compel-
ling synergy that holds promise for revolutionizing various domains. By combining 
the inherent security and decentralization of blockchain with the intelligence and 
adaptability of machine learning, innovative solutions are emerging to address intri-
cate challenges across fields such as IoT security, data privacy, and transparent 
decision-making. Figure 7.4 illustrates the various purposes for integrating block-
chain with machine learning techniques.

4.1 � Data Privacy and Security

A significant benefit of integrating blockchain technology with machine learning is 
the enhanced data privacy and security it delivers. Blockchain’s inherent features, 
such as decentralized storage, encryption, and immutability, can safeguard sensitive 
data used in machine learning models. By storing data on the blockchain, machine 
learning algorithms can securely access and train models without compromising the 
privacy and integrity of the underlying data [45].

4.2 � Federated Learning on the Blockchain

Federated learning represents a decentralized methodology enabling machine learn-
ing models to be trained using data distributed across numerous devices or nodes, 
eliminating the necessity of transmitting data to a central server. By integrating 
federated learning with blockchain technology, the training process can be further 
decentralized and made more secure. Each participant in the network can maintain 

Data Privacy and Security

Federated Learning on the Blockchain

Data Marketplace and Tokenization

Decentralized Model Governance and Auditing

Incentive Mechanisms for Machine Learning Contributors

Verifiable and Explainable AI

Fig. 7.4  Blockchain integration with machine learning
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control over their data while contributing to the collective learning process. The 
blockchain ensures the integrity of the model updates and provides a transparent 
record of the training process [67].

4.3 � Data Marketplace and Tokenization

Blockchain technology can enable secure and transparent data marketplaces where 
individuals or organizations can sell their data for machine learning purposes. By 
tokenizing data and using smart contracts, data providers can maintain control over 
their data and ensure fair compensation. Machine learning algorithms can access 
these data marketplaces, leveraging a diverse range of datasets for training models. 
The blockchain provides an auditable record of data transactions and ensures the 
integrity of the data used in the training process [19].

4.4 � Decentralized Model Governance and Auditing

Integrating blockchain technology with machine learning allows for decentralized 
model governance and auditing. Smart contracts on the blockchain can govern the 
access, usage, and updates of machine learning models. This decentralized gover-
nance ensures transparency and accountability in the model development and 
deployment process. Additionally, the blockchain’s immutability allows for inde-
pendent auditing of the models, ensuring compliance and fairness [41].

4.5 � Incentive Mechanisms for Machine Learning Contributors

Blockchain-based incentive mechanisms, such as token rewards or cryptocurrency 
payments, can be employed to incentivize individuals or organizations to contribute 
their computational resources or data for machine learning tasks. This incentiviza-
tion promotes participation and collaboration in machine learning projects, leading 
to the expansion of more robust and accurate models [59].

4.6 � Verifiable and Explainable AI

Blockchain technology can provide a framework for confirming the verifiability and 
explainability of machine learning models. The transparent and immutable nature of 
the blockchain allows stakeholders to trace the decisions and predictions made by 
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machine learning models back to the input data and training process. This verifi-
ability enhances trust and accountability in the deployment of AI systems [24].

The integration of blockchain technology with machine learning holds great 
potential for enhancing data privacy, security, and transparency in machine learning 
applications. It enables decentralized and secure training processes, fair data mar-
ketplaces, auditable model governance, and incentivized collaborations. By lever-
aging the strengths of both technologies, the integration of blockchain and machine 
learning can address critical challenges and foster the development of trustworthy 
and robust AI systems.

5 � Current Developments in Machine Learning Approaches 
for Blockchain-Based IoT Security

5.1 � Case Studies and Use Cases

Recent developments in machine learning approaches for blockchain-based IoT 
security have witnessed the emergence of various case studies and use cases. These 
real-world implementations showcase the effectiveness of combining machine 
learning and blockchain technologies to enhance IoT security. For example, machine 
learning algorithms have been utilized for anomaly detection in smart home sys-
tems, identifying unusual behavior patterns that could indicate potential security 
breaches [48]. Additionally, machine learning-based intrusion detection systems 
integrated with blockchain technology have been deployed in industrial IoT envi-
ronments, enabling real-time threat detection and response [22].

Adaptive Threat Detection  Current developments in machine learning for 
blockchain-based IoT security focus on adaptive threat detection techniques. These 
techniques involve training machine learning models on real-time IoT data to detect 
and respond to emerging threats effectively. By continuously updating the models 
with new data, adaptive threat detection algorithms can adapt to evolving attack 
techniques and improve the accuracy of threat identification [27].

Privacy-Preserving Machine Learning  Privacy is a critical concern in IoT sys-
tems, and recent developments in machine learning aim to address this challenge. 
Privacy-preserving machine learning techniques, such as secure multiparty compu-
tation, homomorphic encryption, and federated learning, enable IoT devices to col-
laborate in training models without exposing sensitive data. These techniques ensure 
data privacy and confidentiality while maintaining the utility of machine learning 
algorithms [68].

Explainable AI for IoT Security  Explainable AI (XAI) techniques are gaining 
attention in the context of blockchain-based IoT security. XAI focuses on providing 
transparent and understandable explanations for the conclusions made by machine 
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learning models. By understanding the rationale behind the model’s predictions or 
decisions, stakeholders can gain insights into potential vulnerabilities and mitigate 
security risks effectively [23].

Transfer Learning and Model Generalization  Transfer learning, a technique 
that uses knowledge gained from one domain to boost performance in another, is 
being explored for enhancing the security of blockchain-based IoT systems. By 
training machine learning models on large-scale datasets from different IoT 
domains, transfer learning enables the generalization of knowledge and the detec-
tion of common security threats across diverse IoT deployments [62].

Blockchain-Based Intrusion Detection Systems  Blockchain technology is being 
integrated into the design of intrusion detection systems (IDS) for IoT security. By 
using the blockchain as a tamper-resistant and transparent ledger, IDS can securely 
record and analyze network traffic and device behavior. Machine learning algo-
rithms can be trained on blockchain-stored data to detect anomalies and identify 
potential attacks in IoT networks [1].

Reinforcement Learning for IoT Security  Reinforcement learning, a branch of 
machine learning concerned with learning optimal decision-making strategies, is 
being explored for IoT security. By modeling the IoT security environment as a 
reinforcement learning problem, agents can learn to make adaptive security deci-
sions based on real-time feedback. Reinforcement learning techniques can enhance 
the resilience and response capabilities of IoT security systems [49].

Blockchain-Enabled Trust and Reputation Systems  Machine learning algo-
rithms are being used in combination with blockchain technology to develop trust 
and reputation systems for IoT security. These systems leverage machine learning 
techniques to analyze and assess the trustworthiness of IoT devices and participants 
in the blockchain network. By assigning reputation scores and evaluating past 
behavior, these systems enhance the security and reliability of IoT transactions and 
interactions [18].

These current developments in machine learning approaches for blockchain-
based IoT security demonstrate the ongoing research efforts to address the unique 
security challenges in IoT environments. By combining the strengths of machine 
learning algorithms with the tamper-resistant and decentralized nature of block-
chain technology, these approaches offer promising solutions for enhancing the 
security and resilience of IoT systems. However, further research is needed to opti-
mize these techniques, address scalability concerns, and ensure practical implemen-
tations in real-world IoT deployments.
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5.2 � Integration Challenges and Practical Considerations

While the integration of machine learning approaches with blockchain-based IoT 
security shows great potential, there are several challenges and practical consider-
ations that are essential to be addressed:

Data Availability and Quality  Machine learning models involve large volumes of 
high-quality data for effective training. However, in IoT environments, data avail-
ability and quality can be challenging due to the decentralized nature of the network 
and the limitations of IoT devices. Future research should focus on developing tech-
niques to ensure sufficient and reliable data availability for training machine learn-
ing models in blockchain-based IoT security [7].

Computational Resources  Machine learning algorithms are computationally 
intensive, and deploying them on resource-constrained IoT devices can be a chal-
lenge. Considerations should be given to optimizing the computational resources 
required for running machine learning algorithms on IoT devices and leveraging 
distributed computing architectures to alleviate the computational burden [34].

Latency and Real-Time Processing  IoT systems often require real-time or near 
real-time processing to detect and retort to security threats promptly. Integrating 
machine learning with blockchain technology should account for the potential 
latency introduced by the consensus mechanisms of the blockchain. Efficient tech-
niques should be developed to enable real-time processing and decision-making in 
blockchain-based IoT security [35].

Privacy and Compliance  IoT systems often handle sensitive data, such as per-
sonal or healthcare information, which necessitates adherence to privacy regula-
tions. Integrating machine learning approaches with blockchain technology should 
prioritize privacy-preserving techniques to confirm compliance with data protection 
regulations. Mechanisms such as federated learning or secure multi-party computa-
tion can be explored to maintain data privacy while leveraging the benefits of 
machine learning [38].

Scalability and Blockchain Throughput  Scalability issues emerge in blockchain 
networks when confronted with a substantial volume of transactions, particularly 
evident within IoT environments encompassing a multitude of devices. To integrate 
machine learning with blockchain-based IoT security, scalable blockchain solutions 
and optimized consensus mechanisms should be explored to handle the increasing 
throughput requirements [44].
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6 � Open Challenges and Future Directions

6.1 � Scalability

Enhancing the scalability remains a noteworthy challenge in the integration of 
machine learning approaches with blockchain-based IoT security. As the number of 
IoT devices and transactions rises, the computational and storage necessities for 
training and maintaining machine learning models on the blockchain become more 
demanding. Future research could focus on the following methodologies:

•	 Conduct a comparative study of existing consensus mechanisms, such as Proof 
of Stake (PoS), Proof of Authority (PoA), and sharding, to assess their suitability 
for handling increased transaction throughput while maintaining security [16].

•	 Develop a simulation framework to assess the performance of various scalability 
solutions under different network loads and transaction rates. Additionally, 
investigate off-chain solutions like state channels and sidechains to alleviate 
scalability limitations and enhance overall network efficiency [26].

6.2 � Privacy-Preserving Machine Learning

While privacy-preserving machine learning techniques have made significant 
advancements, there is still a need for robust methods to ensure data privacy in 
blockchain-based IoT security while leveraging the benefits of machine learning. 
Developing efficient and practical privacy-preserving mechanisms that can guard 
sensitive data while maintaining the utility of machine learning models remains an 
open challenge.

•	 Implement federated learning to train machine learning models on decentralized 
data sources without sharing raw data [66].

•	 Investigate progressive cryptographic techniques like homomorphic encryption 
and secure multiparty computation to ensure data privacy during model aggrega-
tion [17].

•	 Develop a framework to evaluate the trade-off between privacy preservation and 
model accuracy using real-world IoT datasets. Explore techniques to control and 
manage the privacy budget in federated learning [43].

6.3 � Interoperability and Standardization

Interoperability and standardization are crucial for the extensive adoption of 
blockchain-based IoT security solutions. A potential research problem in this con-
text is how we can establish seamless communication among diverse IoT devices 
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using different communication protocols and data formats. As different blockchain 
platforms and IoT devices use varying protocols and data formats, interoperability 
challenges arise. Future research should focus on the following:

•	 Develop a protocol translation mechanism that enables devices using different 
communication protocols to communicate effectively [46].

•	 Investigate the adoption of standardized data formats such as the SensorThings 
API to promote interoperability [28].

•	 Implement the Web of Things (WoT) ontology to provide a standardized frame-
work for data exchange and semantic interoperability [14] and conduct case 
studies to assess the effectiveness of these approaches in real-world IoT 
environments.

6.4 � Adversarial Attacks and Defense

Detection and mitigation of adversarial attacks targeting machine learning models 
pose a significant threat to the security of blockchain-based IoT systems. Adversaries 
can manipulate input data or inject malicious behavior to deceive the machine learn-
ing algorithms. Mechanisms such as adversarial training and detection enables us to 
develop robust defense mechanism and mitigating these attacks is an important area 
of future research. 

•	 Develop machine learning-based intrusion detection systems that specialize in 
identifying adversarial attacks [2].

•	 Implement adversarial training, where models are trained on adversarial exam-
ples to enhance their robustness [8].

•	 Investigate novel anomaly detection techniques, such as adversarial anomaly 
detection, to identify adversarial patterns that deviate from normal behavior [61] 
and evaluate the performance of these approaches using benchmark datasets and 
consider real-world deployment scenarios.

6.5 � Energy Efficiency

Energy efficiency is a critical consideration in resource-constrained IoT environ-
ments. Machine learning algorithms, especially complex deep learning models, can 
consume significant computational resources and energy. Future research should 
concentrate on developing energy-efficient machine learning techniques tailored for 
IoT devices, enabling efficient utilization of resources without compromising secu-
rity. The possible methodologies to reduce computational burden of machine learn-
ing on resource constrained IoT devices should  be reduced to achieve energy 
efficiency are as follows:
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•	 Explore edge-based processing, where machine learning models are deployed on 
devices with sufficient resources, reducing the need for extensive data transmis-
sion [60].

•	 Implement model compression techniques like quantization and pruning to 
reduce the computational complexity of models [30] and develop a framework to 
assess the trade-off between model accuracy and computational efficiency in 
energy-constrained IoT scenarios.

6.6 � Governance and Trust

The governance and trust mechanisms for machine learning models in blockchain-
based IoT security need further exploration. Developing decentralized governance 
models that ensure transparency, accountability, and fairness in the deployment and 
management of machine learning models is crucial. Trust frameworks that establish 
the reliability and integrity of machine learning models and their interactions within 
the blockchain network are important future directions.

•	 Implement smart contracts to establish transparent rules and automate trust-
building processes [55].

•	 Develop reputation systems using blockchain technology to assess the trustwor-
thiness of participants based on historical behavior [21].

•	 Integrate blockchain with digital identity systems to enhance user and device 
authentication and establish a trustworthy identity framework [32]. Conduct 
simulations or case studies to evaluate the effectiveness of these mechanisms in 
building trust within IoT networks.

6.7 � Real-Time Adaptability

Enabling real-time adaptability of machine learning models in blockchain-based 
IoT security for rapidly evolving threats is a challenge. IoT systems require immedi-
ate response and adaptation to dynamic security threats. Future research should 
emphasize on developing efficient algorithms and architectures that can enable real-
time learning, decision-making, and model updates in IoT environments.

•	 Investigate online learning techniques that enable machine learning models to 
adapt continuously to new data and threats [3].

•	 Develop a dynamic update mechanism that incorporates new threat information 
into existing models in real time [64].

•	 Implement reinforcement learning approaches to enable agents to make adaptive 
security decisions based on real-time feedback [65] and evaluate the responsive-
ness and effectiveness of these methods using real-world IoT security scenarios.
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6.8 � Ethical and Legal Considerations

As machine learning techniques and blockchain-based IoT security solutions 
evolve, ethical and legal considerations need to be addressed. Ensuring fairness, 
transparency, and accountability in the collection, processing, and use of data is 
essential. Future research should explore ethical frameworks and regulatory guide-
lines to govern the incorporation of machine learning and blockchain technologies 
in IoT security.

•	 Conduct a comprehensive review of existing ethical and legal frameworks rele-
vant to IoT and machine learning security [29].

•	 Collaborate with legal experts to develop guidelines for data handling, consent, 
and user rights in the context of IoT security [57].

•	 Create a decision-making framework that balances security requirements with 
ethical considerations and validate it through case studies or simulations [39].

Tackling these existing challenges and venturing into future avenues will estab-
lish a path toward creating resilient, scalable, and privacy-centric machine learning 
strategies for ensuring the security of IoT systems integrated with blockchain tech-
nology. By advancing the state of the art in these areas, researchers and practitioners 
can create a more secure and trustworthy environment for the deployment and oper-
ation of IoT systems.

7 � Conclusion

7.1 � Key Findings

In this chapter, we have delved into the integration of machine learning approaches 
with blockchain technology in the context of IoT security. We have examined the 
current developments, identified open challenges, and discussed future directions in 
this rapidly evolving field. Here are the key findings:

	 (i)	 Machine learning techniques, such as anomaly detection, threat detection, and 
pattern recognition, enhance the security of IoT systems by detecting and miti-
gating potential cyber threats.

	(ii)	 Blockchain technology provides decentralized storage, immutability, and 
transparent transactions, ensuring data integrity and privacy in IoT 
environments.

	(iii)	 Privacy-preserving machine learning techniques, federated learning, and 
explainable AI are crucial for addressing privacy concerns and ensuring trans-
parency and interpretability in machine learning models.
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	(iv)	 Transfer learning, reinforcement learning, and blockchain-enabled trust mech-
anisms hold promise for improving the resilience and generalizability of 
machine learning approaches in IoT security.

	(v)	 Scalability, privacy preservation, interoperability, and defense against adver-
sarial attacks are major challenges that need to be overcome for effective inte-
gration of machine learning and blockchain in IoT security.

7.2 � Recommendations for Future Research

Derived from the findings, here are several suggestions for prospective research 
endeavors:

	 (i)	 Develop scalable machine learning algorithms and distributed architectures 
that can manage the escalating volume and complexity of IoT data in 
blockchain-based systems.

	 (ii)	 Further explore privacy-preserving techniques that allow secure collaboration 
and training of machine learning models while preserving data privacy and 
confidentiality.

	 (iii)	 Standardize protocols and frameworks to enable interoperability between dif-
ferent blockchain platforms and IoT devices, promoting seamless integration 
and communication.

	 (iv)	 Enhance defense mechanisms against adversarial attacks by developing 
robust techniques such as adversarial training, detection, and robust model 
architectures.

	 (v)	 Focus on energy-efficient machine learning approaches tailored for resource-
constrained IoT devices to optimize energy consumption and prolong device 
lifespan.

	 (vi)	 Investigate decentralized governance models and trust frameworks to ensure 
transparency, accountability, and fairness in the deployment and management 
of machine learning models in blockchain-based IoT security.

	(vii)	 Address real-time adaptability requirements by developing algorithms and 
architectures that enable continuous learning, decision-making, and model 
updates in dynamic IoT environments.

	(viii)	 Establish ethical frameworks and regulatory guidelines to govern the ethical 
and legal considerations surrounding the collection, processing, and use of 
data in machine learning and blockchain-based IoT security.

By addressing these recommendations and further exploring the intersection of 
machine learning and blockchain technology in IoT security, researchers can make 
significant strides in creating robust, scalable, and privacy-preserving solutions. 
This will contribute to the development of a more secure and trustworthy IoT eco-
system, benefiting various sectors such as healthcare, business, and smart cities. 
Collaborative efforts and interdisciplinary research are key to advancing the field 
and realizing the full potential of machine learning in blockchain-based IoT security.
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