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Abstract: The fast adoption of Industrial Cyber-Physical Systems (ICPS), Internet of Medical Things
(loMT), cloud computing, and telemedicine technologies has completely changed the way modern
healthcare delivery systems work. But at the same time, the growing level of connectivity of medical
devices and healthcare infrastructure increases the attack surface of the healthcare sector and makes
it more vulnerable to ransomware, data breaches, unauthorized access and insider attacks.
Centralized security approaches can hardly protect the system from new emerging cyber threats and
maintain data integrity and privacy at the same time. Although Deep Learning algorithms have already
shown great potential for intrusion detection and anomaly recognition, they do not provide any
guarantees concerning safe data sharing and tampering-proof storage. In turn, although Blockchain
provides decentralization, immutability and transparency, it does not have intelligent threat detection
capabilities. In order to resolve these issues, this paper suggests using a hybrid framework based on
Deep Learning and Blockchain for healthcare Industrial Cyber-Physical Systems. The architecture of
the suggested framework incorporates Convolutional Neural Networks (CNN), LSTM neural networks,
Autoencoders, Smart Contracts, Distributed Ledgers and access control via Blockchain.
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Introduction

There is a process of digitalization in the sphere of healthcare by means of the implementation of
Industrial Cyber-Physical Systems, Cloud-based healthcare solutions, and the Internet of Medical
Things technologies. The connected medical devices, wearables, EHRs, telemedicine portals, and
smart hospitals produce a huge amount of private data, which needs protection during storage,
transfer, and processing. Although the implementation of new technologies brings benefits to patients
and healthcare institutions, it also creates severe cybersecurity issues. Modern healthcare
infrastructures became an attractive target for ransomware attacks, data breaches, and access of
unentitled users because of the high cost of medical records on the dark web.

Research Motivation

The rise in deployment of Industrial Cyber Physical Systems in health care institutions has made it
mandatory to develop intelligent and distributed security solutions. The proliferation of Internet of
Medical Things (loMT), cloud computing and remote health care applications has resulted in the
widening of the health care attack surface. Rule based security systems cannot detect complex cyber-
attacks and zero day attacks efficiently. Also, it is essential for health care institutions to have
assurances of the confidentiality, integrity, availability, and accountability of the patient data.

Table 1. Existing Security Technologies in Healthcare ICPS

Technology Advantages Limitations
Deep Learning High attack detection accuracy No data integrity assurance
Blockchain Immutable and decentralized Scalability and latency issues

Traditional Security Models | Established controls and standards | Vulnerable to advanced attacks

Centralized Systems Easier administration Single point of failure
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Proposed Hybrid

Intelligent and secure architecture | Increased implementation complexity
Framework

Research Objectives

Mainly, the purpose of this study is to create an architecture for a robust Industrial Cyber-Physical
System (ICPS) for healthcare systems by considering intelligence-based threat detection along with
decentralization techniques for security. In particular, it focuses on developing a deep learning
intrusion detection system, use of Blockchain technology for managing healthcare data securely, and
providing resilience against attacks.

Proposed Hybrid Security Architecture

The proposed architecture is built with four primary layers, which include the Data Layer, the
Intelligence Layer, the Blockchain Layer, and the Healthcare Service Layer. The Data Layer gathers data
from loMT sensors, wearable devices, medical devices, and electronic health records. The Intelligence
Layer conducts intelligent cyber-threat detection through the use of deep learning approaches such
as CNN, LSTM, and Autoencoder. The Blockchain layer provides features for secure data storage,
access control, auditing and smart contract execution.

CONCEPTUAL FRAMEWORK

Deep Learning and Blockchain-enabled Healthcare Data Protection for ICPS
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Table 2. Proposed Framework Components

Technology Advantages Limitations
Deep Learning High attack detection accuracy No data integrity assurance
Blockchain Immutable and decentralized Scalability and latency issues
. . Established controls and
Traditional Security Models Vulnerable to advanced attacks
standards
Centralized Systems Easier administration Single point of failure
Proposed Hybrid Framework | Intelligent and secure architecture | Increased implementation complexity

Deep Learning Security Model

The Deep Learning part of the framework integrates various learning approaches in order to enhance
the performance of cybersecurity. CNNs are used in order to conduct feature extraction and
classification of attack patterns. LSTM networks learn temporal dependencies in addition to attack
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sequences in the healthcare data traffic. Unsupervised learning is conducted through the use of
autoencoders, which detect anomalies and identify zero-day attacks by learning normal behavioral

patterns.
Table 3. Deep Learning Modules

Model Function Expected Benefit

CNN Feature extraction Fast attack classification
LSTM Sequential analysis Detection of evolving attacks
Autoencoder Anomaly detection Zero-day attack identification

Blockchain-Based Security Framework

Blockchain technology is used in the proposed framework to provide a secure and transparent system
for the management of healthcare information. Access control policies, patient consents, and security
measures are automated using smart contracts. Healthcare transactions are stored securely and
permanently using distributed ledgers that serve as an immutable audit trail. Blockchain provides
confidentiality through restricted access, integrity through immutability, and availability through
decentralization.

Table 4. Blockchain Security Contributions

Security Objective Blockchain Contribution
Confidentiality Controlled access mechanisms
Integrity Immutable healthcare records
Availability Distributed architecture
Accountability Complete audit trails

Dataset Selection and Methodology

Implementation stage applies benchmarking cyber security datasets such as NSL-KDD, CICIDS2017,
CICloT2023, and healthcare loMT datasets. The data preprocessing procedure will include data
cleaning, feature selection, normalization, and balancing of classes. Afterward, the deep learning
algorithms are trained on the preprocessed data and then integrated with the blockchain module for
securing data management. Finally, the evaluation of the suggested framework will be carried out
using different performance parameters.

Table 5. Selected Datasets

Dataset Purpose

NSL-KDD Network intrusion detection
CICIDS2017 Cyberattack classification
CICloT2023 loT threat detection
Healthcare loMT Dataset | Domain-specific validation

Evaluation Metrics

The suggested model will be evaluated according to the following performance parameters: accuracy,
precision, recall, F1 score, and detection rate. Whereas the parameter of accuracy will provide
information about the general predictive power of the model, the precision parameter will show the

ability of the model to reduce false positives.
Table 6. Performance Metrics

Metric Purpose

Accuracy Overall performance
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Precision False positive reduction
Recall Threat detection capability
F1 Score Balanced performance
Detection Rate Security effectiveness

Expected Outcomes
As a result of this approach, the following achievements will be realized: intrusion detection;
tampering and security of medical data; enhanced levels of stakeholder trust; improved privacy of
patients; and greater resistance to cyber-attacks. Through this fusion of Deep Learning and Blockchain,
an intelligent and secure ecosystem for development of next-generation Industrial Cyber-Physical
Systems in the healthcare sector can be developed.
Future Work and Conclusion
A Hybrid Deep Learning and Blockchain Security Framework for Industrial Cyber-Physical Systems in
the context of Healthcare is discussed in this work. The proposed framework utilizes intelligent threat
detection capabilities, as well as decentralization, to resolve significant problems of privacy, security,
and trust associated with the healthcare infrastructure. Future works will involve the realization of the
framework, conducting experiments, and increasing the computational efficiency of the proposed
system. These results will serve as a basis for Conference 3 and Conference 4 in this paper.
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