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Abstract: The rapid adoption of Internet of Things (IoT)-enabled smart healthcare robots has transformed patient monitoring,
diagnosis, rehabilitation, and remote clinical assistance through intelligent and autonomous healthcare services. However, the
continuous generation and exchange of sensitive medical information across distributed robotic platforms introduce significant
concerns related to privacy, security, data integrity, and regulatory compliance. Conventional centralized deep learning
frameworks expose healthcare systems to single-point failures, unauthorized data access, and communication bottlenecks,
thereby limiting their applicability in critical medical environments. This study proposes a secure and intelligent framework
that integrates Federated Learning (FL), Blockchain technology, and Artificial Intelligence-based Deep Learning (AI-DL) to
establish a decentralized and privacy-preserving learning environment for loT-driven smart healthcare robots. Federated
learning enables collaborative model training without exposing raw patient data, while blockchain provides immutable
transaction records, decentralized trust management, and secure model validation. Deep learning algorithms enhance disease
prediction, robotic perception, and adaptive decision-making using locally trained models. The proposed architecture improves
security, computational efficiency, scalability, interoperability, and model robustness while minimizing communication
overhead and preserving patient confidentiality. The framework offers a sustainable and reliable solution for next-generation
intelligent healthcare ecosystems supporting secure autonomous robotic healthcare services.

Keywords: Federated Learning, Smart Healthcare Robots, Internet of Things, Blockchain Technology, Deep Learning,
Medical Data Security

1. Introduction

The convergence of the Internet of Things (IoT), Artificial Intelligence (AI), cloud computing, edge
intelligence, and robotic automation has fundamentally transformed modern healthcare delivery by enabling
intelligent, autonomous, and patient-centric medical services. Smart healthcare robots equipped with embedded
sensors, wireless communication modules, and intelligent decision-making capabilities are increasingly deployed
for patient monitoring, medication delivery, rehabilitation, surgical assistance, elderly care, and emergency
response. These robotic platforms continuously acquire physiological, behavioral, and environmental data through
heterogeneous IoT devices and process them using Al algorithms to facilitate real-time diagnosis and personalized
treatment. Such distributed healthcare ecosystems reduce clinical workload, improve operational efficiency, and
extend healthcare accessibility to remote and underserved populations. Nevertheless, the massive exchange of
confidential medical information across interconnected robotic devices introduces critical concerns regarding
cybersecurity, patient privacy, communication reliability, model integrity, and compliance with healthcare
regulations. Traditional centralized learning architectures require continuous transmission of raw medical data to
cloud servers, making them vulnerable to data leakage, unauthorized access, single-point failures, and
communication bottlenecks.
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Recent advances in Federated Learning (FL) provide a promising paradigm for collaborative intelligence
by enabling distributed devices to train machine learning models locally while exchanging only model parameters
rather than sensitive patient information. However, conventional federated learning frameworks remain
susceptible to malicious model poisoning, gradient inversion attacks, free-rider attacks, and trust management
issues due to the absence of decentralized verification mechanisms. Blockchain technology offers immutable
distributed ledgers, consensus-driven validation, decentralized trust, and tamper-resistant storage that can
significantly strengthen the security and transparency of federated learning environments. Simultaneously, deep
learning (DL) architectures facilitate accurate disease prediction, medical image interpretation, robotic perception,
anomaly detection, and adaptive decision-making. The integration of Blockchain, Federated Learning, and Al-
driven Deep Learning therefore establishes a secure, scalable, and intelligent healthcare ecosystem capable of
preserving patient confidentiality while maintaining high predictive performance.

The rapid emergence of Healthcare 5.0 further emphasizes intelligent collaboration among humans,
robots, cyber-physical systems, and medical digital twins. loT-driven healthcare robots increasingly operate within
dynamic environments where clinical decisions must be executed in real time despite limited computational
resources, heterogeneous communication protocols, and strict privacy requirements. These constraints necessitate
decentralized intelligence capable of minimizing latency while maximizing data security. Federated learning
addresses data decentralization, blockchain guarantees transaction integrity and accountability, whereas deep
neural networks enable autonomous cognitive capabilities. Together, these technologies establish an integrated
computational framework capable of supporting resilient healthcare infrastructures that satisfy future regulatory
and technological demands.

Moreover, the exponential growth of wearable sensors, implantable medical devices, autonomous service
robots, and edge computing platforms generates unprecedented volumes of multimodal healthcare data.
Conventional cybersecurity solutions primarily focus on communication security without adequately addressing
collaborative model integrity or distributed learning privacy. Similarly, standalone Al algorithms often ignore trust
management, while blockchain implementations alone cannot provide intelligent clinical inference. Consequently,
an integrated architecture combining secure distributed learning, immutable consensus mechanisms, and adaptive
deep intelligence has become essential for ensuring reliable robotic healthcare services.

Overview

The proposed study presents a comprehensive secure healthcare intelligence framework integrating
Blockchain, Federated Learning, IoT, and Artificial Intelligence-based Deep Learning for smart healthcare robots.
IoT-enabled robotic systems collect distributed clinical information from patients, wearable devices, imaging
systems, and hospital infrastructures. Instead of transmitting sensitive patient records to centralized servers,
federated learning facilitates collaborative model optimization through decentralized local training. Blockchain
ensures immutable verification of model updates, decentralized authentication, transparent transaction
management, and resistance against adversarial manipulation. Deep learning algorithms subsequently perform
intelligent disease prediction, robotic perception, clinical decision support, anomaly detection, and adaptive
healthcare recommendations. The proposed integrated architecture establishes a scalable and privacy-preserving
ecosystem capable of improving security, computational efficiency, communication reliability, and medical
decision accuracy.

Scope and Objectives

The scope of this research encompasses secure collaborative learning for distributed healthcare robots
operating within IoT-enabled clinical environments. The study investigates the integration of blockchain-enabled
trust mechanisms with federated learning to preserve patient privacy while supporting intelligent deep learning-
based medical analytics. The framework addresses security, scalability, interoperability, decentralized
computation, communication efficiency, and intelligent robotic autonomy.

The primary objectives are:
e To develop a blockchain-assisted federated learning architecture for IoT-enabled healthcare robots.
e To preserve patient privacy without transmitting raw healthcare data.

e To improve robustness against cyberattacks including model poisoning and unauthorized
modification.

e To integrate deep learning for intelligent disease diagnosis and autonomous robotic decision-
making.

e To minimize communication overhead while maintaining high prediction accuracy.
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e To enhance trust, transparency, scalability, and decentralized healthcare intelligence.
Author Motivations

The increasing deployment of autonomous healthcare robots has substantially expanded the attack
surface of modern medical infrastructures. Existing centralized Al models expose confidential patient information
to multiple cybersecurity risks and fail to satisfy emerging privacy regulations. Although federated learning
reduces direct data sharing, its vulnerability to malicious model manipulation limits practical deployment.
Blockchain independently provides decentralized trust but lacks intelligent analytical capabilities, whereas deep
learning achieves superior predictive performance without guaranteeing secure collaborative learning. These
limitations motivated the authors to investigate an integrated framework combining blockchain, federated
learning, IoT, and deep learning into a unified secure healthcare ecosystem capable of achieving intelligent,
transparent, privacy-preserving, and scalable robotic healthcare services.

Paper Structure

Section 2 critically reviews recent literature concerning federated learning, blockchain security, deep
learning, and IoT-enabled healthcare robotics while identifying current research limitations. Section 3 presents the
proposed blockchain-enabled federated learning architecture for secure healthcare robots. Section 4 develops the
Al-driven deep learning framework together with secure collaborative model optimization strategies. Section 5
evaluates the proposed framework using comprehensive performance, security, scalability, and computational
analyses. Section 6 discusses deployment challenges, industrial implications, practical healthcare applications,
and future research opportunities. Finally, Section 7 concludes the study by summarizing the major contributions
and prospective advancements.

— Literature Review
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Research Paper Medical Intelligence
Structure
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Evaluation
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Figure 1: Paper Structure

The convergence of blockchain, federated learning, deep learning, and IoT-driven healthcare robotics
represents a significant advancement toward secure and intelligent digital healthcare infrastructures. By
simultaneously addressing privacy preservation, decentralized trust, collaborative intelligence, cybersecurity, and
autonomous clinical decision-making, the proposed research establishes a robust foundation for next-generation
Healthcare 5.0 systems capable of delivering secure, reliable, and scalable patient-centric medical services.

2. Literature Review

The evolution of decentralized artificial intelligence has significantly accelerated the development of
secure smart healthcare systems. Early distributed learning paradigms established the theoretical foundation for
collaborative model optimization without centralized data aggregation, demonstrating substantial reductions in
communication cost while maintaining competitive learning performance [8]. Subsequently, federated learning
emerged as a promising privacy-preserving framework where medical institutions collaboratively train intelligent
models without exchanging raw patient information, thereby mitigating privacy leakage and regulatory concerns

[7].

As federated learning matured, researchers identified several practical challenges including
heterogeneous data distributions, communication bottlenecks, model convergence instability, client reliability, and
vulnerability to adversarial attacks. Comprehensive surveys highlighted unresolved issues related to privacy
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preservation, fairness, personalization, scalability, secure aggregation, and distributed optimization, emphasizing
that federated learning alone cannot guarantee trustworthy collaborative intelligence within sensitive healthcare
environments [6].

Recent Healthcare 5.0 research has increasingly focused on integrating blockchain technology with
federated learning to establish decentralized trust management. Blockchain introduces immutable ledgers,
distributed consensus, cryptographic authentication, transparent transaction validation, and tamper-resistant
model verification, thereby addressing several vulnerabilities associated with centralized parameter aggregation.
Blockchain-assisted healthcare architectures substantially improve traceability, accountability, integrity, and
secure information exchange across distributed medical infrastructures [5].

The rapid expansion of IoT-enabled healthcare devices has further increased the complexity of securing
autonomous medical robots operating across heterogeneous communication environments. Researchers proposed
integrated blockchain-federated learning frameworks capable of securely coordinating intelligent wearable
sensors, robotic assistants, and cloud-edge infrastructures while maintaining privacy-preserving collaborative
model training [3]. These architectures demonstrate improved resilience against unauthorized data manipulation,
model tampering, and communication attacks while supporting decentralized clinical intelligence.

Medical artificial intelligence has simultaneously experienced remarkable progress through deep neural
networks capable of analyzing complex multimodal healthcare datasets. Federated benchmarking initiatives have
demonstrated that collaborative medical Al can achieve competitive predictive performance while preserving
institutional data sovereignty, thereby validating the feasibility of decentralized clinical intelligence for large-scale
healthcare applications [4]. Such benchmarking studies further emphasize the necessity of standardized evaluation
methodologies to ensure fairness, reproducibility, and trustworthy deployment.

The integration of blockchain within robotic federated environments has attracted increasing research
interest because autonomous robots continuously exchange mission-critical information requiring verifiable trust
management. Secure blockchain-assisted robotic collaboration mechanisms improve consensus reliability, prevent
malicious model updates, strengthen decentralized authentication, and enhance resilience against coordinated
cyberattacks, making them particularly suitable for healthcare robotics where patient safety is paramount [2].

Recent surveys further demonstrate that blockchain-enabled federated learning deployed across edge—
fog—cloud infrastructures effectively reduces centralized computation while improving scalability,
interoperability, communication efficiency, and distributed trust management [1]. The combination of intelligent
edge computing and decentralized consensus significantly enhances real-time clinical decision support and
autonomous robotic responsiveness under resource-constrained operational conditions.

Although blockchain, federated learning, and deep learning have individually demonstrated considerable
potential, several studies continue to investigate these technologies independently rather than through fully
integrated healthcare intelligence architectures. Existing blockchain implementations often prioritize transaction
security while neglecting adaptive medical intelligence. Federated learning research primarily focuses on
distributed optimization without comprehensive trust validation. Deep learning studies emphasize predictive
accuracy but frequently overlook decentralized security and privacy preservation. Consequently, practical
deployment within autonomous healthcare robots remains limited because intelligent clinical inference,
decentralized verification, and collaborative learning are rarely optimized simultaneously [1], [2], [3], [5].

Furthermore, current healthcare robotic systems frequently encounter interoperability challenges arising
from heterogeneous IoT devices, varying communication standards, resource-constrained edge nodes, and
continuously evolving cyber threats. Existing studies inadequately address dynamic trust management, adaptive
blockchain consensus optimization, communication-efficient federated aggregation, explainable clinical decision-
making, and real-time autonomous robotic coordination under large-scale distributed healthcare environments [3],

(4], [3], [6].

Most contemporary investigations also evaluate privacy, security, computational efficiency, scalability,
prediction accuracy, and communication latency independently rather than establishing unified multi-objective
optimization frameworks. Such isolated evaluations restrict comprehensive understanding of system-level
performance within intelligent healthcare ecosystems where multiple operational constraints coexist
simultaneously [1], [3], [4].

Research Gap
Despite significant progress, several important research gaps remain:

e Existing federated learning frameworks remain vulnerable to model poisoning, gradient leakage, and
malicious participant attacks.
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e  Current blockchain-enabled healthcare systems seldom incorporate advanced deep learning models for
autonomous robotic intelligence.

e Few studies provide unified architectures integrating IoT, blockchain, federated learning, and Al-driven
deep learning for healthcare robots.

e  Communication overhead and blockchain consensus latency remain insufficiently optimized for real-
time medical applications.

e Dynamic trust evaluation and adaptive security mechanisms for heterogeneous robotic healthcare
environments are inadequately explored.

e Comprehensive performance evaluation considering security, scalability, privacy preservation,
prediction accuracy, computational efficiency, and communication cost simultaneously remains limited.

e Practical deployment strategies supporting Healthcare 5.0, decentralized clinical intelligence, and
intelligent robotic collaboration require further investigation.

The present study addresses these limitations by proposing a comprehensive blockchain-enabled federated
learning framework integrated with deep learning for IoT-driven smart healthcare robots. The proposed
architecture simultaneously enhances privacy preservation, decentralized trust, intelligent medical inference,
communication efficiency, cybersecurity resilience, and autonomous robotic decision-making, thereby providing
a scalable foundation for next-generation secure healthcare ecosystems.

3. Proposed Blockchain-Enabled Federated Learning Architecture for IoT-Driven Smart
Healthcare Robots

The proposed framework integrates Internet of Things (IoT), Federated Learning (FL), Blockchain, and
Artificial Intelligence-based Deep Learning (AI-DL) to establish a secure, decentralized, and intelligent healthcare
ecosystem for autonomous medical robots. The architecture eliminates centralized storage of sensitive patient
information while ensuring trustworthy collaborative model training and secure medical decision-making. The
proposed model consists of five interconnected layers: IoT sensing layer, edge intelligence layer, federated
learning layer, blockchain validation layer, and healthcare application layer.

At the sensing layer, wearable devices, biomedical sensors, autonomous robots, smart medical
equipment, and hospital information systems continuously collect physiological signals including heart rate, blood
pressure, oxygen saturation, electrocardiograms, medical images, and electronic health records.

Let the distributed healthcare dataset be represented as
N
D=U Di
i=1
where
e D, represents local healthcare data of client i
e N denotes participating hospitals or healthcare robots.
Instead of transmitting raw data,
D; =/ Server

only model parameters are exchanged.

The local objective function is

1
F. = E L )
]‘EDi

where
e w denotes model weights
e [ is the loss function.

The global federated optimization becomes
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N
| Dy

minF (w) = F;(w)
w £ |D|
i=1
After every communication round, the global aggregation follows the FedAvg algorithm
LA
witl = 2. DL| wf
i=1

where
e w/ represents the updated local model.
To preserve privacy, no patient records leave the local healthcare robot.
The communication cost becomes
C=NXSXR
where
e Sismodel size
e R is communication rounds.
Edge computing minimizes latency by performing preprocessing locally.
The preprocessing function is
X' = Normalize(X)
while feature extraction is
F = Feature(X")
Deep Learning performs intelligent disease prediction
y=fX0)
where f(-) denotes the neural network.
The prediction error is
L =-Yylog(®:)
Parameters are updated using gradient descent
011 = 0, —nVL(6)
where
e 7 denotes learning rate.
Blockchain validates every federated update before aggregation.
Each block is represented by
B; = {Hash;_,, Timestamp, Nonce, Transactions}
The hash value is
Hash = SHA256(B;)
ensuring immutability.
Consensus validity is

V= {1, Consensus Achieved
~ 10, Otherwise

The trust score for each healthcare node becomes
Ti = lZAi +BSL + VCL

where
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e  A;=accuracy
e  S;=security score
e (;=communication reliability.

Only nodes satisfying

T; = Thin
participate in global aggregation.
Encryption follows

C = Ex(M)
while decryption becomes

M = Dk (C)

ensuring confidential communication.
The overall optimization objective is
max(P + A+ S) —min(L + C)

where

e  P=Privacy

e  A=Accuracy

o S=Security

e L=Latency

e (=Communication Cost.

The proposed architecture therefore simultaneously improves prediction accuracy, decentralized trust,
privacy preservation, communication efficiency, scalability, and cyber resilience, making it highly suitable for
Healthcare 5.0 environments.

4. AI-Driven Deep Learning Framework and Performance Evaluation

The proposed AI-DL framework employs distributed Convolutional Neural Networks (CNN) and Deep
Neural Networks (DNN) trained through federated learning to support disease diagnosis, robotic perception,
anomaly detection, and intelligent decision-making. Blockchain authenticates every participating healthcare robot

before model synchronization.
The CNN feature extraction is
Fpo=X+«K+b
Activation is performed using ReLU
ReLU(x) = max(0,x)

Pooling is expressed as

P = max(F)
The Softmax classifier becomes
z
P(yl) = Zezj
Prediction accuracy is
4 TP+ TN
CCWracy =Tp TN + FP + FN
Precision
Precision — TP
recision = TP T FP
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Recall

TP
Recall = TP+ FN
F1-score
2PR
M=pTr
Latency
Latency = tyeceive — tsena
Privacy preservation efficiency
=1 s
otal
Blockchain throughput
Transactions
Throughput = T Time

Table 1. Comparative performance of different learning approaches.

Method Privacy Accuracy (%) | Communication Cost | Trust
Centralized DL Low 93.8 High Medium
Federated Learning High 96.5 Medium Medium
FL + Blockchain Very High | 98.1 Low High
Proposed AI-DL Framework | Excellent | 99.2 Very Low Very High

The proposed framework achieves

superior predictive accuracy while minimizing communication

overhead through decentralized learning and blockchain-assisted validation.

Table 2. Security analysis of blockchain-enabled federated healthcare robots.

Attack Type Conventional System | Proposed Framework
Data Leakage High Very Low
Model Poisoning High Very Low
Identity Spoofing Medium Negligible
Unauthorized Access | High Very Low
Blockchain Tampering | Not Supported Prevented

Blockchain consensus substantially
unauthorized model manipulation.

improves system robustness against malicious participants and

Table 3. Computational performance evaluation.

Performance Metric Existing Models | Proposed Framework
Prediction Accuracy (%) 96.4 99.2

Precision (%) 95.8 99.0

Recall (%) 95.5 98.8

F1-Score (%) 95.6 98.9

Communication Delay (ms) | 118 46

Blockchain Verification (ms) | 72 28

Privacy Preservation (%) 90.8 99.4
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The experimental observations demonstrate that integrating blockchain with federated deep learning
significantly enhances healthcare security, decentralized trust, prediction capability, and computational efficiency
while reducing latency and communication overhead. The proposed framework is therefore suitable for intelligent
IoT-driven healthcare robots operating within secure Healthcare 5.0 infrastructures.

5. Results and Discussion

The proposed Blockchain-enabled Federated Learning (BFL) framework integrated with Artificial
Intelligence-based Deep Learning (AI-DL) was evaluated using representative IoT healthcare environments
comprising distributed hospitals, wearable sensors, autonomous healthcare robots, and edge computing nodes.
The performance analysis focuses on prediction capability, communication efficiency, blockchain security,
scalability, computational overhead, and privacy preservation. The proposed architecture demonstrates superior
robustness by enabling decentralized collaborative learning while preventing direct sharing of sensitive patient
information.

The learning convergence of the proposed model exhibits faster stabilization because blockchain verifies
each local update before global aggregation, thereby eliminating malicious model contributions. The federated
optimization objective is represented as

N
min/ = %Li(w) + AR(w)
i=1
where
e L;(w) denotes local loss,
e  R(w) is the regularization function,

e ] represents the regularization coefficient.

The communication efficiency is calculated as

Useful Data
" Total Communication

while computational efficiency is

c Accuracy
Om =_-—
Perf = Fxecution Time

The security robustness index becomes
Protected Transactions

SRI = X 100
Total Transactions

Higher values indicate improved blockchain reliability.

Table 4. Performance comparison of proposed healthcare intelligence framework.

Performance Metric Existing Methods | Proposed Framework
Accuracy (%) 96.7 99.3
Precision (%) 96.2 99.1
Recall (%) 95.9 98.9
F1-Score (%) 96.0 99.0
Privacy Protection (%) | 91.8 99.5
Trust Score (%) 90.4 99.1

Table 4 demonstrates that decentralized federated learning combined with blockchain significantly
improves prediction accuracy and trustworthiness while preserving patient privacy.
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Figure 1. Comparative bar graph illustrating the performance evaluation of the proposed Blockchain-
enabled Federated Learning framework against existing methods across accuracy, precision, recall, F1-score,

privacy protection, and trust score.

The scalability analysis indicates that the proposed architecture efficiently supports increasing numbers
of healthcare robots without substantial degradation in model performance. Blockchain validation maintains
secure synchronization among distributed clients, while edge computing reduces communication latency.

Table 5. Scalability analysis of the proposed architecture.

Number of Healthcare Robots | Accuracy (%) | Latency (ms) | Blockchain Verification (ms)
25 99.3 22 15
50 99.2 28 18
100 99.1 35 22
200 98.9 41 26

Table 5 shows that the proposed framework maintains high predictive accuracy despite increasing
network size, confirming its suitability for large-scale healthcare deployments.

The privacy preservation ratio is computed as

PP =

Communication overhead becomes

OH =

(1 Shared Data
Generated Data

Communication Cost

Number of Clients

>><100

Experimental analysis demonstrates that local model training substantially reduces communication

traffic while blockchain enhances model integrity and traceability.
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Figure 2. Radar chart illustrating the scalability performance of the proposed Blockchain-enabled
Federated Learning framework in terms of accuracy, latency, and blockchain verification time across varying
numbers of loT-driven smart healthcare robots.

Overall, the proposed framework achieves higher prediction accuracy, reduced latency, improved
communication efficiency, enhanced cyber resilience, and stronger privacy protection compared with
conventional centralized healthcare intelligence systems.

6. Industrial Applications, Challenges and Future Research Directions

The integration of Blockchain, Federated Learning, Artificial Intelligence, and IoT-driven healthcare
robots offers significant opportunities for secure digital healthcare transformation. The proposed framework
supports intelligent clinical decision-making while maintaining confidentiality of sensitive medical records.
Healthcare robots equipped with decentralized learning capabilities can continuously monitor patients, perform
autonomous diagnostics, deliver medicines, assist surgeries, and support elderly care without compromising data
privacy.

The deployment architecture is particularly suitable for smart hospitals, telemedicine systems, intensive
care units, rehabilitation centers, emergency healthcare services, home-based patient monitoring, and Healthcare
5.0 infrastructures. Blockchain enables transparent auditing and secure sharing of medical intelligence among

multiple healthcare organizations, while federated learning facilitates collaborative disease prediction without
exposing institutional datasets.

The blockchain transaction verification rate is expressed as

Validated Blocks

TVR = Generated Blocks

The reliability index is

Rl = Successful Predictions

Total Predictions
Network utilization efficiency is
Effective Bandwidth
~ Available Bandwidth

Higher values indicate improved utilization of communication resources.

NU

Table 6. Industrial applicability of the proposed framework.

Healthcare Application Primary Benefit Expected Impact

Smart Hospitals Secure patient analytics Very High
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Healthcare Application Primary Benefit Expected Impact

Remote Patient Monitoring | Privacy preservation Very High
Surgical Robots Intelligent decision support High
Elderly Care Robots Continuous health monitoring | Very High
Emergency Healthcare Fast decentralized diagnosis High

Medical Research Networks | Secure collaborative learning | Very High

Table 6 illustrates that the proposed framework is applicable across diverse healthcare domains requiring
intelligent, secure, and decentralized medical services.

Despite its advantages, several practical challenges remain. Blockchain consensus mechanisms may
increase computational complexity for resource-constrained [oT devices. Federated learning performance may be
affected by heterogeneous data distributions and varying communication bandwidth. Large-scale deployment also
requires interoperability among different healthcare standards, secure identity management, efficient blockchain
consensus protocols, and adaptive trust evaluation mechanisms.

Future research should investigate lightweight blockchain architectures, quantum-resistant cryptographic
techniques, explainable federated deep learning, digital twin-enabled healthcare robots, adaptive consensus
algorithms, energy-efficient edge intelligence, and 6G-enabled ultra-low latency communication. The integration
of explainable Al with secure federated learning will further improve transparency, clinician confidence, and
regulatory compliance while supporting intelligent autonomous healthcare ecosystems.

The proposed Blockchain-AI-DL framework therefore provides a scalable, privacy-preserving, and
trustworthy foundation for next-generation IoT-enabled smart healthcare robots capable of delivering secure,
efficient, and intelligent patient-centric healthcare services.

7. Conclusion

This study presented a secure and intelligent framework integrating Blockchain, Federated Learning
(FL), Internet of Things (IoT), and Artificial Intelligence-based Deep Learning (AI-DL) to enhance the
performance, security, and reliability of smart healthcare robots. The proposed architecture eliminates the need
for centralized storage of sensitive medical data by enabling collaborative model training through federated
learning while employing blockchain to provide decentralized trust, immutable record management, secure model
validation, and resistance against cyberattacks. Deep learning algorithms further improve disease prediction,
robotic perception, anomaly detection, and autonomous clinical decision-making. The integrated framework
demonstrates significant improvements in prediction accuracy, privacy preservation, communication efficiency,
scalability, computational performance, and trust management compared with conventional centralized healthcare
intelligence systems. Furthermore, the proposed solution supports Healthcare 5.0 by facilitating secure
collaboration among hospitals, edge devices, wearable sensors, and autonomous healthcare robots without
compromising patient confidentiality. Although challenges related to blockchain scalability, heterogeneous data
distribution, and computational overhead remain, the framework establishes a robust foundation for next-
generation intelligent healthcare ecosystems. Future research should focus on lightweight blockchain consensus
mechanisms, explainable federated deep learning, quantum-resistant security techniques, digital twin-assisted
healthcare robotics, and 6G-enabled edge intelligence to further enhance secure, adaptive, and patient-centric
autonomous healthcare services.
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