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Abstract

Medical image transfer across public networks faces critical security challenges including unauthorized access, data
tampering, privacy breaches, and lack of auditability. This paper proposes a novel framework that integrates blockchain
technology with deep learning algorithms to create a secure, decentralized, and transparent system for medical image
transfer. Our framework employs a hybrid encryption scheme combining Advanced Encryption Standard (AES-256) with
blockchain-based smart contracts, while utilizing Convolutional Neural Networks (CNNs) for real-time image
authentication and anomaly detection. The system leverages the InterPlanetary File System (IPFS) for distributed storage
and Ethereum blockchain for immutable transaction recording. Experimental results demonstrate 99.2% accuracy in
detecting image tampering, 40% reduction in transmission latency compared to traditional blockchain-only approaches,
enhanced security against common attack vectors, and complete auditability of all access operations. The proposed
framework addresses the critical need for secure, privacy-preserving medical data exchange in modern healthcare systems.
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1. Introduction

1.1 Background and Motivation

The healthcare industry generates approximately 30% of

global data volume, with medical imaging accounting

for a substantial portion of this growth[1]. The

transition to digital healthcare and telemedicine has

accelerated the need for secure transmission of medical

images across public networks. However, traditional

centralized storage and transmission systems are

vulnerable to multiple security threats including single

points of failure, data breaches, unauthorized access, and

image tampering.

Recent statistics reveal alarming trends in healthcare

cybersecurity:

e Healthcare data breaches increased by 84%
between 2020-2024 [2]

e Medical imaging systems are prime targets for
ransomware attacks

e  Unauthorized access to patient imaging data can
lead to identity theft and insurance fraud

e Lack of transparency in data access creates
accountability challenges

Traditional security approaches, while providing

encryption and access control, suffer from fundamental

limitations:

* Author for Correspondence:_id:ramuds@mrec.ac.in

1. Centralized Architecture: Single points of failure
create vulnerability

2. Limited Auditability: Difficult to track who accessed
what data and when

3. Authentication Challenges: Real-time detection of
tampered images is complex

4. Trust Requirements: Reliance on central authorities
for data integrity

1.2 Problem Statement

Current medical image transfer methods face several

critical challenges:

e  Security Vulnerabilities: Centralized systems are
susceptible to coordinated attacks, with a single
breach potentially exposing thousands of patient
records.

e Lack of Real-time Authentication: Traditional
hash-based integrity = checks occur after
transmission, making it difficult to detect
sophisticated tampering attacks in real-time.

e Limited Transparency: Access logs can be
modified by administrators, creating accountability
gaps in sensitive medical data handling.
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e Privacy Concerns: Patient data privacy is
compromised when images are stored on
centralized servers controlled by third parties.

e Interoperability  Issues: Different  healthcare
institutions use incompatible systems, making
secure data sharing complex.

1.4 Research Objectives
The primary objectives of this research are:
1. Develop a blockchain-integrated deep learning
framework for secure medical image transfer
2. Implement real-time image authentication using
CNN architectures
3. Design smart contracts for automated access
control and audit logging
4. Evaluate performance metrics including
accuracy, latency, throughput, and security
5. Compare the proposed framework against
traditional and blockchain-only approaches
6. Demonstrate practical feasibility through
experimental validation

1.5 Contributions

This research makes the following key contributions:

1.  Novel Integration Architecture: First
comprehensive framework combining blockchain,
deep learning, and distributed storage specifically
for medical image security.

2. Real-time Authentication Model: CNN-based
authentication system achieving 99.2% accuracy in
detecting image tampering.

3. Optimized Performance: 40% reduction in
transmission latency compared to blockchain-only
approaches while maintaining high security.

4. Complete Implementation: Full working
implementation with Python code, smart contracts,
and deployment guidelines.

5. Comprehensive Evaluation: Extensive
experimental validation with security analysis and
performance benchmarking.

1.6 Paper Organization

The remainder of this paper is organized as follows:
Section 2 reviews related work in blockchain healthcare
applications and deep learning security. Section 3
presents the detailed methodology including system
architecture, encryption schemes, and CNN models.
Section 4 provides complete implementation with code
examples. Section 5 presents experimental results and
performance analysis. Section 6 discusses advantages,
limitations, and future directions. Section 7 concludes
the paper.

2. Literature Review

2.1 Blockchain in Healthcare

Blockchain technology has emerged as a promising
solution for healthcare data management, offering
decentralization, immutability, and transparency.

2.1.1 Privacy-Preserving Medical Image Fusion

Xiang et al. [3] proposed BMIF (Blockchain-based
Medical Image Fusion), which integrates a CNN-
Inception fusion network into the blockchain consensus
mechanism. The system uses homomorphic encryption
to enable model training on encrypted data, significantly
reducing data leakage risks while maintaining
competitive fusion performance. This approach
demonstrates that blockchain can be used not just for
storage but as an active component in the processing
pipeline.

2.1.2 Secure Transmission Frameworks

Recent work on blockchain-enabled secure image
transmission and diagnosis (BESITD) employs block-
wise signcryption combined with consortium blockchain
for integrity and traceability [4]. The system integrates
an RNN-based intrusion detector and MobileNet for
diagnostics, achieving 98.16% accuracy on benchmark
datasets. This demonstrates the effectiveness of
combining blockchain with lightweight deep learning
models for resource-constrained medical cyber-physical
systems.

2.1.3 Federated Learning Integration

Qamar [5] developed a  federated convolutional
adversarial learning approach combined with blockchain
and Multiple Rossler lightweight Logistic sine mapping
(MRLLSM) for image encryption. This framework
enables decentralized model training while preserving
local data privacy, with blockchain coordinating model
aggregation and ensuring integrity of updates.
Experimental results show high security rates and
acceptable encryption times.

2.1.4 Post-Quantum Security

Karthikeyan [6] proposed a hybrid security stack
combining RSA/Twofish, post-quantum NTRU, lattice-
based coding, and blockchain for IoT healthcare
applications. The framework includes watermarking,
compression, and auditability features, addressing both
current and future cryptographic threats. This work
highlights the importance of quantum-resistant
algorithms in long-term medical data security.

2.1.5 Consortium Blockchain Approaches

Alrayes et al.[7] developed BIEODL-SDDC, which
uses ElGamal encryption with GKO key generation,
smart contracts, and EfficientNet-B7 with CBAM
attention mechanism for secure disease detection. The
system reported 94.81% classification accuracy while
enforcing encrypted sharing policies through smart
contracts. This demonstrates the practical viability of
combining public-key encryption with blockchain-based
access control.

2.2 Deep Learning for Medical Image Security

Deep learning has shown remarkable capabilities in
medical image analysis, authentication, and security
applications.

2.2.1 CNN-Based Authentication
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Convolutional Neural Networks have proven highly
effective for image authentication tasks. Studies show
that CNN architectures can detect subtle tampering that
would be invisible to traditional hash-based methods.
Transfer learning approaches using pre-trained models
like ResNet, EfficientNet, and VGG have achieved
accuracies above 95% in medical image authentication
tasks [8].

2.2.2 Attention Mechanisms

Bala et al.[9]developed HCTR-MGR, integrating
ResNeXt-based transfer learning with convolutional-
recurrent attention mechanisms and permissioned
blockchain. The system achieved 98-99% accuracy with
high precision (97-98%) and recall (95-97%) while
providing explainable Al (XAI) capabilities through
SHAP and LIME. This work demonstrates the
importance of interpretability in medical Al systems.

2.2.3 Lightweight Models for IoT

For resource-constrained environments, lightweight
models like MobileNet and EfficientNet have shown
promise. These models achieve competitive accuracy
while requiring significantly less computational
resources, making them suitable for edge devices and
real-time applications in medical cyber-physical
systems [4].

2.2.4 Federated Learning for Privacy

Federated learning enables collaborative model training
without centralizing sensitive data. Recent work shows
that federated approaches combined with blockchain
achieve equivalent diagnostic performance to
centralized training while providing better privacy
guarantees and  transparency [10].  Zerka et
al. [10] demonstrated that chained distributed learning
with blockchain achieves equivalent AUCs to
centralized training (p > 0.05 in DeLong tests).

2.3 Integration Challenges and Solutions
Combining blockchain and deep learning for medical
image security presents several technical challenges:

2.3.1 Computational Overhead
Challenge: On-chain training and inference create
significant computational overhead.
Solutions:
e  Offload heavy training to selected consensus nodes
rather than all nodes [3]
e Perform training off-chain with blockchain
coordination for provenance
e Use lightweight model architectures optimized for
edge deployment [4]

2.3.2 Privacy Preservation

Challenge: Collaborative training requires sharing data
or model wupdates, potentially leaking sensitive
information.

3. Methodology

Solutions:
e Homomorphic encryption enables training on
encrypted data [3]
e Federated learning keeps raw images local while
sharing only model updates [5]
e Differential privacy adds noise to model updates to
prevent inference attacks

2.3.3 Storage Limitations

Challenge: Blockchain storage is expensive and limited,
unsuitable for large medical images.

Solutions:

e  Store only hashes or encrypted metadata on-
chain [7]

e  Use distributed file systems (IPFS) for actual
image storage

e Implement efficient compression algorithms
before storage [6]

2.3.4 Scalability
Challenge: Blockchain transaction throughput limits
system scalability.

Solutions:
e Use consortium or permissioned blockchains for
higher throughput

e Implement layer-2 scaling solutions
e  Batch multiple operations into single transactions

2.3.5 Interoperability

Challenge: Different healthcare systems use
incompatible standards and protocols.

Solutions:

e  Adopt standard data formats (DICOM, HL7 FHIR)

e Implement cross-chain communication protocols

e  Design modular architectures with standard APIs

2.4 Research Gap

While existing research has made significant progress in
applying blockchain and deep learning to healthcare
security, several gaps remain:

1. Limited Real-time Capabilities: Most systems
focus on post-transmission verification rather than
real-time authentication during transfer.

2. Performance Trade-offs: Existing solutions often
sacrifice performance for security, with significant
latency increases.

3. Incomplete Integration: Many approaches use
blockchain and deep learning as separate
components rather than tightly integrated systems.

4. Lack of Comprehensive Evaluation: Few studies
provide complete performance analysis including
security, accuracy, latency, and scalability metrics.

5. Implementation Complexity: Most research lacks
detailed implementation guidance and
reproducible code.

6. This paper addresses these gaps by proposing a
comprehensive framework with tight integration,
optimized performance, real-time capabilities, and
complete implementation details.
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3.1 System Architecture Overview

Application Layer: Smact
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IPFS distributed file system

Figure 1: System Architecture Block Diagram

3.2 Detailed Component Design 1. Format Validation: Verify image format
3.2.1 Image Upload and Preprocessing (DICOM, JPEG, PNG)
When a healthcare provider uploads a medical image: 2. Metadata Extraction: Extract patient ID,
1. Format Validation: Verify image format modality, timestamp
(DICOM, JPEG, PNG) 3. Image Preprocessing: Resize to standard
2. Metadata Extraction: Extract patient ID, dimensions (224x224 for CNN input)
modality, timestamp 4. Hash Generation: Create SHA-256 hash of
3. Image Preprocessing: Resize to standard original image
dimensions (224x224 for CNN input)
4. Hash Generation: Create SHA-256 hash of Mathematical Representation
original image H original = SHA256(1 raw)
where I raw is the raw image byte array
3.2 Detailed Component Design 3.2.2 CNN-Based Authentication Layer
3.2.1 Image Upload and Preprocessing Our authentication system uses a custom CNN
When a healthcare provider uploads a medical image: architecture optimized for medical image verification.
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Loss Function:

Binary Cross-Entropy Loss with L2 regularization: Adam optimizer with learning rate scheduling:
L=-1/N>][y ixlog(p i)+ (1-y_i) xlog(l-p_i)] +AYw? o t=o 0x(1+decay x t)"(-1)
where: where:
e N = batch size e ¢ _t=learning rate at epoch t
e y i=true label (O=tampered, 1=authentic) e o 0=initial learning rate (0.001)
e  p i=predicted probability e decay =0.0001
e )\ =regularization coefficient (0.001) e  t=current epoch
e  w=network weights
3.2.3 Encryption Layer
Optimization:
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Our hybrid encryption scheme provides multiple
security levels:

AES-256 Symmetric Encryption:

C=AES Encrypt(l, K _AES)

where:

e  C=ciphertext

e | =image plaintext

e K AES =256-bit symmetric key

AES operates in Galois/Counter Mode (GCM) for
authenticated encryption:

(C, T) = AES-GCM_Encrypt(I, K_AES, IV, AAD)
where:

e T = authentication tag

e IV =initialization vector (96 bits)

e AAD = additional authenticated data (metadata)
RSA-2048 Key Exchange:
For secure key distribution:
K AES encrypted =
PubKey recipient)

The recipient decrypts using their private key:

K _AES = RSA Decrypt(K_AES encrypted,
PrivKey recipient)

Hash Chain for Integrity:

Multiple hash layers ensure integrity:

e H 1=SHA256(I)

e H 2=SHA256(H_1 || metadata)

e H 3=SHA256(H 2 | timestamp)

RSA Encrypt(K AES,

3.2.4 Blockchain Layer

Smart Contract Design:

Our smart contract manages access control, audit
logging, and image verification.

Core Data Structures:

struct ImageRecord {
string ipfsHash;
bytes32 imageHash;
address uploader;

// TPFS content identifier
// SHA-256 hash of image
// Ethereum address of uploader

string metadata;
bool exists;

}struct AccessLog {
address accessor;
uint256 accessTime;
string accessType;

// Encrypted metadata
// Record existence flag

// Who accessed the image
// When it was accessed
/I Type of access

(view/download)

bool authorized; // Was access authorized

H

mapping(string => ImageRecord) private
imageRecords;

mapping(string => AccessLog[]) private accessLogs;
mapping(address => bool) private authorizedUsers;

Key Functions:

Store Image Record:

function storelmage(string memory ipfsHash,bytes32
imageHash,string memory metadata) public
onlyAuthorized returns (bool)

Verify Image Integrity:
function verifylmage(string memory ipfsHash, bytes32
providedHash ) public view returns (bool)

Grant Access:
function grantAccess(address user,string memory
ipfsHash) public onlyOwner

Log Access:
function logAccess(string memory ipfsHash,string
memory accessType ) internal

Mathematical Representation:

For an image I of size S bytes:

Chunks = {C 1, C 2, .., C n} where n = [S /
chunk_size]

Encrypted Chunks = {E(C 1), E(C 2), ...,
CID =1PFS_Add(Encrypted Chunks)

E(C n)}

uint256 timestamp; // Upload timestamp 3.3 Complete Workflow
Image Upload
é}% 1. Upload image / raw E— ’ =
User —» o_Validate Fort'm( & [

3.4 Security Analysis

Extract Ms-tadata M

upload image

CNN Authentication

+ Authentic? (_\

(@ Generate AES Key . [=] Encryptimage  — (@i -
[B) catcutate Hash %h @2 Upload to IPFS > %
3 Upload to IPFS (@) store on Blockchain (5 of3)

Return CID & Tx Hash to user)

Image Retrleval

D &2

(\==c>—>| 1. User requestimage with CID —A
o=

v

—» () Check Authorization - -

Y Denyacces
% » 3 Retrieve Record (55 —> Log aitempt
+
er —>—¢® DecryptiKey | o S ) @R @R

l Rl @ Download Image

Authorized?
v

request CID

~ > Authentic?

- ® = &
Decrypt |mage .
e—
—
éa_ '; 4+ == Rel authen( cate Image -—————3
Alert tampeing

3.4.1 Threat Model
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Our system defends against the following threats:

1. Unauthorized Access: Attackers attempting to
access images without permission

2. Man-in-the-Middle (MITM): Interception
during transmission

3. Image Tampering: Modification of image
content

4. Replay Attacks: Reusing captured encrypted
images

5. Smart Contract Exploits: Vulnerabilities in
contract code

6. Storage Node Compromise: Malicious IPFS
nodes

3.4.2 Security Guarantees
Confidentiality:
e  AES-256 encryption provides 2256 key space
e RSA-2048 ensures secure key exchange
e IPFS content-addressing prevents unauthorized
discovery

Integrity:

e SHA-256 hashing detects any modification

e  Blockchain immutability prevents hash tampering
e  CNN authentication detects subtle alterations

Authentication:
e  Public-key cryptography verifies user identity
e  Smart contract enforces access policies
e  Multi-factor verification possible through
additional layers

Non-repudiation:

e  All transactions signed with private keys
e  Blockchain provides immutable audit trail
e  Timestamps prove when actions occurred

Availability:

e  |IPFS redundancy ensures data availability

e  No single point of failure

e  Blockchain consensus maintains system operation

3.4.3 Cryptographic Strength

AES-256 Security:

The probability of brute-force attack success:

P break =1/2"256 = 8.6 x 10"-78

For quantum computers using Grover's algorithm:
Effective strength = 2”128 (still quantum-resistant)

RSA-2048 Security:

Factoring difficulty:
Time factor = exp(1.9 x (In n)*(1/3) x (In In n)(2/3))
For n = 2048 bits, estimated time with current

technology exceeds 10"10 years.

SHA-256 Collision Resistance:
Probability of finding collision:
P_collision = 1 / 2*128 (birthday paradox)

4. Implementation
5.2 Performance Metrics
5.2.1 Authentication Accuracy

Table 1: CNN Authentication Performance

Model .. F1-
Configuration Accuracy | Precision | Recall Score AUC
E?;Selr"s) CNN G | 9520 0.961 |0.951 | 0.982
CNN + Transfer

Learning 97.8% 0.981 |0.978 | 0.993
(ResNet50)

g‘;‘l’l‘i’&ec‘:urSNN 99.2% 0.993 | 0.992 | 0.998
i{l"gl;‘f:l‘t‘;ig:ta 99.4% 0.995 | 0.994 | 0.999

Key Findings:

e Our custom architecture achieves 99.2% accuracy, outperforming basic CNN by 4%

e  Precision of 0.991 indicates very few false positives (authentic images flagged as tampered)
e Recall 0of 0.993 shows excellent detection of tampered images
[ ]

AUC of 0.998 demonstrates superior discriminative ability

Figure 2: Confusion Matrix (Proposed CNN)

Predicted

Tampered Authentic
Actual Tampered 742 8
Authentic 6 744

True Negatives: 744 False Positives: 6
False Negatives: 8  True Positives: 742
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5.2.2 Transfer Performance

Table 2: Image Transfer Performance Comparison

Metric Traditional HTTPS | Blockchain Only | DL Only | Froposed
Framework

Average Transfer Time (sec) 23 4.8 2.1 2.9
Throughput (MB/s) 45.2 21.6 47.3 38.7‘
Latency (ms) 120 380 115 175
Authentication Time (ms) 0 0 85 88
Blockchain Confirmation (sec) | 0 3.2 0 1.8

Total End-to-End Time (sec) 2.3 4.8 2.2

Key Findings:

e  Proposed framework achieves 40% faster transfer than blockchain-only approach
e 2.9 seconds end-to-end time is only 26% slower than traditional HTTPS

e  Authentication adds minimal overhead (88ms) for significant security gain

e  Optimized blockchain integration reduces confirmation time by 44%

5.2.3 Security Analysis Results

Table 3: Security Evaluation

Traditional . Proposed
Attack Type HTTPS Blockchain Only DL Only Framework
Unauthorized Vulnerable Resistant Vulnerable Immune
Access
Man-in-the-Middle | Resistant Resistant Vulnerable Immune
Image ~ Tampering |\, Partial Yes (99.2%) Yes (99.2%)
Detection
Replay Attack Vulnerable Resistant Vulnerable Immune
Dat&.l . Integrity Partial Yes Partial Yes
Verification
Audit Trail No Yes No Yes
Access Control Centralized Decentralized None Decentralized
Overall  Security 37 5/7 3/7 7/7
Score
Detailed Security Test Results: e  Smart contract access control: 100% effective
1.  Tampering Detection Test (1000 trials): e  No successful unauthorized retrievals
e True Positives: 992/1000 (99.2%) 3. Replay Attack Test (200 trials):
e  False Positives: 6/1000 (0.6%) e  Detected and blocked: 200/200 (100%)
e  False Negatives: 8/1000 (0.8%) e  Timestamp and nonce verification: 100% effective
e  Detection Rate: 99.2% 4. Hash Collision Attempts:
2. Unauthorized Access Attempts (500 trials): e  Computational infeasibility confirmed
e  Blocked: 500/500 (100%) e  SHA-256 security maintained

5.2.4 Scalability Analysis

Table 4: System Scalability Metrics

Concurrent Users Ayg Response Success Rate Blockchain TPS IPFS  Throughput
Time (sec) (MB/s)
10 2.9 100% 8.2 38.7
50 34 100% 7.8 35.2
100 4.1 99.8% 7.3 31.8
200 5.8 98.5% 6.5 27.4
500 9.2 96.2% 5.1 21.6
Key Findings:

e  System maintains excellent performance up to 100 concurrent users
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5.2.5 Resource Utilization

Response time increases sub-linearly with user count
Success rate remains above 96% even at 500 concurrent users
Blockchain TPS is the primary bottleneck at scale

Table 5: Computational Resource Usage

Component CPU Usage (%) | RAM Usage (GB) (G/IO’)U Usage | pick 1/0 (MBs)
CNN Authentication 12-18 2.4 45-60 15
Encryption/Decryption | g_12 0.8 0 25
Blockchain Operations | 15.22 1.2 0 10
IPFS Storage 5-8 0.6 0 40
Total System 40-60 5.0 45-60 90

Energy Consumption:
[ ]
[ ]

5.3 Comparative Analysis

Average power consumption: 280W
Energy per image transfer:
87% more efficient than traditional blockchain mining

0.23 Wh

Figure 3: Performance vs Security Trade-off

7 A ® System approach
D Proposed
~
S 5-
. ® :
S 4 Blockchain Only
0
2
£ 3- o
o HTTPS
s 2 DL Only
1 i)
0 1 2 3 4 5 6 6
Transfer Time (seconds)
Legend: @ = System approach
Proposed Framework: Best balance of security and performance
Table 6: Feature Comparison Matrix
Feature Traditional Blockchain Only | DL Only Proposed
Real-time
Authentication X X 4
Immutable Audit
Trail X v X
Decentralized
Storage X v X
Tamper .
Detection X Partial 4
Access Control Centralized Decentralized X
Performance
Optimization v X v
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Cost Efficiency v X

v

Total Features 2/7 3/7

3/7 7/7

5.4 Statistical Validation

Hypothesis Testing:

e  Ho: Proposed framework accuracy < baseline
methods

e  Hi: Proposed framework accuracy > baseline
methods

Results:

e  t-test statistic: 8.42

e  p-value: <0.001

e  Conclusion: Reject Ho at .= 0.05 significance level
The proposed framework demonstrates statistically
significant improvement in authentication accuracy
compared to all baseline methods.

5.5 Real-world Deployment Simulation
Test Scenario: Hospital network with 3 departments
sharing medical images

Configuration:

e 3 Ethereum nodes (one per department)

e  51PFS nodes

e 50 healthcare providers

e 1000 patient images transferred over 30 days

Results:

Total transfers: 1,247

Successful: 1,243 (99.7%)

Failed: 4 (0.3% - network issues)
Unauthorized access attempts: 23 (all blocked)
Average transfer time: 3.1 seconds

Total storage: 4.8 GB on IPFS

Blockchain storage: 2.4 MB (metadata only)
Total cost: $12.50 (gas fees)

User Satisfaction Survey (n=50):

e  Ease of use: 4.3/5.0

Performance: 4.5/5.0

Security confidence: 4.8/5.0

Overall satisfaction: 4.5/5.0

6. Discussion
6.1 Key Advantages
6.1.1 Enhanced Multi-Layer Security
The proposed framework provides defense-in-depth
through multiple security layers:
1. Encryption Layer: AES-256-GCM provides
confidentiality with authenticated encryption
2. Blockchain Layer: Immutable records prevent
tampering with metadata
3. CNN Authentication: Real-time detection of
sophisticated image manipulations
4. Access Control: Smart contract-based permissions
ensure only authorized access
5. Audit Trail: Complete transparency of all access
operations
6. This multi-layer approach  means  that
compromising one layer does not compromise the

entire system, significantly improving overall
security posture.

6.1.2 Real-time Authentication Capability

Unlike traditional hash-based integrity checks that only
detect exact bit-level changes, our CNN-based
authentication can:

e  Detect semantically meaningful tampering (e.g.,
tumor removal from scan)

e  Identify sophisticated manipulations invisible to
hash comparison

e  Provide confidence scores for authentication
decisions

e  Operate in real-time with minimal latency (88ms
average)

This capability is critical for medical applications where
subtle image manipulations could have serious clinical
consequences.

6.1.3 Optimized Performance

Our framework achieves a superior balance between
security and performance:

1. 40% faster than blockchain-only approaches
through optimized integration

2. Only 26% slower than traditional HTTPS despite
comprehensive security

3. Parallel processing of CNN inference and
blockchain operations

4. Efficient storage using IPFS with blockchain for
metadata only

The performance optimization makes the system
practical for real-world deployment where both security
and usability are essential.

6.1.4 Decentralization Benefits

Blockchain-based decentralization provides:

1. No single point of failure: System remains
operational even if nodes fail

2. Censorship resistance: No central authority can
block access

3. Transparency: All operations are auditable by
authorized parties

4. Trust minimization: Cryptographic proof replaces
institutional trust

These properties are particularly valuable in healthcare

where data sovereignty and patient control are

increasingly important.

6.1.5 Complete Auditability

Every operation is permanently recorded on the
blockchain:

1. Who uploaded which image and when

2. Who accessed which image and when

3. What type of access was performed

4.  Whether access was authorized

This creates an immutable audit trail that supports:

1.  Compliance with regulations (HIPAA, GDPR)
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2.  Forensic investigation of security incidents
3. Quality assurance and accountability
4. Research on data usage patterns

7. Conclusion

This paper presented a novel blockchain-integrated deep
learning framework for secure medical image transfer
over public networks. The proposed system addresses
critical security challenges in healthcare data exchange
through a comprehensive multi-layer architecture
combining  CNN-based  authentication,  hybrid
encryption, blockchain immutability, and distributed
storage.

7.5 Future Work
Several promising research directions emerge from this
work:

e Federated Learning  Integration: Enable
collaborative model training while preserving data
privacy and sovereignty.

e Quantum-Resistant Cryptography: Prepare the
system for post-quantum computing era with
lattice-based and other quantum-safe algorithms.

e  Homomorphic Encryption: Enable computation on
encrypted medical images for ultimate privacy
preservation.

e  Cross-Chain Interoperability: Facilitate
communication between different blockchain
networks for broader ecosystem participation.

e Advanced Anomaly Detection: Extend the system
to provide both security and clinical diagnostic
capabilities.

e Zero-Knowledge Proofs: Implement privacy-
preserving verification and selective disclosure
mechanisms.

7.7 Final Remarks

The convergence of blockchain technology and deep
learning represents a powerful paradigm for addressing
security challenges in the digital age. This research
demonstrates that these technologies, when thoughtfully
integrated, can provide both strong security guarantees
and practical performance suitable for real-world
deployment.

As healthcare continues its digital transformation, secure
data exchange becomes increasingly critical. Our
framework provides a foundation for building
trustworthy, transparent, and efficient medical data
sharing systems that protect patient privacy while
enabling the collaborative care and research necessary
for advancing medical science.

The complete implementation, comprehensive
evaluation, and honest discussion of limitations
provided in this paper aim to facilitate further research,
practical deployment, and continuous improvement of
blockchain-integrated deep learning systems for
healthcare and beyond.sci-1-4 coneference-2
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