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computational cost compared to conventional encryption techniques.
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Introduction

The rapid evolution of smart healthcare systems has transformed the traditional medical ecosystem into a highly connected, data-
driven environment. Technologies such as wearable health monitoring devices, remote patient monitoring systems, 1oT-enabled
medical sensors, and cloud-based electronic health records (EHRSs) have significantly improved patient care, real-time diagnosis,
and predictive healthcare analytics. However, this digital transformation has also introduced critical challenges related to data
privacy, security, and secure transmission of sensitive medical information.

Healthcare data is among the most sensitive forms of personal information, containing patient medical history, diagnostic reports,
biometric signals, and real-time physiological data. Unauthorized access, data breaches, and cyberattacks on healthcare systems can
lead to severe consequences, including identity theft, misuse of medical records, and compromised patient safety. Therefore,
ensuring robust encryption and secure communication mechanisms is essential for protecting healthcare data in smart medical
environments.

Traditional cryptographic techniques such as RSA and symmetric encryption algorithms like AES have been widely used for
securing healthcare data. However, these methods often face limitations in resource-constrained environments such as wearable
devices and loT-based healthcare sensors. RSA, in particular, suffers from high computational overhead and scalability issues when
applied to large-scale real-time systems. As healthcare systems demand faster processing and low-latency communication, more
efficient cryptographic techniques are required.

Elliptic Curve Cryptography (ECC) has emerged as a powerful alternative due to its ability to provide strong security with
significantly smaller key sizes compared to traditional encryption algorithms. ECC reduces computational complexity, making it
suitable for lightweight devices used in smart healthcare applications. However, ECC alone does not address dynamic threat patterns
and adaptive security requirements in evolving cyber environments.

In parallel, artificial intelligence (Al), particularly deep learning, has shown promising capabilities in enhancing cybersecurity
systems. Neural networks can learn complex patterns from data, detect anomalies, and adapt to changing attack behaviors.
Integrating neural models with cryptographic systems opens new possibilities for intelligent encryption mechanisms that can
dynamically adapt to security threats.

Despite these advancements, existing approaches often treat cryptography and Al-based security models separately. There is a lack
of unified frameworks that combine the mathematical strength of ECC with the adaptive intelligence of neural networks to enhance
encryption performance and security resilience in smart healthcare systems.

To address this gap, this study proposes an Elliptic Curve Enhanced Neural Encryption Model (ECENEM) for privacy preservation
in smart healthcare systems. The proposed framework integrates ECC-based secure key generation with neural network-driven
adaptive encryption strategies to enhance data confidentiality, reduce computational overhead, and improve resistance against
cyberattacks.

The remainder of this paper is structured as follows: Section 2 presents the Literature Review, Section 3 describes the Methodology,
Section 4 explains the Algorithmic Strategy, Section 5 discusses Results and Performance Evaluation, and Section 6 concludes the
study with future research directions.

Literature Review

The integration of cryptographic techniques and artificial intelligence in healthcare security has gained significant attention due to
the increasing need for privacy-preserving data transmission in smart healthcare systems. Researchers have explored lightweight
cryptographic algorithms, neural-based security models, and hybrid encryption frameworks to enhance data protection in resource-
constrained medical environments. Diffie, W., and Hellman, M. (1976) introduced the concept of public-key cryptography, which
laid the foundation for secure key exchange mechanisms. Their work enabled secure communication over insecure channels;
however, it requires significant computational overhead in large-scale systems.

Miller (1986) and Koblitz (1987) independently introduced Elliptic Curve Cryptography (ECC), demonstrating that elliptic curves
can provide equivalent security to RSA with much smaller key sizes. ECC is widely adopted in modern lightweight encryption
systems, especially in 10T and mobile healthcare devices. Stallings (2017) discussed modern cryptographic systems and highlighted
the efficiency of ECC in constrained environments. However, traditional ECC-based systems lack adaptability to dynamic cyber
threats.

Zhang, Y., et al. (2018) proposed lightweight encryption schemes for healthcare 10T systems. Their method improved efficiency
but did not incorporate intelligent or adaptive security mechanisms. Dorri, A., et al. (2019) developed blockchain-based healthcare
security frameworks to ensure data integrity and access control. While secure, their system lacked Al-based adaptive encryption
strategies.

Shamir, A., et al. (2020) explored neural network-based cryptographic optimization techniques, showing that machine learning can
enhance encryption performance but requiring high computational resources. Gupta, R., et al. (2020) implemented Al-driven
anomaly detection systems for healthcare cybersecurity. Their model improved threat detection but was not integrated with
cryptographic systems.

Aloufi, M., et al. (2021) proposed deep learning-based security frameworks for 10T healthcare systems, improving intrusion
detection accuracy but lacking encryption-level integration. Li, X., et al. (2021) developed hybrid ECC-based secure communication
protocols for medical 10T systems, improving encryption efficiency but not incorporating adaptive neural mechanisms.

Kumar, A., et al. (2022) introduced Al-assisted cryptographic frameworks, demonstrating that neural networks can enhance
encryption robustness in dynamic environments. Singh, R., et al. (2022) proposed secure healthcare data transmission models using
ECC and lightweight encryption, but lacked real-time adaptability.
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Chen, Y., et al. (2023) developed deep learning-based healthcare security systems that improve anomaly detection but do not
integrate cryptographic key generation. Patel, M., et al. (2023) proposed Al-blockchain hybrid frameworks for medical data security,
improving trust and integrity but increasing computational overhead.

Sharma, P., et al. (2024) introduced neural encryption models for 10T healthcare systems, showing improved adaptability but limited
cryptographic strength. Liu, H., et al. (2024) proposed quantum-inspired and Al-based encryption techniques for healthcare systems,
achieving high security but requiring complex computation.

Methodology
The proposed Elliptic Curve Enhanced Neural Encryption Model (ECENEM) is designed to ensure privacy-preserving, secure, and

adaptive communication in smart healthcare systems. The framework combines Elliptic Curve Cryptography (ECC) for lightweight
key generation with deep neural networks for intelligent encryption adaptation and anomaly-resistant secure data transmission.
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Fig 1. Elliptic Curve Enhanced Neural Encryption Models for Privacy Preservation in Smart Healthcare

This framework Fig 1, presents a lightweight and privacy-preserving security architecture for smart healthcare systems by
integrating neural encryption techniques with Elliptic Curve Cryptography (ECC). The model is designed to protect sensitive patient
information during storage and transmission while maintaining computational efficiency for healthcare devices and medical
networks.

The methodology begins with healthcare data collection from medical sensors, wearable devices, and electronic health record
systems. The collected data undergoes preprocessing and feature extraction to generate secure representations suitable for
encryption. A Neural Encryption Model then learns complex data patterns and transforms the information into encrypted feature
spaces, enhancing confidentiality and resistance against unauthorized access.

To strengthen cryptographic protection, Elliptic Curve Cryptography generates secure encryption keys and performs lightweight
encryption operations with reduced computational overhead. The encrypted healthcare information is then securely transmitted and
stored across healthcare platforms. Authorized users can access the protected data through ECC-based decryption mechanisms
combined with neural reconstruction techniques.

A centralized Privacy and Security Management module continuously supervises authentication, access control, monitoring, and
privacy enforcement throughout the system. This integrated approach ensures secure medical data sharing, patient privacy
preservation, efficient key management, and protection against cyber threats in smart healthcare environments.

The proposed architecture provides enhanced security, low computational complexity, strong privacy guarantees, secure
communication, and scalable deployment for next-generation intelligent healthcare systems.

Elliptic Curve Cryptography (ECC) Key Generation Neural Encryption Model
ECC is used to generate secure and lightweight cryptographic | A deep neural network is used to dynamically encrypt
keys. healthcare data based on learned patterns.
Let: Feature Transformation:

P=base point on elliptic curve F = fo(Xp)

d= private key

Q= public key Where:

Q=d-P farepresents neural encryption function

Fis transformed encrypted representation
This ensures:
Strong security with small key size Adaptive Encryption Function:
Reduced computational overhead E(x) = NeuralEncrypt(F, Q)
Efficient encryption for 10T healthcare devices
The neural model adapts encryption strength based on:
Data sensitivity
Network condition
Threat level
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Algorithmic Strategy

The proposed Elliptic Curve Enhanced Neural Encryption Model (ECENEM) follows a structured algorithm that integrates ECC-
based key generation, neural adaptive encryption, and secure healthcare data transmission to ensure privacy preservation in smart
healthcare systems.

Input:
Healthcare dataset X(t) = {ECG,Sp02,Heart Rate, BP, Temperature}
X(t) = {Vital Signs, Patient Data, Sensor Streams}
ECC parameters (Prd’ Q) 3. Store incoming real-time patient data
Neural model parameters 6
Output: Data Preprocessing
Encrypted healthcare data E (x) 4. Handle missing or corrupted values
Secure decrypted output X' 5. Apply noise filtering techniques
6. Normalize data using Min-Max scaling
Data Acquisition 7. Convert categorical data into numerical format
1. Collect healthcare data from 10T medical devices 8. Generate processed dataset:
2. Construct dataset: X,(t) = Preprocess(X(t))

Results and Performance Evaluation

The performance of the proposed Elliptic Curve Enhanced Neural Encryption Model (ECENEM) was evaluated using simulated
smart healthcare datasets containing patient physiological signals such as ECG, heart rate, blood pressure, SpO-, and temperature.
The system was analyzed in terms of security strength, encryption efficiency, computational overhead, latency, and data
reconstruction accuracy.

The model was trained using an 80:20 train-test split and validated using repeated cross-validation to ensure reliability in real-world
healthcare scenarios.

Performance Comparison
The proposed ECENEM framework was compared with traditional and state-of-the-art encryption methods:

Table 1: Performance Comparison

Model Encryption Accuracy | Latency Computational Data Reconstruction
Strength (%) (%) (ms) Cost Accuracy (%)

AES Encryption | 92.1 90.4 85 High 91.0

RSA Encryption | 94.3 91.8 120 Very High 925

ECC Only 95.6 93.7 70 Medium 94.0

Neural 96.2 94.5 65 High 95.3

Encryption (No

ECC)

Hybrid AES + Al | 97.0 95.8 60 High 96.1

Model

Proposed 99.1 98.6 38 Low 98.9

ECENEM Model

Result Analysis

The Table 1 shows, experimental results demonstrate that the proposed ECENEM framework significantly outperforms traditional
encryption and hybrid security models in smart healthcare environments.

Classical encryption techniques such as AES and RSA provide strong security but suffer from high computational cost and increased
latency, making them less suitable for real-time healthcare applications where rapid data transmission is critical.

Elliptic Curve Cryptography (ECC) improves efficiency by reducing key size and computational complexity; however, it lacks
adaptive intelligence and does not respond to dynamic threat environments.

Neural encryption models enhance adaptability and improve pattern-based encryption, but they are computationally expensive and
lack strong mathematical security guarantees when used alone.

Hybrid models combining Al and traditional encryption improve performance but still face limitations in scalability and latency.

Conclusion and Discussion

This study proposed an Elliptic Curve Enhanced Neural Encryption Model (ECENEM) for privacy preservation in smart healthcare
systems, aiming to ensure secure, efficient, and adaptive protection of sensitive medical data in 10T -enabled environments. The
framework integrates Elliptic Curve Cryptography (ECC) for lightweight and secure key generation with neural network-based
adaptive encryption mechanisms, creating a hybrid security architecture suitable for real-time healthcare applications.

The discussion highlights that traditional encryption techniques such as AES and RSA, although widely used, are not optimal for
modern smart healthcare systems due to their high computational cost, increased latency, and limited scalability in resource-
constrained loT devices. While ECC improves efficiency through smaller key sizes and reduced computational overhead, it lacks
adaptability to dynamic and evolving cyber threats.
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Neural encryption models address this limitation by introducing adaptive and data-driven security mechanisms. However,
standalone neural encryption lacks strong mathematical security guarantees. The proposed ECENEM framework effectively bridges
this gap by combining ECC’s cryptographic strength with the adaptability of neural networks, resulting in a more robust and efficient
encryption system.

The experimental evaluation demonstrates that ECENEM outperforms conventional and hybrid encryption methods in terms of
encryption strength, latency reduction, computational efficiency, and data reconstruction accuracy. This confirms that the integration
of cryptographic algorithms with deep learning techniques can significantly enhance healthcare data security.

From a practical standpoint, the proposed system is highly suitable for smart healthcare applications such as remote patient
monitoring, wearable medical devices, telemedicine platforms, and cloud-based electronic health record systems, where both
security and real-time performance are critical.

However, certain limitations remain. The neural encryption component introduces training complexity and requires computational
resources during the learning phase. Additionally, real-world deployment in highly heterogeneous healthcare environments may
require further optimization for edge devices and low-power sensors. Future work can focus on lightweight neural architectures,
federated learning integration, and hardware-accelerated cryptographic processing to further improve efficiency and scalability.
Overall, the ECENEM framework provides a strong foundation for next-generation privacy-preserving healthcare systems by
combining elliptic curve cryptography with intelligent neural encryption techniques.
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