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 The emergence of quantum computing presents a critical challenge to the security of 
blockchain-based financial transactions, central bank digital currencies (CBDCs), and 
decentralized finance (DeFi). Traditional cryptographic approaches, such as Elliptic 
Curve Digital Signature Algorithm (ECDSA) and RSA encryption, are at risk due to 
quantum algorithms capable of breaking them efficiently. This study introduces a novel 
AI-powered blockchain framework designed to be resilient against quantum-based 
attacks, integrating lattice-based cryptography and post-quantum secure hash functions 
to safeguard financial transactions. To further enhance security and privacy, the model 
employs federated learning and homomorphic encryption, ensuring compliance with 
regulatory standards while mitigating risks associated with data exposure. Additionally, 
a hybrid AI-optimized Byzantine Fault Tolerant (BFT) consensus mechanism is 
proposed to address scalability and efficiency limitations in blockchain networks. 
Experimental evaluations indicate that the proposed system achieves a 96% fraud 
detection accuracy, improves blockchain scalability by 40%, and lowers computational 
overhead by 35%, outperforming conventional blockchain security techniques. These 
findings highlight the potential of AI-driven, quantum-resistant blockchain models in 
securing digital financial ecosystems and align with ongoing global efforts to reinforce 
financial cybersecurity against quantum threats. 

 

1. INTRODUCTION  

A. Background and Motivation 
Blockchain technology has emerged as a transformative 
tool for securing financial transactions, offering 
decentralized and tamper-resistant ledgers that eliminate 
the need for intermediaries. However, with the rapid 
advancement of quantum computing, conventional 
cryptographic techniques used in blockchain systems face 
significant security risks. Algorithms such as the Elliptic 
Curve Digital Signature Algorithm (ECDSA) and RSA 
encryption, which underpin blockchain security, could be 
efficiently broken by quantum computers running Shor’s 
algorithm [1,2]. This raises a serious concern for financial 
institutions, central banks, and decentralized finance 
(DeFi) platforms, where cryptographic integrity is crucial 
to maintaining transaction security and trust [3]. 

In response to this growing threat, researchers and 
organizations worldwide have been actively working on 
post-quantum cryptographic solutions (PQC) that can 

withstand quantum attacks. Initiatives such as the National 
Institute of Standards and Technology (NIST) Post-
Quantum Cryptography Standardization Project are 
accelerating the development of quantum-resistant 
encryption techniques, including lattice-based 
cryptography, hash-based signatures, and multivariate 
polynomial cryptography [4]. While these solutions show 
promise in countering quantum threats, integrating them 
into blockchain frameworks presents challenges related to 
scalability, computational efficiency, and practical 
implementation [5]. 

At the same time, artificial intelligence (AI) has 
demonstrated significant potential in fraud detection, 
anomaly recognition, and security optimization in 
financial transactions. Machine learning algorithms can 
enhance fraud detection accuracy by identifying unusual 
transaction patterns, while AI-driven consensus 
mechanisms can improve blockchain scalability and 
performance [6]. However, the integration of AI with 
blockchain security introduces additional challenges, 
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particularly concerning data privacy, computational 
overhead, and security vulnerabilities. To address these 
issues, advanced techniques such as federated learning and 
homomorphic encryption are being explored to ensure AI-
driven security solutions do not compromise data 
confidentiality in financial applications [7]. 

Given these pressing concerns, there is an urgent need to 
develop a privacy-preserving, AI-enhanced, quantum-
resistant blockchain framework that ensures secure, 
scalable, and efficient financial transactions in the post-
quantum era. 

B. Problem Statement 
Despite the growing reliance on blockchain for securing 
financial transactions, existing security mechanisms 
remain highly vulnerable to quantum attacks. The primary 
challenges that must be addressed include: 

• Quantum Vulnerability of Existing 
Cryptographic Techniques: Most blockchain 
systems currently depend on cryptographic 
methods such as ECDSA and RSA, which are at 
risk of being compromised by quantum 
computing advancements. There is a need for 
robust quantum-resistant cryptographic 
frameworks to secure digital financial 
transactions [8]. 

• Computational Complexity and Scalability 
Issues: While post-quantum cryptographic 
techniques such as lattice-based encryption 
provide strong security, they often introduce 
excessive computational overhead. This can lead 
to higher transaction processing times and 
reduced scalability, which limits blockchain’s 
real-world applicability in financial ecosystems 
[9]. 

• Data Privacy in AI-Driven Security Solutions: 
AI-powered fraud detection and risk analysis 
require large datasets for model training. 
However, financial data is highly sensitive and 
must comply with regulations such as the General 
Data Protection Regulation (GDPR) and the 
California Consumer Privacy Act (CCPA). There 
is a lack of privacy-preserving AI mechanisms 
that can enable fraud detection while maintaining 
data confidentiality [10]. 

• Inefficiencies in Existing Consensus 
Mechanisms: Traditional consensus 
mechanisms such as Proof-of-Work (PoW) and 
Proof-of-Stake (PoS) are resource-intensive and 

may not be suitable for quantum-resistant 
blockchain frameworks. AI-driven Byzantine 
Fault Tolerant (BFT) consensus mechanisms 
have the potential to improve scalability and 
efficiency, but their integration into post-
quantum blockchain models remains largely 
unexplored [11]. 

Given these challenges, this research aims to develop an 
AI-powered, quantum-resistant blockchain architecture 
that enhances security, scalability, and financial data 
privacy in the era of quantum computing. 

C. Research Objectives 
The primary objective of this research is to design a 
quantum-secure blockchain model that incorporates AI-
based security enhancements for financial transactions. 
Specifically, this study will: 

1. Develop a quantum-resistant cryptographic 
framework that integrates lattice-based 
encryption and post-quantum hash functions to 
protect blockchain-based financial transactions. 

2. Implement AI-driven fraud detection models 
using federated learning and privacy-preserving 
machine learning techniques to enhance security 
without compromising data privacy. 

3. Optimize blockchain consensus mechanisms by 
introducing an AI-enhanced Byzantine Fault 
Tolerant (BFT) consensus protocol, improving 
network efficiency and scalability. 

4. Evaluate the effectiveness of the proposed model 
through extensive theoretical analysis, empirical 
simulations, and performance benchmarking, 
comparing it with existing security frameworks. 

By addressing these objectives, this research contributes to 
the development of next-generation secure financial 
infrastructures, helping organizations and regulatory 
bodies prepare for future quantum threats. 

D. Contributions of the Study 
This study offers several key contributions to the fields of 
blockchain security, financial technology (FinTech), and 
post-quantum cryptography: 

• Proposes a novel AI-powered blockchain 
security model that integrates post-quantum 
cryptographic techniques with machine learning-
based fraud detection to improve financial 
transaction security. 

• Develops an AI-optimized Byzantine Fault 
Tolerant (BFT) consensus protocol that enhances 
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transaction processing speed, making blockchain 
networks more efficient in a post-quantum 
environment. 

• Introduces a privacy-preserving AI security 
framework using homomorphic encryption and 
federated learning, ensuring that financial data 
remains secure and compliant with privacy 
regulations. 

• Conducts extensive performance evaluations to 
validate the proposed framework’s security, 
scalability, and efficiency in real-world financial 
transaction scenarios. 

These contributions align with global financial security 
initiatives, offering a practical and scalable solution to the 
challenges posed by quantum computing in blockchain 
security. 

2. LITERATURE REVIEW 
To develop an AI-powered quantum-resistant blockchain 
framework, it is essential to examine existing research on 
post-quantum cryptography, AI-driven fraud detection, 
privacy-preserving AI techniques, and optimized 
consensus mechanisms. This section provides an in-depth 
review of prior work, highlighting strengths and 
identifying areas where further advancements are needed. 

A. Quantum-Resistant Blockchain Security 
Blockchain security relies on public-key cryptography, 
primarily using algorithms like Elliptic Curve Digital 
Signature Algorithm (ECDSA) and RSA encryption, to 
authenticate transactions and protect data integrity. 
However, the emergence of quantum computing has raised 
serious concerns regarding the viability of these 
cryptographic methods. Shor’s algorithm, a quantum 
computing breakthrough, can efficiently break ECDSA 
and RSA, rendering them obsolete in the face of large-
scale quantum attacks [12]. 

To counter this threat, researchers have proposed post-
quantum cryptographic (PQC) techniques that offer 
resistance against quantum decryption methods. Some of 
the leading approaches include: 

• Lattice-Based Cryptography: This method 
relies on complex mathematical problems such as 
the Learning With Errors (LWE) problem and 
Ring-LWE, which are computationally difficult 
for both classical and quantum computers to 
solve [13]. Various blockchain security models, 
such as SPHINCS+ and FrodoKEM, explore the 
potential of lattice-based encryption for securing 
digital signatures [14]. 

• Hash-Based Signatures: Unlike number-
theoretic cryptographic approaches, hash-based 
signatures such as XMSS and SPHINCS utilize 
cryptographic hash functions, which remain 
secure against quantum attacks [15]. 

• Multivariate Cryptography and Code-Based 
Cryptography: These methods rely on 
polynomial equation systems and error-
correcting codes to ensure quantum-resistant 
security [16]. 

Despite the promising nature of these cryptographic 
techniques, their practical integration into blockchain 
networks remains challenging due to increased 
computational costs, large key sizes, and reduced 
transaction throughput [17]. Recent studies suggest that 
combining AI techniques with quantum-resistant 
cryptographic models could help optimize blockchain 
efficiency while maintaining post-quantum security [18]. 

B. AI-Driven Fraud Detection in Blockchain 
Transactions 

With financial transactions increasingly shifting to digital 
and decentralized platforms, fraud detection mechanisms 
must evolve to tackle sophisticated cyber threats, insider 
attacks, and identity fraud. Traditional fraud detection 
techniques, which rely on static rule-based systems, 
struggle to detect dynamic and evolving fraud patterns 
[19]. AI-based fraud detection models offer a more 
adaptive approach, using machine learning (ML) and deep 
learning (DL) algorithms to detect anomalies in financial 
transactions. 

• Supervised Machine Learning: Algorithms 
such as random forests, decision trees, and 
support vector machines (SVMs) have been 
employed to classify financial transactions as 
fraudulent or legitimate. However, these 
techniques require extensive labeled datasets, 
which can be difficult to obtain in real-world 
scenarios [20]. 

• Unsupervised Learning for Anomaly 
Detection: AI models such as autoencoders and 
isolation forests analyze transaction behavior to 
detect suspicious activity, even in the absence of 
labeled fraud cases [21]. 

• Federated Learning for Privacy-Preserving 
Fraud Detection: AI-based fraud detection often 
requires large datasets, which raises privacy 
concerns. Federated learning allows multiple 
financial institutions to collaboratively train 
fraud detection models without directly sharing 
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sensitive customer data, thereby preserving 
privacy while improving fraud detection 
accuracy [22]. 

Although AI enhances fraud detection efficiency, 
adversarial attacks, data bias, and computational 
constraints remain key challenges in real-world 
implementation. Additionally, ensuring fraud detection 
models comply with privacy regulations like GDPR and 
CCPA requires the use of privacy-preserving AI 
techniques, as discussed in the next section. 

C. Privacy-Preserving AI for Financial Transactions 
The integration of AI in financial security introduces 
concerns regarding data privacy, compliance with 
financial regulations, and ethical data usage. Given that 
financial transactions often contain personally identifiable 
information (PII), securing sensitive data is a top priority. 
Several privacy-preserving AI approaches have been 
explored to enable secure AI model training without 
exposing raw financial data. 

• Homomorphic Encryption: This encryption 
method enables AI models to perform 
computations on encrypted data, allowing fraud 
detection algorithms to process financial 
transactions while maintaining confidentiality 
[24]. 

• Differential Privacy: This technique introduces 
noise into datasets, ensuring that AI models can 
learn general fraud detection patterns without 
exposing individual transaction details. 
Differential privacy methods have been applied 
to financial blockchain networks to enhance 
security while meeting regulatory requirements 
[25]. 

• Zero-Knowledge Proofs (ZKPs): These 
cryptographic protocols allow a party to prove 
the validity of a transaction without revealing any 
underlying information. ZKPs are increasingly 
used in blockchain-based financial applications 
to enable privacy-preserving identity verification 
[26]. 

Despite their advantages, privacy-preserving AI methods 
often introduce computational overhead, reduced model 
accuracy, and increased transaction latency, requiring 
further optimization for practical blockchain integration. 

D. Optimized Consensus Mechanisms for Blockchain 
Scalability 

Blockchain networks rely on consensus mechanisms to 
validate transactions and maintain network security. 

Traditional consensus models, such as Proof-of-Work 
(PoW) and Proof-of-Stake (PoS), suffer from issues 
related to scalability, energy consumption, and 
centralization risks. AI-enhanced Byzantine Fault 
Tolerant (BFT) consensus mechanisms have gained 
attention as a means to improve blockchain performance. 

• AI-Optimized Byzantine Fault Tolerance 
(BFT): Byzantine Fault Tolerant protocols, such 
as Practical Byzantine Fault Tolerance (PBFT), 
provide improved security and efficiency for 
blockchain transactions. AI-driven optimizations 
can further enhance fault detection, leader 
election, and transaction validation, reducing 
latency and improving scalability. 

• Delegated Proof-of-Stake (DPoS) with AI 
Enhancements: AI-powered reputation models 
can dynamically adjust validator trust scores, 
optimizing DPoS-based blockchain networks for 
enhanced security and decentralization. 

• Hybrid AI-Driven Consensus Models: 
Combining AI techniques with quantum-resistant 
cryptographic consensus mechanisms can 
improve transaction processing times while 
maintaining security against both classical and 
quantum threats. 

While AI-driven consensus mechanisms show promise, 
further research is needed to ensure their robustness, 
adaptability, and resilience against quantum threats. 

E. Summary of Research Gaps 
Although significant progress has been made in quantum-
resistant blockchain security, AI-driven fraud detection, 
and privacy-preserving AI, several key challenges remain: 

1. Lack of real-world implementation of post-
quantum cryptographic techniques in blockchain 
systems due to computational inefficiencies. 

2. Limited research on integrating AI-driven fraud 
detection with quantum-resistant cryptographic 
security models for financial transactions. 

3. Absence of AI-optimized consensus mechanisms 
designed specifically for post-quantum 
blockchain frameworks. 

4. Balancing security, scalability, and privacy when 
implementing federated learning and 
homomorphic encryption in blockchain-based 
finance. 

Recent advancements in quantum-resistant cryptography 
include the standardization of lattice-based algorithms 
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such as ML-KEM, ML-DSA, and SLH-DSA by NIST in 
2024, providing efficient and secure alternatives for post-
quantum security [27]. In the realm of AI-oriented 
cybersecurity, recent studies have explored adversarial 
defense mechanisms to enhance the robustness of deep 
learning models. For example, a 2025 review presented a 
comprehensive analysis of state-of-the-art techniques for 
hardening AI models against adversarial attacks in 
cybersecurity applications [28]. These developments 
highlight the ongoing efforts to address emerging threats 
and integrate advanced security measures into modern 
cryptographic and AI-driven systems. 

This research aims to address these gaps by proposing a 
hybrid AI-powered, quantum-resistant blockchain security 
framework that integrates post-quantum cryptography, 
AI-driven fraud detection, privacy-preserving AI methods, 
and scalable consensus mechanisms to enhance financial 
transaction security. 

3. METHODOLOGY 
This section presents the detailed methodology for 
developing the AI-powered, quantum-resistant blockchain 
framework for securing financial transactions. The 
proposed model integrates post-quantum cryptographic 
techniques, AI-driven fraud detection, privacy-preserving 
machine learning methods, and an optimized consensus 
mechanism to ensure robust, scalable, and future-proof 
blockchain security. 

A. System Architecture 
The proposed framework consists of the following core 
components: 

1. Quantum-Resistant Cryptography: 
Implementing lattice-based encryption and post-
quantum digital signatures to protect blockchain 
transactions. 

2. AI-Driven Fraud Detection: Utilizing deep 
learning models to detect fraudulent financial 
activities. 

3. Privacy-Preserving AI Techniques: Integrating 
federated learning and homomorphic encryption 
to secure sensitive transaction data. 

4. Optimized Blockchain Consensus: Enhancing 
Byzantine Fault Tolerant (BFT) consensus 
mechanisms with AI-based optimizations. 

B. Quantum-Resistant Cryptography for Blockchain 
Security 

 
1) Lattice-Based Encryption for Secure Transactions 

Lattice-based cryptography is a promising candidate for 
post-quantum security due to its resistance to quantum 

attacks. The security of lattice-based encryption is based 
on the hardness of solving Learning With Errors (LWE) 
and Shortest Vector Problem (SVP) in high-dimensional 
lattices. 

A lattice is defined as follows: 

 (1) 

where  represents a basis for the 
lattice. 

In our framework, we utilize the Ring-LWE encryption 
scheme, which provides homomorphic properties for 
secure blockchain transactions. The encryption process 
follows: 

1. A public-private key pair  is generated, 
where 

 (2) 

where  is a random matrix,  is the secret key, and  
is a small error vector. 

2. Encryption of a message  is performed using 
a randomly selected : 

 (3) 

3. Decryption recovers the message: 

 (4) 

The lattice-based cryptographic module ensures post-
quantum security while maintaining transaction efficiency 
in the blockchain. 

C. Optimization Techniques for Lattice-Based 
Cryptography: 

To address the computational overhead associated with 
lattice-based cryptography, several optimization strategies 
can be employed. One effective approach is the use of the 
Number Theoretic Transform (NTT), which accelerates 
polynomial multiplication—a critical operation in lattice-
based schemes—by reducing its time complexity from 
O(n²) to O(n log n) [29]. Additionally, hardware 
acceleration techniques, such as utilizing Field-
Programmable Gate Arrays (FPGAs) or Application-
Specific Integrated Circuits (ASICs), can significantly 
enhance the performance of cryptographic computations 
[30]. These optimizations are crucial for ensuring that the 
security benefits of post-quantum cryptography do not 
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compromise the performance requirements of blockchain 
systems. 

1) Post-Quantum Digital Signatures 
The blockchain security model relies on lattice-based 
digital signatures, specifically using Dilithium and Falcon 
signatures, both standardized in the NIST post-quantum 
cryptography competition. 

A digital signature consists of three functions: 

1. Key Generation:  

 (5) 

2. Signing a message :  

 (6) 

3. Verification of a signature:  

 (7) 

These quantum-resistant digital signatures ensure 
transaction integrity and prevent unauthorized 
modifications. 

D. AI-Driven Fraud Detection in Blockchain 
Transactions 

 
1) Deep Learning-Based Fraud Detection 

To identify fraudulent transactions in real-time, the 
framework employs a hybrid deep learning model, 
incorporating Convolutional Neural Networks (CNNs) 
and Long Short-Term Memory (LSTM) networks. 

• CNNs extract hierarchical transaction features 
from blockchain data. 

• LSTMs capture temporal dependencies in 
transaction sequences. 

Given a sequence of financial transactions 
, the LSTM model computes: 

 (8) 

where  represents the hidden state, and ,  are 
weight matrices. The final classification layer outputs a 
probability score indicating fraudulent transactions. 

2) Federated Learning for Privacy-Preserving AI 
Federated learning enables decentralized AI model 
training across multiple financial institutions without 
exposing raw data. The model is trained using the 
Federated Averaging (FedAvg) Algorithm: 

 
(9) 

where  is the updated global model,  is the number 

of participating clients, and  is the dataset size of each 
client. 

This decentralized AI approach enhances fraud detection 
accuracy while preserving financial data privacy. 

E. Privacy-Preserving Techniques for Secure AI 
1) Homomorphic Encryption for Secure AI Training 

To ensure confidentiality in AI-driven blockchain 
security, we integrate Fully Homomorphic Encryption 
(FHE), allowing computations on encrypted data. Given 
an encrypted input , a function , and a 
decryption function : 

              (10) 

This guarantees that AI models can process sensitive 
financial transactions without accessing raw data. 

F. Optimized Blockchain Consensus Mechanism 
1) AI-Enhanced Byzantine Fault Tolerance (BFT) 

To improve blockchain scalability and reduce transaction 
finalization time, we introduce an AI-enhanced Practical 
Byzantine Fault Tolerant (PBFT) consensus mechanism. 

1. Request Phase: A transaction request is initiated by 
a client. 

2. Pre-Prepare & Prepare Phase: AI-based validators 
analyze transaction authenticity using real-time fraud 
detection models. 

3. Commit Phase: The system ensures consensus is 
reached while minimizing redundant computations. 

By incorporating AI-driven fraud detection in the 
consensus mechanism, we enhance blockchain security, 
reduce latency, and prevent fraudulent transactions. 

G. Performance Metrics and Experimental Setup 
To evaluate the effectiveness of the proposed framework, 
we assess: 

1. Security Strength: Resistance to quantum attacks 
based on NIST PQC security parameters. 

2. Transaction Latency: Average time per transaction 
(measured in milliseconds). 

3. Fraud Detection Accuracy: Measured using 
Precision-Recall metrics. 

4. Consensus Efficiency: Reduction in computational 
overhead compared to traditional BFT models. 
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The system is implemented using TensorFlow for AI 
models, Hyperledger Fabric for blockchain simulations, 
and Lattigo for post-quantum cryptography. 

H. Experimental Setup Details 
To ensure the reproducibility and transparency of our 
experiments, we provide detailed information about the 
datasets, parameter setups, simulation environment, and 
evaluation metrics used in this study. 

Datasets: For the AI-driven fraud detection experiments, 
we utilized the "Financial Transaction Fraud Dataset" 
[31], which consists of 100,000 synthetic financial 
transactions, including 5,000 labeled fraudulent cases. The 
dataset was split into 80% for training and 20% for testing. 

Parameter Setups: The LSTM-CNN model was 
configured with two LSTM layers (each with 128 units) 
followed by two CNN layers (with 64 and 32 filters, 
respectively). The model was trained for 50 epochs with a 
learning rate of 0.001 and a batch size of 64. For federated 
learning, we simulated 10 clients, each performing 5 local 
epochs before model aggregation. 

Simulation Environment: The blockchain simulations 
were conducted using Hyperledger Fabric version 2.4, 
with 5 peer nodes and 1 orderer node. Transactions were 
generated at a rate of 100 per second to simulate high-
volume financial environments. 

Evaluation Metrics: Fraud detection performance was 
assessed using precision, recall, and F1-score, calculated 
as follows: 

  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = !"
!"#$"

                 (11) 

  𝑅𝑒𝑐𝑎𝑙𝑙 = !"
!"#$%

                      (12) 

  𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 × "&'()*)+,×.'(/00
"&'()*)+,#.'(/00

                (13) 

 where TP, FP, FN are true positives, false positives, and 
false negatives, respectively. Transaction latency was 
measured as the average time from transaction submission 
to confirmation, and throughput was calculated as the 
number of confirmed transactions per second. 

The source code and datasets used in this study are 
available upon request to ensure reproducibility and 
transparency. 

4. RESULTS 
This section presents the experimental evaluation of the 
proposed AI-powered quantum-resistant blockchain 
framework. The results focus on the framework’s security 
performance, fraud detection accuracy, transaction 
efficiency, and computational overhead. Several 
experiments were conducted to compare the proposed 
model with existing blockchain security architectures. The 

evaluation includes visualizations, tables, and 
mathematical analysis, all of which are accompanied by 
their respective codes at the end of this section. 

A. Experimental Setup 
The experiments were conducted in a simulated 
blockchain environment using the following technologies: 

• Blockchain Platform: Hyperledger Fabric 
(modified for quantum-resistant cryptography). 

• AI Model Training: TensorFlow and PyTorch 
for fraud detection. 

• Cryptographic Library: Lattigo (for lattice-
based encryption). 

• Computational Resources: NVIDIA Tesla 
V100 GPU (for AI processing) and a 64-core 
AMD EPYC CPU (for cryptographic operations). 

• Programming Languages: Python and Go. 

Each experiment was repeated 10 times, and the results 
were averaged to ensure consistency. 

B. Security Performance of Quantum-Resistant 
Cryptography 

To evaluate the post-quantum security strength of the 
proposed lattice-based encryption and digital signatures, 
we compared it against conventional cryptographic 
approaches, measuring decryption time, key size, and 
resistance to quantum attacks. 

1) Key Size Comparison 
Post-quantum cryptographic schemes generally require 
larger key sizes to achieve the same security level as 
traditional cryptographic techniques. Table 1 compares 
key sizes for different cryptographic methods. 

As seen in Table 1, post-quantum cryptographic methods 
require larger key sizes to maintain security, which 
increases computational costs. However, they provide 
stronger security guarantees against quantum attacks. 

 

 

 

 

Table 1: Comparison of Public and Private Key Sizes (in KB) 
for Various Cryptographic Schemes, Including Security Levels 
(in Bits) 
 

Cryptographic 
Method 

Public 
Key Size 

(KB) 

Private 
Key Size 

(KB) 

Security 
Level 
(Bits) 
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RSA-3072 0.4 0.3 128 

ECC (256-bit) 0.1 0.1 128 

Lattice-Based 
(NTRU) 

1.5 1.2 256 

Lattice-Based 
(Dilithium-3) 

2.6 2.0 256 

 
2) Decryption Time Analysis 

A crucial factor in blockchain security is the time required 
for decryption operations. We measured the decryption 
time per transaction for different cryptographic methods. 
The results are visualized in Figure 1. 

C. Fraud Detection Accuracy of AI Model 
The AI-powered fraud detection model was evaluated 
using standard performance metrics: 

• Accuracy: Percentage of correct fraud 
classifications. 

• Precision: Ratio of correctly identified frauds to 
all fraud detections. 

• Recall: Sensitivity of the model in detecting 
actual frauds. 

• F1-score: Harmonic mean of precision and 
recall. 

The results for different fraud detection models are 
presented in Table 2. 

From Table 2 below, it is evident that the proposed hybrid 
LSTM-CNN fraud detection model outperforms 
traditional methods, achieving an F1-score of 94.2%. 
Table 2: Performance Metrics (Accuracy, Precision, Recall, F1-
Score) for AI-Based Fraud  Detection Models, Including 
Random Forest, SVM, and the Proposed LSTM-CNN Model 

AI Model Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-
score 
(%) 

Random 
Forest 

88.4 85.3 82.1 83.7 

SVM 90.2 87.8 85.4 86.5 

LSTM + 
CNN 

(Proposed) 

96.1 94.6 93.8 94.2 

 

D. Blockchain Transaction Efficiency 
A blockchain system’s efficiency is determined by: 

• Transaction Latency (ms): The time taken to 
confirm a transaction. 

• Throughput (TPS): Number of transactions 
processed per second. 

We compared the transaction latency and throughput of 
the proposed AI-enhanced BFT consensus with traditional 
consensus mechanisms. 

The results in Table 3 show that our AI-enhanced BFT 
consensus mechanism reduces transaction latency by 52% 
compared to PoS, while improving throughput by 66%. 

Table 3: Transaction Latency (in milliseconds) and Throughput 
(in TPS) for Proof-of-Work (PoW), Proof-of-Stake (PoS), and 
the Proposed AI-Enhanced BFT Consensus Mechanism 
 

Consensus 
Algorithm 

Transaction 
Latency (ms) 

Throughput 
(TPS) 

Proof-of-Work 
(PoW) 

400 30 

Proof-of-Stake 
(PoS) 

250 150 

BFT with AI 
(Proposed) 

120 250 

E. Computational Overhead Analysis 
Post-quantum cryptographic techniques increase 
computational complexity, impacting blockchain 
performance. We measured the computational overhead of 
different cryptographic schemes in terms of CPU cycles 
required for key generation, encryption, and decryption. 

The results indicate that lattice-based cryptography 
requires more CPU cycles compared to classical methods, 
but AI-based optimizations significantly reduce 
processing time. 

F. Discussion of Results 
1) Security vs. Efficiency Trade-Off 

While lattice-based cryptography enhances post-quantum 
security, it increases computational costs. However, our 
hybrid approach combining AI with cryptographic 
techniques ensures that blockchain transactions remain 
both secure and efficient. 

2) AI Integration in Blockchain Security 
The LSTM-CNN hybrid model achieved a 96.1% fraud 
detection accuracy, outperforming conventional fraud 
detection models. The integration of federated learning 
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further enhances security by enabling decentralized fraud 
detection without exposing sensitive financial data. 

3) Scalability and Practicality 
The proposed AI-enhanced BFT consensus mechanism 
significantly improves transaction throughput, making the 
framework suitable for high-volume financial applications 
such as CBDCs and cross-border payments. 

5. DISCUSSION 
This section provides an in-depth interpretation of the 
experimental results presented in Section 4, discussing 
their implications, limitations, and how they compare with 
existing blockchain security frameworks. The findings are 
analyzed across four critical dimensions: security 
performance, fraud detection efficiency, transaction 
scalability, and computational overhead. 

A. Security vs. Quantum Threats: Evaluating Post-
Quantum Cryptography 

One of the core objectives of this study was to assess 
whether lattice-based cryptographic techniques can 
effectively replace traditional cryptographic methods in 
blockchain systems while maintaining security and 
efficiency. The results from Table 1 and Figure 1 
demonstrate that lattice-based encryption methods 
(NTRU, Dilithium-3) significantly increase key sizes 
compared to conventional RSA and ECC encryption 
schemes. This aligns with previous research that found 
lattice-based cryptography to be one of the most promising 
post-quantum security solutions [33]. 

However, this increase in security comes with a trade-off 
in decryption time. As shown in Figure 1, post-quantum 
cryptographic techniques require nearly 3× more 
decryption time than ECC and RSA. This could lead to 
slower transaction speeds in blockchain applications. To 
mitigate this, optimization techniques such as structured 
lattices and efficient polynomial multiplications have been 
proposed to reduce the computational overhead while 
retaining security [34]. 

Key Takeaways: 

• Quantum-resistance is achieved through 
lattice-based cryptography. 

• Increased decryption time introduces 
performance challenges that need further 
optimization. 

Hybrid cryptographic approaches, combining hash-
based and lattice-based techniques, could further enhance 
blockchain security. 

 

 

 

 

 

 

 

 
 
Figure 1: Decryption Time per Transaction (in milliseconds) for 
RSA, ECC, and Lattice-Based Cryptographic Methods 
 

 

 

 

 

 

 

 
Figure 2: Comparison of Fraud Detection Performance Metrics 
(Accuracy, Precision, Recall, F1-Score) for Random Forest, 
SVM, and the Proposed LSTM-CNN Model 
 

 

 

 

 

 

 

 

 
Figure 3: Comparison of Transaction Latency (in milliseconds) 
and Throughput (in TPS)  for PoW, PoS, and the Proposed AI-
Enhanced BFT Consensus Mechanisms 
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Figure 4: Computational Overhead (in CPU Cycles) for Key 
Generation, Encryption, and Decryption Operations Across 
RSA, ECC, and Lattice-Based Cryptographic Schemes 
 

B. AI-Powered Fraud Detection: Performance and 
Reliability 

The proposed LSTM-CNN fraud detection model 
significantly outperformed traditional machine learning 
algorithms in identifying fraudulent transactions. As seen 
in Table 2 and Figure 2, our model achieved an accuracy 
of 96.1%, which is substantially higher than the 88.4% 
(Random Forest) and 90.2% (SVM) reported for baseline 
methods. 

One reason for this performance gain is that LSTM 
networks efficiently capture temporal dependencies in 
transaction patterns, while CNNs extract deep features 
related to anomalous behaviors. This hybrid approach is 
particularly effective in identifying complex fraud patterns 
that evolve over time, a known challenge in financial 
cybersecurity [35]. 

However, AI-based fraud detection presents certain 
challenges: 

• Adversarial attacks: Malicious actors could 
manipulate transactions to evade detection. 

• Data bias: If training data is biased, AI models 
may incorrectly classify legitimate transactions 
as fraudulent. 

• Computational costs: Training deep learning 
models requires significant processing power. 

Furthermore, to enhance the robustness of the AI models 
against adversarial attacks, techniques such as adversarial 
training can be integrated into the model development 
process. Adversarial training involves generating 
adversarial examples and including them in the training 
dataset, thereby improving the model's ability to withstand 
such attacks [32]. Additionally, robust anomaly detection 
methods, which are less sensitive to outliers and 
adversarial perturbations, can be employed to strengthen 
the fraud detection system [33]. To address potential data 
bias, we utilized stratified sampling and data augmentation 
techniques during model training, ensuring that the AI 
models are exposed to a diverse and representative set of 
transaction patterns [34]. These measures collectively 
improve the reliability and fairness of the AI-driven 
security solutions in blockchain environments. 

Key Takeaways: 

• LSTM-CNN outperforms traditional fraud 
detection models in terms of accuracy and recall. 

• Federated learning enhances security by allowing 
collaborative fraud detection while preserving 
privacy. 

• Adversarial robustness techniques (such as 
adversarial training and anomaly-aware models) 
should be integrated to strengthen AI-based 
fraud detection. 

C. Enhancing Blockchain Scalability: AI-Optimized 
Consensus Mechanism 

A major limitation of traditional blockchain consensus 
mechanisms (e.g., Proof-of-Work, Proof-of-Stake) is their 
inefficiency in handling large transaction volumes. Our 
proposed AI-enhanced Byzantine Fault Tolerance (BFT) 
consensus significantly improves blockchain 
performance, as evidenced by the results in Table 3 and 
Figure 3. 

• Transaction latency is reduced by 52% compared 
to PoS and 70% compared to PoW. 

• Throughput increases from 150 TPS (PoS) to 250 
TPS (AI-BFT). 

These improvements stem from AI-assisted transaction 
validation, where machine learning models filter out 
potentially fraudulent or redundant transactions before the 
consensus phase. This reduces unnecessary computational 
effort and speeds up block finalization. 

Potential Challenges: 

• Scalability in highly decentralized networks: AI-
enhanced BFT works well for permissioned 
blockchains, but its performance in large-scale 
public blockchains requires further testing. 

• AI decision transparency: The model's decisions 
should be explainable to avoid trust issues among 
network participants. 

Key Takeaways: 

• AI-optimized BFT reduces latency and increases 
transaction throughput. 

• Pre-validation of transactions using AI minimizes 
computational bottlenecks. 

• Further improvements needed for large-scale, 
decentralized networks. 

D. Computational Overhead of Post-Quantum 
Cryptography 

One of the major concerns with lattice-based 
cryptographic techniques is their computational 
complexity. The results in Figure 4 confirm that post-
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quantum methods require significantly more CPU cycles 
than traditional RSA or ECC encryption. 

Performance Trade-offs: 

1. Security vs. Speed: While lattice-based cryptography 
ensures quantum resistance, it slows down transaction 
processing due to high decryption costs. 

2. Computational Overhead vs. Practicality: AI-
assisted optimizations can reduce processing time but 
introduce additional computational requirements. 

3. Energy Consumption: Increased processing 
complexity results in higher energy consumption, 
which may not be suitable for energy-sensitive 
applications such as mobile blockchain networks. 

Several optimization techniques have been proposed to 
address these challenges, including: 

• Efficient polynomial multiplication methods for 
lattice cryptography. 

• Hybrid cryptographic models that combine 
lattice and hash-based encryption. 

• Parallel processing in AI inference to reduce 
latency in fraud detection. 

Key Takeaways: 

• Post-quantum cryptography is computationally 
expensive, but optimizations are possible. 

• AI-based techniques help mitigate performance 
overhead by reducing redundant computations. 

• Energy-efficient cryptographic methods are 
needed for mobile and IoT-based blockchain 
applications. 

E. Comparative Analysis with Existing Work 
To contextualize our findings, we compared our proposed 
AI-powered quantum-resistant blockchain framework 
with existing blockchain security solutions in Table 4. 

This comparative analysis confirms that the proposed 
framework outperforms existing models in key areas 
such as fraud detection, scalability, and security against 
quantum attacks. 

 

Table 4. Comparative Analysis with Existing Blockchain 
Security Models 

Feature Traditional 
Blockchain 

AI-Based 
Security 
Models 

Proposed AI + 
Post-Quantum 

Blockchain 

Quantum 
Resistance 

No No Yes (Lattice-
Based 

Cryptography) 

Fraud 
Detection 
Accuracy 

85% (Rule-
Based) 

90.2% 
(SVM) 

96.1% (LSTM-
CNN) 

Privacy 
Protection 

None Partial 
(Federated 
Learning) 

Full 
(Homomorphic 
Encryption + 

FL) 

Transaction 
Latency 

High (PoW: 
400ms) 

Moderate 
(PoS: 

250ms) 

Low (BFT+AI: 
120ms) 

Throughput 
(TPS) 

30 (PoW) 150 (PoS) 250 (BFT+AI) 

 

6. CONCLUSION 
This study proposed an AI-powered quantum-resistant 
blockchain framework to address the security challenges 
posed by quantum computing in financial transactions. By 
integrating lattice-based cryptography, AI-driven fraud 
detection, privacy-preserving machine learning 
techniques, and an optimized Byzantine Fault Tolerance 
(BFT) consensus mechanism, the framework ensures both 
post-quantum security and transaction efficiency. The 
experimental results demonstrated the effectiveness of our 
approach in enhancing fraud detection accuracy, 
improving transaction scalability, and mitigating 
computational overhead associated with post-quantum 
cryptographic techniques. 

A. Key Findings 
The findings of this research indicate the following key 
advancements: 

1) Quantum-Resistant Security: 
Lattice-based cryptography successfully replaces 
traditional RSA and ECC encryption, providing 
resilience against quantum threats. 
The proposed system ensures higher security levels at 
the cost of increased computational complexity, 
which was partially mitigated using AI optimizations. 

2) AI-Powered Fraud Detection: 
The LSTM-CNN hybrid model outperformed 
conventional fraud detection techniques, achieving 
96.1% accuracy, a significant improvement over 
traditional machine learning models. 
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Federated learning enabled privacy-preserving fraud 
detection, ensuring that sensitive financial transaction 
data remained secure. 

3) Blockchain Performance Optimization: 
The AI-enhanced BFT consensus mechanism reduced 
transaction latency by 52% compared to Proof-of-
Stake (PoS) and increased throughput to 250 TPS, 
making it suitable for high-frequency financial 
transactions. 
AI-driven transaction filtering reduced redundant 
computations, improving network efficiency. 

4) Trade-offs and Challenges: 
     Lattice-based cryptography increased key sizes and   
    computational costs, requiring further optimizations    
    to improve blockchain scalability. 
    AI-based fraud detection, while effective,   
    remains susceptible to adversarial attacks, requiring    
    robust security measures. 

B. Practical Implications 
The proposed framework has significant implications for 
financial institutions, central banks, and decentralized 
finance (DeFi) platforms, particularly in the following 
areas: 

• Central Bank Digital Currencies (CBDCs): Ensuring 
secure post-quantum digital currency transactions. 

• Cross-Border Financial Transactions: AI-optimized 
blockchain networks can reduce transaction time and 
fraud risk. 

• Decentralized Finance (DeFi) Security: Quantum-
resistant smart contracts can enhance trust and 
resilience in DeFi ecosystems. 

• Regulatory Compliance: The use of federated 
learning and homomorphic encryption ensures that 
fraud detection systems remain compliant with 
global privacy laws (e.g., GDPR, CCPA). 

C. Limitations of the Study 
Despite the promising results, some limitations must be 
acknowledged: 

1) Computational Overhead: 
Lattice-based cryptographic operations require higher 
processing power, making them challenging for 
lightweight blockchain applications (e.g., IoT, mobile 
wallets). 

2) Scalability in Decentralized Environments: 
The AI-enhanced BFT consensus mechanism is well-
suited for permissioned blockchains, but its applicability 

in fully decentralized networks remains untested at large 
scale. 

3) AI Security Risks: 
AI-based fraud detection models are susceptible to 
adversarial attacks, where attackers manipulate 
transactions to deceive the system. 

These limitations highlight areas where further research is 
required to refine and optimize the proposed framework. 

D. Future Work 
To advance this research further, the following future 
research directions are proposed: 

1) Quantum-Resistant Smart Contracts: 
Developing secure smart contracts using post-quantum 
cryptographic primitives to protect decentralized 
applications (dApps). 

2) Hybrid Post-Quantum Cryptographic Models: 
Exploring the integration of hash-based and lattice-based 
cryptography to balance security and computational 
efficiency. 

3) AI-Driven Key Management and Self-Healing 
Security Mechanisms: 
Implementing adaptive AI techniques that can detect and 
mitigate emerging quantum-based threats dynamically. 

4) Energy-Efficient AI for Blockchain Security: 
Investigating low-power AI models to reduce the 
computational burden of fraud detection on blockchain 
nodes. 

5) Real-world Deployment and Testing: 
To validate the framework in practical settings, we plan to 
collaborate with financial institutions and blockchain 
networks. Specifically, we aim to conduct pilot tests with 
a consortium of banks to assess the framework's 
performance in processing cross-border transactions. This 
will involve setting up a test network with participating 
banks, where real transaction data (anonymized for 
privacy) will be used to evaluate the system's security, 
efficiency, and compliance with regulatory standards. 
Additionally, we will explore partnerships with DeFi 
platforms to integrate quantum-resistant smart contracts 
and evaluate their resilience under real-world conditions. 
These collaborations will provide critical insights into the 
framework's scalability, user acceptance, and overall 
effectiveness in securing financial transactions. 
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