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Abstract
The burgeoning digital landscape has necessitated advancements in blockchain 

network optimization, particularly in enhancing privacy without compromising network 
efficiency. Existing blockchain routing mechanisms often fail to address comprehensive 
privacy concerns, typically offering suboptimal trade-offs between privacy preservation 
and network performance. The proposed model encompasses five innovative methods. 
First, Dynamic Routing with Deep Q-Networks (DR-DQN) leverages deep Q-learning to 
adapt routing paths dynamically based on network conditions and privacy requirements. It 
significantly reduces average latency by 20% while maintaining high privacy levels. Second, 
Autonomous Privacy-Preserving Routing (APPR) combines deep reinforcement learning 
with differential privacy techniques to autonomously optimize routing decisions, achieving 
a 25% reduction in information leakage. Third, Privacy-Preserving Graph Analytics for 
Blockchain Networks (PP-GABN) utilizes graph analytics integrated with differential 
privacy to analyze and optimize network data, thereby reducing privacy leakage by 30%. 
Fourth, Homomorphic Encryption-based Secure Routing (HE-SR) employs homomorphic 
encryption, allowing computations on encrypted data to preserve privacy effectively, 
achieving near-zero information leakage. Lastly, Bayesian Privacy-Preserving Routing (BPPR) 
uses Bayesian inference to model probabilistic routing decisions, enhancing privacy levels by 
35% with minimal impact on routing efficiency. The convergence of these methods within 
a unified framework discourses the gaps in privacy and efficiency and sets a new standard 
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for the design of secure, scalable, and efficient blockchain networks. This comprehensive 
approach provides a robust basis for future study and development in blockchain network 
optimization. 
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1.  Introduction

In the last few years, blockchain technology has developed as a 
paradigm-shifting framework for decentralized data management, 
offering unmatched security and transparency. However, as the 
deployment of blockchain systems expands across varied sectors, 
including finance, healthcare, and supply chain management, the need to 
balance operational efficiency with stringent privacy requirements has 
become increasingly critical.

Traditional routing mechanisms in blockchain networks often 
struggle to address this balance, typically resulting in compromised 
privacy or diminished network performance. Recognizing these challenges, 
this proposed system introduces an advanced, privacy-preserving 
blockchain system designed to optimize network efficiency while 
significantly enhancing privacy measures. The proposed system integrates 
state-of-the-art techniques from machine learning, artificial intelligence, 
cryptography, and statistics to dynamically manage routing decisions and 
data privacy holistically. The first component, Dynamic Routing with 
Deep Q-Networks (DR-DQN), leverages machine learning to adapt routing 
paths at present based on network circumstances and privacy requirements. 
By employing a deep Q-learning network, DR-DQN continuously learns 
optimal routing strategies from network feedback, significantly reducing 
latency and adapting to network congestion without compromising 
privacy.

2.  Literature Review

As per the in-depth review of existing security models for blockchain 
deployments, which is observed in terms of their present characteristics. 
To further assist readers in identifying best models for their performance-
specific use cases, this segment compares these models in terms of their 
deployment efficiency (DE), security level (SL), QoS Level (Q), attack 
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mitigation efficiency (AME), and scalability (S) metrics. To compare these 
metrics on a singular scale, we quantize these metrics in terms of Very 
Low (VL), Low (L), Medium (M), High (H), and Very High (VH) levels 
based on their internal implementation details. Using this strategy, these 
models were compared in Table 1.

Table 1
Empirical Analysis of the Reviewed Models

Citation Method DE SL Q AME S
[1] Blockchain, Survey H H VH M M
[2] Blockchain, Conditional Privacy VL H H M VH
[3] TEE, Blockchain VL M H VL H
[4] Blockchain M L VL VH VL
[5] Blockchain, LDP H L L L L
[6] Blockchain, Federated Learning M L H VL M
[7] Blockchain, Proxy Re-encryption L H M M L
[8] Blockchain, Dynamic Access Control M VL H L M
[9] Consortium Blockchain, Differential Privacy VH H H VH VL
[10] Blockchain, Differential Privacy M M H VH L
[11] Blockchain, Authentication VL L M VL VL
[12] Blockchain, Attribute-based Encryption H L VH VH VH
[13] Blockchain, Reputation System H H VL L M
[14] Blockchain, Privacy Cryptocurrencies H M VH VL L
[15] Consortium Blockchain, Homomorphic 

Encryption VL H H L L

[16] Blockchain, Smart Contract M H VH VH H
[17] Blockchain, Rational Secure Multi-Party 

Computation VL VH L VH M

[18] Dual Blockchain, Authentication VL VL VL VH H
[19] Blockchain, Attribute-based Encryption L H H L L
[20] Blockchain, Privacy Enforcement VL VH VL M VL

By leveraging blockchain technology alongside complementary 
techniques, researchers strive to address the multifaceted challenges of 
data privacy in various domains. Moving forward, bridging the gap 
between theoretical proposals and practical implementations will be 
crucial for realizing the full potential of privacy-preserving solutions.
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3. �Proposed Design of an Iterative Method for Privacy-Preserving 
Blockchain Networks Integrating Dynamic Routing with Deep Q-
Networks and Homomorphic Encryption-based Secure Routing

To overcome issues of low efficiency & high complexity of privacy 
preservation deployments in existing blockchain models, this section 
discusses the design of an Iterative Method for Privacy-Preserving 
Blockchain Networks Integrating Dynamic Routing with Deep Q-Networks 
and Homomorphic Encryption-based Secure Routing Operations. Initially, 
as per Figure 1, the Dynamic Routing with Deep Q-Networks (DR-DQN) 
framework is integrated which introduces a sophisticated approach to 
routing in blockchain networks by utilizing deep reinforcement learning 
to optimize routing decisions based on network conditions and stringent 
privacy requirements. The design of DR-DQN centers around a deep 
Q-learning model that processes input data comprising network topology, 
current traffic conditions, and privacy constraints, ultimately outputting 
optimal routing paths that minimize latency and uphold privacy 
standards. In the operational design of DR-DQN, the initial step involves 
constructing a state representation of the network, defined as St, which 
encapsulates the current network topology, traffic data, and any privacy 
constraints as inputs for network scenarios. The deep Q-network is trained 
to select actions by estimating the optimal action Value function Q 	
* (s, a), which predicts the expected utility of taking action a in state s sets. 
The utility is calculated using a reward function R(s, a), which is designed 
to maximize network efficiency and privacy shown in equation 1. The 
reward function incorporates several factors, which include,

•• Latency: The model penalizes higher latency routes, aiming to 
minimize the time data packets take to reach their destination.

•• Congestion: Routes that avoid congested network nodes are 
preferred to reduce the likelihood of bottlenecks.

•• Privacy: The model heavily weighs routes that adhere to the 
privacy constraints specified, ensuring that sensitive data is not 
compromised.

( , ) ( , ) [ ( (( 1)), (( 1)))
( (( 1)), ) ( , )] (1)maxa

Qnew st at Q st at R s t a t
Q s t a Q st at

a
g
= + + + +

+ −

Where a  is the learning rate and g  is the discount factor that 
balances the importance of immediate versus future rewards. Integration 
of privacy into the reward function is particularly intricate. 
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Figure 1
Model Architecture for the Proposed Routing Process

4. Result Analysis

To rigorously evaluate the efficacy of the proposed privacy-preserving 
blockchain routing models, a comprehensive experimental setup was 
designed, encompassing various scenarios and network conditions. The 
experimental framework is structured to test the capabilities of Dynamic 
Routing with Deep Q-Networks (DR-DQN), Homomorphic Encryption-
based Secure Routing (HE-SR), Bayesian Privacy-Preserving Routing 
(BPPR), Privacy-Preserving Graph Analytics for Blockchain Networks 
(PP-GABN), and Autonomous Privacy-Preserving Routing (APPR). The 
goal is to assess these models under controlled conditions that simulate 
real-world network traffic and privacy constraints.

Input Parameters:

Network Topology: Generated using a Waxman random graph 
model to ensure a realistic interconnection complexity, with a probability 
of link creation between nodes defined by p = 0.1p = 0.1.

Traffic Data: Simulated based on a Poisson distribution, with an 
average arrival rate of transactions per node set to 10 transactions per 
minute, reflecting a moderately busy network.
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Privacy Constraints: Varied across experiments to assess the models’ 
robustness under different privacy levels. Privacy settings are quantified 
using a privacy level parameter ranging from 0.1 (low privacy requirement) 
to 1.0 (high privacy requirement), incremented in steps of 0.1.

Routing Information: For HE-SR, routing data is encrypted using a 
public key with a 2048-bit RSA encryption standard.

Contextual Dataset Samples:

Scenario A - High Traffic, Low Privacy: To simulate peak traffic 
conditions with minimal privacy constraints, the traffic rate is increased to 
50 transactions per minute per node with a privacy level of 0.1 as shown in 
Table 2.

Scenario B - Moderate Traffic, Moderate Privacy: Represents average 
daily operations with a traffic rate of 25 transactions per minute per node 
and a privacy level of 0.5 as shown in Table 3.

Performance Metrics:

Latency: Measured as the average time by transaction to be confirmed 
from its time of issuance.

Congestion: Quantified by the average number of transactions 
awaiting confirmation in a node’s queue.

Privacy Leakage: Assessed through an information-theoretic 
approach where the mutual information between the encrypted/hashed 
outputs and the actual transaction data is measured.

Network Throughput: The total number of transactions confirmed 
per unit time across the network.

Procedure: Each model is tested across the three scenarios to evaluate 
performance under varying network conditions. The experiments are 

Table 2
Results under Scenario A (High Traffic, Low Privacy)

Metric Proposed 
Model GDPR Homomorphic 

Encryption
Federated 
Learning

Average Latency (ms) 150 200 190 180
Network Throughput (tps) 90 70 80 85
Privacy Leakage (%) 5 10 8 7
Congestion Level Low Medium Medium Medium
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repeated 30 times for each scenario to ensure statistical reliability, with 
results averaged to derive meaningful conclusions.

Under high traffic conditions with low privacy requirements, the 
proposed model significantly outperforms existing methods in terms of 
latency and network throughput, indicating robust handling of high-
volume transactions. The lower privacy leakage and reduced congestion 
also demonstrate the effectiveness of the model’s adaptive routing 
algorithms and privacy-preserving techniques.

Table 3
Results under Scenario B (Moderate Traffic, Moderate Privacy)

Metric Proposed 
Model GDPR Homomorphic 

Encryption
Federated 
Learning

Average Latency (ms) 120 160 150 140
Network Throughput (tps) 75 60 65 70
Privacy Leakage (%) 3 7 6 5
Congestion Level Low High Medium Medium

In moderate traffic and privacy scenarios, the proposed model 
continues to excel in all metrics. It showcases a superior balance between 
maintaining privacy and handling traffic efficiently, with notably lower 
latency and higher throughput compared to the comparative methods.

5.  Discussion and Conclusion

The proposed system provides significant advancements in the 
optimization and security of blockchain networks. The proposed models 
Dynamic Routing with Deep Q-Networks (DR-DQN), Homomorphic 
Encryption-based Secure Routing (HE-SR), Bayesian Privacy-Preserving 
Routing (BPPR), Privacy-Preserving Graph Analytics for Blockchain 
Networks (PP-GABN), and Autonomous Privacy-Preserving Routing 
(APPR) collectively address the core challenges of privacy and efficiency 
in blockchain routing. Specifically, the proposed model reduced average 
latency by up to 25% compared to existing methods, while increasing 
network throughput by up to 30%. Furthermore, privacy leakage was 
significantly reduced, with a 35% decrease compared to non-Bayesian 
approaches, particularly in high privacy scenarios where the proposed 
model maintained a privacy leakage as low as 1%. These results underscore 
the efficacy of integrating advanced computational techniques such as 
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machine learning, differential privacy, homomorphic encryption, and 
Bayesian inference within blockchain routing processes. 

Future Scope

The potential for further refinement and expansion of these models is 
vast. One immediate area for future research is the integration of more 
granular levels of privacy controls, allowing for customizable privacy-
preserving measures tailored to the specific needs of various applications 
within different sectors such as finance, healthcare, and public services
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