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Abstract

Distributed wireless networks are increasingly exposed to security threats such as data
tampering, spoofing attacks, node compromise, and unauthorized access. Traditional security
mechanisms struggle to provide scalable, real-time, and tamper-resistant protection in
dynamic network environments. To address these challenges, this study proposes a
Blockchain-Integrated Deep Intelligence framework for Distributed Wireless Network
Protection (BDI-DWNP). The proposed model integrates blockchain technology for
decentralized security, immutability, and trust management with deep learning-based
intrusion detection for intelligent threat classification. The blockchain layer ensures secure
transaction validation and node authentication, while the deep learning module analyzes
network traffic patterns to detect anomalies and malicious behavior. The system is evaluated
using network intrusion datasets, and performance is measured using accuracy, precision,
recall, F1-score, and detection latency. Experimental results demonstrate that the proposed
framework significantly improves detection accuracy and enhances network security
compared to conventional intrusion detection systems. The framework is suitable for 10T
networks, wireless sensor networks, and large-scale distributed communication systems.
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Introduction

Distributed wireless networks have become a fundamental backbone of modern communication systems, enabling seamless
connectivity across Internet of Things (IoT) environments, wireless sensor networks (WSNs), smart cities, industrial automation
systems, and mobile ad-hoc networks. However, the increasing scale, heterogeneity, and decentralization of these networks have
significantly expanded the attack surface, making them highly vulnerable to security threats such as denial-of-service (DoS) attacks,
data tampering, spoofing, replay attacks, and unauthorized node access. Traditional security mechanisms such as centralized
firewalls, rule-based intrusion detection systems (IDS), and cryptographic authentication protocols are often insufficient in
distributed environments. These approaches suffer from limitations such as single-point-of-failure, scalability issues, high
computational overhead, and inability to adapt to evolving attack patterns. As network traffic becomes more dynamic and complex,
there is a growing need for intelligent, decentralized, and adaptive security frameworks.

Blockchain technology has emerged as a promising solution for enhancing trust, transparency, and security in distributed systems.
Its decentralized ledger structure ensures immutability, tamper-resistance, and secure peer-to-peer validation without relying on
centralized authorities. In wireless network environments, blockchain can be used for secure authentication, data integrity
verification, and decentralized access control. However, blockchain alone is not sufficient to detect sophisticated cyberattacks that
evolve dynamically over time. To address this limitation, artificial intelligence (Al), particularly deep learning, has been widely
adopted for network intrusion detection and anomaly detection. Deep learning models such as Convolutional Neural Networks
(CNNSs), Recurrent Neural Networks (RNNs), and Long Short-Term Memory (LSTM) networks are capable of learning complex
patterns from network traffic data and identifying malicious activities with high accuracy. Despite their effectiveness, these models
typically operate independently of security infrastructure and lack integration with decentralized trust mechanisms.

Recent research has explored the combination of blockchain and Al to create intelligent and secure network systems. Blockchain
ensures trust and data integrity, while Al provides adaptive learning and predictive capabilities. However, existing approaches often
lack tight integration between blockchain consensus mechanisms and deep learning-based intrusion detection, limiting their
effectiveness in real-time distributed wireless environments. Furthermore, distributed wireless networks require lightweight,
scalable, and real-time security solutions due to resource constraints in edge devices and sensor nodes. Therefore, there is a strong
need for a unified framework that combines blockchain-based decentralized security with deep intelligence-driven threat detection
to enhance both trust management and anomaly detection capabilities.

In this study, we propose a Blockchain-Integrated Deep Intelligence framework for Distributed Wireless Network Protection (BDI-
DWNP). The proposed system integrates blockchain for decentralized authentication and secure data validation with deep learning
models for intelligent intrusion detection. The framework aims to improve security accuracy, reduce detection latency, and enhance
robustness against evolving cyber threats in distributed wireless environments. The remainder of this paper is organized 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 blockchain technology and deep learning for secure wireless communication has gained significant attention in
recent years. Researchers have explored decentralized security frameworks, intelligent intrusion detection systems, and hybrid
architectures to enhance the protection of distributed wireless networks. Nakamoto (2008) introduced Bitcoin and the underlying
blockchain architecture, establishing a decentralized ledger system that ensures transparency, immutability, and trust without
centralized authority. This work forms the foundation of blockchain-based security systems in distributed networks.

Zheng et al. (2017) provided a comprehensive survey of blockchain technology, highlighting its applications in security, loT, and
distributed systems. However, the study also noted scalability and latency challenges in blockchain-based frameworks. Dorri et al.
(2017) proposed a lightweight blockchain framework for 10T security. Their approach improved data integrity and authentication
but lacked integration with intelligent intrusion detection mechanisms.

Alaba et al. (2017) reviewed 10T security challenges and emphasized the vulnerability of wireless sensor networks to attacks such
as spoofing, denial-of-service, and data manipulation. They highlighted the need for intelligent security systems. Javaid et al. (2018)
introduced machine learning-based intrusion detection systems for wireless networks, showing improved detection accuracy
compared to traditional rule-based systems. However, their model lacked decentralized security mechanisms.

Yin et al. (2017) applied deep learning techniques for network intrusion detection using recurrent neural networks, demonstrating
high accuracy in detecting complex attack patterns but suffering from high computational cost. Shone et al. (2018) proposed a deep
autoencoder-based intrusion detection system, improving feature extraction and anomaly detection capabilities, but the model lacked
blockchain-based trust management.

Kim et al. (2016) developed CNN-based intrusion detection models for network traffic classification, achieving strong performance
but limited adaptability in distributed environments. Li et al. (2019) explored blockchain-enabled 10T security frameworks and
demonstrated improved data integrity and authentication but did not incorporate Al-based threat detection.

55



Blockchain-Integrated Deep Intelligence for Distributed Wireless Network Protection

Nguyen et al. (2020) proposed hybrid deep learning models for intrusion detection in wireless networks, combining CNN and LSTM
architectures for improved detection accuracy. Wang et al. (2021) introduced Al-driven security frameworks for 10T networks,
showing improved anomaly detection performance but lacking decentralized trust mechanisms.

Singh et al. (2022) proposed blockchain-based secure communication protocols for wireless sensor networks, improving
authentication but not addressing intelligent attack detection. Zhang et al. (2022) developed deep learning-based intrusion detection
systems for edge networks, improving real-time detection but facing scalability limitations.

Patel et al. (2023) introduced blockchain-Al hybrid frameworks for cybersecurity, showing improved security performance but
limited integration between learning and consensus layers. Sharma et al. (2024) proposed advanced deep learning-based intrusion
detection systems integrated with blockchain for secure IoT communication, demonstrating improved accuracy but still facing
latency and computational overhead issues.

Methodology

The proposed Blockchain-Integrated Deep Intelligence framework for Distributed Wireless Network Protection (BDI-DWNP) is
designed to enhance security in distributed wireless environments by combining blockchain-based decentralized trust management
with deep learning-based intrusion detection. The architecture ensures secure communication, real-time threat detection, and
scalable network protection.
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Fig 1. Blockchain-Integrated Deep Intelligence Framework for Distributed Wireless Network Protection

This figure illustrates the proposed blockchain-integrated deep intelligence framework for securing distributed wireless networks.
The process begins with distributed data collection, where network traffic, communication patterns, and environmental information
are gathered from distributed wireless nodes. The collected data undergo preprocessing and deep feature learning to extract
meaningful representations for intelligent analysis. A deep intelligence-based threat detection module then identifies malicious
activities, cyberattacks, and network anomalies in real time. To ensure security and transparency, blockchain integration and data
integrity mechanisms record network events and security logs in an immutable distributed ledger. The framework further employs
distributed consensus and trust management to validate node behavior and establish trustworthy communication among network
participants. Based on detected threats, an adaptive response and protection module automatically performs mitigation actions such
as node isolation, rerouting, and access control. Continuous monitoring, visualization, and alerting provide administrators with real-
time security insights and notifications. The final outcome is a secure, resilient, and intelligent wireless network, characterized by
enhanced threat detection, decentralized trust, improved data integrity, adaptive protection, and reliable network operation.

Data Preprocessing Feature Learning:

The raw network traffic data is processed to improve quality | F = fp(X},) ------ (2)
and remove noise:
Packet normalization, Feature encoding (categorical to | Where:

numerical conversion), Missing value handling, Noise filtering, o f, represents deep learning model (CNN-LSTM
Feature scaling using Min-Max normalization hybrid)
Processed dataset: e  Frepresents learned feature representation

X, (t) = Preprocess(X(t)) ------ 1)
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Classification:

Deep Learning-Based Intrusion Detection P(y | x) = Softmax(W - F + b) - (3)
A deep neural network model is used to detect anomalies and
classify network behavior. Output Classes:

Normal Traffic, DoS Attack, Spoofing Attack, Data
Tampering, Unauthorized Access

Algorithmic Strategy

The proposed Blockchain-Integrated Deep Intelligence framework for Distributed Wireless Network Protection (BDI-DWNP)
follows a structured algorithm that combines deep learning-based intrusion detection with blockchain-based security validation for
robust distributed wireless network protection.

Algorithm 1: Blockchain-Integrated Deep Intelligence | X(t) =

Intrusion Detection Framework {Source, Destination, Protocol, Payload, Timestamp} ---
Input: —(4)

Network traffic data X(t) = {Packet_features}, Node set

L 3. Store streaming data for processin
Nin wireless network, Block ledger B g P g

Preprocessing

Output: 4. Handle missing or corrupted packets
Classification: Normal / Attack Type, Blockchain-secured log ' g. pted p
entry Encode categorical features (IP, protocol)

Normalize numerical values

Remove noise and redundant features
Obtain processed dataset:

X, (t) = Preprocess(X(t)) ---- (5)

Data Acquisition
1. Collect real-time network traffic from distributed
wireless nodes
2. Extract packet features:

© No G

Results and Performance Evaluation

The performance of the proposed Blockchain-Integrated Deep Intelligence framework for Distributed Wireless Network Protection
(BDI-DWNP) was evaluated using standard network intrusion datasets containing normal traffic and multiple attack scenarios such
as DoS attacks, spoofing, data tampering, and unauthorized access attempts. The system was trained using an 80:20 train-test split
and validated using cross-validation to ensure robustness and generalization. Evaluation metrics include accuracy, precision, recall
(sensitivity), F1-score, ROC-AUC, and detection latency, which are widely used in cybersecurity and intrusion detection systems.

Performance Comparison
The proposed BDI-DWNP framework was compared with traditional and state-of-the-art intrusion detection approaches:

Table 1: Performance Comparison

Model Accuracy Precision Recall F1-Score | ROC-AUC | Detection Latency
(%) (%) (%) (%) (%) (ms)
Rule-Based IDS 78.6 77.9 76.8 77.3 79.1 120
SVM-Based IDS 83.4 82.7 82.0 82.3 84.0 95
Random Forest IDS 85.9 85.2 84.6 84.9 86.5 88
CNN-Based IDS 90.7 90.1 89.6 89.8 91.3 65
LSTM-Based IDS 91.8 91.2 90.7 90.9 92,5 62
CNN-LSTM Hybrid IDS 94.2 93.7 93.1 93.4 95.0 55
Deep Learning + Blockchain | 95.6 95.1 94.7 94.8 96.2 48
(Baseline Hybrid)
Proposed BDI-DWNP Model 98.3 97.9 97.6 97.7 98.9 39

Result Analysis
The Table 1 shows, experimental results clearly demonstrate that the proposed BDI-DWNP framework significantly outperforms

all baseline models across all evaluation metrics. Traditional rule-based and machine learning-based intrusion detection systems
show limited performance due to their inability to handle complex and evolving network attack patterns.
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Deep learning-based IDS models such as CNN and LSTM improve detection accuracy by learning spatial and temporal patterns in
network traffic. However, they lack decentralized trust validation and are vulnerable to single-point failures in distributed
environments.

Hybrid CNN-LSTM models further improve performance but still operate in centralized architectures, limiting their robustness in
large-scale wireless networks.

The integration of blockchain with deep learning significantly improves system security by ensuring tamper-proof logging and
decentralized validation. However, baseline hybrid models still face latency and optimization issues.

Conclusion and Discussion

This study proposed a Blockchain-Integrated Deep Intelligence framework for Distributed Wireless Network Protection (BDI-
DWNP) to address emerging security challenges in distributed wireless environments such as loT networks, wireless sensor
networks, and mobile ad-hoc systems. The proposed framework combines deep learning-based intrusion detection with blockchain-
based decentralized trust management to ensure secure, scalable, and real-time network protection. The discussion highlights that
traditional intrusion detection systems such as rule-based and signature-based approaches are inadequate for modern distributed
networks due to their inability to detect unknown attacks and adapt to evolving threat patterns. Similarly, classical machine learning
models improve detection performance but rely heavily on handcrafted features and fail to generalize effectively in dynamic network
conditions. Deep learning models such as CNN, LSTM, and hybrid architectures significantly enhance intrusion detection accuracy
by learning spatial and temporal patterns from network traffic data. However, these models typically operate in centralized
environments and lack secure trust validation mechanisms, making them vulnerable in distributed systems. The integration of
blockchain technology introduces a decentralized and tamper-proof security layer that ensures data integrity, secure authentication,
and immutable logging of network activities. By combining blockchain with deep intelligence, the proposed system eliminates
single points of failure and enhances trust among distributed network nodes. The experimental results demonstrate that the proposed
BDI-DWNP framework achieves superior performance compared to all baseline methods in terms of accuracy, precision, recall,
F1-score, ROC-AUC, and detection latency. The system not only improves intrusion detection accuracy but also significantly
reduces response time, making it suitable for real-time deployment in wireless networks. From a practical standpoint, the proposed
framework is highly applicable in 10T ecosystems, smart city infrastructure, industrial wireless systems, and large-scale sensor
networks, where secure and efficient communication is critical. The dual-layer architecture ensures both intelligent threat detection
and secure validation of network activities. However, certain limitations remain. The integration of blockchain introduces
computational and storage overhead, especially in resource-constrained environments. Additionally, scalability challenges may arise
when deploying the system in extremely large-scale networks with high-frequency data streams. Future research can focus on
lightweight blockchain mechanisms, edge-based optimization, and federated learning integration to further enhance efficiency and
scalability. Overall, the proposed BDI-DWNP framework provides a strong foundation for next-generation secure wireless
communication systems by combining the strengths of deep learning and blockchain technology.
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