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Wireless Sensor Networks (WSNs) are widely deployed in critical
applications such as environmental monitoring, healthcare, and smart
cities. However, their distributed and resource-constrained nature
makes them highly vulnerable to malicious node attacks, data
tampering, and routing disruptions. Recent advancements integrate
deep learning and blockchain technologies to enhance network security
and reliability. In particular, cross-attention Vision Transformers (ViTs)
have emerged as powerful tools for feature extraction and anomaly
detection due to their ability to model long-range dependencies. Vision
Transformer architectures process sensor data representations
efficiently and outperform traditional convolution-based models.
Simultaneously, blockchain-based distributed storage ensures data
integrity, authentication, and decentralization, mitigating risks
associated with centralized systems.

This paper presents a comprehensive review of malicious node
detection techniques in WSNs, focusing on the integration of cross-
attention Vision Transformers and blockchain frameworks. It analyzes
recent developments between 2020 and 2023, highlighting hybrid
approaches combining machine learning, trust management, and
decentralized storage. Furthermore, a comparative analysis of various
models is provided based on detection accuracy, computational
efficiency, scalability, and security robustness. The review also discusses
current challenges such as energy consumption, model complexity, and
real-time deployment constraints. Finally, future research directions are
outlined to enable secure, efficient, and intelligent WSN infrastructures.
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Introduction transmit data to a central base station or sink

Wireless Sensor Networks (WSNs) have become
a fundamental component of modern
communication systems, enabling real-time
monitoring and data acquisition across diverse
domains such as environmental sensing,
healthcare systems, military surveillance, and
industrial automation. A WSN typically consists
of a large number of sensor nodes deployed in a
distributed manner to collect, process, and
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node. Despite their advantages, WSNs face
significant security challenges due to their
decentralized nature, limited computational
resources, and susceptibility to physical
compromise.

One of the most critical security threats in WSNs
is the presence of malicious nodes. These nodes
may behave abnormally by injecting false data,
dropping packets, launching denial-of-service
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attacks, or impersonating legitimate nodes. Such
attacks can degrade network performance,
compromise data integrity, and lead to incorrect
decision-making in mission-critical applications.
Traditional security mechanisms, such as
cryptographic  techniques and rule-based
intrusion detection systems, often fail to address
these challenges effectively due to resource
constraints and dynamic network environments.
In recent years, artificial intelligence (Al) and
deep learning techniques have been introduced
to enhance malicious node detection. Among
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these, transformer-based architectures have
gained significant attention due to their ability to
capture long-range dependencies and contextual
relationships  within data. The Vision
Transformer (ViT), originally developed for
image processing tasks, has been adapted for
anomaly detection and network security
applications. Unlike convolutional neural

networks (CNNs), which rely on local receptive
fields, ViTs process input data as sequences of
patches and employ self-attention mechanisms
to model global relationships.

Wireless Sensor Network

Figure 1. Blockchain-Based Distributed Data Storage Architecture for Wireless Sensor Networks

The integration of cross-attention mechanisms
further enhances the capability of Vision
Transformers by enabling the model to focus on
relevant features across multiple data sources or
modalities. This is particularly useful in WSNs,
where data from different sensor nodes can be
correlated to detect anomalies. Cross-attention
allows the model to dynamically weigh the
importance of different nodes, improving
detection accuracy and reducing false positives.

Parallel to advancements in AIl, blockchain
technology has emerged as a promising solution
for securing distributed networks. Blockchain
provides a decentralized and tamper-proof
ledger that ensures data integrity, transparency,
and trust among participating nodes. In WSNs,
blockchain can be used for secure data storage,
node authentication, and trust management. By
eliminating the need for centralized control,
blockchain reduces the risk of single points of
failure and enhances resilience against attacks.

The convergence of Vision Transformers and
blockchain technology offers a powerful
framework for addressing security challenges in
WSNs. Deep learning models can identify
malicious behavior, while blockchain ensures
secure data storage and communication. Recent
studies have demonstrated that transformer-
based intrusion detection systems can achieve
high accuracy, with some models reaching
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detection rates loT
environments.

Despite these advancements, several challenges
remain. Transformer models are computationally
intensive and may not be directly suitable for
resource-constrained sensor nodes. Similarly,
blockchain systems introduce overhead in terms
of storage and energy consumption. Therefore,
optimizing these technologies for WSN
environments is a key research focus.

This review aims to provide a comprehensive
analysis of malicious node detection techniques
that leverage cross-attention Vision
Transformers and blockchain-based distributed
storage. It examines recent research trends,
evaluates existing approaches, and identifies
gaps for future exploration.

of up to 99.9% in

Literature Review

2020: Foundation of Blockchain and Machine
Learning-Based Detection

The year 2020 marked the foundational phase of
integrating machine learning and blockchain
technologies for malicious node detection in
Wireless Sensor Networks (WSNs). Early
research primarily focused on enhancing trust
management and secure communication using
lightweight mechanisms. For instance, Tariq et al.
(2020) introduced blockchain-based trust
management systems where nodes were
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authenticated through decentralized ledgers,
ensuring tamper-proof verification. This
approach significantly improved resilience
against insider attacks and node impersonation.
Similarly, Hong (2020) proposed secure hashing-
based blockchain authentication models that
enhanced identity verification and prevented
unauthorized node participation.

Parallel to blockchain developments, machine
learning-based anomaly detection gained
traction. He et al. (2020) explored deep learning
models such as autoencoders and CNNs to detect
anomalous behavior in IoT-based WSNs. These
models demonstrated improved accuracy
compared to traditional rule-based systems but
suffered from high computational requirements.
A major breakthrough came with the
introduction of the Vision Transformer (ViT) by
Dosovitskiy et al. (2020), which replaced
convolutional operations with self-attention
mechanisms, enabling global feature extraction.
This innovation laid the groundwork for future
transformer-based intrusion detection systems
by allowing models to capture long-range
dependencies in sensor data.

Additionally, Kumar et al. (2020) proposed trust-
aware routing protocols that incorporated node
behavior metrics to isolate malicious nodes.
While effective, these systems lacked adaptability
to dynamic network conditions. Overall, 2020
research  established the importance of
decentralization and intelligent detection but
highlighted limitations in scalability, energy
efficiency, and real-time deployment.

2021: Emergence of Hybrid Models and
Transformer-Based Detection

In 2021, research shifted toward hybrid
approaches combining blockchain, deep
learning, and trust-based mechanisms.
Ramasamy et al. (2021) provided a
comprehensive survey of blockchain-based WSN
architectures, emphasizing their role in malicious
node detection and secure routing. The study
categorized blockchain applications into trust
management, data storage, and authentication,
demonstrating their effectiveness in mitigating
attacks in distributed environments.
Simultaneously, transformer-based models
began to emerge in anomaly detection tasks.
Mishra et al. (2021) explored Vision
Transformer-based frameworks for anomaly
detection, highlighting their ability to process
data in patches and capture global relationships.
Unlike CNNs, these models were less sensitive to
spatial locality and more effective in identifying
complex attack patterns.

GAN-based approaches also gained attention
during this period. Yang et al. (2021) proposed a
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generative adversarial learning framework for
trust management in industrial WSNs. The model
used GANs to generate synthetic attack patterns
and improve detection accuracy, achieving
detection rates up to 96% while maintaining low
false positives. This work demonstrated the
importance of adversarial learning in handling
unknown or zero-day attacks.

Wu and Liang (2021) introduced blockchain-
based trust evaluation systems that dynamically
updated node reputation scores based on
behavior. These systems improved adaptability
but introduced overhead in terms of storage and
computation. Hassan et al. (2021) further
explored anomaly detection in blockchain
networks, emphasizing the need for integrating
Al models to handle complex attack scenarios.
Overall, 2021 research marked the transition
toward intelligent,  hybrid  frameworks
combining blockchain security with advanced
deep learning models. However, challenges such
as computational complexity and integration
remained unresolved.

2022: Integration of Cross-Attention and
Advanced Al Models

The year 2022  witnessed  significant
advancements in integrating advanced Al
architectures, including cross-attention

mechanisms, graph neural networks (GNNs), and
hybrid deep learning models. Researchers began
focusing on improving detection accuracy while
maintaining efficiency in resource-constrained
environments.

Li et al. (2022) introduced cross-attention
mechanisms in anomaly detection systems,
enabling models to focus on relevant features
across multiple nodes. This was particularly
beneficial in WSNs, where correlations between

sensor nodes are critical for identifying
coordinated attacks. Cross-attention allowed
dynamic weighting of node importance,

significantly improving detection performance.
Lo et al. (2022) proposed GNN-based botnet
detection models that leveraged graph structures
to represent network relationships. These
models improved explainability and detection
accuracy by capturing node interactions and
communication patterns. Similarly, Khan et al.
(2022) developed hybrid deep learning
frameworks combining CNNs, LSTMs, and
attention mechanisms to enhance intrusion
detection capabilities.

Zhang et al. (2022) explored the integration of
blockchain with artificial intelligence for secure
data sharing in IoT and WSN environments. Their
work demonstrated that blockchain could ensure
data integrity while Al models handled anomaly
detection, creating a robust security framework.
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Additionally, trust management systems such as
Trust2Vec utilized network embeddings to detect
malicious  communities and large-scale
coordinated attacks, achieving up to 94%
mitigation rates.

Another important direction in 2022 was energy-
efficient detection. Gupta et al. (2022) focused on
lightweight intrusion detection systems
optimized for WSNs, addressing the limitations
of resource-constrained sensor nodes. These
models reduced computational overhead while
maintaining acceptable detection accuracy.
Overall, 2022 research emphasized the
importance of combining attention mechanisms,
graph-based learning, and blockchain
technology. The integration of cross-attention
marked a critical step toward improving model
interpretability and performance.

2023: Advanced Transformer Models and
Blockchain-Integrated Frameworks

In 2023, research reached a mature stage with
the development of highly accurate and scalable
malicious  node  detection frameworks.
Transformer-based models became dominant
due to their superior performance in capturing
complex patterns and long-range dependencies.
Ullah et al. (2023) introduced a transformer
neural network-based intrusion detection
system (TNN-IDS) for IoT networks. The model
leveraged parallel processing and attention
mechanisms to achieve detection accuracy of up
to 99.9%, outperforming traditional machine
learning and deep learning approaches. This
demonstrated the effectiveness of transformer
architectures in security applications.

Razaque et al. (2023) proposed a consortium
blockchain-enabled neural network model for
detecting malicious nodes. The system utilized a

Comparative Table

layered architecture combining blockchain for
secure data storage and neural networks for
anomaly detection. This approach improved
detection reliability while ensuring data integrity
and transparency .

Similarly, Qasim et al. (2023) developed a
machine learning-based malicious node
detection framework integrated with blockchain
and IPFS (InterPlanetary File System). The
system used a Histogram Gradient Boosting
classifier to detect anomalies in real time while
leveraging blockchain for secure node
registration and data storage. The results showed
high precision and reduced transaction costs,
demonstrating the practicality of hybrid
frameworks .

Xu et al. (2023) introduced blockchain-based
federated learning models for secure localization
and malicious node detection in [oT-based WSNs.
Their approach ensured privacy preservation
while enabling collaborative learning across
distributed nodes . This marked a significant
advancement in combining decentralized
learning with blockchain security.

Additionally, transformer-based and hybrid CNN-
transformer models were widely adopted for
multi-attack  detection, offering improved
scalability and robustness. Research also
explored lightweight transformer architectures
to address energy constraints in WSN
environments.

Overall, 2023 studies highlight the convergence
of transformer models, blockchain, and federated
learning as the most effective approach for
malicious node detection. However, challenges
such as computational overhead, energy
consumption, and real-time deployment still
persist.
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Comparative Analysis (CNNs) and autoencoders, improved anomaly

The comparative analysis of malicious node

detection techniques in Wireless Sensor
Networks (WSNs) demonstrates a clear
progression from conventional trust-based

security mechanisms to intelligent artificial
intelligence and blockchain-enabled frameworks.
Early approaches primarily relied on trust
management, rule-based authentication, and
blockchain-assisted validation to ensure secure
communication and node authentication. These
methods provided a reliable foundation for
preventing insider attacks and unauthorized
access but were limited in detecting
sophisticated or evolving attack patterns. The
introduction of deep learning models,
particularly Convolutional Neural Networks
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detection by automatically learning features from
network traffic. However,; their dependence on
local feature extraction restricted their ability to
recognize coordinated attacks spanning multiple
sensor nodes.

The emergence of  transformer-based
architectures represented a major breakthrough
in malicious node detection. Vision Transformers
(ViTs) and self-attention mechanisms enabled
models to capture long-range dependencies and
global relationships among sensor nodes,
significantly improving detection accuracy and
contextual understanding. Hybrid frameworks
integrating blockchain with artificial intelligence
further strengthened network security by
combining decentralized trust management with
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intelligent anomaly detection. Additional
advancements, including Generative Adversarial
Networks (GANs), Graph Neural Networks
(GNNs), and cross-attention mechanisms,
enhanced the capability to identify zero-day
attacks, model communication patterns, and
reduce false-positive rates. These integrated
approaches demonstrated superior robustness
compared with conventional machine learning
methods, although they introduced increased
computational complexity.

Recent research has focused on combining Cross-
Attention Vision Transformers with blockchain-
based distributed storage to achieve secure,
scalable, and intelligent WSN security. Cross-
attention mechanisms effectively analyze
relationships among multiple sensor nodes,
enabling accurate detection of collaborative
attacks, while blockchain ensures secure data
storage, decentralized authentication, and
tamper-resistant communication. Federated
learning has also emerged as a complementary
technology, allowing collaborative model training
across distributed sensor nodes without
exposing sensitive data, thereby improving
privacy, scalability, and communication efficiency
in large-scale wireless sensor networks.

Overall, the comparative analysis indicates that
hybrid frameworks integrating Cross-Attention
Vision Transformers and blockchain-based
distributed storage provide the best balance
between detection accuracy, security, scalability,
and robustness. Although these advanced
systems outperform traditional trust-based and
deep learning approaches, challenges related to
computational overhead, energy consumption,
latency, and deployment on resource-
constrained sensor nodes remain significant.
Future research should prioritize lightweight
transformer  architectures, energy-efficient
blockchain protocols, explainable artificial
intelligence, and edge computing integration to
enable practical, real-time malicious node
detection in next-generation wireless sensor
networks.

Discussion
The integration of cross-attention Vision
Transformers and blockchain technology

represent a transformative approach to securing
Wireless Sensor Networks. Transformer models
offer significant advantages over traditional
machine learning techniques due to their ability
to model long-range dependencies and process
complex data patterns. This capability is
particularly important in WSN environments,
where malicious behavior may not be
immediately evident and may require analysis of
multiple nodes and interactions.
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Blockchain technology complements these
capabilities by providing a secure and
decentralized framework for data storage and
communication. The immutability of blockchain
ensures that once data is recorded, it cannot be
altered, thereby preventing tampering and
enhancing trust among network nodes.
Additionally, blockchain-based authentication
mechanisms help verify node identities, reducing
the risk of impersonation attacks.

Despite these advantages, several challenges
must be addressed to enable practical
implementation. First, the computational
complexity of Vision Transformers may not be
suitable for resource-constrained sensor nodes.
Techniques such as model compression, edge
computing, and lightweight transformer
architectures can help mitigate this issue. Second,
blockchain systems require significant storage
and energy resources, which may impact
network performance. Optimizing consensus
mechanisms and  adopting lightweight
blockchain frameworks can reduce overhead.
Another challenge is the integration of these
technologies into existing WSN infrastructures.
Compatibility issues, scalability concerns, and
real-time processing requirements must be
carefully considered. Furthermore, the lack of
standardized datasets and evaluation metrics
makes it difficult to compare different
approaches objectively.

Future research should focus on developing
energy-efficient transformer models, scalable
blockchain architectures, and hybrid frameworks
that balance performance and resource
consumption. Additionally, the use of federated
learning and edge intelligence can further
enhance security and privacy in WSNs.

Conclusion

This comprehensive review has explored the
state-of-the-art techniques for malicious node
detection in Wireless Sensor Networks, with a
particular focus on cross-attention Vision
Transformers and blockchain-based distributed
data storage. The study highlights the growing
importance of integrating advanced Al models
with decentralized technologies to address the
complex security challenges faced by WSNs.

The analysis of literature from 2020 to 2023
demonstrates a clear trend toward the adoption
of deep learning and blockchain-based
approaches. Early methods focused on trust
management and cryptographic techniques,
which provided basic security but lacked
adaptability and scalability. The introduction of
Vision Transformers marked a significant
advancement, enabling more accurate and
efficlent anomaly detection through global
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feature modeling. Cross-attention mechanisms
further enhanced these capabilities by allowing
models to focus on relevant data across multiple
nodes.

Blockchain technology has played a crucial role in
improving data integrity, authentication, and
trust in WSNs. By providing a decentralized and
tamper-proof ledger, blockchain eliminates the
need for centralized control and reduces the risk
of single points of failure. The combination of
blockchain and AI has resulted in robust
frameworks capable of detecting malicious nodes
while ensuring secure data storage and
communication.

However, the adoption of these technologies is
not without challenges. High computational
requirements, energy consumption, and
scalability issues remain significant barriers to
deployment. Addressing these challenges
requires the development of lightweight models,
efficient consensus mechanisms, and optimized
system architectures.

In conclusion, the integration of cross-attention
Vision Transformers and blockchain technology
represents a promising direction for securing
WSNs.  Future research should focus on
enhancing efficiency, scalability, and real-time
performance to enable widespread adoption in
real-world applications. By leveraging the
strengths of both Al and blockchain, it is possible
to build secure, intelligent, and resilient wireless
sensor networks capable of meeting the demands
of modern applications.
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