
SGS Initiative, VOL. 1 NO .8 (2026): LGPR 

Challenges in Adaptive and Explainable Anomaly Detection for Wireless Sensor 
Networks 

Akhilesh A. Waoo1*, Anurag Shrivastava2 
1* Lincoln University College, Malaysia;  
1* AKS University, SATNA, MP, India 
2 Lincoln University College, Malaysia 
2 Saveetha School of Engineering, Chennai, Tamilnadu, India 
1*pdf.akhileshwaoo@lincoln.edu.my, 1* akhileshwaoo@gmail.com, 2 anuragshri76@gmail.com 

 
 
Abstract: Wireless Sensor Networks (WSNs) serve as the backbone of modern intelligent ecosystems, finding 
utility in diverse sectors ranging from clinical healthcare to industrial automation and define surveillance. 
However, their decentralized structure and reliance on open communication channels render them 
susceptible to sophisticated cyber threats, hardware malfunctions, and data corruption. While traditional 
statistical models often struggle with the dynamic nature of these threats, modern deep learning 
architectures—such as Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) 
networks—have bolstered detection capabilities. Despite these gains, significant hurdles remain regarding 
high false-alarm rates, poor adaptability to non-stationary data, and the "black-box" nature of AI decisions. 
This paper explores the integration of Adaptive Learning and Explainable AI (XAI) as essential strategies to 
develop transparent, resilient, and energy-efficient security frameworks for next-generation WSNs.  
Keywords: Anomaly Detection; Adaptive Learning; Explainable AI; Hybrid Deep Learning; Intrusion 
Detection; Wireless Sensor Networks; WSN Security. 
 
1. Introduction 
The proliferation of the Internet of Things (IoT) has elevated Wireless Sensor Networks to a position of critical 
importance. These networks facilitate the continuous monitoring of physical environments, yet they operate 
under severe constraints.  
 
The Ecosystem of WSNs 
A WSN is a collection of spatially distributed autonomous sensors that monitor environmental variables like 
temperature, pressure, or motion. These nodes function collaboratively, relaying data through a gateway to 
a centralized sink node for high-level analysis. Their low-cost deployment and scalability make them ideal for 
smart cities and precision agriculture [1]. Table 1 illustrates the rapid growth of IoT and WSN technologies, 
accompanied by increasing security concerns. IoT devices are expected to exceed 29 billion by 2030, while 
cyberattacks are increasing at a rate of 35% annually. WSNs are widely used in healthcare, smart cities, and 
agriculture, with attack detection delays ranging from 5 to 20 seconds. 
 
Table 1: Statistics and Recent Trends [23-26] 

Parameter Value 

Connected IoT Devices by 2030 29+ Billion 

Cyberattacks on IoT Networks Increasing 35% annually 

WSN Usage Domains Healthcare, Smart Cities, Agriculture 

Average WSN Attack Detection Delay 5–20 seconds 

 
The Security Vulnerability Paradox 
The very features that make WSNs attractive—low power and wireless connectivity—create a "security 
paradox." Because sensor nodes have limited battery and memory, they cannot host resource-heavy 
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encryption. This leaves them open to eavesdropping and physical tampering, threatening the integrity of the 
entire infrastructure[2]. 
 
The Role of Anomaly Detection 
Anomaly detection acts as the network's immune system. It identifies deviations caused by malicious actors 
or hardware fatigue. Static, rule-based systems are no longer sufficient to counter polymorphic attacks, 
necessitating a shift toward intelligent, pattern-recognizing systems [19].  
 
The Evolution toward Adaptive and Explainable AI 
Traditional anomaly detection techniques in Wireless Sensor Networks are unable to effectively handle 
dynamic sensor behaviour and evolving cyber threats. Modern deep learning models such as CNNs, LSTMs, 
and Auto encoders improve detection accuracy by learning complex temporal patterns, but they often 
operate as black-box systems with limited interpretability. To overcome these limitations, Adaptive Learning 
and Explainable AI (XAI) techniques are being integrated to provide real-time adaptability, transparent 
decision-making, reduced false alarms, and improved trust in intelligent WSN [11][20]. 
 
2. Related Work and Literature Review 
Recent advances in intelligent cybersecurity research have introduced several emerging AI paradigms for 
improving anomaly detection performance in Wireless Sensor Networks. Transformer-based intrusion 
detection systems have gained significant attention because of their capability to capture long-range 
temporal dependencies and complex sequential traffic behavior using self-attention mechanisms. Compared 
with conventional recurrent architectures, transformer models provide improved scalability and contextual 
learning for high-dimensional IoT traffic analysis. However, their high computational complexity and memory 
consumption remain challenging for resource-constrained WSN environments [21], [22]. Table 2 shows the 
classification of anomaly detection techniques for wireless sensor network security in 10 reference papers. 
 
Table 2: Classification of Anomaly Detection Techniques for Wireless Sensor Network Security 

Ref. Technique 
Category 

Core Mechanism Primary Advantage Main Drawback 

[1] Traditional 
Statistical Models 

Threshold-based 
anomaly detection 

Low computational 
overhead 

Poor adaptability in 
dynamic WSN 
environments 

[2] Rule-Based IDS Signature and rule 
matching 

Fast detection of known 
attacks 

Cannot detect zero-day 
attacks 

[3] Machine Learning Support Vector 
Machine (SVM) 

Effective for small 
datasets 

Limited temporal learning 
capability 

[4] Machine Learning Random Forest 
Classifier 

High classification 
accuracy 

Large feature dependency 

[5] Deep Learning Convolutional 
Neural Network 
(CNN) 

Automatic feature 
extraction 

Black-box behaviour and 
high energy consumption 

[6] Deep Learning Long Short-Term 
Memory (LSTM) 

Temporal sequence 
learning 

High computational 
complexity 

[7] Deep Learning Autoencoder 
Networks 

Effective anomaly 
reconstruction 

High false positive rate 

[8] Hybrid Deep 
Learning 

CNN-LSTM Hybrid 
Framework 

Captures spatial and 
temporal patterns 

Increased model 
complexity 
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[9] Hybrid Explainable 
AI 

AE-LSTM-IF + SHAP Explainable and 
adaptive anomaly 
detection 

Requires optimization 
tuning 

[10] Federated 
Learning-Based 
IDS 

Distributed 
collaborative 
learning 

Privacy preservation 
and scalability 

Communication overhead 
and synchronization issues 

Figure 1 presents the taxonomy of AI-based anomaly detection techniques used in Wireless Sensor 
Networks. The classification includes traditional statistical and rule-based approaches, machine learning 
methods such as SVM, Random Forest, and KNN, deep learning models including CNN, LSTM, and 
Autoencoders, hybrid AI frameworks such as CNN-LSTM and AE-LSTM-IF, and Explainable AI techniques 
including SHAP and LIME. The taxonomy highlights the evolution of intelligent intrusion detection systems 
from conventional approaches toward adaptive and explainable AI-based security frameworks for modern 
WSN environments. 
 

 
Figure 1: Taxonomy of AI-Based WSN Anomaly Detection Techniques 
 
Federated Learning has emerged as an effective privacy-preserving approach for distributed anomaly 
detection in IoT and WSN systems. Instead of transmitting raw sensor data to centralized servers, federated 
learning enables local model training at sensor nodes while sharing only model parameters, thereby 
improving data privacy and reducing communication risks. Recent studies demonstrate that federated IDS 
frameworks improve collaborative cyber defense and scalability; however, synchronization overhead, non-
IID data distribution, and communication latency continue to affect real-time performance in large-scale 
WSN deployments [12], [18]. 
 
TinyML-based security frameworks are also becoming increasingly important for lightweight anomaly 
detection in edge-enabled sensor networks. TinyML integrates ultra-lightweight machine learning models 
into low-power embedded devices, enabling real-time intrusion detection with minimal computational 
overhead and reduced energy consumption. Similarly, Edge AI architectures shift anomaly detection 
intelligence from centralized cloud infrastructures toward local gateways and edge devices, thereby reducing 
latency, bandwidth usage, and response time for security alerts [17]. Additionally, Graph Neural Networks 
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(GNNs) have recently demonstrated promising performance for topology-aware intrusion detection by 
modeling spatial relationships and communication dependencies among interconnected sensor nodes. 
These emerging technologies collectively represent the next generation of adaptive, scalable, explainable, 
and energy-efficient security solutions for modern Wireless Sensor Networks. 
 
Figure 2 presents the research gaps in existing WSN Intrusion Detection System (IDS) frameworks. Traditional 
IDS approaches suffer from poor adaptability to dynamic network environments and often rely on black-box 
AI models that lack transparency. These limitations result in high false positive rates, reducing detection 
accuracy and reliability. Therefore, there is a strong need for an explainable and adaptive IDS framework 
that can improve security performance while providing clear and interpretable decision-making. 
 

 
Figure 2: Research Gap Analysis in Existing WSN IDS Frameworks 
 
3. Hypothesis 

• H1 (Adaptability): Adaptive thresholding (Tadaptive) significantly reduces false alarm rates compared 
to static thresholds in dynamic WSN environments. 

• H2 (Accuracy): The hybrid AE-LSTM-IF framework achieves higher detection accuracy and F1-score 
than standalone models. 

• H3 (Latency): SHAP-based explainability provides real-time feature transparency within the critical 
detection limit. 

• H4 (Efficiency): The proposed architecture consumes fewer computational resources than 
Transformer-based systems, making it suitable for edge nodes 

 
4. Conclusion 
This paper presented a comprehensive review of anomaly detection techniques in Wireless Sensor Networks 
(WSNs) and discussed the major limitations of traditional machine learning and deep learning approaches in 
dynamic IoT environments. Existing methods often suffer from high false positive rates, limited adaptability, 
lack of explainability, and increased computational complexity, making them less suitable for resource-
constrained WSN systems. The study highlighted the importance of integrating adaptive learning and 
Explainable Artificial Intelligence (XAI) techniques to improve transparency, trustworthiness, and real-time 
decision-making in intelligent WSN security frameworks.  
The paper also introduced the conceptual AE-LSTM-IF framework, which combines LSTM Autoencoder, 
Isolation Forest, adaptive thresholding, and SHAP-based explainability to provide an adaptive and 
interpretable anomaly detection approach for modern WSN environments. The proposed framework 
conceptually addresses key research challenges related to temporal learning, false alarm reduction, and 
explainable intrusion detection while maintaining suitability for lightweight and energy-efficient 
deployment.  
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Furthermore, the study explored emerging research directions, including Federated Learning, Edge 
Intelligence, TinyML, and Explainable AI for next-generation WSN security systems. These technologies have 
the potential to enhance privacy preservation, scalability, real-time processing, and intelligent decision-
making in future Wireless Sensor Network applications across healthcare, smart cities, industrial automation, 
and precision agriculture domains. 
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