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Abstract- Wireless Sensor Networks (WSNs) have
become integral to a wide range of applications,
including environmental monitoring, industrial
automation, and smart cities. However, their
distributed and resource-constrained nature makes
them particularly vulnerable to anomalies arising
from  hardware malfunctions, communication
failures, or security attacks. Accurate and timely
anomaly detection is crucial to maintain the
reliability, security, and performance of these
networks. In recent years, machine learning (ML)
techniques have emerged as powerful tools to
enhance anomaly detection capabilities in WSNs by
enabling systems to learn complex patterns of normal
behavior and identify deviations indicative of
anomalies. This report explores the application of
various machine learning models for anomaly
detection in WSNs. We provide a comprehensive
overview of supervised, unsupervised, and semi-
supervised learning approaches, highlighting their
suitability for different types of WSN data and
deployment scenarios. Techniques such as k-Nearest
Neighbors (k-NN), Support Vector Machines (SVM),
Decision Trees, Isolation Forests, Autoencoders, and
clustering algorithms like k-Means and DBSCAN
are examined for their performance in detecting both
point anomalies and contextual anomalies.

Index Terms— Wireless Sensor Networks (WSN),
Anomaly Detection, Machine Learning, Outlier
Detection, Intrusion Detection, Fault Detection,
Energy Efficiency. Supervised  Learning,
Unsupervised Learning, Classification, Clustering,
SVM, KNN, Random Forest, Neural Networks.
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L INTRODUCTION

Wireless  Sensor  Networks  (WSNs)  have
revolutionized data collection and environmental
monitoring across a wide spectrum of applications,
including industrial ~ automation,
healthcare, military surveillance, and smart city

infrastructure. Comprising spatially distributed sensor

agriculture,

nodes that collect, process, and transmit data to
centralized systems or other nodes, WSNs offer a
flexible and scalable solution for real-time monitoring.

One of the most critical concerns in WSNs is the
occurrence of anomalies, which may stem from
hardware faults, software errors, environmental noise,
communication failures, or attacks.
Traditional anomaly detection methods, often based
on rule-based systems or statistical techniques, may

malicious

fall short in detecting complex or previously unseen
patterns. As WSN deployments become increasingly
heterogeneous and dynamic, there is a growing need
for intelligent, adaptive, and scalable solutions.

Machine learning (ML) has emerged as a promising
approach to address the limitations of traditional
anomaly detection techniques. By leveraging models
such as Support Vector Machines (SVM), Decision
Trees, Random Forests, k-Nearest Neighbours(k-NN),
Autoencoders, and clustering algorithms, ML enables
the detection of both known and novel anomalies with
greater accuracy and flexibility

This report investigates the integration of machine
learning techniques for anomaly detection in WSNs.

The focus is on comparing supervised, unsupervised,

and semi-supervised learning methods and evaluating
their suitability for different WSN scenarios.
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IL. LITERATURE SURVEY

I. Wireless Sensor Networks (WSNs) have gained
importance in environmental monitoring, military,
healthcare, and industrial applications, but their
reliability is often threatened by anomalies such as
sensor faults, intrusions, or environmental
disturbances. Traditional anomaly detection
approaches relied on statistical models and rule-
based techniques, which, while simple, often failed
to adapt to the highly dynamic and noisy nature of
WSN data. Early studies emphasized centralized
anomaly detection at the base station, but this
increased communication overhead and energy
consumption, which are critical challenges in
resource-constrained WSNs. Later research
introduced lightweight distributed approaches to
minimize energy use by processing data at cluster
heads or individual nodes. Several survey papers
have highlighted that these classical techniques,
though efficient in small-scale deployments, lack
robustness against complex or evolving anomaly
patterns. This pushed the research community
toward Machine Learning (ML) methods, which
are capable of capturing nonlinear relationships in
sensor data and adapting to changing
environments.

II. Literature also points to the scarcity of high-quality
labeled datasets, making supervised anomaly
detection difficult, and motivating the adoption of
unsupervised or semi-supervised methods. These
insights collectively underline the importance of
designing anomaly detection methods that are both
intelligent and resource-aware, tailored to the
unique constraints of WSNs.

III. C Evaluation of anomaly detection methods in
WSNs generally focuses on accuracy, precision,
recall, false positive rates, detection latency, and
energy efficiency. Many studies stress that
minimizing false positives is crucial, since false
alarms can trigger unnecessary communication
and drain limited battery resources. Researchers
also point out that challenges such as imbalanced
datasets, dynamic environmental conditions, and
concept drift remain unresolved in many proposed
models. To address these, new approaches such as
self-supervised learning, federated learning, and
topology-aware ML models have been suggested.
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Key Insights from Literature:

Machine learning techniques, especially unsupervised
and deep learning models, improve anomaly detection
accuracy while handling limited labeled data. The
main challenges remain energy efficiency, scalability,
false positives, and lack of standardized datasets,
pushing research toward hybrid and resource-aware
solutions.

III. METHODOLOGY

A. Data Collection and Processing
Sensor data is gathered from WSN nodes, which may
include temperature, pressure, or environmental
readings. The raw data is often noisy or incomplete, so
preprocessing steps like cleaning, normalization, and
handling missing values are applied.

B. Statistical Analysis

Basic statistical techniques such as mean, variance,
and threshold-based detection are used to identify
unusual patterns in sensor data. Although simple, this
method provides a baseline for comparison with
advanced ML approaches. It is computationally
lightweight and suitable for resource-limited nodes but
less effective in complex anomaly scenarios.

C. Supervised Machine Learning

Algorithms like Decision Trees, Random Forests,
KNN, and SVM are trained on labeled datasets where
normal and abnormal data are clearly defined. These
models learn decision boundaries to classify new
sensor readings as normal or anomalous. The
limitation is the need for large labeled datasets, which
are often scarce in WSNss.

D. Unsupervised Learning

Techniques such as clustering (K-means, DBSCAN)
and one-class classifiers are used to detect anomalies
without labeled data. These methods group similar
data points and flag outliers that deviate from cluster
patterns. Unsupervised approaches are well-suited for
WSNs where anomalies are rare and labels are
unavailable.

E. Deep Learning with Autoencoders
Autoencoders are trained to reconstruct normal sensor
data; when reconstruction error is high, it signals an
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anomaly. This method is powerful for capturing
complex, nonlinear patterns in WSN data. Variants
like stacked or distributed autoencoders are used for
scalability and energy efficiency.

F. Ensemble Learning

Combining multiple algorithms (e.g., Random Forests
or hybrid clustering-classification systems) improves
robustness and accuracy. Ensemble methods reduce
the risk of relying on a single weak model by
aggregating predictions. They are effective in
heterogeneous WSN environments with varying data
behaviors.

G. Edge and Cloud-based Hybrid Detection

In this method, lightweight anomaly detection is done
locally at sensor nodes or cluster heads, while heavy
model training occurs in the cloud. This reduces
communication costs and balances computational
loads. It ensures real-time detection while allowing
periodic model updates from centralized servers.

H. Evaluation and Performance Metrics

The methodologies are validated using metrics such as
accuracy, precision, recall, false positive rate, latency,
and energy consumption. This ensures the chosen
model is practical for real-world WSN deployments.

IV. EXISTING SYSTEM

Existing systems use different ML approaches to
capture normal sensor behavior and flag deviations.

Supervised learning methods like Support Vector
Machines (SVMs), Decision Trees, and Random
Forests classify normal and abnormal data effectively
when labeled datasets are available. However, since
anomalies are rare, labeled data is often limited. To
overcome this, unsupervised approaches such as K-
means or DBSCAN clustering are used, where outliers
or data in sparse regions are marked as anomalies.
Another popular category is semi-supervised learning,
where models are trained only on normal data.
Autoencoders, for example, reconstruct typical sensor
readings, and high reconstruction errors indicate
anomalies. With the rise of deep learning, LSTM
networks are applied for time-series data and CNNs
for spatial patterns, though these require more
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resources and are often offloaded to cluster heads or
cloud servers.

Finally, hybrid and ensemble methods combine
multiple techniques to improve detection accuracy and
resilience. While ML-based systems show high
adaptability and performance, challenges remain in
energy efficiency, computational cost, and scarcity of
labeled datasets.

V. PROPOSED SYSTEM

The proposed system for applying machine learning
(ML) in anomaly detection for Wireless Sensor
Networks (WSNs) focuses on balancing accuracy with
energy efficiency.

At the cluster head or sink node, a semi-supervised ML
model, such as an autoencoder or lightweight LSTM,
is used to learn normal sensor behavior. Any deviation
with high reconstruction error or unusual temporal
pattern is flagged as an anomaly. This approach is
suitable because labeled anomaly data is limited, while
normal readings are abundant in WSNs. For spatial
data patterns, CNNs can also be integrated, allowing
the system to detect anomalies across multiple sensors
simultaneously. To further strengthen detection, the
system can incorporate a trust mechanism, where
sensor nodes evaluate the reliability of their neighbors.
Nodes producing consistently abnormal data are
isolated, helping to detect both faulty and malicious
nodes.

CONCLUSION

In conclusion, applying machine learning (ML)
techniques for anomaly detection in Wireless Sensor
Networks (WSNs) has proven to be a powerful
advancement over traditional statistical or threshold-
based methods. ML-based systems can effectively
learn patterns of normal sensor behavior, adapt to
changing environments, and detect both random faults
and malicious activities with greater accuracy.

Approaches such as supervised models, unsupervised
clustering, semi-supervised learning with
autoencoders, and deep learning methods like LSTMs
and CNNs have all shown promising results in
handling complex temporal and spatial sensor data.
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However, challenges remain in terms of energy
efficiency, computational cost, and limited availability
of labeled datasets, which are critical constraints in
WSNE.

To address these issues, lightweight models,
distributed processing, and hybrid approaches that
combine local detection with advanced analysis at
cluster heads or cloud servers are being proposed.
Overall, machine learning offers a scalable and
intelligent pathway for anomaly detection, ensuring
that WSNs remain reliable, secure, and effective in
diverse real-world applications.

Techniques such as supervised models, clustering-
based approaches, autoencoders, and deep learning
frameworks like LSTMs and CNNs enable the
detection of both random faults and malicious
activities in sensor data. While these methods improve
reliability and security, challenges remain in terms of
limited resources, high computational cost, and the
scarcity of labeled data. To address this, lightweight
models, distributed detection, and hybrid approaches
are being developed.

Overall, machine learning stands out as a promising
pathway to enhance the efficiency, security, and
robustness of WSNs in real-world applications.

REFERENCES

[1] Chandola, V., Banerjee, A., & Kumar, V. (2009).
Anomaly detection: A survey. ACM Computing
Surveys, 41(3), 1-58. — A foundational work
covering statistical, machine learning, and hybrid
techniques, including their application in
Wireless Sensor Networks.

[2] Rajasegarar, S., Leckie, C., & Palaniswami, M.
(2008). Anomaly detection in wireless sensor
networks. IEEE Wireless Communications,
15(4), 34-40. — Focuses on clustering and
distributed ML-based methods tailored for WSN
anomaly detection.

[3] Ding, M., Tian, Y., & Liu, X. (2013). Fault-
tolerant anomaly detection in wireless sensor
networks using SVM. International Journal of
Distributed Sensor Networks, 9(5), 1-10. —
Explores Support Vector Machines for
classifying abnormal sensor readings.

IRE 1710586

[4] Malhotra, P., et al. (2015). Long Short-Term
Memory networks for anomaly detection in time
series. ESANN. — Demonstrates LSTM networks
for detecting anomalies in sequential sensor data.

[5] Rassam, M. A., Zainal, A., & Maarof, M. A.
(2013). Advancements of data anomaly detection
research in Wireless Sensor Networks: A survey
and open issues. Sensors, 13(8), 10087-10122. —
Reviews ML-based, hybrid, and trust-enhanced
methods.

[6] Xie, M., Hu, J., & Chen, S. (2011). Scalable
anomaly detection in wireless sensor networks.
IEEE Communications Letters, 15(6), 638—640.
— Proposes scalable ML methods for resource-
constrained WSNs.

[7] Krishnamachari, B., Estrin, D., & Wicker, S.
(2002). The impact of data aggregation in
wireless sensor networks. IEEE ICDCSW. —
Highlights data reduction strategies useful before
ML-based anomaly detection.

[8] Kumar K., Pradeepa M., Mahdal M., Verma S.,
RajaRao

[9] Ahmed, M., Mahmood, A.N., and Hu, J. (2016).
A survey of neetwork anamoly detection
techniques. Journal of Network and computer
applications, 60,19-13. -Discusses ML-based
anomaly detection with relevance to WSNss.

[10] Ahmed, M., Mahmood, A. N., & Hu, J. (2016).
A survey of mnetwork anomaly detection
techniques. Journal of Network and Computer
Applications, 60, 19-31. — Discusses ML-based
anomaly detection with relevance to WSNss.

[11] Janakiram, D., Reddy, V., & Kumar, A. (2006).
Outlier detection in wireless sensor networks
using Bayesian belief networks. IEEE PerCom
Workshops. — Early application of probabilistic
ML models in WSN anomaly detection.

[12] Zhang, Y., Meratnia, N., & Havinga, P. (2010).
Outlier detection techniques for wireless sensor
networks: A survey. 1IEEE Communications
Surveys & Tutorials, 12(2), 159-170. — Focuses
on ML and statistical methods for outlier
detection.

[13] Al-Karaki, J. N., & Kamal, A. E. (2004). Routing
techniques in wireless sensor networks: A
survey. IEEE Wireless Communications, 11(6),
6—28. — Discusses routing anomalies and the role
of ML-based detection.

ICONIC RESEARCH AND ENGINEERING JOURNALS 655



