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Abstract: Wireless Sensors Networks have been the focus of significant attention from research and
development due to their applications of collecting data from various fields such as smart cities,
power grids, transportation systems, medical sectors, military, and rural areas. Accurate and reliable
measurements for insightful data analysis and decision-making are the ultimate goals of sensor
networks for critical domains. However, the raw data collected by WSNs usually are not reliable
and inaccurate due to the imperfect nature of WSNs. Identifying misbehaviours or anomalies in
the network is important for providing reliable and secure functioning of the network. However,
due to resource constraints, a lightweight detection scheme is a major design challenge in sensor
networks. This paper aims at designing and developing a lightweight anomaly detection scheme
to improve efficiency in terms of reducing the computational complexity and communication and
improving memory utilization overhead while maintaining high accuracy. To achieve this aim, one-
class learning and dimension reduction concepts were used in the design. The One-Class Support
Vector Machine (OCSVM) with hyper-ellipsoid variance was used for anomaly detection due to
its advantage in classifying unlabelled and multivariate data. Various One-Class Support Vector
Machine formulations have been investigated and Centred-Ellipsoid has been adopted in this study
due to its effectiveness. Centred-Ellipsoid is the most effective kernel among studies formulations.
To decrease the computational complexity and improve memory utilization, the dimensions of the
data were reduced using the Candid Covariance-Free Incremental Principal Component Analysis
(CCIPCA) algorithm. Extensive experiments were conducted to evaluate the proposed lightweight
anomaly detection scheme. Results in terms of detection accuracy, memory utilization, computational
complexity, and communication overhead show that the proposed scheme is effective and efficient
compared few existing schemes evaluated. The proposed anomaly detection scheme achieved the
accuracy higher than 98%, with O(nd) memory utilization and no communication overhead.

Keywords: anomaly detection; one-class support vector machine; principal component analysis;
wireless sensors networks; sensor data analysis

1. Introduction

With the advancement of digital technology from the past few decades, every digital
equipment and appliance is expected to be embedded with tiny yet powerful device called
sensor nodes. Furthermore, the wireless communication between physical items and
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sensors to exchange information for smart living in the future has been coined as the
Internet of Things (IoT). In the world of modern wireless telecommunications, IoT is a
revolutionary paradigm that is rapidly growing [1]. When these sensor nodes communicate
together to collect a large amount of data from the targeted area via the wireless channel,
they are called Wireless Sensor Networks (WSNs). Businesses, industries, and the military
have utilized WSN to track an object or monitor a phenomenon. Besides, many types of
research areas have emerged from the WSNs domain such as from routing protocol, security,
and privacy to data mining and many others. Nevertheless, currently, researchers are
concerned with improving the performance of the WSNs technologies [2]. In WSN, sensor
nodes are equipped with sensing, processing, radio, and power unit, yet they have limited
resources in terms of energy, computation, and storage [3]. Frequently, a large number
of the sensor nodes are deployed widely in the target environment and continuously
communicate the phenomenon measurement like ambient temperature, relative humidity,
soil moisture, and wind speed to the base station. Therefore, in most situations, sensor data
need to collect accurate and reliable measurements for data analysis and decision-making
especially in a critical domain such as in meteorology stations, military applications as well
as security monitoring. Unfortunately, the raw data collected from WSN communications
usually are not reliable and inaccurate due to the imperfect nature of WSNs [2]. The
reason is that the sensor nodes are deployed in a harsh and unattended environment,
and vulnerable to malicious attacks. Therefore, data collected from these sensor nodes
are often generates missing data, duplicated or error records. To ensure the collected
data is reliable and accurate for data analysis and decision-making, one of the solutions
is to detect erroneous data, malicious attacks, or changes in the environment namely
anomaly or outlier detection (These terms will be used inter changeably throughout this
paper). Anomaly detection is one of the potential approaches that can be considered as a
solution. Furthermore, it is defined by [4] as the process of identifying data patterns that
vary from anticipated behaviour. When it comes to WSNs, anomaly detection has been
widely employed across a wide range of industries such as the military and environmental
sectors [5]. This is due to the characteristic of low-cost, small in size, and multi-functional
sensor nodes; it helps to achieve the need for fast and cheap data collection.

Identifying misbehaviour or anomalies in the network is important in providing liable
and secure functioning of the network [6]. In comparison to networks like MANET and
BAN, sensor network has resource constraint and has been a major designing challenge in
lightweight detection scheme. Although many techniques have been proposed to design
and develop a lightweight anomaly detection model for WSNs, effective and efficient
solutions are still a major research challenge. The common design issue in the existing
solution lay in the online updating of the detection model and the use of communication
overhead among sensors nodes.

This paper focuses on designing a lightweight anomaly detection scheme to provide
reliable data collection while consuming less energy using one-class learning schemes
and dimension reduction concepts. This paper aims to design and develop a lightweight
anomaly detection by accurately detecting anomalous data while utilizing energy efficiently.
One-class support vector machine (OCSVM) is used as an anomaly detection algorithm
due to its advantage in classifying unlabelled data while the hyper-ellipsoid variance
can detect multivariate data. Various OCSVM formulations have been proposed such
as a hyper-plane, hyper-sphere, Quarter-sphere, Hyper-Ellipsoid, and Centred-Ellipsoid
(CESVM). On the other hand, to decrease the computational complexity, CCIPCA is utilized
to reduce data dimensions.

An accurate sensor measurement is needed to make an important decision at the end-
point such as the base station. However, the raw data collected from sensors may be inac-
curate due to many reasons. For instance, hardware failures, changes in the environment
as well as malicious attacks that may produce anomalies or outliers in data. These data
anomalies or outliers can be detected by designing and developing an anomaly detection
model. Unfortunately, large data distribution in WSN makes communication overhead and
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needs more computational complexity as well as increases memory usage thus reducing
the efficiency of the anomaly detection model [7,8]. Furthermore, the enormous volume
of data acquired from sensor nodes contains irrelevant and redundant features [9,10],
resulting in increased resource usage and a decrease in detection effectiveness Moreover,
multivariate data is also needed to be considered when designing an anomaly detection
scheme as multivariate data are always sensed in the target phenomenon [11,12] which also
contributed to the energy exhausted. Due to these factors, therefore, lightweight anomaly
detection which incorporated dimensionality reduction is crucial as proposed in [13,14].

Many anomaly detection solutions such as in [4,15–18] specifically in WSNs, use a
one-class classifier, such as the One-class Support Vector Machine (OCSVM), to construct
the normal reference model. The limitation of these solutions is the classification over high-
dimensional data which increases the computational complexity and the communication
overhead. Meanwhile, the unsupervised Principal Component Analysis (UNPCA) based
solutions such as in [7,19] are more lightweight and efficient due to the dimension’s
reduction used before the classification. However, the effectiveness in terms of the detection
accuracy of such solutions needs to be improved. Therefore, a lightweight and effective
anomaly detection that incorporated dimensionality reduction with an effective classifier is
needed. To this end, in this study, a lightweight and effective anomaly detection scheme is
proposed. The contribution of this study can be summarized as follows:

1. An effective and efficient anomaly detection scheme is designed and developed
by combining the unsupervised One-Class Support Vector Machine (OCSVM) with
the Candid Covariance-Free Incremental Principal Component Analysis (CCIPCA)
to decrease the computational complexity and improve memory utilization while
increasing the detection accuracy.

2. Various OCSVM formulations have been investigated such as a hyper-plane, hyper-
sphere, Quarter-sphere, Hyper-Ellipsoid, and Centred-Ellipsoid (CESVM) to improve
the detection accuracy for multivariate data.

3. The Candid Covariance-Free Incremental Principal Component Analysis (CCIPCA)
has been incorporated in the design to reduce the data dimension and thus decrease
the computational complexity and improve memory utilization.

4. Extensive experiments have been conducted to evaluate and validate the effectiveness
and efficiency of the proposed scheme.

The rest of this paper is organized as follows. Section 2 presents the related work.
Section 3 describes the proposed CESVM-DR Scheme in detail while Section 4 explains the
experimental design and setup. Results and Discussion are presented in Section 5 and this
paper is concluded in Section 6.

2. Related Work

The quality of data sensed by sensor nodes is a crucial issue in WSNs. Erroneous
and malicious data can affect data quality [20]. Some of these anomalous data may come
from faulty nodes. These erroneous or malicious data are usually known as anomalies or
outliers. Outliers in data collected by WSNs can be caused by a various factors, including
noise and error, real events, and malicious activities [21]. Therefore, anomaly detection
is implemented in WSN to provide more accurate data collection for further analysis at
the base station. Nevertheless, accurate and reliable data are needed for critical decision-
making such as disaster, or fraud detection. Furthermore, assuring the security of wireless
sensor networks and preventing malicious attacks requires the ability to identify anomalous
behaviour [22].

The anomaly detection techniques learn normal behaviour and construct a model for
normal events in the network [23]. The anomaly detection techniques are either based
on the type of background information about the data presented [24,25] or by the type
of model they learn. The first approach categorizes anomaly detection into supervised,
unsupervised, and semi-supervised. The classifier is trained using labelled data in a
supervised mechanism to identify anomalous data. Meanwhile, the unsupervised mech-
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anism, identifies anomalous data without any prior understanding of the data. Lastly,
to define a normality boundary, a semi-supervised learning technique uses training on
pre-labelled normal results. The second approach categorizes the taxonomy of anomaly
detection into classification-based, nearest-neighbour-based, clustering-based, statistical-
based, information-theoretic, and spectral-based anomaly detection techniques in [4]. The
same taxonomy of anomaly detection techniques is found in the latest survey by [23,26].

The design of anomaly detection model has been addressed using several techniques.
used to construct the anomaly detection model. Among these techniques, the one-class
classifier is preferred in the WSNs due unsupervised approach [15,27–30] can be utilized
in the absence of a ground truth labelled dataset. One-class classifiers have evolved as a
method for scenarios in which only one of two classes in a two-class issue has labelled
data [31]. The fundamental concept of OCSVM is to use the feature space’s origin as a
representation of the abnormal data and then isolate the target sample from the origin by
the maximum possible margin [32]. Moreover, anomalous data may often be insufficient
due to difficult acquisition or costly manual labelling, thus one-class learning is usually
favoured. One-class classifiers are categorized under unsupervised learning by having
all the data objects with the same label in the target class. A few anomaly detection
solutions, specifically in WSNs, use a one-class classifier to construct the normal reference
model, such as the One-class Support Vector Machine (OCSVM) [4,15–18]. The limitation
of these solutions is the classification over high-dimensional data which increases the
computational complexity while increasing the communication overhead. While anomaly
detection solutions such as in [7,19] use the unsupervised Principal Component Analysis
(UNPCA) to construct the reference model which is more lightweight and efficient due
to the dimension reduction approach used in the UNPCA. However, the effectiveness in
terms of the detection accuracy of such solutions needs to be improved.

Feature space mapping is the core feature of one-class SVM-based outlier detection
approaches. Data vectors obtained in the original space are mapped into feature space
in a higher dimensional space. In the resulting feature space, a normal data decision
boundary is determined that contains most of the data vectors. An outlier is a data vector
that is beyond the boundary [33]. Several types of OCSVMs were formulated which
can be distinguished by their shapes and formulations namely Hyper-plane [34], Hyper-
sphere [35], Quarter-sphere (QS-SVM) [36], Hyper-ellipsoidal (TOCC) [37] and centred
ellipsoidal (CESVM) [15]. A study by [38] indicates that the generalization capability and
classification performance of OCSVM formulations can be ranked in decreasing order
as follows:

Hyperellipsoid ≈ Centred Ellipsoid > Hypersphere ≈ Quarter-Sphere > Hyperplane

On the other hand, data transmission is the main cause for energy depletion com-
pared to the data sensing and processing by the sensor nodes. Commonly, there are two
ways the sensing data impacts the energy consumption includes the unneeded data sample
and power consumption of the sensing subsystem. For its ability to cope with enormous
amounts of data, dimensionality reduction has been highlighted as an effective 203 method
to overcome the “curse of dimensionality” [39]. Therefore, dimensional reduction is
performed to reduce the amount of data sensing data while maintaining sufficient data 205
quality or accuracy after data is transferred to the base station. Moreover, the dimension
reduction as the energy-efficient mechanism is one approach to obtain a reduction in the
number of data to be sent to the sink [40]. The dimensional reduction schemes based on
PCA and its variants, DWT, and ANN algorithm for instance have been used to encode
high dimensional data to low dimensional data.

Dimensional reduction techniques have been discussed in [39–43]. Due to compu-
tational and energy restrictions in sensor nodes, developing a dimensionality reduction
model for WSNs that is suitable to this constraint domain is necessary. Besides, many
studies have been developed in univariate settings while few multivariate dimensional
reduction models have been introduced. PCA-based dimensional reduction in a univariate



Sensors 2021, 21, 8017 5 of 23

data is proposed in [44,45] where PC computing is distributed to sensor nodes. In [44],
the network architecture is based on clustered structure and data is collected from the
first network layer, while the rest of the layers will perform dimension reduction using
CA-based dimension reduction algorithm. Meanwhile, Ref. [45] is based on aggregation
tree structure in two-hops communication between sensor node, an intermediate node, and
base station. Ref. [19] used kernel PCA (KPCA) to classify outliers data in WSNs as well as
to reduce data dimension. Since PCA is one of the encoding algorithms, in this research,
KPCA is used in pre-processing step to extract significant features using Mahalanobis
kernel thus reducing the data size before the distance-based anomaly detection is applied.
The real-world environment consists of multivariate data, thus designing the multivariate
dimension reduction is essential to address the power and memory constraint of the WSNs.
Few multivariate data reduction models have been proposed in [46–50]. PCA is a popular
multivariate data analysis method used to reduce the dimensionality of a set of correlated
data observations into a set of uncorrelated variables known as principal components
(PCs) [8,51].

The primary purpose of this study is to design more energy-efficient communication
in WSNs and reduce the computational complexity. Besides the encoded data accuracy
must be maintained after the data is decoded on the recipient’s side. Therefore, choosing
the lightweight dimension reduction algorithm can contribute to energy-efficient commu-
nication, low computational complexity, and may also improve data accuracy. Candid
Covariance-Free Incremental Principal Component Analysis (CCIPCA) data dimension
schemes based on PCA have been proposed by [7] for the WSNs domain. The CCIPCA
algorithm was introduced by [52] to tackle the issue of high-dimensional image vectors.
This paper addresses energy-efficient WSN by proposing the CCIPCA reduction technique.
Meanwhile, designing one-class support vector machine-based anomaly detection can ad-
dress the issues of unlabelled data due to the absence of ground truth labelled dataset and
a costly manual labelling. Furthermore, using centred ellipsoidal (CESVM) as a one-class
classifier results in a considerable reduction in complexity owing to the linear optimization
problem, which is considerably less expensive [38]. Therefore, the proposed lightweight
anomaly detection scheme in this study combines the CCIPCA with the unsupervised
OCSVM based CESVM kernel to decrease the computational complexity, improve memory
utilization, and increase detection accuracy.

3. The Proposed CESVM-DR Scheme

In this section, the proposed CESVM-DR scheme is described in detail. The pro-
posed CESVM-DR is a lightweight anomaly detection scheme. CESVM-DR incorporates
the dimension reduction method into the one-class anomaly detection to minimize the
communication overhead, computational complexity as well as memory utilization. By
implementing dimension reduction in the scheme, less energy will be consumed in the
sensor nodes due to its’ reduced data size. On the other hand, the proposed anomaly
detection scheme is developed to detect anomalies based on the one class learning scheme
namely One-Class Support Vector Machine (OCSVM) technique. One-class classifiers are
unsupervised techniques because they only require input data samples without their la-
belling into normal or abnormal samples. As stated by [49], the one-class classifies concepts
that learn the data during data training without requiring the labelled data. The one-class
unsupervised techniques learn the boundary around normal instances during training
while some anomalous instances may exist and declare any new instance lying outside
this boundary as an outlier. Due to the pre-labelled data being difficult to obtain in WSNs
environment, thus CESVM formulation which is a one-class setting is a suitable anomaly
detection approach in the WSNs domain. The proposed CESVM-DR detection scheme
contains two phases: training and detection phase, as shown in Figure 1. The first phase
is conducted offline meanwhile the testing phase is conducted online to classify the new
data measurement into normal or anomalous data measurements. Further explanation
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of the training and detecting phase of the proposed CESVM-DR will be conducted in the
next section.

Classification

Dimension Reduction

The CCIPCA dimensional reduction 

algorithm is implemented for the data 

collected in order to reduce the data 

dimension.

CESVM- DR Scheme

• One-class SVMs are 

unsupervised technique 

due to unavailable of 

pre-classified data.

• CESVM based 

techniques pose a linear 

optimization problem 

and are computationally 

inexpensive.

Dataset:  

Pre-processed dataset 

Decrease the 

computational 

complexity

Anomalies

(Need Response)
Yes

No

END

START

The reduced dimension 

measurement as the input 

CESVM Classifier

A one-class support vector machine 

(OCSVM) formulation called CESVM is 

used to learn the normal data by building a 

normal boundary in ellipsoidal shape

 

Figure 1 Figure 1. The Overview of Proposed CESVM-DR anomaly detection scheme.
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3.1. Description of Proposed CESVM-DR Scheme

This section described the proposed CESVM-DR anomaly detection scheme which
consists of the training and the detection phase as shown in Figure 2. The first stage is
used to learn the normal behaviour of sensor data at every sensor node in offline mode.
Ref. [53] stated that to improve the CESVM scheme with a low-rank representation of the
gram matrix for use in distributed detection algorithms with lower communication over-
head. Therefore, the proposed anomaly detection classifier adapts a dimension reduction
method to reduce the data dimension. It is carried out first by selecting data observations
with the size of m to obtain the centered-ellipsoid effective radius R in a specific period.
This method of collecting the size of data observations in a specific period has been adapted
in several online anomaly detection schemes such as [52,54–57]. After the data measure-
ment is standardized by mean and standard deviation, CCIPCA is applied to reduce the
dimension of the data measurements. Then, the effective radii R will be calculated using
Equation (1). All the computed parameters which are mean (µ), standard deviations (σ),
Eigenvector (V), and Eigenvalue (D) are stored at each node to be used in the next phase
which is detection phase.

Md (x) = ‖
√

m Λ−1 PT Ki
c‖ (1)
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3.1.1. Training Phase (Offline)

As mentioned earlier, CESVM is used as a classifier to build the normal reference
model in this proposed anomaly detection scheme. The nature of an ellipse is based on
the covariance of the dataset, thus CESVM is suitable for sensor data where multivariate
attributes may induce a certain correlation. For instance, the readings of humidity sensors
are correlated to the readings of temperature sensors. In addition, computational complex-
ity, especially computing of reduced eigenvalue and eigenvector for radius calculation in
ellipsoidal CESVM motivates the design of lightweight detection techniques. In this study,
dimension reduction technique namely CCIPCA proposed by [54] as the solution to obtain
both eigenvalue and eigenvector to be used in anomaly detection model. The proposed
model, CESVM-DR, is illustrated in Figure 3.
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START

TRAINING DATA

LEARNING NORMAL MODEL

STORE NORMAL REFERENCE 
MODEL

(m , s., V,D,R)

END

Standardize training data using Mean(m ) 
and Standard Deviation(s )

Apply CCIPCA on the standardize 
measurement to obtain Eigenvector 

matrix(V) and corresponding Eigenvalue(D)

Find the minimum effective radius, R using 
one-class hyper-ellipsoid (CESVM)

 

Figure 3 

 

Figure 3. Flowchart of Training Phase for the CESVM-DR Model.

The procedures of the training phase are described as follows:

1. Raw data measurements are collected at each of the sensor nodes to build the normal
reference model.

2. The collected data are standardized using mean, µ and standard deviations, σ using
mean-centered value.

3. The dimension reduction based on the CCIPCA algorithm is applied to reduce the
data dimension and a suitable number of the principal component is chosen.

4. The minimum effective radius, R is calculated based on a calculation of
R = ‖

√
m Λ−1 PT Ki

c‖. This parameter is known as the normal reference model
to be used in the detection phase.
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5. All calculated parameters including σ, µ, V, D, and R are stored in the node. The Eigen-
vector (V) and Eigenvalue (D) are calculations taken from calculating the centered
kernel matrix of the training data.

At the sensor node, all the parameters calculated in the training phase are regarded
as the normal state. They will be used to build the normal reference model. The normal
reference model is constructed offline, similar to the methods of [7,15,51,57]. The detailed
pseudocode algorithm for the training phase of this scheme is shown in Algorithm 1.

Algorithm 1: Pseudocode algorithm for the training phase of proposed CESVM-DR Scheme

Input: STest // a matrix (n×m ) of sensor measurements collected from specific time period
Output: are mean (µ), standard deviations (σ), Eigenvector (V) Eigenvalue (D) and minimum
effective radius (R)

1. Do the following step:

2. Standardize STest using mean (µ), standard deviations (σ)
3. Apply CCIPCA on Standardize STrain to obtain Eigenvector (V) Eigenvalue (D)
4. Calculate minimum effective radius (R):

R = ‖
√

m Λ−1 PT Ki
c‖

5. Store the normal reference model (µ , σ , V, D, R) to be used on detection phase

6. End

3.1.2. Detection Phase (Online)

For the detection phase, new data measurement will be detected as normal or anoma-
lous. Using the stored reference model obtained from the training phase, the decision
function is calculated as shown in Equation (2).

f (x) = sgn(max(R−Md(x)) (2)

From this decision, the new measurement will be classified as anomalous if the reading
is negative and vice versa where V and D are equivalent to P and Λ. Negative results
indicate that the reading is larger than effective radii, R which represents the normal
behaviour of training data thus the data is classified as anomalous. Figure 4 shows the
flowchart of the detection phase of the proposed CESVM-DR anomaly detection scheme.
The pseudo-code algorithm for the detecting phase of the proposed CESVM-DR scheme
shows in Algorithm 2.

The procedure of the testing phase is described as follow:

1. New data observations of m size collected from the sensor nodes are standardized to
the calculation in the training phase using mean (µ) and standard deviation (σ) of the
normal reference model.

2. The distance of each new measurement is calculated as described in Equation (1), us-
ing the stored normal reference parameters which are Eigenvector (V) and Eigenvalue
(D). The measure similarity between data is based on decision function

3. These new data measurements are classified as normal or anomalous using the
decision function in Equation (2).

The new data measurements are classified as anomalous if the decision function is
indicated as negative, meaning their distances from the center is larger than the distances
of the normal reference model. Otherwise, it is normal.

In the proposed lightweight CESVM-DR anomaly detection scheme, the complexity is
reduced by incorporating the CCIPCA algorithm to minimize the computation complexity
of the CESVM algorithm. Therefore, the high communication cost due to the broadcast
of the entire covariance matrix among the nodes of the network is reduced by apply-
ing CCIPCA to the proposed CESVM-DR scheme especially dealing with multivariate
data. To evaluate the detection effectiveness, the performance measures which are rep-
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resented by detection rate (DR), detection accuracy, and false alarm rate (FNR and FPR)
are analysed. These performance measures are used in other anomaly detection models
including in [7,15,19]. Meanwhile, the computational complexity and memory utilization,
and communication overhead are used to evaluate detection efficiency.

Algorithm 2: Pseudocode algorithm for the detection phase of proposed CESVM-DR Scheme

Input: STest, µ, σ, V, D and R // STest a matrix (n×m) of real time sensor measurements
Output: Normal or Anomalous type of class WSN data

1. Do the following step:

2. Standardize STest using same mean (µ), standard deviations (σ) from training phase
3. Calculate decision function f (x):

f (x) = sgn(max(R−Md(x))

4. Compared the decision function f (x) value with R calculated in training phase to
class the measurement as normal or anomalous as following condition:

If f (x) > R then

Class = Anomaly

Else,

Class = Normal

5. End

START

NEW MEASUREMENT
Collect new measurements  from 

sensor nodes

ANOMALY
Anomalous data will be labelled 

for further action

END

PRE-PROCESSING
Standardize the data using stored µ and s

DECISION FUNCTION COMPUTATION

x
c

T KVDmxMd 1)( −=

NORMAL
Stored the 

normal data 

No

Yes

CLASSIFICATION

RxMd )(

 

Figure 4 Figure 4. Flowchart for Detection Phase in the proposed CESVM-DR Scheme.
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4. Experimental Design

This section explains the process of experiment setup including preprocessing and
data labelling. Data labelling techniques used to label the unlabeled data as well as the
data processing procedure will also be discussed in this section.

4.1. Preprocessing

Before data labelling, raw data has been undergone the pre-processing process. Raw
data collected from sensor nodes is standardized to transform into a standard format using
the mean and standard deviation. During the standardization process, the observation
data are centered to avoid biased estimation as mentioned in the previous section. The new
standardized data can be calculated as illustrated by Equation (3).

xnew =
x− µ

σ
(3)

Every data measurement in the training dataset is standardized using Equation (3).
The parameters µ and σ are the mean and standard deviation of the training dataset. Both
µ and σ are stored in the sensor nodes and will be used to standardize the new data
measurements of the testing dataset during the online detection. The CCIPCA dimension
reduction scheme will then be applied to the data instances to reduce data dimensionality.
The reduced data will then be used as the input for the CESVM classifier.

4.2. Datasets and Data Labeling

The datasets used to evaluate the proposed CESVM-DR detection scheme are obtained
from GSB, IBRL, LUCE, PDG, and NAMOS datasets. These datasets have been used in
several WSN researches included in several WSN researches included in [7,14,15,19,28] GSB
dataset was labelled using simulated-based labelling technique while histogram labelling
technique was applied to IBRL, LUCE, PDG, and NAMOS dataset.

Similar to the study in [57], simulated-based labelling was created in this paper. The
simulated-based labelling approach is used to label the data measurements taken from a
small cluster of GSB sensor deployment. Data measurements were extracted from nodes
N25, N28, N29, N31, and N32 are named D1, D2, D3, D4, and D5 respectively. For each
dataset, artificial anomalies were randomly generated. The statistical properties of the
normal data, such as mean and standard deviation, are computed and used to construct
artificial anomalies. The statistical characteristics measured by the mean and standard
deviation of both normal and generated artificial anomalies for datasets are presented in
Table 1 (Ambient temperature and relative humidity are selected as an example). Following
the study [57], artificial anomalies were created randomly using statistical parameters
(see Table 1) that differ slightly from the properties of the normal data based on these
properties. The artificial anomalies generated randomly based on the statistical properties
were injected into the normal data to be used in the experiments.

The artificial anomalies based simulated-based labeling approach is generated
as follows:

1. The normal data measurements are collected from a real-life dataset with the size of
m× n where m and n represent the number of data measurements and the number of
variables respectively. The mean µi and standard deviation σi of the collected data
measurements are calculated with i = 1, 2, . . . , n.

2. The new µ and σ values to generate artificial anomalies are selected by adding µi
and σi with the preferred amount of deviation to produce slightly different mean and
standard deviation from normal values.

3. Based on the selected new µ and σ values, the artificial anomalies are produced based
on normal random distribution function, f as follow: Artificial anomalies = f ( µ, σ, m, n).



Sensors 2021, 21, 8017 12 of 23

Table 1. Statistical characteristics for normal and generated artificial anomalies for GSB datasets.

Dataset Variable
Normal Anomalies

Mean Std. Dev Mean Std. Dev

D1 Ambient temperature
Relative humidity

5.26
25.43

8.28
0.99

7.75
33.83

9.90
0.86

D2 Ambient temperature
Relative humidity

3.61
14.24

7.44
1.97

5.39
20.88

9.00
4.11

D3 Ambient temperature
Relative humidity

3.29
20.27

6.86
0.74

5.33
27.52

9.77
1.00

D4 Ambient temperature
Relative humidity

4.56
10.22

8.15
2.94

7.69
15.14

10.02
5.09

D5 Ambient temperature
Relative humidity

3.37
24.71

7.92
1.29

10.65
33.08

11.60
1.34

The experiments have been conducted with histogram-based data labelling using
IBRL, LUCE, PDG, and NAMOS datasets. In the histogram-based labelling approach,
datasets are plotted using histogram-based, and anomalous data instances are labelled
with visual inspection based on the normality regions of the dataset as in Figure 5. This
labelling technique has been used in [7,51,58–61] to label the unlabeled dataset. From
visual investigation on Figure 5, different scenarios on selecting training and testing size
are investigated to measure the performance of detection effectiveness of proposed CESVM-
DR. The detailed performance result for each dataset is discussed in the next sections.
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Figure 5. Histogram plots for (a) IBRL, (b) LUCE, (c) PDG and (d) NAMOS Dataset.

4.3. Testing Procedures

The experiments were conducted in two stages. A regularization parameter (v) was
tested in the first stage to determine the probability of outliers in the data. In general, a
high detection rate resulted when the parameter v is set to a large value, yet this led to a
greater false alarm rate [16]. As the number of outliers is unknown in the dataset, hence,
technique’s robustness is assessed utilizing parameter v. The robustness performance can
be determined, regardless of the v value as the detection rate reading is higher while the
false alarm rate is low. For this experiment, the value of v is varied between 0.05 and 0.1
which indicates the value of outliers from 5% to 10%. Meanwhile, the test use three kernel
functions as follow:

1. Linear function:

kLinear(x1, x2) = (x1·x2) (4)

2. Radial basis function (RBF)

k (RBF) (x1, x2) = exp(‖x1− x2‖2/2σ2) (5)

where σ is the width of the kernel function.

3. Polynomial function

kPoly (x1, x2) = (x1·x2 + 1)r (6)

where r is the width of the kernel function.
Based on the results obtained, the best kernel function with an acceptable parameter

v among the three will be used in the second stage of the experiment. 250 normal mea-
surements were selected from the GSB dataset in 10 runs while 10 percent (10%) artificial
anomalies were randomly generated based on the simulated-based.

4.4. Performance Evaluation

In this experiment, the proposed CESVM-DR scheme was evaluated in terms of
effectiveness and efficiency. The detection effectiveness is analyzed in terms of the detection
rate (DR), detection accuracy, false-positive rate (FPR), and false-negative rate (FNR) of the
datasets mentioned. Meanwhile, the efficiency is analyzed by measuring the computational
complexity and memory utilization, and communication overhead. The effectiveness of
the proposed CESVM-DR scheme is evaluated using both simulated-based and histogram-
based labelling types while the efficiency is evaluated by analyzing the big O notations
tested schemes.

For evaluation, the proposed CESVM-DR scheme is compared with other related
CESVM anomaly detection schemes using simulated-based labelling. As the core anomaly
detection classifier is adopted from CESVM [15] it is used as a benchmark against the
proposed CESVM-DR scheme. In addition, the proposed CESVM-DR is compared with
the EOOD scheme [16] and (kPCA) [19]. The evaluation is examined using the RBF kernel
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function with the kernel width of 2 because it is the most stable kernel width among many
experimented values in this study.

5. Results and Analysis

The proposed CESVM-DR scheme is evaluated by comparing its performance in
terms of the effectiveness (DR, FPR, FNR, and Accuracy) and efficiency (Big O notations
of Computational Complexity, Memory Utilization, and Communication Overhead) with
the related work using both datasets, the simulated-based and histogram-based labelling
types as follows.

5.1. Effectiveness Evaluation

The effectiveness evaluation has been conducted by evaluating the proposed scheme
with the related work using both datasets, the simulated-based and histogram-based
labelling types as follows.

5.1.1. Accuracy Evaluation Using the Simulated-Based Data Labelling

The proposed CESVM-DR scheme is compared with other related CESVM anomaly
detection schemes using simulated-based labelling. As the core anomaly detection classifier
is adopted from CESVM [15] it is used to be the benchmark against the proposed CESVM-
DR scheme. Meanwhile, another related CESVM anomaly detection scheme proposed
by [28] called the EOOD scheme is used to evaluate the proposed scheme. The latest
anomaly detection model based on kernel PCA (kPCA) was introduced by [19] another
anomaly detection scheme used to validate the experimental results. The evaluation is
examined using the RBF kernel function with a kernel width of 2 as the most stable kernel
width results in the previous section. Figure 6 summarizes the average of the accuracy
performance (effectiveness) of the tested scheme compared with the proposed CESVM-DR
scheme while Table 2 presents the results in detail.
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As shown in Figure 6 and Table 2, the proposed CESVM-DR scheme outperforms
all of the CESVM schemes in all experiments while maintaining a stable 1.2% FPR and
3.92% FNR. On the other hand, EOOD (local) and kPCA (local) outperform some of the
datasets compared to CESVM-DR in terms of detection rate and FNR. However, due
to higher FPR reported in the EOOD (local) scheme, affects the detection accuracy as
compared to the CESVM-DR scheme. It indicates that both the CESVM schemes and
kPCA used the same Mahalanobis distance in the algorithm to classify the anomalous
data. This distance measure considers the attribute correlation thus can be useful to detect
multivariate datasets. As CESVM-DR, CESVM and EOOD are based on the ellipsoidal
formulation that also considers multivariate and attributes correlations which separated
the normal and abnormal class within the ellipse geometric formulation. Meanwhile,
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the proposed CESVM-DR using CCIPCA to produce the eigenvector matrix and their
corresponding eigenvalues give the advantage to the performance measure results. EOOD
on the other hand, model hyper-ellipsoid SVM in the input space and fix the center of
hyperellipsoid at the origin. Meanwhile, kPCA is using PCA to detect the anomalous is the
only scheme not based on the CESVM algorithm. Therefore, this scheme has no parameters
to be tuned.

Table 2. Performance comparison between the proposed CESVM-DR scheme and related anomaly detection schemes using
simulated labelling with a kernel width of 2.

Measure Scheme D1 D2 D3 D4 D5 Average

DR (%)

CESVM-DR 96.4 92 92 100 100 96.08
CESVM 74.8 85.2 82 78.8 80.8 80.32

EOOD (local) 100 100 100 100 100 100
kPCA(local) 100 100 100 100 100 100

FPR (%)

CESVM-DR 1.2 1.2 1.2 1.2 1.2 1.2
CESVM 1.2 1.2 1.2 1.2 1.2 1.2

EOOD (local) 32.7 32.7 40.9 34.5 30.5 34.26
kPCA(local) 7.4 37.6 47.2 35.4 7.4 27

FNR (%)

CESVM-DR 3.6 8 8 0 0 3.92
CESVM 25.2 14.8 18 21.2 19.2 19.68

EOOD (local) 0 0 0 0 0 0
kPCA(local) 0 0 0 0 0 0

Accuracy (%)

CESVM-DR 98.6 98.2 98.2 98.9 98.9 98.56
CESVM 96.6 97.6 97.3 97 97.2 97.14

EOOD (local) 70.3 70.3 62.8 68.6 72.3 68.86
kPCA(local) 93.3 65.3 57.1 64 63.6 68.66

A test of significance, namely a t-test, was used to evaluate the statistically significant
difference of accuracy, DR, FPR, and FNR between CESVM-DR with CESVM, EOOD (local),
and kPCA (local) anomaly detection schemes. The results show that the difference between
the proposed and all tested schemes are significant with all studied performance measures
across all the datasets in favour of the proposed CESVM-DR scheme except with DR of
EOOD (Local) and kPCA schemes with datasets D4 and D5. However, EOOD (Local) and
kPCA schemes failed to strike a balance between FPR and DR which is achieved with
significance by the proposed CESVM-DR scheme.

5.1.2. Accuracy Performance Result Using Histogram-Based Dataset

The proposed CESVM-DR scheme was benchmarked against other related anomaly
detection schemes in PCCAD [31], DWT + SOM [59], and DWT + OCSVM [58] as the same
histogram-based data samples were used in these researches. The performance evaluation
is presented in Figure 7 and Table 3.
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Table 3. The Comparison Proposed of Effectiveness Evaluation with Other Related Anomaly Detection Schemes Using
Histogram-Based Labelling.

Dataset Model DR ACC FPR FNR

IBRL

DWT + OCSVM 100 98.3 1.9 0
DWT + SOM 100 99 1.09 0

PCCAD 100 99.7 0.3 0
CESVM-DR 100 98.4 1.6 0

LUCE

DWT + OCSVM 100 98.3 1.9 0
DWT + SOM 100 99 1.09 0

PCCAD 100 99.9 0.09 0
CESVM-DR 100 98 2 0

PDG

DWT + OCSVM 99.7 97.6 2.6 0.3
DWT + SOM 83 97.8 0.5 16.5

PCCAD 97.9 96.7 3.5 2.1
CESVM-DR 99.1 78.6 25.8 0.01

NAMOS

DWT + OCSVM 100 88.6 12.8 0
DWT + SOM 100 99.4 0.5 0

PCCAD 100 90.2 11.5 0
CESVM-DR 100 100 0 0

From Table 3, considering the proposed CESVM-DR, the detection rate of 100% and
the false-negative rate of 0% are reported in both IBRL and NAMOS datasets. This is
due to both datasets were containing univariate data features. Meanwhile, as illustrated
in Figure 5a,b short and constant anomalies are present in IBRL and NAMOS datasets
respectively, thus the proposed anomaly detection schemes successfully reported better
results compared to the PDG dataset in which noise anomalies were presented. For IBRL
datasets, the false positive rate of the proposed CESVM-DR is slightly higher than DWT
+ SOM and PCCAD. On the other hand, DWT + OCSVM and the proposed CESVM-
DR schemes are OCSVM based classifiers that result in slightly high FPR. In contrast,
the proposed CESVM-DR schemes outperformed all three detection schemes when the
NAMOS dataset is used. Meanwhile, varying results are obtained in the PDG dataset for
all schemes. Again, DWT + OCSVM and the proposed CESVM-DR scheme reported higher
results in terms of detection rate and false-negative rate compared to DWT + SOM and
PCCAD schemes.

However, the proposed CESVM-DR scheme reported a high false-positive rate and
low detection accuracy compared to other schemes. The false-positive rate is mainly
concerned as it represents the normal data which is classified as anomalous data thus
affecting the accuracy performance. The datasets PDG exhibited the highest false-positive
rate as compared to other datasets. As the PDG dataset is taken from Patrouille des Glaciers
the outdoor and extreme environment dataset shows more dynamic datasets compared
to other datasets. As shown in Figure 5c, which illustrates measurements from the PDG
dataset, the noise measurements are very similar to the normal measurements. Such noises
affect the performance of anomaly detection. Furthermore, the dynamic data changes
require the tuning of such parameters to cope with these changes. Other reasons include
that the cause of the reading used in the training dataset does not reflect the current
situation of the new measurement during the detection is performed. Moreover, the normal
reference model must be selected carefully in order which describe the overall behavioural
data. Therefore, the normal reference model must be updated from time to time to ensure
the effective results of the detection performance and false alarm rate.

5.2. Efficiency Evaluation

The efficiency of the anomaly detection model can be measured based on memory
utilization, computational complexity, and communication overhead. The efficiency evalu-
ation of the proposed CESVM-DR is compared with CESVM, EOOD, PCCAD, kPCA, DWT
+ SVM, and DWT + SOM schemes the same as a comparison in effectiveness evaluation.
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The efficiency evaluation will be evaluated in Big O notation. The efficiency evaluation
results are shown in Table 4 and the description of the parameters used are listed in Table 5.

Table 4. The efficiency evaluation between CESVM-DR and other schemes.

Scheme Memory Utilization Computational
Complexity

Communication
Overhead

CESVM O (mn + np) O
(
n2 + m2n

)
O(np)

EOOD O(np) O
(

P + mp2) -

PCCAD O(nd) O(Nd) -

kPCA O(k + np) O
(
np2) O(np)

DWT + SOM O (n) O(e + l) (online) O(mk)

DWT + OCSVM O (n) O
(
e + s3) (online) O(mk)

CESVM-DR O (mn + nd) O
(

P + m2d + dn2) -

Table 5. The description of efficiency parameter.

Legends Descriptions

m Low-rank approximation of the kernel Gram matrix

n Number of the data observations

p The dimension of the data vector

d The reduced dimension of the data vector

P linear optimization problem calculation

N The calculation of CCIPCA

e applying anomaly detection for DWT

s applying anomaly detection online for OCSVM

l applying anomaly detection for SOM

k communication of wavelet coefficient to the central node

From Tables 4 and 5, the proposed CESVM-DR is more efficient due to the few factors
that are included with the linear optimization compared with the baseline CESVM. That is,
the memory complexity CESVM-DR scheme is O(mn + nd) where d < p and d represent
the reduced dimension of the data vector and m < d. Thus, O (mn + nd) is equivalent
to the O(nd). With regards to computational complexity, the proposed CESVM-DR is
formulated as a linear optimization problem, then it is more feasible for implementation
on WSNs [38]. That is, the dimensional reduction using CCIPCA added the feasibility
of the proposed scheme for implementation on WSNs. In terms of the communication
overhead, the proposed CESVM-DR scheme doesn’t require any communication to perform
the anomaly detection and thus, it is efficient in terms of energy consumption, which is the
common design issue for anomaly detection in WSN. The following subsections present a
detailed analysis of the efficiency evaluation.

5.2.1. Memory Utilization

The proposed CESVM-DR operates in two phases: training and testing. The compu-
tation is performed during the training phase, which comprises data processing utilizing
mean (µ) and standard deviation (σ) parameters, and is kept to be used in the subsequent
phase. Then, Eigenvalue (Λ) and the corresponding Eigenvector (P) which are calculated
using CCIPCA are also stored in the sensor. Radius, R is calculated to determine the cen-
tered hyper-ellipsoid border based on calculated eigenvalue (Λ) and corresponding ei-
genvector (P).
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For memory utilization, the baseline CESVM keeps the eigenvalues, P, and eigen-
vectors, Λ after the linear optimization is done, thus the complexity is represented by
O(mn + np). In the calculation, m represents a low-rank approximation of Kernel Gram
of RBF kernel function, data observation amounts are denoted by n and p is the data
vector’s dimension, where p < n. Furthermore, the memory complexity of the proposed
CESVM-DR is O(mn + nd) where d < p and d represent the reduced dimension of the
data vector. The EOOD system is primarily concerned with storing in the memory the
observations of the sliding window’s size as O(np). Due to the assumption that n > p,
storage overhead for other parameters like the covariance matrix, which has a cost of O

(
p2),

is insignificant. The PCCAD does not involve any Kernel Gram calculation, therefore, the
memory utilization is only O(nd). As the other schemes operate at the base station and
sensor nodes are involved in collecting the data, therefore only O(n) of memory is utilized.
Meanwhile, kPCA yet involved Mahalanobis kernel thus memory utilization represents as
O(k + np) where k represents as Mahalanobis kernel.

The memory utilization in the proposed CESVM-DR is driven from baseline CESVM
while the reduced dimension has been applied using CCIPCA which has less memory
usage. Because CESVM is formulated using linear optimization, it only requires the de-
termination of a radius and this gives benefits to memory utilization. PCCAD used CCIPCA
to reduce the data dimension as our proposed CESVM-DR which also reduced memory
utilization. Meanwhile, no dimension reduction is involved in both EOOD and kPCA.

5.2.2. Computational Complexity

As mentioned earlier, the proposed CESVM-DR operates in the training and testing
phase where the training phase is done in an offline manner while the testing phase is
done in an online manner. Therefore, the computational complexity of the CESVM-DR is
evaluated in the testing phase only. During the testing phase, the calculation is done by
(1) standardize the new data measurements using stored (µ) and (σ) parameter; (2) calculate
the distance measure (Md(x)) for every new data measurement based on stored Λ and P;
(3) compare the distance measured with the radius R to classify the new measurement as
either normal or anomalous.

As the calculation of CCIPCA, O(N) is done in the training phase where N is several
variables, therefore a total computational complexity of CESVM-DR is O

(
N
(
m2d

)
+ dn2)

which O
(
n2) represents a kernel matrix (also called a Gram matrix) and d represents the

reduced dimension of the data vector. Meanwhile, the computational complexity of CESVM
scheme involves the computation of a kernel matrix and the complexity of calculation the
Eigen-decomposition is O

(
n3). However, the eigenvalues decay exponentially for a wide

variety of kernels such as the RBF. Therefore, the total computational complexity of CESVM
is represented as O

(
n2 + m2n

)
where m < n that represents the low-rank approximation of

the kernel Gram matrix. On the other hand, the computational complexity of EOOD mainly
depends on solving a linear optimization problem, which is represented as O(P), as well as
computing covariance matrix, which is represented as O

(
mp2). Meanwhile, computational

complexity in kPCA, involved the calculation of PCs with a complexity of O
(
np2).

Meanwhile, as the calculation of PCCAD only involves the calculation of dissimilarity
measure based on stored parameters Λ and P calculated in the training phase thus the
computational complexity is represented by O (N). On the other hand, DWT + SOM and
DWT + SVM computational complexity are considered encoding the data observation
using DWT at each node while the detection using SOM and OCSVM is done at the base
station. Therefore, the complexity of applying DWT at each node is represented by O(e).
Considering applying anomaly detection for SOM and OCSVM in an online manner will
generate O(l) and O

(
n3) respectively. Therefore, the total computational complexity is

O(e + l) and O
(
m + n3) for DWT + SOM and DWT + CESVM respectively.

The proposed CESVM-DR is based on the CESVM baseline scheme which evolved
on the calculation of kernel gram matrix. The linear optimization problem formulation
in the proposed CESVM-DR scheme makes it more feasible for WSNs application [38].
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Furthermore, due to the reduced dimensions proposed in the CESVM-DR schemes the
computational complexity of the CESVM is minimized. Although EOOD is based on
the hyper-ellipsoidal SVM, it still involved the covariance matrix calculation same as the
proposed CESVM-DR. The idea of EOOD is proposed to model the hyper-ellipsoid SVM
in the input space, instead of the model in the feature space to reduce the complexity.
Meanwhile, PCCAD and kPCA schemes are derived from the PCA algorithm. Both
schemes are tuned to suit one class PCA while PCCAD involves dimension reduction and
kPCA is based on kernel computational. Meanwhile, Discrete Wavelet Transform (DWT) is
integrated into both DWT + SOM and DWT + OCSVM schemes as the data compression
approach. In DWT + SOM and DWT + OCSVM schemes, the whole compressed data is
sent to the base station for detection. Thus, both DWT + SOM and DWT + OCSVM are
also utilizing the reduction of data size technique without losing significant features of the
data. However, the limitation of both schemes is adopted batch learning that can affect the
computational complexity.

5.2.3. Communication Overhead

Communication overhead represents the amount of data communication with the
network either between sensor nodes or communication between the sensor nodes and
the cluster head or base station. As the anomaly detection is done in the local node, no
communication overhead is incurred for the proposed CESVM-DR. The same goes for
PCCAD and EOOD where detection is done at the sensor nodes. Meanwhile, the baseline
CESVM scheme is based on a centralized anomaly detection where the whole set of data
measurements is communicated to the base station. This is represented as O(np) when
communication is done between a pair of sensor nodes. The CH receives data vectors
periodically from sensors in kPCA detection model, thus communication overhead to
transmit the whole data is represented as O(np). For DWT + SOM and DWT + CESVM,
communication of wavelet coefficient to the central node is represented as O(mk) where k
represents the wavelet coefficient.

6. Conclusions

Designing an effective anomaly detection scheme for WSNs is crucial yet challenging
due to the limited resources. The aim is to prolong the sensor connectivity by reducing
energy consumption and improving memory utilization while maintaining accurate data
at the base station. Due to the ability of unsupervised classification technique to classify
unlabeled data as normal or anomalous, the One-Class Support Vector Machine (OCSVM)
technique is used as the classifier to design the anomaly detection scheme. The OCSVM
variants namely the Centered hyper-Ellipsoidal Support Vector Machine (CESVM) has
been formulated based on a linear programming approach while considering multivariate
data is used as OSVM kernel to reduce computation costs. However, the parameter tuning
to perform the anomaly detection must be tuned properly to suit the datasets for better
performance results especially regularization parameter in dynamic data. The proposed
lightweight anomaly detection scheme is more efficient and effective compared with the
baseline scheme centered hyper-ellipsoidal Support Vector Machine. The complexity of
the baseline centered hyper-ellipsoidal Support Vector Machine is further reduced by
incorporating of the Candid Covariance-Free Incremental Principal Component Analysis
(CCIPCA) algorithm to minimize the computation complexity of the CESVM algorithm.
Thus, by applying CCIPCA algorithm the high communication cost due to the broadcasting
of the entire covariance matrix among the nodes of the network is reduced in the pro-
posed lightweight anomaly detection scheme. Results of the experiments show higher
consistency in detection accuracy and detection rate in all of the experiments either using
multivariate or univariate datasets. The comparable false alarm rate is reported throughout
the evaluation which was performed with the other anomaly detection schemes. In terms
of detection efficiency, with the incorporation of CCIPCA dimension reduction techniques,
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the communication complexity is reduced compared to the original CESVM anomaly
detection scheme.

One of the limitations of the proposed lightweight anomaly detection scheme is the
ability to globally assure the real anomalous nature of normal events during the anomaly
detection process. The effectiveness and efficiency of the proposed anomaly detection
scheme can be further improved by designing the distributed anomaly detection using
spatial correlation of sensor nodes in the cluster to construct a global normal reference.
Meanwhile, dynamic changes in deployed environments have an impact on the effective-
ness of anomaly detection models. As the reference normal model becomes rigid over time,
adaptive learning of the model is required to ensure the quality of sensor measurements.

Author Contributions: Conceptualization, N.M.Z., A.Z. and M.A.R.; methodology, N.M.Z., A.Z. and
M.A.R.; software, A.Z. and F.S.; validation, A.Z., F.A.G., E.H.A. and F.S.; formal analysis, N.M.Z. and
A.Z.; investigation, N.M.Z. and M.A.R.; resources, A.Z., E.H.A. and F.S.; data curation, M.A.R., F.S.
and F.A.G.; writing—original draft preparation, N.M.Z.; writing—review and editing, N.M.Z., A.Z.
and F.A.G.; visualization, N.M.Z., A.Z.; supervision, A.Z. and M.A.R.; project administration, A.Z.
and E.H.A.; funding acquisition, E.H.A. All authors have read and agreed to the published version of
the manuscript.

Funding: This work is supported by Taif University Researchers Supporting Project number (TURSP-
2020/292) Taif University, Taif, Saudi Arabia.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: For more information on datasets used in the experiments, please visit:

1. GSB, Grand-St-Bernard (GSB) dataset, 2007. http://lcav.epfl.ch/cms/lang/en/pid/86035,
Accessed date (20 April 2018)

2. IBRL, Intel Berkeley Research Lab Dataset, 2004. http://db.csail.mit.edu/labdata/ labdata.html,
Accessed date (26 September 2017)

3. PDG, Patrouille des Glaciers dataset, 2008. http://lcav.epfl.ch/cms/lang/en/pid/86035, Ac-
cessed date (23 April 2016)

4. LUCE, Lausanne Urban Canopy Experiment, 2007. http://lcav.epfl.ch/cms/lang/en/pid/86
035, Accessed date (24 January 2018)

5. NAMOS, Networked Aquatic Microbial Observing System Dataset, 2006. http://robotics.usc.
edu/~namos/data/, Accessed date (12 October 2017).

Acknowledgments: The authors would like to acknowledge Taif University Researchers Supporting
Project number (TURSP-2020/292) Taif University, Taif, Saudi Arabia.

Conflicts of Interest: The authors declare no conflict of interest regarding the publication of this paper.

References
1. Atzori, L.; Iera, A.; Morabito, G. The Internet of Things: A survey. Comput. Netw. 2010, 54, 2787–2805. [CrossRef]
2. Ayadi, A.; Ghorbel, O.; Obeid, A.M.; Abid, M. Outlier detection approaches for wireless sensor networks: A survey. Comput.

Netw. 2017, 129, 319–333. [CrossRef]
3. Gao, C.; Chen, Y.; Wang, Z.; Xia, H.; Lv, N. Anomaly detection frameworks for outlier and pattern anomaly of time series

in wireless sensor networks. In Proceedings of the 2020 International Conference on Networking and Network Applications
(NaNA), Haikou, China, 10–13 December 2020; Volume 10, pp. 229–232. [CrossRef]

4. Chandola, V.; Banerjee, A.; Kumar, V. Anomaly detection: A survey. ACM Comput. Surv. 2009, 41, 1–72. [CrossRef]
5. Akyildiz, I.F.; Su, W.; Sankarasubramaniam, Y.; Cayirci, E. Wireless sensor networks: A survey. Comput. Netw. 2002, 38, 393–422.

[CrossRef]
6. Rajasegarar, S.; Bezdek, J.C.; Leckie, C.; Palaniswami, M. Analysis of Anomalies in IBRL Data from a Wireless Sensor Network

Deployment. In Proceedings of the 2007 International Conference on Sensor Technologies and Applications (SENSORCOMM
2007), Valencia, Spain, 14–20 October 2007; Volume 29, pp. 158–163. [CrossRef]

7. Rassam, M.A.; Maarof, M.A.; Zainal, A. Adaptive and online data anomaly detection for wireless sensor systems. Knowl.-Based
Syst. 2014, 60, 44–57. [CrossRef]

8. Rassam, M.A.; Zainal, A. Principal Component Analysis-Based Data Reduction Model for Wireless Sensor Networks. Int. J. Ad
Hoc Ubiquitous Comput. 2015, 18, 85–101. [CrossRef]

http://lcav.epfl.ch/cms/lang/en/pid/86035
http://db.csail.mit.edu/labdata/
http://lcav.epfl.ch/cms/lang/en/pid/86035
http://lcav.epfl.ch/cms/lang/en/pid/86035
http://lcav.epfl.ch/cms/lang/en/pid/86035
http://robotics.usc.edu/~namos/data/
http://robotics.usc.edu/~namos/data/
http://doi.org/10.1016/j.comnet.2010.05.010
http://doi.org/10.1016/j.comnet.2017.10.007
http://doi.org/10.1109/NaNA51271.2020.00046
http://doi.org/10.1145/1541880.1541882
http://doi.org/10.1016/S1389-1286(01)00302-4
http://doi.org/10.1109/SENSORCOMM.2007.29
http://doi.org/10.1016/j.knosys.2014.01.003
http://doi.org/10.1504/IJAHUC.2015.067756


Sensors 2021, 21, 8017 21 of 23

9. Randhawa, S.; Jain, S. Data Aggregation in Wireless Sensor Networks: Previous Research, Current Status and Future Directions.
Wirel. Pers. Commun. 2017, 97, 3355–3425. [CrossRef]

10. Xue, Y.; Jia, W.; Zhao, X.; Pang, W. An Evolutionary Computation Based Feature Selection Method for Intrusion Detection. Secur.
Commun. Netw. 2018, 2018, 2492956. [CrossRef]

11. Aldweesh, A.; Derhab, A.; Emam, A. Deep learning approaches for anomaly-based intrusion detection systems: A survey,
taxonomy, and open issues. Knowl.-Based Syst. 2020, 189, 105124. [CrossRef]

12. Safaei, M.; Ismail, A.S.; Chizari, H.; Driss, M.; Boulila, W.; Asadi, S.; Safaei, M. Standalone noise and anomaly detection in wireless
sensor networks: A novel time-series and adaptive Bayesian-network-based approach. Softw. Pract. Exp. 2019, 50, 428–446.
[CrossRef]

13. Davahli, A.; Shamsi, M.; Abaei, G. A Lightweight Anomaly Detection Model using SVM for WSNs in IoT through a Hybrid
Feature Selection Algorithm based on GA and GWO. J. Comput. Secur. 2020, 7, 63–79.

14. Chen, Y.; Li, S. A Lightweight Anomaly Detection Method Based on SVDD for Wireless Sensor Networks. Wirel. Pers. Commun.
2019, 105, 1235–1256. [CrossRef]

15. Rajasegarar, S.; Leckie, C.; Palaniswami, M. CESVM: Centered Hyperellipsoidal Support Vector Machine Based Anomaly
Detection. In Proceedings of the 2008 IEEE International Conference on Communications, Beijing, China, 19–23 May 2008; pp.
1610–1614. [CrossRef]

16. Zhang, Y.; Meratnia, N.; Havinga, P.J. Distributed online outlier detection in wireless sensor networks using ellipsoidal support
vector machine. Ad Hoc Netw. 2013, 11, 1062–1074. [CrossRef]

17. Shahid, N.; Naqvi, I.H.; Qaisar, S.B. Quarter-Sphere SVM: Attribute and Spatio-Temporal Correlations based Outlier & Event
Detection in Wireless Sensor Networks. In Proceedings of the 2012 IEEE Wireless Communications and Networking Conference
(WCNC), Paris, France, 1–4 April 2012; pp. 2048–2053.

18. Moshtaghi, M.; Leckie, C.; Karunasekera, S.; Rajasegarar, S. An adaptive elliptical anomaly detection model for wireless sensor
networks. Comput. Netw. 2014, 64, 195–207. [CrossRef]

19. Ghorbel, O.; Ayadi, A.; Loukil, K. Classification Data using Outlier Detection Method in Wireless Sensor Networks. In Proceedings
of the 2017 13th International Wireless Communications and Mobile Computing Conference, Valencia, Spain, 26–30 June 2017;
pp. 699–704. [CrossRef]

20. Xie, M.; Han, S.; Tian, B.; Parvin, S. Anomaly detection in wireless sensor networks: A survey. J. Netw. Comput. Appl. 2011, 34,
1302–1325. [CrossRef]

21. Zhang, Y.; Meratnia, N.; Havinga, P. Outlier Detection Techniques for Wireless Sensor Networks: A Survey. IEEE Commun. Surv.
Tutor. 2010, 12, 159–170. [CrossRef]

22. Ifzarne, S.; Tabbaa, H.; Hafidi, I.; Lamghari, N. Anomaly Detection using Machine Learning Techniques in Wireless Sensor
Networks. J. Phys. Conf. Ser. 2021, 1743, 12021. [CrossRef]

23. Poornima, I.G.A.; Paramasivan, B. Anomaly detection in wireless sensor network using machine learning algorithm. Comput.
Commun. 2020, 151, 331–337. [CrossRef]

24. Kim, T.; Vecchietti, L.F.; Choi, K.; Lee, S.; Har, D. Machine Learning for Advanced Wireless Sensor Networks: A Review. IEEE
Sens. J. 2021, 21, 12379–12397. [CrossRef]

25. Rajasegarar, S.; Leckie, C.; Palaniswami, M. Anomaly Detection in Wireless Sensor Networks. IEEE Wirel. Commun. 2008, 15,
34–40. [CrossRef]

26. Safaei, M.; Asadi, S.; Driss, M.; Boulila, W.; Alsaeedi, A.; Chizari, H.; Abdullah, R.; Safaei, M. A Systematic Literature Review on
Outlier Detection in Wireless Sensor Networks. Symmetry 2020, 12, 328. [CrossRef]

27. Erfani, S.M.; Baktashmotlagh, M.; Rajasegarar, S.; Karunasekera, S.; Leckie, C. R1SVM: A randomised nonlinear approach to
large-scale anomaly detection. In Proceedings of the AAAI Conference on Artificial Intelligence, Austin, TX, USA, 25–30 January
2015; Volume 1, pp. 432–438.

28. Zhang, Y.; Meratnia, N.; Havinga, P. Hyperellipsoidal SVM-Based Outlier Detection Technique for Geosensor Networks; Springer:
Berlin/Heidelberg, Germany, 2009; pp. 31–41.

29. Liu, W.; Hua, G.; Smith, J.R. Unsupervised One-Class Learning for Automatic Outlier Removal. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Columbus, OH, USA, 23–28 June 2014; Volume 48, pp. 3826–3833.
[CrossRef]

30. Ahmed, M.; Mahmood, A.N.; Hu, J. A survey of network anomaly detection techniques. J. Netw. Comput. Appl. 2016, 60, 19–31.
[CrossRef]

31. Castillo, E.; Peteiro-Barral, D.; Berdiñas, B.G.; Fontenla-Romero, O. Distributed One-Class Support Vector Machine. Int. J. Neural
Syst. 2015, 25, 1550029. [CrossRef]

32. He, Q.; Zhang, Q.; Wang, H.; Zhang, C. Local Similarity-Based Fuzzy Multiple Kernel One-Class Support Vector Machine.
Complex 2020, 2020, 8853277. [CrossRef]

33. Rajasegarar, S.; Leckie, C.; Palaniswami, M. Hyperspherical cluster based distributed anomaly detection in wireless sensor
networks. J. Parallel Distrib. Comput. 2014, 74, 1833–1847. [CrossRef]

34. Schölkopf, B.; Platt, J.; Shawe-Taylor, J.; Smola, A.J.; Williamson, R.C. Estimating the Support of a High-Dimensional Distribution.
Neural Comput. 2001, 13, 1443–1471. [CrossRef] [PubMed]

35. Tax, D.M.J.; Duin, R.P.W. Support vector domain description. Pattern Recognit. Lett. 1999, 20, 1191–1199. [CrossRef]

http://doi.org/10.1007/s11277-017-4674-5
http://doi.org/10.1155/2018/2492956
http://doi.org/10.1016/j.knosys.2019.105124
http://doi.org/10.1002/spe.2785
http://doi.org/10.1007/s11277-019-06143-1
http://doi.org/10.1109/ICC.2008.311
http://doi.org/10.1016/j.adhoc.2012.11.001
http://doi.org/10.1016/j.comnet.2014.02.004
http://doi.org/10.1109/IWCMC.2017.7986370
http://doi.org/10.1016/j.jnca.2011.03.004
http://doi.org/10.1109/SURV.2010.021510.00088
http://doi.org/10.1088/1742-6596/1743/1/012021
http://doi.org/10.1016/j.comcom.2020.01.005
http://doi.org/10.1109/JSEN.2020.3035846
http://doi.org/10.1109/MWC.2008.4599219
http://doi.org/10.3390/sym12030328
http://doi.org/10.1109/CVPR.2014.483
http://doi.org/10.1016/j.jnca.2015.11.016
http://doi.org/10.1142/S012906571550029X
http://doi.org/10.1155/2020/8853277
http://doi.org/10.1016/j.jpdc.2013.09.005
http://doi.org/10.1162/089976601750264965
http://www.ncbi.nlm.nih.gov/pubmed/11440593
http://doi.org/10.1016/S0167-8655(99)00087-2


Sensors 2021, 21, 8017 22 of 23

36. Laskov, P.; Schäfer, C.; Kotenko, I.; Muller, K.-R. Intrusion Detection in Unlabeled Data with Quarter-sphere Support Vector
Machines. PIK-Prax. Der Inf. Und Kommun. 2004, 27, 228–236. [CrossRef]

37. Wang, D.; Yeung, D.S.; Tsang, E.C.C. Structured one-class classification. IEEE Trans. Syst. Man Cybern. Part B 2006, 36, 1283–1295.
[CrossRef]

38. Shahid, N.; Naqvi, I.H.; Bin Qaisar, S. One-class support vector machines: Analysis of outlier detection for wireless sensor
networks in harsh environments. Artif. Intell. Rev. 2015, 43, 515–563. [CrossRef]

39. Li, P.H.; Lee, T.; Youn, H.Y. Dimensionality Reduction with Sparse Locality for Principal Component Analysis. Math. Probl. Eng.
2020, 2020, 9723279. [CrossRef]

40. Rault, T.; Bouabdallah, A.; Challal, Y. Energy efficiency in wireless sensor networks: A top-down survey. Comput. Netw. 2014, 67,
104–122. [CrossRef]

41. Ejaz, W.; Anpalagan, A. Dimension Reduction for Big Data Analytics in Internet of Things. In Internet of Things for Smart Cities;
Springer: Singapore, 2018; pp. 31–37.

42. Shi, F.; Li, Q.; Zhu, T.; Ning, H. A Survey of Data Semantization in Internet of Things. Sensors 2018, 18, 313. [CrossRef] [PubMed]
43. Mashere, M.P.; Barve, S.S.; Ganjewar, P.D. Data Reduction in Wireless Sensor Network: A Survey. Int. J. Comput. Sci. Technol. 2015,

8491, 86–88.
44. García, S.; Ramírez-Gallego, S.; Luengo, J.; Benítez, J.M.; Herrera, F. Big data preprocessing: Methods and prospects. Big Data

Anal. 2016, 1, 914. [CrossRef]
45. Chen, F.; Wen, F.; Jia, H. Algorithm of data compression based on multiple principal component analysis over the WSN. In

Proceedings of the 2010 International Conference on Computational Intelligence and Software Engineering, Chengdu, China,
23–25 September 2010; pp. 2–5. [CrossRef]

46. Rooshenas, A.; Rabiee, H.R.; Movaghar, A.; Naderi, M.Y. Reducing the data transmission in Wireless Sensor Networks using
the Principal Component Analysis. In Proceedings of the 2010 Sixth International Conference on Intelligent Sensors, Sensor
Networks and Information Processing, Brisbane, QLD, Australia, 7–10 December 2010; pp. 133–138. [CrossRef]

47. Seo, S.; Kang, J.; Ryu, K.H. Multivariate Stream Data Reduction in Sensor Network Applications. In Proceedings of the
International Conference on Embedded and Ubiquitous Computing, Nagasaki, Japan, 6–9 December 2005; Lecture Notes in
Computer Science. Springer: Berlin/Heidelberg, Germany, 2005; Volume 3823, pp. 198–207. [CrossRef]

48. da Silva, A.P.R.; Martins, M.H.T.; Rocha, B.P.S.; Loureiro, A.A.F.; Ruiz, L.B.; Wong, H.C. Decentralized intrusion detection in
wireless sensor networks. In Proceedings of the 1st ACM International Workshop on Quality of Service & Security in Wireless
and Mobile Networks, Montreal, QC, Canada, 13 October 2005; Volume 11, pp. 16–23. [CrossRef]

49. Carvalho, C.; Gomes, D.G.; Agoulmine, N.; De Souza, J.N. Improving Prediction Accuracy for WSN Data Reduction by Applying
Multivariate Spatio-Temporal Correlation. Sensors 2011, 11, 10010–10037. [CrossRef]

50. Matos, T.B.; Brayner, A.; Maia, J. Towards in-network data prediction in wireless sensor networks. ACM Symp. Appl. Comput.
2010, 12, 592–596. [CrossRef]

51. Ghorbel, O.; Ayedi, W.; Snoussi, H.; Abid, M. Fast and Efficient Outlier Detection Method in Wireless Sensor Networks. IEEE
Sens. J. 2015, 15, 3403–3411. [CrossRef]

52. Weng, J.; Zhang, Y.; Hwang, W.-S. Candid covariance-free incremental principal component analysis. IEEE Trans. Pattern Anal.
Mach. Intell. 2003, 25, 1034–1040. [CrossRef]

53. Rajasegarar, S.; Leckie, C.; Bezdek, J.C. Centered Hyperspherical and Hyperellipsoidal One-Class Support Vector Machines for
Anomaly Detection in Sensor Networks. IEEE Trans. Inf. Forensics Secur. 2010, 5, 518–533. [CrossRef]

54. Rassam, M.; Zainal, A.; Maarof, M.A. Advancements of Data Anomaly Detection Research in Wireless Sensor Networks: A
Survey and Open Issues. Sensors 2013, 13, 10087–10122. [CrossRef] [PubMed]

55. Ghorbel, O.; Abid, M.; Snoussi, H. A Novel Outlier Detection Model Based on One Class Principal Component Classifier in
Wireless Sensor Networks. In Proceedings of the 2015 IEEE 29th International Conference on Advanced Information Networking
and Applications, Gwangju, Korea, 24–27 March 2015; pp. 70–76. [CrossRef]

56. Ayadi, A.; Ghorbel, O.; Bensaleh, M.S.; Obeid, A.; Abid, M. Performance of outlier detection techniques based classification in
Wireless Sensor Networks. In Proceedings of the 2017 13th International Wireless Communications and Mobile Computing
Conference (IWCMC), Valencia, Spain, 26–30 June 2017; pp. 687–692.

57. Rassam, M.; Maarof, M.A.; Zainal, A. A distributed anomaly detection model for wireless sensor networks based on the one-class
principal component classifier. Int. J. Sens. Netw. 2018, 27, 200. [CrossRef]

58. Takianngam, S.; Usaha, W. Discrete Wavelet Transform and One-Class Support Vector Machines for Anomaly Detection in
Wireless Sensor Networks. In Proceedings of the International Symposium on Intelligent Signal Processing and Communication
Systems (ISPACS), Chiang Mai, Thailand, 7–9 December 2011.

59. Siripanadorn, S.; Hattagam, W.; Teaumroong, N. Anomaly detection using self-organizing map and wavelets in Wireless Sensor
Networks. In Proceedings of the 10th WSEAS International Conference on Applied Computer Science (ACS’10), Takizawa, Japan,
4–6 October 2010; Volume 4, pp. 291–297.

http://doi.org/10.1515/PIKO.2004.228
http://doi.org/10.1109/TSMCB.2006.876189
http://doi.org/10.1007/s10462-013-9395-x
http://doi.org/10.1155/2020/9723279
http://doi.org/10.1016/j.comnet.2014.03.027
http://doi.org/10.3390/s18010313
http://www.ncbi.nlm.nih.gov/pubmed/29361772
http://doi.org/10.1186/s41044-016-0014-0
http://doi.org/10.1109/WICOM.2010.5601180
http://doi.org/10.1109/ISSNIP.2010.5706781
http://doi.org/10.1007/11596042_21
http://doi.org/10.1145/1089761.1089765
http://doi.org/10.3390/s111110010
http://doi.org/10.1145/1774088.1774210
http://doi.org/10.1109/JSEN.2015.2388498
http://doi.org/10.1109/TPAMI.2003.1217609
http://doi.org/10.1109/TIFS.2010.2051543
http://doi.org/10.3390/s130810087
http://www.ncbi.nlm.nih.gov/pubmed/23966182
http://doi.org/10.1109/AINA.2015.168
http://doi.org/10.1504/IJSNET.2018.093126


Sensors 2021, 21, 8017 23 of 23

60. Alshammari, H.; Ghorbel, O.; Aseeri, M.; Abid, M. Non-Negative Matrix Factorization (NMF) for outlier detection in Wireless
Sensor Networks. In Proceedings of the 2018 14th International Wireless Communications & Mobile Computing Conference
(IWCMC), Limassol, Cyprus, 25–29 June 2018; pp. 506–511. [CrossRef]

61. Ayadi, A.; Ghorbel, O.; BenSalah, M.; Abid, M. Spatio-temporal correlations for damages identification and localization in water
pipeline systems based on WSNs. Comput. Netw. 2020, 171, 107134. [CrossRef]

http://doi.org/10.1109/IWCMC.2018.8450421
http://doi.org/10.1016/j.comnet.2020.107134

	Introduction 
	Related Work 
	The Proposed CESVM-DR Scheme 
	Description of Proposed CESVM-DR Scheme 
	Training Phase (Offline) 
	Detection Phase (Online) 


	Experimental Design 
	Preprocessing 
	Datasets and Data Labeling 
	Testing Procedures 
	Performance Evaluation 

	Results and Analysis 
	Effectiveness Evaluation 
	Accuracy Evaluation Using the Simulated-Based Data Labelling 
	Accuracy Performance Result Using Histogram-Based Dataset 

	Efficiency Evaluation 
	Memory Utilization 
	Computational Complexity 
	Communication Overhead 


	Conclusions 
	References

