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Abstract: We propose a new peak searching algorithm (PSA) that uses Bayesian optimization to find
probability peaks in a dataset, thereby increasing the speed and accuracy of clustering algorithms.
Wireless sensor networks (WSNs) are becoming increasingly common in a wide variety of applications
that analyze and use collected sensing data. Typically, the collected data cannot be directly used
in modern data analysis problems that adopt machine learning techniques because such data lacks
additional information (such as data labels) specifying its purpose of users. Clustering algorithms
that divide the data in a dataset into clusters are often used when additional information is not
provided. However, traditional clustering algorithms such as expectation–maximization (EM) and
k-means algorithms require massive numbers of iterations to form clusters. Processing speeds are
therefore slow, and clustering results become less accurate because of the way such algorithms form
clusters. The PSA addresses these problems, and we adapt it for use with the EM and k-means
algorithms, creating the modified PSEM and PSk-means algorithms. Our simulation results show
that our proposed PSEM and PSk-means algorithms significantly decrease the required number
of clustering iterations (by 1.99 to 6.3 times), and produce clustering that, for a synthetic dataset,
is 1.69 to 1.71 times more accurate than it is for traditional EM and enhanced k-means (k-means++)
algorithms. Moreover, in a simulation of WSN applications aimed at detecting outliers, PSEM
correctly identified the outliers in a real dataset, decreasing iterations by approximately 1.88 times,
and PSEM was 1.29 times more accurate than EM at a maximum.

Keywords: peak searching; clustering; Gaussian mixture model; Bayesian optimization; Gaussian
process; outlier detection

1. Introduction

Over the past decade, wireless sensor networks (WSNs) have been widely applied in applications
that involve analyzing collected data to improve quality of life or secure property. For example,
sensor nodes are present in homes, vehicle systems, natural environments, and even satellites and
outer space. These sensors collect data for many different purposes, such as health monitoring,
industrial safety and control, environmental monitoring, and disaster prediction [1–4]. In such WSN
applications, sensing data can be manually or automatically analyzed for specific purposes. However,
in the age of big data, an increasing amount of sensing data is required for precise analysis in the WSN
applications. Consequently, it is difficult or, in some cases, even impossible to manually analyze all of
the collected data.

There are several conventional ways to automatically manage the collected data. The most typical
and the easiest method is to set threshold values that correspond to sensing events. Events are triggered
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once the data exceed these thresholds. However, the thresholds in large-scale WSNs vary, and change
due to environment changes. Moreover, precise analysis results cannot be obtained through the use of
thresholds alone.

A complementary approach uses supervised machine learning. In this approach, a model is
trained that can categorize sensing data into the different states required by an application. However,
because sensing data labels are required in the training phase, extra work is required to manage
the data. This process is particularly difficult when the dataset is large. Moreover, if the sensing
environment changes, certain labels must also change. It is difficult to maintain a functional model
under conditions where labels change frequently; this affects the analysis results.

Unsupervised machine learning methods are feasible and well-studied, and are not associated
with the data labeling problems described above. Clustering is an important and common
method in such approaches. In clustering, the overall features of the dataset are extracted. Then,
the data are divided into clusters according to their features. As a result, data labeling is not
required, and the data-labeling difficulties that occur in supervised approaches can be avoided.
However, in state-of-the-art clustering methods such as the expectation-maximization (EM) [5] and
k-means [6] algorithms, a massive number of iterations must be performed in order to form clusters,
and a significant amount of computation time is required. Furthermore, because these algorithms
use random starting data points as initial center points to form clusters, and because the number of
clusters is not precisely determined, the clustering results become less accurate. To address these
problems, in this paper, we propose a peak searching algorithm (PSA) for improving clustering
algorithm capabilities.

Our approach should be applicable to different dataset distributions. Therefore, the collected
sensing dataset is considered to be generated by a Gaussian mixture model composed of several
different Gaussian distributions. If the number of Gaussian distributions and appropriate initial center
points are known, clustering algorithms can appropriately divide the dataset into different clusters
because each Gaussian distribution corresponds to a cluster. The proposed PSA employs a Bayesian
optimization (BO) strategy that uses a Gaussian process [7]. Bayesian optimization is typically used
for hyper-parameter optimizations; to the best of our knowledge, our approach is the first to use BO
to improve clustering. Moreover, other Bayesian theorem based algorithms, such as [8–11], are also
appropriate optimization strategies for training online and offline machine learning algorithms.

Given a collected dataset, the PSA searches for the data points with the highest probability values
(i.e., peaks in the dataset). A Gaussian distribution peak is a point that corresponds to the mean.
By searching the peaks, we can obtain appropriate initial center points of Gaussian distributions,
hence, the corresponding clusters. This method overcomes the difficulties associated with the hard
determination of starting data points in traditional cluster algorithms, thereby reducing the number of
iterations. By using the PSA, cluster algorithms can form clusters using peak points instead of random
starting points, which improves the clustering accuracy.

We used simulations to investigate the potential of the proposed PSA for improving algorithm
performance. To measure performance improvements, we applied the PSA to the EM and
k-means algorithms. We refer to these modified algorithms as PSEM and PSk-means, respectively.
The simulation results showed that, for PSEM and PSk-means, the required numbers of clustering
iterations were significantly reduced by 1.99 to 6.3 times. Additionally, for synthetic datasets, clustering
accuracy was improved by 1.69 to 1.71 times relative to the traditional EM and enhanced version of
k-means, i.e., k-means++ [12].

The proposed method can accurately group data into clusters. Therefore, any outliers in a dataset
can be clustered together, making them possible to identify. Because outliers obviously reduce the
capabilities of the WSN applications, we also conducted a simulation using a real WSN dataset from
the Intel Berkeley Research lab (Berkeley, CA , USA). This allowed us to compare the outlier-detection
capabilities of PSEM and EM. Our simulation results showed that PSEM correctly identified outliers,
decreased iterations by approximately 1.88 times, and improved accuracy by 1.29 times at a maximum.



J. Sens. Actuator Netw. 2018, 7, 2 3 of 19

The remainder of this paper is organized as follows. Section 2 outlines related works, while
Section 3 introduces BO. Section 4 describes the proposed PSA and Section 5 presents the simulation
results. Section 6 presents a discussion of this work. Section 7 summarizes key findings, presents
conclusions, and describes potential future work.

2. Related Works

This section describes the techniques used in the clustering algorithms, which are used to
automatically divide a collected dataset into different clusters. There are two main types of clustering
approaches. The first is based on parametric techniques. To cluster a dataset, the parameters of
the statistical model for a dataset must be calculated. The EM algorithm is a parametric technique.
The second type of clustering approach uses non-parametric techniques, in which the calculated
parameters of a statistical model are not required for clustering a dataset. k-means and k-means++ are
non-parametric techniques.

We describe the two clustering approaches in the following subsections. Moreover, because outlier
detection is critical in the WSN applications, we describe some relevant outlier detection approaches.

2.1. Parametric Techniques

Parametric techniques assume that a dataset is generated from several parametric models, such as
Gaussian mixture models. The clustering process is conducted by calculating the parameters of each
Gaussian model, and assuming that data points in the same cluster can be represented by the same
Gaussian model. Usually, a Gaussian model is chosen as the default model because it conforms to the
central limit theorem [13,14] parametric techniques used. From the collected dataset, they calculated
detailed a priori estimates of statistical parameters for the assumed statistical model (for example,
the mean, median, and variance). This allowed them to fit statistical models.

EM [5] is a famous and widely used algorithm for clustering datasets using parametric techniques.
The EM algorithm first calculates responsibilities with respect to given parameters (means and
variances). This is referred to as the E-step. Then, the EM algorithm uses the responsibilities to
update the given parameters. This is referred to as the M-step. These two steps are iteratively
executed until the parameters approach the true parameters of the dataset. When those parameters are
determined, the Gaussian models in the Gaussian mixture model are fixed. Therefore, clustering can
be accomplished using the Gaussian models.

There are many benefits associated with parametric techniques: (i) such techniques assign a
probability criterion to every data point to determine whether or not it belongs to a cluster; and (ii) such
techniques do not require additional information (for example, labels on data points that indicate their
statuses). On the other hand, parametric techniques cannot be deployed in a distributed way because
a significant number of data points are required to estimate the mean and variance. Thus, methods
that use parametric techniques are deployed in a centralized way.

2.2. Non-Parametric Techniques

Some algorithms use non-parametric techniques, which cluster datasets without using statistical
models. Non-parametric techniques make certain assumptions, such as density smoothness.
Typical methods use histograms, as in [15–17]. Histogram-based approaches are appropriate for
datasets in low-dimensional spaces because the calculations in histogram-based techniques have an
exponential relationship with the dimensions of a dataset. Therefore, this type of approach has low
scalability to problems with larger numbers of data points and higher-dimensional spaces.

One typical non-parametric cluster algorithm is k-means [6]. In k-means, when candidate cluster
centers are first provided to the algorithm, the number of centers is equal to the number of clusters.
Then, k-means is used to calculate the sum of the distances from the center of each cluster to every
data point. These two steps are iteratively executed, and k-means updates the given cluster centers
by minimizing the calculated sum. When cluster centers are determined, clusters are formed.
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However, k-means cannot guarantee that the candidate centers will be close to the true cluster centers.
The iterations and clustering accuracy of the algorithm are not satisfying.

To overcome the disadvantages of k-means, Arthur and Vassilvitskii [12] proposed k-means++,
which is based on the k-means algorithm. k-means++ and k-means are different because k-means++
uses the number of k values to execute a calculation that identifies the appropriate data points to use
as the initial centers. In contrast, in the k-means algorithm, the initial centers are randomly selected,
which increases the number of clustering iterations. Therefore, k-means++ requires fewer iterations
than k-means.

In conclusion, there are disadvantages associated with the use of both parametric and
non-parametric techniques in the WSNs. Parametric techniques can only estimate a model
when sufficient data is available, and they are therefore difficult to use in a distributed way.
While non-parametric techniques can be executed in a distributed way in the WSNs, they cannot
provide a probability criterion for detection. Moreover, both techniques require a massive number of
iterations to form clusters and use random starting data points. These require significant computing
power and have low accuracy.

2.3. Outlier Detection in WSN Applications

Outliers are very common in collected datasets for two reasons. First, sensor nodes are vulnerable
to failure because the WSNs are often deployed in harsh environments [18–21]. Outliers are commonly
found in datasets collected by the WSNs installed in harsh environments [22,23]. Second, noise
in wireless signals and malicious attacks both create outliers [24,25], which obviously reduce the
WSN capabilities.

The clustering methods are also used for outlier detection in the WSN applications. For instance,
to robustly estimate the positions of sensor nodes, Reference [26] used the EM algorithm to iteratively
detect outlier measurements. The EM algorithm was used to calculate variables that could indicate
whether or not a particular measurement was an outlier. Reference [27] conducted similar work
using EM algorithms to detect outliers. Additionally, Reference [28] proposed a novel flow-based
outlier detection scheme based on the k-means clustering algorithm. This method separated a dataset
containing unlabeled flow records into normal and anomalous clusters. Similar research by [29] used
k-means to detect heart disease. However, approaches using EM and k-means to detect outliers suffer
from the previously mentioned problems of clustering iteration and accuracy. The approach that we
introduce later in this paper can solve such problems.

3. Bayesian Optimization

Before a dataset can be divided into clusters, the starting data points of clusters in the dataset must
be determined. In particular, the number of peak points (a peak point is a data point corresponding to
the maximum probability) in a dataset corresponds to the number of clusters. In this study, we use
BO to identify peak points. Typically, we do not know the form of the probability density function
p(x). Nevertheless, we can obtain the approximate value f (x) of p(x) at data point x, with some
noise. For example, we can approximately compute the density of a certain volume. This density is an
approximate value of the probability density (see Section 4). However, obtaining the maximum density
can be computationally expensive because of the large number of data points. To reduce computation
costs, we used BO [30,31], a very powerful strategy that fully utilizes prior experience to obtain the
maximum posterior experience at each step. This allows the maximum density to be approached.
Thus, fewer data points are required to obtain the maximum density. In the following subsection,
we introduce the Gaussian process used in BO.

3.1. Gaussian Process

In BO, a Gaussian process (GP) is used to build a Gaussian model from the provided information.
The model is then updated with each new data point. Assume that a set of data points contains t
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elements: {x1, x2, · · · , xt}. We use the notation x1:t to represent the set of data points. Each of these
points exists in a D-dimensional space. An example data point is xi = (xi1, · · · , xiD).

There is an intuitive analogy between a Gaussian distribution and a GP. A Gaussian distribution
is a distribution over a random variable. In contrast, the random variables of a GP are functions.
The mean and covariance are both functions. Hence, function f (x) follows a GP and is defined
as follows:

f (x) ∼ GP(m(x), k(x, x′)), (1)

where m(x) is the mean function, and k(x, x′) is the kernel function of the covariance function.
Suppose that we have a set of data points x1:t and their corresponding approximate probability

density { f (x1), f (x2), · · · , f (xt)}. We assume that function f (xi) can map a data point xi to
its probability density p(xi) with some noise. For concision, we will use f1:t to represent
the set of functions for each data point { f (x1), f (x2), · · · , f (xt)}. For the collected dataset,
D1:t = {(x1, f1), (x2, f2), · · · , (xt, ft)} is the given information. For convenience, we assume that
D1:t follows the GP model, which is given by an isotropic Gaussian N (0, K) whose initial mean
function is zero and covariance function is calculated using K, as follows: (k(xi, xj) consists of the
kernel functions)

K =

k (x1, x1) · · · k (x1, xt)
...

. . .
...

k (xt, x1) · · · k (xt, xt)


Once, we have calculated K, we build a GP model from the information provided.
A new data point xt+1 also follows ft+1 = f (xt+1). According to the GP properties, f1:t and ft+1

are jointly Gaussian: [
f1:t
ft+1

]
= N

(
0,

[
K k
kT k (xt+1, xt+1)

])
where

k =
[
k (xt+1, x1) k (xt+1, x2) · · · k (xt+1, xt)

]
Moreover, we want to predict the approximate probability density ft+1 of the new data point xt+1.

Using Bayes’ theorem and D1:t, we can obtain an expression for the prediction:

P ( ft+1|D1:t, xt+1) = N
(

µt(xt+1), σ2
t (xt+1)

)
(2)

where

µt (xt+1) = kTK−1 f1:t,

σ2
t (xt+1) = k(xt+1, xt+1)− kTK−1k (3)

We can observe that µt and σ2
t are independent of ft+1 and that we can calculate ft+1 using the

given information.

3.2. Acquisition Functions for Bayesian Optimization

Above, we briefly describe how to use the given information to fit a GP and update the GP
by incorporating a new data point. At this point, we must select an appropriate new data point
xi+1 to use to update the GP, so that we can obtain the maximum value of f (xi+1). To achieve
this, we could use BO to realize exploitation and exploration. Here, exploitation means that we
should use the data point with the maximum mean in the GP because that point fully uses the given
information. However, this point cannot provide additional information about the unknown space.
Exploration means that a point with a larger variance in the GP can provide additional information
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about the unknown area. The acquisition functions used to find an appropriate data point are designed
on the basis of exploitation and exploration. There are three popular acquisition functions: probability
of improvement, expectation of improvement, and upper confidence bound criterion.

The probability of improvement (PI) function is designed to maximize the probability of
improvement over f (x+), where x+ = argmaxxi∈x1:t

f (xi). The resulting cumulated distribution
function is:

PI(x) = P
(

f (x) ≥ f (x+) + ξ
)

= Φ
(

µ(x)− f (x+)− ξ

σ(x)

)
(4)

where ξ is the exploration strength, which is provided by the user.
The expectation of improvement (EI) is designed to account for not only the probability of

improvement, but also the potential magnitude of improvement that could be yielded by a point.
The EI is expressed as

EI(x) =

{
(µ(x)− f (x+)− ξ)Φ(Z) + σ(x)φ(Z) i f σ(x) > 0

0 i f σ(x) = 0
(5)

Z =


µ(x)− f (x+)−ξ

σ(x), i f σ(x) > 0

0, i f σ(x) = 0
(6)

The upper confidence bound (UCB) criterion uses the confidence bound, which is the area
representing the uncertainty between the mean function and variance function in Equation (3).
The UCB is compared with the other two acquisition functions, and is relatively simple and intuitive.
In detail, it directly uses the mean and variance functions obtained from the given information.
A potential new data point is presented by the sum of (i) the mean function, and (ii) a constant ν times
the variance function. That is, given several potential new data points, the data point with the largest
UCB will be selected as the next new data point. Moreover, ν, which is greater than 0, indicates how
many explorations are expected. The UCB formula is

UCB(x) = µ(x) + νσ(x) (7)

These three acquisition functions are suited to different datasets, and allow us to obtain an
appropriate new data point. The BO algorithm (Algorithm 1) is shown below.

Algorithm 1: BO

1 for i = 1, 2, . . . do
2 Fit a GP to the given information D1:t;
3 Use acquisition functions to find a data point x that has the maximum value µ(x|D1:t) over

GP;
4 Calculate the value of f (x) at xi;
5 Augment the dataset D1:t+1 = {D1:t, (xi, fi)} and update the GP;
6 end

4. Peak Searching Algorithm

In this section, we first introduce some preliminary information related to our proposed algorithm.
Then, we explain the algorithm.
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4.1. Preliminary Investigations

In most cases, the environment can be represented as a collection of statuses that indicate whether
or not certain events have occurred. Such events include fires, earthquakes, and invasions. The data
points collected by the sensor nodes contain measurements that describe the statuses of these events.
One can assume that the collected dataset is generated by a Gaussian mixture model (GMM) because the
data points contained in the dataset are collected from the normal environment, or from natural events.
Thus, before fitting a GMM, it is necessary to clarify the peaks of the GMM because each peak is a point
that has the largest probability corresponding to a Gaussian distribution. Therefore, we need to know
the probability of each data point when we search for the dataset peaks. Although the probability
density function is unknown, it can be approximated using alternative methods, which are shown
as follows.

One type of method assumes that the set of data points exists in a D-dimensional space.
The probability of data point x can then be approximated as follows: (i) set x as the center of a volume
with side h. Figure 1 shows an example of a volume in 3D space, where the length of each side is h;
and (ii) the density of the volume with center x, calculated using Equation (8) [31], is approximately
equal to the probability at data point x. The density p(x) in this formula depends on the length of side
h in the volume and the number T (that is, the number of neighbors of data point x in the volume).
N is the total number of data points in the dataset and hD is the size of the volume. Thus, to search
for the peaks, we must calculate the densities of all of the different data points using Equation (8).
However, this is computationally expensive:

p (x) =
T

NhD . (8)

!

"

#

!"#$%!

&'()*$

"

Figure 1. A volume in three-dimensional space.

Another method fixes h and applies a kernel density estimator [31]. In this case, the probability of
data point x can be calculated as

p(x) =
1

NhD

T

∑
i=1

K
(

x− xi
h

)
, (9)

where K(•) is the kernel function and T is the number of data points in a volume with side h.
Then, the largest value of p(x) occurs along the gradient of Equation (9), which is

∇p(x) =
1

NhD

T

∑
i=1

K′
(

x− xi
h

)
. (10)

By setting Equation (10) equal to zero, we can calculate the point along the gradient that has
the largest p(x). With this method, we do not need to search through the unimportant data points,
which reduces the time required to identify peaks. However, Equations (9) and (10) are difficult to
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solve. Moreover, the length of side h affects the peak search results. Firstly, it supposes that all of the
volumes have the same size because they have the same h. Secondly, an inappropriate h value will lead
to an incorrect result. In particular, h values that are too large cause over-smoothing in high-density
areas, while h values that are too small cause significant noise in low-density areas. To overcome these
shortcomings, we introduce the PSA, which we describe in the following subsection.

4.2. The Algorithm

We propose a peak searching algorithm (PSA) that does not consider parameter h. We will use
simulations to investigate the details of the PSA, which can be used to improve the speed and accuracy
of clustering algorithms such as EM and k-means.

In Equation (10), x−xi
h is a vector that starts at point x and ends at neighboring point xi. Because a

kernel function is used to calculate the inner product of the vector, in this case, the inner product is
equal to the vector mode. Moreover, it calculates the largest p(x) and the location of data point x
where x on the vector at 1

NhD times the mode of the vector. Therefore, the largest probability for finding
the peak lays on this vector. This allows us to concentrate only on the vector, without considering
constants 1

NhD and h. Hence, we propose using Vx to represent the vector in the PSA as

Vx =
∑T

i=1(x− xi)

‖∑T
i=1(x− xi)‖

. (11)

In Equation (11), only Vx is searched. A significant amount of non-important space is not searched.
However, many probabilities must be calculated along Vx. Moreover, because there are too many
data points on the vector Vx, it becomes impossible to search for the best data point with the largest
probability in a limited amount of time. Hence, we apply BO when searching for the largest probability
along Vx. BO optimizes the method for searching the maximum probability value mentioned in
Algorithm 1. However, as we mentioned in Section 3, the form of probability function p(x) is not
known, and it can instead be represented by an approximate probability function, which is f (x)
in Algorithm 1 line 4. Therefore, in this paper, we use Equation (8) to calculate the approximate
probability function, which we use in the proposed algorithm. Equation (8) is simpler and more
practical for finding dataset peaks. The following describes the details of the proposed PSA.

Next, we will explain how the PSA works in accordance with Algorithm 2. The initializing
step requires a number of starting data points from which to begin the search for peaksbecause
the dataset may contain multiple peaks. Therefore, the PSA randomly selects M starting points,
{x(1), x(2), · · · , andx(M)}. For convenience, we will use starting point x(j) to describe the details of the
method. Vector x(j) is calculated using Equation (11) in line 1. The peak searching process shown
in Figure 2 contains four steps. In Step 1, the PSA uses Algorithm 1 to search for the peak. That is,
data point x(j)

i , which has a maximum probability along V (j)
x . The probability denoted by p

(
x(j)

i

)
is

calculated using Equation (8) as shown in line 4. In Step 2 in line 5, a new vector V (j)
xi is calculated on

the basis of x(j)
i and its T neighboring data points. In Step 3, the method searches for the peak x(j)

i+1

along V (j)
xi in line 6. Notice that data points x(j)

i and x(j)
i+1 are possible dataset peaks. Step 4 starts from

line 7 to 14, and the method repeats these steps until the difference between p
(

x(j)
i

)
and p

(
x(j)

i+1

)
gets

close enough to zero. At this point, data point x(j)
i+1 is selected as a dataset peak. The same four steps

are used with the other starting data points to identify all peaks in the dataset.
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Algorithm 2: PSA

1 Given a starting data point x(j), and calculate the V (j)
x ;

2 i = 0 ;
3 while True do

4 Search for Max p
(

x(j)
i

)
along V (j)

x by using Algorithm 1 ;

5 Set x(j)
i as a peak and calculate V (j)

xi with x(j)
i ’s K neighbors;

6 Search for Max p
(

x(j)
i+1

)
along V (j)

xi by using Algorithm 1 ;

7 if
∣∣∣p (x(j)

i

)
− p

(
x(j)

i+1

)∣∣∣ < ε then

8 x(j)
i+1 is a peak of the dataset ;

9 break ;
10 else

11 Set x(j)
i+1 as a peak and calculate V (j)

xi+1 with x(j)
i+1’s T neighbors ;

12 V (j)
x ← V (j)

xi+1 ;
13 i← i + 1 ;
14 end
15 end
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Figure 2. Peak searching.

5. Simulation and Analysis

In this section, we investigate the efficiency of the proposed PSA. Because the PSA is a method for
improving clustering algorithms, we must use it in state-of-the-art clustering algorithms to evaluate the
extent to which the PSA can improve those algorithms. As mentioned in Section 2, EM and k-means
are common clustering algorithms. Here, variations of those algorithms using the PSA are referred to
as PSEM and PSk-means, respectively. In PSEM and PSk-means, the PSA first searches the peaks of
the collected dataset. Then, EM and k-means use the obtained peaks as the initial starting points to
start clustering. In the simulations, we assume that the collected datasets follow GMMs, and that the
number of peaks found by the PSA is equal to the number of Gaussian distributions.
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We conducted simulations using synthetic datasets and a real dataset. In simulations with
synthetic datasets, we compared the accuracies and iterations of PSEM and PSk-means with those of
the original EM (OEM), k-means, and k-means++ algorithms. Moreover, because recall and precision
are important evaluation indicators, we also used the simulations to compare recalls and precisions.
In the simulation using a real dataset, we simulated our methods in order to detect outliers. Because
a real dataset could be either isotropic or anisotropic, and because k-means has a weak effect on
anisotropic datasets, we only compared PSEM to OEM for the real dataset.

5.1. Simulation on Synthetic Datasets

5.1.1. Synthetic Dataset

We generated two synthetic datasets, whose data points contained two features. Each dataset
was generated using a GMM that contained two different Gaussian distributions. The Gaussian
distributions in the first dataset were isotopically distributed; their true peaks (means) were (1, 1)
and (2, 2) and their variances were 0.6 and 0.5, respectively. The Gaussian distributions in the
second synthetic dataset were transformed using the following matrix to create anisotropically
distributed datasets: [

0.6 −0.6
−0.4 0.8

]
.

The two synthetic datasets are shown in Figure 3. The two synthetic datasets are appropriate for
these types of simulations because they can represent both easy and difficult clustering situations. This
allows us to evaluate the effects of our algorithm.

0 1 2 3 4
−4

−2

0

2

4

Isotropical distributed data

Ture Peaks
Identified Peaks

−2 −1 0 1 2 3 4

Anisotropical distributed data

Ture Peaks
Identified Peaks

Figure 3. Synthetic dataset.

5.1.2. Simulations and Results

To estimate the extent to which the PSA can improve clustering capabilities, we compared PSEM
with the original EM (OEM) algorithm. Both PSEM and OEM use EM to fit a GMM, and have a time
complexity of O(N3), where N is the number of data points. Hence, we cannot use time complexity to
compare PSEM and EM. Computational efficiency can also be measured from the number of iterations.
The EM algorithm contains two steps: the E-step and the M-step. These two steps are iteratively
executed to fit a GMM, and are the core calculations of this algorithm. Hence, we compared the
number of iterations in PSEM (i.e., how many E-steps and M-steps were executed) with the number
of iterations in OEM. Note that the OEM algorithm does not use PSA, so its calculations start at
randomly selected initial starting points.
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PSEM and OEM were executed 200 times for the two different datasets. Figure 3 shows 200 peak
searching results for PSA. The dark crosses indicate the peaks identified by PSA. We can see that,
in the isotropically distributed dataset, the identified peaks are very close to the true peaks. In the
anisotropically distributed dataset, the identified peaks are also close to the true peaks. Figure 4
illustrates the number of iterations (y-axis) for each size of dataset (x-axis). In the peak searching step,
three different acquisition functions are used (UCB, EI, and PI), and their calculation efficiencies are
compared. According to the results shown in Figure 4, there were 3.06 to 6.3 times fewer iterations for
PSEM than OEM. In other words, the PSA improved the calculation efficiency of OEM by 73.9% to
86.3%. Moreover, we can see that there is no obvious difference between the three acquisition functions.
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Figure 4. Comparison of iterations: OEM.

Because we wanted to fairly estimate the extent to which the proposed PSA improves clustering
capabilities, we compared the PSA to k-means++ in another simulation. k-means++ uses a special
method to calculate its initial points, and its clustering method increases the speed of convergence.
Note that both PSk-means and k-means++ are based on k-means, which has a time complexity O(N2T),
where N is the number of data points and T is the number of iterations. Similarly, we cannot use time
complexity to compare calculation efficiencies. However, we can compare the number of iterations
required for PSk-means to that required for k-means++. Both of these algorithms were executed
200 times with the two different datasets, and the results are shown in Figure 5.
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Figure 5. Comparison of iterations: k-means++.

The simulation results are shown in Figure 5. The average number of iterations for PSk-means is
reduced by 1.04 to 1.99 times compared with the number of iterations for k-means++. In other words,
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the PSA improved the calculation efficiency of OEM by 51% to 67%. Additionally, there was no
obvious difference between the three acquisition functions.

5.1.3. Performance Estimation of Clustering

Accuracy, precision, and recall are three commonly used measurements for estimating machine
learning algorithm performance. Therefore, we adopt these measurements to quantify the
performances of our proposed algorithm. In simulations, a dataset containing two clusters is generated
by GMM. To explain these measurements, we assume that the two clusters are cluster A and cluster B.
Data points belonging to cluster A are considered to be positive instances, while those that belong to
cluster B are considered to be negative instances. If a data point from cluster A is correctly clustered
into cluster A, it is a true positive (TP) result. Otherwise, it is a false positive result (FP). Similarly,
if a data point from cluster B is correctly clustered into cluster B, that is a true negative (TN); otherwise,
it is a false negative (FN). Overall accuracy can be calculated as follows:

accuracy =
TP + TN

TP + FP + TN + FN
. (12)

Recall is equal to the ratio of TP to the total number of positive instances. It is based on the total
positive instances, and shows how many positive instances can be detected by the algorithm. It is
calculated as

recall =
TP

TP + FN
. (13)

From a prediction standpoint, Precision indicates how many TPs occur in the detected positive
instances. It presents the proportion of TP to the total number of data points that are detected as
positive, which is equal to TP + FP. Precision is calculated as

precision =
TP

TP + FP
. (14)

We estimated the accuracy, precision, and recall of the PSk-means and PSEM clustering
algorithms, and compared the values with those for k-means, k-means++, and OEM. We repeated
this estimation 200 times for each dataset; the average accuracy of each algorithm is shown in
Figures 6 and 7. The isotropic datasets shown in Figure 3 are difficult to cluster because the two
clusters partially overlap and their centers are very close together. We can see from the simulation
results shown in Figure 6 that the estimations of k-means, k-means++, and OEM are similar. However,
PSk-means and PSEM show a great improvement over their original algorithms. The accuracy of
PSk-means is 1.69 times higher than that of k-means++, while that of PSEM is 1.71 times higher than
that of OEM. The recall of PSk-means is 1.66 times higher than that of k-means++, and the recall of
PSEM is 1.83 times higher than that of OEM. Moreover, the precision of PSk-means is 1.64 times
higher than that of k-means++’s. The precision of PSEM is 1.84 times higher than that of OEM.
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Figure 7. Measurements for anisotropic dataset.

The results for the anisotropic datasets are shown in Figure 7. Because the anisotropic datasets
are elliptical, as shown in Figure 3, and the two datasets are very close together, the datasets are
very difficult to cluster. As a result, k-means and k-means++ exhibit low estimation performance,
and PSk-means yields little improvement. However, the accuracy of PSEM was 1.48 times higher than
that of OEM, and its recall and precision were 1.44 and 1.48 times higher, respectively, than they were
for OEM. Accordingly, we can see that the PSA can improve clustering accuracy.

5.2. Simulation on a Real Dataset from Intel Berkeley Research Laboratory

We used a real sensor dataset from the Intel Berkeley Research Laboratory [32] to assess outlier
detection performance. In the simulation, we only considered two features for each data point:
temperature and humidity. Each sensor node contained 5000 data points, which are shown in Figure 8.

Because the original dataset did not provide any outlier information or labels, we manually
cleaned the data by removing values that fell outside a normal data range. All of the remaining data
points were considered to be normal. Table 1 lists the normal data ranges.
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Figure 8. Dataset from Intel Berkeley Research Laboratory.

Table 1. Normal data ranges.

Range Average

Temperature (◦C) 21.32–28.14 23.14
Humidity (%) 26.39–44.02 37.69

After completing this step, a uniform distribution was used to generate artificial outliers.
Temperature outliers were generated within a range of (27–30) ◦C, and humidity outliers were
generated within a range of (42–46)%. Thus, some outliers can fall inside the normal range with
the same probability. Outliers were then inserted into the normal dataset. We produced four different
cases, in which the outliers accounted for 5%, 15%, 20%, and 25% of the total normal data points.

5.2.1. Setting of WSNs

PSEM and OEM were run for a real dataset from the Intel Berkeley Research Laboratory.
The deployment of the WSNs is shown in Figure 9. There were 54 sensor nodes, each of which
had a Mica2Dot sensor for collecting humidity, temperature, light, and voltage values. Temperatures
were provided in degrees Celsius. Humidity was provided as temperature-corrected relative humidity,
and ranged from 0–100%. Light was expressed in Lux (1 Lux corresponds to moonlight, 400 Lux to
a bright office, and 100, 000 Lux to full sunlight), and voltage was expressed in volts, ranging from
2–3. The batteries were lithium ion cells, which maintain a fairly constant voltage over their lifetime;
note that variations in voltage are highly correlated with temperature. We selected data from 10 sensor
nodes (nodes 1 to 10) to test our method, and used only humidity and temperature values.

In this simulation, we assumed that the WSN was hierarchical and consisted of classes. (“Cluster”
is used in the WSNs to describe a group of sensor nodes. However, “cluster” can also refer to a group
of similar data points in data mining. In this paper, we use “class” instead of cluster to describe a
group of sensor nodes). Each class contained one class head (CH) and other member sensor nodes
(MSNs). The MSNs sent the data points collected over a certain time period to the CH, which used
the proposed method to monitor whether the dataset collected from its members contained outliers.
The configuration of the WSNs is shown in Figure 10.
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Figure 9. Floor plan of Intel Berkeley Research Laboratory.
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Figure 10. WSN configuration.

5.2.2. Results

Using the real dataset, we tested the proposed PSEM and compared it with the OEM. The CH
executed the PSEM or OEM to detect outliers, and sent outlier reports to the base station. We generated
four different datasets, containing 5%, 15%, 20%, and 25% outliers. (Figures 11 and 12).

5% 8% 10% 12% 15% 18% 20% 22% 25%
Proportion of Outliers

40.0%

50.0%

60.0%

70.0%

80.0%

90.0%

100.0%

Ac
cu

ra
cy

PSEM
OEM

Figure 11. Accuracy of real dataset.
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It was relatively easy to detect outliers in the test dataset containing only 5% outliers because
the proportion of outliers was so low. Thus, the accuracy of our method approached 100% for 5%
outliers. In contrast, the accuracy of the OEM was only approximately 85%. In the other datasets,
more outliers fell within the normal dataset. In such cases, it was difficult to detect the outliers;
the accuracies of both methods decreased as the proportion of outliers increased. However, PSEM
remained more accurate than OEM. In the worst case, with 25% outliers in the test dataset, its accuracy
of PSEM was approximately 80%, while the accuracy of OEM was only approximately 60%. That is,
PSEM was about 1.09 to 1.29 times more accurate than OEM. Moreover, Figure 12 shows the number
of iterations was 1.52 to 1.88 times lower for PSEM, meaning that PSEM improved the calculation
efficiency of OEM by 60% to 65.2%. Because accuracy and iteration numbers are very important metrics
for assessing the clustering algorithm efficiency, this simulation result demonstrated the practical
significance of PESM, and, therefore, of the PSA.

6. Discussion

In this section, we describe other important aspects of the WSNs, such as WSN power
consumptions and lifetime. We also discuss the advantages and disadvantages of the proposed method.

Because most sensor nodes in the WSNs are powered by batteries, sensor node power
consumptions, WSN lifetime, and energy efficiency are also important problems affecting the quality
of a WSN. Mostafaei et al. [33] proposed an algorithm PCLA to schedule sensors into active or sleep
states, utilizing learning automata to extend network lifetime. Our previous work attempted to extend
battery life by reducing peak power consumption. We scheduled sensor execution times [34], and used
optimized wireless communication routes to reduce energy consumption, with the goal of prolonging
network lifetimes [35,36]. If the proposed PSA can be applied in such approaches to analyze data
using clustering methods, then energy consumption can be further reduced. Because the PSA can
reduce clustering iterations, the required computational power decreases, leading to energy savings.

The proposed algorithm has advantages and disadvantages. In conventional clustering methods
such as EM and k-means, cluster-forming procedures are started at random data points. There are
two disadvantages associated with this. First, correct clusters may not be able to form from random
starting points. Second, because random staring points may not occur near cluster centers, massive
iterations may be needed to update random points to approach the cluster centers. However, because
the PSA can identify the peak points near cluster centers, it is a better approach for forming clusters
than an algorithm starting from a random point. Therefore, clustering algorithms using the PSA can
form clusters more accurately. Moreover, using peak points as the starting points to form clusters can
significantly reduce clustering iterations because peak points are the desired points.



J. Sens. Actuator Netw. 2018, 7, 2 17 of 19

There are some disadvantages associated with the PSA. The PSA use BO and are, therefore,
affected by the problems associated with BO. A particular issue is that a priori design is critical
to efficient BO. As mentioned in Section 3, BO uses GPs to build Gaussian models with Gaussian
distributions, making the resulting datasets transcendental. If a dataset does not have a Gaussian
distribution, the PSA may be less efficient. Another weak point of the PSA is that it is centralized. It is
not suited for highly distributed WSNs where data analyses are conducted at each sensor node.

7. Conclusions

In this paper, we proposed a new PSA for improving the performance of clustering algorithms
(i.e., for improving accuracy and reducing clustering iterations). BO is used to search for the peaks of a
collected dataset in the PSA. To investigate the efficiency of the PSA, we used the PSA to modify EM
and k-means algorithms. The new algorithms were named PSEM and PSk-means, respectively.

Using simulations, we investigated the performance of PSEM and PSk-means relative to that
of OEM and k-means++. We conducted simulations using both synthetic datasets and a real dataset.
For synthetic datasets, PSEM and PSk-means reduced iterations by approximately 6.3 and 1.99 times,
respectively, at a maximum. Moreover, they improved clustering accuracy by 1.71 times and 1.69 times,
respectively, at a maximum. On a real dataset for outliers’ detection purpose, PSEM reduced iterations
about 1.88 times, and improved clustering accuracy by 1.29 times at a maximum. These results show
that our proposed algorithm significantly improves performance. We obtained the same conclusions
by illustrating the recall and precision improvements for PSEM and PSk-means.

In the future, we will improve this method so that it can be used with high-dimensional data, such
as images collected by a camera. Moreover, we would like to deploy the peak searching algorithm with
sensor nodes, in order to allow CHs to obtain peak searching results from their neighbors; this will
reduce the calculation time required for the peak search. Thus, clustering can be implemented in the
sensor node and communication costs can be reduced.
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