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The find of density peak clustering algorithm (FDP) has poor performance on high-dimensional data. This problem occurs because
the clustering algorithm ignores the feature selection. All features are evaluated and calculated under the same weight, without
distinguishing. This will lead to the final clustering effect which cannot achieve the expected. Aiming at this problem, we
propose a new method to solve it. We calculate the importance value of all features of high-dimensional data and calculate the
mean value by constructing random forest. The features whose importance value is less than 10% of the mean value are
removed. At this time, we extract the important features to form a new dataset. At this time, improved t-SNE is used for
dimension reduction, and better performance will be obtained. This method uses t-SNE that is improved by the idea of random
forest to reduce the dimension of the original data and combines with improved FDP to compose the new clustering method.
Through experiments, we find that the evaluation index NMI of the improved algorithm proposed in this paper is 23% higher
than that of the original FDP algorithm, and 9.1% higher than that of other clustering algorithms (K-means, DBSCAN, and
spectral clustering). It has good performance in high-dimensional datasets that are verified by experiments on UCI datasets and
wireless sensor networks.

1. Introduction

In our daily life, when we are faced with a problem that we do
not have an accurate standard to classify. Cluster analysis is
an effective means to judge and analyze. It has applications
in many fields, such as finance, medical, and image. The
cluster algorithm divides elements into clusters according
to calculated mathematical characteristics. Although many
clustering algorithms have been studied and discussed, there
is no agreement on the definition of clustering. Speaking of
clustering algorithm, the first thing we have to mention is
K-means [1]. K-means is an efficient and concise algorithm,
which has been discussed by many researchers. It only needs
to set the number of clusters to calculate clustering results to
users. But these methods cannot detect clusters for nonspher-
ical data [2]. DBSCAN [3] is also a classic and effective algo-
rithm. It is a representative clustering algorithm based on
density. DBSCAN is an algorithm that is in line with the spa-
tial distribution of data and the consistency of data density.
The author creatively defines two parameters to constrain

and control the generation of clusters. But these two param-
eters also lead to the effect of the DBSCAN algorithm seri-
ously affected by the parameters. It has good robustness [4]
to outliers and can even detect outliers. Spectral clustering
[5] is a method of clustering data points by means of discrete
mathematics. The algorithm constructs an undirected graph
and judges and analyzes the properties of the undirected
graph. The most ingenious and important part of this
algorithm is to construct Laplacian matrix. To construct
Laplacian matrix, Laplacian matrix needs to calculate the
similarity matrix. Firstly, the similarity matrix will use full
connection mode. There are many kernel functions to mea-
sure the relationship between points. The average effect of
Gaussian kernel function is the best among many kernel
functions. Secondly, the Laplacian matrix is constructed by
calculating adjacency matrix and degree matrix through
similarity matrix. Finally, it needs to get the eigenvector of
Laplacian. According to eigenvalues and eigenvectors, we
can use other clustering algorithms to complete the cluster-
ing task. Balanced iterative reducing and clustering using

Hindawi
Wireless Communications and Mobile Computing
Volume 2021, Article ID 9977884, 12 pages
https://doi.org/10.1155/2021/9977884

https://orcid.org/0000-0002-8474-2591
https://orcid.org/0000-0002-5524-4809
https://orcid.org/0000-0003-0437-2453
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2021/9977884


hierarchies (BIRCH) [6] is method by tree structure to cluster
quickly. Birch algorithm is to form a clustering feature (CF)
tree. By calculating the similarity of the dataset, the most sim-
ilar sample data points in the dataset are combined, and the
process is iterated [7]. Fuzzy clustering [8] is a new clustering
algorithm with the development of the automation control
field. In the theory of fuzzy mathematics, the concept of
membership degree is mentioned for the first time. This
theory greatly promotes its development. The main solution
of the algorithm is to introduce membership degree to opti-
mize or even solve problem when a point cannot be effec-
tively identified. Affinity propagation (AP) is a clustering
algorithm using a voting mechanism with good results. The
idea of AP algorithm is very interesting, which is illustrated
by examples in our life. For example, there are many com-
modities and many customers. If a commodity can be
selected by customers, it must have its own strength. That
is to say, it must have enough attraction. Secondly, it is the
direct word-of-mouth of customers. One customer says yes,
and further recommends the next customer to buy it, and
so on. In this case, the commodity is like the cluster center
to be selected, and the customer is the point attached to the
cluster center. To sum up, the core of AP clustering algo-
rithm is to calculate the attribution matrix and attraction
matrix.

After introducing FDP, there are many papers that solve
FDP’s problem. This paper proposes a method [9] that uses
the characteristics of data point density distribution to cluster
efficiently and quickly. The algorithm ingeniously designs a
set of calculation method and selects the point with the high-
est density in a certain area as the center. Noncentral point
assignment is based on the class of the nearest point whose
density is larger than itself. Outliers are found and excluded
from the analysis. Regardless of the shape of the cluster and
the dimension of the embedded space, clustering will be
recognized.

However, FDP cannot solve many data features or high-
dimensional data effectively, some nonmain features will
interfere and affect the performance of the algorithm, and
the scientists have made a series of improvements. Among
them, dimension reduction is the first choice. A new fast
hybrid dimension reduction method [10] is proposed. It
innovatively proposes a method that combines multiple
feature extraction methods. In this way, the interference of
nonmain features can be reduced and the efficiency can be
improved. The Fisher score and feature selection based on
information gain are used to remove nonmain features. In
this way, the interference of nonmain features is reduced,
and the clustering effect is significantly improved. At pres-
ent, there are many ways to reduce dimension, and princi-
pal component analysis (PCA) [11] is the best one. PCA
creatively maps high-dimensional features to the low-
dimensional features, so that the new low-dimensional
data is an orthogonal matrix, which is also called the main
component. Because it is a low-dimensional feature recon-
structed on the basis of the original high-dimensional fea-
ture, the original feature is kept while the dimension is
reduced. In conclusion, we compare with the PCA in
experiments.

The purpose of studying the clustering algorithm is to
serve people’s life. In this paper [12], the popular concept
of topology is used. In topology, manifold learning is the
key to this paper. Manifold learning is currently a popular
dimension reduction method. Let us briefly introduce mani-
fold learning. For example, a piece of paper can be seen as
two-dimensional when it is tiled. But when it is kneaded into
a mass, it can be regarded as three-dimensional. For any
point on the tissue, whether it is kneaded into a ball or flat,
its relative position has not changed. If we can reduce the
dimension smoothly and keep the feature unchanged. At
the same time, the index matrix of the discrete clustering
optimization process is easily affected by noise. To solve
matters, a new clustering way was proposed in this paper. It
combined local adaptive subspace learning and knowledge
clustering to mine discriminant information adaptively.

Aiming at the practical problems of sample data nonlin-
earity and high dimension in complex system evaluation or
prediction, in paper [13], they all used a memetic algorithm
model [14] to achieve dimensionality reduction and achieved
good results.

In another paper, it proposed a clustering algorithm for
high-dimensional stream data. This algorithm introduced
dimension reduction into the framework of stream cluster-
ing. When the new data arrives, for the sake of finding the
local shadow space, there is necessary processing of the
disordered new data. It is very necessary to reduce the high
dimension to the low dimension. The algorithm innovatively
used the unsupervised linear discriminant analysis (LDA) to
process the data, so as to find the local shadow space. The
obtained local subspace will maximally separate the adjacent
microclusters from the incident point. Introduction points
are admeasured to the microclusters in the projection space,
which can be improved by this method.

Facing high-dimensional data, we proposed a method to
combine FDP to achieve the performance of FDP on high-
dimension data.

At this moment, let us discuss the practical application of
clustering. When it comes to practical application, we have to
mention the Internet of Things (IoT). It is often used in the
intelligent world. As a sensing layer, wireless sensor networks
are composed of many sensor networks. The sensor is the
most important part of Internet of Things. Sensors are like
human facial features to perceive the world. Sensors con-
stantly provide information for users to facilitate their pro-
duction and life. Therefore, to obtain a stable network, the
energy control of the sensor must be optimized first, so as
to extend the life of each sensor in the network. Sensor in
the network is like a data point in space. At this time, each
data point has a series of characteristics, such as relative
distance and energy consumption. How to better control
the energy consumption of wireless sensor is the difficult
problem.

In this paper, [15] creatively introduced the semantic
relationship between sensors to promote the effect of the
whole network. Therefore, it proposed the new sensor ontol-
ogy integration technology by introducing such a mechanism
which is called the debate mechanism (DM). The purpose of
this method is to extract sensor ontology alignment [16, 17].
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In this way, the communication ability between wireless
sensors is strengthened, and the performance of the whole
network is improved. The global factor in the algorithm is
calculated by the correctness factor. The local factor is calcu-
lated through the debate mechanism. By getting the global
factor and the local factor, the judgment factor can be
obtained by combining them. The judgment factor is used
to achieve ontology alignment. By this means, the effect of
the whole wireless sensor network can be improved. Inspired
by this article, we finally apply the improved FDP to wireless
sensor networks and do a comparative experiment to show
the performance.

2. Related Work

2.1. Introduction to FDP. ρi and dij are important values of
FDP. Equations (1) and (2) are designed to evaluate local
density.

ρi =〠
j

χ dij − dc
� �

, ð1Þ

χ xð Þ =
1, x < 0,

0, x = 0,

(

ð2Þ

where ρi is used to represent the local density. The degree of
similarity between point i and point j is expressed by dij. It is
generally measured by Euclidean distance. For Equation (1),
dc is usually set to 1%-2% of the total number of samples (the
total number of data points). Although the original text does
not specifically point out, the setting of dc needs to be set by
the user, and the impact on the algorithm is very huge. Partly,
the setting of dc is also very difficult. This parameter has a
great influence on the algorithm. Moreover, if the setting is
not correct, the expected effect will not be obtained, and it
is mistaken for the performance of the algorithm itself. Its
value setting is also a very popular direction, and its value
setting can effectively improve the performance of FDP.

Secondly, δi is the nearest Euclidean distance at all points
with a greater density than itself. The decision graph is set by
ρi and δi as the x-axis and y-axis of the coordinate axis,
respectively. The larger and larger sample points are selected
as the center of the class cluster in the decision graph. It needs
to check manually the region according to the generated
decision graph, and the point in the selected region is the
cluster center point. The cluster of each noncenter sample
point is the cluster of the nearest sample point higher than
the point in the neighborhood.

2.2. Introduction to t-SNE. Among many dimensionality
reduction algorithms for high-dimensional data, the stochas-
tic neighbor embedding (SNE) [18] is a very special one. The
idea of its algorithm is very clever and simple, but it contains
a lot of probability theory. It is very similar for the popular
learning mentioned above. It is about flattening a spatial
dimension into a plane. The algorithm first describes the
distribution of each point; how to measure the distribution
is a key. There are many ways to measure; here, we choose

Euclidean distance first. According to the research, different
measurement methods have a great impact on the perfor-
mance of the algorithm. We consider two data points xi
and xj which are high-dimensional data. The conditional
probability represents the degree to which data xj is a neigh-
bor of data xi by pj∣i. We can define pj∣i in this way.

Pj ij =
exp − xi − xj

�� ��2/2σ2i
� �

∑k≠iexp − xi − xkk k2/2σ2i
� � , ð3Þ

where σi is a statistical constant. First, we get the Gaussian
distribution xi which is centered and then calculate its
variance.

The essence of dimension reduction is not to change the
nature of data points and the relationship between data
points. Low-dimensional data can keep as many features as
possible. yi and yj are the data in low-dimensional corre-
sponding to high-dimensional xi and xj separately. Through
such a mapping relationship is to establish the dimensional-
ity reduction process. The conditional probability density of
a low-dimensional is defined just like that of a high-
dimensional by qj∣i.

qj ij =
exp − yi − yj

���
���
2

� �

∑k≠iexp − yi − ykk k2� � : ð4Þ

It is obvious that two conditional probability densities are
obtained by calculation, and how to deal with and use these
two values will be the key of this algorithm. If the high- and
low-dimensional distributions are consistent, then the two
conditional probabilities will be equal. Then, our goal is
relatively clear. When the two conditional probabilities are
equal or the difference is very small, the effect of dimension
reduction will be perfect. The author of SNE introduced
the Kullback-Leibler (KL) divergence distance to solve this
problem.

〠
i

KL Pi Qikð Þ =〠
i

〠
j

pj ij log
pj ij
qj ij

: ð5Þ

The dimension reduction effect of SNE is catastrophic
for clustering. The clustering algorithm cannot cluster the
reduced data effectively. Such dimension reduction is mean-
ingless for clustering. Because SNE pays more attention to
the local structure and ignores global structure. Having a
certain impact, there is also congestion problem when using
symmetric SNE.

The performance of t-distribution and Gaussian distribu-
tion is similar without interference data. But when there are
outliers in the sample, there are inconsistencies. The simula-
tion result of Gaussian distribution is not as good as that
of t-distribution. t-distribution can keep the internal struc-
ture of the original data unchanged, and the variance is
small. t-distribution can keep and show the characteristics
of the original data better. At this time, the author can
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solve this problem by using t-distribution instead of
Gaussian distribution. Equation (6) shows the result after
replacing with t-distribution.

qj ij =
1 + yi − yj

���
���
2

� �−1

∑k≠i 1 + yi − yj
���

���
2

� �−1 : ð6Þ

KL distance is to find the optimal value.

δC
δyi

= 4〠
j

pij − qij
� �

yi − yj
� �

1 + yi − yj
���

���
2

� �−1
: ð7Þ

However, we find that the FDP algorithm cannot effec-
tively cluster the data after t-SNE dimensionality reduction.

In the process of Figures 1–3, the data in Figure 1 only
has six groups of features. After dimensionality reduction,
we can see that each class is separated and not mixed
together. Figure 2 has 7 groups of features. At this time, a

small green piece appears near a large yellow block, and a
small yellow one appears near the green one. If a clustering
algorithm is used, the green class will be divided into yellow,
and the yellow small piece is divided into green, which leads
to the final result error of clustering. In this picture, the same
is true. There are many other cases which will lead to the
error of the final clustering results. But there are 10 groups
of data in Figure 3. It should have appeared in the same
region with the same color. However, it can be seen from
the graph that many colors are mixed together and are not
effectively separated. If clustering algorithm is used at this
time, the accuracy of clustering algorithm will be reduced,
and even the wrong results will be obtained. In the next
section, we propose an improvement.

3. Algorithm Improvement

3.1. Feature Extraction. Figures 1–3 show the process in
which the effect of the algorithm becomes worse as the fea-
ture increases. t-SNE [19] has decreased with the increase
of data features. The cluster algorithm cannot be correctly
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Figure 1: t-SNE for 0-5 digits. We select digits dataset 0-5 and use t-SNE to test the effect. When there are few features, it can be seen from the
figure that only 2 small clusters are not distributed according to the ideal.
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Figure 2: t-SNE for 0-6 digits. When the features increase, the data reduced by t-SNE is more difficult to be analyzed by clustering.
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distributed to the right location. This will inevitably degrade
the performance of cluster algorithm. We decided to intro-
duce random forest to improve the performance.

The performance of traditional t-SNE still has some
problems, so we decided to introduce random forest to
improve the performance. The data in scientific research
and production life are very complex, but the main features
of these data that can distinguish each other are sometimes
not many. For example, fruit can be distinguished by shape
and color. Therefore, effectively selecting the main features
can improve the performance of the t-SNE algorithm. The
feature extraction of random forest [20] is mainly based on
the out of bag (OOB) principle. If a feature is important, then
when a certain amount of noise is introduced into the distrib-
uted data of this feature, the performance of the model
should be greatly changed by random forest training with
only the changed data of this feature. On the contrary, if a
feature is unimportant, the performance of the retrained
model will not change much. Data has many features. We
need to calculate the importance value of all features. Firstly,
a random forest is established, and the decision tree of the
random forest uses C4.5. Firstly, for a feature, the error of
its packet data is calculated according to the established
random forest, which is recorded as errOOB1. Then, the
interference data is added to the same feature to calculate
errOOB2.

Importancex =
∑N

i=1 errOOB2 − errOOB1ð Þ
N

: ð8Þ

N stands for n trees. If we add noise to a feature at ran-
dom, Importancex will be greatly reduced, which means that
the main feature. It has a high degree of importance. The fea-
ture select process is to sort the feature variables by random
forest in descending order of Importancex. A new feature
set is obtained by determining the deletion ratio and elimi-
nating the unimportant indexes from the current feature
variables. After calculating the importance value of all the
features, we calculate their average value. If the importance

value is less than 10%-20% of the mean value, the remaining
features are the main features. After dimensionality reduc-
tion of these features, the effect of FDP will increase.
Figures 4 and 5 show the effect after extracting the main fea-
tures. t-SNE will further put the original class together
instead of leaving a class. t-SNE PCA and locally linear
embedding [21] (LLE) cannot effectively separate the data,
which affects the clustering effect.

Now, let us take a look at Figure 4. This picture shows the
comparison between the improved t-SNE and t-SNE and
PCA and LLE. In Figure 4, the improved t-SNE, t-SNE,
PCA, and LLE are represented by (a), (b), (c), and (d), respec-
tively. We use the wine dataset in the UCI dataset, which has
3 categories and 13 features. The goal of this experiment is to
reduce this set of data to 2 dimensions.We use the same color
to represent the same class and use four algorithms to reduce
the original data to 2 dimensions. It can be seen that t-SNE,
PCA, and LLE do not effectively divide the same color into
the same area. In t-SNE, in the -200 to 200 regions, three
colors are mixed together. In PCA, in the -200 to 200 regions,
the three colors are mixed together, so is LLE. In the
improved t-SNE, green, purple, and blue are effectively
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Figure 3: t-SNE for 0-9 digits. When the features are further increased, the distribution of data is more unclear, which is not conducive to
clustering algorithm.

1: Input: D = fx1, x2,⋯, xmgn.
2: Output: Y = fy1, y2,⋯, ymg2.
3: Build random forest.
4: Compute Importancex .
5: Compute avgðImportancex).
6: for 1 to n.
7: if Importancei< = avg.
8: Remove feature.
9: end.
10: end.
11: Generate G = fx1, x2,⋯, xmgr .
12: G use by t-SNE.
13: Generate Y = fy1, y2,⋯, ymg2:

Algorithm 1: The improvement of t-SNE.
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Figure 4: Continued.
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divided into three parts. In this way, the clustering algorithm
can cluster more effectively.

In Figure 5, the improved t-SNE, t-SNE, PCA, and LLE
are represented by (a), (b), (c) and (d), respectively. We use
the digits dataset in the UCI dataset, which is 64-
dimensional data. The goal of this experiment is to reduce
this set of data to 2 dimensions. We use the same color to
represent the same class and use four algorithms to reduce
the original data to 2 dimensions. First of all, you can see that
all the colors in c are mixed up in a disorderly way. After
dimensionality reduction, each class is not separated effec-
tively. This will lead to the subsequent clustering effect worse
or even get the wrong result. In (d), although each color is
roughly in a straight line, except for fans and dark blue which
are obviously separated, other colors are mixed together and
not effectively separated. The effect in (b) is better than that
in (c) and (d), but we can see that a large number of small
pieces are not assigned to the corresponding position. For
example, a small knob of light blue is far away from the orig-
inal a lumpen mass of light blue, and this small knob of light
blue is closer to other colors, which will lead to the subse-
quent clustering algorithm cannot effectively classify. It will
lead to the result error. The improved algorithm can reduce
the occurrence of two cases, so it can improve the accuracy
of clustering algorithm after dimension reduction.

3.2. Self-Adaptive Selection. Now, let us talk about FDP. In
our further experiments, we found a lot of problems and
defects about the algorithm itself. The selection of dc and
the judgment of the decision graph will affect the result of
the final clustering algorithm. In this paper, we introduce
and improve the decision graph selection problem. We will
further improve the selection of dc in the follow-up work.
The improvement of dc selection is also very meaningful.
Back to the part of the decision graph, we find that the exper-
imenter needs to decide the cluster center by himself. This
greatly affects the clustering performance and effect. When
artificial selection is introduced into the algorithm, the accu-
racy of the algorithm will be greatly reduced. If this algorithm
needs to be promoted and expanded, its ease of use will be

greatly reduced. Through a large number of experiments,
we solve the problem of manually selecting the center point
and improve the accuracy of the original algorithm.

For the problem that the center point cannot be selected
effectively in FDP, we design a new judgment system through
the difference and change rate, so that it can select the center
adaptively. It does not need to check manually to complete
the center point selection. We should make full use of ρi
and δi. Firstly, ρi and δi are multiplied, and the value is set
as λi

λi = ρi · δi, ð9Þ

Δi = λi − λi+1, ð10Þ

θi =
max Δi, Δi+1ð Þ
min Δi, Δi+1ð Þ : ð11Þ

The improved algorithm relies on the calculation of the λ.
We sort and start with 1. λ1 is biggest, and so on. And then,
we make use of mathematical analysis of the results λ. Firstly,
we use Equation (10) to get the difference. The main idea of
formula (10) is to make difference Δ between two adjacent
terms. Then, the calculated difference Δ is processed by
Equation (11). The main idea of Equation (11) is to get the
change rate of adjacent difference θ. These two values are
regarded as the prerequisite of the core point judgment.

This is the pseudocode described by the algorithm
RCD-FDP.

At this time, we calculate the arithmetic mean value of Δ
and θ to get avgðΔÞ and avgðθÞ, respectively. At this point, we
can transform the problem into comparing Δ and θ with
avgðΔÞ and avgðθÞ. After a series of experiments, when Δ is
less than 10%-25% of the avgðΔÞ and θ is less than 50% of
the avgðθÞ. You can stop judging and get the center point.
Table 1 is a manual dataset. Due to the large amount of data,
only the first 11 sample data are shown in this paper. It can be
seen that if we judge by hand, we cannot accurately judge the
cluster center. However, by introducing Δ, θ, avgðΔÞ, and
avgðθÞ, the core point can be determined adaptively. It avoids
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Figure 4: Comparison chart in wine datasets. (a) Improved t-SNE. (b) t-SNE. (c) PCA. (d) LLE.
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Figure 5: Continued.

8 Wireless Communications and Mobile Computing



the ground error caused by manual judgment. The above
pseudocode RCD-FDP shows the process of the algorithm.

Combining the data after improved t-SNE dimension
reduction with RCD-FDP, this algorithm is called IT-RCD-
FDP, which has an obvious effect on high-dimensional
datasets.

4. Experiment

4.1. Evaluation Criterion. This section shows the perfor-
mance of the improved algorithm through experimental
comparison. In this experiment, digits, wine, and heart dis-
ease in the UCI dataset are selected. Through these datasets,
the experiment uses some commonly used evaluation criteria
[22] to compare with the original FDP algorithm, K-means
algorithm, DBSCAN, and spectral clustering. Four evaluation
criteria are used in this experiment. It includes accuracy,
adjusting rand index, normalized mutual information, and
completeness.

Accuracy [23] is one of the most commonly used means,
which is often used in binary classification. In clustering, we
only need to transform multiclassification into a two-
classification problem by transforming the problem into a
judgment of consistency. If the tested algorithm used is very
good, the calculated value is 1. The accuracy of the evaluated
algorithm can be calculated by (12).

ACC = TP + TN
TP + TN + FP + FN

: ð12Þ

Rand index [24] is judged and calculated by comparing
tags with existing results. It calculates the number of the same
cluster and the number of different clusters by judging
whether it is a cluster. But RI has problems with random tags.
At this time, adjusting RI [25] was proposed to solve this
problem. Equations (13) and (14) show the calculation pro-
cess of RI and ARI

RI =
a + d

a + b + c + d
, ð13Þ

10 200−10−20

−20

0

10

20

−10

−30 30

(d)

Figure 5: Comparison chart in digits datasets. (a) Improved t-SNE. (b) t-SNE. (c) PCA. (d) LLE.

1: Input: D = fx1, x2,⋯, xmgn, Δ, θ.
2: Output: cluster class yi belong to xi ∈D.
3: Compute and sort λi.
4: for 1 to m.
5: Δi = λi − λi+1.
6: end.
7: for 1 to m.
8: a =max ðΔi, Δi+1Þ.
9: b =min ðΔi, Δi+1Þ.
10: θi = a/b.
11: end.
12: for 1 to m.
13: if Δi < Δ && θi < θ.
14: cluster number = i − 1.
15: end.
16: Cluster by FDP.

Algorithm 2: RCD-FDP.

Table 1: Change rate and difference.

i ρ δ Δ θ

1 17.1 21.15 240.455 12.4

2 10.91 11.11 19.38 4

3 8.53 11.95 79.055 8.7

4 6.1 3.75 8.995 1.3

5 4.13 3.36 6.46 3.8

6 5.26 1.41 1.668 8.9

7 7.19 0.8 0.186 2.1

8 5.06 1.1 0.406 2.3

9 1.66 3.11 0.94 1.2

10 16.88 0.25 1.125 10

11 6.19 0.5 0.105 1.7
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ARI =
RI − E RIð Þ

max RIð Þ − E RIð Þ : ð14Þ

In view of the knowledge of the assignment of base truth
classes and our prediction of the assignment of clustering
algorithms for the same sample, mutual information [26]
(MI) is the degree of closeness between the two is expressed
in the form of joint probability. It can measure the clustering
result of the clustering algorithm. It compares the joint
probability density of the existing tags and the clustering
algorithms. Normalized MI [27] is obtained by calculating
the arithmetic mean of MI. Equations (15), (16), and (17)
show the calculation process of MI and NMI.

H Xð Þ = −〠
i

p xið Þ log xið Þ, ð15Þ

I X ; Yð Þ =〠
x

〠
y

p x, yð Þ log p x, yð Þ
p xð Þp yð Þ , ð16Þ

NMI X ; Yð Þ = 2
I X ; Yð Þ

H Xð Þ +H Yð Þ : ð17Þ

Completeness [28, 29] is a measure of cluster labels given
ground truth. Its idea is illustrated by an example: there are
three classes, and each class has a fixed arrangement of stu-
dents. When all the students go back to their class, its value
is the largest. But when the clustering algorithm guides the
students back to the class, there will be errors, so that the stu-
dents who should not be in this class will appear in this class.
Then, the value will decrease.

4.2. Data and Comparison Experiments. The experimental
datasets are the digits dataset, wine dataset, and heart disease
(Cleveland) dataset. Through following UCI dataset experi-
ments, we can see that it a has good performance under the
four evaluation indexes. The UCI dataset wine is 13-dimen-
sional, UCI dataset heart disease is 14-dimensional, and
UCI dataset digits is 64-dimensional. Experiments are
compared with the original FDP, K-means, DBSCAN, and
spectral clustering algorithm, through the above evaluation
criteria.

For each set of datasets, we use the idea of 10-fold cross-
validation. Each dataset is divided into ten parts according to
the number of samples and labeled from 1 to 10. In the first
experiment, the part marked 1 is removed and the remaining
data is used for testing. At this time, the values of all cluster-
ing algorithms under different evaluation indexes are
obtained. According to this method, 10 sets of data are
obtained. For these 10 groups of data, for example, ACC of
the IT-RCD-FDP part has 10 results. We remove the maxi-
mum and minimum values and then calculate the draw value
as the final experimental result. For K-means algorithm, the
center point needs to be randomly selected during initializa-
tion. This brings a certain amount of randomness. In order to
solve this problem, we select the first k sample values as the
center in the experiment. In this way, the randomness can
be eliminated. After all the data are processed above, results
are obtained in Tables 2–4.

Table 2 shows a set of comparison results of four different
evaluations using UCI dataset digits, among which IT-RCD-
FDP is our improved algorithm. The results show that ACC,
ARI, and completeness are the best. In the digits dataset, the
evaluation index NMI of IT-RCD-FDP is 7.2% higher than
other algorithms. Table 3 also shows a set of comparison
results of four different evaluations using UCI dataset wine.
The results show that ACC, ARI, and completeness are the
best. In the wine dataset, the evaluation index NMI of IT-
RCD-FDP is 11% higher than other algorithms. According
to wine and digits, the evaluation index NMI of IT-RCD-
FDP is 23% higher than that of the original FDP. As can be
seen from Table 4, although IT-RCD-FDP scored the highest
on NMI, ARI, and completeness. But the overall level is very
low. This also shows that the clustering algorithm is weak in
the medical field. We hope to break through these scenes in
the later work.

4.3. Application.Now, let us talk about applications. As men-
tioned above, clustering algorithm also has good applications
in wireless sensor networks. Because the wireless sensors
distributed in the space are just like every data point in the
dataset. They all have their own characteristics and attributes.
How to manage and control these sensors needs to under-
stand them and analyze them. If wireless sensors are regarded
as data points, clustering can be used to study and analyze
them. In wireless sensor networks, the selection of the cluster
head is particularly important. The cluster head is just like

Table 2: UCI experiments digits.

Type ACC NMI ARI Completeness

FDP 0.51 0.56 0.53 0.41

K-means 0.49 0.73 0.66 0.74

DBSCAN 0.59 0.75 0.63 0.66

Spectral 0.53 0.61 0.67 0.63

IT-RCD-FDP 0.66 0.71 0.77 0.78

Table 3: UCI experiments wine.

Type ACC NMI ARI Completeness

FDP 0.51 0.54 0.68 0.64

K-means 0.35 0.42 0.37 0.38

DBSCAN 0.61 0.51 0.65 0.63

Spectral 0.62 0.73 0.71 0.61

IT-RCD-FDP 0.64 0.61 0.73 0.66

Table 4: UCI experiments heart disease (Cleveland).

Type ACC NMI ARI Completeness

FDP 0.09 0.17 0.08 0.06

K-means 0.12 0.19 0.14 0.12

DBSCAN 0.01 0.03 0.03 0.05

Spectral 0.15 0.16 0.11 0.12

IT-RCD-FDP 0.13 0.21 0.25 0.23
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the cluster center. In this way, the cluster head selection
problem is transformed into the cluster center selection
problem. The algorithm will cluster according to the centers.
In many algorithms, low-energy adaptive clustering hierar-
chy (LEACH) algorithm [30] has the most reliable and effi-
cient. Although LEACH performance is very good, there is
also the problem that the selected cluster heads are too
concentrated. To solve this problem, we introduce IT-RCD-
FDP into LEACH to solve this problem. IT-RCD-FDP algo-
rithm is used to cluster all the sensors in a wireless sensor
network. Due to the adaptive nature of it, cluster heads can
be automatically selected and clustered according to the clus-
ter heads. In this way, wireless sensor networks are automat-
ically divided into several clusters. Then, a sensor with the
largest energy is selected as the cluster head in each round
of the cluster. In this way, we can solve the problems of
LEACH. Figure 6 shows the performance and effect of apply-
ing IT-RCD-FDP to LEACH.

5. Conclusions

This paper starts from two problems of FDP. Firstly, FDP
algorithm is difficult to deal with high-dimensional data. This
paper introduces the improved t-SNE algorithm. After such
processing, the ability of the original algorithm to process
high-dimensional data is improved. Secondly, FDP algo-
rithm cannot select centers adaptively. In this paper, the
change rate and difference are introduced to make the origi-
nal algorithm select the centers adaptively. Finally, we apply
the improved algorithm in WSN cluster head selection and
achieve good results. The IT-RCD-FDP proposes that new
way to solve high-dimensional data. Compared with the orig-
inal algorithm, the algorithm finds a threshold point by a

mathematical method and improves the original manual
judgment method to automatic operation by setting the
range. In this way, the accuracy of the algorithm can be
greatly improved. Through the improvement of t-SNE, the
result of FDP is more accurate.

Data Availability
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prior studies are cited at relevant places within the text as
references.

Conflicts of Interest

The authors declare that there is no conflict of interest
regarding the publication of this paper.

Acknowledgments

First of all, I would like to express my gratitude to my parents
for sheltering me from the wind and rain so that I can thrive.
Secondly, I would like to thank Northwest Normal Univer-
sity. I would like to express my gratitude to my tutor for
teaching and helping. Finally, I would like to express my
gratitude to my classmates for lighting up my mind, when I
am not happy and upset. When I encountered a bottleneck
in my writing, the discussion and analysis with them gave
me infinite inspiration. When I am restless, they are at my
side to help me analyze problems and provide feasible
suggestions. This work was supported by the Northwest
Normal University under Grant (Research on Retina
Image Segmentation and Aided Diagnosis Technology
based on Deep Learning) 61962054.

0
0 50 100 150

Rounds

Su
m

 o
f d

ea
d 

no
de

s

200 250

20

40

60

80

100

120

140

160

180

200

(a)

0
0 50 100 150

Rounds
Su

m
 o

f e
ne

rg
y 

co
ns

um
pt

io
n

200 250

10

20

30

40

50

60

70

80

90

100

(b)

Figure 6: Performance diagram. Clustering algorithm is applied to wireless sensor network performance demonstration.
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