Ef algorithms

Article

GW-DC: A Deep Clustering Model Leveraging
Two-Dimensional Image Transformation and Enhancement

Xutong Li, Taoying Li * and Yan Wang

Citation: Li, X,; Li, T.; Wang, Y.
GW-DC: A Deep Clustering Model
Leveraging Two-Dimensional Image
Transformation and Enhancement.
Algorithms 2021, 14, 349. https://
doi.org/10.3390/a14120349

Academic Editor: Frank Werner

Received: 15 November 2021
Accepted: 26 November 2021
Published: 29 November 2021

Publisher’s Note: MDPI stays neu-
tral with regard to jurisdictional
claims in published maps and institu-

tional affiliations.

Copyright: © 2021 by the authors. Li-
censee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/).

School of Maritime Economics and Management, Dalian Maritime University, Dalian 116000, China;
xutongli@dlmu.edu.cn (X.L.); dimuyanwa@dlmu.edu.cn (Y.W.)
* Correspondence: litaoying@dlmu.edu.cn

Abstract: Traditional time-series clustering methods usually perform poorly on high-dimensional
data. However, image clustering using deep learning methods can complete image annotation and
searches in large image databases well. Therefore, this study aimed to propose a deep clustering
model named GW_DC to convert one-dimensional time-series into two-dimensional images and
improve cluster performance for algorithm users. The proposed GW_DC consisted of three pro-
cessing stages: the image conversion stage, image enhancement stage, and image clustering stage.
In the image conversion stage, the time series were converted into four kinds of two-dimensional
images by different algorithms, including grayscale images, recurrence plot images, Markov transi-
tion field images, and Gramian Angular Difference Field images; this last one was considered to be
the best by comparison. In the image enhancement stage, the signal components of two-dimensional
images were extracted and processed by wavelet transform to denoise and enhance texture features.
Meanwhile, a deep clustering network, combining convolutional neural networks with K-Means,
was designed for well-learning characteristics and clustering according to the aforementioned en-
hanced images. Finally, six UCR datasets were adopted to assess the performance of models. The
results showed that the proposed GW_DC model provided better results.

Keywords: two-dimensional image; Gramian Angular Difference Field; wavelet transform; deep
embedded clustering

1. Introduction

Time-series clustering [1,2], just like time-series classification [3] and time-series pre-
diction [4,5], is one of the data mining methods of time-series. Time-series clustering is
used to extract useful information from the data curve and divide the unmarked data into
different clusters for maximizing the similarity of objects in the same cluster and the di-
vergence of objects between different clusters [6]. It has been widely applied in many
fields, for example, finance, biomedicine, environment, and so forth. Many kinds of stud-
ies have been conducted on time-series clustering. For example, Huang [7] proposed a
new K-Means-type smooth subspace clustering algorithm for clustering time-series data.
Guijo-Rubio [8] demonstrated that a least-squares polynomial segmentation procedure
could be applied to each time-series to return different-length segments. Then, all the seg-
ments were projected into the same dimensional space, according to the coefficients of the
model. Zhang [9] proposed a fuzzy time-series forecasting model based on multiple linear
regression and time-series clustering for forecasting market prices.

Besides the clustering algorithm itself, distance measurement is another key factor
affecting the clustering performance of time series. Many different distance measurement
methods are adopted and compared for time-series data, including Hausdorff distance
[10], Minkowski [11], hidden Markov model-based distance [12], Euclidean distance [13],
and dynamic time warping (DTW) [14]; the last two are the most widely used [15].
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Although many clustering algorithms and distance measurement methods have been
applied together, these traditional clustering methods often have poor classification per-
formance and usually do not perform well on high-dimensional data. However, image
clustering, according to the value of image pixels, is a key technique for better accomplish-
ing image annotation and searching in large image repositories. The aforementioned clus-
tering can quickly extract obvious features from images and achieve clustering. Due to the
rapid development of deep learning and its inherent characteristics, the deep neural net-
work is used to transform data into good clustering representation.

The existing deep clustering models for images can be divided into three categories
according to the network structure: based on automatic encoder (AE) methods, based on
CDNN methods, and based on generation model methods. The former can be regarded
as encoders and decoders, which are used for feature mapping and reconstruction, respec-
tively, including deep clustering networks [16], deep embedding networks [17], deep sub-
space clustering networks [18], and deep manifold clustering [19]. The methods based on
CDNN have three types of network architectures, including deep belief networks [20],
fully convolutional networks, and convolutional neural networks (CNN). Deep nonpara-
metric clustering [21], deep embedded clustering [22], and discriminatively boosted im-
age clustering [23] are the classical unsupervised preprocessing network models among
these kinds of methods. Besides the latter, based on variational autoencoder and genera-
tive adversarial networks [24], such as variational deep embedding [25] and deep adap-
tive image clustering [26], are proposed for clustering and sample generation. Therein, the
clustering method based on CDNN can be used to extract more distinctive features and
can cluster large-scale image datasets. The depth clustering algorithms mentioned above
are often based on two-dimensional images. At present, most time series clustering algo-
rithms are based on traditional methods and show low accuracy. Therefore, a model based
on CDNN is proposed to convert time series into images and improve the clustering per-
formance by the depth learning methods.

For improving the performance of time-series clustering, four image feature repre-
sentation methods were demonstrated to convert one-dimensional time-series into two-
dimensional images, and the deep clustering network (DC), leveraging autoencoder, and
K-Means were designed for feature learning and clustering. Therefore, the deep clustering
model, named the GW_DC, was proposed in this study. First, time-series were converted
into four kinds of two-dimensional images: grayscale images, recurrence plot (RP) images,
Markov transition field (MTF) images, and Gramian Angular Difference Field (GADF)
images. Then, for better cluster performance, wavelet transform was applied to extract
and process the different signal components of the two-dimensional image for removing
noise and enhancing the texture features of the images. Finally, the features of the en-
hanced images were represented by the autoencoder of the GW_DC, and the clustering
process was completed by the clustering layer in the network. To verify the performance
of the proposed GW_DC model, six UCR datasets were applied, and the clustering results
were employed to reverse verify the characterization effects of different two-dimensional
images. The comparative analysis revealed that the clustering results of GADF images
were the best, and the proposed GW_DC model showed a better clustering effect than
other deep clustering models.

2. Methodology

The proposed GW_DC model could convert the original time-series into two-dimen-
sional images and then classify them into some groups. For comparison, time-series were
converted into grayscale images, RP images, MTF images, and GADF images. Meanwhile,
the deep clustering network was employed for classifying these enhanced two-dimen-
sional images, and the convolution kernel factorization method was introduced into the
DC network for reducing the number of parameters and improving the clustering perfor-
mance. The frame of the proposed GW-DC model, depicted in Figure 1, consisted of three
stages: the image conversion stage, image enhancement stage, and image clustering stage.
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In the image conversion stage, the time-series was transformed into four kinds of
two-dimensional images for expanding data volume and enhancing generalization abil-
ity, including grayscale images, RP images, MTF images, and GADF images. The low-
dimensional features were mapped to a high-dimensional space for amplifying the feature
attributes and improving the clustering effect. Through comparison, GADF with the best
characterization effect was selected in this study.

In the image enhancement stage, the wavelet transform algorithm was used to en-
hance the texture features of the transformed two-dimensional images. The resolution of
the images was regarded as the measurement standard of image decomposition, and the
image signals were decomposed into high-frequency subband and low-frequency sub-
band. The high-frequency subband was expanded, and the low-frequency subband was
scaled for strengthening the change details of the time-series and enhancing the contrast
ratio. Then, the processed signal components were reconstructed to obtain the enhanced
images.
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Figure 1. The frame of the GW-DC model.

In the image clustering stage, a new deep clustering network DC was proposed to
improve the clustering effect. In this stage, the DC network based on CNN was designed
to learn and represent the features of two-dimensional images. Then, the obtained features
were clustered by the K-Means algorithm, and the cross-entropy (CE) [27] was introduced
as the loss function to optimize the DC network.

2.1. Image Conversion Stage

For well retaining the time correlation and frequency structure of the time-series,
one-dimensional data were transformed into two-dimensional images. Time-series data
were converted into four two-dimensional images, including grayscale images, RP im-
ages, MTF images, and GADF images. The clustering results according to different kinds
of two-dimensional images were compared and analyzed to determine the best character-
ization effects of the aforementioned images. Four two-dimensional image representation
methods were described in this section.
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2.1.1. Conversion from Time-Series into Grayscale Image

The time-series of length ¢ could be expressed as z = (zy, 2y, ..., z.). Then, for reduc-
ing the dimension of time-series, piecewise aggregation approximation (PAA) was
adopted to compress time-series z and a new smooth time-series curve was generated.
The generated time-series could be expressed as v = (vy,vy, ..., V), where m is the
length of time-series v. The dimension of time-series z was compressed into m, with
m < c. The reduction factor a is

c
=_ 1
a=— M
1 axi
”i:EZ- oz (asi<o @)
j=ax(i-1)+1
0 Uy — Vg

M= : R : 3)

Vi — Uy oo 0

where each row in the matrix contained every timestamp of the time-series, and each col-
umn was the transpose representation of the corresponding row for expanding the matrix
data with redundancy features.

Then the data matrix was transformed into the gray value matrix (GVM), the corre-
sponding gray value was obtained by using the maximum and minimum normalization
method [28]. Six time-series datasets from the UCR website were applied to verify the
performance of the model and visual display. The samples of four time-series datasets
were converted into gray images. The visualization effect is shown in Figure 2.

(d) Sony AIBORobotSurface2 (e) SyntheticControl (fy UMD

Figure 2. The effect of converting six UCR datasets into the grayscale image.

The grayscale images intuitively present the general changes of different datasets.
For example, the grayscale variation of the Sony AIBORobotSurface2 dataset is relatively
flat, while the BME dataset shows a tendency to mutate.

2.1.2. Conversion from Time-Series into RP Images

RP was a time-time signal processing method that could be used to show the perio-
dicity of trajectory in the phase space and reveal the internal structure of the time-series.
It consisted of two-time axes, a black dot, and a white dot. The black dot indicated that
recursion occurred in the state corresponding to the horizontal axis and vertical axis, and
the white dot indicated that recursion did not occur. The key to constructing the RP image
was to reconstruct the phase space, which needed to select the appropriate delay coeffi-
cient, embedding dimension, and threshold for reconstructing the time-domain infor-
mation in the original phase space and promoting the signals to a higher dimension.

The transformation of the RP was divided into three steps, which were described as
follows.
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Stepl. For time-series z, the sampling interval was determined to be . The appro-
priate embedding dimension k was determined through relevant theoretical calculation,
and the time-series s was reconstructed. The reconstructed power system is

Si = (ZpZiv v Zi 4 (-1)7) 4)

s = (51,52, ) Se) (5)
The length e of time-series s is
e=c—(k—1r (6)

where c is the length of time-series z.
Step2. The calculation of the distance between point i and point j in the recon-
structed phase space is

Dy = ||Si _5j||

. @)
vi,j €{1,..,e}
where || - || represents the L2 norm.
Step3. The calculation of the recursive value is
Rl',]' = 9(8 — Di,j) (8)
Vi,j€{1,.. e}

where, R;; is a square matrix with the size of e X e, e is equal to the vector numbers of
z, € is the threshold, and 6(-) represents the Heaviside function. The calculation of 6(-)
is

P AN ©)

The effect of converting samples from different datasets into RP images is shown in
Figure 3.

NS
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Figure 3. The effect of converting time-series into Recurrence Plot.

The RP images clearly show the changes of different datasets through the arrange-
ment of black and white blocks. For example, the SyntheticControl dataset generally pre-
sents a drift trend. The RP images of the UMD appear in large black areas and show a
mutation mode, which is caused by the rapid change of data.

2.1.3. Conversion from Time-Series into MTF Images

The MTF method transformed one-dimensional time-series into two-dimensional
images by constructing the discrete quantile of the Markov matrix and encoding the tran-
sition probability field. The MTF was obtained by adding the time position related to the
first-order Markov chain. It provided an inverse operation to map the images back to the
original signals, making the images easy to realize the visual representation.



Algorithms 2021, 14, 349

6 of 15

The calculation process of the MTF could be divided into the following three steps.

Stepl. The data signals were discretized. First, the original time-series z with length
¢ were divided into Q bins, and each data point belonged to a unique q;(i € {1,2,...,Q}).

Step2. The Markov transition matrix W with the size of Q X Q was constructed.
W, ; was determined by the adjacent frequency of a point between two quantiles gq; and
q;, and its calculation formula is

1
W = S
: e .. (10)
VX€q;VY€Eqjx + 1=y Zj=1 er]
Step3. The time dependence was added to the transition probability matrix W, and
the Markov transition field My with the size of ¢ X ¢ was constructed. Myli,j] repre-

sents the transition probability from q; to g;, and the calculation of My[i, /] is

Wijlx1 €qux €q; -+ Wijlx € qixn € qj
My = : g : (11)

Wijlx, € qux €q; - Wijlx, € g1, %, € q;

To better manage the graph and improve the operation efficiency, the principle of
PAA was applied to this stage to reduce the size of the MTF matrix, and M, was gridded
and averaged.

The effect of converting the time-series into MTF images is described in Figure 4.

WS

(c) SmoothSubspace

(e) SyntheticControl

Figure 4. The effect of converting the time-series into MTF images.

The MTF images intuitively show the change law through the variation of colors.
And the trends in MTF images are similar to grayscale images and RP images.

2.1.4. Conversion from Time-Series to Gramian Angular Difference Field

The Gramian Angular Field (GAF) method was used to transform the scaled one-
dimensional time-series into a polar coordinate system and construct the objective map-
ping between one-dimensional time-series and two-dimensional space. Then, the GAF
method could be divided into two implementation methods according to the calculation
angle between different time points, including Gramian Angular Summation Field
(GASF) and GADF. A GAF image was a graphical representation of a Gramian matrix in
which each element was the superposition of directions between different time intervals,
and the polar coordinate system was used to retain the time correlation.

The conversion processes of GASF and GADF were similar, and the conversion pro-
cess of GADF was as follows.

Stepl. One-dimensional time-series were scaled numerically. The time-series in the
Cartesian coordinate system was scaled to [—1,1] interval and the calculation of time se-
ries scaling is

(z; — max(z)) + (z; — min (2))
max(z) — min (2)

1=

» Z€[-11] (12)
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Step2. The scaled sequence data Z, were transformed from a Cartesian coordinate
system to a polar coordinate system in which the value was regarded as the cosine of the
included angle, the timestamp was treated as the radius, and the arccos function was
used for mapping. This method retained the time dependence through the r coordinate,
and the coordinate transformation equations is

@, = arccos(Z,), -1<%z,<1,Z €%
t
n = - tiey (13)
Y

where, t; is the time stamp, and v is a constant factor to regularize the span of the polar
coordinate system.

Step3. The GADF matrix was obtained by the trigonometric function transformation
of two angular differences. The calculation of the GADF matrix is
0 e sin(@y — (Dn)]

GADF = (14)

sin(@, — 0;) - 0

Similar to other image characterization methods mentioned earlier, the PAA method
was used to retain the sequence trend and reduce the sequence size at this stage.
The effect of converting the time-series into GADF images is described in Figure 5.

S-S

(b) CBF

(d) Sony AIBORobotSurface2 (e) SyntheticControl (f) UMD

Figure 5. The effect of converting the time-series into GADF images.

The GADF images reveal the temporal correlation between data pairs and preserve
the spatial variation law intuitively. And the variation in GADF images is roughly the
same as that of the abovementioned three image representation methods.

2.2. Image Enhancement Stage

The multi-resolution decomposition of wavelet transform was used to perform mul-
tistage two-dimensional discrete wavelet transform on the images by low-pass and high-
pass filters. Then, the image signals were decomposed into low-frequency and high-fre-
quency components. In the images, most of the noise and some edge details belonged to
the high-frequency subband, while the low-frequency subband was mainly characterized
as the approximate signals of the images. The high-frequency and low-frequency subband
were processed by different methods to enhance the images, including reducing noise,
improving contrast, and strengthening details. Then, the reconstructed image was ob-
tained by inverse discrete wavelet transform on the processed components.

The two-dimensional image signals were filtered in horizontal and vertical directions
for realizing the two-dimensional wavelet multi-resolution decomposition. First, the sig-
nals of the images were decomposed according to the line for obtaining the low-frequency
component L and high-frequency component H in the horizontal direction. Then, the
columns of the transformed data were decomposed to obtain the low-frequency compo-
nents (LL,HL) and high-frequency components (LH, HH) in four directions. The recon-
structed images could be obtained by inverse discrete wavelet transform in the opposite
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direction. The aforementioned process of image decomposition and reconstruction is de-
scribed in Figure 6.

D D The Secondary e Bt
ecompose ecompose e Secondary
(Row) (Column) LL: HL: Decompose 15| HH HL:
Image Signal IL H
econstruct|  Reconstruct The Secondary
‘FROW) (Column) LH: HH: Reconstruct LH: HH:

Figure 6. The frame of the RPM-K-Means model.

The LL subband was an approximate representation obtained using a low-pass
wavelet filter. The HL subband was obtained using a low-pass wavelet filter and a high-
pass wavelet filter, which showed the singularity of the image in the horizontal direction.
The LH subband was obtained using the aforementioned two filters and represented the
singular characteristics of the image in the vertical direction. The HH subband, obtained
using a high-pass wavelet filter, indicated the diagonal edge characteristics of the images.
Different measures were taken for the low-frequency and high-frequency components to
improve the contrast of the images and strengthen the texture details in the images. If the
low-frequency coefficient was greater than 250, it was multiplied by 0.75. If the high-fre-
quency coefficient was less than 150, it was multiplied by 1.25. The aforementioned pro-
cess is depicted in Figure 7.

Original Image
Multi-scale Wavelet
Decomposition

v
Low frequency wavelet High frequency wavelet
decomposition decomposition

coefficients(L) coefficients(H)
Id

< threshol
value 2
Yes

wavelet
transformation
Enhanced Image,

Figure 7. The processes of the wavelet transform.

2.3. Image Clustering Stage

In this stage, an unsupervised deep clustering network DC was designed and ap-
plied. The target of the DC network was to define a parametric nonlinear mapping from
the data space to the low-dimensional feature space, and complete clustering in the low-
dimensional space. Following the idea of the DEC model and the inception network, a
deep clustering network DC was designed. The DC included an improved autoencoder
for feature learning and a clustering layer for clustering.

In the feature learning stage, the autoencoder-incorporated convolution kernel fac-
torization method was trained to learn the mapping parameters from the data space to the
feature space. The asymmetric convolution kernel factorization was first proposed by Sze-
gedy [29] and its application effect in the CNN network was demonstrated. According to
the convolution kernel factorization, the convolution kernel of 3 x 3 was replaced by 1 x 3
and 3 * 1 for reducing the number of parameters, and the obtained receptive field was not
reduced. Meanwhile, the symmetric structure of samples was obtained after
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enhancement, and the model could learn more valuable representations. The structural
parameters of the improved autoencoder are shown in Figure 8.
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Figure 8. The network of the autoencoder.

The improved autoencoder consisted of an encoder and a decoder. The encoder
stored the parameters of the learned feature representation, and the decoder was em-
ployed to reconstruct the data. The encoder was composed of 10 layers, and the number
of its channels was 3, 32, 32, 32, 16, 16, 16, 8, 8, and 8, respectively. The small 3 * 1 receptive
field was set in the first convolution layer, followed by the second convolution layer with
a 1* 3 effective receptive field. Then, the convolution kernels of 3 * 3 and 5 * 5 were sub-
sequently added to obtain comprehensive distinctive features. The first three convolution
layers were followed by batch normalization (BN) and max pooling. The flattening oper-
ation for learned feature representation was performed at the end of the encoder. The
decoder consisted of 10 layers, and the number of its channels was 3, §, 8, 8, 16, 16, 16, 32,
32, and 32, respectively. The decoder network contained four convolution layers with
weight, as shown in Figure 8. The first three convolution layers of the decoder were fol-
lowed by BN and upsampling operation. Relu non-linearity was applied to every convo-
lution layer. Then, the numerical probability of the predicted output was mapped to [0,1].
The process of the DC is depicted in Figure 9.
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Figure 9. The structure of the proposed DC.
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After pre-training, the decoder layers were discarded and the encoder was employed
as the initial mapping between the data space and the feature space. The output of the
encoder was used as the input of the clustering layer, and the feature data were clustered
using the K-Means algorithm. Meanwhile, the CE was cited as the loss function L., to
optimize the objective function. The loss function L, is

n
Lee == y©-logy® + (1-y®)-log(1 —y®) (15)
=1
where, y® represents the real label, ¥ denotes the predicted probability that the current
sample label is 1, and (1 —¥) is the predicted probability that the current sample label is
0. L, is the total loss function of n samples and represents the difference between the
ground truth and predicted values.

3. Experiment and Results
3.1. Datasets and Evaluation Index

To verify the performance of the proposed model, six time-series datasets shown in
Table 1 were adopted from the UCR time-series website. The length of these datasets
ranged from 150 to 15, and the classes of these datasets ranged from 2 to 6. The values of
these datasets were normalized using Equation (11) for clustering analysis. The training
and test sets of each dataset were provided directly by the UCR time-series website. The
specific descriptions of the six datasets are shown in Table 1.

Table 1. Description of datasets.

Train Test
Dataset Description ram - Ces Length Classes

Size Size

Beef spectrograms, from pure
BME beef and beef adulterated with 30 150 128 3
varying degrees of offal.
The data for each class is stand-
CBF ard normal noise plus different 30 900 128 3
offset terms.
Each time-series contains a con-
tinuous subspace spanning 5
SmoothSubspace continuous timestamps, which 150 150 15 3

is used to test whether smooth
subspace can be extracted.

This dataset contains different
accelerometers for robot walk- 27 953 65 2
ing in cement or carpet/field.
Six different categories of con-
trol charts, including normal,

SonyAl-
BORobotSurface2

SyntheticControl cyclic, increasing trend, decreas- 300 300 60 6
ing trend, upward shift, and
downward shift.

A synthetic dataset with three
types: upper, lower, and no bells
arising at the initial or final cy-
cle.

UMD 36 144 150 3

To evaluate the clustering effect of the proposed GW-DC model, normalized mutual
information (NMI) [30] and unsupervised clustering accuracy (ACC) were employed to
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measure the clustering results. Hence, NMI was selected to measure the similarity in dif-
ferent data distributions, and its calculation formula is

21(X;Y)

MO = a0+ Hm

(16)
where mutual information I(X;Y) represents the variation of the clustering information
X, given the class information Y.H represents the entropy, and NMI(X;Y) € [0,1]. The
greater the value of NMI, the greater the correlation between data and classes.

The mutual information of clustering is

o P(Xi Ys)
106 Y) = ZZP(Xk. T logp a5 (17)

where P(X,Y,) is the probability that the sample belongs to both class X} and class Y.
P(X;) represents the probability that the sample belongs to the class X, and P(Y}) is
similar to P(Xj). The greater the value of mutual information, the greater the degree of
correlation between the data and the category.

The calculation of ACC is

Ln=1 1{y(i) = t(y(i))} (18)
n

ACC = mtax

where, y®© and y® represent the real label and the predicted label of sample i respec-
tively. t denotes all possible one-to-one mappings between clusters and labels.

3.2. Conversion Result of Two-Dimensional Images

The time-series were converted into four kinds of two-dimensional images, including
grayscale images, RP images, MTF images, and GADF images. The clustering results of
the next stage were used to determine the best image feature representation method. The
six public datasets were converted into four kinds of two-dimensional images, and wave-
let transform was applied to enhance the obtained images. Then, the proposed DC net-
work was used to cluster according to the enhanced images. The clustering index NMI
(%) is shown in Table 2.

Table 2. The clustering results according to four kinds of images.

SmoothS- SonyABR- Synthetic-

Image Type ~ BME CBF ubspace  obotSface2  Control UMD
Grayscale 91.18 44.32 22.89 23.50 26.26 41.50
RP 33.14 58.30 39.13 27.12 65.63 33.93
MTF 38.54 53.26 12.74 21.88 51.08 12.29
GADF 91.18 54.77 42.43 25.74 71.45 46.53

The CBF and SonyAIBORobotSurface2 datasets had the best clustering results ac-
cording to the RP images, only 4% and 2% higher than that for GADF images, respectively.
The BME dataset had the best clustering effect according to the grayscale images and
GADF images, and their results were 91.18%. The other datasets had the best clustering
results according to GADF images. Comprehensively, the GADF representation method
had a better representation effect, and this method was selected for image feature repre-
sentation.

The time-series of six datasets were transformed into two-dimensional images by the
GADF, and the obtained images were denoised and enhanced by the wavelet transform
method. To visualize the effect of image enhancement, the original two-dimensional im-
ages (shown in Line 1) and the enhanced images (shown in Line 2) of six datasets were
displayed, as shown in Figure 10a—f.
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Figure 10. The comparison of image enhancement effects of six datasets.
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Ten images in each dataset were randomly selected for comparative display. In the
enhanced images, the blurred noise points were reduced, and the contour edge was
clearer than the original images. The texture features of the images were enhanced by the
wavelet transform method.

3.3. Comparative Analysis of Clustering Results

To verify the robustness of the proposed model, the clustering results of the GW-DC
were compared with those of five other clustering models, including Stacked Autoen-
coder (SAE) +K-Means, Autoencoder (AE) +K-Means, AE_Conv +K-Means, DEC, and
DEC_FCN. AE_Conv +K-Means was the structure that replaced the fully connected layer
(FCL) in AE with the convolutional layer. DEC_FCN referred to the structure that re-
placed the convolutional layer in DEC models with FCLS. The index NMI (%) and ACC
(%) were employed to measure the clustering effect. The comparative results of different
models are shown in Table 3.

Table 3. Results of different deep clustering models.

AE +K-Means AE_Conv +K-

Dataset SAE +K-Means [31] [32] Means

Index NMI ACC NMI ACC NMI ACC
BME 22.37 55.56 20.62  50.69 16.27 55.56
CBF 27.69 51.08 2324 4839  26.89 58.47
SmoothSubspce 6.21 50.00 813  50.83 19.64 75.00
SonyAIBORobotSurface2  24.29 71.43 019 6722 13.34 64.29
SyntheticControl 35.71 47.50 1568 28.12 15.78 39.58
UMD 26.78 52.78 1430 46.53 18.63 55.56

Dataset DEC [22] DEC_FCN GW_DC
Index NMI ACC NMI ACC NMI ACC
BME 46.69 58.33 4454 5278  91.18 61.13
CBF 30.32 76.88 3277 6344 5477 80.65
SmoothSubspce 28.01 53.33 2337  51.67 42.43 65.00
SonyAIBORobotSurface2 ~ 30.17 79.08 14.30  76.02 25.74 77.04
SyntheticControl 24.72 53.33 52.82  40.00 71.45 66.67
UMD 33.74 63.89 1646  66.67  46.53 75.00

Compared with the AE +K-Means model, the NMI and clustering accuracy of the
AE_Conv +K-Means model on five datasets were improved, and the maximum difference
in NMI and accuracy were 13.15% and 24.17%, respectively. Comparing the results of the
DEC and the DEC_FCN, the DEC model with convolutional layers displayed a better clus-
tering effect. Besides, the Sony AIBORobotSurface2 dataset had a higher clustering effect
on the DEC model with NMI and accuracy of 30.17% and 79.08%, respectively. In the other
five datasets, the NMI index of the GW-DC model was significantly higher than that of
DEC, and the maximum difference reached 44.49%. Through comparative analysis of clus-
tering indexes, the GW-DC model showed a better clustering effect than that of other deep
clustering models.

4. Conclusions

To solve the problem of low clustering accuracy and difficulty in expanding to large
datasets, we proposed to convert time-series datasets into two-dimensional images and
designed a deep clustering network to improve the effect of unsupervised clustering.
Through comparative analysis, the GADF images showed the best characterization effect
among the four image representation methods. This method could map the low-dimen-
sional data to the high-dimensional space for revealing the time correlation of the data.



Algorithms 2021, 14, 349 14 of 15

Therefore, the main contributions in this study were the integration of the GADF trans-
formation method and wavelet transform as well as the design of the DC network for
clustering according to enhanced two-dimensional images. The wavelet transform
method, applied in the image enhancement stage, could enhance the texture features of
two-dimensional images and enlarge the relevant attributes of the data (Figure 10). Then,
in the clustering stage, the DC network based on CNN was designed and used to learn
the characteristics of images, and the K-Means algorithm was applied for unsupervised
clustering. The convolution kernel factorization method was introduced to reduce the
amount of parameter calculation and improve clustering performance. The CE was cited
as the loss function to optimize the objective function. Through experimental analysis, the
proposed GW-DC model showed a better clustering effect than other models; the com-
parison result is described in Section 3.3, and the maximum difference in NMI reached
44.49%.
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