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a b s t r a c t
Reasonable feature representation plays an important role in improving the performance of clustering
algorithms. However, recent deep clustering studies only focusing on feature representation at the pixel
level leads to feature representation with low discrimination. Our key insight is that considering localtopology information between images would help to get a highly discriminative representation, and
therefore we design a replacement strategy to ﬁnd local-topology representation of data, and propose
a two-stage image deep clustering algorithm based on local-topology embedding called ITEC. Speciﬁcally, we take advantage of data augmentation technique to improve the generalization performance of
the learning models; then local-topology representation of data is embedded into the representation of
data itself, so as to better complete tasks of image clustering. Extensive experiments demonstrate that
local-topology information effectively promotes the performance of deep clustering signiﬁcantly.

1. Introduction
The popularization of smart terminal devices and the development of social networks produce massive valuable data, which are
however unlabeled or unorganized. Unsupervised learning, which
includes tasks such as cluster analysis, density estimation, anomaly
monitoring, can train a machine to learn valuable information from
unlabeled data. Clustering analysis is an extensively studied ﬁeld of
unsupervised learning [1,2,15,16]. Traditional clustering algorithms
are mostly suitable for low-dimensional, structured data, but perform poorly on high-dimensional unstructured data since they fail
to obtain reasonable feature representation. Feature representation
is a crucial step since what is deemed as a good clustering result
is feature-dependent. These challenges can be solved easily by the
image deep clustering technique.
In recent years, the research of deep clustering has gained
much attention and has made many ground-breaking improvements [3,4]. Recent clustering [5,32,33,35] methods use the expressive power of Deep Neural Networks (DNNs) or autoencoders
to enhance the results under traditional clustering objectives. The
model maps original input space into a new feature space and
learns feature autonomously from data. However, they learn feature only from the individual samples in the dataset, while the
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topology between images are ignored [6]. In the ﬁeld of graph
neural network, it focuses on mining topology information [37,38].
There may be some commonalities between connected points in
the topology. In order to extract more comprehensive feature representation from original data, we try to combine the two features
in deep clustering tasks.
The main contributions of this work are summarized as follows:
1.We establish the link between the feature of data itself and
the representation of local-topology information, which few people
pay attention to in deep clustering.
2. Data augmentation technique and replacement strategy make
deep clustering more eﬃcient.
3.We adopt a two-stage deep clustering algorithm ITEC, and experimental results verify its feasibility.
2. Related work
The success of DNN provides a new approach to the clustering
research, called deep clustering, which originally combines general
clustering objectives with deep learning techniques. The classical
deep clustering algorithms used autoencoder to carry out nonlinear mapping to data and then completed clustering tasks [4,7,8]. In
the early days, domain exports proposed the stacked autoencoder
[3,9] to learn data feature, which however requires pretraining at
each layer that is time-consuming and labor-intensive. Afterward,
[10] presented a discriminatively boosted clustering framework to
prevent cumbersome steps of pre-training of the stacked autoencoder. Xifeng Guo et al. [11] explored a novel model to evaluate
the similarity between a pair of data [12] proposed a clustering
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Table 1
Example of similarity matrix S.
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Fig. 1. The framework of model. Including learning feature of data itself, topology
feature learning and clustering.

loss measurement method for the purpose of improving clustering performance. Some pieces of literature [7,8,10] used a convolutional autoencoder to learn feature representation of images and
achieved better results than traditional clustering algorithms. However, up to now, few people have paid attention to feature representation of local-topology information of images. The literature
[6] indicated that there is a lot of valuable but intractable information to be excavated in the network structure in reality. In [3,13], it
is shown that the topology structure of data is of great signiﬁcance
for both cluster analysis tasks and nonlinear representation learning. Furthermore, considering the large potential value of data, it
is necessary to embed local-topology information in the feature of
data itself.
There are several scientiﬁc questions that remain to be addressed in image deep clustering tasks: (1) Some ﬁrst works try
to use different neural networks addressed the image clustering
tasks [14,17–21,34]. Which kind of neural network as an image feature extractor is more beneﬁcial to clustering tasks? (2) The quality
of feature representation seriously impacts the clustering performance. So far, local-topology information of data is ignored. How
to learn reasonable feature representation from original data? The
present study is designed to address both questions. Inspired by
the paper [6,7], we use convolutional autoencoder to learn image
data feature and embed local-topology information feature to improve the performance of image deep clustering algorithm. In addition, data augmentation technique is used to improve the generalization ability of the model and the replacement strategy greatly
improves the time eﬃciency. Finally, experiments on four benchmark image datasets to demonstrate the effectiveness of the ITEC
algorithm.

x1

x2

x3

...

xn

S11
S21
S31
...
Si1
Sn1

S12
S22
S32
...
Si2
Sn2

S13
S23
S33
...
Si3
Sn3

...
...
...
...
Si j
...

S1n
S2n
S3n
...
Sin
Snn

3.2. Learning feature of data itself
Convolutional autoencoder is used to learn feature representation of images with high-dimensionality and complex structure.
The convolutional autoencoder consists of two parts. One part is
encoder: original data x is mapped from input space X to a latent
space H through a nonlinear mapping function f (x ). The individual feature representation in H is denoted by h. W is the encoder
network parameters, b is the bias, ∗ is the convolution operation,
and σ is the activation function. The encoding process can be expressed as:

h = σ (W ∗ x + b) = f (x )

(1)

The next part is decoder: the transformed feature representation h is reconstructed as far as possible from original data x by
another nonlinear mapping function g(h ). The reconstructed data
obtained after this process is r, where W  is the decoder network
parameters and b is the bias. The decoding process can be expressed as:





r = σ W  ∗ h + b = g(h )

(2)

In this work, the mean square error (MSE) between original image and reconstructed image of the decoder is taken as the loss
function of autoencoder:

L(x, r ) = min

n
1
xi − ri 22 , i ∈ {1, · · · , n}
n

(3)

i

The network structure of feature learning model of data itself is
shown in Fig. 3. The left part is the convolutional encoder and the
right part is the convolutional decoder.

3. Local-topology embedding based image deep clustering
model

3.3. Data augmentation

In the following sub-sections, we mainly introduce the details
of ITEC algorithm. The framework of the model is shown in Fig. 1,
consisting of two blocks. The feature learning of data itself and
the feature learning of local topological information. Assume that
X = {x1 , x2 , · · · , xn } is an image dataset, in which the number of
samples is n and the sample can be expressed as x ∈ Rd . The image clustering task divides image dataset X into k clusters, in which
images in the same cluster are as similar as possible. The visualization of clustering process is shown in Fig. 2.

In deep learning tasks, a large number of network parameters
need to be trained. In practice, the training data is limited in terms
of both quality and quantity.
We use data augmentation technique to train autoencoder
to improve model generalization. Images are not only randomly
cropped and shifted, but also normalized. If there are 6 and 9 in
the datasets, we will not use rotation or ﬂipping. In this way, the
representation learned from autoencoder is more discriminative to
improve accuracy and robustness of model, and help to reduce
overﬁtting.

3.1. Research motivation
3.4. Learning feature embedding local-topology
The topology structure of data is the unchanged position relationship among data regardless of shape or size. The information
provides a good estimation for clustering tasks. Image contains a
wealth of local structures, and the overall structure is usually composed of local structures. It may help to describe the global structure of image data if local structures are considered in image clustering tasks. Therefore, we not only learn feature of data itself but
also learn feature of local topology, and combine the two to learn
the cluster structure of image datasets.

Suppose the number of samples in the dataset is n, and localtopology information of data is represented by similarity matrix
S in this work. The similarity matrix S of data is illustrated in
Table 1. The similarity between two samples is expressed by Euclidean distance, speciﬁcally, the similarity between samples xi and
x j is expressed as:



2

S i j = x i − x j 

2

89

(4)
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Fig. 2. Visualization of clustering process. Fig. 2(a) represents original data, Fig. 2(b) shows feature of images and Fig. 2(c) depicts clustering result.

Fig. 3. The data itself feature learning model. This is a convolutional autoencoder with stride length 2.

 

Table 2
Example of local-topology matrix T .

Computational complexity of matrix is as high as O n2 . In order to achieve dual advantages with respect to speed and computational complexity, we propose a replacement strategy: select
randomly m samples,where m ≤ n, from which p cluster centers
C = {c1 , c2 , c3 · · · c p } are chosen as representatives of the dataset,
where k ≤ p ≤ m. Each sample xi selects g nearest cluster centers as local-topology representation T C according to formula (4),
where g ≤ p. The local-topology representative samples constitute
local-topology matrix T , whose dimension can be reduced to n ∗ g,
representing local-topology information of dataset. The example of
local-topology matrix T is shown in Table 2.
If cluster center c j is local-topology representative sample of
sample xi , then ti j = 1 in local-topology matrix T , otherwise ti j = 0.
That is:



ti j =

1, c j ∈ T C
0, otherwise

x1
x2
x3
...
xi
xn

c1

c1

c3

...

cj

cp

1
1
0
...
0
1

0
0
1
...
1
1

1
1
0
...
1
0

...
...
...
...
...
...

0
1
1
...
ti j
1

0
0
1
...
1
1

In this work, a fully-connected autoencoder is used for feature
learning of local-topology information of data. The learning process
is shown in Fig. 4.

(5)

3.5. Image deep clustering with embedded local-topology

It can be seen that representation matrix Snn of local-topology
information of data is replaced by Tng , and computational complexity is reduced to O(n ). In this way, the computation becomes less
time-consuming.

In this paper, we propose an image deep clustering algorithm
based on local-topology embedding (ITEC). The details of algorithm
are shown in ITEC. The algorithm is mainly divided into four parts.
The ﬁrst part is the learning process of feature of data itself, the
90
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Fig. 4. Local-topology information feature learning model. The sample data selected randomly from the original dataset is initially clustered by K-means, and local-topology
representative samples are selected from cluster centers to obtain local-topology information representation.

Table 3
Description of dataset.

second part is the learning process of local-topology information
feature, the third part is the concatenation of the two features, and
ﬁnally clustering task is carried out.
3.6. Time complexity analysis
We analyze time complexity of the proposed ITEC algorithm.
The main computation includes training convolutional autoencoder, training fully-connected autoencoder, and calculating localtopology matrix.
Suppose the layer of the encoder is D. In the ith convolutional
layer, the feature map size is fi ∗ fi , the number of feature maps is
ci , the kernel size of ﬁlters is ki ∗ ki , and the number of ﬁlters is
ni . With the notations and assumptions, the time complexity of ith
2 2
convolutional layer is O( fi ki ci ni ). Adding the time complexity of
fully-connected layer, the total time complexity of training convoD
−1
2 2
lutional autoencoder is O(2T (
fi ki ci ni + cD nD )), where T is the

Class

Instance

784
784
256
784

10
10
10
10

70000
10000
11000
70000

1
→ reshape → deconv128
→ deconv64
3
5 → deconv5

The superscript represents the number of convolution kernels,
and the subscript represents the size of convolution kernels. Since
the learner begins to converge at about 20 epochs, the stopping
epoch of training is set to 50.
The network structure of local-topology information feature
learning model in this paper is

dense100 → dense64 → dense32 → dense20 → dense10
→ dense20 → dense32 → dense64 → dense100 .
The superscript represents the dimension of layer. The learner
starts to converge around 50 iterations, so training times are set to
100.
The above two learning models are trained using Adam optimizer and MSE loss.

( pn1 + n1 n2 + · · · + n4 n5 + n5 n4 + · · · + n2 n1 )

i

= O(n( pn1 + const ))
= O(n ∗ const )
= O (n )

Dimension

mnist-full
mnist-test
usps
fashion

128
conv64
→ conv256
→ f latten → dense10 → dense
5 → conv5
3

total training iterations. For calculating local-topology matrix, suppose the number of sample is n, each sample is calculated with
p cluster centers, the time complexity of calculating local-topology
matrix is O(np) = O(n ), and p is a constant.
For training fully-connected autoencoder, suppose the number
of neurons in each layer is as follows:
n1 , n2 , · · · , n5 , n4 , · · · , n1 , the total time complexity is
n


Dataset

1
2
3
4

[24]. The dataset statistics are summarized in Table 3. The visual
presentation of datasets is shown in Fig. 5.
The network structure of feature learning model of data itself is

i

O

ID

(6)

4.2. Evaluation of clustering algorithms

By summing the three items and preserving the dominant
items, the overall time complexity of ITEC is approximately
D
−1
2 2
O ( 2T (
fi ki ci ni + cD nD )) + 2O(n ).
4. Experiment

The proposed algorithm ITEC is compared with several representative clustering algorithms, which are two classical clustering
algorithms K-means [25], DBSCAN [26] and nine deep clustering
algorithms DAE [27], DCN [28], DEC [3], IDEC [29], DCEC [7], DeepCluster [30], DWSC [32], K-DAE [33] and SDCN [31].

4.1. Dataset and implementation details

4.3. Experimental results and analysis

We compare ITEC with several baselines on four widely used
benchmark datasets: mnist-full [22], mnist-test, usps [23], fashion

The comparison results of clustering accuracy between the ITEC
algorithm and other baseline algorithms are shown in Table 4. As

i
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Fig. 5. The datasets display. 40 images were randomly selected for visualization for each of the datasets in our experiment.
Table 4
Performance comparison. The performance results are obtained from the corresponding paper [12,36] or by running corresponding code, and the best
results are shown in bold. ’-’ indicates that no results can be obtained from paper or code.

mnist-full
mnist-test
usps
fashion

K-means

DBSCAN

DAE

DCN

DEC

IDEC

DCEC

DeepCluster

DWSC

K-DAE

SDCN

ITEC

0.5322
0.5507
0.4037
0.4733

0.1125
0.1135
0.1000
0.1000

0.8240
0.8050
0.7240
–

0.8300
0.8020
0.6880
0.5010

0.8630
0.8560
0.7620
0.5180

0.8810
0.8460
0.7610
0.5290

0.8793
0.8530
0.1938
0.5711

0.7970
0.8540
0.5620
0.5420

0.9408
0.4855
–
0.5729

0.8566
0.7348
0.7660
0.5683

–
–
0.7808
–

0.9184
0.9142
0.7936
0.6104

4.5. Ablation studies
In order to evaluate the contribution of individual components
of the model, we conduct ablation experiments on local-topology
information and data augmentation. We adopt three standard evaluation metrics, clustering accuracy (ACC), normalized mutual information (NMI), and adjusted rand index (ARI) to evaluate clustering
effect. The range of ACC and NMI values is [0, 1], and the range of
ARI value is [−1, 1]. The better the clustering result is, the larger
values of these three indexes will be.
Local-topology information and data augmentation technique
have positive effects on deep clustering, which are reported in
Table 6. The proposed ITEC algorithm with both local-topology embedding and data augmentation obtains the best ACC, NMI and ARI
scores on the four datasets.
4.6. Feature embedding mode
The feature representation of local-topology information can be
concatenated or added to the feature representation of data itself.
The comparison results of the two modes are shown in Table 7.
Table 7 reﬂects that concatenation is more suitable for image deep
clustering algorithm model proposed in this paper. The reasons for
this phenomenon can be explained as follows: the addition can not
guarantee the two feature representations being in the same feature space, as a result, it is uncertain that feature is more representative. However, the concatenation does not need to consider
whether they are in the same feature space and realizes synthesis
of the two feature representations. In summary, the concatenation
mentioned above is more appropriate for ITEC.

Fig. 6. Demonstration of experimental results. Taking fashion dataset as an example, the experimental result shows that the dataset is divided into 10 clusters.

can be seen from Table 4: (1) ITEC surpasses previous approaches
except for DWSC on the above four datasets which indicates the
effectiveness of ITEC algorithm. However, DWSC performs well in
terms of clustering accuracy for the mnist-full, but it did not perform as well on other datasets. (2) It is worth noting that the
worst performance can be observed in the conventional clustering
algorithms for image datasets, which indicates that image datasets
have better performance in deep clustering algorithms. The experimental results are shown in Fig. 6.

4.7. Parameter sensitivity analysis
In order to verify the inﬂuence of the number of cluster center p in the replacement strategy, we conduct experiments with p
ranging from 50 to 150 at stepsize = 10. The experimental result
is shown in Fig. 7.
As can be seen from Fig. 7, variation of parameters will cause
slight ﬂuctuation which most of are in the range of about 0.05 in
algorithm performance but the ﬂuctuation of about 0.1 will only
occur on dataset usps. However, so small ﬂuctuation will not affect the robustness of algorithms. By Fig. 7, parameters of ITEC to
obtain optimal results are different for different datasets. The explanation is given for this: (1) In the experiment about selecting
local-topology representative samples, the number of cluster p was
obtained by clustering samples randomly selected. The larger p is,

4.4. Running time
We test the timing of the ITEC algorithm in various stages and
the model training is accelerated by CPU, as shown in Table 5. We
test the running time of learning of data itself feature, ﬁnding of
local-topology information, learning local-topology feature and the
total running time of the model. The running time increases as the
sample size grows. Time spent looking for local-topology information and learning feature of local-topology is short.
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Table 5
The running time in various stages (seconds).

mnist-full
mnist-test
usps
fashion

learning of data itself feature

ﬁnding of local-topology information

learning local-topoloogy feature

total time

3681.87
4495.43
341.48
3839.86

53.24
10.30
11.15
50.43

44.65
7.35
8.45
44.9

3782.78
4513.87
361.85
3938.87

Table 6
The contribution of individual components (ACC/NMI/ARI). 1 means that the component is involved, 0 means that the component is not
involved. Best results are shown in bold.
local-topology

augmentation

mnist-full

mnist-test

usps

fashion

0
0
1
1

0
1
0
1

0.8486/0.7983/0.7633
0.8839/0.8115/0.7787
0.8660/0.8086/0.7767
0.9184/0.8385/0.8321

0.7950/0.7220/0.6709
0.8140/0.7593/0.7062
0.8041/0.7331/0.6785
0.9142/0.8285/0.8201

0.6414/0.6051/0.4907
0.7774/0.7098/0.6365
0.7516/0.6670/0.5910
0.7936/0.7344/0.6648

0.4844/0.5603/0.3806
0.5597/0.6010/0.4328
0.5528/0.6011/0.4300
0.6104/0.6319/0.4721

Table 7
Comparision result of feature embedding mode.

ACC
NMI
ARI

Addition
mnist-full

Addition
mnist-test

Addition
usps

Addition
fashion

Concatenation
mnist-full

Concatenation
mnist-test

Concatenation
usps

Concatenation
fashion

0.8782
0.7789
0.7552

0.8815
0.8015
0.7739

0.7293
0.6645
0.5653

0.6042
0.6261
0.4676

0.9184
0.8385
0.8321

0.9142
0.8285
0.8201

0.7936
0.7344
0.6648

0.6104
0.6319
0.4721

Fig. 7. Parameter sensitivity analysis. Analyze the impact of cluster center p in the replacement strategy on clustering performance(ACC/NMI/ARI).

the ﬁner division is, but the representative ability of cluster center is weakened. The smaller p is, the stronger representativeness
of cluster center is, but the compactness of the cluster is weakened. (2) Due to the difference in the internal structures of image
datasets, parameters p need to be selected differently.

Algorithm 1 ITEC (Image deep clustering based on local-topology
embedding algorithm).
Require:Train data: X; Number of randomly selected samples: m;
Number of cluster centers obtained by replacement strategy: p;
Number of local-topology representative samples: g; Number of
clusters: k; Maximum iterations: MaxIter1, MaxIter2
Ensure:Parameters W , W  , b and b of autoencoder; clustering result
Initialization:Initialization parameters W , W  , b and b by pretraining
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:

5. Conclusion
In this study, we introduce a local-topology information representation learning model and a local-topology embedding based
image deep clustering algorithm (ITEC) to deal with image clustering tasks. Experimental results show that ITEC has a signiﬁcant
improvement in performance compared with the state-of-the-art
image clustering algorithms. The feasibility of the two-stage image
deep clustering algorithm is veriﬁed. Our work may generate possible future works. For instance, local-topology embedding based
image deep clustering model for super-large cluster and streaming
data, which helps to ﬁt in the trend of real-time and fast and veriﬁes the signiﬁcance of local-topology information. Also, it is worthy investigating online deep clustering based on local-topology
embedding, which may lead to a new research direction.

for i = 0 → MaxIter1 do
n
compute {hi = fW (xi )}i=1 using (1)(2)(3);
update W , W  , b and b ;
end for
randomly select m samples;
initialize p cluster centers using K-means;
compute T C using (4)(5);
for j = 0 → MaxIter2 do
compute local topological representation l using fullyconnected;

update parameters Wl , Wl  , bl , bl of fully-connected autoencoder;
end for
concatenate two feature representations: h and l;
compute clustering results using K-means.
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