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Image Clustering via Deep Embedded
Dimensionality Reduction and
Probability-Based Triplet Loss

Yuanjie Yan , Hongyan Hao , Baile Xu , Jian Zhao , Senior Member, IEEE, and Furao Shen , Member, IEEE

Abstract— Image clustering is more challenging than image
classification. Without supervised information, current deep
learning methods are difficult to be directly applied to image
clustering problems. Image clustering needs to deal with three
main problems: 1) the curse of dimensionality caused by high-
dimensional image data; 2) extracting the effective image fea-
tures; 3) combining feature extraction, dimensionality reduction
and clustering. In this paper, we propose a new clustering
framework called Deep Embedded Dimensionality Reduction
Clustering (DERC) via Probability-Based Triplet Loss, which
effectively solves the above issues. To the best of our knowledge,
the DERC is the first framework that effectively combines
image embedding, dimensionality reduction, and clustering into
the image clustering process. We also propose to incorporate
a novel probability-based triplet loss measure to retrain the
DERC network as a unified framework. By integrating the
reconstruction loss and the probability-based triplet loss, we can
improve the image clustering accuracy. Extensive experiments
show that our proposed methods outperform state-of-the-art
methods on many commonly used datasets.

Index Terms— Image clustering, unsupervised learning, dimen-
sionality reduction.

I. INTRODUCTION

CLUSTERING is one of the most important unsupervised
learning methods, which automatically divides a dataset

into groups so that the members of each group are simi-
lar to each other. Many popular clustering algorithms have
been proposed in the literature, including k-means, DBSCAN
and spectral clustering [1]. However, when applied directly
to high-dimensional data such as images, those algorithms
often perform poorly. To improve the performance of image
clustering, researchers often turn to image embedding method
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that reduces the image size and extracts the image features.
By mapping high-dimensional images to low-dimensional
spaces, image embedding method improves the accuracy of
image clustering [2], [3].

Traditionally, various hand-crafted features [4], such as
scale invariant feature transform (SIFT) [5] and histogram of
oriented gradient (HOG) [6], can be used to obtain effective
image invariant features at the cost of high computational com-
plexity. Recently, convolutional neural networks are adopted
to extract effective features of images [7], [8]. Among them,
multilayer convolutional autoencoders have been used to learn
image features on unlabeled images and to compress features
for clustering in a unified framework. Those methods can
get the image embedding vectors that represent the high-
dimensional images in a low-dimensional space.

By utilizing the multilayer convolutional autoencoders,
many image clustering methods have been proposed. Deep
embedded clustering (DEC) [2] makes use of a deep neural
network to learn the image embedded representations and
iteratively optimizes the clustering targets using the Kullback-
Leibler (KL) divergence loss. The IDEC [9] method improves
DEC by combining the reconstruction loss in the autoencoders
and the clustering loss. With fully convolutional autoen-
coders, the discriminatively boosted clustering (DBC) [10]
improves the accuracy of image clustering. Deep embedded
regularized clustering (DEPICT) [3] consists of a polynomial
logistic regression function stacked on top of a multilayer
convolutional autoencoder. DeepCluster [11] has a significant
advantage in large datasets such as ImageNet [12]. Those
network models focus on two parts: the first is to build a
suitable image embedding network in which the autoencoder
is popularly used in unsupervised learning; the second is to
choose the appropriate clustering method, such as k-means and
agglomerative clustering. The related methods are summarized
by a unified framework in [13].

The methods mentioned above have the following
general problems. First, according to the manifold learning
hypothesis [14], high-dimensional data can be represented in
low-dimensional manifold spaces. However, some clustering
methods are not suitable in the low-dimensional manifold
space. For example, k-means only works in the Euclidean
space. In addition, it is difficult to intuitively obtain the
number of specific clusters from the image embedding method,
which is crucial for clustering algorithms. Furthermore, some
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Fig. 1. Visualization to show the discriminative capability of the embed-
ded subspaces using the MNIST-test dataset. We conduct t-SNE on the
image embedded space for Visualization. (a) Clustering in embedded space.
(b) Clustering in dimensionality reduction space. (c) Joint training and
clustering in the reduced-dimensional space.

inherent defects exist in the embedding space of autoencoder,
e.g., Entangled Representations [15], [16]. We also experimen-
tally found that the distribution of embedding vectors belongs
to heavy-tailed distributions [17].

To alleviate the above problems, we propose a method that
explicitly utilize the dimensionality reduction in this paper.
This method obtains sufficient image features through the
neural network, and then selects representative features by
dimensionality reduction. In our proposed framework, the deep
embedded dimensionality reduction clustering (DERC) sepa-
rates the image clustering processing into three independent
steps, i.e., image embedding, dimensionality reduction, and
clustering. Various existing methods can be flexibly applied
to each part. Furthermore, the DERC framework combines
three steps for further optimization. We propose to use the
clustering information after dimension reduction to refine the
features obtained by the image embedding network. A similar
idea is also applied in [18], which utilizes the k-mean to
optimize unsupervised linear discrimination analysis (LDA).
In this work, we propose a new measure of clustering loss
called probability-based triplet loss, which is based on the
triplet loss [19] and the Gaussian mixture model (GMM)
clustering [20].

An example demonstrating the improvement of our pro-
posed methods is shown in Fig. 1. Fig. 1(a) shows the
visualization result of clustering in the initial embedded space
before reduction using k-means clustering. Fig. 1(b) shows the
clustering results after reducing the dimensions of the image
embedding vectors using the t-distributed stochastic neighbor
embedding (t-SNE) [21] algorithm. Because t-SNE is also used
for visualization, the structures of the two images are the same,
but the clustering results are different. Fig. 1(c) visualizes the
embedding subspace after retraining the network using the
probability-based triplet loss and the reconstruction loss. The
main contributions of this paper can be summarized as follows:

• To the best of our knowledge, the DERC is the first frame-
work that separates the image clustering processing into
three steps which are image embedding, dimensionality
reduction, and clustering. The DERC achieves state-of-
the-art in image clustering.

• We propose a new measure of clustering loss called
probability-based triplet loss in conjunction with image
embedding and clustering for joint training.

• Extensive experiments show that our proposed method
outperforms popular clustering methods on some bench-
mark datasets.

II. BACKGROUND

In this section, we briefly introduce some techniques related
to our framework. The DERC uses the autoencoder network
to extract advanced image features, which is called image
embedding. Next, we adopt appropriate dimensionality reduc-
tion method to filter out useless features and reduce the
image embedding vectors from the manifold space to the
Euclidean space. Finally, some widespread clustering methods
are introduced.

A. Image Embedding

Image embedding uses neural networks to map images
to low dimensional vectors which represent images in the
embedding space. To extract the effective features, a large
number of parameters of the neural network need to be trained
on the labeled dataset. It is inconsistent with the purpose
of image clustering which is unsupervised learning. Most
image clustering models, such as DEC [2], DEPICT [3], take
advantage of the autoencoder model [22] which compresses
images into low dimensional vectors and then decompress
them into high-dimensional vectors that closely matches the
original images. Autoencoders are trained to minimize the
reconstruction loss, which does not require explicit image
labels. Therefore, autoencoders are suitable for image clus-
tering in unsupervised learning. In a sense, autoencoder can
also be seen as a dimensionality reduction method. But we
are more concerned with the aspect of autoencoders to extract
distinguished advanced features from images [23].

B. Dimensionality Reduction

Dimensionality reduction is the process of reducing the
number of random variables to mitigate the curse of dimen-
sionality, which has been studied a lot in the literature. There
are many methods for dimensionality reduction, such as princi-
pal component analysis (PCA) [24], spectral clustering [1] and
uniform manifold approximation and projection (UMAP) [25].
There are two main reasons for reducing the size of the
image embedding vectors. On the one hand, we get a lot of
features in the image embedding process and features may
be redundant or similar. Filtering out those useless features
is necessary. On the other hand, even the image embedding
vectors in low-dimensional manifold space are troublesome to
be solved by clustering methods that work on the Euclidean
space. We verify this assertion in the experiments.

Although our framework has the flexibility to choose a
dimensionality reduction algorithm on a specific clustering
task. The t-SNE is better than other reduction algorithms in
revealing the structures of datasets by mitigating the conges-
tion problem when mapping from high-dimensional to low-
dimensional space. As a result, t-SNE is suitable to process
data with the heavy-tailed distribution.

C. Clustering

Clustering consists of a variety of different methods [26].
Depending on the specific datasets, different clustering algo-
rithms have their own strengths and weaknesses. In this paper,
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Fig. 2. The DERC framework includes image embedding, dimensionality
reduction, and clustering. In addition, these three parts are combined by
probability-based triplet loss.

we assume that the image data after dimension reduction
is in line with the Euclidean distance, which is verified
by many experiments and clustering models. The DEC and
the DBC [10] employ the k-means clustering algorithm in
the output layer of the encoder. The k-means algorithm can
obtain the corresponding cluster centers, and these centers
and image embedding vectors are used to calculate the KL
divergence loss to retrain the network. The joint unsupervised
learning (JULE) [27] is inspired by agglomerative clustering
which combines two clusters with the highest affinity in each
step until some stopping criteria are met.

The GMM [28] is adopted for clustering in our proposed
method. It can not only illustrate the definition of cluster
centers but also show the probability of each sample point to
the cluster center. We will utilize such probabilities to improve
the encoder network by using our proposed probability-based
triplet loss.

III. DEEP EMBEDDED DIMENSIONALITY

REDUCTION CLUSTERING

A. DERC Architecture

Let’s consider the task of clustering N images,
X = [x1, . . . , xn], into K clusters, where each image
xi ∈ R

dx and dx = H × W × C . The number of clusters K is
usually specified according to the category of the image. As
shown in Fig. 2, we divide the DERC network into three parts:
image embedding, dimensionality reduction and clustering.
In addition, we also proposed a new probability-based triplet
loss to retrain the DERC network as a whole. The details of
each part of the DERC framework are discussed as follows.

1) Autoencoder Image Embedding: In the image embedding
part, we adopt a multilayer convolutional autoencoder. By an
encoder network, we can transform xi to zi with a nonlinear
mapping fθ : X → Z , where θ is learned by autoencoder
and Z = [z1, . . . , zn] is the image embedded vectors, where
each zi ∈ R

dz and dz represents the image embedding vector’s
dimension (i.e., dz � dx ). The dz is related to K , which is
popular to set dz = K in many clustering models. However, for
complex images with fewer categories, we do not simply set dz

to K . With the help of the decoder function ϕθ : Z → X � and
the reconstruction loss, we initialize the encoder’s parameters
θ by pre-training the autoencoder. The purpose of image

embedding is to extract the high-level features of the image.
It is inevitable that some features are redundant or similar
between images.

In the autoencoder, the encoder network and the decoder
network adopt a symmetrical structure. We only present the
structure of the encoder. The encoder network mainly consists
of five or six layers of convolutional layers and a fully
connected layer at last. The convolutional layer performs
downsampling by setting different step sizes to extract the
features. The embedding vector zi is the fully connected layer
output from the last layer. Noted that the DERC takes a
deeper network than other models. In theory, the ability of
the DERC network to extract features is stronger, but the
image embedding vectors share some information to hinder the
clustering. We use dimensionality reduction to alleviate this
problem while exploiting the capabilities of the deep network
by the probability-based triplet loss.

2) t-SNE Dimensionality Reduction: To filter out similar
features and extract differentiated features, we utilize the
t-SNE or other dimensionality reduction algorithms to trans-
form the Z to R, where R = [r1, . . . rn] and ri ∈ R

dr

(i.e., dr < dz). The R is more suitable for clustering than
the Z . The basic idea of the t-SNE is that if two data are
close in distance in high-dimensional space, they should be
close together in the dimensionality reduction space. Math-
ematically, t-SNE uses conditional probability to describe
the similarity between two data. The Gaussian distribution
with variance σi is constructed centered on point zi , and the
probability that z j is the neighborhood of zi is represented
by w j |i ,

w j |i = exp −||zi − z j ||2/(2σ 2
i )

∑
k �=i exp −||zi − zk ||2/(2σ 2

i )
. (1)

In the dimensionality reduction space R, using the student’s
t-distribution with one degree of freedom, v j |i means that the
probability of r j is the neighborhood of ri , i.e.,

v j |i = (1 + ||ri − r j ||2)−1

∑
k �=l (1 + ||rk − rl ||2)−1 . (2)

We learn the nonlinear dimensionality reduction R =
[r1, . . . , rn] using the gradient descent method to minimize
the KL divergence distance of the W distribution and the V
distribution. The t-SNE algorithm is particularly well suited
for the dimensionality reduction of high-dimensional datasets
and is O(n log(n)) in time complexity.

3) GMM Clustering: Given the matrix R, we use the GMM
to predict the probability of each ri to clusters. First, we define
the probability density function p about sample r on the i -th
Gaussian distribution,

p(r | ui ,�i ) = 1

(2π)
dz
2 |�i | 1

2

e− 1
2 (r−ui )

T �−1(r−ui ) (3)

where ui is the cluster center and �i is the covariance matrix.
They are parameters of the i -th Gaussian mixture distribution,
and then,

pM(r) =
K∑

i=1

βi · p(r | ui ,�i ) (4)
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where βi > 0 is a mixture coefficient,
∑K

i=1 βi = 1. The
distribution of the dataset is composed of a mixture of K
Gaussian distributions. The new parameters βi , ui and �i are
updated using the EM algorithm [29] as follows,

pik = pM(yi = k | ri ) = P(yi = k) · pM (ri | yi = k)

pM(ri )
. (5)

Here pik in (5) indicates the probability of the i -th dimen-
sionality reduced vectors belonging to the k-th cluster. In the
last step, we cluster R = [ri , . . . , rn] with a GMM to get the
probability of each ri to different clusters. Please refer to [28]
for more details about the GMM method.

B. Probability-Based Triplet Loss

We proposed a novel clustering loss called the probability-
based triplet loss to obtain better features of the encoder
network, which is inspired by triplet loss [19] and combined
with the clustering probability in (5), as follows,

Dij = ||zi − z j ||22 (6)

where Dij is the distance between zi and z j .

Lc(θ) =
n∑

i

∑

j∈Ca,k �∈Ca

((1 − ||pia − p ja||)Dij − Dik) (7)

where Ca means the predicted clustering set of data point zi .
When we retrain the encoder network, we usually add recon-

struction loss as regularization [9] to avoid the degradation
of the autoencoder. The probability-based triplet loss and the
reconstruction loss are combined as follows:

L(θ) = αLc(θ) + (1 − α)Lr (θ) (8)

where Lr (θ) = ∑n
i ||xi − x �

i ||2 is the reconstruction loss in
the autoencoder and α ∈ [0, 1] is an extra hyperparameter to
balance the two losses.

In the previous subsection, we discuss the details of each
module independently. However, it would be better to combine
them together to handle image clustering problem in [2], [11].
The probability-based triplet loss is used to retrain the autoen-
coder network by connecting the three parts together. We can
optimize the clustering network as a whole to achieve better
results than previous clustering. Furthermore, we combine
probability-based triplet loss with the reconstruction loss to
improve the stability of the encoder network. We observe
a significant improvement in performance after using joint
training.

The formal definition of probability-based triplet loss is
in (7). We intuitively explain the effect of this loss. As shown
in the Fig. 3, there is still a situation in which the boundary
between the two classes is not clear before retraining. The
probability-based triplet loss can minimize the distance in the
same cluster set and maintains the intraclass distance as much
as possible. At the same time, the distance between different
classes is increased.

The probability-based triplet loss can be seen as a variant
of the triplet loss combined with the probability of GMM.
When the DERC adopts a new clustering method such as
DBSCAN, the probability between the pseudo-classes can

Fig. 3. The experimental results are derived from the t-SNE visualization
of the ‘3’ and ‘5’ images in the mnist dataset. The left half is before the
retraining and the right half is after the retraining.

be set to one, and the probability-based triplet loss will be
degraded into a triplet loss.

C. Optimization

The parameters of the autoencoder network are initialized
by Glorot uniform [30]. We optimize those parameters θ using
Adam [31] with the default hyper-parameters.

The process of training the DERC network is divided into
two phases: pre-training and retraining. In the pre-training
process, we first use the reconstruction loss to train the encoder
network to obtain the primary image embedding vectors. The
encoder’s weights θ are updated in mini-batches as follows:
θ = θ − λ

m

∑m
i=1

∂Lr
∂θ , where λ is the learning rate and m

is the mini-batch size. Then, we reduce the vectors Z by
the t-SNE algorithm to extract distinguishing features and
remove redundant features. Meanwhile, the embedding vectors
Z are embedded to R from the manifold to a low-dimensional
Euclidean space Finally, GMM is used to cluster the reduced
dataset R, and the probabilities of each sample to the cluster
centers are obtained as P via EM algorithm.

In the retraining process, we refine the autoencoder network
by our proposed probability-based triplet loss. The purpose of
this step is to optimize the features extracted by the encoder
network using the results of clustering. From the previous step,
we obtain the pseudo-classes of each dataset C and the cor-
responding probabilities P . Then, for each retraining sample
point x , the DERC randomly selects the same pseudo-class
xs and the different pseudo-class xd in mini-batches. Through
backpropagation, the autoencoder calculate the loss of sample
point x to update the weights θ by Eq. (8). In addition, the
DERC framework can iteratively retrain the process to improve
the performance of clustering. In the discussion section, we
will study the relationship between iterative training and
clustering accuracy. In summary, Algorithm 1 shows a brief
description of the DERC algorithm.

IV. EXPERIMENTS

In this section, we compare the state-of-the-art cluster-
ing methods with the DERC on several benchmark image
datasets. By analyzing the experimental clustering results,
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Algorithm 1 Deep Embedded Dimensionality Reduction
Clustering

the DERC has an excellent performance compared to other
models. Simultaneously, we also carry out ablation experi-
ments to analyze the DERC framework. Through the com-
parison experiments of each part, we analyze the impact of
each part on the DERC algorithm. Our implementations are
based on Tensorflow [32] and the code will be published
at https://github.com/DizzyDwarf75/DERC. In the end, we
experimentally analyze the effects of hyperparameters on the
DERC framework.

A. Datasets

The proposed DERC method is evaluated on the following
handwritten digit and face image datasets: MNIST-full: a
dataset containing 70,000 handwritten digits including 60,000
training samples and 10,000 testing samples, where each sam-
ple is a 32 by 32 grayscale image [33]; MNIST-test: a dataset
only consisting of the testing samples from MNIST-full;
USPS1: from the USPS postal service, which contains 11,000
samples of 16 by 16 grayscale image samples; FRGC2: using
the 20 randomly selected subjects from the original dataset,
cropping the face regions and resizing them into 32 by 32 color
images; YTF: following [34], we choose the first 41 subjects
of YTF dataset. The size of the image is 32 × 32 × 3 pixels;
CMU-PIE [35]: a dataset including face images of 68 people
with 4 different expressions. The above datasets are also used
in the experiments of DEPICT [3]. Table I provides a brief
description of datasets.

Note that data preprocessing has a great impact on the train-
ing results of the model. Sometimes an effective preprocessing
method can lead to significant improvements. To ensure the
fairness of comparison with other models, we normalize the
images so that the distribution of the data conforms to a
standard Gaussian distribution, which is adopted by most
models.

1http://www.cs.nyu.edu/~roweis/data.html
2http://www3.nd.edu/~cvrl/CVRL/Data_Sets.html

TABLE I

DATASETS STATISTICS

TABLE II

CONFIGURATION OF THE ENCODER NETWORK

B. Experiment Setup

1) Comparing Methods: We compare the DERC with other
clustering algorithms, including k-means, spectral embedded
clustering (SEC) [36], agglomerative clustering via path inte-
gral (AC-PIC) [37], deep embedded clustering (DEC) [2], deep
embedded regularized clustering (DEPICT) [3], joint unsu-
pervised learning (JULE) [27] and discriminatively boosted
clustering (DBC) [10]. Moreover, we also do some ablation
experiments on the DERC to verify the effectiveness of the
dimensionality reduction and probability-based triplet loss.
The DAE represents the model only consisting of deep con-
volutional autoencoder and k-means clustering, which is a
typical two-stage model. The model DERC-R differs from the
DERC in that it does not use a probability-based triplet loss
for retraining.

2) Clustering Metrics: For fairness comparison in differ-
ent clustering algorithms, we adopt two evaluation metrics,
clustering accuracy (ACC) and normalized mutual informa-
tion (NMI) [38], which are widely used for clustering in
unsupervised learning. ACC is measured by the best mapping
between the cluster assignments and the true labels using the
Hungarian algorithm [39].

3) Implementation Details: We use a deeper autoencoder
architecture than any previous models which usually are
made of two or there layers of encoder and decoder. The main
part of the DERC is an autoencoder which is composed of five
or six layers of convolutional networks and a layer of fully
connected layer to form an encoder and a symmetric decoder.
While for all convolutional layers, the kernel size is 3 ×3 and
the step is 1×1 or 2×2, the full connected layer output is the
image embedding vector whose dimension is set to be equal
to the number of clusters. But in the experiment we find that
setting a larger embedding vector dimension is beneficial for
complex images clustering. We believe that the main reason is
that high-dimensional vectors can provide richer information.
We use the RELU function as the activation function in each
layer of convolution and exploit the batch normalization to
normalize the output of the fully connected layer. The above
contents are summarized in Table II.
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TABLE III

CLUSTERING PERFORMANCE ON HANDWRITTEN DATASETS IN TERM OF
ACCURACY(ACC) AND NORMALIZED MUTUAL INFORMATION(NMI).

THE RESULTS CANNOT BE OBTAINED USING THE MARKS (-)

TABLE IV

CLUSTERING PERFORMANCE ON FACIAL DATASETS IN TERM OF

ACCURACY(ACC) AND NORMALIZED MUTUAL INFORMATION(NMI).
THE ONES MARKED BY (*) ON TOP MEAN THAT THE RESULT

COME FROM THE DBSCAN CLUSTERING INSTEAD

OF K-MEANS OR GMM. THE RESULTS CANNOT
BE OBTAINED USING THE MARKS (-)

It is recommended to make Adam as our optimization
method with the default hyper-parameters. The network para-
meters are initialized by Glorot uniform and the embedding
network is pre-trained using reconstruction loss without any
other techniques. When we get the embedding vectors from
the encoder network, it is necessary to effectively reduce
the embedded vectors’ dimensionality to obtain differentiated
features. After reducing the vectors’ dimension with t-SNE,
we adopt the GMM to cluster the embedding vectors into
image tags.

Finally, we choose valid ternary pairs to calculate the
probability-based triple loss to combine the three separate
parts. We generate triplet pairs online, which means that when
retraining the DERC network, ternary pairs are selected in mini
batches. More specifically, a triple is composed of a sample, a
positive sample, and a negative sample. Each sample point acts
as an anchor, the positive sample has the same pseudo-category
as the anchor, and the negative sample has a pseudo-category
that is different from the anchor.

C. Comparison With Other Methods

We report the results of all clustering algorithms in Table III
about handwritten datasets and in Table IV about facial
datasets. We refer to some experimental results of models
in [3]. According to the two tables, we can learn that the DERC
performs better than the other aforementioned algorithms in
general. In terms of accuracy (ACC) and normalized mutual
information (NMI), the DERC model can consistently achieve

Fig. 4. The clustering accuracy of each model and the image embedding
dimensions on MNIST-test. The red line represents the reconstruction loss of
the autoencoder.

better results on handwritten datasets. On the facial datasets,
the DERC also achieved competitive clustering results. Simul-
taneously, the DERC framework has greater flexibility and
adaptability than any other model. From image visualization of
reducing image embedding vectors, we decide more intuitively
to apply an appropriate clustering method to cluster the data.
For examples, on the YTF dataset, we adopt a simple density
clustering approach to achieve state-of-the-art.

Please note that the other models, such as JULE and DEC
report their best results by tuning hyperparameters, but the
DERC does not spend much time tuning and is robust to
hyperparameters in some sense. The DEPICT model can be
seen as increasing the data by adding random noise to the
original image, while our model only performs a simple
normalization of the images. Both the JULE and the AC-PIC
use agglomerative clustering which is slower than k-means or
GMM clustering [3].

D. Comparison With Ablation Models

We set up the DAC without dimensionality reduction and the
DERC-R without refining process as comparative experimental
models to explore the effectiveness of the various parts of the
proposed framework. In Table III and Table IV, compared
with the DAE’s results, DERC-R has better performance
in clustering. This means that the dimensionality reduction
process is beneficial for GMM clustering. Moreover, the
retrained DERC method is also superior to the DERC-R
method. With the probability-based triplet loss, we improve the
accuracy of the cluster by approximately 2% after retraining
on benchmark datasets. Other methods, such as DEPICT, etc.,
their framework is similar to the DAE method. The clustering
accuracy of the DERC-R framework without retraining process
is lower than that of the DERC framework.

In Section V, we also explored the influence of the size of
image embedding on the clustering results in Fig. 4. When
different methods work on MNIST-test at the same image
embedding dimensions, similar results can be obtained. We
experimentally verify the effectiveness of the dimensionality
reduction and retrain methods. In addition, visual analysis
intuitively shows the role of the respective modules in the
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Fig. 5. Visualization to show the discriminative capability of embedding subspaces. We conduct t-SNE on the image embedding space for Visualization.
(a) Visualize in embedding space when the autoencoder is initial. (b) Visualize when the embedding network is trained using reconstruction loss. (c) Visualize
when we utilize the probability-based triplet loss and reconstruct loss to refine the network. Different colors represent the ground-truth of the label. Note that
we only use ten colors to represent different classes, so if the number of categories is greater than 10, different classes will have same colors.

next section. In summary, we experimentally verify the effec-
tiveness of the t-SNE dimensionality reduction method and
retraining process via the probability-based triplet loss for
image clustering.

V. DISCUSSION

We discuss some practical issues and related researches that
are faced in applying this framework. First, we explore the
hyperparameters setting for image embedding. Next, we show
the distribution of embedding vectors and study the effect of
iteratively refining image embedding network on clustering
accuracy. Then, some clustering results are visualized. Finally,
we discuss the failed case and give some effective suggestions.

A. Hyperparameters of Image Embedding

Network structure and image embedding size are critical for
the autoencoders. The network structure of the autoencoder

adopts the popular CNN structure for processing images [7].
Under the same general network architecture, we study the
effect of the dimensions of image embedding on clustering
accuracy. From Fig. 4, it can be concluded that DERC is not
sensitive to the dimensions of image embedding. Note that the
accuracy of the cluster suddenly drops when the dimension is
approximately 70. It is due to the inability of the embedding
network to converge. We set better hyperparameters to achieve
a convergence of the embedding network. The final clustering
accuracy reaches the same level as before.

B. The Distribution of Embedding Vectors

We found that the distribution of embedding vectors in
the same clustering coincides with heavy-tailed distributions
in Fig. 6. We obtain 128-dimensional image embedding
vectors on CMU-PIE dataset. and we rank the absolute
average value of each dimension in the same clustering
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TABLE V

THE ACC AND NMI PERFORMANCE ABOUT BALANCE
FACTOR α ON THE MNIST-TEST DATASET

TABLE VI

THE ACC AND NMI PERFORMANCE FOR DIFFERENT ITERATIONS

OF TRAINING ON THE USPS DATASET

Fig. 6. The distribution of the embedding vectors about three categories.

embedding vectors. Then, we show the distribution of embed-
ding vectors in the same cluster.

Moreover, the embedding space learned by autoencoder
can be regarded as the manifold space [40], [41]. However,
GMM clustering is engaged in on Euclidean space. The t-SNE
dimensionality reduction is suitable to map the embedding
vectors to Euclidean space and deal with the information of
the heavy-tailed distribution. We think that it is a reason that
the t-SNE method can improve the GMM clustering method
for image embedding.

C. Hyperparameters of Iterative Training

The probability-based triplet loss takes advantage of the
pseudo-class results of clustering after dimension reduction
to refine the image embedding network. In the Table. VI, we
study the iterative training on the clustering results to verify
the effect of the proposed loss. We discover that the clustering
result can be significantly improved during the first iteration
of retraining. However, as the number of iterations increases,
the improvement in accuracy is not significant. In Table. V,
we show the effect of α in Eq. (8) on MNIST-test. Balance
factor α has good adaptability for clustering. What’s more,
it can be seen that appropriately increasing the weight of
the probability-based triplet loss can improve the clustering
method slightly.

D. Visualization of the Image Embedding

In Fig. 5, we visualize the results using image embedding
at different stages. The image embedding representations are

Fig. 7. Clustering samples on the FRGC dataset. Each column is some
randomly selected samples of the same cluster.

shown in three stages: 1) initialization stage, where the net-
work parameters are randomly initialized; 2) reconstruction
stage, where the network parameters are trained only using
reconstruction loss; 3) refinement stage, where the embedding
network parameters are retrained using both probability-based
triplet loss and reconstruction loss. We visualize the USPS,
FRGC and CMU-PIE datasets, which are considered to be
representative, including the case of few classes and multiple
samples, the case of few classes and few samples, and the case
of multiple classes but few samples. From the visual analysis
of multiple datasets, we can more intuitively understand the
improvement of clustering caused by dimensionality reduction
and retraining.

E. Visualization of the Clustering

In Fig. 5, we explore the impact of clustering directly after
embedding, i.e., without the reduction method. The need for
dimensionality reduction was verified by ablation experiments.
Furthermore, in Fig. 8, we mainly analyse the clustering results
of initialization, pre-training and re-training of the DERC
to verify the effectiveness of the proposed probability-based
triplet loss. Fig. 8 shows the visualization of direct clustering
and clustering after dimension reduction on image embedding.
The visualization results on multiple datasets show that the
performance of general clustering methods such as GMM on
the image embedding space is not ideal but improved by
the dimension reduction method. Fig. 7 shows the results
of clustering samples on the FRGC dataset. It can be seen
that the DERC method effectively cluster faces with different
illumination and slight deformation.

F. The Failure Clustering

Although the DERC has such excellent results, it still fails
to achieve the desired goal for a variety of reasons. There

Authorized licensed use limited to: Nanjing University. Downloaded on December 29,2020 at 11:49:41 UTC from IEEE Xplore.  Restrictions apply. 



5660 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 29, 2020

Fig. 8. Visualization to show the performance of clustering on the different periods. We conduct t-SNE on the image embedding space for Visualization.
(a) Visualize ground truth in embedding space. (b) Visualize clustering results in the image embedding space using the GMM. (c) Visualize clustering results
after reduction dimensionality in the image embedding. Different colors represent the ground-truth of the label. The same color in different subgraphs has no
meaning. We only use ten colors to represent different classes, so if the number of categories is greater than 10, different classes will have same colors.

are two main reasons for the failure of the DERC: the image
embedding process and the clustering process. From Fig. 3,
when the reconstruction loss of the image embedding network
is stabilized at a large local minimum, it is disadvantageous for
subsequent dimensionality reduction and clustering. Although
it is not guaranteed that the image embedding network can
converge to a good local minimum point, by monitoring the
specific reconstruction loss, we can select different hyperpara-
meters to run the network multiple times to achieve the ideal
convergence point.

VI. CONCLUSION

In this paper, we propose a novel deep embedded
dimensionality reduction framework (DERC) for clustering
images. The DERC framework consists of three parts: image
embedding, dimensionality reduction and clustering. Image
embedding primarily handles feature extraction of images.
Dimension reduction on image embedding facilitates visual

analysis while facilitating the selection of clustering methods
so that it improves the clustering accuracy. The choice of
clustering methods is also more flexible and different methods
can be selected based on the dataset. We also proposed
probability-based triplet loss to optimize the image embedding
network and use clustering pseudo-class results to achieve the
state-of-the-art.

In our future work, we shall improve the DERC framework
using some measures, such as focusing on the network to
replace the convolutional network and to combine it with semi-
supervised clustering.
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