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Abstract. With the expanding volume of medical data, the supervised algorithms
have the difficulty in obtaining labels of the medical data. To address this prob-
lem, many researchers have introduced unsupervised learning algorithms to ana-
lyze medical data and to mine the potential information among different samples.
Simultaneously, with the brisk growing of deep learning, the association of unsu-
pervised algorithms and deep learning is becoming further intimate. In this paper,
wewill use clustering algorithmwhich is commonly used in unsupervised learning
to analyze breast ultrasound images. The Improved Deep Embedded Clustering
(IDEC) algorithm will be introduced in this paper, which is broad used in the cur-
rent deep clustering methods to do clustering analysis. Meanwhile we have added
the graph embedding strategies in IDEC algorithm to enhance the clustering per-
formance. The algorithm includes two phases: pre-training phase to capture hidden
features and fine- tuning phase to enhance clustering result. We have exerted our
algorithm on breast ultrasound images dataset to perform clustering analysis, and
the experiment results indicate that the clustering performance of this algorithm
is better than other traditional clustering algorithms.

Keywords: Unsupervised learning · Clustering analysis · Deep clustering ·
Medical data

1 Introduction

To derive the hidden information of image, supervised learning algorithms based on
deep learning exert fundamental algorithms and large-scale labeled materials for a range
of image analysis [1]. Nevertheless, In the area of medical image analysis, manual
description of medical image requires a series of medical and computer knowledge. In
recent years, the medical image depository continues to enlarge. But there has not been
an equivalent development in the number of labeled samples. Furthermore, the sources
of medical image samples are extremely broad such as organs or human tissues images
on X-ray and a range of images on Magnetic Resonance (MR), Faced with the variety
of complex medical materials, the learning cost is a primary problem too.
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In several paper, a series of approaches have been used to address these challenges
includingmethod based on one-shot learning. This algorithm uses some relatively small-
scale labeled materials to train and deep model. Introducing transfer learning exert
images from others general dataset as a feature learning phase [2]. Some approaches
exert unsupervised learning algorithm to capture the feature of the medical data, where
the purpose is to acquire medical image information. However, only exerting unsuper-
vised learning algorithm to capture the hidden information of the medical data is not
enough, and more unsupervised learning methods should be introduced to obtain better
performance. Alternatively, the clustering method has been introduced to discriminate
dissimilar samples. Clustering method plays an essential role in unsupervised learn-
ing methods. In image segmentation [3–5] and unsupervised image classification [6–9]
areas, many clustering methods and models has been used.

Normally, medical image materials have the characteristics of large quantity, mul-
tiple data sources and complex picture structure. Breast ultrasound image is one of the
typical image types. For breast ultrasound images, many researches have done a series of
analysis [10–12]. Our purpose is to introduce an unsupervised learning method to obtain
the main features from breast ultrasound images. Then exerting a clustering algorithm
distinguishes these images andmaximize the separation of images between different cat-
egories. Therefore, we introduced an improvedDeepEmbeddingClustering (IDEC) [13]
algorithm that combines a deep model and a clustering algorithm. In order to enhance
clustering performance, we join graph embedding strategy tomaintain the neighbor rela-
tionship between samples. Meanwhile, we experimented on a breast ultrasound images
dataset to verify the accuracy of proposedmethod. Final we have compared the proposed
algorithm with other traditional clustering algorithms. Experimental results show that
proposed algorithm performs better than other traditional Clustering algorithms. This
may provide new thoughts for the area of medical image analysis.

2 Relate Works

2.1 Deep Clustering

Recently, a series of clustering methods have been published, and which introduces the
deepmodels to learnmain features representations and uses these hidden representations
to enhance clustering performance. Deep clustering network (DCN) [14] was proposed
in a framework which include two part: dimensional reduction and K-means clustering.
Deep embedded clustering (DEC) [15] was introduced in a deep stacked autoencoder
(SAE) [16] to optimize the feature extraction model by pre-train dataset, and then a
novel clustering objective function was proposed in [17] and which is based on KL
divergence. DEC optimized through iteratively self-training. These Clustering methods
have displayed superiority beyond the tradition algorithms. While, these approaches are
rarely exerted in the area of medical data analysis. This article applies the deep clustering
method to medical image analysis, which can achieve better clustering performance than
traditional methods, and can be suitable adapted to large-scale datasets.
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2.2 AutoEncoder

Autoencoder is a neural network model of self-supervised learning, which include
encodes and decodes. Samples were inputted into encoder and were outputted from
decoder, the training strategies was introduced by comparing the similarity between
input samples and decoded samples. The principal part of the stacked autoencoder is
fully connected neural networks, which has a hidden layer z to capture the key features
of the input sample. the function of encoder and decoder is x = FE(FD(x)).

Where FE() indicates encoder mapping to learn hidden features z,FD() indicates
decoder mapping to reconstruct input sample x, x indicates reconstruct sample for x.

Following are two general applications of autoencoders.
Under-complete autoencoder. The purpose of undercomplete autoencoder is to

capture the key information of input sample, thus, it designs networks that keep the
dimensions of hidden layer less than input layer.

Denoising autoencoder. The purpose of denoising autoencoder is to recover the
input sample that destroyed by noise. The denoising autoencoder has better anti-noise
performance than autoencoder, and the recovered images look clearer than autoencoder.

In this paper, under-complete autoencoder is introduced and the reconstruction loss
function is used so that the autoencoder can learn the essential features of the input
sample in pre-train phase.

2.3 Improved Deep Embedding Clustering

Improved Deep Embedded Clustering (IDEC) can initialize the hidden features with
pre-training phase which using encoder and decoder. The decoder is removed after pre-
training phase. In fine-tuning phase the remaining encoder is used to minimize objective
function:

L=Lr+Lc (1)

where Lr and Lc are reconstruction loss and clustering loss defined by Mean Squared
Error (MSE) and KL divergence:

Lr=
n∑

i=1

‖xi − FD(zi)‖22 (2)

Lc = KL(P||Q) =
∑

i

∑

j

pij log
pij
qij

(3)

In formula (2), Lr is so-call reconstruction loss which means the similarity between
input sample and decoded sample. In formula (3), qij indicate the probability that the
sample xi can be clustered as clustering group j calculated by Student’s t-distribution:

qij = (1 + ‖zi − μi‖2)−1

∑
j (1 + ‖zi − μi‖2)−1

(4)
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And pij in (2) indicate the target distribution derived by qij:

pij =
q2ij/

n∑
i=1

qij

c∑
j=1

(q2ij/
n∑

i=1
qij)

(5)

3 The Proposed Method

Fig. 1. The net construction of improved deep embedding clustering with graph embedding

Definition. Given a dataset {X} include n unlabel samples. The aim of clustering is to
cluster n unlabel samples into k categories. In Fig. 1 we have gave the net construction of
the improved deep embedding clustering with graph embedding. Generally, the dimen-
sion of samples is high-dimension. Thus, IDEC algorithm introduces an under-complete
autoencoder to reduce the dimension of high-dimensional samples. Meanwhile, the key
information and features of high-dimensional samples are also learned during the phase
of dimension reduction. The hidden features are defined z. Using hidden features z can
reduce the overhead of the clustering phase.

3.1 Graph Embedding Strategy

Inspired by a hypothesis in the area of subspace learning that if a couple of samples
in the high-dimension space are near, then the low-dimensional features extracted from
them should be nearby in the low-dimension space [18]. To satisfy this intention, we
institute neighbor relationships by following neighbor graph strategy:

min
1

2n

n∑

i=1

n∑

j=1

∥∥zi − zj
∥∥2
2Gi,j (6)
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where G ∈ Rn×n indicate the matrix of nearest neighbor graph relationship from { X} .
The graph matrix G computed as follows:

Gi,j =
{
1, xi ∈ �(xj) or xi ∈ �(xj)
0, otherwise

(7)

where �(xi) indicates the nearest neighbor of sample xi under the Euclidean distance
metric.

We impose this graph strategy on both pre-training and fine-tunning layers. The loss
of pre-training layer is defined as follow:

L = Lr + γLg (8)

where Lr and Lg defined as formulas (2) and (6) respectively, γ is a trade-off coefficient.

3.2 Fine-Tunning Layer and Initialization

After pre-training phase, encoder can capture hidden features of input samples. However,
the hidden features that are only training trained by pre-training phase, and may not
perform so well on the clustering task. Thus, we save the weight of model trained in the
pre-training phase and remove the decoder part from the autoencoder. Then encoder part
is connected with fine-tunning layer. Fine-tunning layer includes tunning and clustering
part. The purpose of fine-tunning layer is to train an encoder that is able to which can
capture features of clustering while obtaining enhanced clustering performance. Before
training of fine-tunning layer, we initialize clustering centers by employing k-means.
The loss of fine-tunning layer includes three parts: reconstruction loss, clustering loss
and graph embedding loss as follow:

L = Lr + γ1Lc + γ2Lg (9)

where Lr ,Lc and Lg defined as same as formula (8) and (6).γ1 and γ2 is the trade-off
coefficient of clustering loss and graph embedding loss respectively.

3.3 Parameter Updating

In this paper, there are three types of parameters to update: the weights of autoencoder,
cluster centers and the parameter of target distribution. The clustering centers are updated
as parameters, which is convenient to further extract the features suitable for clustering.
Meanwhile, updating target distribution make the clustering group distribution more
obvious. The whole method is displayed in Algorithm 1.
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3.4 Method Summary

In general, inheriting the excellent properties of IDEC and graph strategy, Our proposed
method has the potential to obtain the hidden representation of input samples while
preserving the neighbor relationship among samples. By this way, the performance of
clustering is further improved.

Algorithm 1: Improved Deep Embedding Clustering with 
Graph Embedding

Input: Data ;Parameter ; Maximum iterations:
Update interval: ;Batch size: ;Stopping threshold ; 
Output: Clustering result: .
Initialization: Construct k-nearest neighbor graphs as 
formula (4); Initialize weights of autoencoder, Cluster 
centers  according to Section 3.2
For do
if then
Compute hidden features points of input data ( )i E iz F x=
Compute soft target , according to (4), (5)
Reserve last labels last is s= ;Update predicted labels 

if then
Stop

End for

4 Experiment

4.1 Dataset

We impose the proposed method on breast ultrasound images which is published in
MedMNIST [19]. The image dataset includes 780 ultrasound gray images of breast. The
shape of origin images is 28× 28 pixel. In this experiment, the shape of images will be
converted into a 784-dimensional vector. The specific of this dataset is shown in Fig. 2
and Table 1.
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Fig. 2. Data set sample display

Table 1. The detail of BreastMNIST dataset

Name Example number Classes Dimension

BreastMNIST 780 2 784

4.2 Experiment Work

Compared Methods. To demonstrate the effectiveness of our proposed algorithm, we
compare our algorithm with a series of baseline. The mainly compared method is IDEC
andDEC.When the reconstruction loss remains at zero, DEC can be regarded as a special
situation of IDEC. TheAE+ k-meanswhichmeans a two-stage processing includes pre-
training autoencoder phase which like IDEC pre-training phase and performing k-means
after pre-training phase.

Parameters Setting. The encoder and decoder network are combined into an under-
complete autoencoder which is stacked by four layers fully connected neural network
with neural numbers [a, 500, 500, 1000, 10] and [10, 1000, 500, 500, a], where a means
the dimension of input samples. We introduce nonlinearity function ‘ReLU’ [20] as
the activation function for all fully connected layers. In the pre-training phase and the
fine-tuning phase, we use the optimizer ‘Adam’ [15] with learning rate λ = 0.0003
at pre-training phase and λ = 0.0005 at fine-tunning phase (We did experiments with
learning rates ranging from 0.0001 to 0.0005 on fine-tunning phase) to optimization. We
also use the coefficient of clustering loss in IDEC setting γ1 = 0.1 and set the coefficient
of graph embedding loss γ = 0.001,γ2 = 0.001 in pre-training phase and fine-tunning
phase. The threshold of stop training is assigned to δ = 0.1%.

Evaluation Metric. We introduce unsupervised clustering accuracy (ACC) as evalua-
tion metric [13].

4.3 Experiment Result

Experimental results on the breast ultrasound dataset are demonstrated in Tables 2. In
order to ensure the validity of the experimental results, we run pre-training 400 epochs
with 256 batch size among compared methods which require pre-training phase. After
400 epochs pre-training phase, fine-tunning phase also keep 256 batch size. In order
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Table 2. Comparison of experiment result in accuracy (%)

Methods ACC

k-means 55.00%

AE+ k-means 60.90%

DEC 62.05%

IDEC 63.08%

IDEC with graph embedding (Ours) 72.05%

to better describe the influence of super parameters on the experiment, we adjusted the
learning rate from 0.001 to 0.005 and the graph loss coefficient from 0.001 to 0.005,
respectively.

Table 3. Adjusting different learning rate test accuracy (%). Fixing learning rate at 0.0005 test
accuracy (%) under different graph embedding loss coefficients.

Learning rate ACC Graph loss ACC

0.0001 56.54% 0.001 70.90%

0.0002 55.26% 0.002 71.28%

0.0003 69.36% 0.003 71.95%

0.0004 68.72% 0.004 72.05%

0.0005 70.90% 0.005 71.54%

Fig. 3. Losses during fine-tunning phase on BreastMNIST. Note: Learning rate is 0.0005 and
graph embedding loss is 0.004

We can notice the following results from Table 2, 3 and Fig. 3, 4: 1) IDEC with
graph embedding notably outperforms the other compared methods on the breast ultra-
sound databases. 2) By modifying the learning rate, ACC has increased significantly. By
modifying graph embedding loss coefficient, ACC kept a relatively stable level. 3) The
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Fig. 4. Accuracies during fine-tunning phase on BreastMNIST. Note: Learning rate is 0.0005 and
graph embedding loss is 0.004

loss of IDEC with graph embedding shows an oscillating trend which constantly oscil-
late between 0.02 and 0.01. 4) The clustering accuracy of IDEC with graph embedding
fluctuates at first, and gradually rises after training for multiple epochs, and reaching the
threshold at 72.05%.

5 Conclusion

In this paper, we proposed a novel method called IDEC with graph embedding. This
method can be used for cluster of breast ultrasound images. Based on antoencoder and
KL divergence, method introduces the graph embedding strategy to reserve the neighbor
relationship of input samples. The excellent performance of IDECwith graph embedding
are validated on BreastMNIST dataset. The IDECwith graph embeddingmay contribute
extra insight for the unsupervised learning of medical image analysis.
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