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A B S T R A C T

When using deep neural networks in medical image classification tasks, it is mandatory
to prepare a large-scale labeled image set, and this often requires significant effort by
medical experts. One strategy to reduce the labeling cost is group-based labeling, where
image samples are clustered and then a label is attached to each cluster. The efficiency of
this strategy depends on the purity of the clusters. Constrained clustering is an effective
way to improve the purity of the clusters if we can give appropriate must-links and
cannot-links as constraints. However, for medical image clustering, the conventional
constrained clustering methods encounter two issues. The first issue is that constraints
are not always appropriate due to the gap between semantic and visual similarities. The
second issue is that attaching constraints requires extra effort from medical experts. To
deal with the first issue, we propose a novel soft-constrained clustering method, which
has the ability to ignore inappropriate constraints. To deal with the second issue, we
propose a self-constrained clustering method that utilizes prior knowledge about the
target images to set the constraints automatically. Experiments with the endoscopic
image datasets demonstrated that the proposed methods give clustering results with
higher purity.

c© 2021 Elsevier B. V. All rights reserved.

1. Introduction

Constructing a large-scale labeled image set is important for
achieving sufficient performance with deep neural networks in
image classification tasks and often requires a huge effort by
annotators. In general object image classification tasks, image
labeling is still tractable by using crowdsourcing services, such
as Amazon Mechanical Turk, that employ a large number of
annotators. However, such services cannot be utilized for label-
ing medical images, such as endoscopic images, because expert
knowledge is required to label medical images. Therefore, con-
structing a medical image dataset is still intractable and is a
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serious bottleneck for medical image classification tasks.

The purpose of this paper is to propose a novel clustering
method for group-based labeling, which relaxes the labeling
difficulty. In group-based labeling methods, we first gather sim-
ilar images by clustering and then have an expert label the im-
ages of each cluster, as shown in Fig. 1(a). If the annotator
has a glance at the images of each cluster and finds that a cer-
tain cluster is comprised of the images from the same class, it is
possible for him or her to give the same class label to all the im-
ages at once. (In the figure, a cluster is labeled as “Organ A” by
this procedure.) Even if a cluster contains several outliers (i.e.
images of the minor classes in the cluster), they can be easily
found and discarded because their appearance is different from
the inliers (i.e. the majority class samples in the cluster). As a
result, by using group-based labeling, the labeling process can
be dramatically accelerated, especially when the purity of each
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cluster is reasonably high.
To improve the purity of each cluster for efficient group-

based labeling, constrained clustering is a promising approach.
Different from typical unsupervised clustering methods, con-
strained clustering optimizes clusters while considering a lim-
ited number of constraints. Specifically, two types of constraint,
called must-link and cannot-link, are given to image pairs, as
shown in Fig. 1(b). A pair of images with a must-link should
belong to the same cluster, whereas a pair of images with a
cannot-link should belong to different clusters. If medical ex-
perts pick a limited number of confusing image pairs and attach
those links in advance, we can expect that the resulting clusters
will have high purity.

However, for practical medical image clustering scenarios,
the conventional constrained clustering methods should handle
the following two issues. The first issue is that the links (i.e.
constraints) are not always useful. Let us assume a clustering
task of endoscopic images, where each cluster should contain
images of a single organ or component of an organ. In this task,
a medical expert attaches a must-link to a pair of images of the
same organ, even though their appearances may be very differ-
ent due to, for example, a difference in camera angle. Since
those images are very distant in the feature space, satisfying the
must-link results in an unexpectedly large cluster with low pu-
rity, as shown in Fig. 1(c). What is worse, when the attached
constraints conflict, we cannot get a clustering result. For ex-
ample, for three samples, A, B, and C, must-links are attached
to A–B, A–C, and one cannot link is attached to B–C; there is
no solution that satisfies all the constraints.

The second issue is that attaching the links requires extra ef-
fort by medical experts. They still need to look at the image
collection and attach links, especially to confusing image pairs.
Even though it is not necessary to attach links to a large number
of image pairs, the medical experts should select the confusing
image pairs carefully and, this is a time-consuming task.

To resolve the first issue, we propose a novel soft-constrained
clustering for medical image clustering tasks. The difference
between the proposed method and conventional constrained
clustering methods is that it allows the violation of must-link
constraints to ignore the constraint between distant samples, as
shown in Fig. 1(d). Since the proposed soft-constrained cluster-
ing method is formulated as a single optimization problem, its
solution is rather simpler than those of the conventional (hard)
constrained clustering methods. To validate the effectiveness of
the proposed soft-constrained clustering method, we collected
the endoscopic image dataset from Kyoto Second Red Cross
Hospital. In the experiment of the endoscopic images, the pro-
posed soft-constrained clustering method outperformed several
state-of-the-art soft-constrained clustering methods.

To handle the second issue, we propose a self-constrained
clustering method, where prior knowledge relevant to the target
images is used as natural constraints. Specifically for classify-
ing endoscopic images into organ classes, we can use the order
in the image sequence as prior knowledge because consecutive
images often belong to the same organ (e.g., esophagus, stom-
ach), as shown in Fig. 2(a). By putting a soft must-link between
consecutive images, we can expect to obtain high-purity clus-
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(d)Soft-constrained clustering
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Fig. 1: (a) Group-based labeling by clustering. (b) Constraints given to sample
pairs to control the clustering results. (c) Results of hard-constrained clustering.
A must-link attached to the sample pair from the same organ leads too large a
cluster because of the large difference in sample appearance. (d) The proposed
soft-constrained clustering reduces the effect of the inappropriate constraints.

tering results without extra effort by experts, as shown in Fig.
2(b).

We show that the self and soft-constrained clustering method,
which utilizes the sequence-based constraints based on prior
knowledge as must-link constraints, improves the purity of clus-
ters. To validate the sequence-based constraints, we clustered
the endoscopic images that were collected from Kyoto Second
Red Cross Hospital. The proposed soft-constrained clustering
method utilizing the sequence-based constraints improved clus-
tering performance without label information, and the proposed
method outperformed several soft-constrained clustering meth-
ods utilizing sequence-based constraints.

We demonstrated the effectiveness of the proposed method
by applying it to group-based labeling for the construction of
an organ-labeled dataset in endoscopy, which is very useful in
practical clinical applications. In endoscopy, to make the exam-
ination reliable, the secondary reading is performed, where the
images are checked by another doctor after the primary read-
ing. However, checking all the images one by one requires a
huge effort. If we can train an organ recognition model with the
organ-labeled dataset, classifying all the images by this model
allow that doctors can skip the step of determining the location
where each image was taken. Moreover, by using this model, it
is possible to construct a user interface for confirming whether
the entire organ was taken by endoscopy. This is called devia-
tion monitoring and is useful content for the education of non-
experts in endoscopy. Therefore, the construction of an organ-
labeled dataset is important for clinical diagnosis, and it is also
important to reduce the effort of this construction with the pro-
posed methods. In addition, the proposed method is the clus-
tering method for performing group-based labeling with little
effort, so it can be sufficiently applied not only to organ image
tasks but also to other tasks.

The contributions of this work are summarized as follows:

• We propose a soft-constrained clustering method that is
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Fig. 2: (a) An endoscopic image sequence that captures parts of three organs.
(b) The self-constrained clustering wherein the order of the images in the se-
quence is used as soft must-links.

formulated as a single optimization problem. The method
obtains a suitable solution even if the data distribution
is multimodal because it does not use a hard-constrained
clustering.

• The proposed soft-constrained clustering method outper-
formed several conventional methods in an endoscopic im-
age clustering task that included a small number of correct
labels. This experiment was performed under several con-
ditions, and in all cases, the proposed method was superior.

• We introduce temporal ordering information of the consec-
utive images as must-link constraints for soft-constrained
clustering. We show that soft-constrained clustering of
endoscopic images can be conducted without medical ex-
perts.

• We show that clustering performance improves when
sequence-based constraints are used in the endoscopic im-
age clustering without constraints derived from the correct
labels.

Although this paper is an extension of the previous one (Bise
et al., 2019), the method of self-constrained clustering is novel
and many new experimental results are reported.

2. Related work

2.1. Constrained clustering
The most famous constrained clustering method is COP-K-

Means (Wagstaff et al., 2001), which modifies the assignment
step of ordinary K-means to satisfy must-link and cannot-link
constraints. In addition, Shental et al. proposed a constrained
clustering method based on a Gaussian mixture model (Shen-
tal et al., 2003). In this method, the constraints are given as
is-equivalent constraints and not-equivalent constraints, and the
samples given is-equivalent (not-equivalent) constraints belong
to the same (different) components. Li et al. devised a con-
strained spectral clustering method by developing a new em-
bedding that introduces pairwise constraints to the spectral em-
bedding (Li et al., 2009). They also proposed a constrained

clustering method using the kernels that satisfy the pairwise
constraints (Li and Liu, 2009). Recently, Le et al. proposed a
binary optimization for constrained K-means (BOCK) in which
the optimization problem is formulated as a single binary lin-
ear programming problem (Le et al., 2018). Unlike the algo-
rithm in COP-K-Means, which updates the clustering result to
satisfy the constraint, BOCK directly obtains a clustering re-
sult that satisfies the constraint. These methods perform hard-
constrained clustering, so it is difficult for them to obtain rea-
sonable clusters that satisfy the constraints especially when
constraints are given between distant samples. Thus, they are
not suitable for medical image clustering.

Soft-constrained clustering methods such as CVQE (David-
son and Ravi, 2005) and LCVQE (Pelleg and Baras, 2007) have
been proposed to relax these constraints. For example, CVQE
penalizes violation of must-link constraints by adding a penalty
based on the distance between the two nearest cluster centers
of these two points. LCVQE reduces computational costs by
modifying the penalty term in the objective function of CVQE.
Ares et al.(Ares et al., 2009) proposed a method that extends the
batch K-means method to a soft-constrained clustering method.
Similar to these methods, the PCK-means (Basu et al., 2004)
and MPCK-means (Bilenko et al., 2004) methods design the
penalty function 0 − 1 Loss that imposes a constant value on
the objective function as a penalty when the constraint is vio-
lated. These soft-constrained clustering algorithms first solve
the hard-constrained clustering problem and then modify the
cluster assignment of each sample. This two-step optimization
can eliminate a small number of erroneous constraints, but it
cannot deal with multimodal distributions.

Recently, novel frameworks of constrained clustering by us-
ing deep learning techniques have been proposed. In partic-
ular, Hsu et al. proposed a neural-network-based end-to-end
clustering framework for pairwise constraints (Hsu and Kira,
2015). In this framework, the neural network outputs the cluster
probabilities of the input sample and learns to reduce (increase)
the Kullback-Leibler divergence of the cluster probabilities be-
tween similar (dissimilar) samples. Zhang et al. proposed a
framework for constrained clustering that optimizes neural net-
works with an objective function that equalizes the cluster prob-
abilities of constrained samples (Zhang et al., 2019). Moreover,
Fogel et al. proposed CPAC, a framework for constrained clus-
tering using a neural network (Fogel et al., 2018). CPAC si-
multaneously optimizes the ordinary objective function of au-
toencoders and the objective function that reduces the distance
of the constrained samples in the latent space obtained from
autoencoders. Although these methods improve clustering per-
formance, they assume hard-constrained clustering and are not
suitable for medical image clustering tasks where constraints
are imposed between distant samples.

The proposed method was formulated as mixed-integer lin-
ear programming to perform soft-constrained clustering. There-
fore, it directly obtains a clustering result that satisfies the con-
straint, and is suitable for medical image clustering tasks.

2.2. Clustering utilizing temporal smoothness
Several studies have been reported on clustering that uti-

lize the temporal smoothness of labels in time-series data



4 Shota Harada et al. / Medical Image Analysis (2021)

(Chakrabarti et al., 2006; Mai et al., 2018). These studies aim to
cluster time-series data, but not for samples in time-series data,
and define the objective function so that the clustering results at
adjacent time points are similar. For example, in (Chakrabarti
et al., 2006), the objective function of clustering at each time is
defined from the similarity with the clustering result obtained
from a general clustering algorithm and the similarity with the
clustering result in adjacent steps. Son et al. has proposed a
clustering method that can handle the constraint between the
samples and temporal smoothness at each time (Mai et al.,
2018). In contrast, our study aims to cluster all the samples
in time-series data, and temporal ordering information is uti-
lized to make temporally adjacent samples belong to the same
cluster. To the best of our knowledge, the clustering utilizing
the temporal ordering information as a constraint has not been
reported.

2.3. Group-based labeling

Group-based labeling is an efficient strategy to collect a suf-
ficient number of labeled images for training machine-learning-
based methods, and several group-based labeling methods have
been reported (Wigness et al., 2015, 2018; Biswas and Jacobs,
2012; Galleguillos et al., 2014; Mousavi et al., 2020; Lee and
Grauman, 2012; Tuytelaars et al., 2010; Dai et al., 2012; Xiong
et al., 2012). Here, we can accelerate the labeling process if
it is possible to gather images with similar appearances into a
cluster based on some criteria. For example, Wigness et al. pro-
posed hierarchical cluster guided labeling (HCGL) (Wigness
et al., 2015, 2018). In this method, unlabeled samples are first
clustered using a hierarchical clustering method; then, groups
of samples are repeatedly selected for labeling. Mousavi et al.
proposed a system for speeding up the labeling of large collec-
tions of unlabeled images (Mousavi et al., 2020). In this sys-
tem, unlabeled samples are mapped to numerical feature em-
beddings and clustered. The clustered samples are then labeled
by a domain expert, and the labeled samples are used to train
the classifier, which predicts labels for new unlabeled samples.
Galleguillos et al. proposed a framework for speeding up ob-
ject labeling of unlabeled images (Galleguillos et al., 2014). In
this framework, images are partitioned into multiple segments
and then clustered for labeling. In addition, Biswas et al. pro-
posed an algorithm to efficiently select data pairs for constraints
in constrained clustering (Biswas and Jacobs, 2012).

These methods assume that clustering is performed first in
order to obtain a cluster with high purity. Therefore, the idea of
obtaining high-purity clusters by imposing constraints such as
in the proposed method is useful in any of the above cases.

2.4. Medical image annotation with crowdsourcing services

Several studies have been reported that validated the effec-
tiveness of constructing annotated medical data datasets using
crowdsourcing services (Maier-Hein et al., 2014; Kim et al.,
2018; Cheplygina et al., 2016). In (Maier-Hein et al., 2014),
they investigated the effectiveness of dataset construction for
endoscopic image registration tasks using crowdsourcing ser-
vices. They reported that the model trained with the dataset

constructed using the crowdsourcing service achieved perfor-
mance close to the performance when trained with the dataset
constructed by medical experts. Kim et al. reported the ef-
fectiveness of crowdsourcing services for dataset construction
for surgical tool detection tasks in cataract surgery videos (Kim
et al., 2018). Moreover, in (Cheplygina et al., 2016), they re-
ported the validity of airway region annotation in the chest in
the computed tomography (CT) images by crowdsourcing ser-
vices. They showed that some annotated samples of the datasets
acquired by crowdsourcing services were incorrect annotations.
However, when incorrect annotation samples were excluded, it
was shown that there was a moderate correlation with the anno-
tation results by medical experts.

From these studies, it is shown that the crowdsourcing ser-
vice is effective for annotation that does not require specialized
knowledge such as image registration and surgical tool detec-
tion. In contrast, if it involves expert knowledge such as air-
way area annotation, it may not be possible to construct an
accurate data set with a crowdsourcing service. In contrast,
when using crowdsourcing services for annotations that require
expert knowledge, such as airway region annotations, the ob-
tained dataset may not be valid. The purpose of this paper is to
improve the efficiency of annotation that involves such expert
knowledge, and we propose constrained clustering for group-
based labeling that can reduce the effort by annotators.

3. Soft-constrained clustering

To explain the problem setting of soft-constrained cluster-
ing, we will start with a description of the standard K-Means
clustering with a binary optimization approach. Then, we will
describe the constrained clustering task and extend the standard
K-means clustering method to the soft-constrained clustering
method. In addition, we explain the actual optimization for the
proposed soft-constrained clustering method with ordinary con-
straints.

3.1. Problem setting

Given a set of samples X = {x j ∈ RD}Nj=1, where N and D
are the number of the samples and the dimension of the feature
vector, respectively, the aim of K-Means is to find K cluster
centroids and to assign each sample x j to a cluster. This clus-
tering algorithm minimizes the within-cluster sum of squares
(WCSS). The objective function is formulated as:

min
S,C
‖X − CS‖2F , (1)

s.t. si, j ∈ {0, 1}, ∀i, j,
K∑

i=1

si, j = 1, ∀ j = 1, . . . ,N,

where X ∈ RD×N is a matrix whose j-th column is x j ∈ RD.
C ∈ RD×K is a matrix whose i-th column corresponds to the
cluster centroid ci ∈ RD, and S ∈ RK×N is a cluster assignment
matrix, where x j is assigned to the i-th cluster when the value
of the (i, j)-th element si, j is 1, and 0 otherwise. The first con-
straint ensures that each cluster assignment si, j has 1 or 0, and
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Table 1: Outline of the experiments. The target method, evaluation index, and data set of each experiment are shown.

Experiment Purpose Method Metric Dataset
Section 5.1 Obtain high-purity cluster Soft-constrained Prominent-purity Stomach dataset

of each class Prominent-recall (Class listed in Table 2)
Purity

Section 5.2 Improve purity of all clusters Self and soft-constrained Purity EGD dataset
Colon dataset
(Class listed in Table 3)

Table 2: Twenty classes defined for stomach endoscopic images. BD, UP, MD, LO, LD, and LU stand for (stomach) body, upper, middle, lower, (camera) look-down,
and look-up, respectively.

Fundus Fundus on UP BD/ LU UP BD/ LU UP BD/ LD
UP-MD BD/LU UP-MD BD/ LD MD BD/ LU MD BD/ LD
MD-LO BD/ LU MD-LO BD/ LD LO BD/LD Angular Incisure LO BD/ LD
AntralZone on LO BD/ LD Angular Incisure Angular Incisure-Antral Zone Antral Zone
Pyloric Antral Pyloric Zone Pylorus Junction

Table 3: List of classes for the datasets used in Section 5.2.

Dataset Class
EGD dataset Esophagus

Stomach
Duodenum

Colon dataset Right colon
Rectum
Left colon

the second constraint ensures that each sample is assigned to
only one cluster. The j-th column of CS is the centroid of the
cluster to which the j-th sample x j is assigned. The operation
‖ · ‖F denotes the Frobenius norm.

In the constrained clustering task, we obtain a clustering re-
sult that satisfies constraints called must-links and cannot-links.
These constraints are attached to a sample pair and define the re-
lationships between the samples. Sample pairs with a must-link
constraint should belong to the same cluster. In contrast, the
pairs with a cannot-link constraint cannot belong to the same
cluster. In general, these constraints are derived from a small
number of samples that have been correctly labeled by experts.
Denoting Li as the set of labeled samples for class i, x j ∈ Li

indicates the j-th sample belongs to the i-th class. Using the
labeled samples, we register a sample pair in the must-link set
M if its pair belongs to the same class, and we register it in the
cannot-link set D if the samples of the pair belong to different
classes.

The proposed soft-constrained clustering method also ac-
quires the cluster centroids and cluster assignments that min-
imize the WCSS distortion. The difference from the general
constrained clustering is that the must-link set M behaves as
penalties. In contrast, the cannot-link set D is still employed
as hard constraints, because satisfying cannot-link constraints
always has a positive effect on the clustering results.

The objective function for the proposed method is formulated

as:

min
S,C
‖X − CS‖2F + ω

∑
(xp,xq)∈M

K∑
i=1

|si,p − si,q|, (2)

s.t. si, j ∈ {0, 1}, ∀i, j,
K∑

i=1

si, j = 1, ∀ j = 1, . . . ,N,

si,p + si,q ≤ 1, ∀i = 1, . . . ,K, ∀(xp, xq) ∈ D, (3)

where the second term of (2) represents the soft-constraints pro-
vided by the must-links. When two samples xp and xq regis-
tered in the must-link setM are assigned to the different clus-
ters, it becomes |si,p − si,q| = 1; thus, it penalizes the objec-
tive function with a constant value ω ∈ R+. The inequality
constraints (3) represent the cannot-link constraints. When two
samples xp and xq registered in the cannot-link set D are as-
signed to the same cluster i, the solution is not allowed because
si,p + si,q = 1 + 1 � 1, which violates the constraint. The pro-
posed method obtains the optimal clustering result under such
constraints and penalties.

3.2. Optimization for soft-constrained clustering

To minimize the objective function (2), we take an optimiza-
tion approach that alternately updates the cluster centroid ma-
trix C and the assignment matrix S until convergence. The ap-
proach is similar to the original K-means optimization approach
(EM algorithm).

In the update step for the cluster centroid matrix C, the up-
dated C is computed from X and a fixed S. Therefore, we
can ignore the constraints and the penalty term of the objective
function. We update C by solving a regularized least squares
problem to avoid numerical issues with large-scale problems
(Rifkin and Lippert, 2007):

min
C
‖X − CS‖2F + λ‖C‖2F , (4)
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where λ is the regularization parameter. In the experiments
described later, we set λ to 10−4. The problem is a convex
quadratic optimization and can be solved in a closed form:

C = XST (SST + λI)−1, (5)

where I is a K×K identity matrix, and (SST +λI)−1 is guaranteed
to be full-rank for λ > 0.

Next, we update the cluster assignment matrix S with C fixed.
Let Y ∈ RK×N be a matrix whose (i, j)−th element yi j is the
squared distance between x j and ci, namely, yi j = ‖ci− x j‖

2
2. By

using Y, we can rewrite the first term of (2) as 〈Y,S〉F , which
represents the Frobenius inner product of Y and S. In addition,
we rewrite the second term of (2) with a set γ = {γi,(p,q)} of K ×
M variables, which is defined for each must-link pair (xp, xq) ∈
M, where M is the number of must-link pairs. Consequently,
the updating problem for S is:

min
S,γ
〈Y,S〉F + ω

∑
(xp,xq)∈M

K∑
i=1

γi,(p,q), (6)

s.t. si, j ∈ {0, 1}, ∀i, j,
K∑

i=1

si, j = 1, ∀ j = 1, . . . ,N,

si,p + si,q ≤ 1, ∀i = 1, . . . ,K, ∀(xp, xq) ∈ D,
si,p − si,q ≤ γi,(p,q), ∀i, ∀(xp, xq) ∈ M,

−si,p + si,q ≤ γi,(p,q), ∀i, ∀(xp, xq) ∈ M,

where γ = {γi,(p,q)}. This problem is a mixed-integer linear pro-
gramming problem, i.e., a combination of binary programming
for S and linear programming for γ. We obtain the optimal so-
lution by using the branch-and-bound optimization technique.
The above steps for updating C and S are performed alternately
until convergence. In the experiments, the initial C and S for
the proposed method were set based on the standard K-Means
clustering for faster convergence.

4. Self and soft-constrained clustering

As mentioned in Section 1, in soft-constrained clustering of
sequence images, such as endoscopic images, soft constraints
can be automatically obtained by using prior knowledge, which
is that temporally successive images tend to belong to the same
class. Specifically, we generate soft constraints between pairs
of successive images based on this knowledge.

Given a set of Ns sequences Z = {X(k) ∈ RD×nk }
Ns
k=1, where

X(k) is the k-th sequence and nk is the number of samples in the
k-th sequence, we generate a must-link constraint set T based
on the temporal ordering information. Each matrix X(k) repre-
sents a sequence of samples whose j-th column is the j-th sam-
ple in a sequence x(k)

j ∈ R
D. The temporally adjacent sample

pairs (i.e., (x(k)
j , x

(k)
j+1)) are registered in the must-link constraint

set T . Specifically, when Z is given, the number of the con-
straints is

∑Ns
k=1(nk − 1).

In the self-constrained clustering method, the objective func-
tion is a formula (2) where the must-link setM is replaced by
T . The optimization manner is the same as that of the proposed
soft-constrained clustering method.

5. Experimental results

We performed two experiments on the proposed methods de-
scribed in Sections 3 and 4. They are overviewed in Table 1.
Since the proposed methods have different purposes and con-
straints, the experiments used different datasets and metrics.
The datasets for the experiments were collected from Kyoto
Second Red Cross Hospital. The patients were told the aim
of the study and provided written informed consent before par-
ticipating in the trial. The experiments were approved by the
Kyoto Second Red Cross Hospital Ethics Committee.

5.1. Evaluation of soft-constrained clustering

5.1.1. Dataset
To evaluate the proposed soft-constrained clustering method,

in which a small set of labeled images was given, we conducted
experiments using a large-scale endoscopic image dataset. This
dataset is comprised of 11,599 stomach images collected from
Kyoto Second Red Cross Hospital. For the performance eval-
uation, the true class label was attached to each image by ex-
pert endoscopists. The number of classes were 20, as listed
in Table 2. The classes were defined on the basis of the tra-
ditional anatomical classification used by endoscopists and by
camera angle (look-down and look-up). To make the feature
vector, DenseNet169 (Huang et al., 2017) pre-trained by Ima-
geNet (Deng et al., 2009) was used to extract 1,664-dimensional
feature values from the original RGB image (224× 224 pixels).
The reason for adopting DenseNet is that this model is widely
known as one of the high-performance models and a model pre-
trained by ImageNet is distributed within the world.

5.1.2. Experimental conditions
In group-based labeling, it is important to collect enough la-

bels not only for specific classes, but also for every class. In
an image set that consists of imbalanced numbers of class sam-
ples, if we simply label the samples belonging a prominent class
for a cluster and discard the others, some classes may not be la-
beled, (e.g., samples in a large class tend to be a prominent class
and those in a small class tend to be discarded). To collect la-
bels for every class, we first find the prominent cluster for each
class. A prominent cluster contains the most labeled samples
of a specific class among all of the clusters, and the prominent
cluster is shown to an expert. The expert attaches the same
class label to them at once if the cluster only contains sam-
ples from the same class. Even if the cluster contains several
samples from different classes, the expert can do the same af-
ter discarding those samples. This process is repeated for every
class. The remaining samples (the discarded samples and the
samples in other clusters) are fed to the clustering in the next
round. The overall process is repeated until enough samples
have been labeled. One way to verify whether a sufficient num-
ber of labeled samples has been obtained is to train a classifier
with the labeled samples, and investigate the test performance
of the trained classifier.

In light of the above methodology, we decided to focus on the
prominent clusters in our evaluation of the proposed method.
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Table 4: Quantitative performance evaluation with prominent-purity and prominent-recall.

Metric Conditions KM BOCK MPCK LCVQE
Soft-constrained

w/o must link Soft-constrained

Prominent-purity K=100, R= 1% 0.602 0.627 0.421 0.573 0.658 0.715
K=100, R= 3% 0.726 0.673 0.544 0.660 0.712 0.789
K=100, R= 5% 0.681 0.716 0.494 0.587 0.747 0.747
K=50, R= 1% 0.623 0.549 0.369 0.616 0.517 0.660
K=50, R= 3% 0.668 0.648 0.521 0.636 0.651 0.727
K=50, R= 5% 0.637 0.694 0.498 0.643 0.662 0.702

Prominent-recall K=100, R= 1% 0.132 0.138 0.109 0.122 0.147 0.159
K=100, R= 3% 0.156 0.167 0.147 0.155 0.158 0.179
K=100, R= 5% 0.162 0.169 0.170 0.159 0.174 0.174
K=50, R= 1% 0.254 0.230 0.170 0.230 0.218 0.270
K=50, R= 3% 0.287 0.281 0.263 0.269 0.273 0.310
K=50, R= 5% 0.262 0.296 0.258 0.279 0.295 0.297

Table 5: Quantitative performance evaluation using purity to confirm the validity of the constraints. If the value of the comparative method is marked with an
asterisk, there is significant difference between the proposed method and that method.

Metric Conditions KM BOCK MPCK LCVQE
Soft-constrained

w/o must link Soft-constrained

Purity K=100, R= 1% 0.674∗ 0.723∗ 0.663∗ 0.698 0.708 0.707
K=100, R= 3% 0.712∗ 0.709∗ 0.647∗ 0.698∗ 0.717 0.724
K=100, R= 5% 0.683∗ 0.724 0.661∗ 0.715 0.705∗ 0.727
K=50, R= 1% 0.716∗ 0.686∗ 0.606∗ 0.732∗ 0.708∗ 0.718
K=50, R= 3% 0.738∗ 0.684∗ 0.613∗ 0.712∗ 0.715∗ 0.755
K=50, R= 5% 0.696∗ 0.732∗ 0.603∗ 0.729∗ 0.704∗ 0.718

∗: p < 0.05

To evaluate whether the clustering method has obtained excel-
lent prominent clusters, we designed new performance met-
rics prominent-purity and prominent-recall. Prominent-purity
shows the percentage of samples that can be given the correct
label in prominent-cluster by one labeling operation, and is the
ratio of the number of true positives to the number of samples
in the prominent cluster, which is the cluster that contains the
most labeled samples of a certain class. Prominent-recall shows
the percentage of samples that can be given the correct label in
the entire data by one labeling operation, and is the ratio of the
number of true positives in the prominent cluster to the total
number of samples of a certain class in the dataset. Therefore,
these metrics can be used to confirm the effectiveness of the
clustering method for the efficiency of group-based labeling.
For a fair comparison with unsupervised clustering (K-means),
these metrics were calculated excluding the samples used for
constraints. The (traditional) purity is the sum of the number of
samples of the majority class in each cluster divided by the total
number of samples.

The proposed method was compared with several conven-
tional clustering methods, such as K-means (KM), the bi-
nary optimization approach for constrained K-means (BOCK)
(Le et al., 2018), metric-based pairwise constrained K-means
(MPCK) (Bilenko et al., 2004), and linear-time constrained
vector quantization error (LCVQE) (Pelleg and Baras, 2007).
KM is an unconstrained clustering, and BOCK is a hard-
constrained clustering. MPCK and LCVQE are state-of-the-art

soft-constrained clustering methods.
The evaluation examined the change in purity of the cluster

while varying the number of labeled samples. Since the samples
in the experiment had been labeled by medical experts, we used
the labels for R percent of the samples to give the constraints
and used the remaining samples to compute the purity of the
clustering results. Specifically, first, R percent of samples from
the dataset were randomly picked. Then, to generate the must-
link set, one anchor sample was randomly picked for each class,
and the must-link constraints were put between the anchor sam-
ple and the remaining samples for each class. In addition, to
generate the cannot-link set, one sample was randomly picked
for each class, and the cannot-link constraints were attached to
all combinations of the picked samples.

For an ablation study, we performed the proposed method
without the must-link constraints. In this experiment, the pa-
rameter ω of the penalty terms was set to 50. To confirm the
robustness for the ratio of the labeled samples to the total sam-
ples, R, and the number of clusters K, we conducted the cluster-
ing while varying K and R (K = 50, 100 and R = 1%, 3%, 5%).
The proposed method was implemented in MATLAB and the
experiment was run on a computer with the Intel Xeon E5-2620
CPU and 256GB of memory.

5.1.3. Results
Table 4 shows the results of the quantitative performance

evaluation. The proposed method achieved the best perfor-
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Must-link Constraints True Positive (Fundus) False Positive (Others)

(a) Ground truth (c) Prominent cluster of Fundus
(BOCK)

(b) Prominent cluster of Fundus
(Proposed)

Class:03

Fig. 3: Clustering result for K = 50 and R = 0.03. We used t-SNE (van der Maaten and Hinton, 2008) for these two-dimensional visualizations. (a) Distribution
of samples whose true label is “Fundus.” Green dots indicate unlabeled samples, and red ones indicate labeled samples that were used as must-link constraints. (b)
Prominent cluster of Fundus generated by the proposed method and (c) prominent cluster of Fundus generated by BOCK (Le et al., 2018). In (b) and (c), magenta
dots indicate samples from other classes. The images in (a), and (c) are Fundus image example, and non-Fundus image example, respectively.

rank=45 Class:09

・・・ ・・・

rank=204 Class:03rank=1 Class:01 rank=205 Class:01rank=2 Class:01(a) (b)

Fig. 4: (a) Accumulated purity curve with distance from the centroid of the cluster of Fig. 3(b). The vertical axis indicates the accumulated purity, and the horizontal
axis indicates the order sorted by distance from the centroid. (b) Images in the cluster. Images from left to right are sorted by distance from the centroid. The term
“rank” shows the order by distance in the cluster, and rank=1 is the closest. “Class” is the true label of the image (e.g., Class:01 is Fundus.).

mance under all conditions. Except for the case of K = 50,R =

1%, it achieved over 0.7 in the prominent-purity. This result
indicated that 70% of the samples in the prominent-clusters ob-
tained by the proposed method can be given the correct label.
Therefore, in the actual labeling operation for the prominent-
cluster obtained from the proposed method, the annotator can
complete one labeling operation by removing 30% of the sam-
ples in the cluster and labeling the remaining samples once.
From this result, it can be confirmed that the group-based label-
ing by the proposed method is more efficient than the general
labeling process in which each sample is labeled individually,
and it is also more efficient than the group-based labeling by
the comparative method. This level of prominent-purity is high
enough to reduce the time required for the labeling task. In par-
ticular, when K = 100, and R = 1%, the prominent-purity of the
proposed method shows an 8% improvement over the second-
best, BOCK. Moreover, it achieved the best prominent-recall
under all conditions. In the situation of labeling the stomach
dataset with a group-based labeling strategy, when K = 100,
and R = 1%, the labeling utilizing the proposed method can
obtain about 240 more labeled images than the second-best
method, BOCK. This difference affects the efficiency of the ac-
tual labeling operation.

Table 5 shows the results of the purity evaluation. Since
the proposed method was superior to KM under all conditions,
its soft-constrained clustering worked effectively to improve
the purity of the clusters. The proposed method was the only

method that improved KM under all conditions. It showed rel-
atively good performance although several conventional meth-
ods outperformed it under some conditions. However, in the
evaluation focusing on prominent clusters, the proposed method
achieved the best performance under all conditions, so it does
not become a problem in our labeling process. We confirmed
significant differences between the proposed method and com-
parative methods in most cases according to paired McNemar’s
test that was corrected based on the Holm method, performed
at a significance level of 0.05. When K = 100, significant dif-
ferences were not confirmed in some cases, but as mentioned
above, the proposed method is effective because the number of
labeled samples increases in the assumed labeling process that
gives a label to a prominent cluster.

The average computational time for clustering over 10,000
images was 14s for KM, 1,119s for BOCK, 10s for MPCK,
1,824s for LCVQE, and 130s for the proposed method. The
proposed method was much faster than the state-of-the-art of
the constrained clustering method and soft-constrained method.
The computational cost of the proposed method is thus low
enough for group-based labeling.

Fig. 3 shows the clustering results when K and R were
set to 50 and 0.03, respectively. Figs. 3(b) and (c) show the
prominent Fundus clusters, which contain the most Fundus im-
ages, obtained by the proposed method and BOCK. In the scat-
ter plot, green and magenta dots indicate true positives and
false-positives for Fundus. The plot confirms that the sam-
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Table 6: Quantitative performance evaluation of self-constrained clustering utilizing sequence-based constraints, as measured by purity. If the value of the compar-
ative method is marked with an asterisk, there is significant difference between the proposed method and that method.

Dataset Conditions KM MPCK LCVQE
Self and soft-constrained

worst ω
Self and soft-constrained

best ω
EGD dataset K=30 0.8645∗ 0.6399∗ 0.8484∗ 0.8660∗ 0.8818

K=15 0.8583∗ 0.6399∗ 0.8303∗ 0.8597∗ 0.8770
Colon dataset K=30 0.6967∗ 0.4334∗ 0.6728∗ 0.6996∗ 0.7164

K=15 0.6819∗ 0.4341∗ 0.6760∗ 0.6831∗ 0.6940
∗: p < 0.05

ples in the cluster obtained from the proposed method were
closer to each other than the samples in the cluster obtained
from BOCK because the proposed method allows the viola-
tion of the must-link constraints. The images in Fig. 3(c)
shows the false-positive images in the prominent Fundus cluster
obtained from BOCK. The prominent-cluster contained these
false-positive images that were very similar to Fundus images,
because BOCK does not assume that the sample distribution for
a class is multimodal. In contrast, the proposed method assumes
that the sample distribution of a class is multimodal, and can re-
duce the effect of the inappropriate constraints. Therefore, the
proposed method obtained the prominent Fundus cluster with
fewer false-positive images than the BOCK result, as shown in
Fig. 3(b).

Fig. 4 shows image examples in a prominent cluster of the
Fundus class. To analyze the relationship between the distance
from the centroid and the class label of the sample, we sorted
the samples by distance from the cluster centroid. Figs. 4(a)
and (b) show the accumulated purity curve in a cluster and im-
age examples that were sorted by distance from the centroid in
the cluster, respectively. The curve shows that the samples near
the cluster centroid tend to have the same class label because
the curve decreased gently when the number of sorted orders
was under 150. This result shows that in the actual group la-
beling situation, presenting the annotator with images sorted by
distance from the cluster centroid may improve labeling effi-
ciency.

5.2. Evaluation of self-constrained clustering
5.2.1. Dataset

We conducted experitments using two large-scale endoscopic
image dataset to evaluate the proposed self-constrained cluster-
ing method. The first dataset (hereinafter, referred to as the
esophagogastroduodenoscopy (EGD) dataset) is comprised of
500 EGD image sequences collected from Kyoto Second Red
Cross Hospital, and the total number of images is 15,394. The
second dataset (hereinafter, referred to as the colon dataset) is
comprised of 388 colonoscopy image sequences collected from
Kyoto Second Red Cross Hospital, and the total number of sam-
ples is 10,265. Each image sequence was taken in a single ex-
amination. Therefore, the EGD dataset contains 500 exami-
nation results, and the colon dataset contains 333 examination
results.

For the performance evaluation, we had expert endoscopists
label the correct class of each image. The classes of these
datasets are listed in Table 3. To make the feature vector,

DenseNet201 (Huang et al., 2017) pre-trained by ImageNet was
used to extract 1,920-dimensional feature values from the orig-
inal RGB image (224 × 224 pixels). The stomach dataset used
in Section 5.1 was not used in this experiment because it does
not have temporal ordering information.

5.2.2. Experimental conditions
We evaluated the purity of the clusters obtained by the pro-

posed method. Since the dataset in this experiment has temporal
ordering information, we imposed a sequence-based constraint
between all temporally adjacent samples. Unlike the experi-
ment in Section 5.1, we did not use true labels to provide the
constraints; we used all of the samples to compute the purity of
the clusters.

In contrast to soft-constrained clustering in which a small
number of class labels were given, the self-constrained cluster-
ing did not have any ground truth for the class labels, because
the constraints were generated from the temporal ordering in-
formation without any labeling. Thus, we could not estimate
the prominent cluster for each class in the group-based label-
ing. In this case, we consider that it is better if the purity of
every cluster is high. Therefore, we evaluated the (traditional)
purity instead of prominent-purity.

We compared the proposed method with the same ones de-
scribed in Section 5.1 except for BOCK (hard-constraints) since
if we simply generated hard constraints from the temporal or-
dering information, all images in a sequence would belong the
same cluster, and this is obviously wrong. In addition, to in-
vestigate the influence of the parameter ω, we varied ω from
1 to 30. The proposed method was implemented in MATLAB
and, the experiment was run on a computer with the Intel Core
i9-9980XE and 64GB of memory.

5.2.3. Results
Table 6 shows the purity for each method for two value of K.

To show the robustness of the hyper-parameter ω, the table lists
the performance of the worst and best cases when we changed
ω. The proposed method using the best ω outperformed the
other methods; even when we used the worst ω, the purity of
the proposed method was slightly better than those of the other
methods. In contrast, the conventional soft-constrained cluster-
ing methods were worse than KM. These conventional methods
adversely affected purity because they assume that some im-
proper constraints are eliminated and the samples are clustered.
In contrast, the proposed method worked well under these con-
straints because it assumed that the data distribution is often
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Fig. 5: Example of the cluster switching point determined by the proposed method when the parameter ω changed in the experiment on the EGD dataset. The color
of the class label bar indicates the type of class label. The vertical black lines in the bar of each method indicate cluster label switching points.

multimodal and the distant samples are given the constraint. In
the situation of labeling the EGD dataset with a group-based
labeling strategy, when K = 30, the labeling utilizing the pro-
posed method can obtain about 266 more labeled images than
the second-best, KM. This result shows that by using the pro-
posed method, the correct labels can be given to about 2% of
the images in the dataset in one labeling operation without ad-
ditional annotation. Therefore, the proposed method is more
effective in accelerating the labeling process than the compar-
ison method. In addition, we confirmed significant differences
between the proposed method and the comparative methods ac-
cording to paired McNemar’s test, which was corrected based
on the Holm method, performed at a significance level of 0.05.

Fig. 5 shows the cluster assignment results of KM and the
proposed method withω = 10, 20, 30, together with the ground-
truth sequence. In this figure, the vertical partitions indicate the
timing when the assigned cluster changed. For example, in the
results of the proposed method with ω = 10, the initial two im-
ages assigned to the same cluster are separated by a black line
from the next two images, which are assigned to a different clus-
ter. It can be seen that the number of adjacent images belonging
to the same cluster increases with ω, and the proposed method
preferentially assigned samples with similar appearances, such
as the third and fourth samples, to the same cluster. As a result,
the purity of each sequence cluster improved.

Fig. 6 is a quantitative evaluation showing the effect of
changing the parameter ω. Here, the proposed method outper-
formed KM under all conditions, even though the constraints
were generated in an unsupervised manner from the tempo-
ral ordering information. In particular, in Fig. 6(a), the pro-
posed method with K = 15, 5 ≤ ω outperformed KM with
K = 30. Moreover, in Fig. 6(b), the proposed method with
K = 15, 13 ≤ ω ≤ 20 approached the performance of KM
when K = 30. These results show that setting the parameter ω
properly can significantly improve clustering performance.

Fig. 7 shows the label switching frequency, which is the fre-
quency of the number of class or cluster label changes in an
image sequence. The label switching frequency of the class la-
bel has a peak at around eight. The label switching frequency
of KM is far to the right of the graph compared with the class
label. In contrast, the label switching frequency of the proposed
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Fig. 6: Purity of the proposed method versus ω.
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Fig. 7: Frequency of label switching for all sequences. The bars show the label
switching frequency of the class label, cluster label with KM, cluster label with
the proposed methods for ω = 10, ω = 20, and ω = 30.

method approaches that of the ground truth as ω increases, and
the purity is increasing accordingly. These results indicate that
the proposed method has obtained clustering results in which
adjacent samples of the same class belong to the same cluster.
If ω is set to too large a value, all the samples in each sequence
may belong to a single cluster, which is undesirable. The prob-
lem can be solved by determining the appropriate ω based on
the number of cluster label changes in each image sequence.
Moreover, the above results show that the cluster purity of the
proposed method is less susceptible to changes in the parameter
settings.

6. Conclusion

We proposed a novel soft-constrained clustering method suit-
able for group-based labeling of medical images. We formu-
lated the problem as a mixed-integer linear programming prob-
lem that utilizes the soft constraints as a penalty term instead of
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hard-constraints. This soft-constrained clustering can deal with
multimodal class distributions that often occur in medical im-
ages. Unlike the conventional constrained clustering method,
the proposed method works well even if a must-link constraint
is given between distant samples in the feature space. In exper-
iments, the proposed method achieved higher prominent-purity
and prominent-recall of the clustering results compared with
several state-of-the-art soft-constrained clustering methods.

In addition, we proposed a self-constrained clustering
method that uses prior knowledge about temporal continuity
whereby successive images tend to belong to the same class
in an anatomical classification task of endoscopic images. The
experimental results demonstrated that this method improved
clustering performance compared with the ordinary cluster-
ing method and several soft-constrained clustering methods
that utilize sequence-based constraints. Moreover, the method
showed that robustness to changes in the parameter settings.
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