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ARTICLE INFO ABSTRACT

A fast and accurate white blood cell (WBC) segmentation remains a challenging task, as different WBCs vary
significantly in color and shape due to cell type differences, staining technique variations and the adhesion
between the WBC and red blood cells. In this paper, a self-supervised learning approach, consisting of un-
supervised initial segmentation and supervised segmentation refinement, is presented. The first module extracts
the overall foreground region from the cell image by K-means clustering, and then generates a coarse WBC
region by touching-cell splitting based on concavity analysis. The second module further uses the coarse seg-
mentation result of the first module as automatic labels to actively train a support vector machine (SVM)
classifier. Then, the trained SVM classifier is further used to classify each pixel of the image and achieve a more
accurate segmentation result. To improve its segmentation accuracy, median color features representing the
topological structure and a new weak edge enhancement operator (WEEO) handling fuzzy boundary are in-
troduced. To further reduce its time cost, an efficient cluster sampling strategy is also proposed. We tested the
proposed approach with two blood cell image datasets obtained under various imaging and staining conditions.
The experiment results show that our approach has a superior performance of accuracy and time cost on both
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datasets.

1. Introduction

White blood cells (WBCs or leukocytes), which are the principal
components of immune cells, play a vital role in the fight against in-
fections. In clinical practice, the identification and counting of WBCs in
blood smear are often used for diagnosing many diseases such as in-
fections, inflammation, malignancy, leukemia, etc. In the past, the ex-
amination of blood smears is a highly complex, tedious, and time-
consuming manual task. Nowadays, with the rapid development of
computer-aided methods, an automatic cell analysis system can support
faster and more reproducible image analysis than manual analysis (Xing
and Yang, 2016). Automatic cell analysis system generally includes four
steps: image acquisition, cell segmentation, feature extraction and
classification. Cell segmentation is often considered as the most im-
portant and critical step in the process, as it directly affects the accuracy
and time complexity of subsequent steps.

A typical blood smear image consists of WBCs, red blood cells (RBCs
or erythrocytes), platelets and the background. The goal of cell
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segmentation is to extract WBCs from such complicated scenes and
provide essential information for the feature extraction step. By using
the salient color of nuclei, WBC detection has been well solved by
various cell segmentation methods (Ko et al., 2009; Ko et al., 2011;
Zheng et al., 2014). An example of WBC detection result is shown in
Fig. 1. However, fast and robust segmentation of WBCs remains chal-
lenging. The reasons are three-fold. First, the original blood smear
images are significantly different in color due to different staining
techniques and illumination conditions. Second, variations may exist
even within the same smear image because of different types of WBCs.
For example, WBCs can usually be classified into five types (i.e., lym-
phocytes, monocytes, neutrophils, eosinophils and basophils) and dif-
ferent types of WBCs stained by the same technique display various
colors. As shown in Fig. 2, the colors of different sub-images vary sig-
nificantly due to both inter- and intra-image variations of the original
blood smear images. Thirdly, WBCs frequently adhere to RBCs, leading
to irregular shapes of WBCs, and the boundaries between the touching
cells are blurred. Therefore, an accurate WBC segmentation is a

E-mail addresses: zxaoyou@hust.edu.cn (X. Zheng), ywangct@cse.ust.hk (Y. Wang), gywang@hust.edu.cn (G. Wang), jgliu@ieee.org (J. Liu).

https://doi.org/10.1016/j.micron.2018.01.010

Received 4 August 2017; Received in revised form 25 January 2018; Accepted 26 January 2018

Available online 01 February 2018
0968-4328/ © 2018 Elsevier Ltd. All rights reserved.


http://www.sciencedirect.com/science/journal/09684328
https://www.elsevier.com/locate/micron
https://doi.org/10.1016/j.micron.2018.01.010
https://doi.org/10.1016/j.micron.2018.01.010
mailto:zxaoyou@hust.edu.cn
mailto:ywangct@cse.ust.hk
mailto:gywang@hust.edu.cn
mailto:jgliu@ieee.org
https://doi.org/10.1016/j.micron.2018.01.010
http://crossmark.crossref.org/dialog/?doi=10.1016/j.micron.2018.01.010&domain=pdf

X. Zheng et al.

2048

Micron 107 (2018) 55-71

-9

1536

Fig. 2. Different types of WBC under various imaging and staining conditions. (a) Lymphocytes. (b) Monocytes. (c) Neutrophils. (d) Eosinophils. (e) Basophils. Top row: rapidly-stained
images. Bottom row: traditional Wright-stained images. The ground truth segmentation results manually sketched by expert hematologists is shown at the bottom right corner of each

image.

challenging task because of the above three reasons. In this paper, we
propose a self-supervised learning approach to achieve fast and robust
WBC segmentation and focus on segmenting the cell region of interest
(CROI), i.e., the whole WBC region including both nucleus and cyto-
plasm, from RBCs and the background which is denoted as the non-cell
region of interest (non-CROI).

Various automated cell segmentation methods have been devel-
oped. Most of them are learning-based methods, which can generally be
classified as supervised and unsupervised methods. The supervised
methods, formulate the problem of segmentation as a multi-class clas-
sification. For example, each pixel can be classified into CROI and non-
CROIL. Classifiers such as Bayesian (Prinyakupt and Pluempitiwiriyawej,
2015), K-nearest neighbor (Kong et al., 2011), neural network (Yi et al.,
2005), support vector machine (SVM) (Song et al., 2013; Ruberto et al.,
2016), and random forest (Saidi et al., 2016), etc., have been used,
where the classifiers are usually trained on manually-labeled training
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images. Their effectiveness highly depends on the imaging conditions
and whether the extracted features can distinguish the CROI from the
non-CROI (Song et al., 2013). Thus, some researchers try to extract
more effective color features to mitigate this issue, for example, use
L*a*b* color space (Sertel et al., 2009) or the most discriminant color
space (MDC) (Kong et al., 2011), adopt scale-invariant feature trans-
form (SIFT) descriptor (Song et al., 2013), and integrate texture fea-
tures (Farhan et al., 2013a). Apart from using the traditional classifiers,
deep convolutional networks (Ronneberger et al., 2015) have also re-
cently been applied in cell image segmentation. These methods based
on deep convolutional networks usually can get better results than the
traditional classifier-based learning methods. However, all the above-
mentioned supervised methods need a large number of training sam-
ples, which are usually manually labeled but hard to gained for bio-
medical images. Besides, the supervised approaches usually do not
work well when there are significant differences between the training
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