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Abstract: Acute lymphoblastic leukemia (ALL) is a type of blood cancer that begins with immature lymphocytes in
bone marrow. The challenge in automatic identification of ALL when there are touching cells in image. The previous
studies related to the separation of touching cells are still constrained by oversegmentation, undersegmentation, and
inaccurate in cell separation. To overcome this problem, this research proposed an algorithm for cell separation based
on enhanced edge detection. The objective of this study is identification of L1, L2, and L3, in touching cell based on
edge detection and edge linking. Edge detection was performed on grayscale images and Hue images for the area of
White Blood Cell segmentation results then the image results were combined. The classification of Acute
Lymphoblastic Leukemia (ALL) cells was carried out using the geometry and texture features of cells and nucleus
with Support Vector Machine (SVM) as the classifier. The dataset for the training process amounted to 668 ALL single
cell images and for the testing process was 301 multi-cell ALL images. The testing results of the identification of ALL
subtypes showed that the proposed cell separation method gave accuracy of 75.42%.
Keywords: Acute Lymphoblastic Leukemia, White blood cell, Watershed, Edge detection, Splitting of touching cells,
Support vector machine.

1. Introduction
One of the highest causes of death in the world is
leukemia [1], caused by abnormal development of
white blood cells produced by bone marrow.
Classification of white blood cells (WBC) is very
necessary to determine the types of leukemia to
support the diagnosis of the disease by a doctor.
Research on the classification of types of acute
leukemia has been widely carried out. However, the
presence of WBC touch becomes an obstacle in
obtaining accurate single cells in microscopic images
of leukemia. An accurate cell separation method will
produce better features thereby increasing the
accuracy of leukemia cell type classification.
Research related to the separation of touching WBC
cells has been carried out, in general watershed-based
cell separation methods [2, 3], clustering-based
methods [4-7], and contour estimation-based [8-15].
In research [2], RGB images were pre-processed by
converting to CMY color channel space and using

contrast stretching. Segmentation in research [2] used
the Zack algorithm to obtain the threshold and
utilized the watershed method for cell separation.
Then the classification applied Support Vector
Machine (SVM). Then in research [3], cell
segmentation was done using the Local density
clustering method and connected component analysis,
and cell separation was processed by utilizing the
Gradient-barrier watershed method. In research [4],
the cell preprocessing stage used RGB color space to
LAB and the cell segmentation process used the KMedoids algorithm. Still in research [4] for feature
extraction using shape features, visual features,
texture features, measurement of pixel values and
fractal dimension features. For classification, using 4
classifiers for comparison, namely: Random Forest,
Decision Tree, Bayes, and K-Nearest Neighbors
(KNN). In research [5], fuzzy morphology method
was deployed for segmenting nucleus cells.
Separation of touching cells was done by utilizing a

International Journal of Intelligent Engineering and Systems, Vol.13, No.4, 2020

DOI: 10.22266/ijies2020.0831.18

Received: March 17, 2020.

Revised: April 27, 2020.

region-based and boundary approach. Research [6]
employed RGB image conversion to CIELAB space,
carried out the segmentation using the Shadowed Cmeans (SCM) method, and feature extraction using
fractal dimensions, contour signature, shape features,
texture features of Gray Level Co-occurrence Matrix
(GLCM). Classifiers applied were K-nearest
neighbors (KNN), multilayer perceptron (MLP), and
support vector machines (SVM). Segmentation using
fuzzy C-means method was carried out in research [7],
feature extraction used was fractal dimension,
contour signature, shape features, color features,
texture features of GLCM. SVM was used for
classification [7]. Research [8] proposed extracting
region of interest (ROI) or cancerous cells employed
in two stages for blast cell segmentation. First, all
objects in the images were splitted into non-ROI
negative class and ROI positive class by utilizing
statistical features selected by genetic algorithm. The
two classes were identified based on local pixel
computation. Secondly, classification of testing data
based on the training model of ROI features was
carried out by ANN classifier. Research [9] proposed
the coarse-to-fine concept, by performing
classification among Acute Lymphoblastic Leukemia
(ALL), Acute Myeloblastic Leukemia (AML), and
healthy cells for the first step. In the second step, subtypes of ALL and AML were identified
morphologically based on features of medical
knowledge. In the coarse step, a low-pass filter is
used for noise removing before extracting nucleus
and features which followed by classification in the
fine step. In research [10], hybrid model was
proposed which combined the segmentation
techniques using active contour and fuzzy C means.
The segmentation was extracted to obtain the features
using statistical and the local directional pattern of
chronological sine cosine algorithm. Then, the
classification was performed by deep convolutional
neural network classifier. Research [11] proposed a
computer-aided screening of AML and ALL by
analyzing color, morphological and textural features
from the blood image. A cell nucleus was segmented
using Otsu, and improved using morphological
operasions such as opening, hole filling, and
boundary cleaning. Geometrical, chromatic, and
texture features gave 331 features. The feature
optimization is performed by genetic algorithm with
support vector machine (SVM) classifier . This
research [12] proposed a decision support system for
acute leukemia and tested using a public dataset. The
system performed K-means clustering for cell
segmentation, image refinement, and feature
extraction. The cells were classified according to
their morphological features. The results were
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compared with the works of other researchers using
the same data. Cell segmentation using fuzzy
morphology and fuzzy C-means methods was carried
out in research [13], cell extraction was employed
using cell area parameters, cytoplasm count,
chromatin density, nucleus shape, cytoplasmic form,
nucleolus and granules. The classification method
using a decision tree was carried out in research [13].
Research [14] converted the RGB color channel
space to the gray space and used the threshold with
the Otsu’s method then the segmentation process by
the morphological method, classification using the
neural network method. Segmenting cells with the
UECS (ultimate erosion convex set) method, then the
edge-to-marker and Gaussian association methods on
B-splines were proposed to identify and separate cells
carried out in the study [15]. Research [16] proposed
cell segmentation using the orthogonal gram-schmidt
method and the Snakes method. Feature extraction
was carried out by employing morphological features,
GLCM texture, LBP and Sequential forward
selection (SFS) for the feature selection process. And
classification using Artificial Neural Networks
(ANN), and Support Vector Machines (SVM)
methods [16]. In research [17] the first stage is
converting the RGB channel space into the HIS
channel space, thresholding the S component for the
nucleus and Hue for cell identification. Then the
process was followed by morphological dilation
operation and the median filter. Features were
extracted by applying form features, LBP, and
classified by using the SVM method [17].
Research [15] proposed the Ultimate Erosion for
Convex Sets (UECS) method to identify seed points
in a region of interest. White blood cell counts were
carried out in research [18] by deploying the Iterative
Distance Transform for Convex Sets method to
identify seed points in a region of interest. Research
[19] employed Fast Radial Symmetry (FRS) to detect
objects and used Contour evidence extraction (edgeto-marker association) and Contour estimation
(ellipse fitting) to estimate cell contour.
Research [20] applied RGB color space
convertion into color space L * a * b, then two color
components (a and b) were used as features of the Kmeans algorithm in segmenting WBC. Research [21]
did the segmentation of Acute Lymphocytic
Leukemia (ALL) cells using Fuzzy K-means
clustering and Automatic Threshold histogram.
Research [13] carried out cell segmentation with
fuzzy morphology and with fuzzy C-means for cell
separation.
Some previous studies related to the separation of
touching cells
are still constrained by
oversegmentation,
undersegmentation,
and
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inaccurate in cell separation, so it is still a challenge
to develop methods of separating touching cells. The
watershed approach allows oversegmentation [2-3],
the separation with clustering approach [5-6] is less
accurate because it allows the occurrence of areas that
are not supposed to appear. Whereas the contour
estimation approach using Contour Evidence
Extraction with the ellips fitting approach [16]
produces contours that do not correspond to the actual
cell shape. Research [22] proposed a method of
separation in polymer composite particles using an
edge detection approach with prewitt operators and
obtained good results.
To overcome the problem of separating touching
cells such as oversegmentation, undersegmentation,
and inaccurate contour, this study aims to use
enhanced edge detection approach to separate the
touching WBC on the microscopic images of ALL.
This research proposed the method of separating
WBC touching cells and estimating single cell
contour with edge detection and edge improvement
approaches to identify the type of Acute
Lymphoblastic Leukemia (ALL). Edge detection is
performed on the grayscale image and Hue image
based on WBC segmentation results then combines
the two edges. Edge detection on the Hue image is to
get detailed information on the outer edge of the
touching cells, while edge detection on the grayscale
image is to get the inside edge details of touching
cells. After that, the edge improvement is performed
to obtain the accurate contour of each single cell as a
result of separating the touching cells.
This study was divided into five stages, namely
WBC segmentation, splitting of touching cells,
feature extraction, leukemia type classification for
each cell, and identification of ALL types in each
image. This research extracted the geometry and
texture features of the cell and nucleus area in each
Acute
Lymphoblastic
Leukemia (ALL)
Microscope Image

Extraction of Cell
and Nucleus Features

Classification per
sel (SVM)

single cell then the ALL type classification process
was performed using the Support Vector Machine
(SVM) classification method. The last stage was
counting the number of cells for each type of ALL
and the results of identification of ALL types based
on the highest number (majority).
This paper is organized as follows. Related work
and contribution is shown in introduction in section
1. Section 2 shows methodology of this research.
Section 3 shows test results and discussion. Section 4
shows classification results. Section 5 provides
conclusion and future work.

2. Methodology
Automated ALL detection in microscopic images
requires several stages, namely WBC segmentation,
separation of touching cells, feature extraction,
classification of ALL type for each cell, and
identification of ALL type for each image. The
design of the ALL type identification system can be
seen in Fig. 1.
The first stage is WBC segmentation which aims
to separate the WBC object area and background. The
second stage is the separation of touching cells that
aims to get a single WBC from several WBC that
touch or stick. The results of the second stage are the
crops of the single WBC. The next step is feature
extraction to get geometry and texture features.
Before the feature extraction process, an area
segmentation is made which distinguishes the cell
and nucleus areas, so that the geometry and texture
features are extracted in the cell and nucleus areas.
2.1 Description of the microscopic
Lymphocytic Leukemia image dataset

acute

The dataset for the training process amounted to

White Blood
Cell (WBC)
Segmentation

Segmentation of
Cells and Nucleus

Majority Vote

Touching Cell
Separation

Automatic
Cropping Cell Image

Output
Classification
Results L1, L2, L3

Figure. 1 Diagram of type ALL identification system
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2.3.1. Watershed method

L1

L2

L3

Figure. 2 Examples of blood smear images of Acute
Lymphoblastic Leukemia (ALL)

668 ALL single cell images consisting of 309 L1
typeimages, 174 L2 type images, and 185 L3 type
images. The dataset for the testing process was 301
multi-cell ALL images which consisted of 128 L1
type images, 63 L2 type images and 110 L3 type
images. The dataset used from dr. Soetomo Hospital
in Surabaya. Microscopic images in the dataset used
have the same
shooting scale that is 1000x and the same staining
process. Microscopic images of the three types of
ALL in the dataset used can be seen in Fig. 2.
2.2 White blood cell (WBC) segmentation
WBC segmentation phase aims to get the WBC
area and eliminate other components such as red
blood cells, platelets, and background. This stage has
difficulties if the images in the dataset are used from
different staining processes.
The WBC cell segmentation process used an
approach like in research [14]. The first process is
changing the Leukemia microscopic input image
which has an RGB color space to the HSV color
space to obtain the Hue component. From the
histogram analysis the hue value greater than 0.88 is
obtained from the WBC cell area.
The next process is to eliminate the abnormal
WBC component (noise), by finding the area of
interest (ROI) of objects that have an area of objects
(area) of more than 5000 and solidity more than equal
to 0.50. The final process is to remove the truncated
cell object that is on the edge of the image if present.
2.3 Splitting touching WBC
This stage is to do the separation of touching
WBC and get the results of single cell cropping from
the results of separation. From the results of the single
cell cropping, feature extraction will be performed.
There are three methods for splitting touching WBC
that used in this research i.e. watershed, clustering,
and edge detection.

Watershed transformation is to treat a grayscale
image as a topographic map, with the intensity
representing its height. The concept of watershed is
to fill up all catchment basins with water starting with
the lowest catchment basin until all the catchment
basins begin to be flooded with water. Watersheds are
built as different basins initiate to unite that create
lines on ridge tops. The process is ended when the
water reaches the maximum peak of every relief [23].
2.3.2. Clustering method

The clustering method used for separating
touching cells in this study is based on searching for
cell markers first using the IDTCS method [14] which
is used as the centroid of each cell, then grouping
pixels in each cell to the closest centroid. The IDTCS
approach iterates the distance transform procedure
for all objects. The cell is flagged when the concavity
size is less than a threshold value.
2.3.3. Proposed method

The proposed method for splitting touching WBC
using enhanced edge detection combined edge
detection and edge linking. The flowchart of
proposed method for the separation of cells in
touching WBC can be seen in Fig. 3 and the
pseudocode in Fig. 4.
The inputs at the stage of touching cell separation
is a binary image from the WBC segmentation image
to get the WBC area, and the original microscopic
ALL image to get grayscale and HSV information
from each WBC area. The edge detection process is
then performed on the grayscale image and on the
Hue component image in the WBC segmentation area
result. The edge detection method used is the Canny
method. The next process is to merge the two images
resulting from edge detection of grayscale images
and Hue images. Edge detection in the Hue image is
to obtain detailed information on the outer edge of the
touching cells while edge detection in the Grayscale
image is to obtain the inner edge details of touching
cells. After that an edge improvement is performed to
obtain the contour of each single cell as a result of
separating the touching cells. Edge improvement
consists of two processes, namely the process of
connecting pixels that are still broken using the
gapfilling function and the second process is filtering
using the Gaussian method. The next step is to imfill
the edges of the image. Then to get the separated
single cell from the touching WBC, the subtraction
process is done between the image of the imfill
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Figure. 4 Cell splitting and cropping flowchart

process and the image of the edge result. If the area
of a single cell is less than 3000 then the cell area is
removed. The final stage is the process of cropping
the WBC single area of the original RGB image using
the boundingbox approach so that it produces as
many RGB images as the single WBC on the original
image. The output of this process is cropped RGB cell
images. The pseudocode of the proposed method for
separation of touching cells can be seen in Fig. 4.
2.4 Feature extraction on each WBC
2.4.1. Nucleus and cell segmentation of each WBC

Before performing the feature extraction process
for each WBC cell, it is necessary to do cell
segmentation to obtain the nucleus and whole cell
area of each WBC from the ALL microscopic image.
The stages of this cell segmentation can be seen in
Fig. 5.
The input is the cropped RGB image for every
WBC, then the thresholding process is done using the

Input: Binary segmented image B and Original image
I
Output: Contour extraction of touching WBC image S
Algorithm:
1. G = Convert I to grayscale image
2. H = Convert I to Hue image
3. G1 = Take grayscale value from G for the
area of segmented WBC B
4. H1 = Take Hue value from H for the area of
segmented WBC B
5. G2 = Canny edge detection (G1)
6. H2 = Canny edge detection (H1)
7. U = G2 + H2
8. C = Connecting gap pixels of U by adding 19
pixels.
9. F = Gaussian Low Pass Filter (C)
10. K = binarization F
11. L = imfill (K)
12. S = L – K
Figure. 3 Pseudocode of touching cell separation based on
the enhanced edge detection
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Solidity: The ratio between the area and the convex
area as in Eq. (3).
𝐴(𝑅)

𝑆𝑜𝑙𝑖𝑑𝑖𝑡𝑦 = 𝐶𝑜𝑛𝑣𝑒𝑥 𝑎𝑟𝑒𝑎
HSV

Image Segmentation
WBC

Otsu from
Saturation

Equivalent Diameter: The value is defined as in Eq.
(4).
𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟 = 2. √

Image Segmentation
Nucleus per cell

Figure. 5 Nucleus and cell segmentation for image per
cell

Otsu method of Saturation color space on the cropped
RGB image. The result of segmentation is a binary
image with the nucleus area. To get the cell area, the
binarization is carried out in the cropped RGB image
to get the whole cell area then the binary image of the
cell is subtracted by the binary nucleus image to get
the cytoplasmic area.
2.4.2. Geometry and texture feature extraction in
nucleus and cell area

The features used in this study are composed of
34 features as in the study [4] with each divided into
features for white blood cells and nucleus. The
features used are the geometry and texture features as
follows:
Area: Number of pixels in a region or object.
Perimeter: Number of pixels on the boundary or
edge of a region or object.
Roundness: A measure of how close the shape of an
object is to the shape of a circle as in Eq. (1).
𝑅𝑜𝑢𝑛𝑑𝑛𝑒𝑠𝑠(𝑅) = 4. 𝑝𝑖. 𝐴(𝑅)/𝑃2 (𝑅)

(1)

where A is the area, P is the perimeter.

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑒𝑙𝑙𝑖𝑝𝑠𝑒 𝐹𝑜𝑐𝑖
𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑀𝑎𝑗𝑜𝑟 𝑎𝑥𝑖𝑠

Major axis is the longest axis of an ellipse.

(2)

𝐴(𝑅)
𝑝𝑖

(4)

Orientation: the angle between the horizontal axis
and the ellipse main axis. The main axis line goes
through the centroid and along the region longest part.
Radius: the radius of a region or object calculated
according to Eq. (5).
𝑅𝑎𝑑𝑖𝑢𝑠 = 𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟/2

(5)

Centroid is a region center, an arithmetic average of
all (x, y) coordinates in the region.
N / C ratio: determines the ratio of the area of the
nucleus and whole cells as in Eq. (6).
𝑁
𝑟𝑎𝑡𝑖𝑜
𝐶

=

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑢𝑐𝑙𝑒𝑢𝑠
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑐𝑒𝑙𝑙

(6)

The texture features can be obtained from the features
of Gray Level Co-occurrence Matrix (GLCM) or
Local Binary Pattern (LBP) methods in processing
image data [24][25]. The texture features in this study
use the Gray Level Co-occurrence Matrix (GLCM)
descriptor as in Eqs. (7) - (10).
𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑𝑖,𝑗|𝑖 − 𝑗|2 𝑃𝑖𝑗

(7)

Pij is the element (i,j) of the normalized GLCM
matrix.
Correlation: the correlation of a pixel with the
neighbors over the whole image.
𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ∑𝑁−1
𝑖,𝑗−0 𝑃𝑖𝑗

Eccentricity: A measure of how big the difference in
the shape of an object is from the shape of a circle, as
in Eq. (2).
𝐸𝑐𝑐𝑒𝑛𝑡𝑟𝑖𝑐𝑖𝑡𝑦 =

(3)

(𝑖−𝜇)(𝑗−𝜇)
𝜎2

(8)

where:
Pij is the element (i,j) of the normalized symmetrical
GLCM.
N is the number of gray levels in the image, µ is the
GLCM mean, as in Eq. (9):
𝜇 = ∑𝑁−1
𝑖,𝑗−0 𝑖𝑃𝑖𝑗

(9)

σ2 is the GLCM variance, as in Eq. (10):
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2
𝜎2 = ∑𝑁−1
𝑖,𝑗−0 𝑃𝑖𝑗 (𝑖 − 𝜇)

(10)

Energy: Determines the uniformity of the image.
𝐸𝑛𝑒𝑟𝑔𝑦 = ∑𝑖,𝑗(𝑃𝑖𝑗 )2

(11)

Homogenity: Measuring the proximity of the GLCM
element distribution to the diagonal.
𝑃

𝑖𝑗
𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 = ∑𝑖,𝑗 1+|𝑖−𝑗|

(12)

Euler is counting the number of holes in leukemia
cells to detect vacuola.
Maximum intensity is the highest pixel value in the
region.
Minimum Intensity is the lowest pixel value in the
region.
Average intensity is the average pixel value in the
region.
2.5 Classification of ALL subtypes for each WBC
The stages for classifying ALL subtypes in each
WBC can be seen in Fig. 6. In this study, Support
Vector Machine (SVM) is used in the classification
of Acute Lymphocytic Leukemia (ALL) subtypes.
SVM is a prediction method for classification and
regression. The concept of SVM is to find the optimal
separator function that can separate data from two
classes, latter on SVM is developed for multiclass
classification.
Training data is used as the input for the SVM
training process to produce the SVM model. The
testing process is carried out on ALL microscopic
images after going through several stages such as
WBC segmentation, cell separation, and feature
training data feature
extractions results

Training process
(SVM)
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extraction of each WBC cell. From the result of the
feature extraction, each WBC cell is predicted based
on the SVM model to produce an ALL subtype,
namely L1, L2, or L3. The number of prediction
results of ALL subtypes is the same as the number of
WBC in an ALL microscopic input image.
2.6 Identify the ALL subtype of each image
Determination of the type of ALL in each
leukemia microscopic image is done with the concept
of Majority Vote according to the number of WBC
cell classification results in the image. If in the image
the classification results are more cells of L1 class
then the input image is of L1 type, although there are
some cells whose prediction results are not in L1
class.

3. Test results and discussion
3.1 White blood cell segmentation test results on
ALL images
The first stage in this study is the segmentation of
white blood cells (WBC) on the microscopic image
of Acute Lymphocytic Leukemia (ALL). The output
of this segmentation stage is the image of white blood
cell segmentation.
The output stage of the WBC segmentation
process on ALL microscopic images can be seen in
Fig. 7. Fig. 7 (a) shows the original image and Fig. 7
(b) gives the image of binarization. Fig. 7 (c) shows
the Hue color channel image obtained from the binary
image and the image in Fig. 7 (d) is from the hue
channel image after thresholding performed to get the
White Blood Cell and remove the Red Blood Cell
image, but the results are not clean and the noise still
appears and then in Fig. 7 (e) the WBC image is
obtained after cleaning the WBC area from the small
objects and noise that is still visible in Fig. 7 (d).
3.2 Test results with the proposed separation
method
3.2.1. The cell separation results of the proposed
separation method

Cell classification
testing (SVM)

SVM Model

feature extraction
Result per cell

Classification result
per cell

Figure. 6 Stages of classification

The stages of WBC separation on ALL
microscopic images is exemplified in Fig. 8. Fig. 8
(a) shows WBC segmentation, then Fig. 8 (b) and 8
(c) give the results of the canny process in the hue
image and grayscale image respectively. The image
in Fig. 8 (d) is the summation of images in Fig. 8 (b)
and 8 (c). The following processes are filling the gap
of less than 19 pixels and linking the edges, Gaussian
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Figure. 7 An example of WBC segmentation in an ALL image: (a) RGB Image, (b) Binary image,
(c) Hue channel image, (d) White Blood Cells noise, and (e) White Blood Cells segmentation.

Figure. 8 The stages of White Blood Cell separation in an ALL image: (a) White Blood Cell segmentation, (b) Canny of
Hue channel, (c) Canny of Gray channel, (d) Combined result of b and c, (e) Image after Gap filling, (f) Filtered image,
(g) Hole filled image, and (h) Image of splitted cell
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low pass filtering, and binarization as the results
shown in Fig. 8 (e) and 8 (f). Furthermore, the ouput
of the hole filling process is shown in Fig. 8 (g). The
separated cells shown in Fig. 8 (h) are obtained by
subtracting the image in Fig. 8 (g) by the image in Fig.
8 (f).
Following is the comparison of the proposed
method for cell separation using the enhanced edge
detection, the IDTCS clustering method, and the
Watershed method, as shown in Fig. 9. IDTCS
clustering uses the IDTCS method [14] to get
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centroids then grouping pixels according with the
obtained centroids. The results of segmentation in Fig.
9, based on the three methods: proposed method,
watershed and clustering. The segmentation results
from clustering (a2-c2) and watershed (a3-c3) are
oversegmented, while the results of the proposed
method (a1-c1) are better than the results of
watershed or clustering. Fig 9. (a1 - c1) show that the
proposed method can precisely separate each
touching cells. In contrast to other methods,

(a)

(b)

(c)

(a1)

(b1)

(c1)

(b2)

(c2)

(a2)

(a3)

(b3)

(c3)

Figure. 9 (a-c) Original Image, (a1-c1) results of enhanced edge detection method (proposed method), (a2-c2) results of
IDTCS clustering method, and (a3-c3) results of Watershed method
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Figure. 10 Results of single WBC cropping using the
proposed separation method

oversegmentation occurs for the clustering method as
shown in Fig. 9 (a2 - c2) due to misdetection of
centroids and inaccuracy of determining boundaries
between cells. Oversegmentation also occurs for
watershed method as in Fig. 9 (a3 - c3) when there is
a vacuola in the middle of the cell.
3.2.2. WBC single cropping results with the proposed
separation method

After separating the white blood cells based on
the enhanced edge detection, the result is used as the
mask for the RBG image, each cell in the RGB image
is cropped individually using the bounding box. The
examples of the cropped cell are shown in Fig. 10.
Then, each cropped cell is processed to extract the
features that will be tested by the previously trained
SVM model (see Fig. 6). The identification of L1, L2,
and L3 classes for an ALL image is determined by
the majority vote of WBC cell classification results
in the image.

4. Classification results
4.1 Classification sensitivity for different methods
of touching cell separation
The sensitivity results for the classification of
ALL subtypes by the method of separating the
touching cells using Watershed, IDTCS clustering,
and the proposed method can be seen in Table 1.
It can be seen in Table 1 that for ALL subtype of
L1 the percentage of sensitivity for the Watershed
method is 79.69%, for the proposed method is
90.63%, and IDTCS clustering is 80.47%, meaning
that the proposed method is better than the Watershed
method, and IDTCS clustering. For L2 subtype the
sensitivity results for the Watershed method are
85.71%, for the proposed method is 77.78%, and
IDTCS clustering is 82.54%, meaning the watershed
method is better than the proposed method and the
IDTCS clustering method. For L3 subtype the
sensitivity of the Watershed method is 43.64%, and
for the proposed method is 56.36%, and IDTCS
clustering is 14.55%, meaning that the proposed
method is better than the Watershed method and the
IDTCS clustering method.
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Table 1. Classification sensitivity results of 3 methods of
white blood cell separation in ALL images
Propose
IDTCS
ALL
Method
Watershed
clustering
Type
(%)
(%)
(%)
L1
90.63
79.69
80.47
L2
77.78
85.71
82.54
L3
56.36
43.64
14.55
Table 2. Confusion matrix result of ALL subtype
identification using the proposed method
Predicted
L1
L2
L3
FN
L1
116
12
0
12
Actual L2
13
49
1
14
L3
45
3
62
48
FP
58
15
1

4.2 Confusion matrix of the proposed method
The result of confusion matrix for identification
of ALL subtypes based on the proposed cell
separation method can be seen in Table 2.
The examples of the cropped cell are shown in
Fig. 10. Then, each cropped cell is processed to
extract the features that will be tested by the
previously trained SVM model (see Fig. 6). The
identification of L1, L2, and L3 classes for an ALL
image is determined by the majority vote of WBC
cell classification results in the image.
The classification results for the proposed method
for ALL L1 types identified as L1 of 128 images are
116 images and those incorrectly identified as L2 are
12 images. Here it is seen that the resulting method is
accurate for identifying type of L1. In the ALL L2
type, there are 49 images correctly identified as L2
out of 63 images and 13 images incorrectly identified
as L1 and 1 image incorrectly identified as L3. In
conclusion, there are many types of ALL L2 that are
detected as L1 because L2 and L1 have similar
characteristics. In the ALL L3 type, from 110 images
there are 62 images correctly identified, 45 images
incorrectly identified as L1, and 3 images incorrectly
identified as L2. The ALL L3 type that identified as
L1 is 45 images because there are many L3 type
images that have several WBC that are very similar
to L1. The accuracy of all images is 75.42%.

5. Conclusion
In this paper, we propose methods for separating
touching cell and contour estimation based on edge
detection and edge improvement. With better
touching cell separation, the extraction of individual
WBC gives good features, so that the ALL subtype
can be identified more accurate. From the test results
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of Acute Lymphoblastic Leukemia (ALL)
microscopic image dataset, for L1 class the proposed
separation method has higher sensitivity compared to
the Watershed method and the IDTCS clustering
method. For the L1 type the proposed method gets
sensitivity of 90.63%, the IDTCS clustering method
and the Watershed method has sensitivity of 80.47%
and 79.69% respectively. For L2 type, Watershed
method has higher sensitivity compared to the
proposed method and IDTCS clustering. Watershed
method gives sensitivity of 85.71%, IDTCS
clustering method and the proposed method gives
sensitivity of 82.54% and 77.78% respectively.
For L3 types, the proposed method has higher
sensitivity compared to the Watershed and IDTCS
clustering methods. For L3 class, the proposed
method obtains sensitivity of 56.36%, the Watershed
method and the IDTCS clustering method has
sensitivity of 43.64% and 14.55% respectively. The
accurate identification of ALL is required to develop
in the clinical application, so it is still a challenge to
find the best method of each process especially
segmentation and feature extraction. In addition, the
future research can be extended to classify other
leukemia types such as Acute Myeloblastic
Leukemia (AML).
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