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Abstract
This paper proposes an automatic and robust decision support system for accurate acute leukemia diagnosis from bloodmicroscopic
images. It is a challenging issue to segment leukocytes under uneven imaging conditions since features of microscopic leukocyte
images change in different laboratories. Therefore, this paper introduces an automatic robust method to segment leukocyte from
blood microscopic images. The proposed robust segmentation technique was designed based on the fact that if background and
erythrocytes could be removed from the blood microscopic image, the remainder area will indicate leukocyte candidate regions. A
new set of features based on hematologist visual criteria for the recognition of malignant leukocytes in blood samples comprising
shape, color, and LBP-based texture features are extracted. Two new ensemble classifiers are proposed for healthy and malignant
leukocytes classification which each of them is highly effective in different levels of analysis. Experimental results demonstrate that
the proposed approach effectively segments leukocytes from various types of blood microscopic images. The proposed method
performs better than other available methods in terms of robustness and accuracy. The final accuracy rate achieved by the proposed
method is 98.10% in cell level. To the best of our knowledge, the image level test for acute lymphoblastic leukemia (ALL)
recognition was performed on the proposed system for the first time that achieves the best accuracy rate of 89.81%.
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Introduction

Blood is one of itinerant tissues which plays an important role
in health of the body. Erythrocytes, leukocytes, and platelet
are three types of blood cells floating in liquid called plasma
[1]. Leukocytes have vital roles in the body, hence extracting
information about them is valuable for hematologist to diag-
nosis many diseases. Leukemia is a cancer of blood which
starts from bone marrow then spreads into the bloodstream
and other vital organs. In the case of leukemia, immature blast

cells or malignant leukocytes increase in the bone marrow and
then enter in to the blood stream causing uncontrolled accu-
mulation of blood cells [2]. It is known that leukemia can be
fatal if left untreated. Based on lymphoid or myeloid stem
cells become cancerous, leukemia can be divided into myeloid
leukemia and lymphoblastic leukemia. There are two subtypes
of lymphoblastic and myeloid leukemia: acute and chronic
which show how fast leukemia progresses in the body.
Therefore, leukemia is generally classified as acute lympho-
blastic leukemia (ALL), acute myeloid leukemia (AML),
chronic myeloid leukemia (CML), and chronic lymphoblastic
leukemia (CLL) [1]. ALL is a fast-growing cancer that affects
children under the age of 5 years old and adults over 50 years
of age. The recovery of patient depends on early diagnosing
because symptom of ALL is similar to other common diseases
such as the flu. Unfortunately, in most cases, the disease is not
usually detected in early stages.

Manual microscopic leukocyte analysis is one of the avail-
able diagnostic procedures to recognize ALL in which normal
and abnormal leukocytes existing in peripheral blood smears
are distinguished and counted by skilled operator [3]. This
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technique is not only tedious, repetitive time consuming and
slow, but also it is affected greatly by human errors.

Due to the increase of computational power, image analysis
and pattern recognition techniques have been utilized exten-
sively to assist hematologist in analyzing blood cells. These
tools lead to a more accurate and standard analysis in auto-
matic computer-assisted microscopy (CAM) systems [4].
Image processing-based system not only improves accuracy
and speed of manual methods but also saves time, manpower,
and costs. A captured image from peripheral blood smear
under microscope is the only input of these systems for ALL
detection. Then blood cells are separated from background
through segmentation step and leukocytes are used to extract
lymphocytes. Healthy lymphocyte and lymphoblast (malig-
nant lymphocytes) are distinguished by analysis of external
and morphological deformation of cytoplasm and nucleus of
cells [5].

Many attempts have been made in the past to assist hema-
tologist in analyzing blood smear images for ALL detection
[6–10]. Generally, the most important step in automatic blood
smear image analysis is leukocyte segmentation. Hence, a
huge amount of work has been performed to extract leuko-
cytes from other blood components [11–21]. In [21], a leuko-
cyte segmentation technique is suggested in which leukocyte
nuclei are identified by Gram-Schmidt orthogonalization-
based method. Then basophils are isolated from other types
of leukocytes via extracting some features from nuclei and
finally it segments leukocyte consisting of nucleus and cyto-
plasm using snake algorithm [22]. A nucleus segmentation
technique using multilevel Otsu thresholding is presented in
[23] which leukocyte nucleus enhancer is introduced to
achieve region of interest by enhancing the nucleus area.
Ghosh et al. [12] developed a leukocyte segmentation algo-
rithm using hedge-operator-based fuzzy divergence.
Meanwhile, few authors claimed to achieve robust segmenta-
tion performance under variable staining and uneven imaging
conditions [14, 24].

A robust approach for segmentation of leukocyte’s nucleus,
which performs quite well for noise-affected images, was re-
ported in [14] using new exponential intuitionistic fuzzy
divergence-based thresholding method. The threshold value
is attained by minimization of intuitionistic fuzzy divergence
between the ideally thresholded image and actual image.

Partial analysis of blood microscopic images of leukemic
patient have been addressed bymultiple authors [7, 11, 14, 25,
26]; few examples of automated ALL detection systems that
can extract and analyze leukocytes and discriminate lympho-
blast (malignant leukocytes) from healthy leukocytes have
been reported in the literature [24, 27, 28].

Putzu et al. [27] presented an automatic system for ALL
detection. Leukocytes segmentation was performed by
thresholding-based segmentation methods including Zack
and Otsu algorithms. Presence of overlapped leukocytes and

abnormal component were considered throughout leukocyte
extraction process. The total number of 131 features including
shape, color, and texture descriptors was utilized to discrimi-
nate lymphoblast from healthy leukocytes. According to re-
ported experimental results, the best accuracy of 93.2% was
attained by RBF kernel-based SVM under ten-fold cross val-
idation. It is known that the proposed approach by Putzu pre-
sents a precise attempt in order to provide a fully automatic
procedure to support medical activity for ALL diagnosis
which is used as a based reference for next works [24]. The
advantage of [27] is that the proposed system has been tested
on the standard dataset which is available in public so its
results are comparable with other similar systems. Although
the presence of overlapped leukocytes and abnormal compo-
nent were considered through leukocyte extraction process,
only sub-images containing individual leucocytes were uti-
lized for classification performance evaluation so effects of
adjacent leukocytes and abnormal component are disregarded
in final classification results. Moreover, the segmentation pro-
cedure is not robust against various types of blood smear
images.

Mohapatra et al. [28] improved an automatic ALL diagnos-
ing system based on hematologist visual criteria. A shadowC-
means-based segmentation algorithm is used to identify cyto-
plasm and nucleus of lymphocytes. According to the malig-
nant lymphocytes characteristics, as suggested by the hema-
tologist, 44 features were extracted from segmented lympho-
cyte sub-images. Using an effective ensemble of classifiers led
to a 99% accuracy. The drawback observed in this system is
that the numerical results of this paper are not comparable
with other related works since they employed their proposed
system on their own dataset.

Neoh et al. [24] proposed an intelligent decision support
system for ALL detection. To achieve a robust segmentation
performance for nucleus and cytoplasm of lymphocytes/lym-
phoblasts, a novel clustering approach with stimulating dis-
criminant measures (SDM) of both within- and between-
cluster scatter variances was developed. An entire set of 80
features comprising shape, texture, and color descriptors of
the nucleus and cytoplasm regions was used to distinguish
normal and abnormal lymphocytic cells. Multi-layer
perceptron, support vector machine (SVM), and Dempster-
Shafer ensemble are implemented to classify healthy and ma-
lignant lymphocytes in which the Dempster-Shafer ensemble
classifier produced the highest accuracy rate of 96.72% in cell
level test.

The proposed approaches reported for leukocytes segmen-
tation and ALL detection are greatly susceptible to their
dataset, hence they cannot be used for different kinds of im-
ages. In fact, the color and intensity of provided images in
different laboratories are different because of uneven lighting
condition, variable blood smear staining techniques, and using
image capturing devices with different calibrations.
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Meanwhile, a common drawback observed in the existing
ALL detection systems is that they often classify leukocyte
sub-images cropped from the whole blood microscopic im-
ages. In this case, some important problems in blood micro-
scopic image analysis are not considered, subjects such as
presence of overlapped leukocytes and abnormal components,
which are required to receive great attention in real applica-
tion. Accordingly, to improve some of the flaws related to the
previous researches, as mentioned above in the present work,
an automatic image processing-based system for ALL detec-
tion is proposed. In this system, leukocytes are first segmented
from blood microscopic image robustly, then a new feature set
is extracted from segmented leukocytes and finally an ensem-
ble classifier is applied to discriminate malignant leukocytes
(lymphoblast) from healthy ones.

The novelties of the proposed system are as follows:

I) Three assumptions about blood smear images have been
defined, which are used as principles of robustness in the
proposed leukocyte segmentation method.

II) In contrast to many available leukocyte segmentation
methods, the proposed approach for leukocyte segmenta-
tion is not susceptible to dataset and it is able to find out
leukocytes in different kinds of blood microscopic images.

III) A robust method of leukocyte nucleus segmentation
from blood smear images has been presented in which
we improve a leukocyte nucleus segmentation stage
based on intuitionistic fuzzy divergence, by selection
of appropriate color space for fuzzy calculation. In order
to demonstrate robust performance of the proposed seg-
mentation algorithms, they have been examined on im-
ages of various datasets.

IV) An effective leukocytes separation procedure based on
watershed algorithm is suggested.

V) An impressive collection of 53 discriminator features for
healthy and malignant leukocyte classification has been
introduced in which using local binary pattern (LBP)-
based texture descriptors instead of gray-level co-occur-
rence matrix (GLCM)-based descriptors results in better
demarcation between healthy and malignant leukocytes.

VI) Two ensemble classifiers have been developed in this
paper to improve classification accuracy of previous
ALL detection systems. These classifiers are highly ef-
fective in different levels of analysis.

VII) To the best of our knowledge, the image level test for
ALL recognition which labels blood microscopic im-
ages instead of blood cells is performed on the proposed
system for the first time to challenge and evaluate our
system more effectively.

The rest of this paper is organized as follow. The BProposed
Method^ section describes the proposed ALL detection sys-
tem in detail including Leukocyte segmentation, feature

extraction, and classification. The BDatasets^ section gives a
brief description of utilized image dataset. The BExperimental
Results^ section enlists the experimental results of the pro-
posed system obtained in different level of simulation and
concludes with some comparison results. Finally,
BConclusion^ section concludes the paper.

Proposed Method

Generally, the proposed robust decision support system for
accurate acute leukemia diagnosis from blood microscopic
images is described in three main sections and is shown in
Fig. 1. We aim to have a robust system which means that it
will be able to work on different kinds of dataset provided in
laboratories with various imaging conditions. As the system is
divided into three main sections, it is expected that each sec-
tion performs robustly.

Leukocyte Segmentation

The blood microscopic image is usually in RGB color space
which can be separated into four significant regions including
leukocytes nucleus area, leukocytes cytoplasm area, erythro-
cytes, and background. However, different imaging condition
and staining methods would vary the color of these regions,
using unchangeable features of blood microscopic image
could help to segment these regions under uneven imaging
conditions. Therefore, three assumptions are defined in this
paper as follows:

1. The darkest purple area shows leukocytes nucleus
regions.

2. The lightest area belongs to background.
3. Erythrocytes are nucleus free component.

Unlike the fact that the word assumptionmay bring tomind
some limitation for proposed approach, it causes the method
to be applicable and valid for different types of dataset ac-
quired in different staining and imaging conditions.
Therefore, these assumptions have been used to design a ro-
bust leukocyte segmentation method.

Figure 2 shows the flowchart of the proposed algorithm for
robust leukocyte segmentation, which gives a detailed depic-
tion of six steps for extraction of leukocyte regions.

In contrast to other approaches that identify leukocytes di-
rectly [11, 21, 24, 27, 28], the proposed method looks for
erythrocytes and other components in the images and removes
them, so that what remains are leukocytes. Furthermore, adja-
cent cells separation and removal of abnormal component are
considered in the proposed segmentation method that is
disregarded in many approaches. The proposed method can
be illustrated in terms of the following steps.
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Step 1: Leukocytes nucleus and background extraction

In this step, leukocytes nucleus is identified using first as-
sumption. Leukocyte nucleus extraction plays a key role in the
proposed approach since the final leukocytes segmentation
result relies greatly on the correct nucleus identification. In
other words, every minor errors of this step cause a large error
in the final results. Therefore, a correct choice of nucleus
segmentation algorithm is very crucial.

Many leukocytes nucleus segmentation algorithms
have been persisted in the literature [14, 21, 29]. In
[14], a robust technique has been proposed to segment
leukocytes nucleus automatically by using a new

exponential intuitionistic fuzzy divergence (IFD)-based
thresholding algorithm. In this method, gray level of im-
age is used which is not an appropriate space for robust
segmentation. In order to have a robust segmentation
method for various types of blood smear image datasets,
in this paper a* component of La*b* color space is used
which leukocytes nucleus are more contrasted in. Figure 3
shows segmentation results of IFD-based thresholding
using grayscale and a* component of La*b* color space.
The method has been tested on four different images from
various types of datasets.

It is clear that using a* component of La*b* color space
makes IFD-based thresholding method effectively robust
against uneven imaging condition. In fact, IFD-based
thresholding method is a search process for finding two opti-
mum thresholds (t1, t2) that can divide blood microscopic
image into three regions. Therefore, the improved method
has been utilized for leukocytes nucleus segmentation step
which is described briefly as follows.

1. Original RGB blood microscopic image is converted into
La*b* color space. The image obtained from the a* com-
ponent of this color space is used as the input image later
on.

2. As mentioned before, two thresholds are required for
blood microscopic image. For each pair of (t1, t2) varying
from 0 to 255 image is divided into three distinct regions
r1, r2, and r3. Then if f(ri) shows intensity of any pixel
located in the region i (i = 1, 2, 3), we have

0≤ f r1ð Þ < t1≤ f r2ð Þ < t2≤ f r3ð Þ < 255 ð1Þ

3. The membership of every pixel (i, j) is defined as
follows:

μ i; jð Þ ¼ exp
f i; jð Þ−mk

2σ2

� �
ð2Þ

where mk and σ2 are mean intensity of region k and
variance, respectively. The variance is taken as follows:

σ2 ¼ f max− f min ð3Þ

4. Non membership value is evaluated as follow:

ν i; jð Þ ¼ 1−μ i; jð Þ
1þ λμ i; jð Þ ; λ > 0 ð4Þ

Which have λ = 2 (similar to [14]).Fig. 2 Flow chart of the proposed leukocyte segmentation algorithm

Fig. 1 The main sections of the
proposed system
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Hence, input image is defined as an intuitionistic fuzzy set.
Generally, IFD between two images A and B of size M ×N is
defined as follows:

IFD ¼ 1

2
∑
M−1

i¼0
∑
N−1

j¼0

4− 1−μA ai j
� �þ μB bi j

� �� �
eμA ai jð Þ−μB bi jð Þ

− 1−μB bi j
� �þ μA ai j

� �� �
eμB bi jð Þ−μA ai jð Þ

− 1−νA ai j
� �þ νB bi j

� �� �
eνA ai jð Þ−νB bi jð Þ

− 1−νB bi j
� �þ νA ai j

� �� �
eνB bi jð Þ−νA ai jð Þ

2
66664

3
77775 ð5Þ

5. Let A be thresholded image by (t1, t2) and B be the
ideally thresholded image. ThenμB = 1 andνB = 1.

Hence, Eq. (5) is simplified as follows:

IFD ¼ 1

2
∑
M

i¼1
∑
N

j¼1

4− 2−μA i; jð Þf geμA i; jð Þ−1−μA i; jð Þe1−μA i; jð Þ

− 1−νA i; jð Þf geνA i; jð Þ− 1þ νA i; jð Þf ge−νA i; jð Þ

� 	
ð6Þ

6. IFD is calculated for every possible pair of thresholds
(t1, t2). The best thresholds are those which minimize IFD and
finding T = t2 (t2 > t1) is selected as optimum threshold to
extract leukocytes nucleus.

Detailed derivation of IFD formula and thresholding can be
found in [14].

After nucleus extraction, it is required to isolate blood cells
from the background. Many attempts have been made in the
literatures to extract background [27]. While a whitish back-
ground of blood microscopic image is easy to extract, a robust
method is necessary since background color is affected by
noise, staining technique and imaging condition. Robust back-
ground extraction is implemented by conversion of RGB im-
age into the CMYK color space, because blood components
are more contrasted in M component of CMYK color models.
Figure 4 shows visual results for CMYK color transformation.

In fact, Magenta color is presented in all blood compo-
nents; hence, background can be extracted in this color com-
ponent easily. Here, the threshold value is achieved by Zack
algorithm which is a histogram-based method. Generally, a
blood smear image histogram contains peaks and valleys.

Based on assumption 2, the highest peak region is often be-
long to the background and the threshold value is often located
in the valley beside that. Based on Zack algorithm, the accu-
rate threshold value is particularly determined when high and
weak peaks of histogram are separated by clear valleys in
which M component of CMYK provides a histogram with
clear peaks and valleys (see Fig. 5).

The detailed algorithm for background extraction is as
follow:

1. Original RGB image is converted into CMYK color
model.

2. Local maximums of the M component histogram are
determined.

3. The highest and the weakest local maximum are connect-
ed by a straight line.

4. The distance between marked line and histogram values is
calculated.

5. The threshold value is a gray level where the distance
reaches its maximum.

Step 2: Erythrocytes extraction

Based on assumption 3 (BLeukocyte Segmentation^ sec-
tion), nucleus could not be found inside erythrocytes. So in
this level, we aim to segment erythrocyte using this character-
istic. Leukocyte nucleus and background extraction results in
two binary masks which partition image into three regions,
each background connected component which has no nucleus
inside is labeled as erythrocytes area, but the obtained area
does not contain the whole existing erythrocytes.

Step 3: Leukocytes candidate extraction

As mentioned in previous step, only some of erythrocyte
areas are extracted so other background connected components
contain at least one leukocyte and the adjacent erythrocytes. If

La*b*

Fig. 3 Examples of blood images
after the leukocyte nucleus
identification process by IFD-
based thresholding using different
color spaces (border highlighted)
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these erythrocytes can be removed efficiently, the remaining
area can be signified as leukocytes candidate area.

RGB colors associated with extracted erythrocytes area are
utilized to identify all existing erythrocytes. Based on these
color vectors, the whole leukocytes consist of cytoplasm and
nucleus are extracted as follows:

LetB and I be the background binarymask and originalM ×
N× 3 image respectively, then C can be defined as follows:

C i; jð Þ ¼ I i; jð Þ if B i; jð Þ ¼ 1
0 otherwise



ð7Þ

suppose V = {v1, v2, v3,…,vm} denotes erythrocytes color set in
which vi is known as a 1 × 3 vector, so the following equation is
applied to attain leukocyte candidate binary mask W.

W i; jð Þ ¼ 1 if C i; jð Þ∉V&B i; jð Þ ¼ 1
0 otherwise



ð8Þ

Step 4: Adjacent leukocytes separation

Adjacent leukocytes usually exist in blood microscopic
images during blood smear preparation. Adjacent leukocyte
separation is an important issue because it is not possible to
extract correct features in the presence of overlapped leuko-
cytes. Researches show that most of leukocyte identification
methods are not able to separate overlapped leukocyte. These
methods select dataset with adjacent leukocyte free images in
order to make it possible, but in the real world scenario, it is
necessary to take this level into account.

Watershed algorithm [30] is particularly effective when
there are overlapped objects in the image, but it is not
usually applied to the intensity image directly since it pro-
duces inaccurate segmentation lines. To improve segmen-
tation accuracy, distance transform is applied to overlapped
object binary mask before watershed algorithm implemen-
tation which results in better segmentation lines. Although
distance transform improves watershed performance, when
adjacent objects are not with round shape, the algorithm
does not perform well. In this case, a marked image is often
superimpose to distance image, in order to improve water-
shed segmentation lines. The marked image contains con-
nected blobs of pixels within each of the objects which
shows an overall estimation of center and shape of over-
lapped objects. The finer the marked image gets, the more
accurate the separation lines are produced.

In this section, a new nucleus-based marked image is in-
troduced in order to obtain separation lines which best match
to the leukocytes contour. The details of the proposed adjacent
Leukocytes separation process are as follows:

1. Roundness measure is used to identify the presence of
adjacent leukocytes which is defined as follows:

Roundness ¼ 4π� area
convex perimeter

ð9Þ

2. Objects having roundness value smaller than the 0.8 (as
used in [27]) are labeled as adjacent leucocytes and proceed to
the next step.

Fig. 5 Histogram based threshold
selection by Zack algorithm

RGB image C component  M component Y component K component 

Fig. 4. A visual result for CMYK color transformation
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3. Distance transform is applied to adjacent leukocytes bi-
nary mask and the regional maximal of the image is computed
as a binary mask for further analysis.

4. Regional maxima is replaced with predefined markers,
each of which represents an object.

5. Using markers, number of objects presented in each
leukocytes nucleus region is counted then if the region con-
tains at most one object it replaces with its convex hull other-
wise it remains unchanged.

6. The new binary mask obtained from previous level is
utilized to construct marker image using distance transform
and finding regional maxima.

7. Distance transform is applied to leukocytes binary mask
and new marker image is superimpose to the resulting image.

8. Finally, watershed algorithm is applied to separate adja-
cent leukocytes.

Figure 6 illustrates an example of the final separation re-
sults of seven adjacent leukocytes.

Step 5: Abnormal component removal

The presence of abnormal component in bloodmicroscopic
image degrades the accuracy of image processing-based anal-
ysis. In leukemia detection, it requires the attention of re-
searchers since abnormal component are usually extracted
through leukocyte segmentation step and labeled as leukocyte
that causes classification errors. Although the removal of all
abnormal components is a complicated process, solidity mea-
sure is practically effective when abnormal components are
with irregular shape in which ratio of the area of an object to
the area of a convex hull of the object is calculate as solidity
value.

Solidity ¼ area

convex area
ð10Þ

It can be observed from experimental results that a thresh-
old value equals to 0.93 can be used to signify abnormal
component from leukocytes. Using leukocyte binary mask,
connected components having solidity value greater than
0.93 are labeled as leukocyte.

Feature Extraction

The percentage of lymphoblast present in the peripheral blood
or bone marrow samples is an essential criteria during ALL
diagnosis. Discriminating lymphoblast from lymphocytes is a
difficult task because they have some similar visual character-
istics, so here we have used the current visual criteria which is
followed by hematologists [31] to differentiate lymphoblast
from lymphocyte. In fact, nuclear and cytoplasmic changes
are two basic characteristics for distinguishing normal and
blast lymphocytes. Nuclear changes include variation in
shape, size, boundary, and chromatin pattern which are used
not only for ALL detection but also for other types of

leukemia and some other cancer types. Cytoplasmic changes
consist of variation in amount of cytoplasm, boundary con-
tour, and chromatin pattern that are useful for ALL detection.
In addition, the ratio between the area of the cytoplasm and the
nucleus is utilized to indicate the maturity of a cell.

In image processing-based system, the quantitative features
are required for nuclear and cytoplasmic change investigation
so a total of 53 features consisting of 15 shape, 32 texture, and
6 color descriptors are computed from extracted nucleus and
cytoplasm regions. Shape descriptors such as area, perimeter,
convex area, convex perimeter, major axis, and minor axis are
extracted from binary version of nucleus and cytoplasm image
directly which are used to calculate other shape descriptors.

The 15 shape features are nucleus perimeter, nucleus area,
cytoplasm area, nucleus to cytoplasm ratio, nucleus shape
measure (roundness, elongation, compactness, and shape fac-
tor), nucleus boundary (Hausdroff dimension (HD)), nucleus,
and cell contour signature (variance, skewness, and kurtosis of
all the distances between nucleus or cell centroid and contour
pixels).

Although shape features are considered as essential dis-
criminating factors, they are susceptible to segmentation error
therefore texture parameters of leukocytes are used which are
extracted from gray scale image. The gray-level co-occurrence
matrix (GLCM) is widely used for texture analysis which is
applied to gray level of an image. To extract GLCM-based
texture features, statistical measures such as energy, contrast,
correlation, and homogeneity are computed from the 2D gray-
level co-occurrence matrix (each component of matrix indi-
cates probability of two pixels having particular gray levels at
particular spatial relationships). These features are calculated
for angles of 0, 45, 90, and 135. Many histopatological cell
detection methods employ local binary pattern (LBP)-based
texture features [32–34] which are robust against illumination
changes. Therefore to have a robust feature set, LBP-based
features have been used in this work in which LBP operator
is applied on gray scale image before calculating GLCM fea-
tures. In LBP method, each image pixel is compared with its
neighborhood pixels having particular spatial distance in order
to produce a binary pattern, whereas if the pixel intensity is

Fig. 6 An example of overlapped leukocytes separation
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higher than that of the neighborhood sample the binary digit of
pattern is set to 1 otherwise is set to zero.

As texture features are extracted from gray scale image,
they are affected by background intensity causing inaccurate
texture features. To solve this problem, all pixels intensity are
shifted by 1 and background pixels are set to zero using back-
ground binary mask. Then, the first row and column of co-
occurrence matrix associated with the new image have to be
removed to attain improved co-occurrence matrix in which
influence of background texture is eliminated. Texture fea-
tures are extracted from both nucleus and cytoplasm regions.
Thus the total number of texture features is 32.

As binary mask and gray level image do not contain color
information of the leukocyte, it is required to extract some
features from color channels of the RGB image. Mean color
intensity in red, green, and blue color channels is computed as
color feature to represent color changes. These features are
measured for nucleus and cytoplasm regions.

Generally, the final feature vector for each leukocyte con-
sists of 53 descriptors with dissimilar range of value in which
lower-magnitude data are masked by higher-magnitude data.
To overcome this problem, feature normalization is applied to
standardize the dataset. For n feature vectors with i features,
each input feature xni can be normalized as follows:

xnTi
¼ xni −xi

σi
ð11Þ

where xi and σi are mean and standard deviation values of ith
feature along all feature vectors respectively.

Classification

In this phase, the goal is to discriminate lymphoblast from
healthy leukocytes. In fact, classifiers are implemented to di-
vide feature vectors into various classes using feature similar-
ity. Although many researchers utilize a single classifier for
healthy and malignant leukocytes [27, 29], they are not effi-
cient in complex pattern recognition problem with complex
decision boundary to be learned. Thus, ensemble classifiers
are employed instead of single classifiers in order to provide
more stable predictions for noisy data. An ensemble classifier

is formed by combination of multiple individual classifiers to
have multiple views of the same classification problem which
is effectively robust in terms of classification result. Two en-
semble classifiers are introduced in this paper which are ben-
eficial for different levels of applications.

Ensemble Classifier 1

Support vector machine (SVM), K-nearest neighbor (KNN),
naive Bayes (NB), and decision tree (DT) are the most com-
mon classifiers that are used for leukocyte classification [27].
A collection of these classifiers are employed to construct the
ensemble classifier in which each of classifiers is trained with
the same training set individually, then the classifiers are test-
ed with test feature vectors, combination of class label intro-
duced by the individual classifiers is selected as the final class
label. Here, the majority voting principle is performed to com-
bine class labels in which the final class label equals to the
class label chosen by most of the classifiers. Weighted major-
ity voting is based on the idea that not all classifiers should
have the same amount of influence over the final decision.

From experimental results presented in [27], SVM has
showed good results for lymphoblast discrimination com-
pared with other classifiers so the weight associated with
SVM is 2 to increase the influence of SVM in the final deci-
sion. Block diagram of proposed ensemble classifier 1 is
depicted in Fig. 7. This classifier is practical when evaluations
are in cell levels which is discussed in next section.

Ensemble Classifier 2

In [27], SVM with the most common kernel has been inves-
tigated. However, Gaussian radial basis kernel-based SVM
achieved the best accuracy in ALL recognition; our ensemble
classifier 2 has utilized five SVM kernel function: linear, qua-
dratic, polynomial, multi-layer perceptron, and Gaussian radi-
al basis, to achieve more robust performance specially when
the whole blood microscopic image consists of overlapped
leukocytes, abnormal shape and noise, is considered and clas-
sified. In this case, a more complex model is required to be
employed, which is not possible by an individual kernel,
hence combination of the SVM classifiers with various types

Fig. 7 Ensemble classifier 1 for
lymphoblast discrimination in cell
level
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of kernels that generate a different decision boundary may
provide better classification results and reduce the total error.
Second proposed ensemble classifier is shown in Fig. 8.

Datasets

In this paper, the proposed segmentation method has been
applied on images from three datasets which are provided
under uneven imaging and staining condition with different
qualities in order to evaluate robustness of the method.
Generally, the aim of proposed system is to identify lympho-
blast in blood microscopic images in order to detect ALL. In
fact, many of ALL detection systems are tested with their own
datasets which are not public available datasets. ALL-IDB is a
standard, public, and free available blood microscopic image
dataset taken from healthy individuals and leukemic patients
which has been proposed by Ruggero Donida Labati et al. [5].
We have used this dataset in order to evaluate our system and
fairly compare with some available systems using ALL-IDB
dataset. The ALL-IDB dataset includes two distinct versions
microscopic images (ALL-IDB1 and ALL-IDB2). The ALL-
IDB1 is composed of 108 images which can be used both for
evaluating classification systems, as well as testing segmenta-
tion capability of algorithms. The ALL-IDB2 includes 260
blood microscopic images. This image set can be used for
testing the performances of classification systems in ALL de-
tection. This image set is a collection of cropped area which
indicates normal and blast cells belong to the ALL-IDB1
dataset. Authors usually use this dataset in order to evaluate
their systems.

Dataset 1 Samples of ALL-IDB were collected at M.
Tettamanti Research Center–Monza, Italy. The images were
acquired using optical laboratory microscope at different

magnifications, ranging from 300 to 500. ALL-IDB dataset
images were captured by Canon PowerShot G5 camera and
saved in jpg format with 24-bit color depth. Table 1 shows a
short description of ALL-IDB dataset

Dataset 2 The samples were collected at Hematology–
Oncology and BMT Research Center of ImamKhomeini hos-
pital in Tehran, Iran. The dataset including 400 samples were
stained by Gismo-Right technique. They were attained by a
light microscope (Microscope-Axioskope 40) using an achro-
matic lens with amagnification of 100. The images were taken
by a digital camera (Sony Model No. SSC-DC50AP) and
saved in BMP format in which the resolution is 720 × 576
pixels. The dataset includes manual leukocyte segmentation
which has been performed by an expert.

Dataset 3 The samples were collected at Special Hematology
Department of the General Hospital BDr. Juan Bruno Zayas
Alfonso^ from Santiago de Cuba. The microscope slides were
stained by Giemsa technique. The images were acquired by

Fig. 8 Ensemble classifier 2 for
lymphoblast discrimination in
image level

Table 1 Characteristic of ALL-IDB dataset

Image acquisition setup

Camera Canon PowerShot G5

Magnification of the microscope 300 to 500

Image format JPG

Color depth 24 bit

ALL-IDB1 ALL-IDB2

Images 109 260

Resolution 2592 × 1944 257 × 257

Elements 39,000 260

Candidate lymphoblast 510 130
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Leika microscope with × 100 augmented lens and a Kodak
EasyShare V803 camera. Each image has been saved in jpg
format with size of 3264 × 2448 pixels and depth of 24 bits per
pixel.

Experimental Results

All the algorithms were implemented with MATLAB on a
Windows 7 operating system with an 8 GHz Intel Core i7
CPU and 2 GB memory.

Nucleus Segmentation Results

The proposed nucleus segmentation method based on
intuitionistic fuzzy divergence using a* component of La*b*
color space has been compared with three competitor nucleus

segmentation algorithms including Otsu method [35], nucleus
segmentation using Gram-Schmidt orthogonalization (GSO)
[21], and intuitionistic fuzzy divergence based for gray level
thresholding (IFD-g) [14]. Figure 9 illustrates three examples
of segmental results using images taken from various datasets
without any extra processing to ensure the robust performance
of our method.

Images of first, second, and third lines are taken from
Dataset 1, Dataset 2, and Dataset 3 respectively. It can be
clearly observed that the proposed technique for robust nucle-
us segmentation is much satisfactory intuitively and quite bet-
ter than the other algorithms.

In order to have a quantitative evaluation, the proposed
nucleus segmentation algorithm has been compared with three
mentioned nucleus segmentation algorithms in term of simi-
larity measure using the same dataset (Dataset 2). In this case,
we have a fair comparison. The quantitative measures for
calculating the similarity evaluation of the nucleus segmenta-
tion approaches are described as follows:

Similarity ¼ 100� Aalgorithm∩Aexpert

max Aalgorithm;Aexpert
� � ð12Þ

where Aalgorithm and Aexpert are the area of segmented region by
algorithm and expert respectively.

Dataset 2 is a challenging dataset in the field of robustness
testing, since the images used in this dataset include a wide
range of colors and intensity variations with blur regions.

As seen in Fig. 10, the proposed nucleus segmentation
algorithm has a significantly better segmentation performance
in terms of similarity measure when compared to other

Fig. 9 Leukocyte nucleus segmentation result under uneven imaging condition a ground truth segmentation result obtained by expert, b IFD-g result, c
Otsu’s result, d GSO result, and e result of the proposed method

Fig. 10 Average similarity measure of four nucleus segmentation
methods
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algorithms. Moreover, numerical results show that Otsu and
IFD-g are not applicable algorithms for Dataset 2 which prove

that many existing algorithms are susceptible to the dataset
and cannot be performed as a robust technique.

Fig. 11 a An original blood
microscopic image, b leukocyte
nucleus, c background, d three
intensity regions of image using
nucleus and background binary
mask, e erythrocytes area, f
connected component contained
leukocyte, g leukocyte candidate,
and h final leukocyte
segmentation results
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Leukocyte Segmentation Results

Figure 11 indicates results of each segmentation step
superimposed over an example of blood microscopic image.

Figure 12 illustrates the final results of our proposed leu-
kocyte identification algorithm applied when using images
acquired from different datasets.

It is shown that the proposed algorithm can find leukocytes
in blood microscopic image under uneven condition. Also it

has separated adjacent leukocytes and removed abnormal
component accurately.

ALL Detection

There are two points of view during blood microscopic im-
ages analysis for ALL detection. Presence of at least one lym-
phoblast in a blood microscopic image is a considerable sign
for hematologists in ALL diagnosis. In this case, the number

Fig. 12 Examples of the proposed leukocyte segmentation results. a Samples of Dataset 1, b samples of Dataset 2, and c samples of Dataset 3

Table 2 Experimental results
using texture features Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) F measure (%)

GLCM texture 88.10 ± 0.05 87.92 ± 0.12 88.18 ± 0.05 87.22 ± 0.09 87.16 ± 0.10

LBP-based texture 92.86 ± 0.03 93.40 ± 0.05 91.77 ± 0.04 91.38 ± 0.07 92.07 ± 0.05
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of lymphoblasts presented in the image is not considered.
Treatment of ALL depends on the extent of the disease, hence
each leukocytes presented in image needs to be characterized
as a healthy or malignant in order to estimate how the disease
is spread in the blood and bone marrow. Therefore, there are
two benchmarks in ALL classification as follows [5]:

Image test: the test is positive when whole blood micro-
scopic image contains at least one lymphoblast.
Cell test: the test is positive when the cell is malignant
(lymphoblast).

Performance of all automated disease recognition systems
is evaluated by comparison of hematologist opinion and clas-
sifier decision which is represented in confusion matrix:

confusion matrix ¼ TP FP
FN TN

� 	
ð13Þ

In each level of benchmark, confusion matrix component is
defined as follows:

TP the number of cells/images correctly identified as posi-
tive by classifier

FP the number of cells/images incorrectly identified as
positive by classifier

FN the number of cells/images incorrectly identified as
negative by classifier

TN the number of cells/images correctly identified as neg-
ative by classifier

According to these definitions, some parameters are de-
fined for performance evaluation as follows:

Accuracy ¼ TN þ TP
TN þ TP þ FN þ FP

ð14Þ

Sensivity ¼ TP
TP þ FN

ð15Þ

Precision ¼ TP
TP þ FP

ð16Þ

Specificity ¼ TN
TN þ FP

ð17Þ

F−measure ¼ 2� Precision� Sensivity

Precisionþ Sensivity
ð18Þ

As the size of training and testing sets decreases, classifica-
tion results vary when different compositions of feature vectors
are selected as training and testing sets. In this case, cross val-
idation techniques are applied in order to evaluate classifier
performance. K-fold cross validation is a method in which fea-
ture vectors are partitioned into K equally sized subsets then,
one set is used as testing set and remaining K-1 sets are applied
as a training set. This process is performed for K times to apply
all feature vectors as testing set. Here, we have employed ten-
fold cross validation to evaluate our system performance.

Using the same SVM classifier, it is shown that the pro-
posed feature set results in higher classification performance,
also using LBP-based texture features improves discrimina-
tion power of feature set. Table 2 provides the results obtained
with different texture features using the same SVM classifier.
It confirms that using LBP-based texture features improves
discrimination power of feature set compared to the GLCM-
based texture features. Standard deviation of the results for
ten-fold cross validation is considered as the permissible error
which is presented in this table.

The obtained accuracy measure and the corresponding
numbers of extracted features of three available ALL detection
systems are shown in Table 3 in which all the systems used
ALL-IDB dataset with the same SVM classifier and ten-fold
cross validation. It can be observed from this table, although
the proposed feature set contains less features, it provides
more accuracy. It is concluded that the proposed leukocyte
segmentationmethod beside the optimum selection of features
cause more accurate feature vectors for classification of nor-
mal and abnormal leukocytes. In the previous results, we did
not implement the proposed ensemble classifiers which con-
firms that our segmentation and feature extraction process
perform better than other systems.

Table 4 Experimental results for
ALL detection using different
classifiers in cell level test

Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) F measure (%)

SVM 97.62 ± 0.77 97.57 ± 0.99 97.26 ± 0.68 97.17 ± 0.56 97.27 ± 0.71

KNN 94.76 ± 0.03 92.36 ± 0.04 97.09 ± 0.04 97.22 ± 0.08 94.50 ± 0.06

Naive Bayes 84.76 ± 0.04 86.91 ± 0.09 82.17 ± 0.05 83.05 ± 0.07 84.43 ± 0.07

Decision Tree 87.14 ± 0.04 85.97 ± 0.02 86.00 ± 0.05 88.03 ± 0.08 86.11 ± 0.06

Proposed classifier 1 98.10 ± 0.02 97.57 ± 0.06 98.09 ± 0.04 98.17 ± 0.07 97.80 ± 0.05

proposed classifier 2 96.67 ± 0.02 95.27 ± 0.08 98.09 ± 0.05 98.06 ± 0.09 96.51 ± 0.06

Table 3 Comparison of the proposed system for ALL detection with
other existing systems in the case of the same dataset and classifier

Number of features Accuracy (%)

Putzu [27] 131 93.20

Neoh [24] 80 96.67

Proposed method 53 97.62
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Table 4 depicts the classification results obtained from the
different classifiers acceptable for most leukemia classifica-
tion tasks. Standard deviation of the results for ten-fold cross
validation is considered as the permissible error which is pre-
sented in this table.

The proposed ensemble classifier 1 demonstrated the best
classification outcome to identify lymphoblast among other
healthy leukocytes.

The best accuracy rate achieved by four ALL detection
systems have been presented in Table 5. However, we cannot
compare these systems fairly; it is shown that the proposed
system achieves better classification result.

However, the proposed ensemble classifier 2 does not per-
form as well as the proposed ensemble classifier 1 in cell test;
it will present a better performance for image level test by
using various types of kernels that generate a different deci-
sion boundary when compared with some of the existing clas-
sifiers. To the best of our knowledge, this is the first ALL
detection systems evaluated by image test which is applied
on whole blood microscopic images. In fact, the reported
ALL classification performance in the literature is calculated
only in cell level test which segmentation algorithm and fea-
ture extraction process are usually performed on sub-images
containing individual leucocytes. Using these leukocytes sub-
images not only decreases segmentation errors but also in-
creases classification accuracy. In the real-world scenario,
the whole blood microscopic image containing adjacent leu-
kocytes, abnormal component, and noise has to be analyzed
so the goal of this paper is to implement image test on blood
microscopic images. This is a great challenge which leads to
lower accuracy in image and cell classification; in this case,
260 sub-images belong to the ALL-IDB2 were used as train-
ing set and 108 images of ALL-IDB1 were considered as test

set. Table 6 shows performance results obtained by image test
evaluation using different classifiers.

As seen in Table 6, classification by image test requires an
effective classification model which is not provided by some
regular classifiers. It is observed that the proposed ensemble
classifier 2 provides the best accuracy of 89.81 which proves
the robust performance of this classifier in comparison with
other standard classifiers.Moreover, the best sensitivity of 100
is achieved by the proposed system which confirms that no
leukemic patient is considered as healthy.

Limitation of the Proposed Method

In fact, the proposed system may not work properly on some
types of blood microscopic images witch are not provided
well. As an example, the proposed algorithm does not perform
correctly on images which cells are overlapped and clumped
(Fig. 13). Actually, this type of images are not acceptable in
laboratories for manual analysis so this limitation of our sys-
tems is not a real drawback.

Conclusion

An automatic image processing-based ALL detection system
was proposed. The proposed system consisted of three sec-
tions, leukocytes segmentation, feature extraction, and classi-
fication. Three assumptions which are common between dif-
ferent types of blood microscopic images were defined to be
used to construct a robust segmentation algorithm.
Experimental results demonstrate that the proposed approach
robustly extracts leukocytes under uneven lighting and

Table 6 Experimental results for
ALL detection using different
classifiers in image level test

Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) F measure (%)

SVM 72.22 100.00 49.15 62.03 76.56

KNN 72.22 100.00 49.15 62.03 76.56

Naive Bayes 62.96 100.00 32.20 55.06 71.01

Decision Tree 59.26 100.00 25.42 52.69 69.01

Proposed classifier 1 75.00 100.00 54.24 64.47 78.40

proposed classifier 2 89.81 100.00 81.36 81.67 89.91

Table 5 Comparison of the
proposed system with other
existing systems

Dataset classifier Validation Number of features Accuracy (%)

Putzu [27] ALL-IDB SVM 10-fold 135 93.20

Neoh [24] ALL-IDB Ensemble Bootstrap 80 96.72

Mohapatra [28] Proprietary Ensemble 5-fold 32 96.88

Proposed system ALL-IDB Ensemble 1 10-fold 53 98.10
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imaging conditions. Furthermore, an algorithm for nucleus
segmentation was improved which has been compared with
some other nucleus segmentation techniques in which our
method outperforms the others in terms of segmentation ac-
curacy and robustness.

In feature extraction section, a new set of 53 features was
introduced to achieve all the information required to perform
ALL classification. Results showed that using LBP-based fea-
tures improved classification accuracy compared with GLCM
features.

Two ensemble classifiers have been developed in this paper
which each of them is highly effective in different levels of
analysis. The image level test for ALL recognition was per-
formed on the proposed system for the first time to challenge
and evaluate our system more accurately. The ensemble clas-
sifier 2 based on SVM kernel functions performed the best in
this level of evaluation compared with other benchmark
classifiers.

The detected lymphoblast in the proposed system can be
classified as L1, L2, and L3 according to the French–
American–British classification [36]. Classification of candi-
date lymphoblasts into their subtypes is an important task
because it ensures physicians that the patient achieves the
correct treatment. However, there are some leukemia classifi-
cation systems in the literature [26, 37], as future work an
algorithm can be designed to classify extracted lymphoblasts
and outperform other available ALL classification systems.
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