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ABSTRACT: Leukemia or white blood cancer is considered as one of the major cause to human death. It is malignant 
if untreated. The need for automation of leukemia detection arises since the current methods involve manual 
examination of blood smear which is time consuming and its accuracy depends on operator’s ability and fatigue level. 
In this paper, an efficient technique that automatically detects leukemic cells and its type in blood microscopic image is 
implemented. Therefore, good clinical decision support tool for acute leukemia type classification has always become 
necessity. The system uses 110 microscopic blood images and the proposed frame work managed to obtain 96.67% 
accuracy for the localization of the leukemic cells for the first classifier. 
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I.INTRODUCTION 

White blood cells (WBCs) play a major role in the diagnosis of different diseases; as a result, extracting information 
about them is valuable for hematologists [1]. The term leukemia comes from the Greek word ‘leukos’ meaning white 
and aim meaning blood. Diagnosing leukemia is based on the fact that white cell count in peripheral blood is increased 
with immature blast cells [28]. Therefore, hematologists examine blood smear under microscope for proper 
identification and classification of blast cells [29]. The presence of the excess number of blast cells in peripheral blood 
is a important symptom of leukemia. Leukemia is mainly classified as: Acute leukemia which progresses quickly and 
chronic leukemia which progresses slowly [11]. The four main sub-types of leukemia are Acute Myelogenous 
Leukemia, Acute Lymphoblastic Leukemia, Chronic Myeloid Leukemia, and Chronic Lymphocytic Leukemia [1]. The 
disease is confirmed when the marrow contains more than 30% blasts. 
 
Acute leukemia is a fast-growing blood cancer. It is malignant if left untreated, due to its rapid spread into the blood 
and other main organs [2]. Early diagnosis is fundamental for the recovery of patients, particularly in the case of 
children. Thus, despite of advanced techniques such as cytometer, immunophenotyping, molecular probing etc, 
microscopic observation of blood slides still used as the standard leukemia diagnosis technique [1]. This analysis is 
time consuming and it presents not a standardized accuracy since it depends on operator’s capabilities and tiredness. 
Diagnostic misunderstanding is also posed due to imitation of similar signs by other diseases. Also, blood microscopic 
images can be more easily transmitted to clinical centres than liquid blood samples. So there is a need for a cost 
effective and robust automated classifier system for leukemia screening which can greatly improve the output without 
being in influenced by operator tiredness. 
 

II.LITERATURE SURVEY 

Acute leukemia is often difficult to diagnose since the exact cause is still unknown [10]. In addition, the symptoms of 
the disease are very similar to common diseases like flu, fever, weakness, tiredness, or aches in bones or joints. If the 
specified symptoms are present, blood tests, such as a complete blood count, renal function and electrolytes, and liver 
enzyme and blood count, have to be done [2]. The choice of treatment can vary from chemotherapy, radiation therapy, 
bone marrow transplant, etc since there is no staging for AML [30]. Fig 1 shows a healthy cell from healthy person and 
one from cancer patients. 
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Fig. 1 Image from Database. (a) Healthy Cells, (b)Cancerous Cells. 

 
 
Moreover, it is difficult to obtain a consistent result from visual inspection. Visual inspection also can only give 
qualitative results for further research. Studies show that most of the recent techniques use all information about blood, 
for example number of red blood cells, hemoglobin level, hematocrit level, mean volume corpuscle and many more as 
the parameter for identifying diseases such as thalassaemia, cancer etc. In order to know all information about blood, 
costly testing and equipments of labs are required. Automatic image processing system is urgently needed and can 
overcome related constraints in visual inspection. 
 
Many attempts have been made in the past to construct systems that aid in acute leukemia segmentation and 
classification [1]–[10]. Many segmentation algorithms were presented in literature, including [2], [3], and [4], where 
Otsu segmentation and automated histogram thresholding were employed to segment WBCs from the blood smear 
image. The work in [33] employed contour signature to identify the irregularities in the nucleus boundary. The work in 
[8] employed selective filtering to segment leukocytes from the other blood components. The work in [34] employed 
hue, saturation, and value (where hue represents color, saturation indicates the range of gray in the color space, and 
value is the brightness of the color and varies with color saturation), color space, and expectation–maximization 
algorithm (which consists of two steps, i.e., expectation and maximization steps) to identify the cytoplasm and nucleus 
of the WBCs. A watershed segmentation algorithm to segment nucleus from the surrounding cytoplasm of cervical 
cancer images was proposed by Nallaperumal and Krishnaveni [8]. 

 
A main disadvantage observed in all these systems is that these classify only sub-images with single nucleus. The goal 
of this work is to implement a fully automated classifier system for Acute Leukemia. Most of the existing systems, 
work on sub-images where only one nucleus per image is considered and hence the features are being extracted only for 
those sub-images instead of whole images. Our aim is to overcome this and also increase the overall accuracy of the 
classifier system. The proposed system attempts to acts as an efficient ancillary to the physicians in decision-making. 
 

III.METHODOLOGY 

The proposed system is shown in fig.2. The system architecture gives a detailed illustration of the sequence of steps 
that are to be followed for powerful classification of acute leukemia. The first step is pre-processing the complete 
images to overcome any background non-uniformity due to irregular illumination. During pre-processing RGB images 
are converted to Lab color space images. This step ensures perceptual uniformity. Next step is k-means clustering to 
bring out the nucleus of each cell. Then the segmentation is followed by feature extraction based on which 
classification is performed. Well segmented nucleus images are passed through the first classification process which 
includes GLCM and fractal features extractor and the classifier. The output of the first classification process is a 
boundary line that differentiates normal and leukemic cells images. While the second classification process, which 
consist of geometrical features extractor and second the classifier, is applied only to abnormal cell images in order to 
discriminate ALL from AML leukemia type. 
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Fig. 2 System Overview 

 
Image Acquisition 
For AML, the online image bank of American Society of Hematology (ASH) is accessed [15]. The ASH image bank is 
a web based online image library that a wide range of hematology varieties. For ALL the ALL_IDIB1 [32] image 
database is accessed. The database for ALL comprised 110 images (55 from AML patients and 55 from non-AML 
patients) and that for AML comprised of 40 images. The resolution used for classification was 250 X 250 pixels. 
 
Pre processing 
The images are usually in RGB color space which is generated by digital microscopes, which is difficult to segment. In 
practice, the blood cells and image background differs greatly with respect to color and intensity. This can be caused by 
different reasons such as camera settings, varying illumination, and aging stain. In order to make the cell segmentation 
robust with respect to these abnormalities, an adaptive strategy is used: the RGB input image is converted into the 
CIELAB or, more correctly, the CIELab color space points. 
 
Nuclei Segmentation 
Image segmentation can be defined as the process of partitioning a digital image into multiple segments. Otherwise it is 
the process of assigning a label to every pixel in an image such that pixels with the same label share certain properties. 
Many algorithms for segmentation have been developed for gray-level images [20]. Segmentation in this system is 
performed for extracting the nuclei of the input microscopic images using color-based clustering. Cluster analysis is the 
formal inspection of methods and algorithms for clustering according to measured aspects. Cluster analysis does not 
use category labels that tag objects with class labels. k-means, which is one of the most popular exclusive of learning 
algorithms and also a simple clustering algorithm, was first published in 1955. K-means algorithm is still widely used. 
It is composed of following steps: 
1. Place K points randomly (initial cluster centers). 
2. Assign each pixel in image to cluster that minimizes the distance between pixel and cluster center. 
3. Recalculate the cluster center, when all objects have been assigned, 
4. Repeat Steps 2 and 3 until the cluster centers no longer move. 
 
In this paper, clusters are picked corresponding to nucleus with high saturation, background having high luminance and 
low saturation, and other cells. Here, every pixel is assigned to one of these classes using the properties of the cluster 
centre. 
 
Feature Extraction 
Feature extraction in image processing is a method of redefining a large set of redundant data into a set of features of 
reduced dimension. Defining the input data into the set of features is called feature extraction. Feature selection greatly 
controls the classifier performance; therefore, a correct choice of features is a very important step. In order to construct 
an effective set of feature, several published articles were studied, and their feature selection methodology was noticed. 
It was observed that certain features were widely used as they gave a excellent classification. This system implemented 
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these features on whole images. Those features were considered to lift the classifier performance. Fig. 3 gives the set of 
features chosen to classify the image database. 

 
Fig. 3 Feature Set 

Hausdorff Dimension 
Fractals have been used in medicine and science in the past for different quantitative measurements [13]. The fractal 
dimension D is a statistical quantity that gives an idea of how completely a fractal appears to fill space. There are 
several specific definitions of fractal dimension. The most relevant theoretical fractal dimensions are the Rnyi 
dimension, the Hausdorff Dimension (HD), and the packing dimension. Practically, the box-counting dimension is 
generally used, partly due to their ease of operation. 
 
In a box counting algorithm, the number of boxes covering the point set is a power-law function of the box size [31]. 
Fractal dimension is estimated as the exponent of such power law. All fractal dimensions are real numbers that 
characterize the fractalness ie., texture/roughness of the objects. Myeloblast can be characterized using perimeter 
roughness of the nucleus. HD is considered as an important feature in this work. The procedure for measuring HD 
using the box counting method is elaborated below as an algorithm: 
1. Binary image is obtained from the gray-level image of the blood sample; 
2. Edge detection technique is employed to trace out the nucleus boundaries; 
3. Edges are superimposed by a grid of squares; 
4. The HD may then be defined as follows: 
 

log( )
log( ( ))

RHD
R s

   

where R is the number of squares in the superimposed grid, and R(s) is the number of occupied squares or boxes (box 
count). Higher HD signifies higher degree of roughness. 
 
Local Binary Pattern 
The concept of local binary pattern (LBP) [17],[18] was introduced for texture classification. In the LBP method, where 
each pixel is restored by a binary pattern that is derived from the pixels neighbourhood. If the center point P is larger 
than the current neighbourhood sample point I, the result is a binary zero; otherwise, the result is a binary one (see 
Figure 4).  

 
 

Fig. 4 LBP Operator Example. 
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For the database of images used in this work, an (8, 1) circular neighborhood was used. The segmented images were 
obtained using k-means clustering, and then the LBP operator was applied on them before calculating the HD. Two sets 
of values were calculated: first, HD of the 110 images without applying LBP, and second, HD of the images after 
applying LBP. When considering these two data sets, it was observed that the LBP operator enhanced the overall 
performance by a very high margin. 
 
Shape Features 
According to hematologists, the shape of the nucleus is an important feature for discrimination of myeloblasts [3],[4]. 
Region- and boundary-based shape features are extracted for shape analysis of the nucleus. All the features are 
extracted from the binary-equivalent image of the nucleus where the nucleus region is represented by the nonzero 
pixels [6]. 
 
GLCM Features 
Texture can be defined as the function of spatial variation in the pixel intensities. The GLCM [27] and associated 
texture feature calculations are image analysis techniques. Gray-level pixel distribution can be described by second-
order statistics such as the probability of two pixels having particular gray levels at particular spatial relationships. 
 
SVM Classifier 
The selection of a classification technique for classification is a challenging problem. It is because an appropriate 
choice given the available data can significantly help improving the accuracy in credit scoring practice. There is a 
variety of statistical techniques, which aim at performing binary classification tasks. In this work support vector 
machine (SVM) is used for constructing a decision surface in the feature space that separates the two categories, i.e., 
cancerous and noncancerous, and maximizes the margin of separation between two classes of points. SVM is a 
promising nonlinear nonparametric classification technique, which already showed good results in the medical 
diagnostics, optical character recognition, and other fields [22],[24]. Moreover, the SVM is a powerful algorithm with 
strong theoretical foundations based on the Vapnik Chervonenkis theory and with strong regularization properties. 
Much of the initial success of SVMs was attributed to the so-called kernel trick wherein training data are implicitly 
mapped to a high-dimensional feature space, and a margin maximizing linear classifier is learned in this mapped space 
[24]. An SVM is primarily a two-class classifier. It can be either linear or nonlinear. In this work, a linear SVM two-
class classifier is used; because it is not computationally expensive, it does not employ the kernel trick explicitly, and it 
achieves, in general, a good performance [22]. 
 

IV. RESULT AND DISCUSSION 

Microscopic blood image of size 250Χ250 is considered for evaluation. The input image is processed sequentially and 
the nuclei is segmented from the input image after applying K-means clustering algorithm which is shown in fig 5.   
 

 
Fig. 5 (a) Input Image, (b) Segmented Nucleus 

A feature set using the shape, color, and texture parameters of a cell is constructed to obtain all the information required 
to perform efficient classification.The fractal measuring parameter has important role in classification. The result of HD 
is shown in Fig 6. 
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Fig. 6 Result of HD. 

 
 In order to ensure the effectiveness of the system, certain measures were employed based on which decisions were 
made. Precision, Specificity, Sensitivity and F-Measure are all decided in relation to the possible outcomes of the 
classifier system. The experimental values obtained for the above measures are summarized in Table 1. 

 
Table. 1 Performance Evaluation Statistics 

 
Parameter Formulae 

Sensitivity  
 

0.956 

Specificity 
 

0.978 

Precision 
 

0.977 

F-Measure 
 

0.966 

 
Feature extraction with and without the LBP operator shows very interesting results.  However the performance of HD, 
after using LBP increased the classifier performance by 11.9%. By employing LBP, the edges of the nuclei were 
extracted in a very clear cut manner. This effective edge detection enhanced the HD, as the box count for AML was 
much more than the box count for non-AML images. To ensure the effect of HD in the feature set, the classifier was 
run with HD as the only feature. This was done twice, once with applying LBP operator and once without LBP 
operator.  
 
All the parameters for evaluation were extracted for both sets. It was observed that, when LBP was not employed, the 
HD performance was only around 84.44%, whereas when LBP was employed, the percentage increased to 94.44%. 
This clearly shows the influence of the LBP operator on the system. This result is illustrated in fig 7. Moreover the 
system achieves an overall accuracy of 96.67% and thereby providing an effective and reliable source of classification 
of acute leukemia. 

 
Fig. 7 Impact of LBP on HD Measurement 
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V. CONCLUSION 
In this experiment, GLCM and fractal features are extracted from image database to discriminate between normal and 
abnormal cell images while 5 geometrical features from only the abnormal cell images are extracted in order to 
discriminate between AML and ALL leukemia type.The main advantage of this work over existing schemes is that, the 
developed system effectively classifies the complete blood smear images of AML containing multiple nuclei, while 
existing systems mostly consider only those images which have one cell under the field of view. The presented system 
performs automated processing, including color correlation, segmentation of the nucleated cells, and effective 
classification. A feature set using the shape, color, and texture parameters of a cell is designed to obtain all the 
information required to perform efficient classification. Future work will focus on collection of more samples to yield 
better performance and building an overall system for cancer classification. 
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