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Abstract:  

Acute myelogenous leukemia (AML) is a type of cancer of the myeloid line of blood cells. It is a subclass of acute leukemia, 

which is widespread among adults. Normally the average age of a person with AML is 65 years. The need for a system to detect 

leukemia arises since current techniques involve manual inspection of the blood smear as the first step toward diagnosis. The 

drawbacks of these current methods are mainly time consumption, and its accuracy depends on the operator’s ability. In this 

paper, a simple technique that involves feature extraction using Discriminative Robust Local Binary Pattern (DRLBP) and 

Ternary Pattern (DRLTP) to detect AML.  The discriminative robust local binary pattern (DRLBP) is used for different texture 

and edge contour feature extraction process. It is robust to illumination and contrast variations as it only considers the signs of the 
pixel differences. The proposed method differs from others in: 1) the simplicity of the method; 2) classification of complete blood 

smear images  
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I. INTRODUCTION 

     White blood cells (WBCs) also known as leukocytes have 

an important role in the diagnosis of various diseases; so that 

extracting information about them is important for detecting 

various diseases. The term leukemia comes from the Greek 

word “leukos” meaning “white” and “aim” meaning “blood.” 

It refers to the cancer of the blood or the bone marrow (where 
blood cells are produced). Diagnosing leukemia is based on 

the fact that white cell count is increased with immature blast 

cells (lymphoid or myeloid), and neutrophils and platelets are 

decreased [41]. Therefore blood smears are examined by 

hematologists under microscope for proper recognition and 

classification of blast cell. A more significant indication of 

leukemia is the existence of large number of blast cells in 

blood. 

 

     There are mainly two classification for leukemia: 1) acute 

leukemia (which develop quickly) 2) chronic leukemia 

(which develop slowly). Acute myelogenous leukemia is 
abbreviated as AML. It is a type of cancer to the myeloid line 

of blood cells. It is identified by the abnormal growth of 

white blood cells that gather in the bone marrow and restrict 

the production of normal blood cells.   

 Diagnosing AML is a difficult process since the exact cause 

of AML is unknown. The symptoms of AML are very similar 

to other common diseases such as fever, weakness, tiredness, 

or aches in bones or joints. If the described symptoms are 

present, blood tests, such as a full blood count, renal function 

and electrolytes, and liver enzyme and blood count, have to 

be done [1]. Fig. 1 shows six different images, three depicting 
healthy cells from non-AML patients and three from AML 

patients. 

 

In this paper it is mentioned about the edge-texture feature, 

Discriminative Robust Local Binary Pattern (DRLBP) and 

Discriminative Robust Local ternary Pattern (DRLTP) for 

feature extraction. These techniques are compared with the 

old binary and ternary patterns. DRLBP overcomes the 

drawbacks of Local binary pattern in certain areas. DRLBP 

mainly consider the weighted sum and absolute difference of 

a LBP code and its complement. The absolute difference 

between a LTP pattern and its inverted form is the DRLTP 

code. 

 
Fig. 1: (a)–(c) Myeloblasts from AML patients. (d)–(f) 

Healthy cells from non-AML patients. 

 

 Later a comparison is made between the extracted features 

and the features in the reference images. DRLBP and DRLTP 
solve the problem of differentiation between a bright object 

against a dark background and vice-versa inherent in binary 

patterns [1]. It also maintains contrast information. 

 

II. PROCESS OVERVIEW 

The proposed system ensures step-by-step processing. The 

overview of the system is depicted in Fig 2. 
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 It gives a detailed explanation of the sequence of steps that 

are used for the efficient classification of acute leukemia. The 

first step is preprocessing. In this step, images are 

preprocessed to overcome any background nonuniformity 

due to irregular illumination. Preprocessing is followed by 

segmentation by k-means clustering to separate the nucleus of 
each cell. Segmentation is followed by feature extraction.  

These features are classified using SVM classifier. 

 

i. PREPROCESSING 

The images obtained from digital microscope is normally in 

RGB color space, so that, it is difficult to segment. The color 

and intensity of the blood cells and image background varies 

greatly. There are so many reasons for this including camera 

setting, varying illumination and aging. An adaptive method 

is used to make the segmentation robust to these variations. 

The RGB input image is converted to CIELAB or CIEL*a*b 

color space. Reasons for that are: 1) to reduce the memory 

requirement and also to improve computational speed. 2) The 
difference between colors is proportional to the Cartesian 

distance in the LAB color space. By using Euclidean 

distance, the color difference between the two samples can be 

calculated easily. 3) There are only two color components 

which is denoted by *a and *b and the L component 

represents the human perception lightness. More precisely, in 

L*a*b color space, the dimension L represents the lightness 

of the color, dimension a represents its position between 

red/magenta to green, and b represents its position between 

yellow and blue. 

 
ii. Nuclei Segmentation 

Image segmentation is used to extract important information 

from the input image. Many algorithms for segmentation 

have been developed for gray-level images [51]. 

Segmentation is done here by color-based clustering. Color-

based clustering extracts the nuclei of the leukocytes. In this 

paper, three clusters are chosen. The clusters are the 

following: nucleus background and other cells (e.g. 

erythrocytes and leukocyte cytoplasm). Here, every pixel in 

the image is assigned to one of these three classes using the 

properties of the cluster center. 

K-Means Clustering Algorithm 
The k-means algorithm is a well known clustering algorithm. 

It requires three user-specified parameters such as the number 

of clusters k, cluster initialization, and distance metric. It is 

used to assign every pixel of the input image to one of the 

clusters. By using the properties of the cluster center, the 

pixels are assigning to that cluster. Since color values are in  

L*a*b color space, each pixels of the image is grouped into k 

clusters by using the *a and *b values in the color space. So 

that, it is easy to group each pixels into k clusters by 

calculating the Euclidean distance between the pixel and each 

color indicator. These clusters represent the nucleus, 

background and other cells including cytoplasm. Depending 

on the least distance from each indicator, every pixel in the 

entire image is labeled. The cluster contains the blue nucleus 

is only considered for the further feature extraction process. 

Color-Based Segmentation Using K-Means Clustering: 
 Step 1: Read Image 

 Step 2: Convert image from RGB color space to 

L*a*b* color space 

 Step 3: Classify the colors in 'a*b*' space using K-

means clustering 

 Step 4: Label every pixel in the Image using the 

results from kmeans  

 Step 5: Create images that segment the input image 

by color. 

 Step 6: Segment the nuclei into a separate image 

 It is observed that, k-means segmentation has a shortcoming, 

in some of the segmented images; the edges of the nuclei will 

be different from the whole images of the nuclei. In order to 
overcome this shortcoming, several morphological filtering 

are carried out.  

 Edge enhancement is used to improve the borders of 

the membranes and the cells. 

 Canny edge detection is used to obtain outputs with 

continuous edges. 

 Dilation is used to connect the separated points of 

the membrane in a better way   

 Hole-filling is used to fill internal holes of the 

connected element having the largest area.  

 
iii. Feature Extraction 

In image processing feature extraction is used to extract the 

important information from an image. It is a technique of 

specifying a huge set of redundant data into a reduced set of 

features. The process of converting the input image into a set 

of features is called feature extraction. In this paper two edge-

texture features called discriminative robust local binary 

pattern and discriminative robust local ternary pattern are 

used. The existing local binary pattern (LBP), local ternary 

pattern (LTP), and robust local binary pattern (RLBP) have 

certain limitations. LBP is a most popular and powerful 
feature. It has been shown that, it is robust to illumination and 

contrast variations. It is only considering the sign of the 

difference between the pixels. The main limitation of LBP 

code is that, it is sensitive to noise and pixel value 

fluctuations. At location (x,y) the LBP code is computed as 

following: 

      =     
   
   -  )   
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Where    denotes the pixel value at (x,y),    denotes the 

pixel values at the neighboring positions on the circle of 

radius R around   , and B is the total number of neighboring 

pixels. LBP does not change with the monotonic intensity 

variations. LTP has been proposed to handle this situation. 
Instead of LBP, there are 2 thresholds in case of LTP which 

create 3 different states. LTP is more resistant to pixel value 

fluctuations and noise. LTP at location (x,y) is as follows: 

 

      =      
           

   

 

     = 
                  
           
                   

  

Where T denotes a user defined threshold, LTP has 3 states 

as defined by      , while LBP has two. In order to reduce 
the number of bins used, LTP is divided into upper and lower 

LBP. The upper LBP (ULBP)  is given as following: 
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And  the lower LBP (LLBP) is given as following: 
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But both LBP and LTP have a disadvantage that, they 
differentiate a bright object against a dark background. So the 

object intra-class variations increase and which is undesirable 

for most of the recognitions. RLBP has been proposed to 

handle this situation, which map the LBP and its complement 

to the minimum of them. However there is chance of 

mapping to the same code in the same block. Hence for some 

different local structures, RLBP creates same feature. RLBP 

at (x,y) is computed as follows: 

 

       =                         
 

Where             is the complement of LBP. The 

problem of brightness reversal of object and background can 

be solved using RLBP by mapping LBP code and its 

complement to minimum of two. But there is a problem that 
difficult to differentiate some local similar structures. There 

will be chance of having 2 different structures have same 

features. In order to avoid this problem DRLBP is used. 

 

Discriminative Local Binary Pattern 

Mainly two separate indications for differentiating it from 

other objects. Object shape and object surface textures are the 

two cues. The boundary of the object forms the object shape. 

There is a contrast difference between the object and its 

background. The boundary often shows much higher contrast 

than the surface of the object between the object and the 
background. Since the boundary contains the shape 

information, it is very essential. Differentiating the boundary 

from the surface texture adds additional discriminatory 

information. The histogramming of LBP codes doesn’t 

consider the weight of the code rather it only checks the 

frequencies of the code. So it can’t discriminate a weak 

contrast local pattern and strong one. 

To mitigate this problem, the edge and texture features are 

fused and represented as a single form by modifying the way 

I which the codes are histogrammed in case of LBP. The 
image is divided into different ranges by using the 

histogramming method. Each of such range is called as bins 

 They are independent of code frequencies, a weight, is 

computed as follows: 

    =   
    

  

 

Where     and     are the first-order derivatives in the x and y 

directions. LBP code is weighed by      . If stronger the 

pixel contrast, then larger the weight given to the pixel. In 

this way, if a LBP code covers both sides of a strong edge, its 

gradient magnitude will be much larger and by voting this 

into the bin of the LBP code, we take into account if the 

pattern in the local area is of a strong contrast. In this way, 

the resulting feature will contain both edge and texture 
information in a single representation. The value of the 

    weighted LBP bin of a M x N block is as follows: 
 

       =                  
   
   

   
   ) 

 

        
              
           

  

 

The RLBP histogram is created from as follows: 
 

        =               
       , 

Where 0        
 

Where           is the      RLBP bin value. Then the absolute 

difference between the bins of a LBP code and its 

complement forms difference of LBP (DLBP) and its 

histogram is as follows: 

 

        =                
        , 

Where 0        
 

where            is the       DLBP bin value. For blocks that 

contain structures with both LBP codes and their 

complements, DLBP assigns small values to the mapped 

bins. It differentiates these structures from those having no 

complement codes within the block. The two histogram 

features, RLBP and DLBP, are concatenated to form 

Discriminative Robust LBP (DRLBP) as follows: 

 

           
                 

          
        

  

 

Discriminative Local Ternary Pattern 

LBP is more sensitive to noise and fluctuations in pixel value. 
LTP solve this using 2 thresholds to generate codes. It is 

more resistant to small pixel value variations and noise 

compared to LBP. However, it also has the same problem as 

LBP whereby it differentiates a bright object against a dark 

background and vice-versa. RLBP solves this problem for 

LBP by mapping a LBP code and its complement to the 

minimum of the two. The corresponding RLTP is formulated 

as follows: 

       =                     
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The RLTP code can then be split into upper and lower LBP 

codes. The upper code, URLBP: 

 

        =             
   
   )   

 

      
              
           

  

where             represents the RLTP state value at the     

location. The lower code, LRLBP, is computed as follows: is 

expressed as follows: 

        =              
   
   )   

 

       
               
           

  

Discriminative Robust Local Ternary Patterns 

 

LTP and RLTP are also robust to illumination and contrast 
variations and only capture texture information. Hence, the 

weighting scheme is also used. The     weighted LTP bin 
value of a MxN image block is as follows: 

 

       =                  
   
   

   
   ) 

 

The RLTP histogram is created as follows: 

 

          

           

                      
    

 

  

 

where           is the     RLTP bin value.  Difference of  

LTP (DLTP) histogram as follows: 

 

        =                     , 

Where     
    

 
 

 

where hdltp(k) is the      DLTP bin value. RLTP and DLTP 
are concatenated to form Discriminative Robust LTP 

(DRLTP) as follows: 

 

          

 
 
 

 
              

    

 
 

            
    

 
  
    

 
     

  

 

iv. SVM Training 

The choice of a classification method for classification is an 

important concern.  That is because a good of classification 

can significantly improve the accuracy of detection system. 

There is a lot of statistical techniques, which mainly focus at 

solving binary classification tasks. In this paper, we use a 

support vector machine (SVM) for constructing a decision 

surface in the feature space that bisects the two categories, 

i.e., cancerous and noncancerous. SVMs are supervised 

learning models associated with learning algorithms that 
analyze data used for classification. SVM is a promising 

nonlinear nonparametric classification technique, which 

already showed good results in the medical diagnostics, 

optical character recognition, electric load forecasting, and 

other fields [31], [56]. In addition to performing linear 

classification, SVMs can efficiently perform a non-linear 

classification. SVM is a powerful stateof-the-art algorithm 

based on the Vapnik–Chervonenkis theory with strong 

theoretical foundations and strong regularization properties. It 

is the generalization of the model to new data. Most of the 

primary success of SVMs was due to the so-called kernel 

trick where the training data are implicitly mapped to a high-

dimensional feature space.    
        It can be either linear or nonlinear. In this paper, we 

select a linear SVM two-class classifier; due to the reason 

that it isn’t computationally expensive, the kernel trick is not 

employed, and it has a good performance. 

 

III. SIMULATION AND RESULTS 

The algorithm was implemented in MATLAB environment. 

To check the validity and accuracy of the method, experiment 

was performed using blood microscopic image obtained from 

digital microscope. First the image is preprocessed. In 

preprocessing the image in RGB color space is converted to 

CIEL*a*b color space. Then the resulting image is 
segmented and features are extracted. This is repeated for 60 

images and that are used for training the system. Among 

those 60 images, 30 were cancerous and the other 30 were 

healthier. Then using the SVM classifier 30 cancerous image 

and 30 noncancerous images were trained. Then another set 

of images consisting the test images, one is selected for 

testing. This input image is tested with the help of SVM 

classifier. The input image is first preprocessed then it is 

nuclei segmentation is carried out.  It is segmented using k-

means clustering algorithm, resulting three clusters namely: 

cluster correspond to nucleus, background and other cells. 
Figure shows the cluster corresponds to nucleus after the 

nuclei segmentation. Then this resulting cluster that 

corresponds to nucleus was used for further steps like feature 

extraction and detection of AML. The detection of AML is 

performed by SVM classification. This method is simple and 

less time consuming. It gives a perfect decision about the 

disease. 

 

IV. CONCLUSION AND FUTURE WORK 

This paper has proposes the design of an automated system 

for the detection of AML in blood microscopic images. The 

proposed system performs automated processing, which 
includes color correlation, segmentation of the nucleus, and 

effective detection of AML in blood smear images. K-means 

clustering is used to segment the blue nucleus of WBC. 

DRLBP and DRLTP feature extraction methods are used for 

extracting the features of the blood smear images. DRLBP 

and DRLTP feature extraction methods are proposed by 

stating the drawbacks of already existing feature extraction 

methods such as LBP, LTP, and RLBP. A feature set 

exploiting the shape, color, and texture parameters of a cell is 

constructed to obtain all the information required to perform 

efficient classification. The AML detection system proposed 
here uses SVM classifier for training and testing. In this 

paper the presented system performs well and the detection 

accuracy of the system is high.   

       Further research will focus on collection of more samples 

to yield better performance and building an overall system for 

cancer classification. 
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