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Abstract—Leukemia is a highly fatal hematologic cancer 

which starts in blood-forming tissue, such as bone marrow 

and triggers high production of immature and abnormal 

shaped blood cells. Skilled medical officers are required to 

diagnose leukemia from blood smears. This poses a problem 

in remote areas and rural areas where there is a shortage of 

qualified medical personnel. This paper proposes a 

computer-aided diagnosis system that can detect and 

classify leukemia from blood microscopic images. 

Satisfactory preliminary experimental results demonstrate 

the efficacy of our system. 

 

Index Terms—leukemia detection, classification, scale-

invariant feature transform, pattern recognition. 

 

I. INTRODUCTION 

In this globalization era, there are several types of 

human diseases that have been threatening mankind. The 

impacts of these diseases especially cancers have severely 

affected the life expectancy of the human population. 

Leukemia is a series disease, which is among the 

deadliest diseases in the world. Leukemia can be difficult 

to diagnose. A computer-aided diagnosis system is 

crucial in rural areas where there is a shortage of 

qualified medical personnel. Computer-aided diagnosis 

can be achieved using computer vision and pattern 

recognition techniques that can recognize and diagnose 

leukemia from peripheral blood film images.  

Leukemia is a highly fatal hematologic cancer which 

starts in blood-forming tissue, such as the bone marrow 

and trigger high production of immature and abnormal 

shaped blood cells [1]. Normally, bone marrow produce 

three distinct types of cells which are erythrocytes, 

leucocytes and thrombocytes. Usually, the marrow 

produce the precise number of cells in accordance with 

the need of the body. However, in leukemic patients the 

process becomes violated and start producing abnormal 

premature white blood cells (called blast) with abnormal 

shapes that cannot function normally and in uncontrolled 

manner [2], [3]. As these blasts upsurge rapidly, they 

interrupt the production of red blood cells and platelets in 

the bone marrow. Leukemia can be very broadly divided 

into four classes: acute lymphoblastic leukemia (ALL), 

acute myeloid leukemia (AML), chronic lymphocytic 

leukemia (CLL), and chronic myeloid leukemia (CML).  

ALL is hematological neoplasia that occurs commonly 

in young children, characterized by over production of 

abnormal leukemic cells in lymphoid organ (bone 
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marrow) to form lymphocytes. AML is hematological 

malignancy which is characterized by excessive 

proliferation of myeloid cells in the bone marrow. This 

type is common among adults, especially in men [4]. The 

other type classes of leukemia are similar to the above 

two classes. The only difference is that ‘acute’ refers to 

rapid proliferation of immature blood cells and ‘chronic’ 

generally refers to proliferation that is less rapid than the 

‘acute’ level. A patient suffering from chronic leukemia 

generally gets worse gradually. To diagnose leukemia, 

the number and the shapes of blood cells have to be 

investigated from microscopic blood film images.  

II. LEUKEMIA DETECTION TECHNIQUES  

There are generally two famous techniques to diagnose 

leukemia: fluorescence in situ hybridization technique 

and flow cytometry technique. 

A. FISH Technique 

Fluorescence in situ hybridization [5] is a common 

method to detect DNA sequences by using fluorescent 

probes. This technique allows the detection, analysis and 

calculation of abnormalities of genetic structure [6], [7]. 

FISH technique consists of 3 main steps which are 

sample preparation, hybridization and fluorescence 

microscopy [8]-[10]. Fig. 1 illustrates the basic steps of 

the FISH technique. 

1) Sample preparation 

The first equipment used is multi-probes tagged with a 

different combination of fluorophore, allows 

simultaneous visualization of different molecular 

component of the cell. The second is Multi-band 

fluorescence microcopy, enhance in discriminating the 

labeled color specimens [11]. 

2) Hybridization 

Initially, denaturation of target and sequential probes is 

carried out by submersing them for 5 minutes in 

denaturing solution which consist of chemicals such as 

49ml (70%) of form amide and 7ml (30%) 2X Saline-

Sodium Citrate (SSC) with pH value 5.3. This method 

helps them to form new hydrogen bonds to facilitate the 

hybridizations procedures [12]. The probes mixture is 

made by mixing up together the probe and target 

sequences. Consequently, the probe is clearly hybridized 

with the chromosome to form its better balancing 

sequences. The probes mixture is then covered by the 

coverslip on the slides after that excess liquid mixture is 

removed to prevent contamination [13].  

Initially, the cover glasses have to be sealed by rubber 

cement using suitable syringes and slides after that put it 
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into a pre-warmed humidified chamber for about 14-17 

hours at 37 ˚C which is the optimal temperature of the 

incubator. Next, the seal of coverslips are detached gently 

with forceps and slides washed in post hybridization 

wash buffer solution (0.4 x SSC/0.3% NP-40) at 27 ˚C 

for 1 minute. When the slides are completely dried, 10 µL 

of DAPI II counterstain is applied to target area and 

sealed under a cover glass. These slides are required to 

store in the dark condition for signal record. 

    

    

    

    
Figure 1. Basic steps of FISH technique. [5] 

3) Fluorescence microscopy 

Slides are then viewed under a fluorescent microscope. 

Signals were screened using image processing software 

and photo detector software. Slides are evaluated by 

certain criteria and condition. The room should be dark 

and free of fluorescence elements and the signal must be 

bright and compact in size. Then, while scanning the 

probe, it is recommended to start in the top left quadrant 

of the coverslip and move specifically from up to down 

and counting properly the number of signals detect in the 

boundary. By using a 400X objective, tumor images were 

detected. Then, the images took from all experimental 

slides, stored in suitable image format such as TIFF 

format, and recorded in a proper table for analysis. 

B. Flow Cytometry 

Flow cytometry as depicted in Fig. 2 refers to the way 

used to analyze multiple physical and chemical 

characteristics of particles, normally cells, conjoined with 

different array of fluorochromes. Using flow cytometry, 

the mutated cell characteristics can be diagnosed by 

establishing the heredity such as cytotoxic T lymphocytes 

(CTLs) family. This method also used to form the dual 

heredity in special phenotypic leukemia, uncommon co-

expression of antigen or abnormal outline and exhibit 

similar genes [14]. Flow cytometry generally entails three 

steps: specimen preparation, pattern recognition, and data 

interpretation.  

1) Specimen preparation 

Two ml of cell (blood cells) is mixed in ethylene-

diamine tetra-acetic acid and heparin for clotting 

prevention. The prevention is done by properly shaking 

the sample from 5 to 10 times before proceeding to the 

next step. The slides were tarnished in Jeiner-Wright 

solution for every sample. If required, cells feasibility can 

be tested also by using dye exclusion method which 

contains trypan blue. Subsequently, the cells were 

processed in no-cell loss method. This method lessens the 

breakdown of cells in the specimens. This blood lyse and 

wash method is the basis for red blood cells lysis. 

Customary cell number suggested for immune-staining is 

10 million cells for all samples necessary for antibody 

mixture [15].  

2) Pattern recognition 

Each peculiar monoclonal antibody, antigen intensity 

expressions and percentage of cells which gives 

constructive results are very important for justification. 

Although, gating by CD45/SSC is very precise, but it is 

much more convenient to use the conventional side and 

onward scatter SSC/FSC gating. Also, sequential and 

back gating can be used as an optional choice. For a 

situation of AML M0 and M1, blasts population with 

FSC and SSC had established modest intensity of 

expression for CD45; This CD45 and SSC produces 

discrete blasts number merging with growing 

granulocytic elements for the circumstances of myeloid 
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leukemia with granular variation. In the case of 

monocytic leukemia, intersections in the region of the 

normal monocytes and the blasts are detected [16]. 

Lymphoblast displayed damaging CD45 with low SSC in 

case of acute lymphoblastic leukemia [17]. 

3) Data interpretation 

The blasts’ ratio expressing each antigen tested usually 

considered as positive whenever any markers shows blast 

presence is equal or more than 20%. However, 20% as 

the limit point is subjective and changeable. Alternative 

technique of examining is by calculating antigen 

expression intensity i.e. measured fluorochrome antibody 

conjugate binding capacity. There are four different 

ranges that show either poor(+), moderate (++) and 

strong (+++) which starts with first log value between 

100 and 101 for the weak range upto the strong range of 

fluorescence intensity is consecutively for second, third 

and fourth decades. Occasionally, because of the diverse 

discoloration intensity, bimodal may appear in the 

malicious group of cells [13]. 

 

Figure 2. Flow cytometry [18]. 

III. METHODOLOGY 

The goal of leukemia detection is to predict, given a 

blood smear image, whether the sample comes from a 

patient with leukemia and what type of leukemia the 

patient is suffering from. We proposed a three-layered 

framework that consists of feature extraction, coding, and 

classification as shown in Fig. 3. 

 

Figure 3. Block diagram of proposed leukemia detection system. 

A. Feature Extraction 

We employ dense Scale-Invariant Feature Transform 

(DSIFT) as features because it is efficient and invariant to 

illumination, scale, shift, and rotation. We set the spacing 

of the dense grid to 6 pixels, and the sampling window to 

16×16 pixels. We employ 16 histograms to allow 

preservation of geometric information of images.  

B. Coding 

The complexity of any machine learning classifier 

depends upon the dimensionality of the input data [19]-

[27]. To lower the complexity, coding processing is 

carried out on the DSIFT descriptor to reduce 

dimensionality. For a given dataset, we construct a 

codebook of 1500 vectors using k-means clustering [9]. 

Each cluster center corresponds to a “word” in codebook. 

After coding, spatial pyramid matching techniques is then 

employed to preserve the spatial relationship between 

local descriptors. The basic idea is to divide the image 

into a few rectangle blocks and construct the histogram in 

the block. We employed 3 layers of spatial pyramid [28]. 

C. Classification 

Coded feature vector is then fed to a support vector 

machine classifier (SVM) [29] to classify leukemia types. 

Since there are multiple types of leukemia and an SVM is 

essentially a binary classifier, we employ a one-vs-all 

technique to make it a multi-class classifier [30]. 

IV. EXPERIMENTAL RESULTS 

We collected 100 blood images corresponding to each 

of the four leukemia classes (acute lymphoblastic 

leukemia, acute myeloid leukemia, chronic lymphocytic 

leukemia, and chronic myeloid leukemia) from the 

Internet. For each leukemia class, 60 images were used 

for training while the remaining 40 images were used for 

testing. We obtained an overall accuracy of 79.38% in 

classifying leukemia from blood images. 

V. CONCLUSION 

We have presented a machine vision based approach to 

detect leukemia from blood microscopic images. Given a 

blood microscopic image, the system predicts whether the 

blood microscopic image comes from a patient with 

leukemia and the type of leukemia the patient has. We 

have performed experiments on a dataset of leukemia 

blood microscopic images. The experimental results are 

quite promising. As future work, we would like to 

perform optimization of the system parameters to further 

boost the performance of the system. ” 
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