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Abstract—The biggest cancer disease invading children
based on the health ministry 2015 is blood cancer or leukemia.
One of the type leukemias is acute leukemia which consists of
acute lymphoblastic leukemia (ALL) and acute myelogenous
leukemia (AML). Acute leukemia can be diagnosed according to
the calculation of a complete blood in the bone marrow, but the
calculation process still has several problems, such as when
leukemia blood cells are manually counted by microscope, it
needs more power, takes too much time, and costs very
expensive. This disease can be identified and classified by
combining neural network and imaging processing techniques.
Learning Vector Quantization (LVQ.1) is used as the neural
network approach by extracting leukemia cells of ALL and
AML. The image extraction used in this study is to use the color
extraction of Hue saturation value color space and the texture
feature of Gray level co-occurrence matrix. The experimental
results show that the highest accuracy achieved by the proposed
algorithm in identifying ALL is about 93.33% trained with 80%
training data and tested with 20% testing data. On average, the
proposed work yields about 70.31% accuracy to identify both
blood cell types. In this sense, the proposed algorithm can
classify ALL and AML well.

Index Terms—Acute leukemia classification, learning
vector quantization, blood cell imaging extraction, digital image
processing.

I. INTRODUCTION

Leukemia is a blood cell cancer, specifically, it is a cancer
of the white blood cells. This cancer is recognized as the
number of white blood cells grow abnormally in the bone
marrow. Therefore, it is also sometimes called as a bone
marrow cancer. The bone marrow is the flexible tissue in the
interior of human bones which produces three types of blood
cells, such as white blood cells (leukocyte), red blood cells
(erythrocyte), and platelets (thrombocyte). For the human
body, leucocyte is known as the cells of the immune system
involved in protecting the body against both infectious
disease and foreign invaders. Erythrocyte is used for
delivering oxygen to the body tissues via blood flow through
the circulatory system. Thrombocyte is to stop bleeding by
clumping and clotting blood vessel injuries.

Leukemia is often described as being either acute
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(fast-growing) and chronic (slow growing). Based on its cell
morphology, leukemia can differed as Acute Leukemia
Lymphoblastic (ALL) and Acute Myeloid Leukemia (AML).
Different types of leukemia have different treatment options
and outlooks. Generally, it will need a long time to conduct
leukemia diagnoses so-called gold standard procedures. It
starts by checking the bone marrow aspiration and capturing
the chest radiography. In addition, cerebrospinal liquid and
other medical check-ups might also necessary. This gold
standard procedure can diagnose about 90% case of
leukemias. The remaining cases will need additional
procedures such as cytochemical, immunology, cytogenetic,
and molecular biology [1], [2]. In Indonesia, the Ministry of
Health reports that leukemia is the biggest number of blood
cancer in Indonesia among other blood cancer types and
majority this cancer is suffered by children. In 2015, there are
about 77% ALL patients in age 2-6-year-old, 11% of patients
suffer AML, and the rest of patients have Chronic Myeloid
Leukemia [3].

There have been many studies researching to find the best
way in diagnosing leukemia. Adnan, et al has been published
a work to identify ALL by using blood smear images and a
neural classifier. This research employed classification
technique of the backpropagation method which used 900
layers and 62 hidden layers. This study claimed about 96%
satisfaction in identifying the ALL cases [4]. Subrajeet, et al
has published similar study by combining Functional Link
Artificial Neural Network (FLANN) and imagery extraction
technique. The study aimed to segment Lymphoblast images
based on white blood cell imagery [5]. In our proposed work,
it is proposed to classify and identify Acute Leukemia. We
used both backpropagation neural network algorithm to
extract the characteristics of blood cells ALL and AML and
digital image processing for the leukemia identification
technique. The experimental results show about 86.66%
accuracy in classifying the leukemia acute types.

The rest of this paper is organized as follows. Section 2 an
presents overview of learning vector quantization and digital
image processing used for this proposed work. In Section 3,
the proposed work is presented. Section 4 shows the
performance evaluation of the proposed work. And finally,
Section 5 concludes this work with further research topics.

Il. OVERVIEW OF LEARNING VECTOR QUANTIZATION AND
BLOOD CELLS IMAGERY EXTRACTION FOR ACUTE LEUKEMIA
CLASSIFICATION

In this section, learning vector quantization neural network,
blood cells imagery extraction technique, and acute leukemia
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are briefly discussed. To easily read, we separately discussed
those parts in this section.

A. Learning Vector Quantization (LVQ)

Learning Vector Quantization (LVQ) is a classification
method for pattern recognition with a competitive layer.
where each output unit represents a particular class or
category. During training the data, the output unit is modified
(by changing the weight value through supervised training),
to estimate the decision surface of the Bayes classifier theory.
It is assumed that a set of patterns for training is provided
together with an initial distribution of reference vectors (each

vector represents a class). Learning vector quantization (LVQ)

neural network architecture is essentially the same as the
self-organizing mapping (SOM) architecture, but without a
topological structure and each output unit knows the class it
represents. Fig. 1 depicts an illustration this learning vector
quantization neural network architecture. In this research, we
using learning vector quantization with first model (LVQ.1)

Linear Layer
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al = compet(nt)

Fig. 1. Learning vector quantization neural network architecture.

B. Hue Saturation Value (HSV)

HSV color space model is known as a color representation
which defines color based on the terminology of Hue,
Saturation, and Value. Hue is used to distinguishing colors
representing redness and greenness of lights and so forth.
Saturation denotes a pureness level of color which indicates
how much white color is given to a color. Value is an
attribute of lights which can be received by human eyes
regardless what the color is. Hue Saturation Value color
space has been widely used in digital image processing in
order to covert Red, Green, and Blue color space (RGB) to
HSV. HSV before the conversion to RGB can be expressed as
follows:
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To convert RGB color space to HSV color space, the value
of red, green, and blue need to be priory normalized which
can be defined as:
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where R, G, B denote red, green, and blue color of a pixel
before normalization and r, g, and b express the normalized
value of RGB, respectively. Therefore, the conversion
formula RGB color space to HSV color space is formed as:
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The converted RGB values to HSV can be usually used for
a color feature extraction in digital image processing for
further analysis depend on what application is being
developed. For this purpose, mean formula is employed to
perform the color feature extraction by using HSV color
space. The mean equation can be found as follows:
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C. Gray Level Co-occurrence Matrix (GLCM)

A statistical method of examining texture that considers
the spatial relationship of pixels is the gray-level
co-occurrence matrix (GLCM), also known as the gray-level
spatial dependence matrix. The GLCM functions
characterize the texture of an image by calculating how often
pairs of the pixel with specific values and in a specified
spatial relationship occur in an image, creating a GLCM, and
then extracting statistical measures from this matrix. GLCM
can be computed to show the relationship of two adjacent
pixels with a certain intensity, distance, and angle. Distance
in pixel-based is usually expressed as 1,2,3, and so forth.
Angle orientation defines a degree value which can be 0°, 45°,
90°, or 135° This value represents so-called the gray-level
value transformed into a co-occurrence matrix. This
transformation is obtained with a sliding window which can
be in size 353, 5>, 7>7, 9>9, and so on. This window can be
then to determine a spatial relationship of distance and angle.
Fig. 2 illustrates a 3>3 window size where showing the
corresponding of distance and angle (bv) of this matrix.
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Fig. 3. Blood cells of acute lymphoblastic leukemia.

To get the gray-level co-occurrence matrix, an image with
RGB color space needs to be converted first to a grayscale
image. This conversion can use the following formula:

Y

srgh

=0.299xR+0.587xG+0.114xB (11)

The following statistic equations are used in this study to
get the texture feature from GLCM:
1) Angular Second Moment (ASM)

ASM = (PG, )}’ (12)
2) Contrast
CON =ZK2LZZ P(, j)J (13)
K i [i-i]=k

3) Correlation
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4) Variance
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5) Inverse Different Moment
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6) Entropy

ENT =—> p(i, j)xlog p(i,j)  @7)
ij

D. Acute Lymphoblastic Leukemia (ALL)
ALL is one of leukemia diseases which forms normal

blood cells into a deadly lymphoblastic. This lymphoblastic
will then quickly grow its number of the blood cells in the
bone marrow. The following figure shows how the acute
lymphoblastic leukemia grows in the human’s bone marrow
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Fig. 4. Details of acute lymphoblastic leukemia (ALL).

E. Acute Myelogenous Leukemia (AML)

Acute Myelogenous Leukemia is a blood cancer which is
formed similarly with myeloid of white blood cells. It can be

identified based on its breeding as an abnormal blood cells
in the bone marrow. However, it is generally formed and
grown together with the white blood cells. AML usually
strikes adults and is more often found in men bodies than
women. Fig. 5 shows the AML in the bone marrow of human

[1].

L T3

¢ "'Qe

Prominent
nucleol

%

Nucleus
with immature
chromatin

Scant light blue
cytoplasm

10 m

Fig. 6. Details of acute myelogenous leukemia (AML)
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I1l. THE PROPOSED WORK OF LEARNING VECTOR
QUANTIZATION AND BLOOD CELLS IMAGERY EXTRACTION
FOR ACUTE LEUKEMIA CLASSIFICATION

In this section, our implementation of learning vector
quantization neural network algorithm and blood cells
imagery extraction technique for classification of acute
leukemia are discussed as follows.

1) Data collecting

We first collected the blood cells image as sample data
used for both training and testing data. There are 75 samples
of blood cells images captured from human’s bone marrow.
These images have been scaled by using Zeiss microscopic
and Nikon with scale size: %200, =400, >630, ><1000.

2) Preprocessing

Preprocessing techniques used in this work are cropping
and resizing to all the sample data. This preprocessing output
is only focused on one single cell with size 300>300 pixel.
However, it should be noted that we do not do any
background removal technique into our sample data and the
cytoplasm is also kept from the entire images of blood cells.

3) Digital image analysis

In this step, we converted the RGB images to HSV color
space by using (4) to (9).

4) Feature extractions

As mentioned before, there are two kinds of feature
extraction used in this study: color feature extraction and
texture feature extraction. For color extraction, HSV color
feature was used and for texture feature extraction, we
employed GLCM. Both techniques are performed onto all
data samples. In the color extraction, we used (10) as further
analysis after computing (4) to (9) in the third stage. In the
texture extraction, we computed all formulas from (11) to (17)
in this stage. Fig. 11 and Fig. 12 are given to show how both
feature extractions were performed in this proposed work.

5) Training and testing of classification

In this stage, we do the training and testing stages to
classify the acute lymphoblastic leukemia and the acute
myelogenous leukemia by using learning vector quantization
neural network. We used our data with three variations of
data. In compositions as 90% for data training and 10% as
data testing, 80% for data training and 20% as data testing,
70% for data training. and 30% as data testing.

Fig. 7. Data training of all cells.

|
Fig. 9. Data testing of all cells.
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Below the samples of data set for data training and data
testing.

TABLE |: DATA SET OF ACUTE LYMPHOBLASTIC LEUKEMIA (AML) AND
ACUTE MYELOGENOUS LEUKEMIA FOR DATA CLASSIFICATION

Data Training 1 2 3 4 5
Mean H 0.376265 | 0.372441 | 0.360519 | 0.364189 [0.360726
Mean Saturation| 0.245826 | 0.252516 | 0.279248 | 0.287212 [0.252121
Mean Value 0.377909 |0.375044 | 0.360233 | 0.3486 ]0.387153
Angular Second
Moment 0.003479 | 0.001440 | 0.002913 | 0.004018 [0.001984
Contrast 11.2179 10.4817 | 11.3819 8.41391 |12.6142
Correlation 0.99802 | 0.99798 | 0.998293 | 0.998479 ]0.998075
Variance 2858.62 | 2588.86 | 3327.58 | 2761.01 |3269.48
Inverse
Different
Moment 0.51303 | 0.431573 | 0.488703 | 0.529036 |0.455292
Entropy 9.94011 | 10.4581 | 9.87562 | 9.62846 |10.4082
Image ALL55 ALL56 | AMLO1 AML02 | AMLO4

The data above are results of color feature extraction and
texture feature extraction. The results will be classified with
learning vector quantization neural network algorithm.
Below are steps of feature color extraction and feature texture
extraction.

RGB Value /
.—
Get Color Feature /

Fig. 11. Flowchart of HSV color feature extraction.

START
RGB Value /

Get Texture Feature /

Fig. 12. Flowchart of texture feature extraction by using GLCM.
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IV. IMPLEMENTATION AND EXPERIMENT RESULTS TABLE |I: TESTING OF ACUTE LYMPHOBLASTIC LEUKEMIA (ALL) WITH
i i i PERCENTAGE 80% DATA TRAINING: 20% DATA TESTING
In this section, we discuss the results of our — -
. . . Lo classificatio Execution
implementation of learning vector quantization neural n time
network algorithm and blood cells imagery extraction No. File Conclusions Explanation
technique for classification of acute leukemia are discussed. | —f———— RAeE‘IJ_" — éslegzg;’)a —
. . - . etecte .
Figure 13 aqd_Flgure 14 shgw Fhe user experience of neyral > TALLo2 PGl ALL Setoced0.109250 ALL
network training and application of this implementation, 0.101214
respectively. In this study, we use MATLAB to develop our 3 |ALL03.JPEG| ALL detected ALL
proposed work. To evaluate our proposed work, we calculate 4 JALLO4.JPEG| ALL detected | 0.108363 ALL
the accuracy (Acc) of our model by using formula defined as: 5 |ALLO5.JPEG] AML | notdetected |0.103572 AML
6 |ALL06.JPEG| ALL detected | 0.102826 ALL
T it | 7 _|ALLO7.JPEG| ALL detected | 0.100651 ALL
Ace = 2. Truepositive value (18) [&_|ALL08.PEG] ALL detected | 0.106951 ALL
ZTataj DataTest IALLO9. JPEG| ALL ALL
9 detected ] 0.103132
10 |ALL10.JPEG| ALL detected | 0.099071 ALL
B o R 11 |ALL11.JPEG| ALL detected | 0.097178 ALL
' O 12 JALL12.JPEG|  ALL detected [ 0.102824 ALL
13 |ALL13.JPEG| ALL detected | 0.099826 ALL
14 |ALL14.JPEG| ALL detected | 0.102028 ALL
15 |ALL15.JPEG| ALL detected | 0.105162 ALL
Conclusions of Detected 14
Data Testing
Not Detected 1
il Average of
3 0,1036812
i Execution time
. (Second) second
Fig. 13. User interface of classification. TABLE IlI: TESTING OF ACUTE LYMPHOBLASTIC LEUKEMIA (AML) WITH
PERCENTAGE 80% DATA TRAINING: 20% DATA TESTING
% [
ok T - classificati Execution
i fastiag ——— . on time
oot [ om | B Cira astikan Dikenal Sebagai No. File Conclusions Explanation
- = { B e Result (second)
e— { 1 |AMLOL. JPEG | AML detected | 0:095459 AML
PR 2 JAML 02. JPEG| AML detected 0.098941 AML
3 JAML 03. JPEG ALL not detected | 0.099563 ALL
" 4 |AML 04. JPEG| AML detected 0.099469 AML
5 |AML 05.JPEG| AML detected 0.099782 AML
Wil 20 |
e | 6 JAML 06. JPEG| AML detected 0.102393 AML
: _ — M— 7 lAMLO7.JPEG| AML detected | 0-103215 AML
Fig. 14. User interface of classification and result of testing.
8 JAML 08.JPEG| AML detected 0.097433 AML
After we trained our data samples, we found the best 9 JAML 09.JPEG| ALL | notdetected | 0.097300 ALL
parameter for our model, then we used the parameters for 10 |JAML 10.JPEG| ALL | notdetected | 0.098575 ALL
data testing that can be detailed as follows: Learning Rate 11 lamL11. PEG|  ALL not detected | 0.101379 ALL
(LR) Is set to 00001, and Minimum Learnlng Rate (MLR) 12 |AML 12. JPEG AML detected 0.098297 AML
X o .
equ:ls_ 0.00001 v_wth percentage of 80% is dgta training a_lnd 13 (AMLI13.JPEG[ AML detected 0110073 AML
20 % is data testlng: From the results of our implementation 11 ML 12 pec] AML detected 0.106016 AML
can be tabulated as in Table Il and Table I1I. Table 11 shows 5 ML 15 PG| ALL | notdetected | 0.212099 ALL
the classification testing of ALL and Table Il presents the p— 'f p : 5
classification testing of AML, respectively. According to one usg‘:tiﬁgmta Detecte L
Table 11, there are 14 cases of 15 identified as ALL by u_sing Not Detected 5
our approaches. In this study, ALL can be detected with a Average of 0108586571
satisfaction score of about 93.33%. However, when tested Execution time '
(Second) second

our algorithm to detect AML cases, we only achieved about
80% or 12 cases are true out of 15 cases from the percentage
of data 80% is data training and 20 % is data testing.
Consequently, after we testing all of the variants of the
percentage of data (90%:10%, 80%:20%, 70%:30%) we can
report that on average, our algorithm can argue about 70.31%
accuracy in classifying and identifying the acute leukemia
cases.
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V. CONCLUSION

In this paper, an implementation of learning vector
quantization neural network and blood cells extraction
imagery to classify acute leukemia is proposed. We combine
these two approaches and test our algorithm by using 150
data samples. In our implementation, we used learning vector
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quantization neural network algorithm (LVQ.1) for
classifying ALL and AML. To extract the characteristics of
blood cells (ALL and AML) and digital image processing for
the leukemia identification technique. The experimenta
results show that our algorithm can identify ALL and AML
cases about 93.3% and 66.67% with the percentage of data is
80% data training and 20% data testing, or we can achieve
about 80%. Finally, after we testing all of the variants of the
percentage of data (90%:10%, 80%:20%, 70%:30%) we can
report that on average, our algorithm can argue about 70.31%
accuracy in classifying and identifying the acute leukemia
cases.
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