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Abstract—Segmentation of malaria parasite on thick blood
smear is a critical intermediate step in automation process of
malaria detection. Most of the thick blood smear have low
quality that characterized by high noise, the low-intensity
difference between background and foreground, and the
presence of artifacts. This situation makes the segmentation
process becomes difficult. In this paper we proposed a new
segmentation strategy for microscopic images of malaria
parasite obtained from thick blood smear using watershed and
adaptive thresholding. The proposed method consists of two
main stages: image enhancement and segmentation.
Enhancement process used Low-pass filtering and contrast
stretching. Meanwhile, the segmentation used combination
watershed segmentation and adaptive thresholding. The
performance was evaluated on 253 parasite candidates, cropped
from 22 thick blood smear microphotographs. The experimental
results showed that the average segmentation accuracy of the
proposed algorithm was 95.2%. Further analysis showed that
the nucleus and cytoplasm of the malaria parasite were
successfully extracted, thus the method is suitable for being used
on detection of malaria parasites.

Index Terms—Adaptive Thresholding; Low Quality; Malaria
Parasite; Thick Blood Smear; Watershed.

I. INTRODUCTION

Malaria is a serious infectious disease in tropical country.
From World Malaria report 2014, there are recorded greater
than 5 hundred thousand deaths from about 200 million cases
of malaria were reported in 2013 [1]. Because of the high
mortality rate, malaria should be handled as soon as possible.

One important step is to make a proper diagnosis of malaria
patients. It can be obtained by conducting a series of tests on
blood samples. Manual microscopy examination of blood
smears is the gold standard in the diagnosis of malaria
[WHO]. It should be observed at least 100 microscopic fields
from thick blood smear image with a high magnification [2,
3]. The aim of this process is to detect the presence of malaria
parasites in the patient's blood. This process is tedious and
tiring. Therefore, it required computer-aided diagnosis to
overcome this problem.

Segmentation is key that determines the success or failure
of the process of detection and identification of malaria.
Watershed method is widely used in medical image
segmentation, such as in leukemia, nucleus, or objects
granular form. Advantages of this method are that it can

provide a natural growth of the region corresponding to each
object shape and size independently, and automatically
provides a closed contour and computing efficiency [4].
However, over-segmentation may exist in case of watershed-
based segmentation. Not only over segmentation but also
because of by image noise, image artifacts, and discrete
nature of image intensity distribution. Therefore, watershed
needs to combine with other methods to overcome this
drawback [4, 5, 6, 7]. Several studies perform segmentation
on a thick blood smear. Kaewkamnerd et al. used adaptive
threshold that used to segment image derived from
information V-Value histogram [8]. Elter et al. used
comparisons green and blue components of the smear to
highlight the object that contains the core. The proportion of
green and blue components used as the basis for determining
fixed threshold in the segmentation process [9]. Arco et al. do
quantify malaria parasite on thick blood smear. In the
segmentation process using adaptive threshold to identify
existing blood components [10].

In the above studies, parasite determination is based on the
parasitic nucleus. As in Arco et al. [10], the assumption of
blood components on a thick blood smear are only parasites
and white blood nucleus. In fact, there are four components
in the thick blood smear i.e. the nucleus of white blood,
parasites, platelets, and artefact. In the above studies, parasite
determination is based on the parasitic nucleus. As in Arco et
al. [10], the assumption of blood components on a thick blood
smear are only parasites and white blood nucleus. In fact,
there are four components in the thick blood smear i.e. the
nucleus of white blood, parasites, platelets, and artefact. The
last two components are possible to have sizes and shapes
similar to the nucleus parasite. Moreover, the method in
previous study ineffective if used images have low difference
intensity between object and the background. Meanwhile, the
characteristics of low quality of thick blood smears are noisy,
foreground intensity which is similar to the background, and
the possibility of the appearance of artefacts (mold, dirt that
occurs in the process of manufacture/ storage smears, and
other bacteria). The main difficulty is that the parasite
cytoplasm has a very similar color to the background.
Whereas, cytoplasm is a distinguishing feature of parasites
with other components. Therefore, it required a strategy that
can handle the noise and low difference intensity between
background and foreground, so the segmentation results can

e-ISSN: 2289-8131 Vol. 10 No. 2-4 113



Journal of Telecommunication, Electronic and Computer Engineering

be used later as a basis for determining whether an object is a
parasite or not.

In this paper, we proposed a new segmentation strategy for
malaria parasite from microscopic images using integration
of watershed and adaptive thresholding to overcome
enormous noise on the segmentation process of low quality
of thick blood smear. Segmentation consists of two stages
namely the initial segmentation stage which aims to extract
the core candidates parasite from thick blood smear and
advanced segmentation which aims to extract the core and
parasite citoplsma of candidate parasite obtained in the
previous stage. This paper focuses on the second
segmentation. While the initial segmentation is discussed in
another paper.

Il. MATERIALS AND METHOD

A. Materials

Microphotographs of the blood smears were prepared in
Eijkman Institute for Molecular Biology, Indonesia. The
images were captured using a 5-megapixel Nikon digital sight
DS 5Mc specifically designed and built-in for the light
microscope. However, in this study, the images were
generated using only 1.2 megapixel resolution. Utilizing
neither optical nor digital zoom, the camera captured the
image with 10x100 magnifications. The slides were
examined under oil immersion in order to adjust the
refractory index. Images were saved in the JPEG format in
1280 x 960 pixels size.

The data used are 253 candidates malaria parasite size 34x
34 pixels (Figure 1b). The images are obtained from 22 thick
blood smear images (Figure 1a). It looks very small and
difficult to recognize by the human eye. Therefore, the
candidates must be enlarged to make it easier to observe. In
this paper, enlargement candidate uses Gaussian pyramid and
it is done three times. Each expands operation doubles the
size of the initial image. The formulation is defined [11] as
follows.

A EDH IR 1)

where G, is obtained image by expanding G, k times, while
m and n are initial size image.

Figure 1: Thick blood smear image: a. Example image, b. Candidate
parasite that cropped from graylevel image of thick blood smear

B. Method

The proposed method is formed of four steps:
preprocessing to reduce noise and increase the contrast of
image, Otsu thresholding, determine region minima, and
segmentation (Figure 2).
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Figure 2: Flowchart of Proposed Method

a. Preprocessing

The aim of the preprocessing stage is to obtain images with
more contrast than the original image. This process consists
of two operations to increase the contrast of the raw acquired
images: image filtering to mitigate noise and image
enhancement, in the form of contrast stretching. In the first
stage, a Gaussian low-pass filter is applied to the input image
to get clear signal regions and suppress the influence of noise.
The form of these filter, H(u, v) [12] in two dimensions is
given by

H (U,V) _ e—Dz(u,v)IZDUZ (2)

where D(u, V) is distance from center of frequency rectangle
and Do = cut off frequency.

The next stage in preprocessing is contrast stretching. This
operation spreads out intensity values along the total range of
values in order to achieve higher contrast. It changes the
distribution and range of the digital numbers assigned to each
pixel in an image. This method is useful when an image has
low contrast, such as images in which both the background
and foreground are similar intensities. The form of these
contrast enhancement [12] is given by

0. - 1

T T NE
1+[ m ] (3)
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where:

M = midline of switching from dark value to light value

O;; = intensity of output pixel (i, j)

lij = intensity of input pixel (i, j)

E =slope function

& = constant, distance between 1 and the next largest
number

b. Otsu Thresholding

Parasite candidates image is complemented that aims to
change the image of the object which is considered as lighter
colored and dark-colored background then threshold by Otsu.
This method [12] is defined by

oy (t)=0" - ol (t) = o (O)eo, (1, (0) - 11, (1] “

Inter-class variance is expressed in wj class probability and
average class wi, can be updated iteratively. Intra-class
variance (2 (t)) can be defined as the sum of the variance of

the class object and the background in accordance with
Equation 5.
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o (t)=a,(t)or (t)+ @, (t)e (1) (5)

weights i is the probability of two classes separated by a

threshold and © variance of classes i (i = 1 for the
background and i = 2 for the foreground).

Implementation of Otsu thresholding aims to separate the
object and background (Figure 3c). The results will be the
basis for forming the watershed line (Figure 3d).

(@) (b)
(© (d)

Figure 3: Otsu Thresholding process (a) Input Image (b) Complement
Image (c) Otsu result (d) Watershed line

c. Determine region minima

Determination of region minima is taken from a point that
satisfies the condition, in which the collection point will form
a catchment basin. While the collection of points that do not
meet the conditions will serve as the watershed line. The
example below form 3 catchment basin marked by M1, M2,
M3 and limit or watershed line is the highest area in the
catchment basin meeting (Figure 4).

L
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Figure 4: Determination of region minima

d. Segmentation

In the segmentation process, there are two parts of
segmentation. First, image segmented with Watershed
Distance Transform Methods. Due to the limited space a brief
step by step explanation is provided in [9, 12].

The region minima obtained in the previous step made
flooding to form catchment basin or area around the region
minima. The search area is limited by the presence of dams
that prevent merging of catchment basin. This dam boundary
line relates to the division of the watershed region (Figure 5a).

Second, the region that formed by the segmentation process
is performed by adaptive threshold. Intensity of the watershed
region returned to its complement intensity and the intensity
of the area outside the watershed region is equated with the
intensity boundary watershed region (Figure 5b).
Furthermore, the average image is calculated, that is, the
image is convolved with a mean filter (50 x 50 mask). Then,
the average image is compared with the value of each pixel

in the input image [10]. Therefore, if the pixel in the original
image is greater than T% of the pixel in the average image,
then the pixel is labeled as 1 and it therefore belongs to the
background. Conversely, if the pixel in the original image is
less than T% of the pixel in the average image, then the new
value of this pixel is labeled as 0. Therefore, it belongs to the
signal.

a b [

Figure 5: Segmentation Process (a) Formation of watershed region (b)
Adjusted image intensity (c) Segmented result of adaptive threshold

C. Performance Measurement

Performance measurement of enhancement used Mean
square error (MSE) which is used to calculate the measure of
change in quality between the original image and
preprocessed image and Peak Signal to Noise Ratio (PSNR)
which is used to calculate the ratio of the maximum possible
power of an image signal and the noise which affects the
fidelity of the representation [13]. These measure defined as

N

MsE= -~ ¥ 3 (g(xy)-f(xy)f (6)

MN =7

where g(x, y) is image before enhancement and f(x,y) is image
after enhancement.

PSNR =10log 10(('\/,'\;";)2] @)

Performance measurement of segmentation is done by
comparing the ground truth and the result of segmentation.
The ground truth was built based on Malaria Diagnosis
Guideline by Eijkman Institute for Molecular Biology and
expert instruction. This segmentation accuracy, Acc, given by

Acc = |1-[ @ of .plxels. mISC|6.lSSIf |e.d <100% ()
no of pixels in considerat ion

I11. RESULT AND DISCUSSION

In the present work, enhancement and segmentation
methodologies have been applied to 253 malaria parasite
candidate images, but we show only 10 candidates in Figure
7. The result and discussion of enhancement and
segmentation methodologies are described in detail as
follows.

A. Enhancement

Tests performed on 10 data parasite candidate with the
value parameter of the process low pass filtering D = 10. The
contrast stretching parameters are m = 0.5, E = 4, and
variations € =0.4, 0.5, and 0.6. Enhancement results as shown
in Figure 6.

MSE and PSNR values of the images on enhancement
process above are calculated by equation 6 and 7 respectively.
The result presented in Table 1.
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Figure 6: Three variation of parameters contrast stretching, ¢ values.
(a) Original image (b) e =0.4 (c) e=0.5(d) £ =0.6

Based on the results of the experiments above,
enhancement process can improve the contrast between
objects and the background so the resulting image becomes
clearer than the original. Variation of ¢ value have an effect
on the MSE and PSNR of the process. Result with ¢ = 0.4
produces a clearer image than others values. However, the
increased image brightness must be considered. It does not
only eliminate noise from the image, but also can result in the
loss of information about the cytoplasm. This is because of
the intensity of the cytoplasm which is sometimes similar to
the surrounding background. As in the 2nd, 4th, 5th, and 6th
images, there is an erosion of the citoplasma area due to its
resemblance to the background. This will be bad for the next
process. Result with € = 0.5 give clear image and visible
cytoplasm. It is also supported by the average of MSE and
PSNR values that are better than others.

B. Segmentation

Segmentation is performed on the enhanced image of
parasite candidates. Performance of proposed method is
measured based on segmentation accuracy and it compares
with segmentation method based Otsu thresholding and
Fuzzy Similarity Measure (FSM) that proposed by Lopes et
al. [14] and Pratamasunu [15]. This second approach is
claimed as proper method to segment the image that has very
irregular histogram because more suitable to deal with object
edges and ambiguity, and it can avoid the problems involved
in finding the minimum of a function. Very irregular

histogram is one of the major problems in binary
segmentation. It also becomes one of the problems in the
segmentation of malaria parasite candidate on the thick blood
smear image.

The segmentation result of candidate parasite images
shows in Figure 7. Segmentation accuracy of the above three
methods are calculated by Equation 7. The result summarized
in Table 2.
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Figure 7: Segmentation result of candidate malaria parasite
(a) Input image (b) Groundthruth, (c) Segmentation result of Otsu, (d) FSM
(e) proposed method

Visually, the segmentation result by Otsu method is over
segmentation because the area is bigger than groundtruth
which means non-object pixels (noncore and cytoplasm) are
extracted too. Meanwhile, segmentation results using FSM
have under segmentation because the resulting area is smaller
than groundtruth. Some parasite images even lose their
cytoplasm, as in the 3rd, 4th, 6th, and 8th candidates. The
result of the segmentation using the proposed method tends
to be under segmentation but the form is more similar to
groundtruth than the other two methods. In addition,
citoplasma can still be extracted. The existence of cytoplasm
in the segmentation result is very important because it
distinguishes a parasite nucleus with another object.
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Table 1

MSE and PSNR Values of Enhancement Image

95.2%.
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Candidat e=0.4 e=0.5 e=0.6
andidale —ISE PSNR_ MSE__PSNR___MSE___ PSNR
1 27924 13.67 488.0 21.25 12843 17.04
2 1844.3 1547 4179 21.92 626.2 20.16
3 2616.1 1395 4055 2205 14971 16.38
4 2603.1 1398 4519 21.58 638.0 20.08
5 816.4 19.01 217.2 24.76 519.0 20.98
6 1598.0 16.10 3439 22.77 396.5 22.15
7 27777 13.69 4153 21.95 1410.0 16.64
8 2377.2 1437 4932 21.20 18416 15.48
9 1303.8 16.98 3132 23.17 389.3 22.23
10 13935 16.69 406.4 22.04 751.1 19.37
Average 2012.3 1539  395.3 22.27 935.3 19.05
Table 2
Segmentation Accuracy
. Acc (%)
SIIE Otsu FSM Proposed Method

1 89.6 94.9 96.6

2 92.2 89.6 93.0

3 92.7 90.0 93.9

4 89.1 94.7 96.1

5 92.5 95.9 96.5

6 96.1 915 93.9

7 84.6 83.0 89.0

8 84.7 95.7 95.1

9 96.6 95.4 96.8

10 81.9 93.3 94.2

Average 90.6 93.0 95.2

Quantitatively, the segmentation performance of the three
methods is presented in Table 2. It is seen that the proposed
method is superior to the other two methods on most images
with an average accuracy of 95.2%. The strange thing
happened to the 8th Candidate segmentation result. Although
FSM obtains the highest accuracy, visually the segmentation
result is incorrect because they cannot extract the cytoplasm.

Based on the results of the analysis visually and
quantitatively, the proposed method can give more precise
and accurate result than other method. Therefore it is proper
to segment parasites candidate of malaria.

IV. CONCLUSION

A new segmentation strategy for low quality of thick blood
smear is presented in this paper. There two stage i.e.
enhancement and segmentation process. The use of low-pass
filtering and contrast stretching on enhancement process can
reduce noise and improve the contrast between malaria
parasite and the background. Combination Watershed and
adaptive thresholding are very effective to segment malaria
parasites. It is characterized by obtaining the nucleus and
cytoplasm of parasites on segmentation results. The proposed
method has precise and accurate results in a segmentation of
malaria parasites from the thick blood smear and achieves
highest average segmentation accuracy than other method i.e.
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