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ABSTRACT

Red blood cell (RBC) diagnosis is very important process for early detection of blood related disease such as
malaria and anemia before suitable follow up treatment can be proceed. Conventional method is conducted by pathologist
by manually count and classifies the viewed cell under light microscope. Such process is tedious and required highly skill
and experience pathologist to analyze the shape of the red blood cell and consequently counting its number. In this paper
an automated RBC counting and classification system is proposed by using National Instrument (NI) Vision Builder
Automated Inspection (Al) tool to speed up the time consumption to analyze the RBC and to reduce the potential of the
wrongly identified RBC. Initially the RBC image undergoes image pre-processing steps which involved global threshold of
method applied green channel color image. Then it continues with RBC counting by using particle area and calculator
numeric function method. Eventually, Heywood Circularity Factor method is applied for normal and abnormal RBC
classification. The proposed method has been tested on blood cell images and the effectiveness and reliability of the system
has been demonstrated.

Keywords: red blood cell, NI vision builder Al, particle area, heywood circularity factor.

INTRODUCTION Image processing is an alternative method to

Blood is a connective tissue consisting of red
blood cells (RBC), white blood cells (WBC), and platelets
suspended in plasma. As a medium of transportation for
the whole body, blood composition is very vital to be
monitored when it comes to medical inspection. RBC
analysis contributes information of pathological diseases
and condition. It helps doctors to determine the
appropriate treatment to the patient. Any condition which
there is an abnormally low of haemoglobin concentration
or red blood cell count is indicating to anaemia (Fox,
2009) and also low of specific vitamin (Sharif, 2012). The
shape of RBC and its deformability or abnormality has
connection to the relevant disease such as Huntington’s
disease, Myalgic Encephalomyelitis (ME) and Multiple
Sclerosis (MS) (Vromen, 2009).

Complete blood count (CBC) is a compilation
test of blood component including for RBC analysis.
Normally the blood sample is taken and processed in the
laboratory by using chemical electronic devices such as
haemocytometer or haematology analyzer. This work is
manually done by lab technologist and it is very dependent
to their skill especially to count the cell through
microscope (Sharif, 2012). The counting and analysis
process is difficult when the cells are overlapped as shown
in Figure-1. The conventional method is time-consuming
to complete and the counting task is laborious (Natsution,
2008).

identify each single cell in blood samples. Comparing to
the conventional method, image processing provide
various advantages that y helpful in the RBC analysis.
Classification of each cell in blood samples is the ultimate
process to be conducted to identify each single cell in the
blood cell. This classification process will lead to the
counting process. From counting process the total quantity
of each single cell in blood samples can be gained. It will
be used as a reference for a doctor to make a conclusion
about the patient health status.

Figure-1. Image of blood sample.
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Nowadays many researchers have interest in
developing algorithm to automatically count and analyze
the blood cells. They applied advanced technology of
image processing in conjunction with artificial intelligent
and computer graphic system to provide methods that are
accurate, faster and easy to use. Source of blood samples
are obtained from the lab and the images are captured
using light microscope that attached with a digital camera
(Tomari, 2014; Venkatalaksmi, 2013). For the image
processing part, many advance software are used such as
MATLAB (sharif, 2012), Lab VIEW (Ajay, 2014)
Microsoft Visual Studio and Open CV (Tomari, 2015).
The image processing can be broadly divided into two
main categories which are segmentation and classification.
The former extract the RBC area while the latter process
the extracted area into cell morphology information.

Segmentation process is an important step in
image processing to differentiate objects from the
background. In the previous study, there are variety of
methods proposed for segmenting the RBC image such as
threshold and morphological operation (Ajay, 2014,
Venkatalakshmi, 2013; Berge, 2011), pulse coupled neural
network (PCNN) (Adagale, 2013), colour based
segmentation (Mahmood, 2013), masking and watershed
algorithm (sharif, 2012), active appearance model (Cai,
2012), shape reconstruction (Wang, 2010) and region
based segmentation (Vromen, 2009). In this paper, RBCs
image is segmented using threshold and morphological
operation. The value of threshold is set in green channel
since it gives the best contrast between RBC and
background (Tomari, 2014). Morphological operation then
works on binary image for changing shape, size, structure,
and extract clear feature of RBCs. It includes remove
border, remove small object, fill holes, reverse and
equalize steps.

Classification of RBC process can be carried out
using several methods such as neural network (Tomari,
2014, Poomcokrak, 2008), template matching (Adagale,
2013), edge detection (Cai, 2012), and depth map and
surface feature (Wang, 2008). This process is to identify or
recognize the pattern of RBC into normal and abnormal
considering single or overlapped condition. Besides, it also
aids in counting process. This paper uses Heywood
circularity factor technique for RBC classification added
with mathematical numeric function for calculation
purpose.

RBC counting and analysis using image
processing is ongoing research in medical diagnosis
imaging. It always goes through improvement as a new
research is carried out. The researchers offered many
different methods that can provide better accuracy and
promising solution. However there are still weaknesses
and constraints due to the image itself such as colour
similarity, weak edge boundary, overlapping condition,
image quality, contrast, brightness, illumination and noise.
Thus, more studies must be done to handle those matters

to produce strong analysis approach for medical diagnosis
purpose.

SYSTEM OVERVIEW

The proposed method flow diagram of RBC
counting and classification system is outlined in Figure-2.
It starts with the input image acquired from a light
microscope that attached with eye piece static camera. The
pre-processing start with global threshold RGB colour
under green color channel. The range of the value is finely
selected to extract only the blood cells from its
background. After that image smoothing process continues
with remove border object, remove small object and fill
the hole. Once the pre-processing step completed, the
counting process starts by using selection range of particle
area to classify single, two-overlap, three- overlap of RBC
and so on. Following that, the calculator numeric function
is used to sum up all of the RBC quantity.

For classification, since the unique feature
between the normal and abnormal RBC is the spike
border, hence Heywood circularity factor can be used to
differentiate between them. The significant value of
Heywood circularity is finely tuned until it can
significantly distinguish between the two cells. For this
project, all of the mentioned methods are applied using NI
Vision Builder Al. Towards the end, the performances and
accuracy of this counting and classification method are
evaluated.

f——— | DPre-processing

Multi overlzp RBC
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Figure-2. RBC counting and classification flow diagram.
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Image acquisition

The images are acquired from light microscope
that equipped with DinoEye Eyepiece Camera as shown in
Figure-3, and the process of capturing the image will
involve blood smear process to the prepared sample.
Blood smear is a process of preparation blood specimen on
the slide that observed under microscope. The process for
displaying the RBC image will involve digitization of
image from the optical image with 40 times (40X)
objective which equal to approximately 400 magnification.

Figure-3. Image acquisition equipment.

Image segmentation and processing

Before proceed for RBC identification, the initial
stage is pre-process the acquired image. This image cannot
be process straight away as it is. It needs to be prepared in
monochrome or binary representation for convenience and
fast processing. Binary image represents the image as 1 or
0 and from this representation then the next process can be
proceed. Threshold method is the easiest way to separate
the object in image from its background. The color
property that is selected for this project is RGB. Under
RGB segregation, the most prominent color to
qualitatively and quantitatively differentiate between RBC
and its background is the Green channel.

(Equalize)

(Reverse image)

Figure-4. Image pre-processing stages.

The threshold value can be selected between 0
until 255 and among this value the most significant
threshold that matches for the whole sample images is in
the range of 148-154. There are total four images that be
used in this project for RBC counting and classification
and sample of the threshold image is shown in the first
row of Figure-4. In the image, the background is in the
white representation while the foreground is in black.

After the thresholding process, the next process is
applying the Vision Assistant function to pre-process the
image. Due to the process only focusing on the complete
RBC shape, thus the RBC in the border location can be
ignored due to its incomplete shape. Under the tab of
“Processing Function: Binary” by selecting “Advanced
Morphology” function follow by “Remove border object”
option, the RBC that located in the image border can be
removed. Sample of the outcome of this process is shown
in the second row of Figure-4.

From the segmentation process there are small
objects and holes exist in the image that needs to be
cleared. These small objects are come from the platelet
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area and from the imperfection of background
identification. To diminish such noise a “Remove small
object” function is selected and minimum area that
constitute to noise is empirically determined as 50. Due to
hemoglobin shape of the RBC, after the threshold process
some of the inner RBC area becomes hollow. These holes
need to be filled due to it affects in the classification stage
that using object particle area property. To solve this
matter, a “Fill hole” function is selected under the
“Processing Function: Binary” tab of Vision Assistant
function. Sample of the output of the filtering step is
shown in the third and fourth row of Figure-4.The image is
then ready to be fed into the next stage which are RBC
classification and counting.

RBC counting and classification

To determine the RBC morphology, in this
project two features are extracted which are the area of
particle and Heywood circularity. The first feature can
determine single and overlap RBC while the latter classify
the single RBC region between normal and abnormal. In
NI Vision Builder this method is located under “Detect
Objects” function under the tab of “Inspection Steps:
Locate Feature”. From empirically analysis, it is found
that the single non overlap RBC particle area is around
(524-3047) thus for area higher than this value the RBC
can be classified as overlap. The single RBC can be count
directly and percentage error count can be determined by
using following equation.

Error (%)

__|No.of automated count—No.of actual count|

x100% (1)

No.of actual count

Heywood circularity factor function is applied to
identify the normal RBC region. It works by dividing the
object perimeter with the circumference of a circle with
the same area. The closer the shape of a particle is to a
disk, the closer the Heywood circularity factor is to 1. The
equation for calculating the factor is as follow:

Heywood circularity factor
article perimeter
= P £ 2

perimeter of circle with same area as particle
particle perimeter

2\/71 x particle area

Once the normal RBC area is found, the
abnormal RBC location can be identified by subtracting
the area of non overlap RBC with the normal RBC regions
as in equation (3). This method function is located in
“Calculator” function under the tab of “Inspection Steps:
Use Additional Tools”.

Abnormal RBC = Non_overlap RBC - Normal RBC  (3)

EXPERIMENTAL RESULT AND DISCUSSION

In this section, analysis of the developed RBC
counting and classification system is tested using four
blood smeared images as shown in Figure-4 which are
labeled as RBC_1, RBC_2, RBC_3 and RBC_4.The
analysis is conducted to determine an optimal parameters
and consequently the system performance for
distinguishing between single and overlap RBC, and
normal and abnormal RBC.

(RBC3)

(RBC_4)

Figure-5. Four samples of RBC image.

From the analysis of four sample images shown
in Figure-5, it is found that the range of particle area of
RBC in the images is from 574-16841 (RBC_1), 528-
15905 (RBC_2), 814-30838 (RBC_3), and 1352-7196
(RBC_4). From this range, empirically the single RBC
region can be identified when the area is within 524 to
3047 pixels. Above this value the RBC is identified as an
overlap cell.

In the overlap case, generally there will be a
situation where more than two RBCs in overlapped region
and hence the exact number is unknown. To solve this
issue, the range particle area is further manipulated. The
range is set according to following formulation : 0-3047
for single RBC, 3048- 5000 for two RBCs, 5001-7000 for
three RBCs, 7001-9000 for four RBCs, 9001-11000 for
five RBCs and 11001-20000 is for six RBCs. With this
simple procedure, the estimated number of total RBCs in
the blood smeared image can be determine easily with an
acceptable accuracy.

For analysis of normal and abnormal RBCs from
the single RBC cells, Heywood circularity factor function
is applied. From the mentioned four sample images above,
preliminary testing indicate that the range of Heywood
circularity factor for normal RBC is 1.029-1.964 (RBC_1),
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1.008-2.221(RBC_2), 1.004-2.757 (RBC_3) and 1.002-
1.723 (RBC_4). For generalizing this finding, the value is
set within 1-1.026 for normal RBC region and abnormal
beyond this range. The number of each respective cluster
will be counted after the identification process completed.

| Legend: * Misclassified Normal as Abnormal M Misclassified Abnormal as Normal

] ey =

[ () 23]
Simulate Acquisiton 1 Threshold Image 1 Vision Assistant 1 Non Overlap RBC
RBC_4.PNG £ Objects = 71

=50.56338

|—>< o] 00 = & 1
= mmm &3] = Llw (= ; = (D
Overlap RBC Narmal RBC Abnormal RBC Abnor (%) Normal RBC (%)

= Objects = #Objects = 43 #0bjects = 28

Figure-6. Image RBC_4 classification result.

Figure-6 shows sample of the classification and
counting result of image RBC_4 by using the developed
system. From the image it can be seen that the total
quantity of the three clusters which are single RBC,
overlap RBC, normal RBC and abnormal RBC is
successfully obtained. The general system performance is
assed based on the system ability to correctly identify and
count the number of normal RBC cell and abnormal RBC
cell. For each images, the quantitative measurement is
performed based on True Positive (TP), False Positive
(FP), True Negative (TN), and False Negative (FN)
parameters. All the related formulas are shown in equation
(4). Precision provides information about how many of the
detected fraction cells are correct, and recall tells how
many cells are correctly detected in each class from the
whole image. The accuracy on the other hand, gives
evaluation about how well the overall system performance
with respect to the ground truth data

Pre;:;s;(;n = Tpy = opopy o Accuracy =
+
“)

TP+FP+TN+FN

Table-1 summarized the result of RBC
classification. Overall the proposed method performs quite
well with an average accuracy of 86.076%, average
normal precision of 64.820% and 63.881% of average
recall. This means that most of the object classes are
correctly identified with an acceptable error rate. Actually
the classification process only focused on normal RBC
identification and the abnormal one is identified based on
the subtraction function. Therefore, the quantity of
abnormal RBC is highly depending on the correctness of
the normal RBC detection. It can be seen that in image
RBC_ 4, there are quite a lot FP of abnormal RBC
detected. This misclassification occurs due to the shape of
the RBC that is in the form of oval shape. Therefore it is
out of the range of the defined normal RBC shape. If the
maximum range of Heywood circularity factor is changed
from 1.026 to 1.030 some of this normal RBC can be
classified, but unfortunately the number of misclassified
abnormal as normal become higher.

Table-1. Result for identifying and count the number of
normal and abnormal RBC.

Image RBC type TP | FP | TN | FN | Precision (%) Recall (%) Accuracy
(*6)

Normal 0 0 11 1 0.000 0.000

RBC_L Abnommal 11 1 0 0 91.667 100.000 51660
Normal 7 2 13 1 77.778 87.500

RBC_2 Abnommal 13 1 7 2 93.750 88233 88.000
Normal 21 1 ] 6 95.455 71778

REC_3 Abnormal 9 6 21 1 60.000 90.000 81.081
Normal 37 6 24 [ 4 86.047 90244 <

562
RBC_4 Abnommal 4 | 4 37 [ 6 85.714 85.714 83362

Figure-7 shows sample of counting result of image
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Figure-7. Image RBC_4 counting result.
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RBC_4. In the image processing, the objects that
touch border are neglected. For obtaining the better result
of counting as well as the accuracy, the threshold value in
earlier process is very important. Overall counting
performance is summarized in Table-2. It shows the
overall error rate for every sample is less that 10% and
hence it is quite acceptable. Image RBC_4 has less error
since the number of single RBC is dominant and only
three group of overlapped RBC is in it. For image RBC_1,
RBC_2 and RBC_3, the overlapped cells number are quite
high and with the existing of white blood cell and platelet
make the counting and the classification task quite
difficult. The error percentage of image RBC_1 is highest
because of the condition of overlapped cells is very
complicated. It is quite hard to exactly put the number
because of the size and the shapes of the overlapped cells
are different for each group.

Table-2. Error percentage of RBC counting.

Image Actual quantity Automatic counting Error (%)
quantity
REC_1 118 107 9402
REC_2 24 20 4762
REC_3 87 g0 1.209
REC_ 4 82 21 1.220
CONCLUSIONS

In this paper a method of RBC counting and
classification is proposed. The system consists of two
main process which is image pre-processing and RBC
counting and classification. The platform that is used is NI
Vision Builder Al. The main function which is applied in
this project in the software is “Vision Assistant” under the
tab of “Inspection Step: Enhance Images and “Detect
Object” under the tab of “Inspection Steps: Locate
Features”. Vision Assistant if for image pre-processing
and Detect Object is for counting and classification.

We have shown that by using area of particle
function, each of single RBC can be identified. Particle
area specialized applied for non-overlap RBC quantity.
For overlap RBC, there is additional method that was
tested which is selection the range of particle for two
overlap RBC, three overlap RBC, four overlap RBC and
so on. It is noted that selection particle area range is not
accurate and not robust for instance in RBC total overlap
case. In future for counting process, it suggested to apply
Hough transform due to it can detect circle image in
overlap region. NI Vision Builder Al is not supported for
this function.

Classification of normal and abnormal RBC was
defined by using Heywood circularity factor. The tested
system was successfully done with the acceptable
precision, recall and accuracy of the normal and abnormal
RBC if compared to the ground truth data. In this project
the classification only focused on normal RBC and the
abnormal RBC data is not independent. By the way, there

is limitation of using Heywood circularity factor method
for oval shape of normal RBC.

In future it is suggested that the classification
focused more than Heywood circularity factor which can
identify the unique feature that only belong to the normal
and abnormal RBC. Thus, both classification of normal
RBC and abnormal RBC is independent and can generate
the accurate result of the total quantity of non-overlap
normal and abnormal RBC. It is also suggested to use
Particle Classification method under Vision Assistants
function due to its function can train samples of images to
be classified.

In the other hand, during image pre-processing
stage, the image of white blood cell is proposed to be
removed earlier for better RBC counting and classification
result. Method that is suggested for this purpose is by
using CMYK color threshold segregation function. In
future if more image of RBC samples can be provided
then the performance of the system can be tested more
thoroughly for multi condition and shape of RBC.
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