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A leukocyte image fast scanning method based on max-min distance clustering is proposed.
Because of the lower proportion and uneven distribution of leukocytes in human peripheral blood,
there will not be any leukocyte in lager quantity of the captured images if we directly scan the
blood smear along an ordinary zigzag scanning routine with high power (100%) objective. Due to
the larger field of view of low power (10%) objective, the captured low power blood smear images
can be used to locate leukocytes. All of the located positions make up a specific routine, if we scan
the blood smear along this routine with high power objective, there will be definitely leukocytes in
almost all of the captured images. Considering the number of captured images is still large and
some leukocytes may be redundantly captured twice or more, a leukocyte clustering method
based on max—min distance clustering is developed to reduce the total number of captured images
as well as the number of redundantly captured leukocytes. This method can improve the scanning
efficiency obviously. The experimental results show that the proposed method can shorten
scanning time from 8.0-14.0 min to 2.5-4.0 min while extracting 110 nonredundant individual
high power leukocyte images.

Keywords: Leukocyte image; fast scanning; scanning routine; max—min distance clustering;
window clustering; microscopic imaging; image segmentation.

1. Introduction

Quantities of different types of leukocytes' in
human peripheral blood is the most commonly
performed medical data to play a vital role in the
diagnosis of various diseases, therefore, researching

*Corresponding author.

leukocyte image fast scanning is meaningful. There
are five kinds of leukocytes with different functions
in human peripheral blood. Blindly counting the
total number of leukocytes is meaningless. It is more
reasonable to use differential counting for disease
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diagnosis. The morphology structures of leukocyte
can help doctors to analyze the pathogenesis. Only
the high power microscopic images can deliver the
detailed morphology structures of leukocyte. If the
current leukocyte scanning mode is directly using
high power (100%) objective to scan along an ordi-
nary zigzag routine, lots of images without any
leukocyte are captured due to the lower proportion
and uneven distribution of leukocytes in human
peripheral blood. There is no point in capturing the
regions without any leukocyte, besides it will in-
crease follow-up workload. Thus, the scanning effi-
ciency is low, and many computer resources are
wasted in saving and processing the useless images
without any leukocyte. Due to the low power (10%)
objective’s larger field of view, there are definitely
many leukocytes in the captured low power images
though the morphology structures of leukocyte are
not detailed. Because the leukocyte has nucleus
while the erythrocyte does not have, leukocyte nu-
clei can be segmented by image segmentation®*
and all the leukocyte nuclei that have been seg-
mented can be positioned by image processing.””
This paper uses image binarization® '’ to achieve
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the segmentation of leukocyte nuclei. If these leu-
kocyte nucleus’ centroids can compose a special
routine, all the leukocyte nuclei that have been
segmented will be efficiently captured on purpose
when scanning with high power objective. But
scanning along each leukocyte nucleus’ centroid one
by one is still ineffective. The number of totally
captured images is still large and this method will
lead to redundantly capturing of many leukocytes.
Applying clustering algorithm!'*'? on leukocyte
nucleus’ centroids in leukocyte low power micro-
scopic image based on max—min distance clustering
means'>!° can greatly reduce the total number of
captured images and the proportion of redundantly
capturing. Experimental results indicate that leu-
kocyte image fast scanning method based on max—
min distance clustering has a higher efficiency.

2. Leukocyte Localization

If we directly scan a blood smear along a zigzag
routine with high power objective, it is certainly
that the expected images containing one or more in-
tact leukocytes can be captured as shown in Fig. 1(a).

f&. \

(d)

Fig. 1. Captured images while scanning at different power objectives. (a) Expected leukocyte image (b) Image without any
leukocyte (c¢) Image with an incomplete leukocyte (d) Captured low power image.
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But because of the lower proportion and the uneven
distribution of leukocytes in blood smear, many
captured high power images contain no leukocyte
completely or contain only an incomplete leukocyte
as shown in Fig. 1(b) and 1(c) while scanning. So
many unexpected images will not only waste saving
space, but also increase follow-up workload. Due to
the low power objective’s larger field of view, the
captured low power blood smear image as shown in
Fig. 1(d) may contain many unevenly distributing
leukocytes (with nucleus) though there are not
enough details of leukocytes’ morphology structure
in it. If we pre-scan the blood smear with low power
objective along the zigzag routine as shown in Fig. 2
(a), several images containing different amounts of
leukocytes as shown in Fig. 2(b) may be captured
and the total amounts of leukocytes in these images
are more than 110, which is sufficient to the medical
needs. If we manage to locate these leukocyte nuclei
by image segmentation and all of the located posi-
tions make up a specific routine, while we scan the
blood smear along this specific routine with high
power objective, there will be definitely leukocyte
with details of leukocytes’ morphology structure in
almost all of the captured images. Locating leuko-
cytes in low power microscopic images firstly is a
way to improve scanning efficiency.

As shown in Fig. 3(a), leukocyte low power mi-
croscopic image is a color image. Commonly used
color spaces are RGB color space and HSI color
space. R represents red component, G represents
green component, B represents blue component.

A Leukocyte Image Fast Scanning

HSI color space includes three components: hue
(H), saturation (S) and intensity (I). Conversion
formulas between RGB color space and HSI color
space are as follows:

( arccos{ [(R-G)+(R-B)|/2 }
(R—G)*+(R—G)(G - B)]/?

H= B<G

QW—arccos{ [(R-G)+(R-B)]/2 }
(R—G)?>+(R—-G)(G-DB)]'/?

B>G,

(1)
3 .

S=1-rrgypmnBeBL @)
f:%(R+G+B). (3)

Image segmentation is a process which differ-
entiates leukocyte regions and some impurity
regions from background. Lots of experimental
results show that S component can segment the
leukocytes and some impurities while B component
can be used to filter the impurities of blood
smear. Figure 3(b) is the S component grayscale of
Figure 3(a). It shows that leukocyte regions and
some impurity regions have the higher grayscale.
Fig. 3(c) is the B component grayscale of Fig. 3(a).
It shows that some impurity regions have the lowest
grayscale. Thus, we use S component to locate
leukocyte and the impurities, and use B component
to filter impurities.

(b)

Fig. 2. Pre-scanning procedure with low power objective. (a) Blood smear and pre-scanning routine and (b) captured low power

images while pre-scanning.
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Fig. 3. Leukocyte low power microscopic image and its processed images. (a) Low power microscopic image, (b) S component
image of (a) (¢) B component image of (a), (d) binarization image of (a) without any impurity.

Image threshold segmentation also called image
binarization is an important image segmentation
method. Threshold selection'®'” is the key step
in image binarization process. Otsu'®!? algorithm
is a favorable threshold selection method, but for
the consideration of shorter time consumption, we
use the mean value threshold method. It goes like
this:

M-1N-1

1
T = ; ;f(w)- (4)
In formula (4) where T is the threshold, N is total
number of pixels per row and M is total number of
rows of the selected image f(i, j).

After solving the problem of threshold selection,
the specific procedures of leukocyte location is as
follows:

Step 1. Separating R, G and B component of the
captured leukocyte low power microscopic image by
image processing; calculating S component of the
image by formula (2).

Step 2. Calculating thresholds of S component
and B component using formula (4); getting

binarization images of S component image and B
component image.

Step 3. Obtaining coordinate range of impurities
in binarization images of B component; removing
the coordinate range of impurities obtaining above
in binarization images of S component.

Step 4. Connecting the areas whose centroid are
very close, thereby singling out paging lymphocytes;
removing the areas too small or too large, so as to
filter out impurities.

After the above procedure, we can get the
binarization image of leukocytes without any im-
purity, as shown in Fig. 3(d).

3. Fast scanning method based
on max—min distance clustering

By morphological detection, the leukocytes’ cen-
troids in the binarization image with only leukocyte
nuclei as shown in Fig. 3(d) can be figured out. If we
directly use each leukocyte nucleus’ centroid as the
corresponding scanning center of high power ob-
jective, all the located leukocytes will be definitely

1650022-4



J. Innov. Opt. Health Sci. 2016.09. Downloaded from www.worldscientific.com
by 103.240.126.9 on 10/21/18. Re-use and distribution is strictly not permitted, except for Open Access articles.

A Leukocyte Image Fast Scanning

(a)

(b)

Fig. 4. Comparison of scanning routine before and after clustering. (a) Scanning routine composed of leukocyte nucleus’ centroids

and (b) Scanning routine composed of clustering centers.

captured. But because the high power objective’s
field of view is much bigger than the size of any
leukocyte, some leukocytes may be captured several
times when they are closer to one another. As shown
in Fig. 4(a), the rectangular boxes represent the
high power objectives’ field of view, those leuko-
cytes on the left-center and right-bottom corner
may be captured several times. Clustering can re-
duce the total number of captured images and the
number of redundantly captured leukocytes.

Compared with K-means clustering,’’?? max—
min distance clustering method does not need to
determine the number of initial clustering centers,
which is more suitable for leukocytes clustering. The
basic principles of max—min distance clustering are
as follows:

Step 1. Suppose there areN leukocytes (N = 19
in Fig. 4(a)), their centroids are the set S, = {Z,
Zy...7,}.

Step 2. Randomly selecting an leukocyte, for
example Z;, take Z; as the first clustering center;
selecting the leukocyte which has the maximum
distance to Z; from the set S,, as the next clustering
center.

Step 3. For the remaining leukocytes Z; in the
set S,,, respectively calculating the distance to Zi,
Zy...7;(Zy,Zy...7; are the established clustering
centers), the minimum is signed as DZ;.

Step 4. Calculating the maxS,{DZ;}, if
maxS,{DZ;} > K (K is the set threshold), then
take the Z; as the new clustering center.

Step 5. Repeating Step 3 and Step 4, until we
can not find a new clustering center which can
satisfy the above constraints.

The superiority of max-min clustering in leuko-
cyte image scanning is mainly embodied in captur-
ing the regions that contain dense leukocytes.

Comparing Figs. 4(a) with Fig. 4(b), after cluster-
ing, the total number of captured images on the
left-center with denser leukocytes distribution is
reduced obviously, from 9 to 4 frames. Clustering
can reduce both the total number of captured
images and the proportion of redundantly captured
leukocytes.

After max—min distance clustering on leukocytes
in low power microscopic image, the number of
clustering centers is much less than the number of
leukocytes. As shown in Figs. 4(a) and 4(b), after
clustering on leukocytes, the number of captured
images has been reduced from 19 to 11, and there is
only one redundantly captured leukocyte dash cir-
cled in Fig. 4(b). Thus, scanning along the routine
composed of clustering centers can greatly reduce
the number of captured images. Actually, the re-
dundantly captured leukocytes need to be manually
singled out and will lead to additional time
consumption.

4. Experimental Results and Analysis

In order to verify the feasibility of the proposed
method, lots of experiments using an improved
OLYMPUS BX53 microscope which can realize
leukocyte image auto-scanning have been carried
out. Ten medical professionals have been invited
helping us to complete the experiments. The anal-
ysis of experimental result is as follow:

4.1. Scanning routine design

Figure 5(a) is one of the captured low power mi-
croscopic images while scanning the blood smear
along the zigzag routine. The total number of
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Fig. 5. Scanning routine design. (a) One of the captured low power microscopic image while scanning, (b) scanning routine
composed of leukocyte nucleus’ centroids and (c) Scanning routine composed of max—min distance clustering centers.

available leukocytes is 49 confirmed by the invited
medical professionals. By using the above leukocyte
segmentation and the nucleus’ centroid location
method, the scanning routine composed of nucleus’
centroids is shown in Fig. 5(b). The 49 nucleus
centroids are just figured out which shows the above
leukocyte segmentation and the nucleus’ centroid
location method are validity. If we scan the blood
smear along this routine with high power objective,
because 19 leukocytes will be captured twice or even
four times, it will take much more time to single out
the 49 nonredundant leukocytes from 68 or even 106
captured leukocytes. After the max—min distance
clustering on leukocyte nucleus centroids, the clus-
tering result is shown in Fig. 5(c). There are 36
clustering centers in it. If we scan the blood smear
along this routine, only 36 frames of leukocyte
images need to be captured. It saves lots of scanning
time. And as shown in Fig. 5(c), there is only one
leukocyte captured twice in the region marked by
the arrow.
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4.2. Redundant capturing analysis

With the help of the 10 medical professionals, we
obtain 110 individual leukocyte high power micro-
scopic images. The result of directly using leukocyte
nucleus’ centroids (no clustering) as guidance of
high power objective is shown in Fig. 6(a). As can
be seen, there are massive leukocytes redundantly
captured, among them, 16 leukocytes are captured
twice, 4 leukocytes are captured three times and 2
leukocytes are captured four times. It contains only
80 nonredundant leukocytes in Fig. 6(a). Because of
the massive redundant capture, to single out 100
nonredundant leukocytes for medical diagnosis we
need about 140-170 individual leukocyte high
power microscopic images using this method. The
result of using max-min distance clustering is shown
in Fig. 6(b). Only 2 leukocytes are redundantly
captured. By this method, 110 individual leukocyte
high power microscopic images can guarantee 100
nonredundant leukocytes which is the minimum
amount of leukocytes for diagnosis.
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Fig. 6. Results of different methods. (a) Result of no clustering (b) Result of using max—min clustering
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Table 1. One of the 10 medical professionals’ time consumption recorded (unit: minute).

Number of blood smears 1 2 3 4 5 6 7 8 9 10
No clustering 13.7 139 89 80 95 101 94 125 94 10.7
Max-min clustering 2.9 3.7 32 33 4.0 3.5 4.0 26 3.8 2.6

4.3. Comparison of time consumption

There are five kinds of leukocytes with different
functions in human peripheral blood. Blindly
counting the total number of leukocytes is mean-
ingless. It is more reasonable to use differential
counting to make diagnosis of disease. The redun-
dantly captured leukocytes will influence the dif-
ferential counting and ultimately lead to
misdiagnosis for patients. Thus the redundantly
captured leukocytes need to be manually singled
out. This work is time consuming.

To compare time consumption of different scan-
ning routines, we record the time consumption
for extracting 110 nonredundant individual leuko-
cytes. Table 1 is the time consumption recorded
for scanning 10 blood smears by one of the 10
invited medical professionals. The mean time con-
sumption by the scanning routine composed of
leukocyte nucleus centroids (No clustering) is
10.61 min. The mean time consumption by scanning
routine composed of max—min distance clustering
centers is 3.36 min, much shorter than that of the
former.

Figure 7 shows the time consumption recorded
for all the 100 blood smears tested by the 10 medical
professionals. The time consumption by scanning
routine composed of leukocyte nucleus’ centroids

20

no clustering

181 —— max-min clustering ]
N I \/\ ﬁ \ N
£12 |

T R S

Number of blood smears

Fig. 7. Comparison of time consumption.

ranges from 8.0-14.0 min and presents an apparent
volatility. This apparent volatility is mainly caused
by different uneven leukocyte distributions in dif-
ferent blood smears. The further experimental
analysis reveals that the denser the leukocyte dis-
tribution is, the more redundantly captured leuko-
cytes there will be. The redundantly captured
leukocytes need to be manually singled out and lead
to additional time consumption. Time consumption
of scanning the blood smear along the routine
composed of max—min distance clustering centers is
greatly shortened to 2.5-4.0 min and presents an
little bit volatility, it is because the total number of
captured images and the proportion of the redun-
dantly captured leukocytes are both reduced.

The above experimental results show that the
max—min clustering method can observably shorten
the scanning time. And the total scanning time is
less than 4.0 min for each blood smear to extracted
110 nonredundant leukocytes.

5. Conclusion

A leukocyte image fast scanning method based on
max-—min distance clustering is proposed. Due to the
low power objective’s larger field of view, the cap-
tured low power blood smear images during scan-
ning can be used to locate leukocytes and guide the
leukocyte image scanning on purpose with high
power objective. By establishing the max—min dis-
tance clustering model, the total number of cap-
tured images can be significantly reduced. The
experimental results show the feasibility of the
proposed method. It takes only less than 4.0 min to
extract 110 nonredundantly leukocytes in a blood
smear to be tested. That means more than 15 pieces
of blood smear can be tested in an hour. This will
increase efficiency of blood smear test apparently.
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