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Abstract: This paper presents an efficient method for generating spatiotemporal images in order to 
detect leukocyte motion in microvessels. Leveraging the constraint that leukocytes move along the 
contour line of the blood vessel wall, our proposed method efficiently generates spatiotemporal 
images for leukocyte motion detection. To that end, translational motion caused by in vivo 
movement is first removed by a template matching method. Second, the blood vessel region is 
detected by an automatic threshold selection method in order to binarize temporal variance images. 
Then, the contour of the blood vessel wall is expressed via B-spline function. Finally, using the 
detected blood vessel wall’s contour as an initial curve, the plasma layer for the most accurate 
position is determined in order to find the spatial axis via snake, and the spatiotemporal images are 
generated. Experimental results show that the spatiotemporal images are generated effectively 
through comparison of each step with three images.     
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1. Introduction 

Dynamic analysis of blood cells in the blood vessel 
wall plays a crucial role in the field of physiology research. 
Leukocytes in the blood vessels usually protect the human 
body from bacterial infection through phagocytosis, which 
preys upon foreign substances or bacteria that infiltrate 
from outside the body. It is known that 4,000 to 10,000 
leukocytes typically reside in one µl of blood [1, 2]. When 
the number of leukocytes is either higher or lower than 
normal, it is more likely for the patient to contract disease, 
such as leukemia [3, 4]. Leukocyte velocity offers an 
important index [5, 6] in the analysis of interactions 
between blood vessel walls and leukocytes, which supports 
clinical diagnosis of disease related to leukocytes. The 

majority of blood cells that flow in microvessels are 
erythrocytes, and the number of leukocytes is relatively 
small when compared to erythrocytes. Unlike erythrocytes, 
leukocytes that adhere to the blood vessel wall move very 
slowly. Although it is difficult to find leukocytes in an 
individual image frame, they can be observed from a 
sequence of continuous image frames (i.e., a movie 
playback) by speed, number, and size (e.g., a small number 
of slowly moving, large objects, versus a large number of 
fast-moving, small objects). Leukocytes that are located 
near the center region of the blood vessel wall are not 
easily found because they are hidden by a large number of 
erythrocytes, but leukocytes located near the blood vessel 
wall can easily be found as they flow on the upper side of a 
transparent plasma layer that is generated by the axial 
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concentration effect of erythrocytes [7].  
The conventional methods of measuring leukocyte 

velocity are not accurate, and their accuracy depends on the 
amount of collected data, which involves manual human 
intervention. Therefore, the issue of measurement accuracy 
and reproducibility came to the fore [8, 9]. Related research 
from a physiological point of view exists [10, 11]. Closely 
related research on leukocyte motion detection was 
performed by Schmid-Schonbein et al. [5] and Komatsu et 
al. [7]. They described the biological interactions of 
leukocytes and erythrocytes in microvessels, and also the 
dynamic flow of leukocytes in the microcirculation process. 
In addition, Measurement of Leukocyte Motions in a 
Microvessel using Spatiotemporal Image Analysis was 
published by Jin-Woo Kim [12]. He used Gabor filters that 
have sharp orientation selectivity in order to emphasize 
leukocyte traces under a noisy background. However, it is 
unclear if leukocyte traces are detected clearly in the 
detection results, because the images of the detection results 
are not the measurement of leukocyte motion, which is in 
fact left out in detection steps. 

Although test images are different from conventional 
images, we studied accurate visual detection of leukocyte 
motion under noisy conditions [13, 14]. The ultimate 
objective of this series of studies is to develop an accurate 
measurement of leukocyte velocity. Therefore, this 
research can be considered fundamental research that 
addresses the problem of measurement accuracy and 
reproducibility of leukocyte velocity. This paper proposes 
a method that generates spatiotemporal images of 
leukocyte motion that adheres to microvessel walls in a 
more accurate and algorithmic fashion by searching for 
adequate spatial positions of the plasma layer in 
microvessels. 

Detecting leukocytes from images is challenging due to 
noise present in the images. Nonetheless, leukocytes near 
the plasma layer can be observed by the axial concentration 
phenomenon of erythrocytes. For observation of these 
leukocytes, we focus on finding information about leukocyte 
motion located near the microvessel wall and which is 
therefore less influenced by noise. 

The rest of this paper is organized as follows. In 
Section 2, we define the problem of blood cells flowing in 
microvessels, and describe a basic technique to solve the 
problem. In Section 3, we describe a detection method for 
the blood vessel region. In Section 4, after the boundary 
line application of a blood vessel region by B-spline 
function, we describe our proposed technique to generate 
spatiotemporal images through estimation of adequate 
positions of the spatial axis with a snake. In Section 5, we 
demonstrate the effectiveness of our proposed method 
through experiments. In Section 6, we conclude this work, 
and describe future work. 

2. Definition of the Problem, and its 
Solution 

Fig. 1 shows two frames from microscopic image 
sequences that include moving leukocytes in rat mesentery 

microvessels. The image sequences consist of 100 frames. 
Each frame is 640 200×  pixels in resolution, and the 
frame interval is 1/30 of a second. 

As shown in Fig. 1, it is hard to find leukocytes from 
only a single frame because a blood vessel also includes 
many erythrocytes. Erythrocytes flow too quickly for 
humans to observe from videos. However, moving 
leukocytes that adhere to the blood vessel wall can be 
observed because their velocities are relatively slow. 
Leukocytes also generate spatiotemporal images by 
selection of a curve parallel to the contour line of a blood 
vessel as a spatial axis, as shown in Fig. 2, because they 
move along the contour line. 

Fig. 3 shows a cross-section of a blood vessel. Fig. 3(a) 
shows the cross-section of a blood vessel and the region 
that erythrocytes pass through. Figs. 3(b) and (c) illustrate 
two different leukocyte locations; in Fig. 3(b) leukocytes 
can easily be found, whereas in Fig. 3(c) the leukocytes are 
difficult to find because erythrocytes overlap it from this 
viewing direction. 

It is observed from continuous video images, as shown 
in Fig. 4, that there are transparent plasma layers on the 
very inside of microvessels from the axial concentration of 
erythrocytes and the margination phenomenon of 
leukocytes. Moving leukocytes can be clearly tracked 
because they are not overlapped by erythrocytes on the 
upside of the plasma layer. For the purpose of this research, 
we are concerned with leukocytes on the plasma layer in 
order to detect stable leukocyte motion, and to then do the 
imaging of the leukocyte traces by generating 

 
(a) 1st  image frame 

 

 
(b) 31st  image frame 

Fig. 1. Two frames arbitrarily selected from a 
microscopic image sequence. 

 

 

Fig. 2. Spatiotemporal image generation. 
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spatiotemporal images regarding the correct position of the 
spatial axis through decisions about the correct position of 
the plasma layer. 

The overall task flow of the proposed method is shown 
in Fig. 5. 

First, the positions of each frame in the image sequence 
are calibrated so that all frames use a uniform position. 
Overall translational motions take place in each frame by 
the movement of a living body itself in the image sequence. 
Template matching is performed to remove any 
translational motion from the spatial normalized 
correlation method [15-17]. 

Second, a blood vessel region is detected [18]. The 
temporal variance is large for each pixel in a blood vessel 
region, because blood cells flow continuously in a blood 
vessel region. On the other hand, the variance in other 
regions, except for a blood vessel region, is small because 
other regions remain stationary. Therefore, the places that 
show a large temporal variance are blood vessel regions. A 
blood vessel region is detected by binarizing the temporal 
variance image that expresses the temporal variance of 
each position. 

Next, the boundary line of a blood vessel region is 
expressed by B-spline function [19-21]. There are data 
expressing the boundary line of a blood vessel region 
detected by binarizing. These data are discrete data and 
very important for velocity estimation of the blood cells, 
but they cannot be expressed as distance based on the 
boundary line in continuous amounts. Therefore, B-spline 
is applied to the boundary line of a blood vessel region by 
taking these data as sampling points. The boundary line of 
a blood vessel region is expressed as continuous functions 
by an application like this. 

Finally, the adequate position of the spatial axis 
expressing the plasma layer via snake [22, 23] is 
determined accurately after the boundary line of a blood 
vessel region determined by B-spline is taken as the initial 
values. By obtaining the spatiotemporal images on the 
basis of the spatial axis attendant upon the plasma layer, 

the traces of leukocyte motion can be relatively clearly 
visualized because the erythrocytes do not flow in the 
plasma layer. 

3. Detection of a Blood Vessel Region 

In a sequence of images, rotation movements can be 
neglected as they are minimized by internal movements of 
a living body itself. Therefore, only translational motions 
need to be removed by preprocessing. Position matching is 
performed by template matching using the normalized 
correlation method [15-17] on each image frame in the 
image sequences. Each template matches subpixel units on 
the basis of interpolation of correlation values. Multiple 
templates are typically used to increase the accuracy and 
success rate of position matching. For the images used in 
this research, translational moving amounts can be 
estimated accurately, even though only one template is 
used. On the other hand, it is possible to cause 

(a)  Cross-section    (b) Detectable            (c) Undetectable 
      of blood vessel       leukocytes           leukocytes 

Fig. 3. Axial cross-section of a blood vessel, and the 
impact of viewing direction on detecting leukocytes. 

 

Fig. 4. Axial concentration of erythrocytes and
margination of leukocytes. 

 

Definition of the problem of blood cells and its 
solution 

↓ 
Elimination of translational movement between 
two frames by template matching using the 
normalized correlation method 

↓ 

Detection of a blood vessel region using a 
temporal variance image, smoothing by Gaussian 
filter and processing of threshold values (Eqs. (1) 
and (2), and Figs. 7 through 9) 

↓ 

Boundary line application of a blood vessel region 
by B-spline function (Eqs. (3) through (7)) 

↓ 
Estimation of the adequate position of the spatial 
axis via snake (Eqs. (8) through (10)) 

↓ 
Results combined from two to five templates in 
three image sequences (Table 1) 

↓ 
Experimental results of spatiotemporal images via 
snake and manual trace images of leukocytes 
(Figs. 15, 17, 18, 20, and 21) 

↓ 
Comparison of the spatiotemporal images 
generated at each step of three image sequences 
(Figs. 12 through 21) 

Fig. 5. Task flow chart. 
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mismatching if the selection method for templates is 
undesirable. In order to remove these mismatches, 

( 2)k k >  templates of more than two having a square 
shape at 20×20 pixels are used, as shown in Fig. 6 where 
they are determined to be random in the reference image of 
the image sequences. The k (1 i k)< <  templates are 
combined into i by i. Also, in each group of these 
combination methods ( i

kC ), standard deviation ( ),dS t w  
for the deviation in each combination position is taken 
from the average of the combination positions of the 
number for i, where ( )1, 2,t t =  is time, n is the number 

of images in the image sequences, and ( )1, 2, , i
kw w C=  

is a combination. 
The accuracy is theoretically improved with a higher 

number of templates if the detection position exhibits 
normal distributions. However, if the number of templates 
is not high enough, a big position deviation can occur due 
to mismatching. In order to remove this undesirable effect, 
mismatching templates generating a big position deviation 
can be removed by outputting the average movement 
values as the results in each time t and in any group, such 
that standard deviation ( ),dS t w  of the translational 
movements becomes minimal. These desirable templates 
can cope with the number of mismatched k-1 of k 
templates, so high success rates for position matching can 
be guaranteed. The position matching equivalent to the 
position correction of each frame is done based on the 
estimated values of these translational movements. 

The temporal variation of gray-level values in blood 
vessel regions in continuous video images is very large, 
while the temporal variation of gray-level values in other 
regions of a blood vessel is very small, because blood cells 
flow in a blood vessel region. Therefore, the region can be 
identified as a blood vessel if the temporal variance of the 
gray-level values with respect to time variation is large. To 
that end, a temporal variance image like Fig. 7 is acquired, 
which shows the temporal variance of each pixel position 
from the image sequences of position matching. The 
temporal variance image ( ),S x y  is defined with Eq. (1). 

 

 ( ) ( ) ( )( )2

1

1, , ,
1

n

i
i

S x y I x y I x y
n =

= −
− ∑          (1)  

 
where 
 

 ( ) ( )
1

1, ,
n

i
i

I x y I x y
n =

= ∑                    (2) 

( ),iI x y  is the  thi frame of an image sequence that 
finishes position matching, and n is the number of images. 
A blood vessel region is identified efficiently, as shown in 
Fig. 7. 

Finally, the temporal variance image is binarized. First, 
the temporal variance image (Fig. 7) is smoothed by a 
Gaussian filter of 1σ =  pixels, as shown in Fig. 8, and 
then a blood vessel region is detected by binarization on 
the basis of an automatic threshold value selection method 
[24, 25]. Fig. 9 shows the thresholding result of Fig. 8. 

4. Spatiotemporal Image Generation 

4.1 The Boundary Line’s Application of a 
Blood Vessel Region by B-spline 
Function 

It is not straightforward to correctly obtain the distance 
in accordance with the boundary line, and it is also 
challenging to estimate any velocity, because the boundary 
line of a blood vessel region detected by binarization is a 
discrete digital curve. In order to express any distance 
more accurately and to analytically optimize the following 
snake processing at the same time, the boundary line of a 
blood vessel region by B-spline function [19-21] is 
expressed as a continuous flexible function. Our proposed 
process is as follows.  

A boundary point’s column of a blood vessel detected 
by binarization is determined with Eq. (3): 

 

Fig. 6. Five templates on an original image at 640 200×
pixels. 

 

 

Fig. 7. Temporal variance image. 
 

 

Fig. 8. The image after smoothing Fig. 7 by Gaussian 
filter. 

 

 

Fig. 9. The result after thresholding of Fig. 8. 
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                  (3) 
 

where N is the number of boundary points. The boundary 
point’s column is determined with Eq. (4) by using 
distance t. 
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Also, each ix  and iy  is expressed with the following 

parameters: 
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The equations above can be expressed with (6) by the 

flexible B-spline function: 
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where ( )miN t  is the normalized B-spline for each nodal 

point: 1 , ., ,i m i m iξ ξ ξ− − +  x
iC  and y

ic  are acquired to 
minimize (7), equivalent to a least square error function 
after determining nodal points of equal intervals by using 
Eqs. (5) and (6).  
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By following the methods above, the boundary line of a 

blood vessel region, ( ) ( )( ),x t y t , is expressed continuous- 
ly by the B-spline function. 

4.2 Estimation of an Adequate Position 
for the Spatial Axis Via Snake 

Erythrocytes are flowing in a microvessel, and they are 
concentrated near a blood vessel axis by their axial 
concentration phenomenon, whereas leukocytes adhere to 
a blood vessel wall by their margination, and flow in the 
plasma layer of the inner blood vessel wall. It can be seen 
in Fig. 10, which expresses image ( ),I x y  of Eq. (2) 
taking the temporal mean in each pixel. That is, the dark 
places of a blood vessel region in a temporal mean image 
reflect the axial concentration effect of erythrocytes,  and 
the plasma layer of white parts reflects the margination 
phenomenon of leukocytes. The signal-to-noise ratio of the 
spatiotemporal image can be improved by determining 

accurate spatial axes on the plasma layer, because there are 
only leukocytes on plasma layers. 

The position of the spatial axis in the plasma layer is 
determined accurately with a snake [22, 23] in order to 
improve the signal-to-noise ratio. This can be done by 
computing x

iC  and y
iC  such that Eq. (8) is maximized: 
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where ( ),I x y  is the temporal mean image that is covered 
with a Gaussian function. This means that a spatial axis 
goes through a plasma layer equivalent to the bright parts 
of the temporal mean image as much as possible. 

In order to maximize (8), boundary line ( ) ( )( ),x t y t  of 
a blood vessel region from (9) is used as an initial curve: 
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By taking 0 0( , )x y

i iC C , where 1, , ,i n m= +  as initial 
values in (9), the process is repeated by using (10): 

 

 
                                    (10) 

 
where α  is a correction amount assigned in advance 
repeatedly each time. Finally, spatiotemporal images are 
generated on the basis of a spatial axis determined by (10). 

5. Experimental Results 

5.1 Results of Template Combinations 
In this experiment,  the proposed method was evaluated 

by experiments with three kinds of image sequence, each 
composed of 100 image frames. 

Results of template combinations are shown in Fig. 6, 
combining between two and five templates for each of the 
three image sequences, in order to thoroughly evaluate the 

 

Fig. 10. Temporal mean image. 



IEIE Transactions on Smart Processing and Computing, vol. 6, no. 2, April 2017 

 

81

impact of template combinations. Position matching was 
done by considering the average of the detection positions 
of the selected template. In order to examine whether or 
not the combination is desirable for the number of 
templates combined, standard deviation ( ),dS t w  was 
acquired from the average transfer amounts of the 
detection template positions. The minimum standard 
deviation, ( ), ,dS t w  was acquired by changing the 
combination, ,w  for each number of combination 
templates, i . Table 1 shows the number of frames with the 
maximum average time greater than 0.5. A minimum 
standard deviation, ( ), ,w dMin S t w⎡ ⎤⎣ ⎦  greater than 0.5 
means that the deviation of the estimated values of 
translational movement amounts between templates in 
frame time t indicates the possibility that can occur by 
pixel unit. The higher the minimum standard deviation 

( ) ,w dMin S t w⎡ ⎤⎣ ⎦ , the more likely a mismatching template 
will be included. As can be seen from image sequence 
number 2 in Table 1, one template of five templates is not 
very desirable and, for the most part, mismatching 
templates are included when the number of templates, i , is 
five. However, with three templates, mismatching is 
removed efficiently, because the minimum standard 
deviation, ( ),w dMin S t w⎡ ⎤⎣ ⎦ , of any frame in all image 
sequences is not higher than 0.5. When mismatching is not 
included, in general, the accuracy can be improved when 
the average of the estimated values in many templates is 
taken. In this experiment, the number of templates, 3i = , 
is used when the number of image frames where 

( ),w dMin S t w⎡ ⎤⎣ ⎦  is more than 0.5 in all image sequences is 
zero. 

5.2 Binarization Results of Thresholding 
Binarization is performed using the automatic 

thresholding selection method [24, 25] after smoothing the 
temporal variance image by Gaussian filter, where σ 1=  
pixel in each image sequence. The mask size of the 
Gaussian filter used is 5 5× . The obtained thresholding, 
8, and the separability, 0.883, are shown in Table 2, and 
the separability shows the occasion that is easily divided 
into two regions. 

Fig. 11 shows the histogram of Fig. 8 and the obtained 
thresholding to binarize when Fig. 8 is the result after 
smoothing the temporal variance image by Gaussian filter, 
where σ 1=  pixel in image sequence 1. Fig. 9 shows the 
binary processing image. As shown in Table 2, Fig. 9, and 
Fig. 11, a thresholding having great separability could be 
acquired, and the blood vessel region could be detected 
desirably. 

Fig. 14 shows an overlapped and enlarged image of the 
blood vessel region contour of black lines and the blood 
plasma layer of white lines detected with a snake in image 
sequence 1. 

5.3 Comparison of Spatiotemporal Image 
Generation in Each Step 

Fig. 12 shows blood vessel region contours detected 
and spatiotemporal images generated by binarization of the 
temporal variance image in image sequence 1. 

Fig. 13 shows accurately localized curves on the blood 
plasma layers, and generated spatiotemporal images after 
detection with a snake in image sequence 1. 

Fig. 14 shows the overlapped and enlarged image of 
the blood vessel region contour of black lines and the 
blood plasma layer of white lines detected with a snake in 
image sequence 1. 

From Fig. 14, it can be estimated that the spatial axis 
on the blood plasma layers detected with a snake is in the 

Table 2. Thresholding and separability.

Image sequence
number 

Obtained 
thresholding Separability 

1 8 0.883 
2 8 0.907 
3 9 0.931 

 

 

Fig. 11. Gray-level histogram of a temporal variance 
image and the obtained thresholding. 

Table 1. Estimated average standard deviation of 
detected template position by pixel unit. 

Minimum standard deviation 
( ),w dMin S t w⎡ ⎤⎣ ⎦  

Image 
Sequence 
number 

The 
number of 
templates 

( i )  Average 
time 

Maximum 
time 

The number 
of frames 
that are 

more than 
0.5 of 99 
frames 

2 0.023 0.179 0 
3 0.037 0.385 0 
4 0.123 1.073 4 

1 

5 0.205 1.784 5 
2 0.048 0.180 0 
3 0.048 0.200 0 
4 0.188 0.599 3 

2 

5 3.834 7.079 83 
2 0.006 0.102 0 
3 0.013 0.035 0 
4 0.045 0.142 0 

3 

5 0.077 0.185 0 
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middle of a blood plasma layer, because the spatial axis is 
around the right inner side of the contour line of the blood 
vessel region. It is difficult to say if the difference of these 

curves is very large, but the spatiotemporal images 
acquired by this small position change are considerably 
transformed. Actually, in comparison with the 
spatiotemporal images of Figs. 12 and 13, it is obvious that 
the traces of leukocyte motion can be imaged more clearly, 
because the spatial axis was determined very desirably 
with the snake. Fig. 15 shows the tracking results of the 
traces of leukocyte motion when looking at each sheet 
manually from the image sequences. In comparison with 
the spatiotemporal images of Fig. 13 and the manual 
images of Fig. 15, it can be said that the traces of 
leukocyte motion are imaged more clearly in the 
spatiotemporal image generated by the proposed method. 
At this time, leukocytes that move along both contours of a 
blood vessel flow in the very inner parts of the vessel. 

Figs. 16 through 21 show each of the spatiotemporal 
images generated in each step, and the manual traces of 
leukocytes in image sequence 2 and in image sequence 3. 
It can be understood that the traces of leukocyte motion are 

 
(a) Detected blood vessel region contours 

 

 
(b) Spatiotemporal images on the upper blood vessel region 

contours 
 

 
(c) Spatiotemporal images on the lower blood vessel region 

contours 

Fig. 12. Results of a blood vessel region detected in
image sequence 1. 

 

 
(a) Accurately localized curves on the blood plasma layers 

 

 
(b) Spatiotemporal images on the detected upper blood plasma 

layers 
 

 
(c) Spatiotemporal images on the detected lower blood plasma 

layers 

Fig. 13. The results via snake in image sequence 1. 
 

 

Fig. 14. Enlarged images of the blood vessel region
contours of black lines and the blood plasma layer of
white lines detected with a snake in image sequence 1.

 

(a) On the upper blood vessel region contours 
 

 
(b) On the lower blood vessel region contours 

Fig. 15. Manual traces of leukocytes in image sequence 1.
 

 
(a) Spatiotemporal images on the detected upper blood vessel 

region contours 
 

 
(b) Spatiotemporal images on the detected lower blood vessel 

region contours 

Fig. 16. Detection results of a blood vessel region in 
image sequence 2. 

 

(a) Spatiotemporal images on the detected upper plasma layer
 

(b) Spatiotemporal images on the detected lower plasma layer

Fig. 17. Acquired results via snake in image sequence 2.
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expressed clearly in spatiotemporal images acquired via 
snake, as shown in Figs. 17 and 20. In comparison with 
each of the manual trace results of Figs. 18 and 21, it can 
be said that leukocyte motion in Figs. 17 and 20 is 
expressed very well. 

6. Conclusion 

This paper presents a method for generating 
spatiotemporal images to detect leukocyte motion in a 
microvessel and to seek a desirable spatial axis. 
Leveraging the constraint that leukocytes move along the 
contour line of a blood vessel wall, the method detects 
leukocyte motion and then generates spatiotemporal 
images. First, the translational motion by movement in 
vivo is removed by the template matching method. Second, 
a blood vessel region is detected with an automatic 
threshold selection method to binarize the temporal 
variance image. Next, a blood vessel wall’s contour is 
expressed by B-spline function. With the detected blood 
vessel wall’s contour as an initial curve, the plasma layer 
with the most adequate position is determined to be the 
spatial axis via snake. Finally, the spatiotemporal images 
are generated. The experimental results show that the 
spatiotemporal images are generated effectively through 
the comparison of each step with three image sequences. 
By using the spatiotemporal images expanded into two-
dimensional spatial axes, the review of detecting and 
recognizing leukocytes that do not move along the 
boundary direction of a blood vessel region remains for 
future work. 
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