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Abstract 
In this paper, we present an automatic spatio-temporal 

mining system of rolling and adherent leukocytes for 
intravital videos. The magnitude of leukocyte adhesion 
and the decrease in rolling velocity are common interests 
for inflammation response studies. Currently, there is no 
existing system which is perfect for such purposes. Our 
approach starts with locating moving leukocytes by 
probabilistic learning of temporal features. It then 
removes noises through median and location-based 
filtering, and finally performs motion correspondence 
through centroid trackers. By extracting the information 
about moving leukocytes first, we are able to extract 
adherent leukocytes in a more robust way with an 
adaptive threshold method. The effectiveness and the 
efficiency of the proposed method are demonstrated by 
the experimental results. 
 

1. Introduction 
1.1. Background 

Biological video mining is very different from 
conventional video mining such as in a video surveillance 
system. Automatic intravital video mining of moving 
cells are particularly difficult. For example, in contrast to 
the steady appearances of pedestrians and cars in a traffic 
video surveillance system, moving cells are very irregular 
in shapes and sizes. Furthermore, subject movements due 
to animals’ respiration, the strong dependency on 
biologists’ microscopy skills, contrast changes, and noise 
all add more road-locks to automatic video mining.  

In this paper, our focus will be on automatic intravital 
video mining of rolling and adherent leukocytes during 
inflammation responses. It is well known in biologists’ 
communities that leukocytes roll along vascular beds, 
arrest, and transmigrate before they are recruited to 
inflammatory sites and secondary lymphoid tissues during 
an inflammation response [1]. The magnitude of 
leukocyte adhesion and the decrease in rolling velocity 
are the main predictors of the inflammatory response. In 
[2] and [3], the measurement of leukocyte rolling and 
adhesion is done manually with a frame-to-frame video 
analysis. This type of manual data collection is time and 
labor consuming and subject to bias from observers. 
Automatic spatio-temporal mining of rolling and adherent 
leukocytes from intravital videos can significantly 

increase the accuracy of the data collection and liberate 
biologists from the unnecessarily tedious analyses.  

Currently, there are several approaches to tracking 
moving leukocytes from in vivo microscopy video 
sequences. In [4], local features such as color and 
temporal features are combined to develop a tracking 
system. It is reported to be capable of automatically 
tracking moving leukocytes. In order to perform motion 
correspondence between frames, they assume that all 
leukocytes roll along the vessel centerline. However, this 
assumption is not appropriate for all leukocytes activated 
during an inflammation response. Our video clips show 
that a significant amount of activated leukocytes indeed 
roll along the vessels’ boundaries. In another method of 
tracking moving leukocytes [5], after background 
removal, morphological filters are used to remove further 
noises. The problem of this method is that the shape/size 
changes of leukocytes can pose a big challenge for 
selecting a fixed structure element for morphological 
operations. Furthermore, both papers do not deal with 
detecting adherent leukocytes at all. 

 

1.2. General descriptions of our approach 
Figure 1 shows typical frames of rolling and adherent 

leukocytes from in vivo grayscale video sequences. From 
the figure, it is immediately apparent that both moving 
and adherent leukocytes have relatively higher intensities 
compared with their surrounding pixels in each frame. 
This observation prompts us to consider that using the 
intensity threshold method is probably able to extract 
leukocytes in each frame. However, a simple global 
threshold method cannot extract all moving leucocytes 
because some of them tend to appear blurred in some 
frames as shown in Figure 1(c)-(d). Furthermore, as the 
separation of adherent and moving leukocytes is desired 
in most inflammation response studies, the presence of 
adherent leukocytes frequently introduces false 
correspondence in the temporal tracking of moving 
leukocytes. From previous studies in [4] and [5], the 
spatio-temporal feature between frames seems to be a 
good target for detecting moving leukocytes. Therefore, 
in our approach, we detect moving leukocytes first from 
spatio-temporal features and then use this information to 
facilitate the detection of adherent leukocytes with the 
intensity threshold method. By the end, we have two 
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separate data sets on hands: moving and adherent 
leukocytes.  

Our video mining approach includes two main parts. 
1) Locating moving leukocytes and computing the 

average velocity: 
• Probabilistic learning from spatio-temporal data 

between frames is used to extract moving leukocytes 
for each frame (Section 3.1); 

• Further improvements on the above data with median 
filtering and location-based filtering with a binary 
image of vessel segmentation (Section 3.2);  

• Centroid trackers and minimal distance matching is 
used to correspond motion between frames, based on 
which the velocity can be calculated (Section 3.3).  

2) Extracting adherent leukocytes:  
• Extract both moving and adherent leukocytes from 

each frame with an adaptive global intensity 
threshold method (Section 4); 

• Remove the moving leukocytes obtained from 
Section 3 and consider leukocytes firmly adherent if 
they stay in the same location for a sufficiently long 
period (Section 4).  

 

The contributions of this paper are as follows: 
• A new algorithm of using probabilistic learning, 

filtering, and centroid trackers for automatic spatio-
temporal mining of moving leukocytes from in vivo 
grayscale video sequences is proposed. In this 
algorithm, spatio-temporal intensity-based features 
from all frames are used to predict the current frame. 
Later, median and location-based filtering is used to 
remove noise from the prediction result. Then 
centroids of moving leucocytes are automatically 
extracted. The correspondence of moving leukocytes 
between frames is achieved by minimal distance 
matching.  

• By detecting moving leukocytes in frames first, we are 
able to extract adherent leukocytes in a more robust 
way with an adaptive global intensity threshold 
method. The adaptive method is designed to adjust the 
global threshold for each frame respectively since the 
intensity level does change among frames in in vivo 
video microscopy.  

 

2. Intravital video microscopy 
In this paper, the closed cranial window model on rats 

was used to study the brain microcirculation. The scalp 
and the tissue from a 1.5x1.5 cm area bilaterally over the 
parietal cortex of rats were removed and a glass plate was 
glued to the surrounding bone to create a window. After 
recovery, animals were given 20 Gy radiation locally 
delivered to the brain. Ionizing radiation has been known 
to induce inflammatory responses in normal tissues 
including the central nervous system [2] [6]. Prior to 
microscopy video recording, rhodamine 6G was injected 

through the tail vein to fluorescently label leukocytes in 
order to visualize the blood vessels. Leukocytes rolling 
and adhesion are thus visible in grayscale videos (see 
Figure 1). 

 

 
Figure 1. Four consecutive frames (a)-(d) from an in 
vivo microscopy grayscale video sequence. The bright 
white dots are mostly leukocytes and the tree-like 
structures are the blood vessels of study. The arrows 
mark one moving leukocyte over the four consecutive 
frames.  

 

3. Video mining of moving leukocytes  
The optical flow techniques and background 

subtraction are popular approaches for tracking moving 
objects. The basis of optical flow is to estimate the optical 
flow at all points of a frame and significant points are 
grouped based on principles of motion coherence [7]. 
However, since there are also erythrocytes and other 
blood cells circulating inside and outside the targeted 
vessels, the optical flow technique can lead to a high false 
positive rate and make it inappropriate for tracking 
moving leukocytes from microcirculation video. Another 
drawback of the optical flow is its sensitivity to contrast 
changes. 

Background subtraction comes to everyone’s mind 
naturally since ideally we can consider that all have 
steady backgrounds and the rolling leukocytes are the 
only moving parts. The simplest background subtraction 
is to calculate an average image of all frames and then 
subtract each frame from this average, and finally 
threshold the result. Yet, the performance of tracking 
cells from in vivo videos is affected by many factors due 
to poor video quality such as camera/subject movement, 
noise and clutter, cell deformation, and contrast changes. 
Hence, the simplest form of background subtraction is not 
good enough and needs further improvement. In our 
approach, we use probabilistic learning in background 
subtraction and then apply median and location-based 
filtering. After locating moving leukocytes for each 
frame, we perform motion correspondence with centroid 
trackers and compute the average rolling velocity. 

 

(a) (b) 

(c) (d) 
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3.1. Probabilistic learning 
Given x1j, x2j, … xNj be the grayscale intensity values 

(0 to 255) of a pixel at the location j (1 ≤ j ≤ Total number 
of pixels in a frame) over N consecutive frames. The 
probability density function that this pixel will have 
intensity value xtj in the frame t can be non-parametrically 
estimated with the kernel estimator K [8]. We choose the 
kernel estimator function K to be a normal distribution, 
which means that the pixels at the same location of the N 
frames are considered to follow a Gaussian distribution 
by themselves. Therefore, the probabilistic density can be 
estimated with 
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Using this probability estimate, a pixel at the location j 
in the frame t is considered to be a foreground pixel if 
P(xtj) < th where th is a global threshold over all frames 
that can be adjusted to achieve a desired percentage of 
false positives [8]. Our studies show that a threshold of 
0.003 can achieve optimal results for this problem 
domain. With this model, a foreground pixel is a part of 
moving leukocytes in each frame since adherent 
leukocytes and blood vessels will be identified as 
background by this model. Based on our experiments, the 
probabilistic learning from temporal features is able to 
extract all moving leukocytes from each frame. An 
example of extracted moving elements is shown in Figure 
2. The arrows in Figures 2(a) and (b) point to the 
appearance of a moving leukocyte in two consecutive 
frames. In Figure 2(c), the extracted moving elements are 
depicted as white dots. As expected, the extracted moving 
elements include not only moving leukocytes, but also 
noises. 
 

3.2. Noise removal 
As shown in Figure 2, the data obtained from 

probability learning is not perfect and we can see a lot of 
noise signals in Figure 2(c). Further enhancement is 
necessary to remove noise from real signals. As 
mentioned earlier, one of the problems faced in vivo 
microcirculation videos is fluids flowing outside the 
vessels. Leukocytes moving outside the target vessels are 
certainly not of our interests. We can remove moving 
objects outside vessels with a location-based filtering. 
This can be achieved with a binary image of vessel 
segmentation. A simple way of vessel segmentation is to 
create a binary image of each frame using a global 
threshold method based on Otsu’s thresholding algorithm 
[12]. Figure 3 shows such a binary image example 
obtained from the frame in Figure 2(a). It is worth 
mentioning that each frame is associated with its own 

vessel binary image which might be slightly different 
from the others. By doing this, the slight changes in 
vessel shapes due to animal respiration or other reasons 
can be accommodated. The accurate location of vessel 
areas is important because there are many leukocytes 
moving along vessel boundaries. 
 

 
Figure 2. Extract moving leukocytes through 
probabilistic learning.  

 

 
 

Figure 3. An example of the binary image as a result of 
vessel segmentation obtained from the frame in 
Figure 2(a) with a global threshold method [12].  

 

 
Figure 4. Noise removal through filtering. 

 

Based on our experiments, the vessel segmentation is 
good enough to filter out moving objects outside the 
vessels; for an example, see Figure 4(a). However, even 
after we remove the objects outside the vessels, there is 
still noise. From Figure 4(a), we can see many tiny white 
dots (most of them are one pixel in size) spread around. 
Since they are relatively small and mostly isolated, the 
median filtering is a good choice to remove them without 
losing real signals. With the median filtering, the value of 
an output pixel is determined by the median of the 

(a) (b) 

(a) (b) 

(c) 
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neighborhood pixels. An example of median filtering is 
demonstrated in Figure 4(b). 

 
3.3. Motion correspondence and velocity 
computation 

As mentioned in Section 1.1, the velocity of moving 
leukocytes is a qualitative measurement of inflammation 
responses. Current methods of tracking cells from in vivo 
videos include correlation trackers [5] [9] and centroid 
trackers [11]. Correlation trackers use a fixed template for 
target cells and correlate it with the images to trace the 
target cells. This type of correlation is inappropriate for 
tracing moving leukocytes during inflammation responses 
because activated leukocytes tend to change their shapes a 
lot. We indeed observe this from the video sequence used 
in this paper. In contrast, centroid trackers are able to 
trace deformable cells by following their intensity mass 
center positions over frames. Therefore, we decide to use 
centroid trackers to trace moving leukocytes in this paper.  

The binary image obtained from Section 3.2 (Figure 
4(b) is an example) for each frame actually contains 
spatial information about moving leukocytes in each 
frame. Then a seeding and growing approach is used to 
extract each group of spatially connected leukocytes, and 
finally the centroid of each of such group can be located. 
After all centroid positions are located, we apply our 
matching algorithm to each frame and its previous frame. 
The matching algorithm is designed as below: 
• Start with a centroid position in the current frame, 

find the centroid position in the previous frame with 
the smallest distance; 

• If the smallest distance does exceed a pre-defined 
limit, we consider this pair to be a match;  

• Remove the matched pairs from the previous and the 
current frames and repeat the first step until all the 
centroid positions in the current frame are tried.  

In our experiments, the limit is set at 30 pixels, which 
is determined by the camera calibration parameters and 
the maximal velocity we can expect. The results from our 
experiments show a very low false positive rate and a 
reasonable recall rate when verified manually, which 
proves that the chosen limit is reasonable for our case.  

After acquiring all matched centroid positions between 
frames, we can compute the mean velocity Ve by 
averaging the Euclidean distances between matched pairs. 
We get an average velocity of 6.218 pixels per frame in 
our experiments. It is easy to convert it to a real-world 
velocity measurement Vc by the following equation when 
a calibration of in vivo microscopy c (length per pixel) 
and the time elapse between frames t are available: 

tCVV ec /*=  (3) 

 

4. Extracting adherent leukocytes  
From Figure 1, it can be seen that leukocytes tend to 

stand out from their surrounding areas in each frame. This 
suggests that local features (e.g., local intensity 
distribution) in each frame might be sufficient for 
extracting those leukocytes. The local range feature 
extraction, where each output pixel contains the range 
value (maximum value – minimum value) of its 
neighborhood pixels, is tried first. The choice of the 
neighborhood turns out to be very tricky. A circular shape 
neighborhood is reported to be a good choice in Acton et 
al. for tracking leukocytes [5], but we find it very difficult 
for our case. Even though normal leukocytes have a disk 
shape, leukocytes in inflammation responses tend to 
change their shapes a lot and the shapes can be quite 
irregular. We finally find out that the traditional 3-by-3 
rectangle neighborhood is actually the best choice. The 
local range filtering indeed captures all moving and 
adherent leukocytes in the frame. However, the resulting 
local range image also outlines the vessel boundaries. 

Since leukocytes tend to adhere to the vessel 
boundaries during inflammation responses, it is hard to 
separate those adhering leukocytes from the boundaries. 
The single global intensity threshold is another method 
which might be used to extract leukocytes of our interest 
out of each frame. Yet, the intensity change between 
frames from in vivo microscopy video sequences could 
not justify a single intensity threshold for all frames. 
Therefore, we design an adaptive algorithm to select an 
intensity threshold for each frame, respectively. The 
algorithm first starts with the median intensity value of 
each frame as the threshold, and the pixels whose 
intensity values are greater than this threshold will be 
tentatively marked as leukocyte pixels. It then gradually 
increases the value of the threshold as long as the 
percentage of marked pixels is more than 0.5%. 0.5% is 
chosen as the cutoff value through a simple sampling and 
training process. Figure 5 shows an example result of 
applying this method to an original frame. However, 
based on our observations from experiments on a real in 
vivo video sequence, there are two major problems in this 
straightforward use of the adaptive global threshold 
technique. One problem is that it sometimes also extracts 
moving leukocytes from each frame. This problem can be 
easily solved when we have the location information of 
moving leukocytes (see Section 3) in each frame. Another 
problem is that adherent leukocytes occasionally 
disappear and reappear in certain frames due to intensity 
changes or the poor quality of videos. In order to solve 
this problem, we use a heuristic rule, where we consider 
the leukocytes to be firmly adhering if we observe them at 
the same place for more than 9 frames across the entire 
video sequence. Such leukocytes will be copied from the 
frames where they do appear and superimposed onto 
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those frames where they are apparently missing. By doing 
so, the overall spatio-temporal consistency of adherent 
leukocytes is incorporated into the decision process in 
detecting adherent leukocytes. 

Figure 5(a) shows an original video frame which is the 
same as Figure 2(a). Figure 5(b) shows the binary image 
after applying the adaptive global threshold, where the 
white pixels represent the extracted leukocytes and the 
arrows point to those moving leukocytes. Similarly to 
how we remove noise from detected moving leukocytes 
in Section 3.2, we also use the vessel segmentation result 
to remove the signals outside the vessel area of interest. It 
is worth mentioning that when we compare Figure 2(c) 
and Figure 5(b), we can see that the moving leukocyte as 
pointed out in Figure 2(c) cannot be detected by the 
global threshold method, which exemplifies the need for a 
more sophisticated spatio-temporal reasoning method 
such as the one we described in Section 3.1. Figure 5(c), 
the binary image after removing the moving leukocytes 
and detecting (and recovering) the firmly adhering 
leukocytes is shown. With a binary image such as the one 
in Figure 5(c) at hand, it is easy to compute the magnitude 
of leukocyte adhesion represented by the total areas of 
pixels or um when a calibration for in vivo microscopy is 
available. 
 

 
Figure 5. Adaptive global intensity threshold method 
and its improvements.  
 

5. Experiments and discussions 
The grayscale video sequence used in this study comes 

from an in vivo video microscopy during a typical 
inflammation response where activated leukocytes roll 
and adhere to the vessels. Our strategy is to detect moving 
leukocytes first and then utilizes the information about the 
moving leukocytes to detect adherent leukocytes.  

Our video mining of moving leukocytes include three 
main steps – locating moving leukocytes through the 
spatio-temporal probabilistic learning of intensity based 
features, noise removal with median filtering and 

location-based filtering, and centroid trackers for tracing 
moving leukocytes over frames and computing the 
average rolling velocity. As mentioned earlier, there are 
several approaches locating moving leukocytes and 
computing rolling velocity from in vivo microscopy video 
sequences based on background subtraction with 
temporal features [4] [5] [10]. In [5], the background 
subtraction is achieved by subtracting the average of all 
frames from each frame. In [4] and [10], a temporal 
invariance image is computed for each frame and a single 
threshold is then selected to remove the background. We 
test both methods with our video sequence and both yield 
poor performances. This is probably due to severe noises, 
cell deformations and background movements. In order to 
overcome the problems, we introduce the use of spatio-
temporal probabilistic learning to extract moving 
leukocytes as foreground pixels and the performance is 
satisfactory. This demonstrates that a probability 
threshold is more appropriate than a low level intensity 
threshold, especially for those video sequences full of 
severe noises and contrast changes. However, the 
background subtraction alone is likely to suffer from 
excessive noise. Further enhancements following 
background subtraction are necessary to overcome this 
problem. In [4], a location-based filtering is used to 
remove false positive leukocytes if they are outside a 
vessel region. Acton et al [5] approach this problem by 
using morphological filters. However, none of them deal 
with the detection and separation of adherent leukocytes 
from moving leukocytes. In addition, the morphological 
filtering method performs poorly on our video sequence. 
This is probably due to the irregular shapes of leukocytes 
and their deformations. After location-based filtering, we 
also apply median filtering on our data to further remove 
those isolated random noises. Our approach of locating 
moving leukocytes is presented in an example as in 
Figure 4(b). After locating moving leukocytes in each 
frame, we continue our mining with centroid trackers to 
obtain motion correspondence and compute the rolling 
velocity. The rolling velocity is the main interest of 
moving leukocytes for many inflammation response 
studies because it offers biologists a qualitative 
measurement of each inflammation response. In [4], it is 
assumed that leukocytes roll along the vessel centerline 
and therefore a vessel centerline extraction from thinning 
can help in predicting the direction of moving leukocytes 
in the next frame. However, this assumption is against our 
observations that under inflammation response, 
leukocytes rarely roll along the centerline and move along 
the vessel boundaries instead. Acton et al 2002 use 
correlation trackers to match a template of the target 
leukocyte to each frame in order to find the instances of 
the target. This method is insufficient and very vulnerable 
to leukocytes’ deformations. We decide to apply the 

(a) 

(b) (c) 
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centroid trackers in our motion correspondence because it 
is less vulnerable to the frequent shape changes of 
leukocytes. We match leukocytes between frames by 
finding the pairs with the minimal distance which is 
below a selected limit. Our experiments on automatically 
tracing 118 leukocytes show a false positive rate as low 
as 1.6% when double-checked manually. The rolling 
velocity is 6.218 pixels per frame, which is verified by 
our manual calculation. It is easy to convert it to a 
conventional speed representation by Equation 3. 
However, we observe a relatively low recall rate (≈50%) 
for tracking moving leukocytes since they tend to 
disappear in some frames and reappear afterwards. Since 
the measurement of the average rolling velocity is the 
main interest, this is justified as long as enough 
leukocytes are tracked with a very low false positive rate. 
More discussion about this issue is presented at the end of 
this section. 

There are currently no studies about automatic 
detection of adherent leukocytes that can be found in the 
literature. In this paper, we are able to extract adherent 
leukocytes by combining an adaptive global intensity 
threshold method with the information about the moving 
leukocytes detected earlier. Our experimental results 
show a recall rate of 93% with a zero false positive rate 
when double-checked manually.  

It is observed from our video sequence that moving 
leukocytes occasionally disappear in one frame and 
reappear in the next frame. We are concerned that our 
motion correspondence algorithm may be vulnerable to 
the errors caused by this phenomenon and draw a 
potential criticism. In [11], Ghosh and Webb address the 
similar concern in their approach to automatically detect 
cell receptors. They propose including a storage matrix 
for the unmatched pixels in the previous frame against the 
current frame. Then when the matching for the next frame 
starts, a scan through the storage matrix of the previous 
frame is also performed to find whether there is any 
reappearance. We test this algorithm on our video 
sequence. However, our results show the false positive 
rate of this algorithm is as high as 61% when double-
checked manually. By including those false leukocytes 
into our measurement, we are also introducing more 
significant errors into our velocity measurement. 
Therefore, we argue that in this case, precision is more 
important than recall, and that omitting those 
disappearing and reappearing leukocytes is okay for the 
measurement of the average rolling velocity as long as 
enough leukocytes are traced.  
 

6. Conclusions 
In this paper, we present an automatic intravital video 

mining system of leukocytes rolling and adhesion. Video 
mining of in vivo microscopy video sequences is very 
difficult due to severe noises, background movements, 

leukocytes’ deformations, and contrast changes. In our 
approach, we first locate moving leukocytes by applying 
a spatio-temporal probabilistic learning. The proposed 
saptio-temporal probabilistic learning from intensity 
based features for background subtraction is superior to 
other background subtraction methods based on temporal 
average subtraction or temporal invariance threshold. We 
further remove noises by applying median and location-
based filtering. After moving leukocytes are located, 
centroid trackers are used for motion correspondence. 
Our motion correspondence results show a very low false 
positive rate as low as 1.6% when double-checked 
manually and are demonstrated effective in correctly 
calculating the rolling velocity. Another contribution 
from this paper is that we extract the information about 
moving leukocytes first and therefore are able to extract 
adherent leukocytes with an adaptive global threshold 
method. Our result shows a recall rate of 93% with a zero 
false positive rate when double-checked manually.  
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