
  

  

Abstract— This paper presents a coarse-to-fine combined 
method for dealing with large displacement situations caused by 
low speed of frame rate in microscopic video sequences. Motion 
image estimation method utilizes the modified block matching 
method based on image warping to perform a wide range of 
changes in the amount of search comparison, and then using the 
optical flow method to fine adjustment pixel by pixel, to 
complete the overall precision of the estimation. In the 
evaluation experiment, we have compared both current optical 
flow and proposed method by testing them with simulated vessel 
images, the results of the estimation is quite accurate. 
 

I. INTRODUCTION 

Dynamic observation of micro-vascular mechanisms is 
provided to understand the disease and the relationship of the 
physiological function in microcirculation. The information 
of blood flow of microcirculation presents an major role in 
health evaluation and angiopathy prevention [1]-[3]. The 
related researches in the field of blood flow measurement that 
have opened up wide range of applications in biomedical 
field [4],[5]. Several technologies of measures for estimating 
blood flow information that have been used include cross 
correlation, space-time images, Hough transform and optical 
flow. Some studies have been applied to measure blood flow 
in vivo [6] and majorly applied to the images obtained from 
nail-fold capillaries [7]. The authors also demonstrated that 
the optical flow method is superior to cross correlation or 
space-time image methods for estimating RBC velocity in 
simulated micro-vessel images [8]. However, optical flow 
method for estimating RBCs velocity is limited by 
insufficient image resolution, low imaging frame rate, and 
high noise level [9]. In particular, the blood flow images are 
usual acquired by low sampling rate. Using a CCD camera 
with a frame rate of 30 fps is basic specification to consider 
budget savings. Therefore, frame to frame image with large 
displacements could be caused by using of low speed of 
frame rate. To evaluate the accuracy and feasibility of 
applying large motion estimation is challenge. In recent years, 
some other methods for estimating RBCs flow have also been 
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applied, and can roughly be divided into two categories. 
Optical flow Algorithm (OFA) is pixel-based 

representation to calculate the motion between two image 
frames. Each pixel has a motion vector, which has 
smoothness constraint determined from the nearly pixels. The 
OFA can only estimate the amount which is very accurate to 
very small displacement in frame to frame image. If objects 
movement is large or no features are overlapping, the OFA 
could not have a reliable velocity flow field. 

A Block-Matching Algorithm (BMA) is a technque of 
pointing mapped blocks in a sequence of images for the 
purposes of motion estimation. The whole anchor image was 
split into many small blocks. Each block has a motion vector 
to determine whether a searched block in anchor image 
matches the search block in target image. The advantage to 
BMA is that the larger search window gets motion vector. 
The disadvantage of BMA is an expected loss of accuracy.  

Based on the above, we propose a coarse-to-fine warping 
scheme for dealing with large displacement situations caused 
by low frame rate in in vivo microscopic video sequences. 
The approach is combined with block-matching, image 
warping and optical flow to solve above issues for velocity 
estimation. 
 

II. METHOD 
In velocity estimation process, the block diagram 

consists of block-matching, image warping and optical flow 
(see Fig. 1). In the first process, the BMA is performed by the 
way of a small block matching that the major purpose is to 
solve the changes of large displacement. Image warping is the 
second process to use thin plate splines (TPS) deformation as 
a more corresponding motion frame than the reference frame. 
By this way, we could use a coarse-to-fine warping scheme 
for dealing with large displacement situations. Block-match 
based motion estimation with TPS warping provides flow 
vectors to allow getting a suitable velocity field.  Flowchart of 
Block-matching algorithm shows in Fig.2. Finally, we also 
use the OFA to do adjustment pixel by pixel, to complete the 
overall precision of the velocity estimation (see Fig.3). 

 

A. Block-matching Algorithm 
The basic idea of BMA is defined as flowing. Each 

current frame is divided into N equal-size blocks, called 
source blocks. Each source block is associated with a search 
region in the reference frame. The objective of is to find a  
candidate block in the search region best matched to the 
source block [10],[11]. The search region for mapping to a 
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Figure 1. A flowchart of velocity estimation. 
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Figure 2. A flowchart of Block-matching algorithm 
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Figure 3. A flowchart of optical flow algorithm 

 

 

 
Figure 4. definition the searching block that the weight is generated. 
 

 
Figure 5.  Search window and Block-matching motion estimation 
 
 
proper macro block is constrained up to R pixels. The R is 
defined as one of the searching parameter. If larger motions 
appear, then the method requires a larger R. We also define 
the weight of searching block as shown in Fig. 4 and Fig. 5. 
The matching of each source is based on a cost function.  
There are many useful cost functions with the most common 
and less computationally time is Sum of Absolute Difference 
(SAD) given by equation (1). The relative distances between 
a source block and its candidate blocks are called motion 
vectors. 
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where N is the size of the bock, C and S are the pixels being 
compared in candidate block and source block, respectively. 

B. Thin Plate Splines (TPS) warping 
The theorem of TPS is to match the image information 

obtained from one image to the corresponding another image 
[12]. TPS can always map the corresponding region 
information exactly, and keep the whole image deforming 
energy in minimum. The two sets of image information can 
usually be defines as Pi and hi. The Pi=(xi,yi) and hi=(Xi,Yi) are 
the control points belonged to the original image and targeted 
image, respectively. The matching transformation Φ, which 
matches each coordinate point in original image to targeted 
image based on the equation (2), can be obtained after the 
mapping approach. The mapping coefficients of the TPS 
transformation are depended on the numbers of the selected 
searching region and the mapping points shown in the 
equation (2). 

Φ(P) = a0 + ax x + ayy + ωiU( P − Pi )
i=1

n

∑                     (2) 

W = (ω1 ... ωn a0 ax ay )T = L−1M                      (3) 

  Where P=(x,y) are the location of the images. To obtain 
TPS mapping transformation, the most important step is to 
estimate the parameters (w1, w2, …, wn ; a0, ax, and ay) by the 
equation (3), which defines the mapping transformation of the 
corresponding points between original image and targeted 
image. When a location (x,y) of arbitrary point P and the 
distance between two arbitrary points shown as (|P-Pi|) in 
original image are substituted into equation (2), the 
corresponding location of the point in targeted image can be 
determined. 

 

C. Optical flow algorithm 

Based on Horn and Schunck method [13],[14], an 
approach to constrain optical flow field is developed. For 
Horn and Schunck method, it calculates optical flow within 
gradient of images by iterating the equation (4) and (5).  

 

( ) ( ) ( ) ( )
( ) ( ) ( ) ( )

1
22

2

, ,
ˆ , ,

k k
x y

k k
x x

f f fv X t v X t
f x y tv X t v X t
x f f

x y
α

+

⎛ ⎞∂ ∂ ∂⎜ ⎟⋅ + ⋅ +
∂ ∂ ∂ ∂⎜ ⎟= − ⎜ ⎟∂ ⎛ ⎞∂ ∂⎛ ⎞⎜ ⎟+ +⎜ ⎟ ⎜ ⎟⎜ ⎟∂ ∂⎝ ⎠ ⎝ ⎠⎝ ⎠                (4) 

 
( ) ( ) ( ) ( )

( ) ( ) ( ) ( )
1

22
2

, ,
ˆ , ,

k k
x y

k k
y y

f f fv X t v X t
f x y tv X t v X t
y f f

x y
α

+

⎛ ⎞∂ ∂ ∂⎜ ⎟⋅ + ⋅ +
∂ ∂ ∂ ∂⎜ ⎟= − ⎜ ⎟∂ ⎛ ⎞∂ ∂⎛ ⎞⎜ ⎟+ +⎜ ⎟ ⎜ ⎟⎜ ⎟∂ ∂⎝ ⎠ ⎝ ⎠⎝ ⎠               (5) 

 

where k is the number of iterations, the overbar denotes 
weighted local averaging (excluding the present pixel), and 
all partials are evaluated at the point (x, y, t). The initial 
velocities are usually taken as zero. 

III. RESULT AND DISCUSSION 
In the evaluation experiment, both current optical flow 

method and proposed method were applied to compare the 
performance by testing them on simulated vessel images. The 
accuracy is evaluated by calculating the mean value and 
standard deviation of the error results (Table 1). Simulations 
of various micro-vessels were considering in different size 
and diameter, where (a)-(c) the diameter of the micro-vessel 
is one, two and four times of the RBC size, respectively, 
(d)-(e) micro vessel changes from narrow to wide and vice 
versa (f)-(g), and two vessel shapes, (f) branching (g) clip. 
The calculation accuracy of different flow patterns and vessel 
shapes are examined respectively. Based on the comparison, 
the use of proposed method, which is superior to an optical 
flow method, is proposed for measuring RBC velocity. 

In addition, RBCs exhibit different types of motions and 
different deformed shapes in response to local flow 
conditions [15]. The simulations of RBC consist of  
deformation, rotation and displacement were applied to 
evaluate our proposed method. The results can be seen from 
Fig. 6. The RBC’s motion estimation does not have any 
impact with deformed shape and large displacement. 
Furthermore, our proposed method has been used to measure 
the microcirculation blood flow in vivo. Fluorescent 
microscopy video of the mouse brain microcirculation was 
acquired by CCD in a special resolution of 1.42μm and frame 
rate of 30 frames per second. The results of RBCs velocities 
estimation for the long straight vascular estimated flow 
velocity 204 ~ 285 μm /sec, the tortuous vessels estimation 
flow velocity of 327~ 444 μm / sec. In our verification (see 
Fig. 7), the algorithm error compared with the human eye, 
RBC’s velocity estimation has average error of 1.25 ± 0.95 
pixel in a long straight microvessel, and has average error of 
1.8 ± 1.35 pixel in tortuous microvessel, the results of the 
estimation is quite accurate. The results compared with the 
real rate described in the literature are matched. It is 
confirmed that the present method can accurately estimate the 
blood flow velocity in microvessel. 

 
 

 
Table 1. The average error between two methods, 

Mean ± S.D. (pixel/frame) 
Measurement 

   Optical   flow[8]  Propose MethodShape pattern 

(a) 0.72±1.16 0.47±0.51 

(b) 1.05±1.17 0.66±0.55 

(c) 1.12±1.19 0.68±0.61 

(d) 1.28±1.17 0.68±0.45 

(e) 1.07±1.16 0.82±0.44 

(f) 1.22±1.17 0.78±0.65 

(g) 1.16±1.18 0.70±0.45 

Total error 1.09±1.17 0.68±0.52 
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Figure 6.  The RBC’s motion estimation based on different deformed shapes. 
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Figure 7. Error assessment between proposed method and human eye 
observation (a) in long straight microvessel and (b)  in tortuous microvessel. 
 
 

IV. CONCLUSION 
This contribution proposes a method for motion 

estimation of RBCs in microcirculation to improve the 
accuracy and feasibility of applying large motion estimation.  
According to the obtained results, it can be found that our 

proposed method has a potential to solve optical flow issues 
with large displacements caused by low speed of frame rate. 
About advancing application, we will further focus on the 
image processing algorithm to provide automatic blood flow 
velocity measurement. 
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