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Abstract—In order to improve the accuracy and efficiency 
of medical image registration, an elastic registration method 
based on feature extraction and B-spline has been proposed in 
this paper. The proposed method consists of two steps. First, 
feature points are obtained by using Harris corner detection 
algorithm and SIFT algorithm. They are used for the input of 
Thin Plate Spline method to reduce the scale of deformation by 
preliminary transformation. It is beneficial to improve the 
speed of B-spline registration, which is used in the second step 
of the proposed method. Then the deformation grid is treated 
as the initial grid of B-spline free-form deformation (FFD), and 
accurate registration is achieved by B-spline transformation of 
mutual information (MI) driving. Experimental results 
demonstrate that the running time and registration results of 
the proposed method are superior to those of B-spline 
registration due to the combination of the efficiency of 
preliminary transformation and the accuracy of B-spline. 

Keywords—medical image; elastic registration; feature 
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I.  INTRODUCTION 

Elastic registration of medical image plays an important 
role in improving clinical diagnosis, disease surveillance 
and surgical operation. It uses the nonlinear transformation 
model to describe complex deformation, such as registration 
of soft tissue images, different modal images and different 
individual images. At the current stage, there are two elastic 
registration methods with one based on feature extraction 
and the other on image gray[1]: the former has advantages of 
less calculation, rapid registration and less dependence on 
image gray, however, its registration accuracy is subject to 
how accurate the feature extraction is, that is, registration 
errors would be larger if the feature extraction is not 
accurate enough; while by contrast, the latter needs no 
image feature extraction and pretreatment to gain a more 
accurate registration result, though, it has to take a large 
amount of calculation and more time. Different methods 
may be adopted according to different clinical needs. 

At present, B-spline free-form deformation (FFD)[2-3] is 
a common method of elastic registration. Its unlimited 
degree of freedom and accuracy of local modeling make it 
the best to describe local deformation. However, it has to 

depend on the density of the control grid: the deformation 
would be smooth and less accurate if the control grid is 
sparse, and vise versa. Although the multi-resolution 
method helps to resolve the problem, too much running time 
is still taken due to a lot of iterations. 

In order to ensure registration accuracy while increasing 
the speed of registration, we adopt a combination of 
registration based on feature extraction and image gray to 
accomplish complementary advantages. SIFT algorithm[4-5] 
is too demanding for feature points, while Harris algorithm[6] 
is a simple and stable feature extraction algorithm, and it 
extracts more feature points with structure significance. In 
this paper, Harris algorithm is added in feature extraction 
process on the basis of SIFT algorithm. Feature extraction is 
treated as the pretreatment of B-spline registration to 
achieve registration rapidly and accurately. 

II. PROPOSED METHOD 

We use a two-step elastic registration method for 
medical image. The framework of the method is shown in 
Fig. 1. The function R(X) and F(Y) represent the reference 
image and the floating image, respectively. X and Y are their 
definition domains. S(t) is the similarity function, where t is 
the control parameter. Mutual information (MI)[7] is treated 
as similarity measure to evaluate the effect of matching. At 
this time, registration is to find a deformation function to 
obtain the maximum of S(t). 

 

Fig. 1. Framework of the proposed method 
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First, the image R(X) and F(Y) are inputted. We use 
Harris corner detection algorithm and SIFT algorithm to 
obtain feature point pairs. The coordinate of feature points 
are used for the input of Thin Plate Spline (TPS) method[8-9]. 
TPS transformation is made for X to gain the coordinate of a 
new region f(X). Preliminary deformation grid generated by 
interpolation is treated as the initial grid of B-spline FFD.      
B-spline transformation is made for X to gain the coordinate 
of region g(X). The value of the floating image, F(g(X)), that 
is obtained by interpolation. MI is used to calculate the 
similarity S(t) between the reference image R(X) and the 
interpolated image F(g(X)). S(t) is inputted into the 
optimization module to calculate the optimal transformation 
parameter t by using the gradient descent method. This 
process is achieved by iteration until S(t) gains the 
maximum. Finally, output the interpolated image S*. 

A. Feature Extraction and Preliminary Transformation 

Although B-spline FFD can obtain more accurate 
registration results, it consumes too much running time. We 
use Harris algorithm and SIFT algorithm to extract feature 
points of image, and SIFT feature descriptors are generated 
and matched. The preliminary transformation is treated to 
the floating image by using TPS method. Depending on the 
experience, it requires a total of around 200 of feature point 
pairs to get a better preliminary deformation grid. 

SIFT algorithm describes the local feature of the image. 
It maintains invariance of rotation, scaling and intensity 
roughness and a degree of stability of the changes of view, 
affine transformation and noises. SIFT algorithm consists of 
four steps: scale-space extrema detection, key point 
localization, orientation assignment and key point 
description. However, it is too demanding for feature points, 
therefore, we use Harris corner detection algorithm to 
increase the number of feature points with structural 
significance. The basic idea of Harris corner detection 
algorithm is to move a small displacement in any direction 
for the image window (generally rectangular region) and 
calculate the average energy changes of the window. If the 
energy change value exceeds a given threshold value, the 
center pixel of window will be regarded as corners[6]. The 
gray of pixel points is denoted as p(x, y). The energy change 
of moving (u, v) from each pixel is computed according to: 

  2
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Where wu,v is a coefficient of gauss window in the 
position of (u, v). Harris algorithm calculates the 
autocorrelation matrix for each point of the image and 
chooses the optimal points using the size of eigenvalues. 

After obtaining feature points of two images, the 
similarity is given to match them by the Euclidean distance 
between two images’ feature vectors. Obtained feature 
points are used to achieve space transformation by using 
TPS method. Interpolation is simulated as the bending 
deformation of a thin metal plate under the point constraint 
by TPS method[8]. Precise fit is reached on the control points 

of images, and other points are obtained better correction as 
much as possible under the constraint of control points by 
interpolation. To make the thin metal plate obtain height zi 
at the point (xi, yi) and gain a minimum bending energy, we 
find a deformation function     f(x, y) in two-dimensional 
space to get the minimum of penalty function Es(f). The 
penalty function can be expressed as: 


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TPS interpolation function is defined as: 
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Where a1, ax, ay are the global affine transformation 
coefficients. wi is the local non-linear transformation 
coefficients. U is the basis function to structure TPS. Pi are 
the coordinate of ith matching point of the reference image, 
i=1, 2, …, n. | Pi – (x, y)| is the Euclidean distance between 
control points. The function satisfies f (xi, yi) = zi for all i 
and makes the penalty function gain the minimum. The 
deformation grid is obtained according Eq. (3) and treated 
as the initial grid of B-spline FFD. 

B. Accurate Registration Based on B‐spline FFD 

B-spline has a great characteristic of local control [10-11]. 
The displacement value of a point in the floating image is 
only related to its neighboring 42 control points. Moving a 
part of control points is only lead to a limited space around 
them changing, without making the pixel of entire image to 
change. Generated deformation grid by TPS is overlaid on 
the floating image using B-spline FFD. It drives the 
deformation of the floating image by adjusting the position 
of control points. The accurate registration is achieved by 
the above method. 

In this paper, cubic B-spline basis function is chosen 
because of its computing efficiency and second-order 
continuity[12]. Deformation function g(x, y) is constructed in 
two-dimensional space. The displacement value of each 
point in the floating image is fitted by that of the control 
point. The deformation function is expressed as: 
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and [ ] is rounding operation. Bl (l=0, …, 3) represents the 
lth basis function of B-spline. They can be written as:  
B0(u)=(1-u)3/6, B1(u)=(3u3-6u2+4)/6, B2(u)=(-
3u3+3u2+3u+1)/6, 
B3(u)=u3/6, where 0≤u＜1. They represent the weight 
value for control points. They weight the contribution of 

134

javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')
javascript:void(0);
javascript:void(0);
javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')
javascript:showjdsw('jd_t','j_')


each control point for g(x, y) by the distance of control 
points to (x, y). 

The generated surface by deformation function g(x, y) is 
simultaneously controlled by the r+3 control points of X 
direction and the s+3 control points of Y direction. The 
displacement of points in the floating image is decomposed 
into X and Y directions and obtained in both directions. It is 
the parameter to be optimized that the displacement of each 
control point in the X and Y directions. Each point consists 
of two parameters to indicate the displacement of the point 
in the grid. The total number of parameters is 2×(r+3)×(s+3), 
and they are obtained by the optimization process. Each 
point requires iterative calculation, and the iteration time 
depends on optimization algorithm and tolerance 
requirement. Commonly, it adopts a relatively long 
calculation time to find the optimal parameter settings of 
transformation. 

C. Algorithm Flow 

Registration for medical image is slower and has a lower 
accuracy. In this paper, the proposed method solves the 
problem. It consists of the following four-step: 

 Extract feature points of R and F by using Harris 
algorithm and SIFT algorithm. Then SIFT feature 
descriptors are generated and matched. The 
coordinate of obtained feature points are denoted as 
(xi, yi) and (x, y). 

 Obtained feature points are used for the input of the 
TPS method. Deformation function f(x, y) is obtained 
according Eq. (3) and generates preliminary 
deformation grid. 

 The deformation grid is treated as the initial grid of 
B-spline FFD. Transformation parameters are 
calculated by combining Eq. (4) and the gradient 
descent method. 

 The similarity function is used to determine whether 
parameters achieve optimum. If parameters achieve 
optimum, the optimal solution is obtained. Otherwise, 
go back and calculate new transformation parameters 
until MI gains the maximum. Then stop iterating, 
and registration is completed. 

III. EXPERIMENTS AND RESULTS 

In this experiment, we finished simulation experiments 
for a large number of clinical images by using the proposed 
method. The size of images is 512×512. Experiment 
platform is Intel (R) Core (TM) i3-2120 CPU (dual core 
four threads, 3.30GHz), 4G memory. Applications are 
written in MATLAB V8.0. 

Fig. 2 shows the registration results of a group of lung 
CT images by using B-spline method and the proposed 
method. The regular grid is used for the initial grid of B-
spline FFD, while the deformation grid obtained by TPS 
transformation is treated as the initial grid of the proposed 
method to improve the speed of B-spline transformation. 

   
 (a)                                                      (b) 

 
 (c) 

   
 (d)                                                       (e) 

   
 (f)                                                       (g) 

Fig. 2. Experiment images and registration results. (a) the reference image. 
(b) the floating image. (c) feature points matching. (d) the initial grid 
of B-spline FFD. (e) the initial grid of the proposed method. (f) the 
registration result of B-spline method. (g) the registration result of the 
proposed method. 

The results of registration are evaluated by using MI and 
Sum of Squared Differences (SSD). MI is an entropy-based 
method, and it is one of retrospective registration which has 
the best registration accuracy and robustness. It can be 
defined as: 

 ),()()(),( FRHFHRHFRMI   
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Where H(R) and H(F) are the entropy of R and F, 
respectively. H(R, F) is the joint entropy of R and F. The 
larger the value of mutual information is, the higher the 
similarity of two images has. It represents the registration 
result is more accurate. 

SSD evaluates the effect of registration by the minimum 
mean square error of two images. It can be written as: 

 21
( ( , ) ( , ))F RSSD I x y I x y

N
   

IV. CONCLUSION 

We have proposed a two-step elastic registration method 
by combining feature extraction and B-spline. The method 
improves both running time and registration quality by 
extracting image features and preliminary transforming the 
grid of the floating image before B-spline registration. The 
proposed method improves the registration accuracy 
significantly when it takes the same time with B-spline 
method. And it takes less time when they obtain the same 
accuracy. Through registration and analysis of a large 
number of clinical images, the results demonstrate that the 
accuracy and efficiency of the proposed method are 
improved than B-spline registration. Where IR(x, y) and IF(x, y) represent the gray of point (x, 

y) of R and F, respectively. N is the total number of pixels 
in the image region of registration. The larger the value of 
SSD is, the bigger the difference between two images has. It 
represents the registration result is worse. 
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The comparison of registration results between the B-
spline method and the proposed method are given in Table I. 
It can be observed that compared to B-spline method, the 
proposed method can get a more accurate registration result.  
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