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基于层次化及最小二乘的精确图像配准
李 杰, 刘怡光† , 都双丽, 徐振宇
(四川大学 计算机学院, 四川 成都 610065)

摘要: 针对传统对数极坐标傅立叶变换(log-polar mapping based Fourier transform, LPMFT)在大尺度、大旋转及大平
移变换情况下不能精确估计图像对之间的变换参数, 提出基于层次化及最小二乘的图像配准方法(multi-resolution
analysis and least square optimization, MALSO): 首先, 使用小波变换将图像分解为多分层结构, 并将每层的低频部分作
为待匹配图像; 其次, 在每层中, 引入窗口函数及自适应滤波函数以减少谱泄漏, 混叠及插值误差的影响; 最后, 构建一
个代价函数, 并通过最小二乘法求解最优参数. 实验表明, 该方法既满足大尺度, 大旋转及大平移参数准确估计要求, 又
比LPMFT对遮挡更具鲁棒性, 有一定的理论及应用价值.
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Precise image matching via multi-resolution analysis and
least square optimization
LI Jie, LIU Yi-guang† , DU Shuang-li, XU Zhen-yu
(College of Computer Science, Sichuan University, Chengdu Sichuan 610065, China)

Abstract: When subjected to the large scale, large rotation and large translation, the classic log polar mapping based
Fourier transform (LPMFT) suffers from misregistration. Motivated by this problem, a novel approach named multiresolution analysis and least square optimization (MALSO) is proposed: firstly, original images are decomposed into
multi-resolution levels by wavelet transform, and only the low frequency part of each level is chosen as the matching
candidate; secondly, to alleviate the influence caused by leakage, aliasing and interpolation error, in each level, window
function and adaptive filtering technique are introduced into LPMFT; finally, for obtaining a set of optimal parameters, a
cost function is carefully established which is approximated by least square optimization method. Experimental results
show that the proposed approach not only minimizes the influence of the large scale, large rotation and large translation,
but also achieves a better registration performance than the classic LPMFT method for occlusion image pairs.
Key words: image matching; large similarity transformation; multi-resolution; log-polar mapping based Fourier transform; least square

1 Introduction
Image registration is a fundamental step in computer vision[1–2] , such as recognition, localization and
three dimensions reconstruction. The main step of image registration is to find the geometric transformation
matrix of the image pair. To measure the precise transformation parameters, there are two kinds of registration methods: the one is feature point based method,
the other one is area based method.
The feature point based methods only use feature
points to register image pair. For the feature points,
D. Lowe et al.[3] proposed scale invariant feature transform (SIFT) algorithm, which is invariant to scale and
rotation. Based on SIFT, several approaches with incre-

mental invariance have been developed, such as PCASIFT[4] , ASIFT[5] , and PSIFT[6] . For improving the
computation complexity and speed of SIFT method,
Bay H. et al.[7] proposed the speeded up robust features
(SURF) method. Then, SURF is applied into image registration promptly, such as method in [8]. Since only the local features are involved, the above mentioned
methods have the advantage to register images which
are subjected to alteration or local occlusion. However, these methods have a common defect that they are
only suitable for the images containing enough useful
feature points[9] . For images with less detail or texture
information, such as medical images, they are difficult
to detect the matching feature points.
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For the area based methods, there are many kinds
of methods, such as mutual information method[10] ,
mean square method[11] and Fourier method. Among
these methods, due to obvious correlation peak, superior computational efficiency, insensitivity to noise and
translational invariance, the Fourier method becomes
a popular method. For the Fourier method, although
registration problems involving pure translation can be
perfectly recovered by phase correlation approach[12] ,
single phase correlation approach is unable to detect the scale and rotation parameters. Combining the
phase correlation with the log-polar transform, Reddy and Chatterji et al.[13] proposed the log-polar mapping based Fourier transformation method (LPMFT).
Because of the invariance property of scale, rotation and
translation, LPMFT becomes a popular approach for
image matching. It utilizes phase correlation to get the
peak coordinates of translation in the Log-polar domain
which can be seen as the scale and rotation parameters
in the Cartesian coordinates. However, recent investigation[14] shows that the classic method fails to deal with
the case containing large similarity transformation, and
shows that the correlation peak value decreases significantly with the enlargement of rotation and scale. Our
experiments also show that for the 256×256 image pair,
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when their scale and rotation angle are larger than 1.8
and 0.5π , their peak value may be smaller than 0.03
which usually leads to mis-registration. Additionally,
the registration precision of classical LPMFT is susceptible to leakage errors, aliasing errors and interpolation
errors.
To cope with these problems, in this paper, we introduced a multilevel registration framework. In our
framework, wavelet transform is firstly performed to extract the low-frequency portion and construct the multilevel framework. Then, in each level, the improved
LPMFT is adopted to reduce the influence of leakage, aliasing and interpolation error, and obtain the
scale, rotation and translation parameter sets. Finally, a cost function is constructed, and least square optimization algorithm is applied to solve the cost function and approximate the optimal parameters efficiently. Through the process mentioned above, our novel
method is strengthened to guarantee the precision and
robustness of image registration.

2

Proposed framework

In this section, the proposed method will be introduced in detail. Fig.1 exhibits the flowing diagram of
multi-resolution analysis and least square optimization
(MALSO).

Fig. 1 Flow diagram of MALSO, where n represents the number of wavelet decomposition levels

2.1 Extracting the matching candidates using
wavelet decomposition
To obtain the low-frequency sequence of multiresolution for each image, wavelet packet decomposition is employed, such as method in [15]. By the
sequences, the image matching is converted to the
match of the two sequences in the corresponding resolution level. For an image, the first decomposition
step decomposes it into four parts, which are labeled
as LL, LH, HL, HH, where L and H represent low
and high frequency. On the low frequency part LL
the second step is performed similarly, and so on.
The low frequency part LL in each resolution level is the approximation of the input image[16] . However, boundaries produce high frequencies which in
turn cause substantial aliasing noise. Smoothing the
boundaries removes much of the high frequency energy, which substantially reduces aliasing noise, and
increases the quality of phase correlation[17] . Because

the low frequency part LL approximates the original
image. Note that the coarse resolution level provides
a simplified representation for the image and the fine
resolution level adds detail. By multi-resolution analysis, especially by fusing the matching results obtained in different resolutions, the matching results
are more precise and more robust against noises.
2.2 Improved LPMFT
This part will describe the improved LPMFT in
detail. First, we give the difference between our
method and the work in [13], and show the problem of
LPMFT. Second, we introduce the improved LPMFT
and list its theoretical derivation.
As well known, large translation may cause the
reduction of useful matching information or introduce
unknown interference information. For avoiding the
large translation disturb the transformation parameters estimation, in this paper, the log-polar transform
is adopted in the frequency domain. On the contrary,
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the works in [13] are applied in the spatial domain.
They are inevitably disturbed by the spatial domain.
Note that, our scheme can tolerate large scale (up to
4.0), large rotation and large translations simultaneously. Additionally, it also can handle registration of
real images.
To demonstrate the influence of large scale, rotation, and translation simultaneously, the cross spectrum matrix of lena image pair (the deformation parameter of sub-lena image is located behind Figs.2
(a), (b), (c) and (d)) are used as the example. Based on
the experiments, we find that, when matching image
pairs with large deformation, LPMFT encounters the
peak problem, such as fake peak and ambiguity peak,
see the Figs.2 (a) and (b). It is conceivable that scale
and rotation inevitably induce additional aliasing artifact which exacerbates the influence of the frequency
coefficients.
Aiming at solving this problem, we propose the
improved LPMFT method. The modification proposed in this paper is a simple but significant improvement, which makes the novel method superior
to the conventional methods. Its key idea is introducing a window function[18] and an adaptive filtering[19] .
The window function is introduced to eliminate the
errors (such as leakage error and aliasing error)
caused by Fourier transform. The spectral leakage
and aliasing error appeared in the Fourier Transformation based image registration method relate to the
boundary effects and rotation[17, 20] , respectively. It is
well known that windows of various types can reduce
or eliminate the spectral leakage caused by boundary
effects. From Ref. [17], we know that the windowed
image exhibits less aliasing error than unwindowed
image. Ref. [18] proved that rectangular and triangular window functions show a large phase error, whereas bell-shaped window functions are considerably
less sensitive to different phase-error sources. Moreover, the Hanning and Blackman window functions
have been proved that they have strong positive effects on registration precision[17] . According to our previous research, such as Ref. [21–23], and the practical experience, we choose Hanning window to reduce
influence of leakage and aliasing error. Additionally, for alleviating the influence of interpolation errors
induced by the low-frequency components, the adaptive filtering technique and histogram equalization
are employed to discard the low frequency component when exists large deformation. By these steps, the
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improved LPMFT not only enhances the correlation
of image pairs, but also provides an efficient solution
to the spectral leakage, aliasing errors and interpolation errors (see the maximum peak in the Figs.2 (c)
and (d)).

(a) Distribution of cross spectrum achieved by LPMFT
with scaling = 2.5, rotation = 78, translation x =
60, translation y = 100

(b) Distribution of cross spectrum achieved by
LPMFT with scaling = 2.5, rotation = 78

(c) Distribution of cross spectrum achieved by improved
LPMFT with scaling = 2.5, rotation = 78, translation
x = 60, translation y = 100
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(d) Distribution of cross spectrum achieved by improved
LPMFT with scaling = 2.5, rotation = 78
Fig. 2 The distribution of cross spectrum matrix reshaped to
a column vector with size of width height using
LPMFT and the improved LPMFT.

In the Following, theoretical derivation of improved LPMFT will be described in detail. Let
f (x, y) and g(x, y) are the reference and registration
image which differ by large scale, rotation and translation. Before Fourier transform, the two images are
firstly weighted by a window function which is defined as follow
1
x
y
w(x, y) = ((1 − cos(2π ))(1 − cos(2π ))),
4
X
Y
(1)
where 0 6 x 6 X, 0 6 y 6 Y , and the X and Y are
the length and width of image. Then, we define two
windowed image functions as
fw (x, y) = f (x, y)w(x, y),
gw (x, y) = g(x, y)w(x, y),

(2)

where w(x, y) is the two dimensions Hanning window.
The Fourier transforms of fw (x, y) and gw (x, y)
are represented as F (u, v) and G(u, v), respectively. Combining the Fourier shift theorem with the geometric transformation (Here, we used the formula of
similarity transformation), we get the phase shift relationship between F (u, v) and G(u, v), which can be
defined as follow
1
(3)
G(u, v) = exp(−jφg (u, v)) 2 |F (a, b))|,
σ
where
u cos θ0 + v sin θ0
a=
,
σ
−u sin θ0 + v cos θ0
b=
,
σ
the σ and θ0 denote the rotation and scale, and the
φg (u, v) is the phase plane function of gw (x, y) (the
translation parameters can be measured by this phase
plane function).
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Then, for measuring the scale and rotation parameters, the Fourier transformation (F (u, v) and
G(u, v)) of fw (x, y) and gw (x, y) should be transformed into the magnitudes representation M and M ′
which are defined as
1
(4)
M ′ (u, v) = 2 M (a, b),
σ
where
u cos θ0 + v sin θ0
a=
,
σ
−u sin θ0 + v cos θ0
b=
,
σ
and the σ and θ0 denote the rotation and scale, respectively.
From equation (4), we know that there is only
scale and rotation difference between M and M ′ regardless of σ 2 . For measuring the scale and rotation parameters, the Fourier magnitude of fw (x, y)
and gw (x, y) must be transformed into log-polar coordinate. Before log-polar transformation, the Fourier
magnitude should be multiplied by an adaptive filtering transfer function H
MH (u, v) = M (u, v)H(u, v),
MH′ (a, b) = M ′ (a, b)H(a, b),

(5)

where
u cos θ0 + v sin θ0
,
σ
−u sin θ0 + v cos θ0
b=
,
σ
the σ and θ0 denote the rotation and scale, and H is
the LMS adaptive filter which is similar to the method
in [19] which is one of the simplest adaptive algorithms to analyze and implement. But its derivation
is not presented here for brevity. Interested readers
can see more derivation steps in [19].
Then, for constructing phase correlation about the
rotation parameter, the MH and MH′ are transformed
into the polar representation P and P ′
1
ρ
P ′ (θ, ρ) = 2 P (θ − θ0 , ),
(6)
σ
σ
where θ and ρ are the coordinate axis of polar coordinate. For measuring the scale parameter by phase
correlation, the log transform is applied on P and P ′ ,
and get the log representation L and L′
1
L′ (θ, log ρ) = 2 L(θ − θ0 , log ρ − log σ). (7)
σ
Based on the previous analysis, using equation (7)
and phase correlation, the θ0 and σ can be extracted. Then, we can compensate one of the images by
amounts θ0 and σ respectively, so that there only exists translation difference. The phase correlation is
used again to evaluate the translations (x0 , y0 ). Note
that, there exists an ambiguity of the rotation factor
a=

No. 6

LI Jie et al: Precise image matching via multi-resolution analysis and least square optimization

θ0 (or θ0 + π). To resolve this problem, we consider both possible rotations, and choose the one with
higher cross spectrum.
To further demonstrate the validity of the improved LPMFT, another comparison is made with respect to the Fourier amplitude spectrum, as illustrated in Fig.3. According to the windowed functions,
we know that the larger the changes (especially scale)
is, the more the effective frequency components concentrate in low frequency (seeing the central part of
Fig.3(b)). It is impracticable to use high-pass filter
relying on fixed cut-off frequency since useful frequency components may be removed. In this paper,
we adopt LMS adaptive filtering, whose cut-off frequency is alterable according to the proportion of low
frequency components. Note that Fig.3(c) is obtained
by Hanning window function. Comparing Fig.3(d)
with Fig.3(e), it is obvious that the influence of leakage errors, aliasing errors and interpolation errors are
effectively alleviated.

Fig. 3 It is the original image and Fourier amplitude spectrum
images of Lena. (a) is the Fourier amplitude spectrum
of Lena. (b) is the Fourier amplitude spectrum of Lena
transformed with θ = 160o , σ = 30, x = 100, y = 100.
(c) Windowed image of image (b). (d) Filtered image of
image (b) using fixed cut-off frequency. (e) Filtered
image of image (c) using variable cut-off frequency.

2.3 Fusing the multi-resolution matching results
The goal of this part is to find the optimized
matching parameters. Based on the transformation
parameter sets, we first remove the parameters which
obey large deviation principle by utilizing distance
based outlier detection algorithm. Then, least square
fitting method is adapted to achieve best approximation functions. After applying the improved LPMFT
on the multi resolution image sequences, we can obtain four transformation parameter sets:

θ = {θi |i = n, · · · , 1, 0},


 σ = {σ | = n, · · · , 1, 0},
i
(8)

x
=
{x
| = n, · · · , 1, 0},
i


y = {yi | = n, · · · , 1, 0}.
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Where n represents the levels of wavelet decomposition. Note that, after getting the transformation parameter sets, we found that the relationship between
n and the four transformation parameters sets can be
transformed into a line relationship, respectively.
Aiming at removing the outliers of four transformation parameters sets, based on Euclidean distance,
an outlier factor is introduced. Firstly, we assume
that there are two datasets in dimension d described
as S = S1 , S2 , · · · , Sd and T = T1 , T2 , · · · , Td . According to the Euclidean distance function, the similarity between S and T is defined as follows:
√
d
∑
dist(S, T ) =
(Si − Ti )2 .
(9)
i=1

Then, to detect the outlier, combining with equation (9), we define another function, shown as equation (10). Supposing D is a data set with known parameters k and S. We set k is the number of S’s
neighboring points, and the point S is the outlier point
which we want to detect. Therefore, our outlier factor
of S is described as an average distance relationship
between S and its k neighboring points. The outlier
factor is defined as follows:
k
1 ∑
dist(S, Ti ), Ti ∈ N (S), (10)
D(S) =
k i=1
where N (S) is a subset of D and includes k neighboring points of S. Obviously, the greater the value
of D(S) is, the more likely S is the outlier.
Finally, based on equation (10), we obtain four
new transformation parameters sets which does not
contain outliers. Therefore, corresponding to the
aforementioned transformation parameter sets: θ, σ,
x and y, the new transformation parameter sets are
defined as:
 ′
θ = {θi′ |i = m,· · ·, 1, 0},


 σ ′ = {σ ′ |i = m,· · ·, 1, 0},
i
(11)
′ = {x′ |i = m,· · ·, 1, 0},

x
i

 ′
y = {yi′ |i = m,· · ·, 1, 0}.
Where 0 6 m 6 n.
After getting the new transformation parameter
sets, we adopt the least square method[24] to find out
the best approximation function. There are two considerations to use least square method in our work.
Firstly, it can be applied to approximate a given function by a weighted sum of other function. The quality of the approximation function is measured in terms
of minimizing the squared difference between the original function and approximation function. Secondly,
least square method is one of the simplest but effective approaches to be used to analyze.
Aiming at finding out the best approximation

816

Control Theory & Applications

function fR (i) (the objective function corresponding
to each transformation parameter), a cost function
C(f ) is established as follows:
m
∑
C(f ) =
|fR (i) − Ri |2 ,
(12)
i=1

where Ri is any one of θi , σi , xi or yi . Due to the
approximation function is a constant function, we let
i = 0 in fR (i). Then, a vector is obtained which is
treated as the final matching results of MRLSO.

3 Experimental and results
This section will give an evaluation to the accuracy and robustness of proposed method. To achieve
this goal, many kinds of image pairs from man-made
scenes to natural images are employed to implement
the matching experiments. Additionally, for comparing, many related methods are repeated, such as conventional LPMFT method[25] , wavelet method[10–11] ,
and surf method[8] . All the experiments are run on
MATLAB 2013a. The hardware is based on AMD
Athlon II CPU and 2 GB memory.
3.1 Image registration on man-made images
To demonstrate the accuracy of our method, we
implement it on the man-made image pair. For obtaining man-made image sub-Lena, the transformation parameters with large value (the concrete value
is shown as the value of ‘Truth’ in Table 1) are applied to the reference image Lena by MATLAB program. The test results are shown in Fig.4: the A2,
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B2 and C2 show the matching results of our method;
the A3, B3 and C3 are the results of method in [25];
the A4, B4 and C4 are obtained by method in [10];
the A5, B5 and C5 represent the results of method
in [11]; the A6, B6 and C6 indicate the results of
method in [8]. From A2–A6, we can clearly see that
our method and method in [8, 25] can achieve a nice
fusion result. While method in [10–11] are unable to
fuse the image pair perfectly. According to our test
results, the possible reason is that these two methods
are sensitive to the mutual information, further more
the translation and scale transformations are able to
result in the image pair losing much mutual information (Therefore, if the image can offer enough mutual
information, then they can measure a precise parameter value, especially for method in [10]). With the
increase of transformation parameter value, from B2–
B6 and C2–C6, we can see that method in [10–11,25]
still obtain the muddle matching results. However,
our method and method in [8] can achieve the pretty
nice results. Fig.4 C6 shows that method in [8] does
not get a pleased result. The main reason is that the
surf algorithm is sensitive to the weak texture and the
interpolation error cased by man-made scale transformation. Because of these reasons, for these kinds of
image pairs, surf algorithm is unable to detect enough
feature points which are used to measure the transformation parameter. Therefore, under that situation, our
method is able to get better results than method in [8].

Fig. 4 This figure gives a set of registration results of the man made image pairs. The A1, B1 and C1 are three kinds oftransformed sub-images made by MATLAB. The A2, B2 and C2 are the resultant images by MSLO (our method). The A3,
B3 and C3 are the matching results of the LPMFT (method in [25]). The A4, B4 and C4 show the matching image of
method in [10]). The A5, B5 and C5 show the matching image of method in [11]). The A6, B6 and C6 show the
matching image of method in [8]).
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Table 1 lists the ground truth of the transformation parameters and gives the quantity comparison
between our method and methods in [8, 10–11, 25].
From Table1, we directly see that the transformation
parameter value of our method and method in [8] have
high matching precision and small error, while the
methods in [10–11, 25] usually have a muddle rep-
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resentation. This is because the proposed algorithm
contains window function, adaptive filtering and histogram equalization which can greatly suppress the
influence of large rotation and scale. Therefore, from
the test data listed in Table1, we can make the conclusion that MRLSO is still reliable even if σ = 3.5 (see
the last row of σ in Table 1).

Table 1 Performance comparison between proposed method and methods[8, 10–11, 25]
Estimated
Name

(x, y)

θ

σ

Truth

Our

Method[25] Method[10]

Errors
Method[11] Method[8]

Our

(56,68) (56,68)
(55,68)
(43.8,3.4) (52.0,26.1) (56,68) (0,0)
(94,78) (94,79) (167,75) (43.0,15.7) (−10.9,74.0) (94,78) (0,1)
(130,110) (131,112) (0,132) (24.1,−17.1) (104.6,62.8) (131,111) (1,2)
47.6800 47.8125 47.8125
110.000 109.8969 165.3861
160.000 160.3125 90.0000
1.3500
2.8200
3.5000

1.3573
2.8092
3.4885

1.3494
1.0000
1.0000

15.3573

54.8828

−0.4127

−64.7369

14.6809
1.6000
2.1830
1.9800

Method[25]

Method[10]

Method[11] Method[8]

(1,0)
(12.2,64.6) (4.0,41.9)
(73,3)
(51,62.3)
(104.9,5)
(110,22) (105.9,127.1) (25.4,47.2)

(0,0)
(0,0)
(1,1)

30.6000

47.6800 0.1325
110.000 0.1031
158.000 0.3125

0.1325
55.3861
70.0000

32.3227
110.4127
145.3191

7.2028
174.7369
129.4000

0
0
2.0

0.7220
1.1272
1.1411

1.3500
2.8200
3.1000

0.0006
1.8200
2.500

0.2500
0.6370
1.5200

0.6280
1.6928
2.3589

0
0
0.4

3.2 Image registration on real images
For making a further examination on the performance of our method, in this subsection, our method
and methods in [8, 10–11, 25] are tested on two groups real images: the images applied in the fist group
are the real image pairs with large transformation; the
second group makes use of the real image pairs with
transformation and occlusion. Note that, due to lack
of the standard measurement equipment, the transformation parameters of taken pictures have no real
record. However, it has no influence on the performance comparison between our method and methods
in [8, 10–11, 25].
For the first group, the experiment results of images with large transformation are shown in Fig.5.
The shoot process of these images are different from
each other: for images A1 and A2, we take picture
at different viewpoints, minor zoom and big rotation;
the image pair B1 and B2 are taken at different viewpoints, large optical zoom, large translation and minor rotation; for the images C1 and C2, they are taken
at different viewpoints, large translation, minor zoom

0.0073
0.0108
0.0115

and minor rotation; image pair D1 and D2 are shot
under the condition of different viewpoints, large optical zoom change and minor rotation. The test results of our method and methods in [8, 10–11, 25]
are shown in A4–D4, A3–D3, A5–D5, A6–D6 and
A7–D7, respectively. From A3–A7, C3–C7 and D3–
D7, we can see that for the weak texture image pairs
methods[8, 10–11, 25] do not obtain a comfortable results, while our method get a satisfying outcome. This
because that the image pair with weak texture can not
supply enough information for the local feature detection and mutual information methods，such as methods in [8, 10–11]. From the experiments results as
shown in B3–B7, we can see that proposed method
and methods in [8, 10] achieve a better results than
methods in [11, 25]. It clearly illustrates that if the
image supplies enough matching information, most
methods including our method and methods in [8,10],
can measure the precise transformation parameters.
Therefore, the results exhibited in Fig.5 show that,
comparing with methods in [8, 10], our method has
some advantage to dispose image pair with weak texture and large transformation.
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Fig. 5 This picture shows the matching results of the registration method tested on the real image with large transformation.
(A1, A2), (B1, B2), (C1, C2) and (D1, D2) represent the original image pairs. The (A3, B3, C3, D3) and (A4, B4, C4,
D4) show the results of method in [25] and our method. The A5, B5, C5 and D5 show the matching image of method
in [10]. The A6, B6, C6 and D6 show the matching image of method in [11]. The A7, B7, C7 and D7 show the
matching image of method in [8].

For the second group, the test results of the image
pairs with transformation and occlusion are shown in
the Fig.6. We remove a 30×30 pixels rectangular area
from A2, and use A1 and A2 as the artificial occlusion image pair. The CT scanned images of human
lung B1 and B2 are used as the test set of images (the
test images are taken from the same patient with the
same CT senor). The C1 and C2 are the non-artificial
occlusion image pair which are taken at similar viewpoints with rotation, and a medicine box is put on
the white paper at the second shoot viewpoint. The
D1 and D2 are also the non-artificial occlusion image
pair which are taken at similar viewpoints with large
rotation and zoom in a rainy day, and there are three
persons are captured into D2 at the second shoot. The
images A4–D4, A3–D3, A5–D5, A6–D6 and A7–D7
signify the test results of our method and methods
in [8, 10–11, 25], respectively. Images A3–A7 show
that our method procures a good result, but methods in [8, 10–11, 25] do not obtain the correct results.
Similar to Fig.5 A3–A7, C3–C7 and D3–D7, the im-

ages are weak texture images which do not contain
much more local feature points and mutual information. The lung images B3–B7 show that almost all
the methods get the pretty nice results except methods in [8, 25], due mainly to the change of lung and
the blurred edge information. Images C3–C7 give the
results of the non-artificial occlusion. In this test, the
image supply plentiful local feature points and mutual
information make methods in [8, 10] and our method
can resist the influence of rotation and occlusion, and
acquire fine outcomes. While, methods in [11,25] are
unable to suppress the effect of the rotation and occlusion. From D3–D7, we can see that our method and
method in [8] achieve pretty good outcomes. Owing
to the influence of occlusion, scale and rotation, the
methods in [11, 25] are still unable to obtain well outputs. From Fig.6 C5, we know that method in [10]
has some ability to resist the occlusion and rotation.
However, from Fig.6 D5, we can see that it can not
handle the occlusion image pair perfectly under the
situation of scale and rotation.

Fig. 6 This picture shows the matching results of the registration method tested on the real image with transformation and
occlusion. (A1, A2), (B1, B2), (C1, C2) and (D1, D2) represent the original image pairs. The (A3, B3, C3, D3) and
(A4, B4, C4, D4) are the results of method in [25] and our method, respectively. The A5, B5, C5 and D5 are the
matching images of method in [10]. The A6, B6, C6 and D6 are the results of method in [11]. The A7, B7, C7
and D7 are the matching results of method in [8].
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The above experiments shows that: method in
[25] is able to handle the image pairs with small transformation; method in [10] can obtain a nice results
if there are enough mutual information; like method
in [25], method in [11] just deals with the small transformation image pairs; method in [8] have the ability
to get a better result than our method, but it can not
perfectly dispose the weak texture and large scale images. Therefore, under such situation, our method can
get a better result than method in [8]. To sum up, from
the experiment results, we can see that our method
not only can handle the image with large transformation parameters, but also has some advantages to
dispose the image pair with the condition of similar
viewpoint,occlusion and weak texture.

4 Conclusions
In this paper, we have established a novel multilevel registration framework to globally match image pairs involving large scale, large rotation and
large translation. The robustness and accuracy of the
proposed scheme ascribe the use of multi-resolution
sequence, improved LPMFT and least square optimization. Persuasive experimental results and theoretical derivation show that the proposed approach
has some advantages to handle the image with large
scale, large rotation and large translation, and match
the challenging images under the condition of similar
viewpoint,occlusion and weak texture.
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