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Abstract: In order to solve the time consuming problem of image registration based on the traditional SURF algorithm, the
image registration method based on the optimized SURF algorithm is proposed. Firstly, the image corner points are extracted by
the Shi-Tomasi algorithm, then, the SURF algorithm is used to generate the corner point descriptors and the sparse principle
algorithm is used to reduce the dimension of the corner point descriptors. Finally, the bidirectional matching algorithm is used to
match. Through the experimental data analysis, the image registration method based on the optimized SURF algorithm is nearly
the same in image registration accuracy in comparison with the traditional SIFT algorithm, the traditional SURF algorithm and
the other four optimized algorithms, but the time consuming of image registration is decreased by 79.09%, 47.74%, 66.25%,
50.79%, 21.43% and 5.13%, respectively, verifying the instantaneity and effectiveness of the algorithm.
Keywords: SURF Algorithm, Shi-Tomasi Algorithm, Sparse Principle Algorithm, Bidirectional Matching Algorithm,
Image Registration

1. Introduction
Image registration methods are widely used in the fields of
medical image processing, remote sensing image processing
and panoramic stitching [1-3]. Among them, the SURF
(Speed-Up Robust Features) algorithm [4] was proposed by
Herbert Bay et al. in 2006, which is one of the most
commonly used algorithms in image registration. In order to
solve the time consuming problem of image registration
based on the traditional SURF algorithm, many optimization
algorithms had been proposed by domestic surgical
researchers in recent years. Firstly, aiming at the time
consuming problem of image features extraction based on the
traditional SURF algorithm. In 2014, Ge Panpan et al.
proposed to use the Harris algorithm [20] to replace the image
features extraction part of the SURF algorithm, which
shortens the image feature extraction time and ensures the

image registration accuracy [5]. In 2016, Chen Jianhong et al.
proposed to use the FAST (Features from Accelerated
Segment Test) algorithm [6] to extract the image features, and
then use the SURF algorithm to generate the image feature
descriptors [7]. In 2017, Han Chao et al. proposed to use the
Trajkovic algorithm [18] to reduce the time of the image
features extraction [8]. Then, aiming at the time consuming
problem of image features matching based on the traditional
SURF algorithm. In 2014, Yang Sa et al. proposed to use the
SRP (sparse random projection) algorithm to reduce the
dimension of the image feature descriptors, so as to reduce
the time of the image features matching [9]. In 2015, Zhao
Aigang et al. proposed to use the relative geometric position
information around the feature to generate the image feature
descriptors, and then use the compressed sensing algorithm to
reduce the dimension of the image feature descriptors, which
speeds up the speed of image registration [10]. In 2017,
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Zhang Ni et al. proposed to use the compressed sensing
algorithm and the random sampling consistency algorithm
[11] to reduce the time of image registration. In 2018, Lu
Pingping et al. proposed to use the PCA (principle component
analysis) algorithm [12] to reduce the dimension of the image
feature descriptors, which achieves the purpose of reducing
image features matching time [13]. In order to solve the time
consuming problem of image registration based on the
traditional SURF algorithm, this paper uses the Shi-Tomasi
algorithm [14], the sparse principle algorithm [15] and the
bidirectional matching algorithm to optimize the traditional
SURF algorithm. The result is that the accuracy of image
registration is equivalent and shorten the time of image
registration, namely the Shi-Tomasi-CS-SURF algorithm.

2. Shi-Tomasi-CS-SURF Algorithm
The traditional SURF algorithm is divided into three stages
according to the implementation process, the first stage is to
extract the image features and allocate the main direction
parameters, the second stage is to use the main direction
parameters of the image features to generate the image feature
descriptions, the third stage is to use the matching algorithm
to match image features. In this paper, the first stage of the
SURF algorithm is optimized by using the Shi-Tomasi
algorithm, the second stage of the SURF algorithm is
optimized by using the sparse principle algorithm, and the
third stage of the SURF algorithm is optimized by using the
bidirectional matching algorithm. The flow chart of the
Shi-Tomasi-CS-SURF algorithm is shown in Figure 1.

2.1. Corner Extraction
The Shi-Tomasi algorithm [14] was proposed by Shi and
Tomasi in 1994. Among all kinds of the corner point
extraction algorithms, the Shi-Tomasi algorithm has the same
stability as the Harris algorithm, and it is not easy to be
affected by image rotation, illumination conditions, angle
changes and noise, which can also avoid corner points
clustering. This paper uses the Shi-Tomasi algorithm to
extract the image corner points.
The implementation steps of the Shi-Tomasi algorithm:
Step 1: Calculate the Ix and Iy of each pixel on the image I,
as shown in formula (1) and (2):

I x = g ⊗ (−2, −1, 0,1, 2)

(1)

I y = g ⊗ ( −2, −1, 0,1, 2)T

(2)

Where: Ix represents the gradient of the image I in X
direction, Iy represents the gradient of the image I in Y
direction, g represents the registration image and ⊗
represents the convolution operation.
Step 2: Calculate the Ix2, Iy2 and Ixy by using the Ix and Iy, as
shown in formula (3), (4) and (5):

I x2 = ( I x × I x ) ⊗ w

(

)

I xy = I x × I y ⊗ w

(

)

I y2 = I y × I y ⊗ w

(3)
(4)
(5)

Where: Ix represents the gradient of the image I in X
direction, Iy represents the gradient of the image I in Y
direction, g represents the registration image, ⊗ represents
the convolution operation and w represents the Gaussian
function.
Step 3: Calculate the autocorrelation matrix M by using the
Ix2, Iy2 and Ixy, as shown in formula (6):
I 2
M= x
 I x I y

IxI y 

I y 2 

(6)

Where: M represents the autocorrelation matrix, Ix
represents the gradient of the image I in X direction, Iy
represents the gradient of the image I in Y direction.
Step 4: Calculate the corner point response value, as shown
in formula (7):

R = min(λ1 λ2 )

(7)

Where: R represents the corner point response value, λ1

Figure 1. The flow chart of the Shi-Tomasi-CS-SURF algorithm.

and λ2 represent two eigenvalues of the autocorrelation
matrix M.
Step 5: Set the threshold value Th, if R is greater than Th,
then it is a candidate corner point, otherwise it is not a
candidate corner point.
Step 6: For non-maximum suppression the size of the
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window is 3×3 or 5×5. If the corner point response value is
the local maximum value, the pixel is considered as the
corner point feature.

point. If the minimum value of d and the sub minimum
value of d are satisfied with formula (10), the corner point
V1 j in the corner points set V and the corner point U i in

2.2. Corner Point Description and Sparse Principle

the corner points set U are a pair of matching corner points,
traversing all corner points in the corner points set U to get
all the matching corner point pairs set A. Then, taking the
corner points set V as the object, using formula (9) and (10)
to find the matching corner point in the corner points set U ,
which to get the matching corner point pairs set B. Finally, if
the matching corner point pairs of set A and the matching
corner point pairs of set B are identical, they are the effective
matching corner point pairs, the effective matching corner
point pairs set is the final matching corner point pairs set.

Aiming at the corner points are extracted in Section 2.1,
the SURF algorithm is used to allocate the main direction
parameters, then the main direction parameters of the corner
points are used to generate the 64-dimension corner point
descriptors. Finally, the 64-dimension corner point
descriptors are assumed to be K, and the 64-dimension corner
point descriptors are reduced to the 24-dimension
measurement vectors by using the wavelet transform basis
matrix Ψ and the 24 × 64 dimensions random projection

(
)
d ( Ui ,V2 j )

matrix R ∈ R 24×64 . The 24-dimension measurement vectors
are used as the corner point descriptors, as shown in formula
(8):

K ′ = RY = RΨK

(8)

Where: K ′ represents the 24-dimension measurement
vectors, R represents the random projection matrix of
24 × 64 dimensions, Y represents the 64-dimension sparse
vector, Ψ represents the wavelet transform matrix of
64 × 64 dimensions, and K represents the 64-dimension
corner point descriptors.
2.3. Bidirectional Matching
Assuming that the reference image and the registration
image are image registration pairs, aiming at the
24-dimension corner point descriptors in Section 2.2, set the
corner point descriptors in the reference image as
Ui (x1 ,x 2 ,x 3 ,……,x 22 ,x 23 ,x 24 ) , and set the corner point
descriptors
in
the
registration
image
as
then the similarity
Vj (y1 ,y 2 ,y3 , …… ,y 22 ,y 23 ,y 24 ) ,
measurement equation of corner points between the reference
image and the registration image is as shown in formula (9):
24

d(U i , V j ) =

∑x

m

− ym

(9)

m =1

Where: x m represents the element of the corner point
description in the reference image, y m represents the
element of the corner point description in the registration
image, and d(U i , V j ) represents the similarity measure
value of corner points between the reference image and the
registration image.
In this paper, the similarity measure algorithm is used for
bidirectional matching. Firstly, the corner points set in the
reference image is assumed to be U , and the corner points
set in the registration image is assumed to be V . Then,
taking the corner point U i in the corner points set U as the
object, the formula (9) is used to traverse the all corner points
in the corner points set V , which gets the minimum value of
d and the sub minimum value of d , namely the nearest
neighbor corner point and the sub nearest neighbor corner

d Ui ,V1 j

(

Where: d Ui ,V1 j

)

< Th

(10)

represents the similarity measure

value between the corner point U i in the corner points set
U and the nearest neighbor corner point V1 j in the corner

(

points set V , d Ui ,V2j

)

represents the similarity measure

value between the corner point U i in the corner points set
U and the next nearest neighbor corner point V2 j in the
corner points set V , and Th represents the threshold value. In
this paper, the threshold value is set as 0.8.

3. Experimental Results
The experimental programming hardware platform is the
computer, which uses Intel Core i3-3240 CPU @ 3.40GHz
four cores, the memory is 4G and the operating system is
32-bit Windows 7.
In this paper, the Tsukuba images in the Stereo Matching
database, the Mr_T1 brain medical images in the Normal
Brain database and the remote sensing images of Beijing are
taken by the QuickBird satellite in 2015 are used as
experimental images. Figure 2 (a)~(b) represent the left
Tsukuba image and the right Tsukuba image with different
perspectives in Stereo Matching database, with the size of
384×288 pixels. Figure 2 (c)~(d) represent the deformed
Mr_T1 brain medical images in the Normal Brain database,
with the size of 250×190 pixels. Figure 2 (e)~(f) represent the
deformed remote sensing images of Beijing are taken by the
QuickBird satellite in 2015, with the size of 181×217 pixels.

Figure 2. The experimental images of image registration.

In this paper, we use the traditional SIFT algorithm [21, 22],
the traditional SURF algorithm, the reference [16] algorithm,
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the reference [17] algorithm, the reference [18] algorithm, the
reference [19] algorithm and the image registration method
based on the optimized SURF algorithm to carry out the image
registration experiment on the experimental registration
images. The image registration results are shown in Figure 3
(a)-(u). At the same time, in order to determine the efficiency
between the the traditional SIFT algorithm, the traditional
SURF algorithm, the reference [16] algorithm, the reference
[17] algorithm, the reference [18] algorithm, the reference [19]
algorithm and the image registration method based on the
optimized SURF algorithm, this paper selects six indicators as
the evaluation standard datas, that are the number of image
corner points, the number of image corner point matching pairs,
the number of correct image corner point matching pairs, the
image registration accuracy, the image registration time and the
decline rate of the image registration time, the image
registration accuracy and the decline rate of the image
registration time are shown in formula (11) and (12), and the
quantitative analysis diagrams of image registration are shown

in figure 4 (a)-(d). According to figure 4 (b), compared with
the traditional SIFT algorithm, the traditional SURF algorithm,
the reference [16] algorithm, the reference [17] algorithm, the
reference [18] algorithm and the reference [19] algorithm, the
image registration accuracy of the image registration method
based on the optimized SURF algorithm is equivalent.
According to figure 4 (d), compared with the traditional SIFT
algorithm, the traditional SURF algorithm, the reference [16]
algorithm, the reference [17] algorithm, the reference [18]
algorithm and the reference [19] algorithm, the image
registration time of the image registration method based on the
optimized SURF algorithm is decreased by 77.54%, 57.65%,
64.67%, 65.60%, 34.15% and 24.16%, respectively.
R image registration =

NUM correct matching logarithm
NUM matching logarithm

(11)

Ttraditional algorithm − Toptimization algorithm
R time reduction＝
(12)
Ttraditional algorithm

Figure 3. The result images of image registration.

Figure 3 (a)-(g) respectively represent the image
registration results of Figure 2 (a) and Figure 2 (b) by using
the traditional SIFT algorithm, the traditional SURF
algorithm, the reference [16] algorithm, the reference [17]
algorithm, the reference [18] algorithm, the reference [19]
algorithm and the image registration method based on the
optimized SURF algorithm. Figure 3 (h)-(n) respectively
represent the image registration results of Figure 2 (c) and
Figure 2 (d) by using the traditional SIFT algorithm, the
traditional SURF algorithm, the reference [16] algorithm, the

reference [17] algorithm, the reference [18] algorithm, the
reference [19] algorithm and the image registration method
based on the optimized SURF algorithm. Figure 3 (o)-(u)
respectively represent the image registration results of Figure
2 (e) and Figure 2 (f) by using the traditional SIFT algorithm,
the traditional SURF algorithm, the reference [16] algorithm,
the reference [17] algorithm, the reference [18] algorithm, the
reference [19] algorithm and the image registration method
based on the optimized SURF algorithm.
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Figure 4. The quantitative analysis diagrams of image registration.

Figure 4 (a) shows the vertical bar graph of the number of
corner points, corner point matching pairs and correct corner
point matching pairs by using the traditional SIFT algorithm,
the traditional SURF algorithm, the reference [16] algorithm,
the reference [17] algorithm, the reference [18] algorithm, the
reference [19] algorithm and the image registration method
based on the optimized SURF algorithm. Figure 4 (b) shows
the curve diagram of the image registration accuracy by using
the traditional SIFT algorithm, the traditional SURF algorithm,
the reference [16] algorithm, the reference [17] algorithm, the
reference [18] algorithm, the reference [19] algorithm and the
image registration method based on the optimized SURF
algorithm. Figure 4 (c) shows the curve diagram of the image
registration time by using the traditional SIFT algorithm, the
traditional SURF algorithm, the reference [16] algorithm, the
reference [17] algorithm, the reference [18] algorithm, the
reference [19] algorithm and the image registration method
based on the optimized SURF algorithm. Figure 4 (d) shows
the curve diagram of the decline rate of the image registration
time by using the traditional SIFT algorithm, the traditional
SURF algorithm, the reference [16] algorithm, the reference
[17] algorithm, the reference [18] algorithm, the reference [19]

algorithm and the image registration method based on the
optimized SURF algorithm.
In order to verify the time and accuracy of the image
registration method based on the optimized SURF algorithm,
100, 200, 300 and 400 pairs of image registration respectively
are selected as experimental subsets from a set of 400 pairs of
image registration. For the traditional SIFT algorithm, the
traditional SURF algorithm, the reference [16] algorithm, the
reference [17] algorithm, the reference [18] algorithm, the
reference [19] algorithm and the image registration method
based on the optimized SURF algorithm, the image registration
time and the image registration accuracy are counted, the
experimental data are shown in Table 1. According to the
experimental data in Table 1, compared with the traditional
SIFT algorithm, the traditional SURF algorithm, the reference
[16] algorithm, the reference [17] algorithm, the reference [18]
algorithm and the reference [19] algorithm, the image
registration accuracy of the image registration method based on
the optimized SURF algorithm is equivalent, but the image
registration time is reduced by 79.09%, 47.74%, 66.25%,
50.79%, 21.43% and 5.13%, respectively.

Table 1. The comparison table of the image registration time and accuracy of the different scale image sets.
Algor.ithm/
Parameter
Algorithm One
Algorithm Two
Algorithm Three
Algorithm Four
Algorithm Five
Algorithm Six
Optimization
Algorithm

100
t/(s)
4264.3
1694.3
2793.6
1826.9
1126.5
987.6

Accuracy / (%)
94.24
95.63
95.35
95.65
95.01
96.16

200
t/(s)
8020.6
3502.9
5623.8
3815.6
2500.3
2003.5

Accuracy / (%)
96.10
95.46
95.99
95.78
96.32
96.16

300
t/(s)
13452.8
5345.2
8345.3
5546.3
3400.5
2986.3

Accuracy / (%)
95.87
96.39
96.32
95.32
96.33
96.55

400
t/(s)
17502.6
7002.6
10845.3
7436.8
4658.3
3857.9

Accuracy / (%)
96.56
96.19
96.49
96.11
95.87
97.01

908.9

96.02

1840.6

96.10

2766.3

96.22

3659.9

96.87

Among them, Algorithm One represents the traditional
SIFT algorithm, Algorithm Two represents the traditional
SURF algorithm, Algorithm Three represents the reference

[16] algorithm, Algorithm Four represents the reference [17]
algorithm, Algorithm Five represents the reference [18]
algorithm, Algorithm Six represents the reference [19]
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algorithm, Optimization Algorithm represents the image
registration method based on the optimized SURF algorithm,
time represents the image registration time, accuracy
represents the image registration accuracy.

4. Conclusions
Based on the traditional SURF algorithm, this paper
optimizes it by using the Shi-Tomasi algorithm, the sparse
principle algorithm and the bidirectional matching algorithm,
namely the image registration method based on the optimized
SURF algorithm, also namely Shi-Tomasi-CS-SURF
algorithm. Compared with the traditional SIFT algorithm, the
traditional SURF algorithm, the reference [16] algorithm, the
reference [17] algorithm, the reference [18] algorithm and the
reference [19] algorithm, the Shi-Tomasi-CS-SURF
algorithm has obvious advantages in the time consuming
aspect of image registration. At the same time, the algorithm
is verified to be practical through the image registration pairs
set.
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