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An Algorithm of Image Matching Based on Both Complex
Wavelet Energy and SVM

WANG Jun-qing, HUANG Sha-bai, SHI Ze-lin

(Shenyang Institute of Automation Chinese Academy of Sciences, Shenyang 110016)

Abstract This algorithm, which is based on both statistical characteristics of complex wavelet energy and SVM,,
is proposed in order to effectively detect and track targets in image, which may cause changes, such as translation,
scaling and rotation. So, the problem of image matching is transformed as that of classification. The
transformation of complex wavelet that has properties of scale, shift invariant and directional selectivity effectively
extract the statistical characteristics of image, such as mean. standard deviation and skew. The statistical
characteristics of sample templates are input into SVM to train support vectors of SVM. Then, those statistical
characteristics of any sub-image from original image are input into SVM in order to match target. This is a two-
stage algorithm of coarse-to-fine. Firstly, the set of candidates is sifted by SVM. Secondly. a new optimal rule,
which is nonlinear distance function, is proposed to decide the optimal matching from the candidate set. Those
experimental results show that this algorithm addresses the problem of confidence level, which generally exists in
traditional matching methods. This algorithm’s performance is superior to those of both learning method of neural
network based on RBF and gray-level correlation matching method, which compares with them. Finally. a good
matching result is obtained.

Keywords image matching, complex wavelet, support vector machine (SVM ), shift invariant, directional

selectivity
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(s) C- (%) %)

2.6 100 90
1 3.1 100 78
2 0.41 40

.SVM

Manjunath B S, Ma W Y. Texture features for browsing and
retrieval of image data [ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 1996,18(8): 837~841.

Ma W Y, Manjunath B S. Texture features and learning

similarity [ A ]. In: Proceedings of IEEE Computer Vision

10

11

Pattern Recognition’96, Computer Society Conference [ C ],
Washington, DC, USA ,1996: 425~430.
Chang T, Kuo C-C J. Texture analysis and classification with
tree-structured wavelet transform [J]. IEEE Transactions on
Image Processing, 1993, 2(10): 432~435.
Shirazi M N, Noda H, Takao N. Texture modeling and
classification in wavelet feature space[J]. IEEE Transactions on
Image Processing, 2000,1(9): 272~275.
Porat M, Zeevi Y Y. The generalized gabor scheme of image
representation in biological and machine vision [ J ]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
1988, 10(7): 452~468.
Kingsbury N G. The dual-tree complex wavelet transform:a new
efficient tool for image restoration and eanhancement [ A]. In:
Proceedings of EUSIPCO 98 [ C |, Rhodes, Greece, 1998:
319~322.
Kingsbury N G. Shift invariant properties of the dual-tree
complex wavelet transform[A7. In: Proceedings of International
Conference America Society Signal Processing 99[C], Phoenix,
Arizona, USA, 1999:16~19.
[ ,

2000,26(1):32~43.

s . [M].
286~294.
Vapnik V N. Statistical learning theory[M ]. New York: John
Wiley &. Sons., 1998.
Platt J.

, 2000

Fast training of SVM using sequential minimal

optimization advances in kernel methods support vector machine
[M]. Cambridge Boston, MA,USA: MIT Press, 1999: 185~
208.

1974 »1998

’ N o

E-mail : wangjunqing@ms. sia. ac. cn

1939 »1963

1965 ,1990



