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(A Hierarchical Stereo Matching Algorithm
Using Wavelet Representation)
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Abstract

In this paper., a hierarchical stereo matching algorithm to obtain the disparity in wavelet transformed
domain by using locally adaptive window and weights is proposed. The pyramidal structure obtained by
wavelet transform is used to solve the loss of information which the conventional Gaussian or Laplacian
pyramid have. The wavelet transformed images are decomposed into the blurred image. the horizontal
edges. the vertical edges. and the diagonal edges. The similarity between each wavelet channel of left and
right image determines the relative importance of each primitive. and make the algorithm perform the
area-based and feature-based matching adaptively. The wavelet transform can extract the features that have
the dense resolution as well as can avoid the duplication or loss of information. Meanwhile, the variable
window that needs to obtain precise and stable estimation of correspondense is decided adaptively from the
disparities estimated in coarse resolution and LL(low-low) channel of wavelet transformed stereo image.
Also, a new relaxation algorithm that can reduce the false match without the blurring of the disparity edge
is proposed. The experimental results for various images show that the proposed algorithm has good
performance even if the images used in experiments have the unfavorable conditions.
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Fig. 8. 5% RDS. (a) Left image. (b) Right
image.
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Fig. 9. 30% RDS. 10% dots of right image
are decorrelated. (a) Left image.
(b) Right image.
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Fig. 10. 50% RDS. 20% dots of right image
are decorrelated.
(a) Left image. (b) Right image.
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Fig. 11. The gray dot image with white
Gaussian noise in which the
standard deviation is 50.
(a) Left image. (b) Right image.
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Fig. 12. "Stripes’ image. 20% dots of right
image are decorrelated.
(a) Left image. (b) Right image.
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Fig. 13. The disparity map for RDSs and
synthetic images. The results is
obtained using the proposed
algorithm (SMW-RN). (a) 5% RDS
as shown in Fig. 8. (b) 30% RDS
as shown in Fig. 9. (¢) 50% RDS
as shown in Fig. 10. (d) Gray dot
image as shown in Fig. 11.
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Fig. 14. The experimental results for “Stripes”

image as shown in Fig. 12. They
are obtained by the wvarious
methods. Each result is the best one
obtained for each method. (a) NCC
{the best result obtained by the
classical area-based method). (b)
SMW-FW. The window size is 11x
11 in which the result have best
(¢) SMW-VW. The
(d) SMW-RN.
The variable window is used and
the maximum window size is 7x7.

performance.
window size is 9x9.
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Table 1. The result of the proposed stereo
matching algorithm (SMW-RN) for
RDSs and synthetic images.
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Fig. 15. "Bear” image (200 % 200)

(a) Left image. (b) Right image.
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Fig. 16. "Pentagon” image (512x512)

(a) Left image. (b) Right image.
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Fig. 17. The experimental result for “Bear’
image. The proposed algorithm
(SMW-RN) is used to obtain the
result.
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Fig. 18. The experimental result for “Pen-

tagon’ image. The proposed algo-
rithm (SMW-RN) is used to obtain
the result.
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