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Dynamic Programming-based Stereo Matching Using Image
Segmentation
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ABSTRACT

In this paper, we present a dynamic programming(DP)-based stereo matching method using image
segmentation algorithm. DP has been a classical and popular optimization method for various computer vision
problems including stereo matching. However, the performance of conventional DP has not been satisfactory
when it is applied to the stereo matching since the vertical correlation between scanmed lines has not been
properly considered. In the proposed algorithm, accurate edge information is first obtained from segmented image
information then we considers the discontinuity of disparity and occlusions region based on the obtained edge
information. The experimental results applied to the Middlebury stereo images dem'onstratc that the proposed
algorithm has better performances in stereo matching than the previous DP based algorithms.
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£ 1. 49 3yel 54
Table 1. Characteristics of test images

Test Image Size Disparity Range
Cones 450x375 0-59
Teddy 450x375 0-59

Tsukuba 384x288 0-15
Venus 434x384 0-19

T8 8. (a) A4 49, () HF o] A=
Fig. 8. (a) Occlusion region, (b) Final disparity map
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Table 2. Error rates(%) of the disparity maps

Tsukuba Venus Teddy Cones
Algorithm
nonoce| all disc jnenocc| all disc |nonocc| all disc |nonocc| all disc
DP 412 | 504 | 120 | 101 110 | 210 | 140 | 216 | 206 | 105 | 191 | 211

Tree DP | 199 | 281 | 99 | 141 | 210 | 774 | 159 | 239 | 27.1 | 10.0 | 183 | 189

Reliability
Dr
Proposed | 169 | 363 | 884 | 235 | 319 | 1036 | 892 | 157 | 194 |12.02 | 194 | 192

136 | 339 | 725 | 235 | 348 | 122 | 982 | 169 | 195 | 129 | 199 | 197
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