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Abstract

In the field of binocular stereo vision, stereo matching is an important research direction. In order
to solve the problem that some stereo matching algorithms have high error matching rate in the
weak texture region, this paper proposes a stereo matching algorithm based on multi-scale and
multi feature. The STAD, gradient and improved Census cost fusion are used as the cost computing
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method. In the cost aggregation stage, take the guided filtering algorithm as the core. The cost
cubes of different scales are fused using the idea of cross scales, and different cost aggregation
parameters are set for the cost cubes of different scales. For some errors in disparity map results,
a variety of methods of disparity post-processing are used. The experimental results show the ac-
curacy of the algorithm in the weak texture area. The experimental results of standard image
pairs on the Middlebury 3.0 test platform show that the average mismatch rate of the algorithm in
multiple groups of weak texture images is 8.16%, which has higher matching accuracy than the
traditional SGM and other algorithms.
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Figure 1. Algorithm flowchart
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Figure 2. Census transformation
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Figure 3. Census transformation after sudden change of center pixel
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Figure 4. Improved census transformation
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Figure 5. Comparison of cost compute disparity results in weak texture regions
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Figure 6. Original cross scale cost aggregation results and improved cross
scale cost aggregation results
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Figure 7. Flow diagram of algorithm
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Table 1. Main parameter settings of algorithm
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a /11 /10 rz € A
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Table 2. Comparison of mismatch rate of three algorithms
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Shelves 10.1 11.1 7.78 8.35 12.40 12.60
Playtable 16.9 20.9 15.7 18.5 6.97 9.04
Avg 10.85 9.06 7.97
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