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Abstract In the existing weight-adaptive cross-scale algorithms, the same weight for the cost function of each scale
is adopted, the different influence of each scale layer on the whole matching cost is missing, and thus the number of
mismatching points increases. As for this problem, a weight-adaptive cross-scale algorithm framework for stereo
matching is proposed. The cost matching is performed on different scales in the framework of unified cost
aggregation function and the information entropy of each pixel window is used as the influence factor of the matching
cost at each scale on the whole matching cost. At the same time, a regularization factor is added to the cost function
to ensure the cost consistency at different scales for the same pixel. The proposed algorithm framework can be
applied to the multi-scale algorithm of cost matching and improve the accuracy and robustness of the existing
algorithms. Based on the proposed algorithm framework, the different cost aggregate functions are tested on the
Middlebury dataset. To ensure the fairness of tests, as for each algorithm, there is no a subsequent parallax
refinement step. The experimental results show that the proposed algorithm effectively improves the accuracy and
robustness of multi-scale stereo matching.
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Fig. 1 Image (blue box) and mismatching points (black
box) of certain pixel window when cost aggregation
performed at different scales. (a) Original image;

(b) second-scale image
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Fig. 2 Different images and corresponding information

entropy. (a) E = 0 for pure white image

information; (b) E =0 for pure black image;

(¢) E=1.0413 for 4-grid image; (d) E=1.3476

for 16-grid image; (e) E=5.0542 for image in

blue box of Fig. 1(b); (f) E=5.6215 for image

in blue box of Fig. 1(a)
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Table 1 Parameters for proposed cross-scale

cost matching algorithm

Parameter T [ a 7 S A
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Fig. 3 Parallax maps of Teddy images by different methods
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Table 2 Matching error comparison between proposed method Table 3 Running time comparison for cost aggregation
and that in Ref. [12] when dead pixel rate is 2 % by guiding filters S
Stereo S+BOX AS+BOX Stereo pairs S+GF AS+GF
Pairs Non-occluded  All Non-occluded All Bowling2 6.75220 7.32107
Bowling?2 10.07 22.46 9.43 21.64 Babyl 5.43631 5.54525
Babyl 10.92 15.36 8.35 12.68 Cloth3 6.28890 6.33252
Cloth3 7.42 11.66 7.01 11.00 Flowerpots 6.56278 6.68801
Flowerpots 15.59 30.78 14.43 29.75 Lampshade2 7.53322 7.98634
Lampshade2  30.41 36.58 24.72 31.33 Middl 6.96293 7.36999
Midd1 16.53 1943 42.00 15.16 Monopoly 6.57855 6.82937
Monopoly 37.08 42.48 25.44 31.78 Plastic 6.94070 7.30089
. Rocksl 6.17969 6.27993
Plastic 56.12 57.38 55.47 56.77
Woodl 6.43060 6.46233
Rocks1 12.04 17.42 11.94 17.31
Books 6.30772 6.76049
Woodl 13.11 19.25 12.75 18.92
Moebius 6.03519 6.98040
Books 15.51 22.22 14.91 21.68
Dolls 5.91785 6.18341
Moebius 16.82 22.64 16.52 22.36
oebias Baby? 5.18777 5.40952
Dolls 7.51 14.72 7.51 14.75 Wood? 6.26264 6.80027
Baby?2 6.88 12.12 6.93 12.18 Rocks? 5.783923 5.95239
Rocks2 8.79 15.14 8.82 15.19 Cones 5.56898 5.85602
Teddy 7.18 16.13 7.13 16.01 Average 6.237998 6.559148
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