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A stereo matching method based on fragment matching of image

LI Ying-Jiang**, ZHANG Jian-Wei', ZHONG Yu-Zhong', WU Shao-Mei*
(1. College of Computer Science, Sichuan University, Chengdu 610065, China; 2. Honghe University, Mengzi 661100, China)

Abstract: A method of stereo matching using each image fragments as a unit is proposed. Different from
the conventional pixel-by-pixel stereo method, the authors use the edge information of the image to di-
vide the reference image into small segments and perform stereo matching in units of small segments in
the horizontal and vertical directions, and then use the disparity images to improve the accuracy of the
matching. In each segment, the authors divide the matching cost into high cost and low cost and calcu-
late the cost contribution of the two cost values to the entire segment in different calculation modes.
This calculation method can accurately match the situation when the object is partially occluded. Next,
the authors enlarge the low-order digit of the intensity for the two reference images and search for more
accurate disparity values in all the fragments according to the enlarged reference images. Finally, the
disparity map is filled and smoothed using the same color region median filter according to the original
reference image. The results of the experiments show that this method has the characteristics of low
computational complexity, fast speed, accurate matching, and clear edge disparity of the object. It a-
chieved good performance with the Middlebury stereo benchmark.
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Fig. 1 Flow chart of this algorithm
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Fig. 2 The method in this paper is used to blur ted-

dy images
(a) The teddy gray scale image; (b) The image after guided
filtering and local Gaussian filtering; The yellow box indi-
cates that the texture area is blurred, and the important
edge area indicated by the red box remains good.
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Fig. 3 Acquire edges for teddy images
(a) The teddy image processed in step 3. 1; (b) The ac-

quired edge image; (c¢) The horizontal edge sub-image and
(d) The vertical edge sub-image
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Fig. 4 A possible situation in which an object

is occluded
(1) The left reference image; (2) ~(4) The right refer-
ence image, wherein (2) is the correct segment matching,

and (3) and (4) are possible error matching
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Fig. 5 Calculating horizontal and vertical dispari-

ty maps of teddy images and fusing them
(a) The disparity map in the horizontal direction and (b)
The disparity in vertical direction; (¢) The disparity map
after fusion
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Fig. 6 Mantissa amplification of intensity val-
ues and accurate searching of diparity
within segments
(a) Part of Adirondack image; (b) Amplifying the
mantissa of the intensity value; (c¢) Disparity ob-
tained based on the segment; (d) The result of accu-
rate searching for the disparity in the segment
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Fig. 7 Disparity filling and smoothing processing
(a) The disparity map after filling; (b) The disparity map

after performing similar gray median filtering operation on

(a).
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5.2 Middlebury Benchmark FRJSEIG &5 R
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MFE T HA] LUAL, A SCHR B SR AE “bad4. 07
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Je ) WL 2% b B R B . {H R badl. 07 I
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ik,

x1 AEZEHET 41 #MEXE MiddleburyBenchmark il E 2 2. EFHNERBHAKEZRT

Tab. 1
shown in bold type

The error rate of this algorithm and other four algorithms tested in Middlebury Benchmark. The best results are

Method bado. 5 badl. 0 bad2. 0 bad4. 0 avgerr rms A50 A90 A95 A99
FBSM 53.9 34.4 18.2 7.71 2.79 5.74 0.75 3.96 14.22 46.3
1GSM 54.5 32.1 18.7 12.6 5. 57 20. 2 0.71 9.96 23.81 107.0
SPM-BP 61.1 36.9 22.6 12. 8 6.25 21.5 1.47 7.74 24. 86 118.9
TMAP 58.8 29.2 17.1 10.9 4.75 18.1 0.70 7.54 25.92 90. 0
CSCA 82. 4 49.6 34.2 15.5 8. 87 27.3 2.40 18.72 55. 60 172. 3
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(a) Left image (b) TMAP

(c) IGSM

(d) FBSM (e) Groundtrouth
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Fig. 8 Comparison of disparity map and Groundtrouth between FBSM algorithm and TMAP and IGSM algorithm
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PAF M2 E s (D A Groundtrouth

Fig. 9 Disparity map comparison between the proposed algorithm and CSCA [
(a) Images of Moebius, Plastic and Flower pots in Middlebury data set; (b) Disparity map obtained by CSCA
[251,; (¢) Disparity map obtained by FBSM and (d) Groundtrouth.
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Fig. 10 Sensitivity analysis of parameters 0 and w
to the algorithm
(a) The influence of parameter 0 on the error rate of the al-

gorithm; (b) The influence of parameter w
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