A Stereo Matching Method Based on the Dynamic Programming to Reduce
the Streaking Phenomena
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ABSTRACT

The dynamic programming based methods, a kind of globally optimizing stereo matching methods, has the inherent advantage that the
occlusion regions can be found during the process. But it also has a serious drawback of streaking phenomena. This paper focuses on reducing
the streaking phenomena by adjusting the penalties in calculating the cost matrix and re-establishing the optimal path in the back-tracing
process using the boundary information of the image. Especially we use a pixel expansion method in re-establishing the path, which is the
results from expanding the pixel information of the ones just left the boundaries. Experiments with the four image pairs provided by the
Middlebury site showed the results that the proposed method has the disparity error ratio of 6.33% and the rank is 29, which is competitive to
the best method among the previously published dynamic programming based methods.
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Process{Horizontal expansion}|

define|
matching window at (i, jy:=([i-n, i+n], [j-m, j+m]);
left boundary of an object at y=f.= (b; J);

}

Jor pixel at (i-n, j+k)(k=-m to +m, k++){
if (i-n<by.s) then

expand Kb, j+K)

horizontally for one pixel,

O 8 HAaEE =E
Fig. 8. Expansion of image information
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Process{Re-establishment of Diagonal Path} |
define {
number of horizontal expansion:= &,
matching window at (i, j, dy:= ({i+d-n, i+d+n],
{-m, j*ml);
search range:=r,
left boundary of an object at y=j in Es(S=R, G, B,
Wy=(b,
SADpin =
I
if path[(i+d-1, jy—(i+d, j)] is diagonal then {
,*
if i=b; then {
Jor (e=Ltord, e++) |
Horizontal Expansion;
SADi=min[SAD(, j, d+ €}, SADuinl;
}
if SADuin < Tsap,pack then |
q=arg {SADuwir);
put all OccCpenainn =0 from =010 q;
re-calculate the cost matrix values for the
paths;
re-perform the back-tracing from e=0to g,
}
else
define (i, j) pixel as mismatched,

*

a8 9 HoldLF=e MY
Fig. 9. Re-establishment of the disparity-
consecutive path
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same
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Table 1. Characteristics of the test images

Test Image Image size Search range
Tsukuba 384 x 288 0~15
Venus 434 x 384 0~19
Teddy 450 x 375 0~59
Cones 450 x 375 0~59
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Table 2. The values of the parameters used

"~ Symbol Meaning Value
I pixel intensity Y
MW size of matching window 3x3
Occperaty, ver penalty for vertical path 45
0ccyeratty. hor penalty for horizontal path 45
Tpp threshold for diagonal path exam. 31
P size of window for diagonal path exam. 2
q A for DP(i,5)=0 04
r A for DF(i,5) = Tpp 18
T threshold for image separation 7
(2n+1, 2m+1) window size for image expansion 3x3
T54D.back SAD threshold for back-tracing 52
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Tsukuba

Venus

Teddy

O 1. AEHYAE i MEZER @FFEY, OF5G4, (0 gound truth #0[X] &,
(d) Hlghst wHoll ot Hol|X| T,
Fig. 11. Experimental results for the test image: (a) left image, (b) right image, (¢) disparity map of ground truth,
(d) disparity map by the proposed method

3 AYAMES #o| X8
Table 3. The disparity error ratios for the test images

Tsukuba Venus Teddy Cones Average
. Avg,
Algorithm % of bad
Rank) P all | dise | " | all | disc | " | all | disc | PO | all | dise | pirers
occ oce oce oce
Proposed 2991162241839 (063092 |685|6.02| 768|148 | 514|923 | 123 6.33

Region Tree DP[16] | 27.1 | 1.39 | 1.64 | 6.85 |0.22] 0.57 | 1.93 |7.42| 119 | 16.8 | 3.31 | 11.9 | 11.8 6.56
Reliability DP[19] | 53.8|1.36| 3.39 | 7.25 |2.35| 3.48 | 12.2 |9.82| 169 | 19.5 | 129 199 | 19.7 10.7
Tree DP[13] 57.0(1.99| 284|996 |141| 2.1 |7.74)159(239|27.1| 10 | 183|189 11.7

DP[2] 65.014.12|504 | 12 [10.1| 11 | 21 | 14 |21.6 {20.6| 105 19.1]21.1 142
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Fig. 12. The error ratios and the average ranks by the Middlebury site
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