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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 scanned 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 demonstrate that the proposed

algorithm has better performances in stereo matching than the previous DP based algorithms.
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Fig. 4. Proposed algorithm for stereo matching

@i g( l;z 2)
mh(z):’:;ﬁ_z 4)
PEIESSE

oJ7]A, n7he] dlele] A g, (i=1,...,n)°] =3, d-
2 F7r Rty a2li b 9E$-9] Hix|Eo)
Iz L AE5-e FAlo|tk 4] (4)E Mean-Shift
wejety F2v, g4 st HHE Frishe W
S 7H7IA sick o] HEZL Fleyle wEkeR
=S5 olFahd = AW d=el s 7
ok 23 5.-a)2] “Teddy” <34toll Mean-Shift <
1ES A8 a8 5-)e] A Qe B
gel Al HEFWA F7E Aol ska
e T ke S F1d S glck

Mean-Shift ar2|5& 483k dabellxd A3A
I AR el ARE Zhs d9s AR A}
$3le DSIE Al dwbH o R tloue] =&
aeellA] A= 23 6-(a)9F A 3x3, 5x5
2 44 =719 AR Al 23 emAH AF
A el FAle] == A fARE e ARE
2 d9E APRo R ARERich

APAE 2 o APL 27)= vilg F83

3

F2 AHget

1% 5. (a) “Teddy” °34}, (b) Mean-Shift AlgorithmS- %]
PEERP
Fig. 5. (a) “Teddy” image (b) Result image using Mean-
Shift Algorithm

684

of Y7 =w dFe] 9] HE|(low-pass filter)]
A3k shar Zlo] BAHE AA =24 ek A
3

Pel =7k AdeE wo] Ame AR

slog el AAs sk Zlo] F8sih
A lo] AAE vads of 5x59 AP A
ol 7P st Algkel AARS ARSEF SAD
(Sum of Absolute Difference)2] B2 ol t}&-
3 322 A (5)7F ek

W "W
Ciyp i, z,.)=m;"v ";”v [f(itm. s )= I, +mostn). @R (5)

AL S)elA z= wFellAe] 91, s WA 2~
Mepele vellz, I(z,s)= 2 9x|elA9] 3k
e, ol R} [ A7 2 A, &
vepdck e AR AR =27), RS
dE vehth 23 6-a),b) A2
2ol S uf o] A3 AT 1Al
BF de] ARE 7= 949 AP 2
| W ekellA] 2k A7]e| sldshe dedel whsliA
7k SAD H|§- ks Al "ok A Al of
3 o] Feix= 71 Anbgelx Yepd 5 gl
Ade] 7] Wslel s Arl= s Ed
Sk

DSIE A3 5 A AAellM 9 3}
g vlS PFS AP 218l
=2 3

gL
tlo

o
>
O~

e
i)
Y i o
o
)
o,

fr e

%2
:l>~

N

4 e

™

43

E

ol
>
>
o
1 o

[e5
i

J.
_ILH
e
v
O:
©
oY
i

o, b
i
e 2

dae] A Hrart WolF ASY 4
AR Aor] meh) A
5 eIZab) S, wr} AR Fe WelE o
S slek s, dge) AL AA Ggel
el A @omE A e W

%
[ e
e

>
A
w2,

e ne

o

I

@ ®)

T8 6. (@) 5x5 AP, (b) Ak A
Fig. 6. (a) 5x5 window, (b) Proposed window

www.dbpia.co.kr



=/ S o] 43k tholun] 2w y|uke] ~EH . A

T o] ARE WISl slofof ) Uut o] B5d o x9 o T I e
o wWolo] Bl tif oake] ZAlA EAel o) zlo] g 070] HA| wder)h ol
Whlsla, dAake] Fdgt JHe e Welrt fAlsk oape] &3S Zoly] 9 LoD AAFH
= 5o ol7] wiiel <dAke] Bddxiel 54 o FA4 ol 3823k ool ik AlFE H2
HollA] ol 5% Weolr} F oJog shalwe] A} Wole} shdsla, 137 gdrpd HAERE wolz)
S3p7ol S AlFAS JPvial & 5 9lek <k gibsle] WolE 0o /)3 AA eAFol=t

| = ] shkghept!

oA AT AR del JuE 2 dele A
=z

HARE ZH= ooz ¥ty Ay 35E A8
slo] 3hAaghe et Azelc) olw A <
AF Falo] dofyks ASole ARE =& WHolE
A& 4 gk

JAle Easle] 5] AARRE o] 83| 7
A AN T sfaghke e vg PEE A
At & A AR S dle] Woghs ddst
th olw) RAERE WelE FAE3P] $lsi4 F5%
Hol g Fxod el AL doddmtel eaE st
3= 9 FZ(cross-checking) WS- o]g3tcl 4]
©F o 24 olgsjo] T4 ol BE
= AE v

CrossChecking = | R(x+ Dis(x,y),y)—L(x, )|
Dis(zx, y){Dis(x, ¥),CrossChecking < Tolerance  (6)

0 ,else

A7V Rlay) = 942 343k Ly F
3] sfagkE velaL Dis(zy)© Rlx,y) oA
ol Zh& et o]4bAQl dite] 5 =4l
< o 2 shiel] w9t sk A
o] Ft2 0’0] =|ofof g} F|RE UukHow o

o

o

(@)

T2 7. (a) “Teddy” %34k, (b) <34k #3t
Fig. 7. (a) “Teddy” image, (b) image segmentation

o FAsHA SgeAst ol Fe ¥

A
S179] Fase b Adel 3

DSI(i,§) = Penalty < DSI(i,7) @)
Penalty=41  :|1(i,j) — I(i—1,5)| <threshold (8)
k :1(i,5) — I(i—1,5)| > threshold

A% 2o o] A=E A flais &

ZAEo] Fosich A4 ddelx] eAJgt
Hol7}l wo] yehlng d&Lxon X3t wHelrt
e e WHE] fla) wA oo zi%e] 2
sslc) 54 AR 2% A (uniqueness) I}
A4 (ordering)  AS ARSE] watel] AXH
AR A%AQl o2l dogAl Tk w4 <
ol 243 Hol7} wo] Yeht= olfie 7% 9

[}
Aol EASAT 9 Aol B ke

il

J

°
A3 o] EE el A5 We] A
&k
H|5=gh HolZ sR|n], 0] edede] A
ole] Mz} ARnZ Wo] A&E FeE o
we} Hrs] SlEia] $- 3
Ak 3k varg Axksla o
o] &3 a5 ARk

{valid var < a
inwvalid var = «

685

www.dbpia.co.kr



g A15h3| =52 °10-08 Vol. 35 No. 8

Ay e =4

1
Table 1. Characteristics of test images

Test Image Size Disparity Range
Cones 450x375 0-59
Teddy 450x375 0-59
; | Tsukuba 384x288 0-15
(b) Venus 434x384 0-19

O 8. (@ #HAA A, () HF We] A=
Fig. 8. (a) Occlusion region, (b) Final disparity map

o A4 o A odd& ez 27 8(b) Sl
= FA2g #F o] Aotk @ (b) © @ ©
T2 9. (a) 2HES %34, (b) DP, (c) Tree DP, (d) Reliability
V. )élg{ DEiEI. E‘:I k] DP, (e) Proposed

Fig. 9. (a) Stereo image, (b) DP, (c) Tree DP, (d) Reliability
DP, (e) Proposed
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Table 2. Error rates(%) of the disparity maps
Tsukuba Venus Teddy Cones
Algorithm
nonoce| all disc |nonocc| all disc |nonocc| all disc |nonocc| all dise
DFP 412 | 504 | 120 | 101 | 110 | 21.0 | 140 | 216 | 206 | 105 | 191 | 211

Tree DP 199 | 284 | 99 | 141 | 210 | 774 | 159 | 239 | 271 | 100 | 183 | 189

Reliability
DFP

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

Proposed | 1.69 | 363 | 884 | 235 | 319 | 10.36 | 892 | 157 | 194 | 12.02 | 194 | 192
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