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Abstract The parallax pattern obtained from the ELAS (efficient large-scale stereo matching) algorithm contains
obvious fringes and void regions. To address this problem, a stereo matching algorithm that combines matching
window characteristics with differentials is proposed in this paper. By enhancing the description of the feature
information of points, the similarity measure of the points to be matched is provided with a higher degree of
discrimination. First, according to the classical adaptive algorithm of color images, a window descriptor adapted to
a gray image was proposed spatially. Next, according to the characteristics of an image signal, a less smooth
differential operator was selected at the pixel level. Then the proposed matching window was combined with
a differential operator to obtain a description ability of feature information stronger than either of the two. Finally,
objective evaluation of standard benchmarks and subjective evaluation of self-collected images show that the
proposed algorithm is more robust and has higher matching accuracy, and it obviously improves phenomena related
to stripes and void regions in the disparity map.
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Table 1  Performance comparison of Gaussian weight window under two indices
Data name Evi /% Euu/ % Data name
ELAS Proposed ELAS Proposed
Adirondack 12.070 11.890 0.880 0.877 Adirondack
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Playroom 26.680 26.040 4.550 4.270 Playtable
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Table 2 Performance comparison of Scharr filter under two indices

Data name o/ % Eue/ % Data name
ELAS Proposed ELAS Proposed
Artl 19.80 19.73 0.88 0.86 Adirondack
Jadeplant 34.68 29.19 8.85 6.33 Jadeplant
MotorcycleE 13.45 13.09 1.17 1.13 MotorcycleE
Piano 22.04 21.92 2.21 2.22 PianoL.
PianoL 37.52 37.50 1.96 1.97 Pipes
Pipes 15.30 15.19 0.93 0.92 PlaytableP
Playroom 26.68 25.63 0.91 0.89 Teddy
PlaytableP 14.84 14.79 — — —
Recycle 17.85 17.24 — — —
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Table 3 Performance comparison of proposed algorithm under two indices

Data name Bl % Euu/ % Data name
ELAS Proposed ELAS Proposed
Adirondack 12.07 11.81 0.88 0.83 Adirondack
ArtL 19.80 19.55 1.76 1.74 Artl
Jadeplant 34.68 27.85 8.95 5.99 Jadeplant
MotorcycleE 13.45 13.30 1.17 1.15 Motorcycle
Piano 22.04 21.85 1.17 1.16 MotorcycleE
PianoL. 37.52 36.03 2.21 1.94 Pianol
Pipes 15.30 15.30 1.96 1.94 Pipes
Playroom 26.68 25.63 0.93 0.92 PlaytableP
Recycle 17.85 17.12 1.97 1.92 Shelves
Teddy 11.42 10.88 0.91 0.83 Teddy
Vintage 33.69 32.33 2.43 2.39 Vintage
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Fig. 7 Example of the effect improvement of proposed algorithm and the original method. (a) Left images;

(b) ground truth images; (c¢) ELAS; (d) proposed algorithm

N s D ®
(= =1

Mismatching rate /%
S

Experimental gro

=1

p

proposed
mwwes GweNet

& 8 bad $EH5XT LI

Fig. 8 bad index comparison

ZEA AT LI 25 L v WL GA-Net () DT fig 7% fig
T GweNet 535, 24 GweNet 78 PE e i 72 2
{6 FH 45 BBl 2 0 24 3647 40 2 MH G AR A R A 15
1M GA-Net 7EVC T it 72 v, 1) F 45 B pl 22 ) 2% 5]
VERECAR A ) 2R A o 45 DG B AR AN 78 11 5 0 R v R ]
R T e 7S XS A 27 A 422 T 8% T A% 4 5 SR I T

T3 5L T X W R0 B 2% 07 5 (R Playtable EI&XF 40,
A3 AT S 20 3 B 5T 5% DI 25 4 A S A i 0 3
iR KITTI &4, s 1 95 prak, 4 Ul ¥ 4 5%
W B T BN R 5 R IE AR B 3 T LA 7 2T 1Y
7 AR DG ARV 1 DG T 58 W R B L R T 4R T IR AN
PO T I A 1Y, BT B 00 A P B 5 LR BT 4 5 7

081504-8



MOOb 5 %o T R

— = DD
(2 B )

Average absolute /%
o

S G

Experimental group

s proposed

& 9 avgErr #8585 b

Fig. 9 avgErr index comparison chart

PlaytableP B E 4 % L AU C i Mg 2 & T
Playtable, Jit [N 15 il # 58 J AL 1E 19 B X 1 By
P& 7 IR A BEVC IE 5 v, DG IAC A A9 48 2% 4 PR 1] 78 X
HEAT by 47 0 v 2k 2005 s ™ B 52 el DR PG M BE 5 T
GwceNet 1 GA-Net B8 J 5 A7 B, X5 T 17 X /Y
oK AR, 76 Playtable &% I % DT FC 4% fE o 56
Ut 5 558 DU 4 B 4% % (Bl Pinao, PianoL . Playroom #
Teddy) i avgErr 0§ 1% F 95 F BT 2% 503 L 20 B Ji
RIAE T H BAF A5 3 00 00 22 (&1 Xl — S pE s o, &
F15 VT 14 W 22 1 57 2 05 B 30 DG TC i 7 400 25 1B
T 08 5 PRI AORS 1 32 1048 s W e T BT 4 7 i (HL7E 3R
T b T4 5 Bk B % A bR BRI 4 % O # (10/15 1Y
EGAT ZIPERE AL o 73 AP DU ZH R A 1Y bad 45
PR AR T BT 05 5 78 avgErr ([HIT U bad 845
A VRS, 25 Bk U147 5ot 3 7
BILAS 27 > (4 57 AR DG e M BB AT T i 52 05 0 L BT 4 O ik
FEAMRA T — R 1€ 3 5 B9 RRAE AR B, o B AT I %)
KRB 5, AT HLE L SE A e i — 2R

JT R T 1 [RARE A T D00 3K g G 4 £ 9 B33k Y D e
PERE 33X I PR Ay 52 50l P % B8 4 o B Pkl 1D
IR S AR L T SGM B G 4 E I 1) Y 42 )R
TR B A DX A5 B R [ AR B b 3 2
KA L 52 e SGM 55125 14 D IiE 1 B ; Census 72 6 Fi
JIF B 7 R AE TS DG AR A B R T R/ — 2 A D i
HW ARG R M HE S E B AR, {2 Census 2
e HARBE 1 1 NAR R Z IR OC &R 38 LR PR15OK B8 1%
SR XA IR AR AR X 3 ) 3 A5 D I 17
PR T X — AR RS R LA,

TEF WL B 25 EEXE E R ) UL 1B 10, 5 HE I bR
WU 7 ik W A THIO ORI, Hrb GA-Net #22
P 5 L PRT AR L A o T3 ORI it PR 2 AR 22 M
/I 1l GweNet 9022 B SC R B i, 3x 3R W T
2 XA U IR AR B A4 #0 2% T TS v R S 0 A4 1Y
ESCHE, XF Census P22 KL HY X3 H BRI
ROk 20, 22 TR S B T T B A 3% 2 I Bl i
SGM 2 B 7E Hi st Wy i 1t A8 X 3 PR TR 4R

(@) () ©

(@ ©) ® ®

10 4R TR ST R B . () ZE R 5 (b)) BAB K 5 () GA-Net; (d) GweNet; (e) Census ; (1) SGM; (@) A CHE %

Fig. 10 Sample graphs of effectiveness improvement. (a) Left images; (b) ground truth;

(c¢) GA-Net; (d) GweNet; (e) Census; (f) SGM; (g) proposed algorithm
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Fig. 11 Self-collecting images. (a) Left images; (b) GA-Net; (c¢) GwceNet; (d) Census;
(e) SGM; (f) proposed algorithm
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