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Stereo matching algorithm based on edge detection and attention mechanism
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Abstract: With the continuous progress of deep learning theory, end-to-end stereo matching network has achieved
remarkable results in the fields of automatic driving and depth sensing. However, the most advanced stereo matching
algorithm still have trouble in accurately recover the edge contour information of the object. In order to improve the
accuracy of disparity prediction, in this study, we propose a stereo matching algorithm based on edge detection and
attention mechanism. The algorithm learns parallax information from stereo image pairs and supports end-to-end multi
task prediction of parallax map and edge map. In order to make full use of the edge information learned by the two-
dimensional feature extraction network, we propose a new edge detection branch and multi feature fusion matching cost
volume. The results show that the edge detection scheme based on the model helps to improve the accuracy of parallax
estimation. The error matching rate of the obtained parallax map on KITTI 2015 test platform is 1. 75%. Compared
with pyramid stereo matching network, the accuracy of parallax map is improved by 12% and the running time is

reduced by 20%.

Keywords: deep learning;stereo matching;edge detection;attention mechanism

FASE H 11

=
=

5]

XH AR Rt B e ) BB S B —
— MR H TSR AR R O B AR R ek s
BRI AR MR R Z 8. LAk, W WAL
TERAT A B RGN, A YR
ST . TR AR L A T A X R L 5 2L
W OE RO GEWARIE ROL KA AT BE 8 BB R R
A9 22 1 2 H R0 SR8 2 — T A Bk B B T ST TR

W RS H . 2022-01-07
* HAETH  {E H AP EE4 (51875266) T H & if

AR IR L2 ) BIE R T 98 KA R B % L 4
HHRE T AR AE HAR AR 2 R i A AT
5 RA RIFIERR T . O T S50 FI TR 27 S BE 19 1
75 PR BE » BT 5 1730 47 o R TR B2 2 > B3k ol A SE AR UL i
G, AT 2 P 4% (CNND AR AL AR5 DA P& 5 v i B R
A UL B SCBARAE AT DUAR 4 B2 A B B S B L 2 o AT
T LB B A W RAE AR S - Ding 2 B 1T st B i ok 1 = )
REJJ FIHERLRE )

TRPE 27 2] 7 MR T 0 B 47 9% T 126 6 0 R 02 00 6 iy 1 %

+ 167



545 B W F o

F R K

AR B IR AR T 58 8 4178 17 A1k 42 U B 3 75 R B &
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RERS AR R A L S5 B 37 R MG Y R T BT AR
LA M2 AR IR I R BUBZ s T IR A2 2 A
MK E SRR 22 . B, AR SCRT 2 p 3 ik
BRI 405 B BTHR 32 2O - DA SCTE BG4
AEFR I B BETH T 3 A M 43 32 W 48 T2 ) IR /9 34
GUURE R TG R MK RO %ER R
FEG AR RGN K R RO T M = R 2 X R
BGRE I FUERBTWN ;2 A RN T SDBEEEER
JI AU L B, A T A AN R PSR SZ B IR 4R T S B
3D I ARAAE AT BRI, Rl BT S AR AR e TG 4 3D B
W2 2500 s DALV T AL 55 R AE RS PR AR A 4
i 70 A 85 H57 5% 22 I 45 (Res-Net) 2 3 B HFHE 5 1 46
Ir WG S R AT RS . A B TR SR AL R 3 )
R EAMTT A ERE .
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1% 45 14 ST VAR T B 7 % 30 R £ 4 0O 25 B L UG B A A
B RO RE AT AR 2N, K —2BH# T LA
B2 M 24 (CNND AU, ok 2 2 IR AU A A5 L AR
BE% Wl T AR ERNiRE, ~SHEALFEE
REMA CNN fF# TR RN B L EEAEL2R
PC B 5 s oA T 5 L 22 . Zbontar 2550 B YOR N Y
/N % e E 5248 (ground trath) £ 8 A, U B AU AT (8 45
Syt I H B 3T W 25 (MC-CNIND Il k30 &R 1 DG
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o ) g (4 S7 44 DT WE R MR O RE AR B ORCR B AR
Mayer 25T 2016 451 YOI v 0 i CNN BRI 7 B T 57
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Xof v ) o ot 25 B 8 HEAT T I 45 1B R B B O i R A
LONER 2 TR =Y B Wy =R I JUNIGE g = 2 o A
Kang A5 &1 %6 5585 1 W BE AN 4% SE X 38 1 55 803 X 35 T
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P R T —Fp T R B 09 VT i A= ml 58 0 86 L T R 22
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SR T T EMRE U E K4 R E B PSM-Net
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(pyramid stereo matching network, PSM) 25 ¥, % I’ 4% i
PR 2H A - 2 ] 4 5 B i AL AR B (SPP) 1 3D B Fph &
MZs it . SPP AN REARRER 1 FFE kY
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454 (stacked hourglass) , 38 i — 28 51| i 40 15 i A H 1, 12
2 R AR R AR R R BE DU A AS &

VAR K, BEIE A AT 52 B B LR W S 5% , 1 R
FI CNN 53— 2 [ 48 1 35 77 458 . DL HR &1 45 41 38 B 7 Pk
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PAM e Sfe T 58 15 ] 48 09 22 P FNAH R A P B — BOPE AR 4
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5 B4 M., Chen 5" FIAAA XM EEEHHK
(CPAM) it gl T AR 22 57 U U5 N 22 b i 42 1) .
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A SCHE ResNet-50 o v in 2 A7 59 4 i 18, X T
BAL AP RIT T — A R GRS, B 1D 3+ 3
BB 1AL« 1 B, A & (Batch
normalization) fll Rel.U ¥ iE K%, HH T ResNet-50 %}
TBIEHCH 61, BT LA ST 3X3 H 2 1% A B EH 64,
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W A2 U Rl Hoatr B AUl .
1 & (logl—P(x?)), 3y =0
L.(x) = — 3
) N; logP(x?), HAth )
Hep, 27 iy’ SRIFEREBRPRE A6 TNE M
HAYAMH; P(x) F£/~ Sigmoid #E HE. N 2R BG4
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3.1 LY

AHFEY A PyTorch T HSEIL T AR SCMZRH, T4 JF
BB Adam AL 2 AT M MU S (3 = 0.9,
B, = 0.99), MW TFISAM B PR, A 5T K R 4 AL B
FANEEE Jy 4, I F B4 Nvidia RTX 2080ti GPU Xt F
BTG, 4 7 U 2 it b BT A IR 18 T B AL B
A EAR K ANBTHE R 256 X512 m K HE REH I E
R 1925 XF 2 A Fr 00 T AR 2 1A 43 S0k AR AR B
R 0.7 1, A Scene Flow[ 7 14E iy W 45 Y1l 2k i 3L
o S I BB R Bk B o 16, Ho A 2% 3] & (learning rate)
290,001, HiEUBA 10,12 1 14 B, BB 22 5] KR R
—2, b F KITTIM Y g 4, I B Je FH Scene Flow $1
P 4 I 415 A9 I B A B Ok B TIN5 4 300 AR,
WG 2~ IE Hy 0. 001, M5 B U 25k Bk i 200 4~
AR S T 10 £5.
3.2 HiE&E

ARG A T WA FF 0 B8 S R AT I 48 09 91 45
Wi, 43 %1% Scene Flow!™ f1 KITTI ',

1)Scene Flow

ATEBRTXE R E. AW ELH 34~ F&:
Driving ., Flyingthings 3D il Monkaa, Jtf 0 4% 35 454 7§ A
FUN B9 ER A 4 370 3K A T8 0 B8 IR = B R
54058 Sk 960, DL K AL & X R B S {H. B F Scene
Flow B a4 M i A 80 2 4% UITER)5 i) 9 45 50 A B A5
TR5% )2 fh e o B 08 0 SR AR O ST R UG AT 55 Y
TN SR EdE4E

2)KITTI 2012 f1 KITTI 2015

o8 B 78 3 0 9 4 HOZS B) A5, — 4 A AR B L SK 2 B
s RS . KITTI 2012 4% 194 4~ il 25 57 {4 B AR %
195 MR E 3. KITTI 2015 45 200 4~ 4% 51 T
AR o B B G . KITTT 504 48 U5 [ 9082 b 52
B B R B, R i KITTT 3845 5 B iy SE AR o R
B R A BRI R R AR M.
3.3 BZEIREILE

AT, 5 PSM-Net B8 A L o 4 30X R AE 38 BUH
BT T — LN B®R. HEME, AXE&HFT
PSM-Net SL k5 B SPP 4544, LT AR 2 M B AR B 1
TSR AR P 3 BURRAE A7 B s W T Rl & AN T 1)
fEm A, RER B T — 215 R e 4 IR E R 4%,
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%of FASCH B0 2T 5 SR AE AL S IR BRI B, s
AN B4 B Fe Xt T Resnet-50 7% 22 W 248 & 11} 19 47 1iE
P, e AR A i O T 1 B R 325 55 — A i A T Ay
G, T SR U0 09 1 g T P 2% W A, SR AT
T—RIIHRSLIR AN E 1 Fi7R 230 Bk W W) 2% & 5 H
Wk 16X 2 Bf , AR 7E KITTI 2015 5 KITTI 2012 ) EPE
I R B/ o [V AR ST 48 (9 336 4 1 T PSM-Net, 78
KITTI 2015 ##g4£ f* EPE{E F & T4 10%; 78 KITTI
2012 K4 EPE i F W T 29 142, (R, A S04 0
BEEE FhEER.

Tl BERNERBEHGEER
o W4 KITTI2015 KITTI2012  Time/
T @W#s  EPE/Y EPE/ Y% ms
10X2 0.612 0. 633 215.7
12%2 0. 586 0. 621 218.5
AREH 14X2 0. 579 0. 617 222. 4
16X 2 0.575 0.616 225. 9
18X 2 0. 580 0.619 229. 1
PSM-Net 0. 639 0.713 246. 1

3.4 IDBEEFENERIE

FEARFE I, S T B 3D 3 8 e 2 A 8 A PR RE L AS T
FE7E PSM-Net [ %% b2 HA 5 1) 3D 4 FH 58 o A4 SCFF
$EH W 3D B R AT, DB AR SO R R R 4%
KON AFREG  HERME 2 iR,

R2 MDABAEFEHNRERE

g FEH  EPE/ >1lpx/ >>3px/ Time/
i .
. e px % % ms
0.98 10.60 5.02  246.1
PSM-Net
0.89 10.10  4.80  249.4
PN i it 0.77 8.49 3.84 222.4

ARICATHRINE 3D WIEERE IR D EER T =%
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BRI, SCUEE AR 2 BT 7R, #2500 WA 8 1 T
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PSM-Net M %5 () EPE {222 {8 )7 0. 98, ZE V3 fill 3D 78 8 1 3%
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