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Stereo Matching Method Based on Gated Recurrent Unit Networks

Du Hongzhi, Zhang Teng, Sun Yanbiao, Yang Linghui, Zhu Jigui

State Key Laboratory of Precision Measuring Technology and Instruments, Tianjin University, Tianjin 300072, China

Abstract  Deep learning stereo matching method based on three-dimensional convolutional neural networks
(3DCNN) is fundamental to obtain accurate disparity results. The main concern with this approach is the high
demand of computational resources for achieving high accuracy. To perform stereo matching method at a low
computational cost, a method based on a gated recurrent unit network is proposed herein. The proposed method
performs cost aggregation by replacing the 3D convolution with a gated-loop unit structure and reduces the
computational resource requirements of the network based on the characteristics of the loop structure. To ensure
high disparity estimation accuracy in images with weak textures and occluded areas, the proposed method includes
an encoder-decoder architecture to further enlarge the receptive field in the 3D matching cost space and effectively
aggregate contextual information of multiscale matching costs using residual connections. The proposed method was
evaluated on the KITTI2015 and Scene Flow datasets. Experimental results demonstrate that the accuracy of the
proposed stereo matching method is close to that of 3D convolutional stereo matching method while reducing the
video memory consumption by 45% and the running time by 18%, greatly alleviating the calculation burden of
stereo matching.
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Table 1 Parameters of recurrent aggregation module

Operation Layer setting Output size
input 1/4H X 1/4W X 64
GRU_1 K=3X3,C=32 1/4H X 1/4W X 32
GRU_2 K=3X3,C=32 1/4H X 1/4W X 32
Conv_1 K=3X3,C=48,S=2 1/8HX1/8W X438
Conv_2 K=3X3,C=64,S=2 1/16H X1/16W X 64
GRU_3 K=3X3,C=64 1/16 H X 1/16W X 64
Deconv_1 K=4X4,C=48,S=2 1/8H X1/8W X 48

add(Conv_1) K=3X3,C=48,S=1 1/8H X1/8W X148

Deconv_2 K=4X4,C=32,S=2 1/4HX1/4W X32

add(Conv_2) K=3X3,C=32,S=1 1/4H X1/4W X32

Conv_3 K=3X3,C=8,5=1 1/4H X1/4W X8

Conv_4 K=3X3,C=1,5=1 1/4H X 1/4W X1

R A A kA7 2240 e, B St it
Softmax PEEL K 7E [0, D 13 [l 9 A9 DT BE AR /N
C, (d) T4 Ry 3 o L 22 B AR

—C (d)
r

P(d) =Softmax[— C,(d)] =5, (3

—C (D
2e

d=0

i S TR A B AT A B T A A0 25 2

D
d=>.d X P, D

FI AR 22 53 e 77 =X, AT 64T AR 3R 90 40 2 Ak
AP R AT S0, % 0y 0z R T 3
T =4 RS ARIC RS M2 b, i T B 2 DB
R A 2E M R e R BUE, TE L — MR R
[i) g Xof 0 25 E AT 1 S0 RAE R TP T . 2% D R,
D JC AR A 1) 25 S5 e B 0 3 i T A B o A Y A
ZEGE . W T TR O 1 b (R 10 BE 0 2% 25 AL, 15 AR
Z AT e E X2 1T BAA B IME AR T /N T =S
TR 26, T 4 J7 12 v 8 906 B I 465 485 /) ] L F i e R
Yy M A5 THE 55
2.3 HMEREHE
VI 1 L1 45 2 A1 O L Al 460 2K ek B, By
ik H

N
1,<£z,d>:i21<\£z—d\>, (5)
N.=
x—0.5, x=>1
l(l‘): 2 ] (6)
KA .d HEMRZEAE s d N ELH2ZEME: N T
A B SRR P FEAEL,

NG GRU M 45 rh B B2 T8 2 (Y [n] &0, f Y A
TR EE W IR s AR R S R =
)2 GRU #5553 2K ok i, o5 2 00 3 2K ok Bl mT 3%
~H

Ly=wL,(d,d)+w,L,{d,d), (7
K w, Fw, 4300k H TE] 245 2% oK 85 R &40 R
PRIEL B AN

3 % W

1E Scene Flow % # &£, KITTI2015 FI
KITTI2012"" = A FFER 4 L3t oy it 17l 45 5
TEM, B 46, 7E Scene Flow U4 4 b 3E 17 W Ml 52
By, A3 TG PR AR M TR A A58 e St o 2 485 L 19 B i 5 AR
Jei » 5 JURp ML R () 37 PR VG e 9 45 64T LR L 20 T T 4R
i kXS AT B 5 A I RE RS R e, 4 i T
KITTI2015 F1 KITTI2012 HEA7 4% b 45 HoAth 7 vk 1

1415001-4



E58% F14H/2021 £ 7 B/BHREXRBFEHRE

gk
3.1 KT

Scene Flow J& — 1 KB & B84, L5 4
39000 £ 540 pixel X 960 pixel B 7 A& B 14 504 , H
WAL S 4370 AU EE N R AR L 2E 1
EH LR % E, R EMITERNIRZERT 1A
BEWE TR, MEMITEFNIRZERT 3 ME
RWHE D R, AN K B R g et 2,
EATRAE A, KITTI2015 & —/N 1w [ 32 np
8 L 5 M e B R L A 5 I 2 5 DB s 4% 200 4
53 %) BIM% K /N 375 pixel X 1242 pixel, B OG5 ik
P AL 0 11 L SRR 22 48 TE A 45 A B 95 0 25 A 1T 45
RPIRERT 3 MR (KR TFHIE 590 M H 5
W Ep vt BT R AF I FE. KITTI2012 40 4R [F)
FER O TR IR RO AR B 3 & 1 194 %)
YIZREHE A1 195 X8 0 X B8 3F H 48 A 6 46 LLAS [F]
PREABCN B B R 1R IR R 22

1€ pytorch [ SZ BB M, DL/INHE & B0 R B 74
HEAT NSk, B UGE R AR R 4, 18 T SE IR 2 50h
(0.9,0.999) 1 Adam 46785, 0 2230 6 1% & Ry
[0,192], X} FIEM AR 2%, ¥ 7E Scene Flow Il 2k
£ LA 240 pixel X 624 pixel FBEHL 3T # R ~F I 25
10 4~ epoch, 2% 2] R & & K 0.01., bl 5 7
KITTI2015 #1 KITTI2012 Il 254 b gk 47 604 . B
HLET R R SF 3] 240 pixel X 624 pixel, L 0. 01 Ay

@

©

()

4 P2 AhIHEs

Kk 300 4~ epoch,
3.2 HEUHBILIG

T 6 E AR A % 14 TRl s X AR A B A A B g £
T4 Bl 43 AT (5 P R [R) A A5 0 2 BB IR 45 AN 25 5K, A
BUEE AN RGBT i N 28 254 . Xl =2
SRR GRU W45 5 fr 4 7 ik i 47 g, Horp
R GRU FH R SR 3X 3 K/NG B R, 18 18 %k
By E oy 32, e A %0t )2 B B i S B 2L DL
BCAC A 45 59, 7E Scene Flow MR 4E b AT MY . 45
JRane 2 fros, vT LA W SO IS 9 9 2% 45 46 g %
ERTFUE ARG A x 525 i 1. 7 pixel
TRERE 1.2 pixel ,HXTFRET 29 29% .

F2 AR R A B L

Table 2 Comparison of different cost aggregation modules

Module E.,/pixel R,/% R,/%
Stacked GRU 1.7 16. 29 7.79
Proposed method 1.2 12.01 4.99
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Fig. 4 Result of the disparity estimation. (a) Left images; (b) stacked GRU; (c¢) proposed method; (d) ground truth

1415001-5



$£58% F14H/2021 F£7 A/HASKBFEHR

3.3 HEikMeEXftt

X i $2 75 V5 45 © A% 57 K DS IS I 2% AT kL
., TE Scene Flow Ml F XS EMERE AT HLEL,
ZERANER 3 iR Ml TITAN RTX &R %45 5 4
MR A AR IEAT T, b g, 2R BOR B XY
100 2H KR BEAT L 22 A 1 (9 7 458 47 i )

# 3 Scene Flow MHIKX4E [ IR J5 i 9 1 HEPFA

Table 3 Performance evaluation of different methods on

Scene Flow test dataset

Method E ., /pixel Memory /GB  t,,/ms
DispNetCF! 1.68 1. 62 18.7
PSMNet"" 1. 09 4.65 399.3

GANet™ 0. 84 6. 65 2251.1
Proposed method 1.22 2.57 326.8
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Table 4 Evaluation of different method on KITTI2015 test dataset

All Noc
Method
Epi—w/% Ep—w/% Ep—u/% Ep—w/% En—w/% Ep /%

DispNetC™ 4,32 4,41 4,34 4.11 3.72 4,05
MADNet™® 3.75 9.20 4,66 3.45 8. 41 4,27
CRLM™ 2.48 3.59 2.67 2.32 3.12 2.45
FADNet" 2.68 3.50 2.82 2.49 3.07 2.59
GC-Net™™ 2.21 6.16 2. 87 2.02 5.58 2.61
PSMNet"" 1.86 4,62 2.32 1.71 4,31 2.14
Proposed method 2.20 4.85 2.64 1.82 4.09 2.20
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Bl 5 KITTI2015 M4 F 24811 . () Z2 Bl ; (b)) PSMNet; (o) T4 J7 ik
Fig. 5 Result of the disparity estimation on KITTI2015 test dataset. (a) Leflt image; (b) PSMNet; (c) proposed method
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Table 5 Evaluation of different methods on KITTI2012 test dataset unit: %
=2 pixel >3 pixel >4 pixel >5 pixel Avg. error
Method
Noc All Noc All Noc All Noc All Noc All
DispNetC 7.38 8. 11 4. 11 4,65 2.77 3.20 2.05 2.39 0.9 1.0
FADNet 3.98 4.63 2.42 2. 86 1.73 2.06 1. 34 1.62 0.6 0.7
GC-Net 2.71 3. 46 1.77 2.30 1. 36 1.77 1.12 1. 46 0.6 0.7
PSMNet 2.44 3.01 1. 49 1. 89 1.12 1.42 0. 90 1. 15 0.5 0.6
GANet 1. 89 2.50 1.19 1. 60 0.91 1.23 0.76 1.02 0.4 0.5
Proposed method 2.39 3.03 1.48 1.91 1. 10 1.43 0. 87 1.14 0.5 0.5
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