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Abstract

With the emergence of deep learning and the continuous enrichment of stereo matching datasets,
stereo matching combined with deep learning has become a research hotspot. Although the accu-
racy of the stereo matching algorithm combined with deep learning has been continuously im-
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proved, the neural network with increasing computational complexity brought about by the im-
provement of accuracy leads to a large amount of computational cost, which will result in the ste-
reo matching method not suitable for conventional CPU or GPU operation. Therefore, maintaining
high accuracy and reducing the computational complexity of the algorithm has become a hot issue
in the current stereo matching engineering. In order to reduce the complexity of the algorithm and
maintain the performance of the algorithm, this paper proposes the ASPP feature extraction com-
bined with the depthwise separable convolution, constructs a local cost volume to reduce the
computational complexity and memory consumption, and continuously optimizes the disparity in
a hierarchical manner to ensure stable performance. The research shows through experiments
that the running time of the algorithm can be reduced by means of local cost and depthwise se-
parable convolution, and the level of accuracy can be guaranteed by extracting features through
hierarchical optimization and ASPP, so there are many good results in terms of computational cost
and precision.

Keywords

Stereo Matching, ASPP, Local Cost, Hierarchical Optimization

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

B LR AT RS I BRI, N T B % B A RIS G, A K F1 6 v R %
87 R 5 6 ST L. ST AU I — PR A T80 RS 2247 45 P I 3R, LL o T ll A P2 o DG
Bl AR E SRR R . 3D BT ORI RS AT N, Sk R E R
. BB R KR SR AR LRI 0 B, 2t R BRI A AR 1A 1, SR
FE o A 5 2 I A P o DGR 26 0 ML 25 08 A AR U5 ). W22 o AR A AR L4 b o f
iR, D=2 w1 .

SEARVEEC TAR KR TILH4EZ A, TARMAE S HGR T AR B 2 M L2 . A& GE ST AR DL Ty i
feor F R AN A SR P AR SR B[] [2], 3 N FE TSR & DT A M B MU RE R BR . SLARTLRE 7 AR I A
[FISEKBOT 2 AL R AP ER[2]: 1) ILERARHITS: 2) ARG 3) MEHE: 4) MEMk. %4
HISLARDLHE AR REIE B — € MIRCR, (H2X T — 2L fa S 5t MREE TR 22 ST B AR S AE L AR
FIRAT HAE, SLARDLRC TAE RSy 4y 51N IR EEE ST ROHESE, SRk — 25 BN SLAR VL RE VA E DL SATE 55 P
AT (HGRIRE S 2] FIRSLARILACHEZR[3] [4] [5], A RERERVERIE, AMSBEEASRAT
RESERIE. PRI K& 0 AR E O Se R A B I PRI AT BRI %, A 56T AT o AR SR IL B i AT 4K
REREITTIEG] J2 B TR 2 HE R R T R BRIOTTET] S SINBR BB IALS] [9]. i
TR ABRLZE AT 7R [10] ASCE L 5INIREE T 7 B AR 2] ASPP BEATAFIEIREL, X T1A% (5 B R it
B8 A RS BT (1 RN R RE 6 PRIETH SRR . X T — A T AR R e R AR A AL, A SOR AR S0
i o 1 72 K 7 SREAT T &AL 22 Z AT, I 45 S M A (At — B 4 T VIR A R 4
FER AR Z S RE T, 8 I8 A A6 A L 22 KT BJR) B Z AR A R AR R K A A2 T AR A TSR
ARPERIUAR, B a AT 2 RIEIIILZ SR 6 T i 4 AL 22 45

DOI: 10.12677/csa.2022.128197 1965 T LR 58


https://doi.org/10.12677/csa.2022.128197
http://creativecommons.org/licenses/by/4.0/

B, XIXAR

D, REHRSE

B, MEMEL

Figure 1. Basic structure of stereo matching
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Figure 2. Left: MobileNet-V1 block, Right: MobileNet-V2 block [9]
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Figure 3. ASPP feature extraction with separable convolution fusion
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Figure 4. Results on KITTI12015 test
B 4. KITTI BIREER

DOI: 10.12677/csa.2022.128197 1970 THEAURF 5 R


https://doi.org/10.12677/csa.2022.128197

WIS, XIYAR

il ‘F

R
NEE

TN
WEE

A%
NEHE

d!

Figure 5. Results on SceneFlow test
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Table 1. Performance evaluation of different methods on the SceneFlow
2 1. NEIE LA SceneFlow izt & B BETEAN

Method EPE Runtime
StereoNet [26] 11 0.015s
GC-Net [5] 2.51 09s

LEAStereo [27] 0.78 0.3s
EdgeStereo [28] 0.74 0.32s
VNy'g 0.77 0.215s
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Table 2. Performance evaluation of different methods on the KITTI12015
= 2. FEEETE KITTI2015 SR &£ 40 14 BB IR

Method D1-bg D1-fg D1-all Runtime
StereoNet [26] 4.3 7.45 4.83 0.015s
GC-Net [5] 2.21 6.16 2.87 09s
LEAStereo [27] 14 291 1.65 0.3s
EdgeStereo [28] 1.88 4.07 2.25 06s

VN8 1.8 3.67 24 0.2s
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