#3398 H 1M Nt oE ¥ IR Vol. 39, No. 11
2019 4£ 11 H Acta Optica Sinica November, 2019

T =4 B 22 2% 1 s A DL L 57k

TEEVE BEGDT, TS AAMC, ZES 2ERDY
"R KRR, IR A 264001 ;
PR A A R, EMR KAE 1300225
M B TR, MR BN 450001
191977 FBA » JLHT 102200

FEE TR T WS WS AR TCBC M A5 B 1Y ) 4% 45 ) X 80 12 BE 19 352 e AR K T B 0k 08 AT 80T A S 2 B N
M HEZBOTEEEER., R0 22 485 T A i 1 R R BEAT ST AR IE RS i ik . RAISEL KPR AN
£ R T ) A 050 1 — 2 5 2 AR i = A S BRI T 1 A AT S B R S BR AR AR . SR T 22 20 R 1 O =Ox
VECHA R AL 22 2 3 AT AR Lk LoRFE  IT 45 5 W R 51 2% R B SR 7Y L 76 DR UE 52 47 2008 1 [ B 12 3 B s
FE KITTIIRAR b, 53S0 A L BT 3R S U AR w8 T RS B2 L T ELIZ AT W A1 48 T 29 40 % .

KER ML, SRITHS; RBEY ) SH L &P & W %

FESES TP391.4 X FRIRED A doi: 10.3788/A0S201939.1115001

Stereo Matching Algorithm Based on Three-Dimensional Convolutional
Neural Network

22,3 %x

Wang Yufeng"?, Wang Hongwei***, Yu Guang®, Yang Mingquan®,

Yuan Yuwei', Quan Jicheng'*"
' Naval Aviation University, Yantai, Shandong 264001, China;
? Aviation University of Air Force, Changchun, Jilin 130022, China;
* Information Engineering University, Zhengzhow, Henan 450001, China ;

" The 91977 Troops, Beijing 102200, China

Abstract For a stereo matching method based on deep learning, network architecture is critical to ensuring the
algorithm's accuracy; efficiency is also an important factor to consider in practical applications. A stereo matching
method with a sparse cost volume in the disparity dimension is proposed herein. The three-dimensional sparse cost
volume is created by shifting right-view features with a large step to substantially reduce the memory and
computational resources in a three-dimensional convolution module. The matching cost is nonlinearly sampled via
multiclass output in the disparity dimension, and the model is trained by merging two types of loss functions, such
that the proposed method’ s accuracy is improved without any notable reduction in efficiency. The proposed
algorithm reduces running time by about 40 % while improving accuracy compared with the benchmark algorithm on
the KITTT test dataset.
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Fig. 1 Architecture overview of proposed method
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Fig. 2 Graphical depiction of sampling cost in disparity dimension. (a) S=1, C=1; (b) S=2, C=1; (¢c) S=2, C=4
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6 1.34 5.62 0.25 1.08
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Table 2 Performance evaluation of proposed method

with different C

S C Ew/pixel Epn/% trw/s GPU /GB
1 1 1.02 3.41 0.75 2.16
1 1.10 3.89 0.45 1.51
2 1.07 3.71 0.48 1.68
) 3 1.05 3.63 0.51 1.85
4 1.08 3.81 0.53 2.02
5 1.08 3.79 0.54 2.20
6 1.07 3.69 0.56 2.37
1 1.16 4.34 0.35 1.32
2 1.13 4.06 0.37 1.42
; 3 1.11 3.99 0.39 1.55
4 1.14 4.06 0.41 1.66
5 1.14 4.03 0.42 1.78
6 1.09 3.89 0.43 1.89
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Table 3 Performance evaluation of proposed method with different settings

Setting Max disparity of 192 Max disparity of 384
S C Loss  Dimensionality Egp/pixel Ep/% trm/s  GPU /GB Ep/pixel En/%
1 1 L1 Tri 1.02 3.41 0.75 2.16 1.33 3.64
2 3 L1 Tri 1.05 3.63 0.51 1.85 1.38 3.90
2 3 CE Bi 1.04 2.71 0.45 1.50 1.29 2.92
2 3 CE+L1 Bi 1.04 2.69 0.45 1.56 1.28 2.87
3 3 L1 Tri 1.11 3.99 0.39 1.55 1.49 4.30
3 3 CE Bi 1.13 2.73 0.36 1.30 1.39 3.40
3 3 CE+L1 Bi 1.12 2.75 0.36 1.28 1.37 3.00

{3, 3, CE+LI1, Bi})f,Ew 4330 T4 2% Al
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Table 4 Performance evaluation of proposed method with

different settings on K-val

K15-val K12-val
Setting
EEP/PiXel Ep /% EEP/PiXel En /%
S, 0.74 2.23 0.62 2.05
S, 0.75 2.02 0.63 1.78
S, 0.81 2.23 0.70 1.98
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Table 5 Performance evaluation of different methods on K15-test
All Noc
Method LR/
Epiw/%  Ep-/%  Ep-a/%  Em-w/%  Evn-/%  Ev-a/%
MC-CNN-arct™"] 2.89 8.88 3.89 2.48 7.64 3.33 67.00
DispNetCH! 4.32 4.41 4.34 4.11 3.72 4.05 0.06
iResNet-i2!*! 2.25 3.40 2.44 2.07 2.76 2.19 0.12
GC-net'? 2.21 6.16 2.87 2.02 5.58 2.61 0.90
PSMNet!'* 1.86 4.62 2.32 1.71 4.31 2.14 0.41
Proposed 1.72 4.19 2.13 1.51 3.57 1.85 0.39
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Table 6 Performance evaluation of different methods on K12-test

72/ % 7s/ % Y5/ % Mean E g/ pixel

Method Noc All Noc All Noc All Noc All
MC-CNN-arct"' 3.90 5.45 2.43 3.63 1.64 2.39 0.7 0.9
DispNetCH! 7.38 8.11 4.11 4.65 2.05 2.39 0.9 1.0
iResNet-i2!'*] 2.69 3.34 1.71 2.16 1.06 1.32 0.5 0.6
GC-net™* 2.71 3.46 1.77 2.30 1.12 1.46 0.6 0.7
PSMNet!'* 2.44 3.01 1.49 1.89 0.90 1.15 0.5 0.6
Proposed 2.35 3.04 1.42 1.90 0.89 1.19 0.6 0.6
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Fig. 3 Disparity predicted by proposed method. (a) Left image; (b) disparity map; (c) error map; (d) local details

5 &% 1w

o tP — e A 22 2 R R g A R AR R AT ST
VL iR Y 77 15, 78 K15-test Al K12-test |, 5 JLF#
LAY ) TR B 2 ) B O A L, B B R A R R
KB IS T e AU RE R R S M T A L AN
AR R T N B L T L A2 A IS T R R R 4
R T /N AR 15 5 B30 0 T 4 2 K AT T ¥ 6 A2 S I
TR, A BN FE 38 AT A i 1Y oL AR DT e Rk
AT X B ) P 4% S5 AR A T IR A I ST

2 % X #

[1] Nguyen V D, Nguyen D D, Lee S ], et al. Local
density encoding for robust stereo matching [J].
IEEE Transactions on Circuits and Systems for Video
Technology, 2014, 24(12): 2049-2062.

[2] Heise P, Jensen B, Klose S, et al. Fast dense stereo
correspondences by binary locality sensitive hashing
[ C]//2015 1IEEE International Conference on
Robotics and Automation ( ICRA ), May 26-30,
2015, Seattle, WA, USA. New York: IEEE, 2015:
105-110.

[3] Taniai T, Matsushita Y, Sato Y, et al. Continuous

(4]

[6]

[7]

(8]

1115001-7

3D label stereo matching using local expansion moves
[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2018, 40(11): 2725-2739.
Hamzah R A, Ibrahim H, Hassan A H A. Stereo
matching algorithm based on per pixel difference
adjustment, iterative guided filter and graph
segmentation[J]. Journal of Visual Communication
and Image Representation, 2017, 42: 145-160.

He K M, Zhang X Y, Ren S Q, et al. ldentity
mappings in deep residual networks [M]//Leibe B,
Matas J, Sebe N, et al. European conference on
computer vision-ECCV 2016. Lecture notes in
computer science. Cham: Springer, 2016, 9908:
630-645.

Ren S Q, He K M, Girshick R, et al. Faster R-
CNN': towards real-time object detection with region
proposal networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39 (6):
1137-1149.

Shelhamer E, Long J, Darrell T. Fully convolutional
networks for semantic segmentation [ J]. IEEE
Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(4): 640-651.

Xiao J S, Tian H, Zou W T, er al. Stereo matching

based on convolutional neural network [J]. Acta



ot &2 # 1z
Optica Sinica, 2018, 38(8): 0815017. 3354-3361.
B e e, WL, RS, 4. BT U S R A A W 4% [18] Menze M, Geiger A. Object scene flow for
BB S AR DE 3Bk [T, 2R 2# 4, 2018, 38 autonomous vehicles[ C]//2015 TEEE Conference on
(8): 0815017. Computer Vision and Pattern Recognition (CVPR),
[9] Zbontar J, LeCun Y. Computing the stereo matching June 7-12, 2015, Boston, MA, USA. New York:
cost with a convolutional neural network [C]//2015 1IEEE, 2015: 3061-3070.
IEEE Conference on Computer Vision and Pattern [19] Luo W J, Schwing A G, Urtasun R. Efficient deep
Recognition (CVPR), June 7-12, 2015, Boston, learning for stereo matching [ C]//2016 IEEE
MA, USA. New York: IEEE, 2015: 1592-1599. Conference on Computer Vision and Pattern
[10] Zbontar J, LeCun Y. Stereo matching by training a Recognition (CVPR), June 27-30, 2016, Las Vegas,
convolutional neural network to compare image NV, USA. New York: IEEE, 2016: 5695-5703.
patches[J]. Journal of Machine Learning Research, [20] Liang ZF, Feng YL, Guo Y L, et al. Learning for
2016, 17(1): 2287-2318. disparity estimation through feature constancy[C]//
[11] Mayer N, Ilg E, Hausser P, et al. A large dataset to 2018 IEEE/CVF Conference on Computer Vision and
train convolutional networks for disparity, optical Pattern Recognition, June 18-23, 2018, Salt Lake
flow, and scene flow estimation [C]//2016 IEEE City, UT, USA. New York: IEEE, 2018: 2811-
Conference on Computer Vision and Pattern 2820.
Recognition (CVPR), June 27-30, 2016, Las Vegas, [21] JieZ Q, Wang P F, Ling Y G, et al. Left-right
NV, USA. New York: IEEE, 2016: 4040-4048. comparative recurrent model for stereo matching
[12] Pang ] H, Sun W X, Ren J S, et al. Cascade [C]//2018 IEEE/CVF Conference on Computer
residual learning: a two-stage convolutional neural Vision and Pattern Recognition, June 18-23, 2018,
network for stereo matching [ C]//2017 IEEE Salt Lake City, UT, USA. New York: IEEE, 2018:
International Conference on Computer Vision 3838-3846.
Workshops ( ICCVW ), October 22-29, 2017, [22] YuL D, Wang Y C, Wu Y W, et al. Deep stereo
Venice, Italy. New York: IEEE, 2017: 878-886. matching with explicit cost aggregation sub-
[13] Kendall A, Martirosyan H, Dasgupta S, et al. End- architecture [ J/OL]. (2018-01-12) [ 2019-04-15].
to-end learning of geometry and context for deep http://cn. arxiv.org/abs/1801.04065.
stereo regression | C]//2017 IEEE International [23] Smolyanskiy N, Kamenev A, Birchfield S. On the
Conference on Computer Vision (ICCV), October importance of stereo for accurate depth estimation: an
22-29, 2017, Venice, Italy. New York: IEEE, efficient semi-supervised deep neural network
2017: 66-75. approach [ C]//2018 I1EEE/CVF Conference on
[14] Chang J R, Chen Y S. Pyramid stereo matching Computer Vision and Pattern Recognition Workshops
network [ C]//2018 IEEE/CVF Conference on (CVPRW), June 18-22, 2018, Salt Lake City, UT,
Computer Vision and Pattern Recognition, June 18- USA. New York: IEEE, 2018: 1120-1128.
23, 2018, Salt Lake City, UT, USA. New York: [24] Zhong Y R, Dai Y C, Li H D. Self-supervised
IEEE, 2018: 5410-5418. learning for stereo matching with self-improving
[15] Scharstein D, Szeliski R. A taxonomy and evaluation ability[J/OL]. (2017-09-04) [2019-04-15]. http://
of dense two-frame stereo correspondence algorithms cn. arxiv. org/abs/1709.00930.
[J]. International Journal of Computer Vision, 2002, [25] Wang Y F, Wang H W, Wu C, er al. Self-
47(1/2/3): 7-42. supervised stereo matching algorithm based on
[16] Scharstein D, Hirschmiller H, Kitajima Y, et al. common view[J]|. Acta Optica Sinica, 2019, 39(2):
High-resolution stereo datasets with subpixel- 0215004 .
accurate ground truth[M]//Jiang X, Hornegger J, EEE, F2EME, RE, & ETIHEREG A BE
Koch R. German conference on pattern recognition. SEARTCER B [T . a4k, 2019, 39¢(2): 0215004.
GCPR 2014. Lecture notes in computer science. [26] Girshick R. Fast R-CNN [ C]//2015 IEEE
Cham: Springer, 2014, 8753: 31-42. International Conference on Computer Vision
[17] Geiger A, Lenz P, Urtasun R. Are we ready for (ICCV), December 7-13, 2015, Santiago, Chile.
autonomous driving? The KITTI vision benchmark New York: IEEE, 2015: 1440-1448.
suite [C]//2012 IEEE Conference on Computer [27] Kingma D P, Ba J. Adam: a method for stochastic

Vision and Pattern Recognition, June 16-21, 2012,
Providence, RI, USA. New York: IEEE, 2012:

1115001-8

optimization [ J/OL]. (2017-01-30) [2019-04-15].
http://cn. arxiv. org/abs/1412.6980.



