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Multi-dimensional Attention Feature Aggregation Stereo Matching Algorithm

ZHANG Ya-Ru' KONG Ya-Ting’ LIU Bin'

Abstract Existing deep learning-based stereo matching algorithms lack effective information interaction in the
learning and reasoning process, and there is difference in feature dimension between feature extraction and cost ag-
gregation, resulting in less and single application of attention methods in stereo matching networks. In order to
solve these problems, a multi-dimensional attention feature aggregation stereo matching algorithm was proposed.
The two-dimensional (2D) attention residual module is designed by introducing the adaptive 2D attention residual
unit without dimensionality reduction into the original residual network. Local cross-channel interaction and extrac-
tion of salient information provide abundant and effective features for matching cost calculation. The three-dimen-
sional (3D) attention hourglass aggregation module is constructed by designing a 3D attention hourglass unit with a
stacked hourglass structure as the backbone. It captures multi-scale geometric context information and expand the
multi-dimensional attention mechanism, adaptively aggregating and recalibrating cost volumes from different net-
work depths. The proposed algorithm is evaluated on three standard datasets and compared with related al-
gorithms. The experimental results show that the proposed algorithm has higher accuracy in predicting disparity
and has better effect on unobstructed salient objects.
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Table 1  Parameter setting of the 2D attention residual
unit and combined cost volume (D represents

the maximum disparity. The default stride is 1)
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Table 3  Evaluation of 3D attention hourglass aggregation module and combined cost volume with different settings
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2.3 SHMAEMMRELLRS SR

R — IR FEAA MM, 7E SceneFlow £4f
8 BRI RS HAb T R AT e, B FE Gwe-
Net?!, PSMNet!'”, MCA-Net, CRL®! 1 GC-
Net?!, s BiPAE 45 RUFE 4 i, 2o px Rk
. TR EVELE SceneFlow #dE4E 1] EPE &%)
FHAth 5 FpEE, Hd, 5 GweNet AHEL EPE F#K T
0.055, 5 PSMNet #tt EPE F#1% T 0.28. Bh4h,
7 571 T 1E SceneFlow Bl 45 b (40 2 PEAik 45

6 A5 5K BRI EURUE N ) 2% 1) 52 )
Fig.6  The influence of the weight of loss function on
network performance

F 4 AFEHEELE SceneFlow $E 8 F I ALY
Table 4 Performance evaluation of different methods on

the SceneFlow dataset

Bk EPE (px)
AR 0.71
Gwe-Net! 0.765
PSMNet!"” 1.09
MCA-Net?! 1.30
CRL# 1.32
GC-Net?! 2.51

B, HAPpE 7(c) Gwe-Net RoRAMIL & L 4EERE 1)
Sk B 7 RERERNTER R W B 2 YEE
BB A RO B[R] X 5 ) I 5 AR LRy
E. R LA R SRV RE 6 N F2 AR G I S 35 R AIE 40 T
B A A, B L% ) 2 ST HEFRRE ), SePl L
AN 0 BE RS 0 A 2= 1.

%5 BT AE KITTI2015 B4 EA T E %
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Fig.7  Results of disparity estimation on SceneFlow dataset

5 DispNetC??, MC-CNN-art®%, CRL®",
PDSNet??, GC-Net? Al PSMNet!' ) 5 & iE A 45
S H, CAl SRR ITA X4 %, “Noc” Kk
WX PG R, A NTEE =X (bg). 15
X35, (fg) FIATA XIRA (all) HHE PR Fs D1 E.
FHE% 5 RI RN, BT AL BT A X 3R SR 2 44 X 3 )
D1-bg. D1-fg Al D1-all {5 #REF HoAth J7ik. Hehml 2
FEARERS 5y, MIEL T PSMNet!, {5 X1 D1-fg
/N T 0.23, iz KT8 5 X 3 D1-bg 9/
8 0.07, T H, Frf Xk D1-all fEHIE/N 7 0.08,
Tt B BT SRV T AR I 12 Xl S 2 6 G P T ARG i
FAHREETE, 70RO 22 0 77 T H A 0 o
fe. K 8 R THE KITTI2015 $di 4 244t

F# 5 RESETE KITTI2015 b HvERE - (%)

Table 5  Performance evaluation of different methods on
the KITTI2015 dataset (%)
All Noc
Bk : i
Dl-bg Dlfg Dl-all Dl-bg Dilfg Dl-all
DispNetC™ 4.32 4.41 4.34 4.11 3.72 4.05
MC-CNN-art®  2.89 8.88 3.88 2.48 7.64 3.33
CRL™ 2.48 3.59 2.67 2.32 3.12 2.45
PDSNet?" 2.29 4.05 2.58 2.09 3.68 2.36
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
AL 172 453 230 1.64  4.08  2.06

gESL BT A, R AN E R R XA (L
TEH%) VeRCROR B, M HARE TR M EEER
(A28, FRZR AT AR T Hi0 2 X 3). KM S5 80 IX
B (AR A FIBE I 4 X 48 B T T T IR
ULHC RHAIE, K AP (EIR 2 e 7s . SR gs R, 24
R E I R E MUCEAE BT R A [
R ERFAE, $EHOE AT S RFE, FRKITES
W

7F KITTI2012 #d4E EPEREVPAS 5 KITT-
12015 &ALk, & 6 BT 7E KITTI2012 Hdfs 45 LA
WHEE DispNetC?, MC-CNN-acrtl®, GC-
NetP' SegStereo! F1 PSMNet!"" ] & &= 1Ak 45 .
H3R 6 A, ASCH S HA LA EEM L, 7
BRI X, KT 3BEMKT 5 BEK
(1R Z (A A, o, TIPS X 3k 5373 1.46 Al
0.81; FirA X420 5108 1.73 F1.0.90, FIKIFE B3 T
2 YR 7 RFE SR B () ST AR TG T X 28 7E TG 3B 424 [X 35
AT DX ek o A0 22 TR0 A R E R T AT, 9 B
7~ TAE KITTI2012 #i 4 B =45 5%, i
HOARE T HERT B AR SCREAE B0 5 (A A,
RN T TH AR ZE T 25 AL, AN LA
gomi. teah, B 9 5 1 ATHE — FI R EAERT LUE
H, JCHE N TR EEIX RAR B - FI &, B
KITTI2012 ¥ £ A 25 0 22 B i 14 5 S0
G5 1] T 25 A5 TR 6 6 A (1) 0L 222 T S B AN v, ELAH
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(a) ZEFEE
(a) Left image

(b) Gwe-Net 12 K]

(b) Disparity map of Gwe-Net

() FHEEEMZEE  (d) Bk i
(¢) Our disparity map (d) Our error map
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Fig.8 Results of disparity estimation on KITTI2015 dataset
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(b) Ground truth map

(c) Disparity map of Gwe-Net
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(d) Our disparity map
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Fig.9 Results of disparity estimation on KITTI2012 dataset
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Table 6  Performance evaluation of different methods on
the KITTI2012 dataset (%)
> 2 px > 3 px > 5 px PR E
Rk
Noc All Noc All Noc All Noc All
DispNetC™ 7.38 8.11 4.11 4.65 2.05 2.39 09 1.0
MC-CNN-acrt?  3.90 5.45 2.43 3.63 1.64 2.39 0.7 0.9
GC-Net?! 2.71 3.46 1.77 2.30 1.12 1.46 0.6 0.7
SegStereo[”J 2.66 3.19 1.68 2.03 1.00 1.21 0.5 0.6
PSMNet ! 2.44 3.01 1.49 1.89 0.901.15 0.5 0.6
ARSLEE 3.01 3.60 1.46 1.73 0.81 0.90 0.5 0.6

bt Gwe-Net, A SCHLIE T 55 BE B A MU ARV,
PR sBE R IE. SEI At B, AXHIEAAR
TP Rz AE, ZHEER IR SIS T L5
RE T, WA RO To R0 R B35 R AE, SR S
ZETINA L.

3 HERiE

ASCHEH T — M2 YR TR IR R A LKL
Sk, DB 2 R RN 7 2P R P Al AN TR
YEFT LR B0, 2D VE R IR B R 65
Z W23 hll B 5IN B aE RN e R4 2D WIEER T,
AR JR S i T 1A O AH ELAR RN, PR B 2 A T R
ik, A R E IR AL T A AT R A B S B
3D VER AR R G BRAE 2 NI 45 (0 Al b
A UE Ak 3D & T, iR 2 RE £ T3
FR, AR R T MR ERES. 2D I EE I 3D
VE 1 Z AR AR B, X EEAS P28 AR AZ IE, R
Z GRS TR M. £ 3 M AT S B
(R SEI6 5 R R, T e SE AN DU AT R v ) P
J3E, iy L AT DAt 468 55 B 0 4 DXk 3 Ak
PR E U

References

1 Feng D, Rosenbaum L, Dietmayer K. Towards safe autonomous



1814 =l 3

¥ i

48 %

10

11

12

13

14

driving: capture uncertainty in the deep neural network for lid-
ar 3D vehicle detection. In: Proceedings of the 21st Internation-
al Conference on Intelligent Transportation Systems. Maui, HI,
USA: IEEE, 2018. 3266—3273

Schmid K, Tomic T, Ruess F, Hirschmiiller H, Suppa M. Stereo
vision based indoor/outdoor navigation for flying robots. In:
Proceedings of the 2013 IEEE/RSJ International Conference on
Intelligent Robots and Systems. Tokyo, Japan: IEEE, 2013.
3955—-3962

Li Pei-Xuan, Liu Peng-Fei, Cao Fei-Dao, Zhao Huai-Ci. Weight-
adaptive cross-scale algorithm for stereo matching. Acta Optica
Sinica, 2018, 38(12): 248253

(CEREZ, QIS O, B B B ) B RS SR LT
Bk R, 2018, 38(12): 248-253)

Han Xian-Jun, Liu Yan-Li, Yang Hong-Yu. A stereo matching
algorithm guided by multiple linear regression. Journal of Com-
puter-Aided Design and Computer Graphics, 2019, 31(1): 84-93

(FRSET, XUFERN, ML, 2 o tEml A 5] S SR UL RC S . 1
SN BN BT 5 EE 2A24R, 2019, 31(1): 84-93)

Zagoruyko S, Komodakis N. Learning to compare image patches
via convolutional neural networks. In: Proceedings of the 2015
IEEE Conference on Computer Vision and Pattern Recognition.
Boston, MA, USA: IEEE, 2015. 4353-4361

Luo W, Schwing A G, Urtasun R. Efficient deep learning for
stereo matching. In: Proceedings of the 2016 IEEE Conference
on Computer Vision and Pattern Recognition. Las Vegas, NV,
USA: IEEE, 2016. 5695—5703

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

Mayer N, Ilg E, Hausser P, Fischer P, Cremers D, Dosovitskiy
A, Brox T. A large dataset to train convolutional networks for
disparity, optical flow, and scene flow estimation. In: Proceed-
ings of the 2016 IEEE Conference on Computer Vision and Pat-
tern Recognition. Las Vegas, NV, USA: IEEE, 2016. 4040—4048

Song X, Zhao X, Fang L J, Hu H W. Edgestereco: An effective
multi-task learning network for stereo matching and edge detec-
tion. International Journal of Computer Vision, 2020, 128(4):
910-930

Song X, Zhao X, Hu H W, Fang L J. Edgestereo: A context in-
tegrated residual pyramid network for stereo matching. In: Pro-
ceedings of the 14th Asian Conference on Computer Vision.
Springer, Cham, 2018. 11365: 20—35

Yang G R, Zhao H S, Shi J P, Deng Z D, Jia J Y. Segstereo:
Exploiting semantic information for disparity estimation. In:
Proceedings of the 15th European Conference on Computer Vis-
ion. Springer Verlag: 2018. 11211: 660-676

Zhang J M, Skinner K A, Vasudevan R, Johnson-Roberson M.
Dispsegnet: Leveraging semantics for end-to-end learning of dis-
parity estimation from stereo imagery. IEEE Robotics and
Automation Letters, 2019, 4(2): 1162-1169

Jie Z Q, Wang P F, Ling Y G, Zhao B, Wei Y C, Feng J S, Liu
W. Left-right comparative recurrent model for stereo matching.
In: Proceedings of the 2018 IEEE Conference on Computer Vis-
ion and Pattern Recognition. Salt Lake City, USA: IEEE,
2018.3838—-3846

Liang Z F, Feng Y L, Guo Y L, Liu H Z, Chen W, Qiao L B,
Zhou L, Zhang J F. Learning for disparity estimation through
feature constancy. In: Proceedings of the 2018 IEEE Conference
on Computer Vision and Pattern Recognition. Salt Lake City,

16

17

18

19

20

21

22

23

24

25

26

27

28

USA: IEEE, 2018. 2811-2820

Cheng Ming-Yang, Gai Shao-Yan, Da Fei-Peng. A stereo-match-
ing neural network based on attention mechanism. Acta Optica
Sinica, 2020, 40(14): 144-152

(FENG Y, SR, & MG, =T VER ST LR A S2 AR DT IE X 26 1T 72
JuEAR, 2020, 40(14): 144-152)

Wang Yu-Feng, Wang Hong-Wei, Yu Guang, Yang Ming-Quan,
Yuan Yu-Wei, Quan Ji-Cheng. Stereo matching based on 3D
convolutional neural network. Acta Optica Sinica, 2019, 39(11):
227-234

(EE, EEME, TO6, BUIRL R4, 5N 2T =455
2 L IS ARG RR S, Y624k, 2019, 39(11): 227-234)

Chang J R, Chen Y S. Pyramid stereo matching network. In:
Proceedings of the 2018 IEEE Conference on Computer Vision
and Pattern Recognition. Salt Lake City, USA: IEEE, 2018.
5410-5418

Zhu Z D, He M Y, Dai Y C, Rao Z B, Li B. Multi-scale cross-
form pyramid network for stereo matching. In: Proceedings of
the 14th TEEE Conference on Industrial Electronics and Applic-
ations. Xi’an, China: IEEE, 2019. 1789-1794

Zhang L, Wang Q H, Lu H H, Zhao Y. End-to-end learning of
multi-scale convolutional neural network for stereo matching. In:
Proceedings of Asian Conference on Machine Learning. 2018.
81-96

Mayer N, Ilg E, Hausser P, Fischer P. A large dataset to train
convolutional networks for disparity, optical flow, and scene flow
estimation. In: Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas, NV,
USA: IEEE, 2016. 4040-4048

Kendall A, Martirosyan H, Dasgupta S, Henry P, Kennedy R,
Bachrach A, Bry A. End-to-end learning of geometry and con-
text for deep stereo regression. In: Proceedings of the 2017 IEEE
International Conference on Computer Vision. Venice, Italy:
IEEE, 2017. 66—75

Lu H H, Xu H, Zhang L, Ma Y B, Zhao Y. Cascaded multi-scale
and multi-dimension convolutional neural network for stereo
matching. In: Proceedings of the 2018 IEEE Visual Communica-
tions and Image Processing. Taichung, China: IEEE, 2018. 1-4

Rao Z B, He M Y, Dai Y C, Zhu Z D, Li B, He R J. MSDC-
Net: Multi-scale dense and contextual networks for automated
arXiv PreprintarXiv:

disparity map for stereo matching.

1904.12658, 2019.

Guo X Y, Yang K, Yang W K, Wang X G, Li H S. Group-wise
correlation stereo network. In: Proceedings of the 2019 IEEE
Conference on Computer Vision and Pattern Recognition. Long
Beach, USA: IEEE, 2019. 3273—3282

Liu M Y, Yin H J. Cross attention network for semantic seg-
mentation. In: Proceedings of the 2019 IEEE International Con-
ference on Image Processing. Taipei, China: IEEE, 2019.
2434-2438

Wang Ya-Shen, Huang He-Yan, Feng Chong, Zhou Qiang. Con-
ceptual sentence embeddings based on attention mechanism.
Acta Automatica Sinica, 2020, 46(7): 1390-1400

(EE3H, SEiaaHe, v, SR, BTV R oL R AR A A H N
5. BBkEAR, 2020, 46(7): 1390-1400)

Kim J H, Choi J H, Cheon M, Lee J S. RAM: Residual atten-
tion module for single image super-resolution. arXiv — Pre-
printarXiv: 1811.12043, 2018.

Jeon S, Kim S, Sohn K. Convolutional feature pyramid fusion
via attention network. In: Proceedings of the 2017 IEEE Inter-



7 3 TR 445 2 4EE R

FIHFE R A ARG R 5%k 1815

29

30

31

32

33

34

35

36

37

national Conference on Image Processing. Beijing, China: IEEE,
2017. 1007-1011

Sang H W, Wang Q H, Zhao Y. Multi-scale context attention
network for stereo matching. IEEE Access, 2019, 7: 15152-15161

Zhang G H, Zhu D G, Shi W J, Ye X Q, Li J M, Zhang X L.
Multi-dimensional residual dense attention network for stereo
matching. IEEE Access, 2019, 7: 51681-51690

Hu J, Shen L, Albanie S, Sun G, Wu E H. Squeeze-and-excita-
tion networks. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2019, 42(8): 2011-2023

Wang Q L, Wu B G, Zhu P F, Li P H, Zuo W M, Hu Q H.
ECA-Net: Efficient channel attention for deep convolutional
neural networks. In: Proceedings of the 2020 IEEE Conference
on Computer Vision and Pattern Recognition. Seattle, WA,
USA: IEEE, 2020. 11531-11539

Menze M, Geiger A. Object scene flow for autonomous vehicles.
In: Proceedings of the 2015 IEEE Conference on Computer Vis-
ion and Pattern Recognition. Boston, MA, USA: IEEE, 2015.
3061-3070

Geiger A, Lenz P, Urtasun R. Are we ready for autonomous
driving? The KITTI vision benchmark suite. In: Proceedings of
the 2012 IEEE Conference on Computer Vision and Pattern Re-
cognition. Providence, RI, USA: IEEE, 2012. 3354-3361

Pang J H, Sun W X, Ren J S, Yang C X, Yan Q. Cascade resid-
ual learning: A two-stage convolutional neural network for ste-
reo matching. In: Proceedings of the 2017 IEEE International
Conference on Computer Vision Workshops. Venice, Italy:
IEEE, 2017. 878-886

Zbontar J, Lecun Y. Stereo matching by training a convolution-
al neural network to compare image patches. Journal of Ma-
chine Learning Research, 2016, 17: 1-32

Tulyakov S, Ivanov A, Fleuret F. Practical deep stereo (PDS):
Toward applications-friendly deep stereo matching. In: Proceed-
ings of the 32nd Conference on Neural Information Processing
Systems. Montreal, Canada: 2018.

Skiegh A KA AT T, B
W7 [ 9 N TR e, T AL A
THEHLEE .

E-mail: yrzhangl014@163.com
(ZHANG Ya-Ru Ph.D. candidate
at the School of Information Sci-
ence and Engineering, Yanshan
University. Her research interest covers artificial intel-
ligence, computer vision, and computer graphics.)

LIS ML R A, 2
DIl [ DA DN i e Rl R
THHENLETE .

E-mail: kongyt10@163.com

(KONG Ya-Ting Master student
at the School of Electrical Engineer-
ing, Yanshan University. Her re-
search interest covers artificial intelligence, computer
vision, and computer graphics.)

XM ORI E B RS TR
ks Craie st L0I5 Wil LIPS PN
TR, A SCEE .

E-mail: liubin@ysu.edu.cn

(LIU Bin Professor at the School
of Information Science and Engin-
eering, Yanshan University. His re-
search interest covers artificial intelligence and com-
puter vision. Corresponding author of this paper.)



	1 多维注意力特征聚合立体匹配算法
	1.1 2D注意力残差模块
	1.2 联合代价体
	1.3 3D注意力沙漏聚合模块
	1.4 损失函数

	2 实验及结果分析
	2.1 数据集与实验细节
	2.2 超参数分析
	2.3 与其他方法的性能比较与分析

	3 结束语

