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Abstract The unbalanced defocus blur of the left and right images leads to stereo matching failure in a binocular stereo
vision system. In order to train a neural network that can deal with the image blur, this paper constructs an unbalanced
defocus stereo vision dataset by adding the blur varying with the depth using a normalized blur level (NBL) based layered
depth-of-field rendering algorithm and taking the FlyingThings-Stereo image pair dataset as an example. The proposed
dataset can provide the unbalanced defocus stereo images and be used to train deblurring or stereo matching networks.
When training the deblurring network, the dataset provides blurry and clear stereo images to the network’s input and output
ends. When training stereo matching network, fuzzy stereo pairs and parallax truth values are provided to the input and
output ends of the network. The network is verified by synthetic and real-scene data after it is trained. Results show that
the proposed dataset can effectively train the deblurring and stereo matching neural networks and enables their ability to
cope with defocus blur, so as to achieve the image deblurring and stereo matching based on blurry images.
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Fig. 2 Data samples in unbalanced defocus stereo vision dataset. (al)-(a6) Left and right blur images, left and right clear images, and

left and right disparity maps of No. 0 data; (b1)—-(b6) left and right blur images, left and right clear images, and left and right

disparity maps of No. 2000 data
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Table 1 Deblurred results of synthetic image

Nah DavaNet
PSNR SSIM PSNR SSIM

BLNet
PSNR SSIM

Number

(@]

36.30 0.94  35.50 .93 33.49
500 39.20 0.97  37.87 .96 35.38
1000 37.22 0.97 36.74 .96 33.58 .95
1500 34.47  0.93 33.42 .92 32,29 .91

0 0.93
0 0
0 0
0 0
2000 36.02  0.95 34.97 0.94 32.44 0.93
0 0
0 0
0 0
0 0
0 0

.96

2500 35.00 0.94 33.99 .92 31.46 .91
3000 33.54  0.92 32.80 .90 31.95 .90
3500 33.52  0.93 32.71 .92 31.65 .92
4000 34.32  0.96  33.93 .95 32.47 .94
Average 35.51 0.95 34.66 .93 32.75 .93
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Fig. 3 Visualized deblurred results of synthetic image. (al)-(a5) Left blur image, deblurred left images by Nah, DavaNet, and
BLNet, and clear left image of No. 0 data; (b1)-(b5) right blur image, deblurred right images by Nah, DavaNet, and BLNet,

and clear right image of No. 0 data; (c1)-(c5) left blur image, deblurred left images by Nah, DavaNet, and BL.Net, and clear

left image of No. 2000 data; (d1)-(d5) right blur image, deblurred right images by Nah, DavaNet, and BL.Net, and clear right

image of No. 2000 data; (e1)-(e5) left blur image, deblurred left images by Nah, DavaNet, and BL.Net, and clear left image of

No. 4000 data; (f1)-(f5) right blur image, deblurred right images by Nah, DavaNet, and BLNet, and clear right image of

No. 4000 data
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Fig. 4 Visualized deblurred results of real-scene images in Middlebury 2014 dataset. (al)-(a5) Left blur image, deblurred left images

by Nah, DavaNet, and BLLNet, and clear left image of Adirondack; (b1)-(b5) right blur image, deblurred right images by Nah,

DavaNet, and BLNet, and clear right image of Adirondack; (c1)-(c5) left blur image, deblurred left images by Nah, DavaNet,

and BLNet, and clear left image of Motorcycle; (d1)-(d5) right blur image, deblurred right images by Nah, DavaNet, and

BLNet, and clear right image of Motorcycle
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Table 4 Stereo matching results of real-scene images from

Middlebury 2014 dataset

Number PSMNet-C PSMNet-B
D3/%  EPE /pixel  D3/% EPE /pixel

0 40. 90 9.25 13.20 2.63
500 21.30 3.16 2.20 0.74
1000 14.90 5.63 10. 30 3.62
1500 42.60 9.71 13.50 2.53
2000 46. 50 11.61 10. 20 1.71
2500 29. 30 5.53 7.20 1.39
3000 37.90 4.82 13.10 2.73
3500 37.30 6.77 8.30 1.81
4000 39.70 6. 20 4.40 0.90
Average 34.49 6.96 9.16 2.01

PSMNet-C PSMNet-B

Seene D3 /%  EPE /pixel D3/% EPE /pixel
Adirondack 42.50 7.11 15. 20 2.97
Motorcycle 40. 10 7.06 20.70 4.42
Piano 33.40 3.89 27.20 5.45
Pipes 57.20 13.56 25.60 6.95
Playroom 44.60 7.92 39. 30 9.91
Playtable 37.00 5.16 25.30 5.87
Recycle 31.90 3.96 17. 80 2.77
Shelves 63.10 9.01 40.70 6.81
Average 43.73 7.21 26.48 5. 64
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Fig. 5 Visualized stereo matching results of synthetic image. (al)-(a5) Left and right blur images, disparity maps of PSMNet-C and
PSMNet-B, and ground-truth disparity map of No. 0 data; (b1)-(b5) left and right blur images, disparity maps of PSMNet-C
and PSMNet-B, and ground-truth disparity map of No. 2000 data; (c1)—(c5) left and right blur images, disparity maps of
PSMNet-C and PSMNet-B, and ground-truth disparity map of No. 4000 data
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516 Middlebury 2014 % ¥ 4 52 5 %R 19 ] W46 57 1A DG Fit 2%

Ho(a

AR /N D T i 5 S BARR 5 HA o SR Z 15 3% 4 B DR £
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[
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Fig. 6 Visualized stereo matching results of real-scene images in Middlebury 2014 dataset. (al)-(a5) Left and right blur images,
disparity maps of PSMNet-C and PSMNet-B, and ground-truth disparity map of Adirondack; (b1)-(b5) left and right blur
images, disparity maps of PSMNet-C and PSMNet-B, and ground-truth disparity map of Motorcycle
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Fig. 7 Test on real defocus blur images. (a) Stereo vision cameras; (b) experimental scene for test; (¢)(d) left and right blur images;

4

—+- N
4 7

T

BEGF ST AR BE F A AR R B AR R i — b

T Flying Things-Stereo 57 A HL 58 % 48 4 19 35 %) PR 5 £5
R ST A KA 4R Al A ke o A P R o ) AT R U
TR RIS A S RO I 2%, A HG L TR R ROR 1Y g

15 NGR T SEARVEBE i 28 0 2% A T L2 2 AR X ke

FERTM B2 T 1 A7 78 R GUBER ) 37 K DT TE ARG B2 . 38
it Middlebury 2014 ¥ 4f £ 52 5t 5N 52 B B£8R
P A 000 3 2 6, 30 HE 1 T 8 A AR X 25 ORI 2% R ST
A VG TE 99 5 1 25 0 A5 v i B0 4 T DA IS 22 ) 2
BRI ST AR DG C 45 00 2% 1 F 9 B2 AL A 07 B b e N S HE

(2]

2 £ x #t

ZEIRBT, BEAMG, BB, 4. 3 A WS G X E L GE
Bl G A AN R[] e, 2020, 40(1): 0111019.
Li C H, Xue J P, Lang W, Method for

interpolation of missing point cloud based on phase

et al.
mapping in binocular vision[J]. Acta Optica Sinica,
2020, 40(1): 0111019.

MG, SRE R, kT, F LGSR TR TIESY
ARSI i1 Sz PR L SE AR T[] e, 2017, 37(11):
1115001.

Lin Z L, Zhang G L, Yao E L, et al. Stereo visual
odometry based on motion object detection in the
dynamic scene[J]. Acta Optica Sinica, 2017, 37(11):
1115001.

MR, B, FMAL, R VAR R TR E A LS
éﬁ*ﬁﬂﬁ%%%ﬁmfrﬁ&m et 4, 2021, 41(5):
0515001.

Tian M, Guan B L, Sun F,
pose estimation method for non-overlapping multi-camera
system[J]. Acta Optica Sinica, 2021, 41(5): 0515001.
M, BRI, BB BT IR R Y T A
PR TR AR LA i ALK BE PP A [T]. D6 %), 2021,
41(3): 0328001.

Li A, Tang X M, Zhu X Y. Geometric positioning
accuracy evaluation of domestic high-resolution satellite

et al. Decoupling relative

[5]

(6]

[7]

[8]

[91

[11]

[12]

1415001-8

(e)(f) deblurred left and right images by BLNet; (g) disparity map calculated by PSMNet-B; (h) reconstructed 3D point clouds

images based on unified verification field method[J]. Acta
Optica Sinica, 2021, 41(3): 0328001.
Li' Y P, Ge B Z, Tian Q G,
unbalanced defocus blur with a binocular linkage network
[J]. Applied Optics, 2021, 60(5): 1171-1181.

Nah S, Kim T H, Lee K M. Deep multi-scale
convolutional dynamic
deblurring[C]//2017 TEEE Conference on Computer
Vision and Pattern Recognition, July 21-26, 2017,
Honolulu, HI, USA. New York: IEEE Press, 2017:
257-265.

Zhou S C, Zhang J W, Zuo W M, et al. DAV ANet:
stereo deblurring with view aggregation[C]//2019 IEEE/
CVFE Conference on Computer Vision and Pattern
Recognition (CVPR), June 15-20, 2019, Long Beach,
CA, USA. New York: IEEE Press, 2019: 10988-10997.
Chang J R, Chen Y S. Pyramid stereo matching network
[C1//2018 IEEE/CVF Conference on Computer Vision
and Pattern Recognition, June 18-23, 2018, Salt Lake
City, UT, USA. New York: IEEE Press, 2018: 5410-
5418.

PR, SRR, o, % BT 2R EZIILHM
SEMRVE S L[] OGS0 TR R, 2022, 59(16):
1633001.

Chen Q B, Ge B Z,
algorithm based on multi attention mechanism[J]. Laser
&. Optoelectronics Progress, 2022, 59(16): 1633001.
RS A, IR RS L kTR R Iy HLE A 37 AR DT S
W5 AFFE[T]. S62E 24, 2020, 40(14): 1415001.

Cheng M Y, GaiSY, DaF P. A stereo-matching neural
network based on attention mechanism[J]. Acta Optica
Sinica, 2020, 40(14): 1415001.
Geiger A, Lenz P, Stiller C,
robotics: the KITTI dataset[J]. The International Journal
of Robotics Research, 2013, 32(11): 1231-1237.

Cordts M, Omran M, Ramos S,
dataset for semantic urban scene understanding[C]//2016

et al. Eliminating

neural network for scene

LiY P, et al. Stereo matching

et al. Vision meets

et al. The cityscapes

IEEE Conference on Computer Vision and Pattern
Recognition, June 27-30, 2016, Las Vegas, NV, USA.
New York: IEEE Press, 2016: 3213-3223.



E 2% F 14 H1/2022 £ 7 B/RZFFR

[15]

[17]

Scharstein D, Hirschmiiller H, Kitajima Y, et al. High-
resolution stereo datasets with subpixel-accurate ground
truth[M]//Jiang X Y, Hornegger J, Koch R. Pattern
recognition. Lecture notes in computer science. Cham:
Springer, 2014, 8753: 31-42.

Couprie C, Farabet C, Najman L, et al. Indoor semantic
segmentation using depth information[EB/OL]. (2013-03-
14)[2021-12-13]. https://arxiv.org/abs/1301.3572.
Schops T, Schonberger J L, Galliani S, et al. A multi-
view stereo benchmark with high-resolution images and
multi-camera videos[C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition, July 21-26,
2017, Honolulu, HI, USA. New York: IEEE Press,
2017: 2538-2547.

Bao W, Wang W, Xu Y H, et al. InStereo2K: a large
real dataset for stereo matching in indoor scenes[J].
Science China Information Sciences, 2020, 63(11):
212101.

Cho J, Min D B, Kim Y, et al. Deep monocular depth
estimation leveraging a large-scale outdoor stereo dataset
[J]. Expert Systems with Applications, 2021, 178:
114877.

Butler D J, Wulff J, Stanley G B, et al. A naturalistic
open source movie for optical flow evaluation[M]//
Fitzgibbon A, Lazebnik S, Perona P, et al. Computer
vision-ECCV 2012. Lecture notes in computer science.
Heidelberg: Springer, 2012, 7577: 611-625.

Mayer N, Ilg E, Héausser P, et al. A large dataset to
train convolutional networks for disparity, optical flow,
and scene flow estimation[C]//2016 IEEE Conference on
Computer Vision and Pattern Recognition, June 27-30,
2016, Las Vegas, NV, USA. New York: IEEE Press,

[20]

[22]

(23]

[24]

1415001-9

2016: 4040-4048.
D’Andres L., SalvadorJ, Kochale A, et al. Non-parametric

blur map regression for depth of field extension[J]. IEEE
Transactions on Image Processing, 2016, 25(4): 1660-
1673.

Lee J Y, Lee S, Cho S, et al. Deep defocus map
estimation using domain adaptation[C]//2019 IEEE/
CVFE Conference on Computer Vision and Pattern
Recognition (CVPR), June 15-20, 2019, Long Beach,
CA, USA. New York: IEEE Press, 2019: 12214-12222.
AR, B SCEE L BMRTE LRI SRR AR 4 T Bk IR
BERE Y DL R AT A3 3 [T]. 1 55t B B R 2% 2 4l (13 SR B 2
JiR), 2020, 40(5): 84-94.

Li H B, Shao W Z. Blind image deblurring: an overview
from variational approaches to deep representation
models and beyond[J]. Journal of Nanjing University of
Posts and  Telecommunications (Natural — Science
Edition), 2020, 40(5): 84-94.

Lee S, Kim G J, Choi S. Real-time depth-of-field
rendering using point splatting on per-pixel layers[J].
Computer Graphics Forum, 2008, 27(7): 1955-1962.

Wu Y C, Boominathan V, Chen H J, et al. PhaseCam
3D: earning phase masks for passive single view depth
estimation[C]//2019 IEEE International Conference on
Computational Photography, May 15-17, 2019, Tokyo,
Japan. New York: IEEE Press, 2019: 18793739.

Li F, Sun J, Wang J, et al. Dual-focus stereo imaging
[J]. Journal of Electronic Imaging, 2010, 19(4): 043009.
McGuire M, Matusik W, Pfister H, et al. Defocus video
matting[J]. ACM Transactions on Graphics, 2005, 24

(3): 567-576.


https://arxiv.org/abs/1301.3572

	1　引        言
	2　基本原理
	2.1　离焦模糊的定量表达
	2.2　基于NBL分层叠加景深技术的离焦模糊生成方法
	2.3　非对称离焦模糊立体视觉数据集的构建

	3　实验与分析
	3.1　基于去模糊网络的训练实验
	3.2　基于PSMNet立体匹配网络的训练实验
	3.3　实际离焦模糊图的测试实验

	4　结        论

