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Unsupervised light field depth estimation based
on sub-light field occlusion fusion

Li Haoyu', Chen Yeyao', Jiang Zhidi’, Jiang Gangyi', Yu Mei'"

!Faculty of Information Science and Engineering, Ningbo University, Ningbo, Zhejiang 315211, China;
?College Science & Technology, Ningbo University, Ningbo, Zhejiang 315300, China

Abstract: Light field depth estimation is an important scientific problem of light field processing and applications.
However, the existing studies ignore the geometric occlusion relationship among views in the light field. By
analyzing the occlusion among different views, an unsupervised light field depth estimation method based on sub-
light field occlusion fusion is proposed. The proposed method first adopts an effective sub-light field division
mechanism to consider the depth relationship at different angular positions. Specifically, the views on the primary
and secondary diagonals of the light field sub-aperture arrays are divided into four sub-light fields, i.e., top-left, top-
right, bottom-left, and bottom-right. Then, a spatial pyramid pooling feature extraction and a U-Net network are
leveraged to estimate the depths of the sub-light fields. Finally, an occlusion fusion strategy is designed to fuse all
sub-light field depths to obtain the final depth. This strategy assigns greater weights to the sub-light field depth with
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higher accuracy in the occlusion region, thus reducing the occlusion effect. In addition, a weighted spatial and an

angular consistency loss are employed to constrain network training and enhance robustness. Experimental results

demonstrate that the proposed method exhibits favorable performance in both quantitative metrics and qualitative

comparisons.

Keywords: light field; depth estimation; unsupervised; sub-light field division; occlusion fusion
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Table 1 Quantitative comparison of different light field depth estimation methods in terms of MSE (x100) (bolded indicates first, underlined
indicates second)

Type Methods Boxes Cotton Pyramids Sideboard Antiques Pinenuts Smiling Toys Ave.
occ® 12.22 9.47 1.81 18.76 38.76 46.95 237.26 1049  46.97

Tradi- "
ional SPO 9.57 1.99 0.20 1.34 3.00 1.32 6.53 0.90 3.1
OAvVC " 7.46 1.47 0.08 1.55 5.38 1.62 a77 1.02 2.92
Unsup "? 12.21 7.37 0.43 3.82 11.87 30.69 17.68 238 10.81
Z;T::d OccUnNet™ 694 1.68 0.17 7.54 3.23 19.04 4.93 070 553
Proposed 6.61 2.22 0.04 2.07 4.10 0.70 4.80 0.67 2.65

— xx

k2 PTR BRSNS IREAET T k£ BPR(>0.07) 4447 L4 £ IR (AT H—, TUEEATE D)
Table 2 Quantitative comparison of different light field depth estimation methods in terms of BPR (>0.07) (bolded indicates first, underlined

indicates second)

Type Methods Boxes Cotton Pyramids Sideboard Antiques Pinenuts Smiling Toys Ave.

. occ® 40.05 46.39 1217 48.81 72.53 62.81 71.03 83.33  54.64
:::I spo " 4258 29.79 14.87 32.32 31.63 40.07 18.93 41.51 31.46
OAvC ™ 18.59 5.19 291 19.59 6.71 11.40 23.13 10.17 12.21

Unsup * 43.75 23.97 14.75 26.37 33.43 48.94 42.45 29.50  32.90

;J:,T:;d OccUnNet " 27.39 7.03 6.41 17.50 17.57 4358 21.77 16.52 19.72
Proposed 24.70 6.39 0.78 16.26 9.32 29.95 15.63 1064 1421

A3 PR kS MG IR EAL T R EBATAT A (s) 4847 a9 FER, B4k CPU Ligfr, RMEF %A

Table 3 Quantitative comparison of different light field depth estimation methods in terms of runtime (s), where traditional methods run on CPU

and unsupervised methods run on GPU (bolded indicates first, underlined indicates second)

Type Methods Boxes Cotton Pyramids Sideboard Antiques Pinenuts Smiling Toys Ave.
_ occ® 19205  210.73 319.46 222.10 205.32 172.03 24253  166.85  216.38
E:I sPO 83191 82072  790.02 814.70 79463  807.51  803.15  807.74  808.80
OAVC ™ 16.33 16.60 16.50 16.47 16.62 16.74 16.62 16.72 16.58
Unsup ™ 39.38 39.14 39.55 39.49 39.72 39.47 39.21 38.38 39.29
:Si:; OccUnNet' 024 024 0.24 0.24 0.24 0.24 024 024 024
Proposed 0.01 0.01 0.01 0.02 0.01 0.01 0.01 0.01 0.01
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Fig. 5 Comparison of depths and bad pixel maps estimated by different methods on Boxes from the HCI new dataset!™”
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Table 4 Results of ablation experiment

OAvCH!

Schemes MSE(x100) BPR(>0.07)
Scheme 1 5.85 15.23
Scheme 2 2.74 17.34
Scheme 3 3.04 20.52
Scheme 4 3.54 20.88
Scheme 5 3.74 18.16
Scheme 6 4.02 18.98
Scheme 7 2.89 21.60
Scheme 8 2.75 16.24
Scheme 9 2.89 18.32
Proposed 2.65 14.21
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Unsupervised light field depth estimation based
on sub-light field occlusion fusion

Li Haoyul, Chen Yeyaol, Jiang Zhidi’, Jiang Gangyil, Yu Mei"*
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Structure of the proposed unsupervised light field depth estimation network

Overview: Light is an important medium for humans to observe and perceive the real world, while traditional imaging
approaches only record limited light information. Light field imaging can simultaneously acquire the intensity and
direction information of light rays, thereby enabling a more accurate perception of complex dynamic environments.
Currently, it has been applied to many visual tasks such as 3D scene reconstruction, digital refocusing, view synthesis,
and occlusion removal. It is regarded as one of the main technologies for immersive media. Light field depth estimation
is an important scientific problem of light field processing and applications. In recent years, deep learning has shown
strong nonlinear fitting capabilities and achieved favorable results in light field depth estimation, but the generalization
capability of supervised methods in real-world scenes is limited. Besides, the existing studies ignore the geometric
occlusion relationship among views in the light field. By analyzing the occlusion issue among different views, an
unsupervised light field depth estimation method based on sub-light field occlusion fusion is proposed. Firstly, an
effective sub-light field division mechanism is employed to consider the depth relationship at different angular positions.
Specifically, the view on the primary and secondary diagonals of the light field sub-aperture array are divided into four
sub-light fields, i.e., top-left, top-right, bottom-left, and bottom-right. Secondly, a spatial pyramid pooling is leveraged
for feature extraction to capture multi-scale context information, along with a U-Net network to estimate the depths of
the sub-light fields. Finally, an occlusion fusion strategy is designed to fuse all sub-light field depths to obtain the final
depth, which assigns greater weights to the sub-light field depth map with higher accuracy in the occlusion region, so as
to reduce the occlusion effect. In addition, a weighted spatial and an angular consistency loss are used to constrain
network training and enhance robustness. Extensive experimental results on the benchmark datasets show that the
proposed method outperforms the existing methods in both quantitative and qualitative comparison. In particular, the
proposed method exhibits favorable performance on real-world datasets established with light field cameras. Moreover,
detailed ablation studies validate the effectiveness of sub-light field division, occlusion fusion, and loss functions
involved in the proposed method.

LiHY, Chen Y Y, Jiang Z D, et al. Unsupervised light field depth estimation based on sub-light field occlusion fusion[J].
Opto-Electron Eng, 2024, 51(10): 240166; DOI: 10.12086/0ee.2024.240166
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