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Passive depth sensing = Estimate disparity - find pixel offset
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Light field depth estimation

The central view and other views in light fields have the following relationship:
L(u,v,s,t) =L(u+ (s*—s)d(u,v),v+ (t* —t)d(u,v),s*, t*), (s € [1,M],t € [1,N])

(s*,t*): the coordinate of the central view

d(u, v) : the disparity of the pixel (u, v) in the central view

M, N : the number of views along the horizontal and vertical
directions in light fields

d(u,v)



Traditional Deep learning v -ghur_defic

Deep learning for light field depth estimation

Convolutional neural network
Light fields Depth map



Issue 1 — Photorealistic contents
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Issue 2 — depth discontinuity preserving

; Occlusions
. Boundaries of objects:
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Depth discontinuity
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Our architecture — MANet — 2D modules
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Input

Our architecture — MANet — 3D modules
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Our architecture - MANet
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Ours vs Epinet Architecture - context information
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Ours vs Epinet Architecture - Coarse to fine fusion
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Accuracy - Quantitative comparison: Depth map (DM) Vs Ground Truth (GT)

h1><w1

1
Mean Square Error (MSE) = e S Y (GT(i) — DM (i))?
1 1 1=1

AVERAGE MSE

Compared traditional methods:

[4] LF (ICCV 2015)
LBDE [15] I TSN 3.86 [6] LF_OCC (CVPR 2015)

Epinet [14] - MMM 2.68 [11] RPRF (ICCV 2017)

RPRE [11] - AT RRARRAASARAAAUANO 3377

Proposed MMM 1. 75

Compared deep-learning methods:

LF 4] IR CTEATSEROATRARTSAAVSAISAEAACASARSCAASCAACCAO, 5,62 [14] EpiﬂEt (CVPR 2018)
[15] LFDE (ICASSP 2019)

Compared dataset: CVIA-HCI and HCI datasets

LFE_OCC [6] W00 0TRSO 389
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Accuracy - Visual comparison
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Parameter and Runtime
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Source code: https://github.com/YanWQ/MANet
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Thanks for your attention!



