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Abstract To estimate the accurate disparity in weak texture region and fine structure region when the light field
camera is used for three-dimensional measurement, a model of the light field depth estimation based on deep
learning technology is proposed. Moreover, the relationship between the disparity and corresponding depth is also
established. The proposed method is applied to a variety of complex scenes, and the experimental results show that
the proposed method can accurately estimate the disparity information in the weak texture region and fine structure
region, and leading to a good reconstruction of three-dimensional structure. The processing time of the proposed
method is compressed to the order of 1 s, which is 1 to 2 orders of magnitude lower than the traditional methods
based on cost optimization.
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Fig. 1 Projection model of light field camera
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Fig. 2 Relationship between disparity and depth
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Fig. 3 Illustration of equivalent baselines
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Fig. 4 Structure of network
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Table 1 Badpixel(0.07) comparison of different algorithms

Scene LF_OCC EPI2 LF FocalStackNet EPInet Proposed
Boxes 26.52 29. 80 23.02 14.33 12.24 11. 46
Cotton 6.22 16. 69 7.83 0.58 0. 46 0.51
Dino 14.91 15.67 19. 03 2.53 1. 26 1.14
Sideboard 18.50 18. 95 21.99 5.40 4.78 4.56
Backgammon 19.01 22.08 5.52 4. 34 3.28 1.87
Pyramids 3. 17 1.08 12.35 0.29 0.15 0.28
Dots 5. 82 46.53 2.90 1.02 1.98 3.49
Stripes 18.41 23.81 35.74 3.72 0.91 0. 85

%2 ANEFIEMY iR E R
Table 2 MSE comparison of different algorithms

Scene LF_OCC EPI2 LF FocalStackNet EPInet Proposed
Boxes 9.85 10. 93 17.43 11.82 6.01 4. 81
Cotton 1. 07 4. 32 9.17 0. 88 0.22 0.23
Dino 1.14 2.07 1.16 0. 89 0.15 0.15
Sideboard 2.30 4.65 5.07 1. 96 0. 81 0.59
Backgammon 21.59 20.78 13.01 6.58 3.91 2.39
Pyramids 0.10 0.02 0. 27 0.02 0. 007 0.01
Dots 3.30 6.66 5.68 1.87 1. 98 4.29
Stripes 8.13 6.10 17. 45 1.79 0.91 0. 85

3 Ak i 47 ] P
Table 3 Runtime comparison of different algorithms unit: s

Scene LF_OCC EPI2 LF FocalStackNet EPInet Proposed
Boxes 10408. 26 8.91 962. 18 85. 04 2.03 1.03
Cotton 6325.51 9.07 984.53 84.90 2.03 1. 04
Dino 10099. 05 8.09 1130. 56 85.62 2.03 1. 07
Sideboard 13531. 30 8.74 987. 47 84.77 2.02 1. 11
Backgammon 5116. 25 6.93 979. 87 84. 24 2.02 1.04
Pyramids 11688. 42 6. 88 929.72 92.09 2.02 1.04
Dots 10820. 85 7.66 979. 87 81.56 2.03 1. 08
Stripes 19331. 42 8.53 1093. 98 91.92 2.03 1. 07
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