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Composite-Cost-Based Fast Light-Field 3D Imaging Method for Handling Spatial
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Abstract: Light field cameras, with their multi-dimensional imaging capabilities and minimal resource
allocation, expand the exploration boundaries of imaging applications in unstructured air-ground-sea
environments. The process of light field imaging is susceptible to occlusion and noise , and may produce
unreliable depth estimation. This paper proposes a fast light fields depth estimation method for spatial
occlusion-oriented, analyzes the main factors affecting the accuracy of depth estimation in depth, and
establishes the optimal light field fast filtering architecture for different spatial occlusion modes. Then a
highly integrated composite cost is constructed using single-bit features of pixel points to achieve depth
image refinement and occlusion optimization. The experiments demonstrate that the computational
efficiency of this method is significantly better than those of Markov random fields, and can reduce the
MSE by 51.3%, the reliability of the depth estimation algorithm is improved at a lower operational cost,
and this method is expected to provide strong support for the application of light-field imaging technology in
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complex scenes.
Key words: complex environments; three-dimensional imaging; light field camera; composite cost; fast

filtering
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(a) Conceptual schematic of Plenoptic camera (b) Parametric characterization of four-dimensional light fields
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Fig.1 Light field imaging model
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Fig.3 Imaging results for different deviation values
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Fig.4 Comparison of depth estimation results from different algorithms
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Table 1 Comparison of depth estimation MSE results of different algorithms on synthetic datasets

MSE

GIEITE S % : : : :
LF_OCC LFattNet CAE POBR IGF SPO CD FCD
Buddha 0.91 0.33 0.64 0.52 0.59 0.54 1.32 0.46
Horses 1.36 6.32 0.79 0.46 1.21 1.37 5.54 0.65
HeT StillLife 4.29 14.10 1.24 3.72 1.46 1.51 5.69 1.15
) Mona 0.73 0.79 0.50 0.27 0.44 0.55 2.04 0.44

Blender .

Papillon 1.00 4.98 0.63 0.59 0.81 0.66 5.38 1.03
Medieval 1.15 0.50 0.97 0.79 1.03 0.91 7.41 0.68

Average 1.57 4.50 0.80 1.06 0.92 0.92 4.56 0.73
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Table 2 Comparison of depth estimation Badpix results of different algorithms on synthetic datasets

Badpix (0.07)

FAEIE S 1% — - - : - : -
LF_OCC LFattNet CAE POBR IGF SPO CD FCD
Buddha 5.86 2.02 3.29 4.71 6.85 1.96 7.90 2.21
Horses 17.70 16.20 27.90 9.13 9.03 6.38 23.59 7.76
HeT StillLife 18.60 11.70 14.80 40.10 8.14 6.61 16.10 6.68
Mona 8.70 10.80 6.90 4.98 9.79 6.56 14.90 6.09

Blender )

Papillon 26.30 34.80 12.80 9.28 15.20 9.28 34.20 19.90
Medieval 23.70 11.70 17.10 3.79 8.04 6.20 31.86 10.70
Average 16.80 14.50 13.80 12.00 9.51 6.16 21.40 8.89
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Table 3 Comparison of calculation time and imaging accuracy of algorithms in different view types

CD FCD
Hm 4 AR H RcAing L] - -
MSE Badpix (0.07) MSE Badpix (0.07)
3X3 12.8 18.40 59.4 0.63 13.40
5X5 23.2 7.12 37.0 0.39 6.76
Town
TX7 38.0 4.23 25.9 0.34 4.52
9X9 53.8 3.27 20.6 0.33 3.40

x4 AEAABERETEENRGHEELL

Table 4 Comparison of imaging accuracy of algorithms at different angular separations

- CD FCD
A EIIE S A L F [ o 5 )
MSE Badpix (0.07) MSE Badpix (0.07)
3X3 1 18.40 59.4 0.63 13.40
3X3 2 9.70 40.9 0.44 7.32
3X3 3 6.92 32.6 0.41 4.37
Town
3X3 4 5.61 27.1 0.46 4.12
5X5 1 7.12 37.0 0.39 6.76
5X5 2 3.82 23.5 0.36 3.69

3.2 MEMERITLE
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Fig.5 Visual comparison of estimated depth by different methods on Stanford real-world light field images captured
by Lytro Illum
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