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occlusion handling of light field
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Abstract: A light field camera can simultaneously sample a scene from multiple viewpoints with a single exposure,
which has unique advantages in portability and depth accuracy over other depth sensors. Noise is a challenging is-
sue for light field depth estimation. Most of the traditional depth estimation methods for noisy scenes are only suita-
ble for non-occluded scenes, and cannot handle the noisy scenes with occluded regions. To solve this problem, we
present a light field depth estimation method based on inline occlusion handling. The proposed method integrates
the occlusion handling into the anti-noise cost volume, which can improve the anti-occlusion capability while main-
taining the anti-noise performance. After the cost volume is constructed, we propose a multi-template filtering algo-
rithm to smooth the data cost while preserving the edge structure. Experimental results show that the proposed
method has better performance over other state-of-the-art depth estimation methods in high noise scenes, and can
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better handle the occlusion problem of depth estimation in noisy scenes.

Keywords: light field; depth estimation; defocus cue; noise suppression; occlusion handling
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Fig. 1 The algorithm framework
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Fig. 2 Focal stack matching measurement based on double-directions defocusing (angel resolution 3x3)
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Fig. 3 The influence of occlusion on focal stack matching (angel resolution 5x1), the bottom trianglesare the view points.
(a) Focal slices based on all viewpoints; (b) Rendered focal slices based on all viewpoints
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Fig. 4 Partial matching of focal stack (angle resolution: 5x1).
(a) Focal slices based on partial points; (b) Rendered focal slices based on partial view points
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Fig. 5 Focal stack matching with an integrated view mask (angle resolution: 9x9)
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Fig. 6 View masks for occlusion in different directions and sides (angle resolution 3x3)
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Fig. 8 Comparison of disparity estimation results of synthetic scenes with different noise levels
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Fig. 11 Performance comparison of algorithms in occluded regions
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Depth acquisition of noisy scene based on inline
occlusion handling of light field
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Experimental results of the real light field image

Overview: Depth estimation from multiple images is a central task in computer vision. Reliable depth information
provides an effective source for visual tasks, such as target detection, image segmentation, and special effects for movies.
As one of the new multi-view image acquisition devices, the light field camera makes it more convenient to acquire
multiple images data. A light field camera can simultaneously sample a scene from multiple viewpoints with a single
exposure, which has unique advantages in portability and depth accuracy over other depth sensors. Noise is a challeng-
ing issue for light field depth estimation. Especially for high-noise scenes containing occlusion, the simultaneous pres-
ence of occlusion and noise makes depth acquisition more difficult. For this problem, we present a light field depth es-
timation algorithm that is robust to occlusion and noise. The proposed method uses an inline occlusion handling
framework. By integrating the occlusion handling into the anti-noise cost volume, the anti-occlusion ability of the pro-
posed method is improved while maintaining the anti-noise performance. For the construction of the anti-noise cost
volume, a focal stack matching measure based on the double-directions defocusing is proposed, which increases the
defocus direction of the traditional focal stack and introduces more samples for a single match. More samples allow the
algorithm to select the sample with the lowest matching cost, thereby improving the anti-noise performance. For occlu-
sion handling, the occlusion mode in noisy scenes has greater computational difficulty. To eliminate the influence of
occlusion on the focal stack and not be interfered by noise, the proposed algorithm designs view masks for different
occlusion modes and constructs the cost volume respectively, and then adaptively selects the best volume according to
the matching cost. After the cost volume is constructed, we use the filter-based algorithm to further smooth the cost
volume. Because of the problem that traditional filtering methods cannot preserve the occlusion boundary, we design a
multi-template filtering strategy. This strategy designs filters for occlusion in different directions and can better preserve
the edge structure of the scene. Experiments are conducted on the HCI synthetic dataset and Stanford Lytro Illum data-
set for real scenes. For quantitative evaluation, we use the percentage of bad pixels and the mean square error to meas-
ure the pros and cons of every algorithm. Experimental results show that the proposed method achieves better perfor-
mance than other state-of-the-art methods for scenes where occlusion and noise exist at the same time.
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