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Robust Depth Estimation via Light Field Focal Stacks
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Abstract Depth estimation is a key issue in the process of 3D reconstruction, and its purpose is to obtain
spatial information of 3D objects. The depth information of the scene can help people better understand the
geometric structure of the scene, and at the same time provide effective data support for other visual tasks.It has
important applications in the fields of scene restoration, action recognition, 3D reconstruction, and saliency
detection.The traditional methods of depth estimation usually estimate the depth from monocular or stereo
images captured by ordinary cameras. Since the imaging process only considers the intensity information and
ignores the direction information of light rays, these methods usually obtain inaccurate depth maps. Compared
with the ordinary two-dimensional images, the light field data records not only the intensity but also the
direction information of light at one exposure. Therefore, the depth estimation from light field based on deep
learning has attracted the attention of researchers and has become a more and more popular researchdirection.
As we all know, the focalstack is an important form of light field data. It consists of a series of images focused
on different depth planes,which can focus on targets in any depth range, making it easy for the observer to
understand the object distribution in the scene. The way of the objects displaying in the focal stack is more in
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line with the human visual perception mechanism and the way of collection for the focal stack is easier.However,
most of the current researches in this direction only estimate depth information from Epipolar plane images
(EPI) or sub-aperture images, and cannot effectively utilize the rich depth information contained in the focal
stack. Therefore, a robust light field depth estimation based on the focal stack is proposed in this paper. First of
all, we design a new context reasoning unit to effectively excavate the internal spatial correlation in RGB
images and the focal stack. Specifically,the context reasoning unit fully extracts the multi-focusness information
of the focal stack and the structural information of the RGB image by multi graph convolution and multi dilated
convolution.Then, we propose an attention-guided cross-modal fusion module to fuse the spatial correlation
information extracted by the contextual reasoning unit. Specifically, the attention-guided cross-modal fusion
module uses multi-level attention weights to gradually fuse internal spatial related information from the context
reasoning unit, so as to realize the maximum contribution of multi-modal features to the depth prediction. In
order to verify the accuracy of the proposed method, we conducted extensive experiments on the DUT-LFDD
and LFSD datasets in this paper. The results demonstrate that our method achieves superior performance than
existing representative methods on two light field datasets. Specifically, the accuracy of our method is 1.2%
higher than the existing representative method EPINet and is 2.25% higher than the PADMM. In addition, we
test our method on a mobile phone dataset repeatedly, and the visual results show that our method can also

obtain outstanding performance on ordinary consumer-level camera data and be adapted to the real scenarios.
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Background

Image-based depth estimation is a fundamental
problem in computer vision, and it plays an important
role in a wide range of applications, such as 3D
reconstruction, object tracking and so on. Since
common two-dimensional cameras only record the
intensity of light, the previous methods of depth
estimation based on two-dimensional images captured
by ordinary cameras to obtain inaccurate depth maps.
Different from traditional imaging system, the light
field cameras can capture the additional direction
information. Therefore, the light field data provides
more cues for the depth estimation.

The focal stack, as one important type of light
field data, consists of several focal slices which
contain the abundant depth cue and allow a human
observer to instantly understand the order of objects
along the depth in a scene. Some researchers have
done many works on the depth estimation from the
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focal stack based on the non-deep-learning: Ng solved
the corresponding depth by comparing the ambiguities
of pixels at different focal stacks; Tao combined the
defocus and correspondence cues to predict the depth
map from the focal stack. Those methods achieve
accurate depth maps, but they are usually too
dependent on prior knowledge to generalize to other
datasets easily. Hazirbas proposed the first method
based deep-learning to compute the depth from the
focal stack, which can be adapted to other datasets
easily. But the loss of detail caused by the defocus
blur was ignored.

In this paper, we present a novel accurate and
robust method that predict depth map from
multi-modal information. In order to effectively
extract and fuse the multi-modal features from the foal
stack and RGB images, we design the context
reasoning unit and attention-guided cross-modal
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fusion module. Experimental results show that our Recently, we are aiming at depth estimation from light
method can accurately estimate depth. field.
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