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Motivation 

Depth estimation has been and continues to be an important topic in computer vision, it provides 
critical geometric information about the scene that is being captured, and it has many 
applications in robotics, autonomous driving, gaming, etc. Light field models the light ray as a 
5D plenoptic function of position, angle, wavelength, and time dimensions [1]. It was simplified 
to a 4D function as radiance is constant along a ray in empty space [2]. Compared to 
conventional 2D images, the light field contains both spatial and angular information and 
multiple cues about the scene that can be used for refocusing and estimating the depth map.  

With the recent advances in commercializing the light field micro-lens array devices, depth map 
estimation algorithms have been one of the focused research areas. Since current light field 
devices capture each pair of sub-aperture images with a very narrow baseline, the disparity of the 
images and the spatial resolution are restricted, making the accuracy of depth recovery limited. 
Depth map estimation is also very challenging with non-Lambertian surfaces, i.e. specular 
materials and with occlusion. In this project, we want to explore various cues, algorithms, and 
methods that leverage the structure and correlations in spatial, angular, (and temporal) 
dimensions to produce a depth map estimation from the light field data. 

Related Work 

There has been a plethora of research on depth map estimation from light field, and they can be 
subdivided into three categories: 1) sub-aperture image matching; 2) EPI-based methods; 3) 
Learning-based methods [3]. For the sub-aperture image matching, following Ng et al. [4], Tao 
et al. used defocus cue, correspondence cue and shading cue to estimate the depth of the scene [5 
- 6]. Furthermore, many research works have been done for estimating the depth in scattering 
medium, occlusion, noise and for glossy materials. [7 - 10]  Heber et al. also proposed a method 
that shears the light field view, and considered each warped image as a row in a matrix that is 
low rank [11]. In the EPI-based methods, the EPIs are generated from the light field images, and 
the slopes of the lines are used to measure the depth of different objects [3, 12].  
As to the learning-based methods, Heber et al. proposed a CNN-based method that learns an 
end-to-end mapping and predicts depth information for light field data, and later improved from 



5-layer CNN to a U-Net based method [13, 14]. However, the CNN-based method is restricted 
by the amount of training light field data with accurate ground truth depth map labels, which are 
difficult to obtain. Recent research tries to address this limitation by data augmentation, training 
an attention module, and unsupervised or zero-shot feature CNN that exploit the correlations 
between spatial, angular, and temporal dimensions [15 - 17]. 

Project Overview 
The project will focus on setting up an end-to-end light field depth map estimation pipeline. The 
pipeline will take in the light field data as input, and outputs the depth map of the light field. We 
want to explore a CNN-based method to extract the underlying correlations between different 
views of the light field, since CNN is powerful in learning the relations between data structures. 
To bypass the limitation of scarce training data and to allow the algorithm to be more generalized 
to light field data captured using different devices, we want to impose prior assumptions and 
constraints, and employ a zero-shot or unsupervised learning-based method to estimate the light 
field depth map. 

Milestones 
Week 6: 2/15/2021 - 2/21/2021 

- Literature review:  
- Review previous methods and approaches. 
- Explore other potential methods we can use to solve the problem. 

- Find available public datasets for the project (real world and rendered) [18 - 20].  
- Submit Project Proposal (2/17/2021). 

Week 7: 2/22/2021 - 2/28/2021 
- Data Collection and preprocessing (if needed). 
- Setting up depth map estimation pipeline structure and (cloud) infrastructure. 
- Establish baseline. 

Week 8: 3/1/2021 - 3/7/2021 
- Implementation and comparison of different algorithms. Start training. 

Week 9: 3/8/2021 - 3/14/2021 
- Analyze preliminary results. Revise approach and conduct ablative study if necessary. 

Week 10: 3/15/2021 - 3/19/2021 
- Analyze and summarize the results. 
- Submit Report and code. (3/19/2021, 11:59 pm) 
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