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Table 1 Description of experimental dataset

Number of

Dataset Scene Dimension
layers
Synthetic HCI 28 512 X 512
Motion 14 518 X 518
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Real
Homel-4 49 320 X 320
Home2-3 49 320 X 320
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Depth Estimation Based on Spatial Geometry in Focal Stacks

Luo Tiangi, Deng Xiaojuan, Liu Chang, Qiu Jun'
Institute of Applied Mathematics, Beijing Information Science and Technology University, Beijing 100101, China

Abstract

Objective Depth estimation is an important research topic in the field of computer vision, which is used to perceive and
reconstruct three-dimensional (3D) scenes using two-dimensional (2D) images. Estimating depth based on a focal stack is a
passive method that uses the degree of focus as a depth clue. This method has advantages including small imaging
equipment size and low computational cost. However, this method relies heavily on the measurement of image focus,
which is considerably affected by the texture information related to a scene. Measuring the degree of focus accurately in
regions with poor lighting, smooth textures, or occlusions is difficult, leading to inaccurate depth estimation in these
areas. Previous studies have proposed various optimization algorithms to increase the accuracy of depth estimation. These
algorithms can generally be classified into three categories: designing satisfactory focus-measurement operators, optimizing
the focus-measurement volume data to correct errors, and using all-in-focus images for guided filtering of the initial depth
map. However, numerous factors, including scene texture, contrast, illumination, and window size, can affect the
performance of focus-measurement operators, resulting in erroneous estimates in initial focus-measure volume data,
resulting in inaccurate depth estimation. Effectiveness of the methods that optimize an initial depth map heavily depends on
the accuracy of the initial depth map. Because the initial depth values may be estimated incorrectly owing to insufficient
illumination, introducing considerably valid information to improve depth estimation through postprocessing is difficult.
Therefore, intermediate optimization methods are ideal for improving the accuracy of a depth map. To solve the problem
of inaccurate depth clues in regions showing weak texture and occlusion, this study proposes a novel method based on 3D

adaptive-weighted total variation (TV) to optimize focus-measure volume data.

Methods The proposed method consists of two key parts: 1) defining a structure consistency operator based on the prior
geometric information related to different dimensions between the focal stack and focus-measure volume data, which is
used to locate the depth boundary and area with high reliable depth clues to increase the accuracy of depth optimization;
2) incorporating the prior geometric information related to the scene hidden in the 3D focal stack and focus-measure volume
data into the 3D TV regularization model. The structure of the image is measured using pixel-gradient values. Gradient
jumps in the focal stack reflect changes in physical structure, while those in the focus-measure volume data reflect changes
in focus level. When the physical structure and focus level exhibit considerable variations at the same position, the
structure is consistent and corresponds to an area with reliable depth change. By measuring the structural consistency
between the focal stack and focus measure, we can determine the positions exhibiting reliable depth clues and guide the
optimization process related to the focus-measure data highly accurately. The traditional 2D TV optimization model has
some edge-preserving ability while performing denoising. However, when the noise-gradient amplitude exceeds the edge-
gradient amplitude, this model faces a dilemma between balancing denoising and preserving edge details. Based on the
guided filtering method, the edge information of a reference image is used to denoise the target image, effectively resolving
the dilemma. This leads to a weighted TV optimization model; however, when applying guided filtering to 2D images, the
optimization information that can be introduced is limited. Therefore, we attempt to extend this method to a 3D image

field. A weighted 3D TV regularization model can balance denoising and edge-preserving abilities high effectively owing to
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the rich information in 3D data. Herein, the process of optimizing the focus-measure data is modeled as a 3D weighted TV

regularization method, and the adaptive weight is determined based on structural consistency.

Results and Discussions First, an analysis is conducted on the selection of model parameters. We observe that adjusting
these parameters can considerably impact the performance of the proposed algorithm, thereby optimizing the accuracy of
depth estimation. Second, herein, a detailed analysis is conducted on the impact of structural consistency during the
optimization process and the problems that may arise because of focusing solely on texture information for optimization. A
comparative analysis is also performed with the introduction of 3D structural consistency. Finally, the proposed algorithm
is tested on simulated and real image sequence datasets and the results are compared with those from two other methods:
mutually guided image filtering (MuGIF) and robust focus volume (RFV). The proposed method computes 3D structural
consistency, which is an additional dimension of information, as opposed to the MuGIF method, which uses consistent
structural guidance filtering on inputs from all-in-focus and depth maps. The RFV method uses focal stacks to guide focus
measure for optimizing depth estimation in 3D. Compared with the RFV method, the proposed method considers the
property issues related to focal stack and focus measure and uses their consistent structure to guide optimization.
Furthermore, three evaluation metrics are used to analyze and validate the three algorithms with respect to simulated data.
The experimental results demonstrate that the proposed method exhibits better performance than the other methods,
providing more accurate information for correcting the focusing measure process through 3D structural consistency. The
proposed method not only preserves edge information but also preserves texture information with high accuracy and

reduces errors in depth estimation.

Conclusions  Focal stack contains physical color information of a scene, while focus measure contains textural and
geometric structure information of the scene. In this study, we propose a method for measuring the structural consistency
between the two to effectively locate the depth discontinuities. A structural consistency weighted TV model enhances the
ability of the model to preserve edge information while avoiding the introduction of color information into a depth map.
Thus, effectively addressing the problem of loss of depth clues related to focal-stack depth estimation in regions with weak
texture and occlusion and increasing the accuracy of depth reconstruction. The computation of the L1 model of TV is
relatively easy; however, this computation suffers from local distortion. Using highly advanced regularization terms may
further improve the reconstruction effect. Future research needs to consider ways of incorporating increased data and

investigating methods to improve the regularization term during the optimization process.

Key words image processing; focal stack; focus measure; depth estimation; mutual structure
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