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Abstract

With the development of light-field imaging technology,
depth estimation using light-field cameras has become a
hot topic in recent years. Even through many algorithms
have achieved good performance for depth estimation using
light-field cameras, removing the influence of occlusion,
especially multi-occlusion, is still a challenging task. The
photo-consistency assumption does not hold in the presence
of occlusions, which makes most depth estimation of lightfield imaging unreliable. In this article, a novel method to
handle complex occlusion in depth estimation of light-field
imaging is proposed. The method can effectively identify
occluded pixels using a refocusing algorithm, accurately
select unoccluded views using the adaptive unoccluded-view
identification algorithm, and then improve the depth estimation by computing the cost volumes in the unoccluded views.
Experimental results demonstrate the advantages of our
proposed algorithm compared with conventional state-of-the
art algorithms on both synthetic and real light-field data sets.

Introduction

Light fields (Levoy and Hanrahan 1996) capture not only the
radiance but the angular direction of each ray from a scene.
Therefore, they can depict the 3D structure of the scene. As a
device to acquire a light field, light-field cameras from companies such as Lytro (Ng et al. 2005) and Raytrix (https://raytrix.
de) have drawn wide attention in computational photography,
computer vision, and close-range photogrammetry. Compared
with traditional cameras, light-field cameras place a microlens
array between the main lens and the charge-coupled device
array, as shown in Figure 1. Thanks to this microlens array,
the light-field camera is capable of capturing multiple views
of the scene in a single snapshot, enabling passive depth
estimation, which has wide potential applications including
autonomous vehicles (Menze and Geiger 2015), light-field
segmentation (Mihara et al. 2016), 3D reconstruction (Kim et
al. 2013), and simultaneous localization and mapping (Dong
et al. 2013).
Depth estimation from light-field cameras is based on
a common assumption that when refocused to the correct
depth of one spatial pixel in the center subaperture image, all
viewpoints (angular pixels) converge to the same point in the
scene (Figure 2). If we collect the angular pixels to form an
angular patch, they exhibit photo-consistency for Lambertian
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Figure 1. Imaging model of a lenslet light-field camera. (a)
The different direction rays (red, green, and yellow lines)
from object B are recorded in different pixels in the chargecoupled device array. 0, 1, and 2 represent different locations
on the main lens. Location 1 is the center of the main lens. (b)
The rays passing through the same location on the main lens
are collected to form subaperture images. The subaperture
image formed by the rays passing through location 1 on the
main lens is called the center subaperture image.

Figure 2. Refocusing model of the light field. For an
unoccluded pixel x in the center-view image, all view rays
converge to the corresponding object point X in the scene if
refocused to the correct depth.
surfaces, which means their colors ought to be the same or
similar. In setting a different refocusing depth, the depth
corresponding to the minimum variance of the angular patch
is the correct one. Many algorithms have been proposed for
depth estimation from light-field cameras under this assumption. Perwaß and Wietzke (2012) proposed an algorithm to
estimate depth from light-field cameras using correspondence
techniques. Wanner and Goldluecke (2013) proposed a local
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depth-estimation algorithm using a structure tensor to compute directions of feature pixels in an epipolar plane image
(EPI). Yu et al. (2013) analyzed the 3D geometry of lines in a
light-field image and encoded the line constraints to improve
the disparity map. Tao et al. (2013) combined defocus and
correspondence cues to estimate scene depth using EPIs,
and optimized the depth map using a Markov random field
(MRF). Tosic and Berkner (2014) estimated depth by defining a
description of EPI texture and mapping this texture to scaledepth space. Sabater et al. (2015) proposed a depth-estimation
algorithm based on block matching using subaperture images
without demosaicking. Compared with these algorithms, Jeon
et al. (2015), Zhang Liu, and Dai (2015), and Yang et al. (2019)
improved depth accuracy by achieving the subpixel displacement estimation of subaperture images using the phase-shift
theorem. However, none of these algorithms consider occlusion, and they would provide oversmooth results at occlusion
boundaries. Kim et al. (2013) computed reliable depth estimation around object boundaries using densely sampled light
fields and implicitly handled occlusions. Chen et al. (2014)
introduced a bilateral consistency metric on the surface camera to estimate depth in the presence of occlusions. However,
the occlusion problem is solved there in images with a wide
baseline in the two algorithms, which is not applicable to images acquired by a single light-field camera at one position.
When a pixel is occluded, the photo-consistency assumption no longer holds, since some viewpoints will be blocked
by the occluder. Enforcing photo-consistency on the occluded pixels will lead to an incorrect depth result, causing
oversmoothing around the sharp occlusion boundaries. In
order to solve the occlusion problem, T.-C. Wang et al. (2016)
proposed a single-occluder occlusion theory and derived the
occluder consistency between the spatial and angular patches
for the occluded pixels—i.e., when refocused to the correct
depth, the angular patch can be separated into occluded and
unoccluded views by a line which has the same orientation as
the occlusion edge. The algorithm selects the occluded pixels
by dilating the edge detected by the Canny edge detector in
the center-view image, extracts the unoccluded views of the
occluded pixels according to the occluder consistency, and
improves depth estimation by computing the cost only in
unoccluded views. However, the proposed occluder consistency is unsuitable for multi-occluder occlusion because the
occluded and unoccluded views in the angular patch cannot be simply divided into two regions by a straight line in a
multi-occluder situation.
Zhu, Wang, and Yu (2017) derived the occluder consistency between the spatial and angular patches for multioccluder occlusion—i.e., the corresponding views of the
occluder are the occluded views, and the corresponding
views of the background are unoccluded views. The occluded
and unoccluded views in the angular patch of an occluded
pixel correspond to the regions that the spatial patch of the
pixel is divided into. In order to obtained the unoccluded
views of each pixel at occlusion boundaries, that algorithm
divides the spatial patch of the pixel into two regions using
k-means clustering according to the occluder consistency,
with the occluded and unoccluded views in the angular patch
of the pixel corresponding to the two regions. For each pixel
around an occlusion edge, the algorithm finds two edge pixels
closest to the pixel, and the unoccluded views of the pixel
are obtained by finding the intersection of the unoccluded
views of the two edge pixels; this is called voting strategy.
However, the selection of unoccluded views in this method is
unsatisfactory in a complex-textured region for two reasons.
First, the k-means clustering requires specifying the number
of clusters in advance, which may be different from the actual
number of clusters, which would make the clustering results
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inaccurate. Second, the voting strategy to obtain unoccluded
views for the pixels around the occlusion boundaries is not
very effective in regions with complex textures. A consensus
on depth estimation in computer vision is that more effective views lead to more accurate depth estimation. The key to
getting an accurate depth map is to select correct unoccluded
views. However, it is difficult to effectively select unoccluded
views in complex-textured regions based on prior methods.
Therefore, we propose an algorithm to accurately select the
unoccluded views in the angular patch.
In addition, the method identifying the occluded pixels
by dilating the edge pixels in the algorithms by T.-C. Wang et
al. (2016) and Zhu et al. (2017) results in many unoccluded
pixels being included among the selected occluded pixels, so
that the step of selecting unoccluded views from the angular
patch for occluded pixels has also been done for the selected
unoccluded pixels—which is unnecessary, because all views
in the angular patch of the unoccluded pixels are unoccluded
views. Moreover, since the selected unoccluded views are
only a portion of all the unoccluded views, using them to estimate the depth of the unoccluded pixels in these algorithms
decreases the depth accuracy. Therefore, effectively identifying the occluded pixels is very important.
Different from the methods of T.-C. Wang et al. (2016) and
Zhu et al. (2017), Schilling et al. (2018) used EPIs to handle
occlusion. By integrating the occlusion handling, their method improved performance for object borders and smooth surface reconstruction. Besides the conventional methods, deeplearning methods have been used in depth estimation in light
fields. Shin et al. (2018) achieved fast and accurate depth
estimation based on a fully convolutional neural network and
proposed a data-augmentation method to overcome the lack
of training data. Tsai et al. (2020) proposed an attention-based
view-selection network for light-field depth estimation and
improved accuracy by using the views more effectively and
reducing redundancy within views.
In this article, we explicitly take occlusion into account.
By effectively identifying the occluded pixels and accurately
selecting the unoccluded views in complex-textured regions,
we obtain accurate depth for multi-occluder occlusion boundaries. Our main contributions are the following:
• We present an algorithm to effectively identify occluded
pixels, improving depth accuracy.
• We propose an algorithm to accurately select the unoccluded views in the angular patch, obtaining more accurate
unoccluded views compared with prior methods.
• We propose an algorithm to accurately estimate depth
which can preserve occlusion boundaries.
In the next section, we introduce the single-occluder and
multi-occluder occlusion models. Then an accurate depthestimation method for multi-occluder occlusion is proposed
and elucidated: First the occluded pixels are effectively
identified, and then the unoccluded views for occluded
pixels are accurately selected. Third, the initial depth map is
improved by computing the cost volumes in the unoccluded
views. Finally, we refine the depth with MRF regularization. In
the section after that, we demonstrate the advantages of our
proposed method compared with state-of-the-art algorithms
quantitatively and qualitatively.

Light-Field Occlusion Theory

In this section, the single-occluder and multi-occluder occlusion models are introduced. T.-C. Wang et al. (2016) developed a light-field single-occluder occlusion model based on
the physical image formation and proved the occluder consistency for single-occluder occlusion. Each pixel on the occlusion edge is assumed to be occluded by only one occluder.
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When refocused to the occluded plane, the edge separating
the occluded and unoccluded pixels in the angular patch has
the same orientation as the occlusion edge in the spatial patch
(Figure 3). Moreover, photo-consistency will still hold for the
angular patch in the unoccluded views. However, the singleoccluder model fails in multi-occluder occlusion.

Zhu et al. (2017) explored the multi-occluder occlusion
model in the light field and proved the occluder consistency
between the spatial and angular patches for multi-occluder
occlusion. When refocused to the correct depth of the occluded pixel, the occluded views in the angular patch are the
reprojections of the occluder in the spatial space. The unoccluded views are the corresponding views of the background.
Therefore, the angular patch is similar to the spatial patch
(Figure 4). For more complex multi-occlusion (Figure 5), the
occluder consistency proved correct in that article. The -occluder consistency for single-occluder occlusion is the special
case of the occluder consistency for multi-occluder occlusion.
The correctness of the occluder consistency in multi-occluder occlusion is demonstrated on a Mona data set (Wanner,
Meister, and Goldluecke 2013) in Figure 6. As can be seen
from the figure, the angular patch is similar to the spatial
patch. The occluded pixels in the angular patch are the reprojection of the occluder in the spatial space.

Depth Estimation

Figure 3. The single-occluder occlusion model of the light
field (T.-C. Wang et al., 2016). The left part of (a) shows
pinhole imaging at the central view (u0, v0). The right
part of (a) shows a spatial patch centered at (x0, y0) in the
center-view image. An occlusion edge on the spatial patch
corresponds to an occluding plane in the 3D space with
orientation γ. The left part of (b) shows a refocusing at the
occluded plane. Only the views above the occluder (green
rays) can observe the 3D point (X0, Y0, F); other views are
blocked by the occluder. The right part of (b) shows the
corresponding angular patch of (x0, y0). The orientation of
the edge separating the occluded views (yellow region) and
unoccluded views (green region) in the angular patch is γ.

A new depth-estimation method is proposed in this article for
multi-occluder occlusion based on the foregoing occlusion
theory. The flowchart of depth estimation is shown in Figure
7. It consists of the following steps: identifying the occluded
pixels with the center subaperture image; selecting the unoccluded views for the occluded pixels; obtaining the initial
depth by computing the cost volumes in the unoccluded
views; and regularizing the initial depth with an MRF.

Occluded-Pixel Identification

In this section, the occluded pixels are effectively identified.
The initial occluded pixels are found by applying Canny edge
detection on the center subaperture image. There are obviously many unoccluded pixels in the edge obtained. We identify

Figure 5. Complex occlusion boundary in (a) spatial patch
and (b) angular patch. The yellow and green areas in (a)
correspond to the occluder and background; in (b), to the
occluded and unoccluded views.

Figure 4. The multi-occluder occlusion model of the light
field. The left part of (a) shows pinhole imaging at the
center view. The right part of (a) shows a spatial patch
(1D) centered at A in the center-view image. The left part
of (b) shows a refocusing at object A. Only the center view
can observe the object A; other views are blocked by the
occluder. The right part of (b) shows the corresponding
angular patch of pixel A.
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Figure 6. An example of occluder consistency. (a) The closeup image of the center-view image in the Mona data set.
(b) The spatial patch of the red pixel in (a). (c) The angular
patch corresponding to the red pixel when refocused to the
correct depth.
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the occluded pixels from the edge pixels using a refocusing
method.
First, the orientation angle θ at each edge pixel is obtained
by applying the edge-orientation predictor on the edge. Then
two pixels on either side of the edge pixel are selected according to Equations 1 and 2 as shown in Figure 8. Next, one
region of pixels in the angular patch of pixel p1 is selected according to Equation 3 as shown in Figure 9a, and one region
of pixels in the angular patch of pixel p2 is selected according
to Equation 4 as shown in Figure 9b.

π



 x1 = floor  x + 2 cos  θ +  + 0.5


2


 y = floor  y − 2 sin  θ + π  + 0.5




 1
2


(1)


π



 x 2 = floor  x − 2 cos  θ +  + 0.5


2

,

π


 y = floor y + 2 sin  θ +  + 0.5




 2
2


(2)

where (x1, y1) is the coordinates of pixel p1 in Fig. 8, (x, y) is
the coordinates of the edge pixel, and (x2, y2) is the coordinates of pixel p2.
xsinθ + ycosθ < 0
(3)
Figure 7. Flowchart of the proposed depth-estimation method.

xsinθ + ycosθ > 0

(4)

If the edge pixel is not occluded, two pixels p1 and p2 on
either side of the edge pixel will be at the same or similar
depth; when the two regions of pixels in the angular patch refocus to the corresponding object point at the same or similar
depth, the variances of the two regions will be minimal. If the
edge pixel is occluded, when the pixels in one region refocus
to the correct depth, having the minimum variance, the pixels
in the other region still have large variance. Therefore, the refocused depth will be different when the two regions of pixels
minimize variance. According to this feature, the occluded
pixels can be identified from the edge pixels.
For the two pixels, we refocus to different depths using the
4D light field (Ng et al. 2005):
1
1




Lα , j ( x, y , u, v ) = L j  x + u 1 −  , y + v 1 −  , u, v  ,


 α
 α
Figure 8. The selection of adjacent pixels.

where Lj is the input light field, α is the ratio of the refocused
depth to the current focused depth, Lα,j is the refocused light
field, (x, y) is the spatial coordinates in the center-view image,
and (u, v) is the angular coordinates. The center view is located
at (u, v) = (0, 0). This provides an angular patch for each depth.
We first compute the means and variances of the two regions:
Lα , j =
Vα , j ( x, y ) =

Figure 9. The selected pixels in angular patches of pixels p1
and p2. (a) The gray pixels in the angular patch of pixel p1
are selected. (b) The orange pixels in the angular patch of
pixel p2 are selected. The line equation is determined by the
orientation angle θ of the edge pixel.
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j = 1, 2 , (5)

1
Nj

∑ L (x, y , u , v ),
α ,j

j

j

j = 1, 2

(6)

uj ,v j

( (

)

2
1
Lα , j x, y , uj , v j − Lα , j ( x, y ) ,
∑
N j − 1 uj ,v j

)

(7)

where Nj is the number of pixels in region j.
Then the optimal depth of the two regions is determined as
α *j = argmin Vα , j ( x, y ).
α

(8)
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Finally, the occluded pixels are identified based on the
discriminant formula
α *1 − α *2 > δ,

(9)

where δ is a threshold value which is set to 5.
Some pixels which are not located in the edge are occluded in some views of the angular patch, as shown in Figure 10.
In order to identify such occluded pixels, the final occluded
pixels are obtained by dilating the occluded pixels identified.
An example of occluded-pixel identification is shown in
Figure 11. Obviously, using our proposed method removes

Figure 10. Occlusions around occlusion edges. The left
image is the close-up of the center subaperture image, and
the right images are the angular patches when the red and
blue dots in the close-up image are refocused at the correct
depth. The red dot is located on the occlusion edge of the
center subaperture image, and its corresponding angular
patch is divided into two parts on average. The lower right
part is all from the unoccluded red dot, whereas the upper
left part is occluded by the leaf. The blue dot is located
around the occlusion edge, and some views in the upper
left corner of its angular patch are also occluded.

a number of unoccluded pixels compared with the methods
of T.-C. Wang et al. (2016) and Zhu et al. (2017). It can avoid
selection of unoccluded views for unoccluded pixels and thus
ensure the accuracy of depth estimation of the unoccluded
pixels.

Unoccluded-View Selection

Because the photo-consistency assumption only holds for unoccluded views for occluded pixels, in this section unoccluded views are selected for occluded pixels, which will be used
for depth estimation of occluded pixels in the next section.
For the occluded pixels, the angular patch corresponds to the
spatial patch according to the occluder consistency. Therefore, the angular patch can be divided into the same regions
as the spatial patch. For some occluded pixels in a complex
scene, spatial patches are divided into multiple regions, and
the corresponding unoccluded views may correspond to a
combination of several regions in the spatial patches. In order
to obtain the optimal unoccluded views, an adaptive unoccluded-view selection method is proposed.
First, the spatial patch of each occluded pixel is divided
into different categories by ty affinity-propagation clustering
(Frey and Dueck 2007), an adaptive clustering algorithm that
does not specify the number of clusters. Instead, the preferences p influence the final number of clusters. Usually a good
choice is to set p to the median of all the similarities between
data points. However, in many cases that setting cannot lead
to an optimal clustering solution. According to experimental
experience, we set p to two-thirds of the minimum of all the
similarities between data points. The clustering result is generally two or three categories. If the spatial patch is divided
into two categories, the pixels in one region that share the
same label with the center pixel are labeled as the unoccluded
points; the corresponding views in the angular patch are labeled as unoccluded views, as shown in Figure 12. If the spatial patch is divided into three categories, we mark the pixels
sharing the same label with the center pixel as region 1 and

Figure 11. Identification of occluded pixels. (a) The center-view image of the Mona data set (Wanner et al. 2013). (b) The
occluded pixels identified with the methods of T.-C. Wang et al. (2016) and Zhu et al. (2017). (c) Our occluded pixels.

Figure 12. Selection of unoccluded views (two categories). (a) The spatial patch of one occluded pixel in the center
subaperture image. (b) Two categories that the spatial patch is divided into. The pixels that share the same label with the
center pixel are shown in white. (c) The angular patch. The corresponding unoccluded views are shown in white.
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING
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combine region 1 with the other two categories to get another
two regions, marked as region 2 and region 3, respectively.
Then the angular patch is divided into the same regions as the
spatial patch and an adaptive strategy is used to obtain the
optimal unoccluded views. First, we compute the means Lα,j
and variances Vα,j of the three regions using Equations 6 and
7. Then, we find the depth α*j corresponding to the minimum
of the three regions using Equation 8. The minimum variance
and mean corresponding to the depth α*j are
Vmin, j = Vα * , j ( x, y )
j

Let

Initial Depth Estimation

After selection of the unoccluded views, the initial depth map
is obtained by computing the cost volumes in the unoccluded

(10)

j

L j = Lα * , j

In order to eliminate the aliasing influence of edge pixels
in the angular patch, selected unoccluded views corresponding to the edge pixels in the spatial patch are removed, as
shown in Figure 15. Consequently, the accuracy of depth estimation can be improved using the refined unoccluded views.

(11)

.

j * = argmin Vmin, j

(12)

j

be the index of the region that exhibits minimum variance.
If j* = 2 or 3, the region j* in the angular patch is the optimal
unoccluded views. If j* = 1, the index ju of the region corresponding to the optimal unoccluded views is selected by
comparing the means of the three regions:
1 if L j - L1 >  ,


j u = 2 if L2 - L1 < 

3 if L3 - L1 < 

j: j ≠1
,

(13)

where ϵ is a threshold value which is set to 0.01. Now the unoccluded views of the occluded pixel are shown in Figure 13.
In order to verify the effectiveness of the proposed method
to select unoccluded views, the F-measure (Sasaki 2007) of
the unoccluded views in occlusion using our algorithm is
computed and compared with previous work (T.-C. Wang et
al. 2016; Zhu et al. 2017). The quantitative comparisons are
listed in Table 1. The qualitative comparisons of the unoccluded views are shown in Figure 14.

Figure 13. Selection of unoccluded views (three categories).
The first two columns represent that the spatial patch of one
occluded pixel is divided into three categories by affinity
propagation. The third and fourth columns represent that
the spatial patch is divided into three regions. The fourth
and fifth columns represent that the angular patch is
divided into the same regions (white) as the spatial patch.
The last column represents the selected unoccluded views.

Table 1. F-measures for unoccluded-view selection.
Data Set
Method

Buddha Mona Medieval Horse StillLife Papillon Average

T.-C.
Wang et
al. (2016)

0.61

0.65

0.52

0.56

0.54

0.59

0.58

Zhu et
al. (2017)

0.70

0.75

0.61

0.61

0.68

0.71

0.68

Ours

0.78

0.83

0.80

0.80

0.78

0.79

0.80

As can be seen from Table 1 and Figure 14, our algorithm
can select more accurate unoccluded views and has more
obvious advantages in the multi-occluder areas. The unoccluded views selected in the method of T.-C. Wang et al.
(2016) always include some occluded views, resulting in
oversmoothness in the multi-occluded areas. The method of
Zhu et al. (2017) selects more accurate unoccluded views,
but its accuracy is lower than that of our algorithm. In the
StillLife data set, the red point in the yellow box is occluded
by two objects. The selection of unoccluded views in the
methods of T.-C. Wang et al. and Zhu et al. fail, while our
algorithm still selects the most accurate unoccluded views. In
the Horses data set, there are many textures near the occluded
points in the background (the red, green, and yellow boxes),
and the methods of T.-C. Wang et al. and Zhu et al select some
occluded views. Although our method does not select all
the unoccluded views, the selected views are all unoccluded
views, which can avoid oversmoothing.
448
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Figure 14. Comparisons of unoccluded-view selection.
White areas denote the selected unoccluded views. All the
data sets are from Wanner et al. (2013).
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views. The cost volumes C(x,y,l) are defined by combining the
refocus Cr(x,y,l) and correspondence Cc(x,y,l) cues as
C ( x, y , l ) = α C r ( x, y , l ) + (1 − α ) C c ( x, y , l )

(14)

where α∈(0,1) adjusts the relative importance between the
defocus cost Cr and the correspondence cost Cc. Here, α is set
to 0.5. The cost volumes are computed based on the subpixel
shifts of subaperture images using the phase-shift theorem
(Jeon et al. 2015):

{

}

I ( x + ∆x ) = F −1 F {I ( x )} exp2πi ∆x ,

(15)

where I(x) is an image, I(x + Δx) is the subpixel image shifted
by Δx, F{·} denotes the discrete 2D Fourier transform, and F{·}
denotes the inverse discrete 2D Fourier transform. Therefore,
the defocus cue is defined as
I ( x, y , l ) =

1
N

∑ I (x + d , y + d )
u,v

u

v

(16)

u,v

2
1
C r ( x, y , l ) =
∑ I ( x, y , l ) - I u,v ( x + du, y + dv ) , (17)
N - 1 u,v

where N is the number of unoccluded views, l is the cost
label, (u,v) are unoccluded views, Iu,v denotes the images
corresponding to the unoccluded views, (x,y) is the spatial
coordinates, and the subpixel shifts du and dv are defined as
du 
d  =
 v

 kl (u - uc )  ,


 kl (v - v c )

(18)

2

l

Depth Regularization

In this section, the occlusion boundary is detected and the
initial depth map is refined with global regularization using
an energy function.

Occlusion-Boundary Detection

We find the occlusion boundary by combining the depth cues
and the occluded pixels obtained previously.
For an occluded pixel in an occlusion boundary, the depth
gradient is larger than for an unoccluded pixel. So we can get
an initial occlusion boundary by computing and thresholding
the gradient of the initial depth:

 ∇ld 
>ε
1 if N 
 ld 

,
Occ_d = 
 ∇ld 

0 if N  l  ≤ ε
d


(21)

where ld is the initial depth and Δld is the gradient of the
initial depth. Since the depth gradient becomes larger as the
depth becomes greater, we divide the gradient Δld by ld to
increase robustness. N(·) is a normalization function that subtracts the mean and divides by the standard deviation. Here
the threshold ε is set to 1.
The occlusion boundary can be computed by
Occ = Occ_d ∩ Occ_c ,

where k is the unit of the label in pixels and (uc,vc) is the
center view.
The correspondence cue is defined as
C c ( x, y , l ) = I ( x, y , l ) - I uc ,v c ( x, y ) ,

where Iuc,vc is the center-view image.
Then the initial depth map is obtained by minimizing the
cost volumes:
ld ( x, y ) = argmin C ( x, y , l ) .
(20)

(22)

where Occ_c is the occluded pixels obtained previously. An
example is shown in Figure 16.
(19)

Figure 15. Refined unoccluded views. (a) The close-up image in the Mona data set. (b) The spatial patch corresponding to the
red point in (a); white pixels are the edge pixels. (c) The angular patch, when refocused to the correct depth, of the red point
in (a). (d) Our selected unoccluded views. (e) The refined unoccluded views after removal of the edge pixels.

Figure 16. The detected occlusion boundary. (a) The initial depth map of the Mona data set. (b) The initial occlusion
boundary Occ_d. (c) The occlusion pixels obtained using our method. (d) The occlusion boundary Occ.
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING
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Final Depth Regularization

Given the initial depth, edge cues, and occlusion cues, we
regularize the depth map with an MRF. The final depth map is
obtained by minimizing the energy function:
lfinal



= argmin ∑ l ( x, y ) − ld ( x, y ) + λ
∑ Esmooth (l ( x, y ) , l ( x ′, y ′)),
l

 x , y
( x ′, y ′ )∈N ( x , y )

(23)

where N(x,y) are the neighboring pixels of (x,y) and λ is a factor to control the smooth term. The first term in Equation 23
is the data term. The smooth term means the smoothness constraint of the adjacent pixels. Similar to in Zhu et al. (2017),
the smooth term is defined as
E smooth ( l ( x, y ) , l ( x ′, y ′ )) = ϖ l ( x, y ) − l ( x ′, y ′ )
2

ϖ = exp

2

Occ ( x , y ) − Occ ( x ′ , y ′ )  I e ( x , y ) − I e ( x ′ , y ′ )  I ( x , y ) − I ( x ′ , y ′ )
−
−
−
2σ 2occ
2σ 2e
2σ2

(24)

Comparisons

We compare our results with those of the algorithms by Tao
et al. (2013), Jeon et al. (2015), T.-C. Wang et al. (2016), and
Zhu et al. (2017) on synthetic data sets created by Wanner
et al. (2013) and real-scene data sets captured by the Lytro
Illum camera. The results of these algorithms can be obtained
by running their public codes. In addition, we compare our
method with several top-ranked methods from publications
on the 4D Light Field Benchmark (Honauer et al. 2017), OBERcross+ANP (Schilling et al. 2018), Epinet-fcn-m (Shin et al.
2018), and LFattNet (Tsai et al. 2020) on the training sets in
the 4D Light Field Benchmark.

Synthetic Data-Set Results

2

,

(25)

where Ie is the edge map of the center-view image, I is the
center-view image, ϖ is a weighting function used to preserve sharp occlusion boundaries, and σocc, σe, and σ are three
weighting factors (set to 1.6, 0.8, and 0.08, respectively, in our
experiments). The minimization is solved using a standard
graph-cut algorithm (Boykov, Veksler, and Zabih 2001).

Experimental Results

In this section, we first show the results of different stages of
our algorithm, then demonstrate the advantages of our algorithm by comparing with different state-of-the-art algorithms.

Algorithm Stages

using the method previously explained (Figure 17e). Finally,
given the initial depth and occlusion cues, we regularize the
depth with an MRF for a final depth map (Figure 17f).

The results of different stages of our algorithm are shown in
Figure 17. First, edge detection is applied on the center-view
image (Figure 17a) to find the initial occluded pixels (Figure
17b). There are many unoccluded pixels in the edge obtained.
We identify the occluded pixels from the edge using the refocusing method (Figure 17c). Then the initial depth is computed (Figure 17d) and the occlusion boundaries are detected

The qualitative comparisons of the depth map on the data
sets from Wanner et al. (2013) are shown in Figure 18. As we
can see from the figure, the method of Tao et al. always gives
oversmooth results in the occlusion boundaries and generates
thicker structures than the ground truth. The method of Jeon
et al. provides good results for some occlusion boundaries
(the branches in Figure 18a and the close-up of the red box in
Figure 18c) but gives no solution to dealing with occlusion,
due to the lack of an occlusion model. Therefore, some occlusion boundaries are still oversmoothed, such as the close-ups
in Figure 18b and 18d. The method of T.-C. Wang et al. can
perform well in single-occluder areas, but it always provides
oversmooth results in multi-occluder areas. The method of
Zhu et al. can select more accurate unoccluded views than
the method of T.-C. Wang et al. in multi-occluder areas, so it
achieves better results on the depth map; however, it can select some occluded views in complex-textured regions, which
leads to oversmoothing in the occlusion areas (the branches
in Figure 18a and the close-up of the red box in Figure 18c).
Compared with the state-of-the-art algorithms, our proposed method yields sharper occlusion boundaries in the
depth map. Our method finds more accurate occluded pixels,
illustrated in close-ups of the green box in Figure 18b. The
edge pixels of the black dots on the dice are identified as

Figure 17. The results of our algorithm at different stages on synthetic data sets: (a) Center-view images, (b) edge detection, (c)
occluded pixels, (d) initial depth, (e) occlusion-boundary detection, and (f) final depth.
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Figure 18. The depth maps of synthetic data sets: (a) Mona, (b) Buddha, (c) StillLife, and (d) Horse.
occluded pixels in other algorithms; only the selected occluded views of the occluded pixels are used to estimate
depth, which leads to a reduction in depth accuracy, whereas
the edge pixels are removed from the occluded pixels in
our method, so all views are used to estimate depth, which
improves the depth accuracy. In addition, our method selects
more accurate unoccluded views and eliminates the aliasing
influence of edge pixels in the angular patch by removing the
views corresponding to the edge pixels in the spatial patch.
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

Experimental results show that our proposed method can
effectively deal with complex occlusions (the branches in
Figure 18a and the close-up of the red box in Figure 18c).
The quantitative comparisons of the depth map on the
Wanner et al. data sets are shown in Figure 19. As we can see
from the line charts, the error distribution concentrates toward
smaller error, except for the method of Tao et al. (2013), and
that trend is most obvious using our method. In addition, the
number of large errors in the error line charts obtained by our
J u l y 2020
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Figure 20. The estimated disparity maps of our method and comparison methods for the four scenes in the Training set. The
comparison methods are (a) OBER-cross+ANP, (b) Epinet-fcn-m, and (c) LFattNet.

Figure 19. Error line charts: (a) Mona, (b) Buddha, (c) StillLife, and (d) Horse.
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method is lower than those from other methods, further verifying the effectiveness of our method. The quantitative comparisons of the root-mean-square (RMS) errors of the depth maps are
listed in Table 2. As can be seen from the table, our proposed
method is superior to other advanced algorithms in accuracy:
The RMS error decreases by about 15% with our proposed
method compared with the best of the four other methods.
Table 2. Root-mean-square error (pixels) of depth maps.
Data Set
Method

Mona

Buddha

StillLife

Horse

Tao et al. (2013)

0.189

0.186

0.260

0.202

Jeon et al. (2015)

0.087

0.110

0.193

0.155

T.-C. Wang et al. (2016)

0.077

0.081

0.171

0.093

Zhu et al. (2017)

0.082

0.112

0.113

0.103

Ours

0.063

0.069

0.095

0.065

The qualitative comparisons of the depth map on training
data sets from the 4D Light Field Benchmark are shown in
Figure 20. Our method achieves similar visual results to the
top-ranked methods.
The quantitative comparisons of the depth map are shown
in Table 3. Compared with conventional methods, our method
is superior in terms of mean square error to OBER-cross+ANP
on the Boxes, Cotton, and Dino data sets, but inferior on the
Sideboard data set. Compared with deep-learning methods,
our method outperforms only Epinet-fcn-m on the Boxes data
set, and m underperforms Epinet-fcn-m and LFattNet on the
other data sets. However, both of those methods take about
one week to train the networks on an Nvidia GTX 1080Ti
graphics processing unit. The average running time of our
algorithm is 1027 s. If you do not have a graphics processing
unit and want to get the disparity map quickly, we think our
approach is a good choice.
Table 3. Mean square error of disparity maps.
Data Set

Figure 21. The Lytro Illum camera and RGB-D camera.
First, the Lytro Illum camera was calibrated with checkerboard patterns using the Camera Calibration Toolbox for
MATLAB (https://sites.google.com/site/yunsubok/lf_geo_calib)
to get the interior parameters, as shown in Table 4, and subaperture images. Then the infrared camera of the RGB-D sensor
was calibrated with checkerboard patterns to get the interior
parameters as shown in Table 5. Finally, stereo calibration
was performed between the center subaperture images and
the infrared camera images by fixing the interior parameters
of the two cameras to obtain the relative pose of the infrared
camera with respect to the Lytro Illum camera, as shown in
Table 6. After the calibration procedure, we registered the
depth maps to the center subaperture image to get the ground
truth of the scenes, as shown in Figure 22.
Table 4. The
interior parameters
of the Lytro Illum
camera.

Table 5. The
interior parameters Table 6. External
of the infrared
parameters of the
camera.
two cameras.

Method

Boxes

Cotton

Dino

Sideboard

OBER-cross+ANP

4.750

0.555

0.336

0.941

Parameter Value

Parameter Value

Rotation Translation
Angle (°) (mm)

Epinet-fcn-m

5.967

0.197

0.157

0.798

K1

−13.682

fx (pixels) 371.022

0.0165

37.0562

LFattNet

3.996

0.208

0.093

0.530

0.545

0.332

0.972

17 457.348 fy (pixels) 370.187

−135.3635

4.474

K2 (mm)

−0.0057

Ours

0.0158

−61.0438

Real-Scene Results

In order to further verify the effectiveness of our proposed
method, experiments were conducted on real-scene images
captured with the Lytro Illum camera. The disparities of the
images range from −1.1 to 1.1. In order to get the ground truth
of the scenes, we fixed an RGB-D camera (Kinect 2.0) on the top
of the camera as shown in Figure 21.

fx (pixels) 18 935.380 cx (pixels) 254.828
fy (pixels) 18 915.222 cy (pixels) 207.339
cx (pixels) 3566.461

k1

0.108

cy (pixels) 2720.078

k2

−0.302

k1

0.472

k2

−1.094

Figure 22. Obtaining the ground truth. (a) The depth map obtained by the Kinect camera. (b) The center subaperture image.
(c) The ground truth of the center subaperture image.
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The experimental results of the real scenes are shown in
Figure 23. The method of Tao et al. can roughly extract the
basic contour of the scenes, but the depth map is oversmooth.
The method of Jeon et al. provides oversmooth results and
fails to extract the occlusion boundaries. On the whole, the
depth maps obtained by the methods of T.-C. Wang et al. and
Zhu et al. are similar to that obtained by our method. To better
illustrate the advantages of our method, we scale up the depth
of some heavy occlusion areas. From the enlarged close-up
images, it can be seen that our algorithm can preserve the
occlusion boundaries well, especially for thin objects. For
example, the method of T.-C. Wang et al. does not reconstruct
all the holes in the chair (Figure 23a), and the accuracy of
the method of Zhu et al. is less than ours; the branches in
the red box of Figure 23b are not separated by either of those
methods, but they are clearly distinguished by ours. The thin
leaves in the green box of Figure 23b are oversmooth by the
method of T.-C. Wang et al., and the leaves reconstructed by
the method of Zhu et al. are thicker than real leaves; however,
our method reconstructs thin leaves. The leaves in the green
box of Figure 23c are oversmooth by the method of T.-C. Wang
et al., and the branches in the red box of Figure 23d are oversmooth by the methods of both T.-C. Wang et al. and Zhu et
al., whereas our method restores fine branches.
The Kinect camera could not provide a refined depth map
for a complex occlusion scene like Figure 22c, but we can
get an accurate depth value of some pixels in the depth map
to compute the depth error. The quantitative comparisons of
the RMS error of the depth maps are listed in Table 7. It can

be seen from the table that the depth error of the methods of
Tao et al. and Jeon et al. method is large, which is consistent
with the phenomenon of oversmoothing of the two methods
in Figure 23. The accuracy of the methods of T.-C. Wang et al.
and Zhu et al. are lower than ours, which proves the effectiveness of our method. The RMS error decreases by about 9%
with our proposed method compared with the best of the four
methods.
Table 7. Root-mean-square error (mm) of the depth maps.
Data Set
Method

Chair

Plant1

Flower

Plant2

Tao et al. (2013)

382.256

189.829

165.388

175.267

Jeon et al. (2015)

108.246

95.562

67.280

97.476

T.-C. Wang et al. (2016)

89.952

52.987

65.570

68.595

Zhu et al. (2017)

67.848

51.953

53.795

72.821

Ours

58.019

49.176

50.354

63.176

In addition, experiments were conducted on the real data
sets of the light-field camera provided by Stanford University
(Raj, Lowney, and Shah 2016). Since there is no ground truth
in the real-scene data, we replace the ground-truth depth with
the depth map provided by commercial Lytro Illum software.
Only qualitative comparisons are conducted, shown in Figure
24. It can be seen that there are a lot of single-occluder and
multi-occluder areas in the real-scene images captured by

Figure 23. Comparisons of depth maps from the real-scene images.
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Figure 24. The depth map for real-scene images.
the Lytro Illum camera. The methods of Tao et al. and Jeon
et al. still provide severely oversmooth results and fail to
extract the occlusion boundaries. On the whole, the depth
maps obtained by the Lytro Illum software and the methods of
T.-C. Wang et al. and Zhu et al. are similar to the depth map
obtained by our method; the depth of some heavy occlusion
areas is also scaled up to illustrate the advantages of our
method. From the enlarged close-up images, it can be seen
that our algorithm can restore subtler boundaries compared
with other methods. For example, the Lytro Illum software
and the method of T.-C. Wang et al. reconstruct only a few
spokes of the bicycle (Figure 24a); the method of Zhu et al.
reconstructs more spokes, but fewer than our method. The Lytro Illum software fails to accurately restore the shape of the
wire mesh (Figure 24d); the methods of T.-C. Wang et al. and
Zhu et al. can reconstruct the shape of the wire mesh, but the
T.-C. Wang et al. method breaks some intersections of wires,
and the Zhu et al. method provides oversmooth results, and
some wires cannot be distinguished from the background correctly. In comparison, our proposed method provides a more
accurate depth map.

Conclusion

In this article, we proposed an algorithm to handle complex
occlusion in depth estimation of a light field. The occluded
pixels are effectively identified using a refocus method. For
each occluded pixel, the unoccluded views are accurately
selected using an adaptive unoccluded-view identification
method. Then the initial depth map is obtained by computing
the cost volumes in the unoccluded views. The final depth
is regularized using an MRF with occlusion cues. The advantages of our proposed algorithm are demonstrated on various
synthetic data sets as well as real-scene images compared
with the conventional state-of-the-art algorithms. Compared
with the four algorithms—Tao et al. (2013), Jeon et al. (2015),
T.-C. Wang et al. (2016), and Zhu et al. (2017)—the RMS error
decreases by about 15% with our proposed method on the
synthetic data sets and by about 9% percent on real-scene
images. Compared with the top-ranked conventional method,

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

OBER-cross+ANP,

our method is a little higher in term of mean
square error. Compared with the top-ranked deep-learning
methods, our method is inferior. However, our method is a
good choice if you do not have a graphics processing unit
to train a network and want to obtain your disparity map as
soon as possible. Because a light-field camera can reconstruct
detailed three-dimensional models, it can be used in the
comprehensive inspection of industrial mechanical parts, life
medicine, face recognition, and the establishment of threedimensional models in games and movies. The proposed
method can be valuable in these applications.
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