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Abstract— Depth estimation from light field (LF) images is a
fundamental step for numerous applications. Recently, learning-
based methods have achieved higher accuracy and efficiency than
the traditional methods. However, it is costly to obtain sufficient
depth labels for supervised training. In this paper, we propose an
unsupervised framework to estimate depth from LF images. First,
we design a disparity estimation network (DispNet) with a coarse-
to-fine structure to predict disparity maps from different view
combinations. It explicitly performs multi-view feature matching
to learn the correspondences effectively. As occlusions may cause
the violation of photo-consistency, we introduce an occlusion
prediction network (OccNet) to predict the occlusion maps, which
are used as the element-wise weights of photometric loss to solve
the occlusion issue and assist the disparity learning. With the
disparity maps estimated by multiple input combinations, we then
propose a disparity fusion strategy based on the estimated errors
with effective occlusion handling to obtain the final disparity
map with higher accuracy. Experimental results demonstrate that
our method achieves superior performance on both the dense
and sparse LF images, and also shows better robustness and
generalization on the real-world LF images compared to the other
methods.

Index Terms— Light field, unsupervised depth estimation,
feature matching, occlusion prediction.

I. INTRODUCTION

ALIGHT field (LF) camera can capture both the intensities
and directions of the light rays [1], [2] to obtain

LF images, each of which consists of an array of sub-
aperture images (SAIs) to record the scene from multiple
viewpoints [3], [4]. As the LF images contain rich geometric
information, useful clues are available for depth (disparity)
estimation. Usually, depth estimation is an essential task for
scene understanding and also a crucial step for various LF
applications and researches, such as auto refocusing [5], scene
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reconstruction [6], novel view synthesis [7], [8], compressed
sensing [9], and semantic segmentation [10].

Traditional methods for LF depth estimation mainly adopt
two approaches. The first approach is to explore the structure
of epipolar-plane images (EPIs) [11], [12], [13], [14],
where the pixels corresponding to the same scene point in
different views form a line with a slope proportional to
the disparity value. Another approach leverages the classical
stereo matching to find the corresponding pixels among
different views [15], [16], [17], [18]. However, EPI-based
methods are mainly applicable to the densely sampled LF
images, and the traditional stereo matching-based methods
usually suffer from heavy computational costs. Recently,
many learning-based methods [19], [20], [21], [22], [23], [24]
have been proposed for LF depth estimation with improved
accuracy and efficiency. They use a deep neural network
to represent the estimator, which learns from the depth
labels. However, it is costly to acquire sufficient, accurate
depth annotations, especially for the real-world LF images,
and the lack of training data usually leads to limited
generalization ability. To alleviate the reliance on a large
number of labeled data, some unsupervised learning-based
methods [25], [26], [27], [28], [29] are developed, which
implicitly learn the correspondences by a plain network with
the photo-consistency constraint [30] to minimize the warping
errors. However, these methods are mainly applicable to the
dense LF images but are not effective enough for the sparse
LF images with large disparity values.

Our target is to develop an unsupervised LF depth
framework applicable to both the dense and sparse LF
images. We first design a disparity estimation network
(DispNet) that explicitly performs multi-view feature matching
by constructing memory-efficient cost volumes to learn the
correspondences among the input views with a variety of
disparity ranges. Our DispNet leverages a coarse-to-fine
structure, with a coarse branch to estimate a initial disparity
map and a refinement branch to further improve the disparity
accuracy. Moreover, occlusion is a challenging issue in many
LF tasks [8], [31], [32], and it leads to the violation of
photo-consistency in LF depth estimation. To tackle this issue,
we introduce an occlusion prediction network (OccNet) during
training to predict the occlusion maps, which are used as
the element-wise weights of the photometric loss to mitigate
the effect of occlusions on the disparity learning. In order
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to fully utilize the views of each LF image, multiple view
combinations are input to the DispNet to obtain multiple
estimated disparity maps. We then propose a disparity fusion
strategy with effective occlusion handling to obtain the final
disparity map with higher accuracy. The main contributions of
our work are summarized as follows:

• We develop a DispNet, which employs a coarse-to-
fine structure and performs multi-view feature match-
ing to estimate disparity maps from different input
combinations.

• To tackle the occlusion issue, we introduce an OccNet for
occlusion prediction, which aims to eliminate the adverse
impact of occlusion on the training of DispNet.

• With the multiple estimated disparity maps, we propose a
disparity fusion strategy with occlusion handling to obtain
the final disparity map.

• Experimental results demonstrate that our method
achieves superior performance on both the dense
and sparse LF images with better robustness and
generalization compared to the other methods.

II. RELATED WORK

The existing methods for LF depth estimation are reviewed
in terms of the traditional methods and the learning-based
methods.

A. Traditional Methods
Traditional methods for LF depth estimation mainly focus

on the EPI structure and stereo matching. For the EPI-based
methods, Wanner and Goldluecke [11] estimated the disparity
maps locally by using EPI analysis, which works fast without
the expensive matching cost minimization. Zhang et al. [12]
proposed a spinning parallelogram operator (SPO) to locate
the lines in EPI and calculate their slopes to acquire the depth
information. Zhang et al. [13] exploited the line structure of
EPI and the locally linear embedding (LLE) to estimate the
local depth by minimizing the matching cost. Sheng et al. [14]
developed a strategy to extract EPIs in multiple directions
besides the horizontal and vertical EPIs to calculate the
local depth, which is combined with the predicted occlusion
boundaries to obtain the final depth map.

For the stereo matching-based methods, Jeon et al. [15]
constructed a cost volume to estimate the multi-view stereo
correspondences, which was used to optimize the depths
in weak texture regions. Then, the local depth map was
refined iteratively by fitting the local quadratic function.
Tao et al. [16] leveraged the shading information to improve
the local shape estimation from defocus and correspondence,
and developed a framework that exploits LF angular coherence
for depth and shading optimization. Lee et al. [17] computed
binary maps through foreground–background separation to
obtain the disparity maps. Huang et al. [18] proposed a stereo
matching algorithm using an empirical Bayesian framework,
which employs the pseudo-random field to explore the
statistical cues of LF. Zhang et al. [33] leveraged graph
spectral analysis to exploit the angular and spatial structure
information for depth estimation.

Occlusion issue is often encountered in LF depth estimation
since the photo-consistency assumption does not hold in

the occlusion regions. There are some methods focusing on
tackling this issue. Wang et al. [34] found that the photo-
consistency still holds in about half of the views when the
occlusions exist, and they predicted the occlusions, which
was used as a regularizer to improve depth estimation.
Williem et al. [35] focused on the robust depth estimation
from noisy LF with occlusions. They introduced two data costs
with angular entropy metric and adaptive defocus response to
handle the occlusions and noises. Chen et al. [36] proposed
a method with partially occluded region detection through
super-pixel regularization and showed that even a simple least
square model can achieve superior depth estimation after
manipulating the label confidence and edge strength.

These traditional methods usually involve complex opti-
mization process and long execution time, and cannot achieve
a good balance between the accuracy and efficiency.

B. Learning-Based Methods
The recent work on LF depth estimation mainly focuses

on the learning-based methods, which usually achieves higher
accuracy and inference efficiency. Most existing learning-
based methods adopt supervised training using depth labels.
Sun et al. [19] developed a convolutional neural network
(CNN) to estimate LF disparity by extracting enhanced EPI
features. Heber et al. [20] proposed a U-shaped network to
extract LF geometric information, with 3D convolutional
layers to examine the EPI volumes for robust depth prediction.
Shin et al. [21] developed a CNN framework by taking as
input the views from different angular dimensions. They also
proposed some data augmentation methods for LF to overcome
the deficiency of training data. Shi et al. [22] proposed a
framework to learn depth from the dense and sparse LF
images with three steps, including initial depth estimation
by a fine-tuned network, occlusion-aware depth fusion and
refinement by an additional network. Tsai et al. [23] proposed
a view selection network by learning an attention map to
estimate the contribution of each view on depth. The attention
map was constrained to be symmetric in accordance with
the LF views. Chen et al. [24] developed a multi-level fusion
network, which contains four branches to perform intra-branch
and inter-branch fusion, and incorporates attention to select
the features that can provide more useful information for
depth. Wang et al. [37] proposed a fast approach to construct
matching cost for LF depth estimation, which does not require
any shifting operation and can also handle the occlusions.
These supervised methods heavily rely on the labeled data,
which results in poor generalization ability when the labeled
data are not sufficient.

Unsupervised methods can overcome the reliance on
the labeled data. Peng et al. [25] proposed an unsuper-
vised CNN framework by designing a combined loss
with compliance and divergence constraints to estimate
LF disparity. Zhou et al. [26] developed an unsupervised
monocular LF depth network, which was trained by the
improved photometric losses and takes only one view as input.
Jin et al. [27] proposed an unsupervised occlusion-aware
framework by exploring the angular coherence among different
LF subsets. Iwatsuki et al. [28] developed an unsupervised
learning framework with pixel-wise weights to evaluate the
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warping errors and an edge loss to enforce edge alignment
between the image and the disparity map. Lin et al. [29]
proposed to integrate the traditional LF constraints into
an unsupervised framework with an adaptive spatial-angular
consistency loss. These methods directly output the disparity
values from the last convolution layer without explicitly
learning the correspondences among different views, which
leads to poor performance when applied to the sparse LF
images with large disparity values.

III. PROPOSED METHOD

We first describe our overall framework for LF disparity
estimation in Sec. III-A. Then, we introduce the architecture
of our DispNet in Sec. III-B, the occlusion prediction
method in Sec. III-C, and the loss functions for training
in Sec. III-D. Finally, we introduce our disparity fusion
strategy in Sec. III-E.

A. Overall Framework
A 4D LF image is represented as L ∈ RU×V ×X×Y , with

angular index (u, v) and spatial index (x, y). It consists of U ×

V SAIs, each of which records the scene from one viewpoint
with a spatial resolution of X × Y . Our target is to estimate
the disparity map of the central view relative to its adjacent
views. According to the LF geometry, the relationship between
the central view and any other view in terms of the central
disparity d(x, y) is expressed as

L(uc, vc, x, y) = L
(
u, v, x + d(x, y) × (uc − u), y

+ d(x, y) × (vc − v)
)
, (1)

where (uc, vc) is the angular position of the central view.
The overall framework of our method is depicted in Fig. 1.

Three views, including the central view Ic, the left source
view Il and the right source Ir view (“source” means that
they are warped according to the disparity to reconstruct the
central view), are fed to the DispNet. They are in the same
row or column, and the two source views framed by the
same color are located symmetrically to the central view. This
input strategy can avoid the matching ambiguity caused by the
occlusion without incorporating any redundant inputs, since
each scene point is usually visible in at least two views of
the three input views. Fig. 2 gives an intuitive illustration.
The left view and right view are warped to the central view
using the ground-truth disparity map of the central view, and
their warping error maps are presented. The bright regions
with large errors in the warping error maps correspond to the
occlusion regions, which are visible in the central view but
invisible in the left or right views. It can be seen that the
occlusion regions for the left and right views usually near the
object boundaries and locate in the opposite positions, which
indicates that the pixel in the central view has correspondence
in at least one view of the left and right views to enable
accurate disparity estimation.

For a 7 × 7 LF image (Fig. 1(a)), there are totally 6 input
combinations. The views from the same column should be
rotated by 90◦ (counterclockwise) before being input to
the network in order to convert the vertical disparity to
be horizontal, and the corresponding output disparity map

needs to be rotated by −90◦ (clockwise) to recover the
orientation. In this way, only horizontal disparity estimation
is involved to make the learning easier. Multiple disparity
maps can be obtained from different input combinations by
the shared DispNet, and they need to be scaled by the distance
between the source views and the central view, as shown in
Fig. 1(b). Using nonadjacent views to estimate disparity helps
to alleviate the inaccurate estimation caused by the narrow
LF baseline. Then, these disparity maps are fused based on
their estimated errors using the auxiliary views (in the diagonal
direction) to obtain the final disparity map (Fig. 1(c)). In what
follows, we will introduce each part in detail.

B. Disparity Estimation

The architecture of our DispNet is shown in Fig. 3. The
central view Ic and the two source views Il and Ir are fed
to a shared feature extractor. The feature extractor (Fig. 3(b))
consists of several residual blocks, each of which has two
3 × 3 convolution layers with leaky Rectified Linear Unit
(ReLU) activation, and an atrous spatial pyramid pooling
(ASPP) [38] block to encode multi-scale features, which
contains three dilated convolutions with rates 3, 6 and 8 and
a global average pooling (GAP) operation for global receptive
field.

The extracted features of the three views are used to
construct the cost volumes through variance-based feature
matching. The detailed procedures of constructing the coarse
cost volume is illustrated in Fig. 4. First, we prescribe D
equally spaced disparity samples with the minimum value
smin and the maximum value smax, expressed by a vector
s = [smin, · · · , si , · · · , smax]

T . Given the features of the three
views with a size C×X ×Y (C is the channel number), the left
and right source features are warped to match the reference
(central) feature by a disparity sample si from s. Then, the
element-wise variance of the warped features and reference
feature is calculated to measure the difference, which is treated
as the matching cost at disparity sample si (accurate disparity
at a pixel should lead to a small variance). The cost volume
is obtained by concatenating the matching costs at all the
disparity samples, with a size C × D× X ×Y . Compared to the
common approach used in stereo matching [39], which builds
the cost volume by concatenating the reference feature and
warped source features, our variance-based feature matching is
much more memory-efficient and can also adapt to any number
of input views without increasing the size of cost volume.

The coarse cost volume is further processed by the cost
filters (Fig. 3(c)), each of which consists of several 3D residual
blocks with skip connections. The blocks with stride = 2
aim to downsample the cost volume to reduce memory
consumption. Then, a coarse disparity regression module
(Fig. 3(d)) is employed, with 3D convolution layers to yield
the coarse cost ccoa ∈ RD×X×Y , and the coarse disparity map
d̃coa is obtained by

d̃coa(x, y) = s · softmax
(
ccoa(x, y)

)
, (2)

where softmax(·) is the softmax function to obtain the
probability of each disparity sample, and · denotes the inner
product.
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Fig. 1. (a) The views input to the DispNet and used for determining the errors during fusion. (b) The DispNet takes as inputs the central view Ic , the left
source view Il and the right source view Ir . The views from the same column are rotated by 90◦. Multiple disparity maps (after scaling and rotation) are
obtained from different input combinations. (c) The estimated disparity maps are fused according to their estimated errors using the auxiliary views to obtain
the final disparity map.

Fig. 2. The central view and the warping error maps of the left and right
views. The occlusion regions for the left and right views usually near the
object boundaries and locate in the opposite positions.

To further refine the disparity map, a residual cost volume
is constructed by using the same extracted features. Similarly,
we set a residual sample vector s′

= [s′

min, · · · , s′

i , · · · , s′
max]

T

with the minimum value s′

min and the maximum value s′
max.

The left and right source features are warped according to
the coarse disparity map plus a residual sample s′

i from s′,
with d̃coa(x, y) + s′

i at each position, to match the reference
feature. The value and interval of residual sampling are much
smaller than that of coarse sampling in order to improve
the disparity accuracy. The matching cost at each residual
sample is derived by calculating the variance of the warped and
reference features, and the residual cost volume is obtained by
concatenating the matching costs at all the residual samples.
Then, the residual cost volume is processed by the shared cost
filters and the residual disparity regression module to derive
the residual map d̃res, with

d̃res(x, y) = s′
· softmax

(
cres(x, y)

)
, (3)

where cres ∈ RD×X×Y is the residual cost.
Thus, the refined disparity map d̃ is obtained by

d̃ = d̃coa + d̃res. (4)

When the input views are not adjacent, the output disparity
maps from DispNet need to be scaled according to the view
distance. In addition, the disparity maps predicted by the views
from the same column need to be rotated by −90◦ to recover
the orientation. Thus, the estimated central disparity map d̂ is

obtained by

d̂ =


d̃

uc − ul
, from the same row

rot−90◦(
d̃

vc − vl
), from the same column

(5)

where ul and vl are the angular coordinates of the left source
view, and rot−90◦ means rotating by −90◦.

C. Occlusion Prediction
During training, d̃ is used to warp the left and right source

views to the central view, yielding Il→c and Ir→c, with

Il→c(x, y) = Il
(
x + d̃(x, y), y

)
, (6)

Ir→c(x, y) = Ir
(
x − d̃(x, y), y

)
. (7)

To predict the occlusion regions for the two source views,
we introduce an OccNet that takes the concatenation of Il→c,
Ir→c and d̃ as inputs, as shown in Fig. 5. The OccNet adopts
a U-shape structure with residual blocks and skip connections.
A softmax activation is used in the last convolution layer to
output the confidence maps, Ol and Or for Il→c and Ir→c,
respectively, which are used to reconstruct the central view,
with,

Irec = Ol ⊙ Il→c + Or ⊙ Ir→c, (8)

where Irec is the reconstructed central view, ⊙ represents the
element-wise multiplication, and Ol(x, y)+Or (x, y) = 1. The
OccNet is trained by the reconstruction loss, with

ℓrec = ∥Irec − Ic∥1, (9)

where ∥ · ∥1 is the ℓ1-norm operator.
The photometric loss for unsupervised disparity training

is based on the photo-consistency assumption, which does
not hold in the occlusion regions. Therefore, the pixel-wise
weights of the photometric loss in the occlusion regions are
expected to be small. The confidence maps Ol and Or can be
treated as the occlusion maps of the two warped views, since
the occlusion regions usually lead to relatively larger warping
errors, and therefore less confidence for the reconstruction.
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Fig. 3. (a) Architecture of DispNet. It consists of two branches with shared feature extractor and cost filters to estimate the coarse disparity map and
residual map by constructing the coarse and residual cost volumes with variance-based feature matching. (b) Feature extractor. (c) Cost filter. (d) Disparity
regression.

Fig. 4. Variance-based feature matching. The left and right source features
are warped according to a disparity sample si to match the reference feature.
The element-wise variance of the warped features and reference feature is
calculated to obtain the matching cost at the disparity sample si . The final
cost volume is obtained by concatenating the matching costs at all the disparity
samples.

Thus, we propose the weighted photometric loss with the
occlusion maps, expressed as

ℓwpm =
1

XY

∑
x,y

O(x,y)
l ⊙ |I(x,y)

l→c − I(x,y)
c |

+
1

XY

∑
x,y

O(x,y)
r ⊙ |I(x,y)

r→c − I(x,y)
c |. (10)

The OccNet plays an important role during the training of
DispNet. First, it helps to enforce the similarity between the
warped source views and the central view for disparity learning
through the reconstruction loss, as it is jointly trained with the
DispNet. Second, with the improvement of estimated disparity
map, large warping errors mainly lie in the occlusion regions,
which can be identified by the OccNet to alleviate the adverse
impact on further improvement. Note that the OccNet is only
employed during training to address the occlusion issue and
assist the disparity learning without influencing the inference
efficiency.

D. Loss Function
In addition to the weighted photometric loss ℓwpm and

the reconstruction loss ℓrec, we apply a structural similarity
(SSIM) loss [40] to further enforce the similarity, with

ℓSSIM = 1 −
SSIM(Il→c, Ic) + SSIM(Ir→c, Ic)

2
. (11)

To improve the smoothness of the estimated disparity
map while preserving the boundary structures of the objects,
we leverage the structure-aware smoothness loss [41], [42],
expressed as

ℓsmd =
1

XY

∑
x,y

|∇d̃(x,y)
| ⊙ exp (−η|∇I(x,y)

c |), (12)

where ∇ denotes the gradients along both the horizontal and
vertical directions, and η is a hyperparameter for structure
preservation.

Moreover, we apply a similar smoothness loss to the
occlusion map, with

ℓsmo =
1

XY

∑
x,y

|∇O(x,y)
l | ⊙ exp (−η|∇I(x,y)

c |), (13)

which is only applied to Ol since Or = 1 − Ol .
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Fig. 5. Training with predicted occlusion maps. The estimated disparity map from the DispNet is used to warp the two source views to the central view.
Then, the concatenation of the warped views and the disparity map is input to the OccNet to predict the confidence maps for reconstructing the central view,
which are treated as occlusion maps and used as the pixel-wise weights of the photometric loss ℓwpm. The OccNet is trained by the reconstruction loss ℓrec.
The arrows for DispNet flow, warping, OccNet flow and loss are distinguished by different colors.

The DispNet and OccNet are trained simultaneously by the
following full loss,

ℓfull = ℓwpm + ℓrec + α1ℓSSIM + α2ℓsmd + α3ℓsmo, (14)

where ℓwpm and ℓrec are the necessary losses, and the others
are the auxiliary losses with coefficients α1 ∼ α3. Note that
these loss terms are also applied to the coarse disparity map
d̃coa, but we omit the procedures for simplicity.

E. Multi-Disparity Fusion Based on Estimated Errors
Multiple disparity maps can be obtained by the DispNet

with different input combinations. To obtain the final disparity
map, we propose a disparity fusion strategy to merge these
disparity maps.

Suppose that we have n estimated disparity maps {d̂ j }
n
j=1

and Z auxiliary views to evaluate their accuracy. With each
disparity map, the auxiliary views are warped to the central
view, and the warping errors are calculated. However, some
of the warping errors are not accurate due to the occlusions.
If occlusions exist in some of the auxiliary views, the
warping errors at the corresponding positions would be large,
resulting in large variances among the Z warping errors. Thus,
we calculate the standard deviation of the warping errors to
judge if occlusion exists at each position, and obtain a binary
mask. Here, we define ϵ j ∈ RX×Y×Z , indexed by (x, y, z),
as the warping error maps of the Z auxiliary views using the
disparity map d̂ j , and σz(·) as the standard deviation along Z
dimension. Then, a binary mask M j is formulated as

M(x,y)
j =

{
1, σz(ϵ

(x,y,z)
j ) > θ(q)

0, otherwise
(15)

where θ(·) is to determine the threshold for occlusion using
the quantile q of σz(ϵ

(x,y,z)
j ). The effect of q is analyzed in

Sec. IV-D.4.
For a pixel with occlusion, we use the median value of

the warping errors to represent its estimated error, which
can eliminate the influence of large warping errors due to
occlusion. Otherwise, the estimated error is represented by the

mean of all the warping errors. Then, the estimated error map
e j for d̂ j is obtained by

e(x,y)
j =medianz

(
ϵ
(x,y,z)
j

)
⊙ M j +meanz

(
ϵ
(x,y,z)
j

)
⊙ (1−M j ),

(16)

where medianz(·) and meanz(·) denote the median and mean
along Z dimension.

With the above procedures, we can derive the error maps
{e j }

n
j=1 for all the disparity maps. Next, we need to merge

these disparity maps according to their estimated errors. Here,
we consider several different fusion approaches. The first one
is the minimum error fusion by choosing the pixels with
the minimum errors from each disparity map, and the final
disparity map d̂final is derived by

j ′ = arg min
j

(
e j (x, y)

)
, (17)

d̂final(x, y) = d̂ j ′(x, y). (18)

The second approach is the weighted fusion, where the
weights are obtained by the softmax function and negatively
correlated with the errors. Moreover, we can choose different
numbers of disparity pixels for weighted fusion at each
position. If n′ (n′

≤ n) disparity pixels with the smallest errors
are used at each position, the final disparity map is obtained
by

W(x, y) = softmax
(
− E(x, y)

)
, (19)

d̂final(x, y) =

n′∑
j=1

w j (x, y) × d̂ j (x, y), (20)

where E(x, y) = {e j (x, y)}n′

j=1 denotes the smallest n′ errors
at position (x, y), and W(x, y) = {w j (x, y)}n′

j=1 denotes their
corresponding weights.

IV. EXPERIMENTS

A. Datasets
To evaluate the model performance comprehensively,

we used both the synthetic and real-world LF datasets. The
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Fig. 6. Visual results of different methods on the scenes from the HCI dataset [43], with the error maps relative to the ground truths.

TABLE I
EVALUATION ON THE SCENES FROM HCI DATASET. BOLD: BEST AMONG THE UNSUPERVISED METHODS

TABLE II
EVALUATION ON THE SCENES FROM DLF DATASET. BOLD: BEST AMONG THE UNSUPERVISED METHODS

synthetic LF datasets include both the densely and sparsely
sampled LF images. The synthetic dense LF images are from
the HCI dataset [43] and the DLF dataset [22], with a disparity
range [−4, 4] pixels between the adjacent views. The synthetic

sparse LF images are from the SLF dataset [22], with a
much larger disparity range [−20, 20] pixels. The real-world
LF images are from the Stanford Lytro LF Archive [44],
Kalantari [45] and EPFL LF [46] datasets. They can also be

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on April 06,2024 at 07:04:24 UTC from IEEE Xplore.  Restrictions apply. 



2268 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 34, NO. 4, APRIL 2024

Fig. 7. Visual results of different methods on the scenes from the DLF dataset [22], with the error maps relative to the ground truths.

Fig. 8. Visual results of different methods on the sparse LF images from the SLF dataset [22], with the error maps relative to the ground truths.

treated as the dense LFs since the disparity values between
the adjacent views are very small. For all the LF images, the
central 7 × 7 SAIs were used to estimate the disparity maps
for the central views.

B. Implementation Details

Regarding the DispNet, the maximum channel number
within the feature extractor is 128, and the number of cost
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TABLE III
EVALUATION ON THE SCENES FROM SLF DATASET. BOLD: BEST AMONG THE UNSUPERVISED METHODS

Fig. 9. Visual results of different methods on the real-world LF images from the datasets [44], [45], [46]. Zoom in for best view.

filters is 2. For the dense LFs, The range of disparity samples
was set to [−12, 12] (three times the disparity range [−4, 4])
with a coarse sampling interval 1, and the range of residual
samples was set to [−1, 1] with a finer sampling interval 0.1.
For the sparse LFs, only the central view and its adjacent
views were used since a large disparity range would lead
to high memory consumption. Thus, the range of disparity
samples was set to [−20, 20] with a coarse sampling interval
1.2, and the range of residual samples was set to [−2, 2] with
a finer sampling interval 0.12. For the OccNet, the maximum
channel number is 64. Therefore, it is very lightweight with
only 0.113 M parameters.

During training, all the views were cropped to 256 ×

256 randomly. The learning rate was set to 1 × 10−3

initially, and multiplied by 0.8 every 50 epochs. Moreover,
we empirically set α1 = 1 for the SSIM loss, and η = 100,
α2 = 0.1, α3 = 0.05 for the smoothness losses. The DispNet
and OccNet were jointly trained using the loss in Eq. 14 with
the Adam optimizer for about 500 epochs.

During inference, multiple view combinations were input
to the DispNet to obtain multiple disparity maps. For the
dense LFs, the input combinations (expressed by the angular
coordinates) are [(uc − 3, vc), (uc, vc), (uc + 3, vc)], [(uc −

2, vc), (uc, vc), (uc + 2, vc)], [(uc, vc − 3), (uc, vc), (uc, vc +

3)], [(uc, vc − 2), (uc, vc), (uc, vc + 2)], and the weighted
fusion with n′

= 2 was used to obtain the final disparity
map. For the sparse LFs, the input combinations are [(uc −

1, vc), (uc, vc), (uc + 1, vc)], [(uc, vc − 1), (uc, vc), (uc, vc +
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1)], and the minimum error fusion was used since there are
only two estimated disparity maps. The quantile q in Eq. 15
was set to 0.95.

C. Comparison

We compared our method with several state-of-the-art LF
depth estimation methods, including both the supervised and
unsupervised methods, on a variety of LF datasets.

1) Evaluation on Synthetic Dense LF Images: First, we list
the quantitative results of different methods on several
scenes from the HCI dataset in Table I, including two
supervised methods, EPINet [21] and LFAttNet [23], two
non-learning-based methods, OCC [34] and FBS [17], and
four unsupervised methods, UnCNN [25], UnMonocular [26],
UnPlug [28], and UnOcc [27]. The evaluation metrics are
the mean square error (MSE ×100) and bad pixel ratios
(BPR) [43] with thresholds 0.07, 0.03 and 0.01 (lower is better
for all). The results of the other methods were obtained from
the benchmark of the HCI dataset [43] or the original papers.1

It can be seen that our method still has some gaps with the
supervised methods but can generally outperform the other
unsupervised methods. Some of the visual results (Dino and
Sideboard), with the error maps relative to the ground truths,
are presented in Fig. 6, where we can find that our estimated
disparity maps have better visual qualities with smaller errors
than the other non-learning-based and unsupervised methods.

Then, we compared the performance of different methods
on several scenes from the DLF dataset [22], as recorded in
Table II. The methods for comparison include EPINet [21],
LFAttNet [23], UnCNN [25], UnMonocular [26], UnCon [29],
and UnOcc [27]. We re-built these models and trained them
using the same synthetic dense LF datasets since there are
no off-the-shelf models for evaluation. From our experiments,
we can see that our method obtains better quantitative
results than the other unsupervised methods. Compared to
the supervised methods, our method still has some gaps in
terms of the MSE, but with comparable or lower BPRs. Fig. 7
presents the visual results on the scenes, Toys and Antiques,
which reflects that our estimated disparity maps are more
visually compelling with proper smoothness and clear object
details.

2) Evaluation on Synthetic Sparse LF Images: To evaluate
the performance of different methods on the sparse LF images,
we retrained them using the SLF dataset [22]. The quantitative
results of several scenes in terms of the MSE and BPR with
thresholds 0.3, 0.1 and 0.05 are listed in Table III. It can
be seen that our method achieves comparable quantitative
results with the supervised method LFAttNet, and has better
results than the others. Both our method and LFAttNet
predict the probability distribution of the disparity samples by
constructing cost volumes, while the other methods directly
output the disparity values from the last convolution layer,
which increases the difficulty to learn large disparities for the
networks. The visual results on the scenes, Lion and Rooster
clock, are shown in Fig. 8, with a different color map from
the dense LFs for distinction. It can be seen that our disparity

1The results of UnOcc [27] and UnPlug [28] are from their published
papers, and they provide only the MSE and BPR with threshold 0.07.

TABLE IV
NUMBER OF PARAMETERS AND RUN TIME OF DIFFERENT METHODS

Fig. 10. The predicted occlusion maps of a synthetic dense LF, a real-world
LF and a synthetic sparse LF.

maps have better visual qualities with smaller errors compared
to the other methods.

3) Evaluation on Real-World LF Images: We further
evaluated different methods on the real-world LF images from
the datasets [44], [45], [46]. All the methods were trained only
on the synthetic LF images. Fig. 9 presents several predicted
disparity maps of some methods. As the real-world scenes
do not have ground truths, we can only compare their visual
qualities. It can be seen that our method achieves more smooth
predictions while preserving better object details, and therefore
demonstrates better robustness and generalization compared to
the other methods.

4) Efficiency: We list the number of parameters and run
time (the average time for outputting the disparity map for one
LF image) of different methods, shown in Table IV.2 All the
methods were implemented on a NVIDIA Tesla P100 GPU.
It can be seen that our network is lightweight, and achieves a
good balance between the accuracy and efficiency.

D. Ablation Studies
1) Design of DispNet: We first validated the coarse-to-fine

structure of DispNet by training an additional model without
the branch of residual estimation. We chose several scenes

2UnPlug [28] employs the architecture of EPINet [21], so their number of
parameters and run time are the same.
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Fig. 11. Visual comparison of different network configurations. Zoom in for
best view.

Fig. 12. Visual comparison of different disparity fusion strategies. Zoom in
for best view.

TABLE V
ABLATION STUDY ON THE FRAMEWORK. BOLD: BEST

from the HCI and DLF datasets for evaluation. Table V lists
the number of parameters (during inference) and quantitative
results of different configurations. It can be seen that the
quantitative results have obvious decline if the coarse-to-fine
structure is not employed, which suggests that the refinement
branch with finer samplings helps to improve the disparity
accuracy. Moreover, the refinement branch only introduces
extra 0.003 M parameters since the feature extractor and the
cost filters are all shared by the two branches. The visual
comparison in Fig. 11 suggests that the DispNet with a
coarse-to-fine structure achieves better disparity estimation
with smaller errors.

We also trained an additional model without shared weights
for the cost filters. From Table V, we can see that separate
cost filters for the two branches lead to more parameters but
no improvement on the performance. Therefore, we chose to
use shared cost filters in our DispNet.

2) Occlusion Prediction: To verify the effectiveness of our
OccNet for occlusion prediction, we trained an additional
model by removing the OccNet and the loss terms ℓrec
and ℓsmo in Eq. 14. Thus, the pixel-wise weight of the
photometric loss in Eq. 10 was reduced to 0.5. From Table V,
we observe that the performance is degraded if the OccNet is
not employed. The visual comparison in Fig. 11 reflects that
the disparity map with occlusion prediction has smaller errors.

TABLE VI
ABLATION STUDY ON THE LOSS TERMS. BOLD: BEST

TABLE VII
ABLATION STUDY ON DISPARITY FUSION APPROACHES. BOLD: BEST

Fig. 13. The effect of k on the quantitative results.

The predicted occlusion maps for a synthetic dense LF,
a real-world LF and a synthetic sparse LF are presented in
Fig. 10. The occlusion regions are usually near the object
boundaries [8], which leads to larger or smaller values within
these regions in the occlusion maps. The red pixels with
values approximate to 1 denote larger contributions for the
reconstruction of the central view and also larger weights for
the photometric loss. The case is opposite for the blue pixels
with values approximate to 0. Moreover, due to the larger
disparity range, the sparse LFs usually have larger occlusion
regions, resulting in much thicker red and blue regions near
the object boundaries compared to the dense LFs.

3) Loss Terms: We trained additional models by excluding
the SSIM loss ℓSSIM, the smoothness loss for disparity map
ℓsmd and the smoothness loss for occlusion map ℓsmo, since
ℓwpm and ℓrec are indispensable to the training of DispNet
and OccNet. Table VI lists the corresponding results, which
suggests that the MSE and BPRs slightly increase after
removing each of them. Therefore, these loss terms contributes
to a better performance.

4) Disparity Fusion Strategy: We first evaluated different
disparity fusion strategies, and our default strategy is the
weighted fusion by using two disparities (n′

= 2) with the
smallest errors at each position. The other fusion approaches
include the weighted fusion by using all the disparities
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Fig. 14. The effect of q on the quantitative results.

(n′
= 4), the minimum error fusion that selects the disparity

with the minimum error at each position. We also list the
results of no occlusion handling when deriving the error maps
(the estimated error of each position is represented by the
mean of all the warping errors) with weighted fusion (n′

= 2).
Their quantitative results are given in Table VII and the visual
comparison is shown in Fig. 12, where we observe that the
weighted fusion with n′

= 2 obtains better results than the
other strategies, and the performance has obvious decline if
occlusion is not handled during fusion.

Another approach to address occlusion is to use the average
value of the k smallest warping errors. We experimented
with k = 1, 4, 8, 10, 12, 16 (totally 16 auxiliary views) using
weighted fusion with n′

= 2. Fig. 13 shows the quantitative
results at different k values. It can be seen that the results
are best at k = 8, but they are still worse than those of
using median value as listed in Table VII. As large warping
errors are mainly caused by the occlusion and inaccurate
disparity estimation, large k value may lead to incomplete
occlusion handling while small k value may lead to inaccurate
error estimation at the pixels with inaccurate disparity values.
Therefore, using median value is more effective to address
these issues.

We then investigated the effect of quantile q for determining
the threshold of occlusion. We experimented with q =

0.8, 0.85, 0.9, 0.95, 0.98, 1. q = 0.95 means that 5% pixels
with the largest standard deviations use the median value of the
warping errors to address the occlusion issue, and q = 1 means
that all the pixels use the mean value of the warping errors,
which is equivalent to the strategy without occlusion handling
in Table VII. Fig. 14 shows the effect of q on the quantitative
results, where we can see that q = 0.95 obtains better results
than the other values, and the MSE increases significantly at
q = 0.98 and q = 1, verifying the effectiveness of occlusion
handling.

V. CONCLUSION

This paper presents an unsupervised framework for LF
depth estimation. We first develop a DispNet that takes as
inputs different view combinations to predict multiple disparity
maps. It adopts a coarse-to-fine structure with two branches to
estimate the coarse and residual disparity maps, respectively,

through multi-view feature matching. Photo-consistency is
the main supervisory signal for the unsupervised training.
However, it does not hold in the occlusion regions. To tackle
this issue, we introduce an OccNet to predict the occlusion
maps, which are used as the element-wise weights of the
photometric loss to alleviate the impact of occlusions on the
disparity learning. The OccNet is trained by the reconstruction
loss with no ground truth required. The multiple estimated
disparity maps after rotating and scaling are fused based
on their estimated errors using the auxiliary views with
effective occlusion handling to obtain the final disparity map.
Our framework achieves superior performance on both the
dense and sparse LF images, and also demonstrates better
generalization ability on the real-world LF images.
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