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ABSTRACT

Light field (LF) videos contain not only the spatial-angular in-
formation but also the temporal information, which are useful
for disparity estimation. The existing work on disparity esti-
mation for LF videos relies on supervised training with dis-
parity labels. To overcome this reliance, we develop an unsu-
pervised disparity estimation framework for LF videos, which
consists of a matching branch to perform feature matching
and a refinement branch to refine the disparity maps. Our
framework also includes a cross-feature fusion module with
self-attention and cross-attention to fuse the multi-frame fea-
tures, and a cost aggregation transformer with cross-depth
self-attention blocks to explore the global depth dependen-
cies. Moreover, we propose a left-right consistency strategy
to estimate the occlusion regions for the input views and intro-
duce a occlusion-aware photometric loss to solve the occlu-
sion issue. Experimental results demonstrate that our method
achieves superior performance compared to the existing su-
pervised and unsupervised methods.

Index Terms— LF videos, unsupervised disparity esti-
mation, feature fusion, self-attention, occlusion

1. INTRODUCTION

A light field (LF) image contains multiple views to record
the scene from different directions [1–3], providing rich geo-
metric information that is useful for disparity (depth) estima-
tion. This step is crucial for realistic sensing and 3D scene
reconstruction [4, 5]. Although most existing LF cameras are
limited to capturing static LF images, some advanced imag-
ing devices have been developed to capture LF videos, which
include a temporal dimension in addition to the spatial and
angular dimensions. The temporal correlation among consec-
utive frames can also facilitate LF disparity estimation.

Most existing work for LF disparity estimation focuses
on static LF images, and they can be divided into traditional
methods, supervised learning-based methods and unsuper-
vised learning-based methods. The traditional methods [6, 7]
usually study the epipolar-plane images (EPIs) to infer the
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disparity values, or adopt the classical stereo matching ap-
proach to find correspondences in different views. How-
ever, they involve complex optimization problem with long
execution time, and are usually sensitive to the occluded,
texture-less and noisy regions. With the prevalence of deep
learning, some supervised learning-based methods [8–10]
have been proposed for LF disparity estimation, which sig-
nificantly improve the accuracy and efficiency. However,
these supervised methods depend on the disparity labels,
which are costly to acquire, especially for the real-world LF
images, and insufficiency of labeled data may lead to poor
generalization capability. To eliminate the need for disparity
labels, some unsupervised learning-based methods [11–14]
have been developed, which are trained by the photometric
loss that minimizes the warping errors. The above-mentioned
methods can be applied to the individual frames of LF videos.
However, the temporal information is not utilized to achieve
better performance.

Disparity estimation for LF videos is a relatively new re-
search area that has not been fully explored yet. Kinoshita et
al. [15] developed a dataset of LF videos with disparity labels
for every view, and proposed a framework based on Convolu-
tional Long Short-Term Memory (CLSTM) to extract spatial-
angular-temporal information from the LF videos. However,
this architecture also requires disparity labels for supervised
training.

To overcome the reliance on disparity labels, we de-
velop an unsupervised disparity estimation framework for
LF videos, called TStereoNet (‘T’ denotes temporal), which
fully exploits the multi-view and temporal information. Our
TStereoNet takes as input two views from the same row or
column to estimate disparity maps for both of them. It con-
sists of two branches, with a matching branch to estimate the
initial disparity maps in a small scale by constructing match-
ing costs, and a refinement branch to further refine the dispar-
ity maps in the full scale. Within the TStereoNet, we propose
a cross-feature fusion (CFF) module with self-attention and
cross-attention to fuse the features of multiple frames, and a
cost aggregation transformer with cross-depth self-attention
blocks to model the global depth dependencies, which is
more lightweight and efficient than the stacked 3D convolu-
tion layers commonly used in the existing work [14, 16–18].
To address the occlusion issue, we propose a left-right consis-
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Fig. 1. (a) Input views. (b) Architecture of TStereoNet. (c) Cross-feature fusion module. (d) Cross-depth self-attention block.

tency strategy to obtain the occlusion regions for both input
views and introduce a occlusion-aware photometric loss.
Experimental results demonstrate that our framework outper-
forms the other unsupervised disparity estimation methods
and achieves comparable performance with the supervised
baseline model [15]. In addition, our framework can estimate
disparity maps for every view, whereas most existing meth-
ods [13–15] are only capable of estimating disparity map for
the central view of each LF frame.

2. PROPOSED METHOD

One frame of LF video at time t is represented as Xt ∈
RU×V×3×H×W with angular resolution U × V and spatial
resolution H ×W . The angular position and spatial position
are indexed by (u, v) and (h,w), respectively. A single view
at an arbitrary angular position, Xt(u, v) ∈ R3×H×W , is de-
noted as xt.

2.1. Architecture of TStereoNet

Fig. 1 illustrates the architecture of our TStereoNet that con-
sists of a matching branch and a refinement branch. It takes
as input two views xtl and xtr from the same row or column
in Xt, and their corresponding views xt−1l and xt−1r in the
previous frame Xt−1. The views from the same column are
rotated by 90◦ counterclockwise for horizontal disparity esti-
mation. All the input views are first fed to a shared encoder
to obtain the 1

4 -scale features. A pre-trained FlowNet is lever-
aged to estimate the optical flow Fl (from xtl to xt−1l ) and Fr
(from xtr to xt−1r ), which are used to warp the features at t−1
to align with the features at t.

We propose a cross-feature fusion (CFF) module to fuse
the feature f at t and the warped feature fw at t− 1, as shown
in Fig. 1(c). The feature f after layer normalization (LN)
passes through a liner layer to obtain Qt, and a stride convolu-
tion (for spatial reduction [19]) and linear layers to obtain Kt

and Vt. Then, self-attention within f is computed to explore
the global spatial dependencies, with softmax(Q

t(Kt)T

τ )Vt,
where τ is a learnable scale factor. The warped feature fw

is fed to the shared stride convolution and linear layers to
obtain Kt−1 and Vt−1. Cross-attention between f and fw

is calculated by softmax(Q
t(Kt−1)T

τ )Vt−1. The features af-
ter self-attention and cross-attention are added together, fol-
lowed by the global average pooling (GAP), fully-connected
(FC) layers and softmax activation to yield their channel-wise
weights. Then, they are fused according to their correspond-
ing weights, and the fused feature is added to the input feature
f for a residual connection.

Although we take two-frame fusion as an example, our
CFF module can realize fusion of multiple frames to fully uti-
lize the temporal information. After that, a geometry decoder
Dgeo and a context decoder Dcon are employed to upsample
the feature output by the CFF module, with skip connections
to merge the features from the encoder.

In the matching branch, the 1
2 -scale features fromDgeo are

fed to a cost constructor, which performs warping operation
according to the pre-defined disparity samples and calculates
group-wise correlation [17] to measure the feature similarity,
deriving the matching costs Cl,1/2, Cr,1/2 ∈ RG×D×H

2 ×
W
2

(G and D are the number of groups and disparity samples,
respectively) for xtl and xtr, respectively. Then, Cl,1/2 and
Cr,1/2 are input to a cost aggregation transformer, which con-
sists of several cross-depth self-attention (CDSA) blocks with
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Fig. 2. The estimated disparity maps and their corresponding
occlusion masks.

skip connections. We take a CDSA block with stride = 2
as an example to illustrate its structure, as shown Fig. 1(c).
The input cost Cin ∈ RG×D×H

2 ×
W
2 first passes through a

1 × 3 × 3 3D convolution layer with stride = 2. Then, it
is processed by LN, linear layers and reshape operations to
obtain QD, KD and VD ∈ RG×D×HW

16 . In order to explore
the global dependencies among the disparity costs for accu-
rate probability estimation, self-attention is computed along
D dimension to derive a G × D × D attention map, with
softmax(Q

D(KD)T

τ )VD, which is added to the downsampled
input cost to obtain the output cost Cout ∈ RG×D×H

4 ×
W
4 .

Multiple cost aggregation transformers can be cascaded, fol-
lowed by disparity regression [16] to yield the 1

2 -scale dispar-
ity maps d̂tl,1/2 and d̂tr,1/2, which are upsampled and scaled
to obtain the initial disparity maps.

In the refinement branch, the full-scale features fromDcon

providing contextual information are used to further refine the
disparity maps. In addition, we use d̂tl,1/2 and d̂tr,1/2 to sam-
ple from Cl,1/2 and Cr,1/2 via linear interpolation as [18],
followed by an upsampling operation to obtain the sampled
cost C′l and C′r. The initial disparity map, the contextual fea-
ture and the sampled cost for each view are concatenated and
then fed to a refinement module, which comprises of two 3×3
convolution layers, to output the residual map rtl for xtl , and
rtr for xtr. The final disparity maps d̂tl and d̂tr are obtained by
adding the residual maps to the initial disparity maps. With
our architecture, multiple input pairs are available within each
LF to enhance data usage efficiency and the disparity map of
any view can be obtained with proper input pair.

2.2. Occlusion Handling

The training of unsupervised disparity estimation is based on
the photo-consistency assumption. However, it does not hold
in the occlusion regions. To handle the occlusion issue, we
propose a left-right consistency strategy to estimate the oc-
clusion regions. For non-occluded pixels, the disparity value
in d̂tl should be identical to that in d̂tr at the corresponding
pixel. The pixels are marked as occluded ones if the mis-

match exceeds a prescribe threshold. For the left view xtl , its
occlusion map Õt

l is derived with

Õt
l = exp(−|W(d̂tr; d̂

t
l)− d̂tl |), (1)

whereW(d̂tr; d̂
t
l) denotes warping d̂tr to align with d̂tl using

d̂tl . Then, the occlusion mask Ot
l is obtained by

Ot
l(h,w)

=

{
0, Õt

l(h,w)
< γ

1, otherwise
, (2)

where γ is a threshold to determine the occlusion pixels. The
occlusion mask Ot

r for the right view xtr is obtained by the
similar way but exchanging d̂tl and d̂tr in Eq. 1. Fig. 2 gives
an example of the occlusion masks, where we can observe that
the occlusion regions are usually near the object boundaries
and lie in the opposite positions of the left and right views.

With the occlusion masks, we introduce an occlusion-
aware photometric loss to exclude the occluded pixels, with

Lopm = 1
HW

∑
h,w

Ot
l(h,w)

� |W(xtr; d̂
t
l)− xtl |

+ 1
HW

∑
h,w

Ot
r(h,w)

� |W(xtl ; d̂
t
r)− xtr|, (3)

where � denotes the element-wise multiplication. Note that
the occlusion masks are not employed in the photometric loss
during the initial training epochs in order to avoid inaccurate
estimation of occlusion regions due to the inaccurate disparity
maps. In addition, we apply the structure-aware smoothness
loss [20] Lsm to d̂tl and d̂tr. Lopm and Lsm are also applied
to the initial disparity maps, which is omitted for simplicity.
The full loss for training the TStereoNet is expressed as

Lfull = Lopm + λsmLsm, (4)

where λsm is the coefficient of Lsm.

3. EXPERIMENTS

3.1. Dataset and Implementation Details

We used the Sintel 4D LFV dataset [15], which is developed
from the open-source movie ‘Sintel’. It contains 24 LF video
sequences with 20 ∼ 50 frames. Each frame has 9× 9 views
with 436×1024 spatial resolution. The ground-truth disparity
maps for every view are provided.

Regarding our TStereoNet, the initial 1
2 -scale disparity

samples are equally spaced within 0 ∼ 30 pixels. The number
of disparity samples D is set to 30, and the number of groups
G is set to 16. During training, the input views were selected
from an arbitrary row or column and randomly cropped to
256× 256 patches. We set γ = 0.3 in Eq. 2 and λsm = 0.05
in Eq. 4. The initial learning rate was 5×10−4 and decayed by
multiplying 0.9 every 50 epochs. Our TStereoNet was trained
by the Adam optimizer [21] for about 300 epochs.
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Table 1. Quantitative results on the scenes from the Sintel 4D LFV dataset. Bold: Best among the unsupervised methods.
shaman2 thebigfight3 bamboo2 ambushfight3

Methods MSE↓ BPR↓ BPR↓ BPR↓ MSE↓ BPR↓ BPR↓ BPR↓ MSE↓ BPR↓ BPR↓ BPR↓ MSE↓ BPR↓ BPR↓ BPR↓
(×100) (0.07) (0.03) (0.01) (×100) (0.07) (0.03) (0.01) (×100) (0.07) (0.03) (0.01) (×100) (0.07) (0.03) (0.01)

CLSTM [15] 0.072 2.170 8.504 57.643 0.011 0.036 2.158 19.883 0.021 0.621 3.165 19.432 0.092 3.353 7.289 24.544
UnMono [12] 0.172 8.643 23.943 50.539 0.036 0.944 10.627 36.256 0.027 0.845 4.574 25.107 0.409 8.396 19.956 54.142
UnOcc [13] 0.082 2.271 14.192 49.504 0.025 1.154 5.002 16.438 0.029 0.982 5.459 24.221 0.210 3.330 18.697 53.500

Ours 0.057 1.924 3.750 29.489 0.007 0.061 0.635 14.321 0.023 0.599 2.529 23.431 0.102 2.526 6.433 26.325

Central view Ours Ground truthUnOccUnMonoCLSTM

Fig. 3. Visual comparison of different methods on the four scenes from the Sintel 4D LFV dataset.

3.2. Comparison

We compared our method with the supervised baseline
CLSTM [15], two unsupervised disparity estimation methods
for static LF images, UnMono [12] and UnOcc [13], since
we are the first to study unsupervised disparity estimation
for LF videos. We evaluated these methods on four scenes
from the Sintel 4D LFV dataset, and the quantitative results,
including mean square error (MSE), bad pixel ratios (BPR)
with threshold 0.07, 0.03 and 0.01, are listed in Table 1.
Note that the unit of disparity for evaluation is millimeter as
done in [15]. It can be seen that our method outperforms the
unsupervised methods, UnMono and UnOcc, and achieves
comparable or even better performance than the supervised
method, CLSTM.

Fig. 3 shows the visual comparison on the four scenes,
where we can see that our disparity maps are more visually
compelling, with better smoothness and clearer object de-
tails. Note that we can further improve the performance by
merging multiple disparity maps obtained from different input
view pairs. However, we do not explore the disparity merg-
ing method in this study due to the page limit, and leave it for
future research.

3.3. Ablation Studies

Several ablation studies were conducted to validate our CFF
module, CDSA blocks and occlusion handling strategy. We
trained additional models by removing the CFF module, re-

Table 2. Ablation studies. Bold: Best.
Configurations Param. FLOPs MSE↓ BPR↓ BPR↓ BPR↓

(M) (G) (×100) (0.07) (0.03) (0.01)
w/o CFF module 1.013 33.367 0.071 1.627 4.133 27.157
w/o CDSA blocks 1.101 57.187 0.068 1.409 3.728 26.021

w/o occlusion handling 1.020 37.953 0.063 1.322 3.479 25.487
Default 1.020 37.953 0.047 1.278 3.337 23.392

placing the CDSA blocks with 3D residual blocks, and re-
moving the occlusion masks in Eq. 3, respectively. The aver-
age quantitative results with number of parameters (Param.)
and FLOPs (for 256× 256 inputs) are listed in Table 2. It can
be seen that all these components help to improve the perfor-
mance. In particular, our cost filter with CDSA blocks is more
lightweight and involves much less computation compared to
that with 3D convolution layers, which is commonly used in
the existing stereo matching work.

4. CONCLUSIONS

We develop an unsupervised disparity estimation framework
for LF videos, called TStereoNet, with a matching branch
and a refinement branch. It incorporates a cross-feature fu-
sion module to fuse the multi-frame features and a cost aggre-
gation transformer to model the global dependencies among
the disparity costs. We also propose a left-right consistency
strategy to address the occlusion issue during training. Our
method achieves superior performance compared to the exist-
ing supervised and unsupervised methods.
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