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Deep Bilateral Learning for Stereo Image
Super-Resolution

Qingyu Xu ", Longguang Wang

Abstract—Bilateral filter has demonstrated its effectiveness in
many traditional methods for image restoration tasks. In this letter,
we incorporate the idea of bilateral grid processing in a CNN frame-
work and propose a bilateral stereo super-resolution network (BSS-
Rnet). Specifically, we use a parallax-attention module to incorpo-
rate information from left and right views to learn content-aware
bilateral filters. Then, these bilateral filters are used to recover
missing details at different spatial locations while preserving stereo
consistency. Our network is fully differentiable and is robust to
both content and disparity variations. Comparative results show
that our BSSRnet achieves state-of-the-art performance on the
Flickr1024, Middlebury, KITTI 2012 and KITTI 2015 datasets.
Source code is available at.

Index Terms—Bilateral filter, recursive, stereo image, super-
resolution.

1. INTRODUCTION

TEREO image super-resolution (SR) aims at reconstructing
S high-resolution (HR) images from a pair of low-resolution
(LR) images. With rapid development of dual cameras and 3D
devices, stereo image super-resolution has recently received
increasing attention in the computer vision community.

A straightforward way to achieve stereo image SR is to
perform single image SR (SISR) on stereo image pairs sepa-
rately. Recent years have witnessed the great advances of SISR.
Specifically, as one of the seminal work, SRCNN [1] achieved
superior performance with a three-layer convolutional neural
network. The subsequent SISR methods used advanced CNN
architectures to improve SR performance (e.g., residual con-
nection [2], dense connection [3] and multi-scale structure [4]).
However, super-resolving a stereo image pair as two separate
images cannot fully use the beneficial cross-view information
and thus suffers inferior performance [5].

To incorporate information from stereo images, Jeon et al. [6]
proposed StereoSR to learn a parallax prior by jointly training
two cascaded sub-networks. In StereoSR [6], the right image was
first shifted with different intervals and then concatenated with
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Fig. 1. Visual results achieved by StereoSR [6], PASSRnet [7], and our
BSSRnet for 4x SR on “test image 002” of the Flickr1024 dataset [10].

the left image to obtain an image volume, which was used to re-
construct an HR left image. Later, Wang et al. [ 7], [8] proposed a
parallax-attention mechanism to capture stereo correspondence
under large disparity variations. Their parallax-attention mech-
anism can effectively incorporate information from both sides
of views to achieve improved SR performance. Recently, Song
et al. [9] proposed a SPAMnet to integrate self-attention and
parallax-attention mechanisms to incorporate both intra-view
and cross-view information.

Since the content of an image varies at different spatial loca-
tions, it is important and beneficial to make the network be aware
of this variation. However, existing stereo image SR methods use
fixed convolution kernels at all spatial locations, which limits
their capability to handle different contents. Traditional bilateral
grid [11], [12] was proposed for fast edge-aware image process-
ing, and was demonstrated effective in image denoising [13],
[14], image deblurring [15], [16], and super-resolution [17]—
[19]. These methods can adapt their filters to different local
contents. Recently, several efforts have been made to combine
bilateral filter with neural networks for image enhancement [20]
and image style transfer [21] tasks. In this letter, we propose a
bilateral stereo super-resolution network (BSSRnet) for stereo
image SR. Our BSSRnet can incorporate stereo correspondence
to dynamically generate content-aware bilateral filters for differ-
ent spatial locations. Consequently, our network is more robust
to content variations and can better recover missing details. As
shown in Fig. 1, our BSSRnet produces SR results with higher
perceptual quality.

In summary, the contributions of this letter are as follows: 1)
We propose BSSRnet to learn dynamic bilateral filters for stereo
image SR. Our BSSRnet is fully differentiable and is flexible to
content variations. 2) Our BSSRnet enforces stereo consistency
by incorporating cross-view information to generate bilateral
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filters. 3) Extensive experiments demonstrate the state-of-the-
art SR performance and high computational efficiency of our
method.

II. METHODOLOGY

An overview of our BSSRnet is illustrated in Fig. 2. Our
network consists of a feature extraction module, a feature in-
teraction module and a recurrent refinement module.

A. Feature Extraction Module

The feature extraction module is used to extract hierarchical
features from input stereo images. First, the input image pair
I lLelf%t and [, TLight are fed to a convolutional layer to generate initial
features. Then, four cascaded residual dense blocks (RDB) [22]
are used for deep feature extraction. Within each RDB, we use 4
convolutions with a growth rate of 24. After 4 cascaded RDBs,
the resultant features are fed to a 1 x 1 convolutional layer to

obtain fused features Fiors and Fr.igns.

B. Feature Interaction Module

After feature extraction, Fj.r¢ and Fygn are fed to the
feature interaction module to achieve cross-view information
interaction. Since disparities can vary significantly for stereo
cameras with different baselines, focal lengths and resolutions,
we use the parallax attention module (PAM) [7], [8] to capture
stereo correspondence, as shown in Fig. 3(a). Parallax-attention
map Mp_,p is first obtained from the input features. Then,

An illustration of the PAM block, the splat block, and the bilateral filter block.

we transpose the right-to-left attention map Mp_, to pro-
duce M _, r. Consequently, our feature interaction module can
interact information for both sides of views simultaneously.
Next, valid masks (Vr, Vi) are generated and concatenated
with attention maps (M g, 1,, M, ) and input features (Fj f¢,
Fight) to produce the output features (Fl’eft, F;ight).

C. Recurrent Refinement Module

H / /
With Fj ;, and FJ;

refinement. Specifically, £y, ;, and F}.

three bilateral filters are used for
ight are first fed to an RDB
IO

to generate residual image I, .. Meanwhile, these features are
passed to the splat block to produce dynamic bilateral filters,
as shown in Fig. 3(b). Then, the resultant bilateral filters are
used to process the upscaled input image in a recursive manner.
Without loss of generality, we take Fj, ¢ as an example and our
refinement module processes the left and right features following
the same manner. The details are as follows:

1) Residual Image Generation: Following [23], F}, fe s first
fed to an RDB block to generate a residual image to enhance high
frequency details. For the m?" bilateral filter block, the residual
image I, € RW*"*64 js upscaled before adding to the output
of the previous bilateral filter block 1™ € R**"*3 as shown in
Fig. 3(c).

2) Bilateral Grid Generation: Since Fj, ¢ integrate infor-
mation from both sides of views, the splat block is further
used to learn a multi-scale distribution FY,;,; between stereo
images, as shown in Fig. 3(b). Then, we use a 3 x 3 convolution
on Iy, for channel fusion. Finally, we reshape the learned
Frnap € RYV*M<648 1o encode transformations into an affine
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TABLE I
RESULTS (x4) ACHIEVED BY BSSRNET WITH DIFFERENT SETTINGS ON THE
FLICKR1024 DATASET [10]. THE RUNNING TIME AND WARPING ERROR [9] ARE
EVALUATED ON THE MIDDLEBURY DATASET

Model PSNR | SSIM | Params | Time | " uPing Eror
(x107°)
My opr | 2327 | 0722 | 238M | 5.34ms 14.68
My—y 2332 | 0725 | 1.82M | 631ms 14.70
Mjy—s 2335 | 0727 | 1.86M | 7.25ms 14.63
Mj—s 2337 | 0729 | 191M | 8.12ms 14.62
Myctrainea| 2334 | 0727 | 191M | 8.12ms 14.67
PASSRnet | 2321 | 0719 | 142M | 1629ms 14.86

bilateral grid I' € R**"*?%9 where d = 8 is the depth of grid
and g = 81 is the number of parameters in each grid cell.

3) Bilateral Filtering: We refine the image in HR space.
First, we upsample the residual feature 177, and add it to I™
and I™*!, For each pixel p(x,y) in the compensated image
I;,, we use the learned 3 X 3 convolutional layer to obtain
value z = g(p) andslice outakernel K. = I'(z/w, y/h,d/z) €
R3*3x3x3 yging trilinear interpolation. Next, we use K. to
process a 3 x 3 neighborhood patch I,4¢ch, € R3%3%3 centered
at p and add the result to /™ to produce the output image /,;.
We visualize four kernels at different locations of an example
image in Fig. 4. It can be observed that our bilateral filters can
adapt to different local contents.

D. Loss Function

Following [7], the loss function is defined as follows:
L= ‘CSR + Epam + Estereoa (1)

where Lgpg is the SR loss, L4y, is the parallax-attention loss,
and Lssereo 18 the stereo consistency loss.

1) SR Loss: The Ly loss between the super-resolved and
groundtruth stereo images is used as the SR loss.

2) Parallax-Attention Loss: We formulate the parallax-
attention loss as a combination of photometric, smoothness
and cycle terms. That is, L£pam = A(Lphoto + Lsmooth + Leye)s
where A is empirically set to 0.1. Please refer to [7] for details.

3) Stereo-Consistency Loss: To enforce stereo consistency in
the SR stereo images, we employed the stereo consistency loss
in a residual manner [24]. We define the LR residuals Y7, and
Yr between the super-resolved images and groundtruth images
as follows:

YL:‘IER_I§R|\LaYR:|II§IR_II§R|\La (2)

where | represents bicubic downsampling.
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TABLE II
COMPARATIVE RESULTS (PSNR/SSIM) ACHIEVED BY BSSRNET USING
DIFFERENT RESIDUAL LEARNING MANNERS

Models | KITTI2012 | KITTI2015 | Middlebury | Flickr1024 | Average
Mo res | 26.06/0.791 | 25.17/0.774 | 28.52/0.820 | 22.94/0.707 | 25.67/0.773
My res | 26.41/0.801 | 25.53/0.786 | 29.12/0.834 | 23.37/0.724 | 26.12/0.788
Mo res | 26.30/0.798 | 25.42/0.783 | 29.06/0.834 | 23.29/0.724 | 26.01/0.784
Mt res | 26.46/0.801 | 25.59/0.787 | 29.13/0.835 | 23.37/0.727 | 26.14/0.788
The stereo consistency loss can be formulated as:

Lstereo = H VL © (YL - MR%L & YR) ||1 (3)

H Ve (Yr —Mrr@YL) |-

III. EXPERIMENTS

A. Datasets and Implementation Details

1) Datasets: During the training phase, we used 800 images
from the training set of the Flickr1024 dataset [10] and 60
images from the Middlebury dataset [25]. Following [6][7], we
perform bicubic downsampling with a factor of 2 on images
from the Middlebury dataset to generate HR images. For test,
we followed [6], [7], [9] to use 5 images from the Middlebury
dataset, 20 images from the KITTI 2012 [26] dataset, 20 images
from the KITTI 2015 [27] dataset, and 112 images from the test
set of the Flickr1024 dataset [10].

2) Implementation Details: We first bicubicly downsampled
HR images to generate LR images. Then, we cropped 32 x 92
patches with a stride of 20 from these LR images. Their HR
counterparts were also cropped correspondingly. These patches
were randomly flipped horizontally and vertically for data aug-
mentation. PSNR and SSIM were used as quantitative metrics in
this letter. We use the warping error, which measures the mean
square error between SR left and warped SR right images, to
evaluate stereo consistency. Our BSSRnet was implemented in
Pytorch on a PC with an Nvidia GTX 3090 GPU. All mod-
els were optimized using the Adam method with §; = 0.9,
B2 =0.999 and a batch size of 32. The initial learning rate
was set to 2 x 10~4 and halved every 30 epochs. The training
was stopped after 120 epochs since more epochs do not provide
further consistent improvement.

B. Ablation Study

1) Bilateral Filter: To investigate the effectiveness of the
bilateral filter, we first introduce a network variant M, /,pr
by replacing the recurrent refinement module with cascaded
residual blocks. Then, we introduce 3 variants with different
numbers of bilateral filters. The results are shown in Table I. Note
that, we increase the number of channels in M., /,pr to make
the variant size comparable to BSSRnet. Model My_ ; achieves
an improvement of 0.05/0.003 in terms of PSNR/SSIM over
model M., /,pr with a smaller model size. Furthermore, The
performance consistently improves as filter number increases.
For example, an improvement of 0.05/0.004 in PSNR/SSIM can
be achieved by M;_3 as compared to My—;. We set f = 3 in
our proposed network for a good trade-off between performance
and efficiency.

2) Residual Learning Manner: In our experiments, we ob-
served that the residual learning manner in our bilateral filter
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TABLE IIT
QUANTITATIVE RESULTS ACHIEVED BY DIFFERENT METHODS ON THE KITTI 2012, KITTI 2015, MIDDLEBURY AND FLICKR 1024 DATASETS. THE RUNNING TIME

AND WARPING ERROR [9] ARE EVALUATED ON THE MIDDLEBURY DATASET

. Single Image SR Stereo Image SR
Metric Dataset Scale
VDSR LapSRN DRRN StereoSR PASSRnet SRRes+SAM Ours

Middlebury 32.66/0.910  32.75/0.940  33.44/0.932 | 33.23/0.934  34.05/0.960 - 34.73/0.947
KITTI2012 %2 30.17/0.906  30.10/0.905  30.23/0.909 | 29.52/0.905  30.65/0.916 - 30.98/0.922
KITTI2015 28.99/0.904  28.97/0.903  29.07/0.907 | 28.62/0.905  29.78/0.919 - 30.04/0.925

PSNR/SSIM Flickr1024 25.46/0.850  25.47/0.851 27.08/0.876 | 25.96/0.861  28.28/0.904 - 28.52/0.909
Middlebury 27.73/0.794  28.17/0.809  28.00/0.794 | 27.79/0.804  28.75/0.824 28.89/0.829 29.13/0.835
KITTI2012 A 25.61/0.769  26.02/0.785  25.92/0.769 | 24.57/0.753  26.34/0.794 26.43/0.798 26.46/0.801
KITTI2015 24.73/0.747  25.06/0.766  24.99/0.748 | 23.72/0.729  25.47/0.779 25.55/0.784 25.59/0.787
Flickr1024 22.43/0.672  22.71/0.690  22.68/0.678 | 21.68/0.646  23.21/0.719 23.24/0.723 23.37/0.727

Warpling E‘rror (x1073) Middlebury A 15.004 15.113 14.987 15.634 14.869 14.803 14.623

Running Time 33.07ms 31.02ms 102.67ms 184.31ms 16.29ms 25.49ms 8.12ms

Note: We do not present 2x SR results of SRRes+SAM since their models are unavailable.

Left

SRCNN
26.47/0.828
26.82/0.834

VDSR
26.58/0.831
27.02/0.841

LapSRN
26.97/0.859
27.55/0.868

DRRN
27.34/0.851
27.58/0.854

StereoSR
25.82/0.838
25.77/0.835

PASSRnet
27.95/0.880
28.18/0.883

SRRes+SAM
28.35/0.890
28.74/0.893

Right

28.50/0.896
28.90/0.900

Groundtruth
PSNR/SSIM
PSNR/SSIM

Left

Right

SRCNN
23.18/0.749
24.17/0.788

VDSR
23.27/0.751
24.26/0.790

LapSRN
23.63/0.773
24.63/0.810

DRRN
23.54/0.753
24.54/0.792

Fig. 5.
dataset [27].

block is crucial to the SR performance. We first introduced a
variant M,,,,., without residual connections. Then, we further
proposed three variants by adding the residual image to the input
image (Mj,res), the output image (M yqires) and both of them
(M aitres ), respectively. Table IT shows the quantitative results
of different variants. Compared to other model variants, M 4;1res
achieves the highest PSNR and SSIM values on all the four
datasets, which demonstrates the effectiveness of our proposed
residual learning manner.

3) Stereo Consistency Loss: We retrained BSSRnet without
stereo consistency loss to validate its effectiveness. The results
in Table I demonstrate that the loss function can facilitate our
network to recover stereo consistent details in the SR results.

C. Comparison to the State-of-The-Arts

In this section, we compare our BSSRnet with 3 SISR methods
(i.e., VDSR (28], LapSRN [29], DRRN [30]) and 3 stereo image
SR methods (i.e., StereoSR [6], PASSRnet [7], SRRes+SAM [5]).
For fair comparison, we use their officially released codes to
generate SR results for evaluation. Quantitative results are listed
in Table III. It can be observed that our network produces
much better results than other SISR methods [28][29] [30] and

StereoSR
22.06/0.724
22.88/0.762

Groundtruth
PSNR/SSIM
PSNR/SSIM

Ours
24.15/0.798
25.23/0.832

PASSRnet
24.00/0.786
24.98/0.820

SRRes+SAM
24.10/0.795
25.22/0.829

Visual comparison for 4x SR. These results are achieved on “test image 089” of the Flickr1024 dataset [10] and “test image 007 of the KITTI 2015

stereo image SR methods [6][7] [5] with superior efficiency.
Specifically, our BSSRnet outperforms PASSRnet by 0.38 dB
on Middlebury with shorter running time (8.12 ms vs 16.29 ms).
Moreover, our method achieves the lowest warping error, which
demonstrates that the SR stereo images obtained by our method
are more stereo-consistent.

Qualitative results are shown in Fig. 5. It can be observed from
the zoom-in regions that the compared methods cannot generate
consistent fine details of stereo pairs. In contrast, our method
produces results with better visual quality and fewer artifacts.

IV. CONCLUSION

In this letter, we have proposed a bilateral learning network
for stereo image super-resolution. Specifically, our network
integrates information from both left and right images to learn
content-aware bilateral filters. Our bilateral filter can recover
missing details based on local content while preserving stereo
consistency. Experimental results have demonstrated that our
BSSRnet can effectively use the cross-view information for
stereo image SR and achieve the state-of-the-art SR perfor-
mance.
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