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Abstract

Dual-lens super-resolution (SR) is a practical scenario for ref-
erence (Ref) based SR by utilizing the telephoto image (Ref)
to assist the super-resolution of the low-resolution wide-angle
image (LR input). Different from general RefSR, the Ref in
dual-lens SR only covers the overlapped field of view (FoV)
area. However, current dual-lens SR methods rarely uti-
lize these specific characteristics and directly perform dense
matching between the LR input and Ref. Due to the resolu-
tion gap between LR and Ref, the matching may miss the
best-matched candidate and destroy the consistent structures
in the overlapped FoV area. Different from them, we pro-
pose to first align the Ref with the center region (namely the
overlapped FoV area) of the LR input by combining global
warping and local warping to make the aligned Ref be sharp
and consistent. Then, we formulate the aligned Ref and LR
center as value-key pairs, and the corner region of the LR
is formulated as queries. In this way, we propose a kernel-
free matching strategy by matching between the LR-corner
(query) and LR-center (key) regions, and the corresponding
aligned Ref (value) can be warped to the corner region of
the target. Our kernel-free matching strategy avoids the res-
olution gap between LR and Ref, which makes our network
have better generalization ability. In addition, we construct
a DuSR-Real dataset with (LR, Ref, HR) triples, where the
LR and HR are well aligned. Experiments on three datasets
demonstrate that our method outperforms the second-best
method by a large margin. Our code and dataset are avail-
able at https://github.com/ZifanCui/KeDuSR.

Introduction
Single Image Super-Resolution (SISR) (Liang et al. 2021;
Yang, Liu, and Yang 2023) aims to reconstruct a high-
resolution (HR) image from a low-resolution (LR) input,
which is challenging due to the limited available informa-
tion. In contrast, Reference-based SR (RefSR) introduces a
similar high-resolution reference image (Ref) to assist the
reconstruction process and has achieved better results. How-
ever, the development of RefSR is constrained since obtain-
ing similar Ref for a given LR in real scenarios is difficult.

Fortunately, modern smartphones are equipped with mul-
tiple cameras of different fields of view (FoV), where the
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wide-angle lens sacrifices resolution to increase the FoV,
while the telephoto lens has a smaller FoV but higher reso-
lution. Therefore, dual-lens (or dual-camera) SR is proposed
(Wang et al. 2021), where the telephoto camera serves as the
reference to super-resolve the wide-angle camera by trans-
ferring the matched reference details to the LR, as shown in
Fig. 1. However, only the center region (namely the over-
lapped FoV area) of the LR image has reference content,
with differences in viewpoints and colors. Meanwhile, it is
difficult for the corner region 1 of the LR image to find sim-
ilar contents from the reference due to the large resolution
gap (as shown in Fig. 1) between the telephoto and wide-
angle cameras. Therefore, the key question for real dual-
lens SR is how to improve the matching and warping perfor-
mance between LR and Ref when they have large resolution
gaps and different FoV?

The matching problem has been widely explored in
RefSR and dual-lens SR. Previous RefSR methods (Yang
et al. 2020; Lu et al. 2021; Jiang et al. 2021) are conducted
with synthesized LR (namely the down-sampled version of
the HR) images from CUFED5 dataset, and the matching
is conducted between HR↓ (namely LR) and Ref↓ (or Ref).
However, when the HR and Ref are captured with different
focal lengths, the resolution gap still exists. Similarly, DCSR
(Wang et al. 2021) also utilizes synthesized pairs, namely
that the original LR and the reference image are downsam-
pled to generate the training triples, namely {LR↓, Ref↓,
LR}, where the original LR serves as the ground truth. The
matching is conducted between LR↓ and Ref↓↓. However,
the simple downsampling operation cannot simulate the res-
olution gap between LR and Ref since they are captured by
different focal lengths, as shown in Fig. 1. SelfDZSR (Zhang
et al. 2022b) directly performs matching between Ref and
auxiliary-LR features, which also did not pay attention to
the resolution gap. Different from them, we did not perform
matching between the features of Ref↓ and LR. We propose
a kernel-free matching strategy by matching between LR-
corner and LR-center features, which perfectly avoids the
resolution gap problem. In this way, our method also has a
good generalization ability.

1We divide the LR image into two parts, where the overlapped
FoV region is named as the center region and the remaining regions
in the LR are named as corner region.
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The warping strategy is the second key problem for dual-
lens SR. General RefSR, such as (Yang et al. 2020; Huang
et al. 2022) performs globally pixel-wise or patch-wise
dense matching since the corresponding matched content
may locate in any position in the reference and then utilize
the matched index for Ref warping. The benchmark dual-
lens SR work DCSR (Wang et al. 2021) also utilizes this
strategy. However, for dual-lens SR, the center region of the
LR has the same scene as that of the reference. Directly per-
forming dense patch matching between the LR and Ref may
miss the best-matched patch for the center region due to the
large resolution gap between the LR and Ref and the match-
ing index may be incongruent. Therefore, SelfDZSR (Zhang
et al. 2022b) proposes to paste the Ref back to the center area
of the warped Ref features. However, the LR center and Ref
are not pixel-wise aligned and this operation introduces mis-
alignments between the center and corner regions in the SR
result. Different from them, we propose a novel center warp-
ing strategy to find the matched content for the center region,
which jointly utilizes global warping and local warping. For
the corner region, we utilize the kernel-free matching index
for corner warping, leading to a well-aligned reference in
both corner and center regions.

The third problem is how to adapt to real captured LR im-
ages in dual-lens SR? Since there is no pairwise real dual-
lens SR dataset, DCSR (Wang et al. 2021) is trained with a
synthesized dataset. It adapts the network to real images by
finetuning with self-supervised loss. However, the finetun-
ing strategy cannot solve the domain gap problem between
synthesized and real captured ones. In contrast, SelfDZSR
(Zhang et al. 2022b) proposes a self-supervised learning
strategy, which utilizes the warped telephoto image as the
ground truth (GT) and the center region of it serves as the
reference. It introduces an auxiliary LR to make the warped
LR and Ref aligned with GT during training. This makes the
network pay more attention to the alignment process other
than detail generation.

Recently, ZeDuSR (Xu, Yao, and Xiong 2023) proposes
zero-shot learning to deal with real captured LR images by
training with center region pairs, but it requires a long in-
ference time due to online learning. Different from them,
we argue that a well-aligned dual-lens SR dataset is re-
quired to further boost the real dual-lens SR performance.
Therefore, we construct the first well-aligned DuSR-Real
dataset, where the HR is aligned with the real captured LR
and the reference is also real captured. The LR and Ref
have overlapped FoV regions. In addition, we reorganize
the previous dual-lens SR datasets and construct another two
real datasets, namely RealMCVSR-Real and CamereFusion-
Real, for comprehensively evaluation.

In summary, our contributions are as follows.

• We are the first to explore the real dual-lens SR problem
via supervised learning. We propose a center warping and
corner warping strategy to align the reference with the
LR input, which greatly improves the alignment quality.

• We propose a kernel-free matching strategy by matching
between LR-center and LR-corner, which avoids the res-
olution gap between the LR and Ref and makes the result

be consistent across the whole image.

• We constructed the first well-aligned DuSR-Real dataset.
Extensive experiments on three datasets demonstrate the
superiority of the proposed method. In addition, our
method has the best generalization ability.

Related Work
Reference-Based SR

RefSR, which leverages an HR reference to improve the SR
performance, is a classical topic. From traditional methods
to deep learning-based methods, the RefSR performance has
been greatly improved. The key problem in RefSR is match-
ing and warping. To improve the matching and warping
performance, many sophisticated methods have been pro-
posed, such as dense patch matching based (Yue et al. 2013;
Zheng et al. 2017; Zhang et al. 2019b; Yang et al. 2020),
optical-flow based warping (Zheng et al. 2018), and dense
matching assisted DCN (deformable convolution network)
warping, such as (Shim, Park, and Kweon 2020; Jiang et al.
2021; Huang et al. 2022). Specifically, C2-matching (Jiang
et al. 2021) utilized contrastive learning to overcome scale
and rotation transformation gaps and employed a teacher-
student correlation distillation network to address the reso-
lution gap. To accelerate the matching process, MASA (Lu
et al. 2021) and AMSA (Xia et al. 2022) explore efficient
matching via a coarse-to-fine matching approach. Besides
matching, advanced training and strategies are also emerg-
ing. RRSR (Zhang et al. 2022a) proposed a novel recip-
rocal training strategy. DATSR (Cao et al. 2022) incorpo-
rated transformer into RefSR and have achieved SOTA per-
formance. However, all these methods perform matching
between LR and Ref. Different from them, we propose a
kernel-free matching strategy tailored for dual-lens SR, by
matching between LR-corner and LR-center regions, which
avoids the resolution gap between the LR and Ref.

Dual-Lens SR

Compared with RefSR, dual-lens SR is more practical since
the telephoto camera can directly serve as the reference for
the wide-angle camera. DCSR (Wang et al. 2021) was the
pioneer in introducing the dual-lens SR task. Since the train-
ing was conducted with a synthesized dataset, they further
proposed a self-supervised domain adaptation strategy to
generalize to real-world images. To enhance matching ro-
bustness, Zou et al. (2023) introduced geometric constraints
to make the matching results be smooth. To adapt to real
images, SelfDZSR (Zhang et al. 2022b) proposed a self-
supervised learning framework that directly utilized weakly
aligned real-world pairs for training. ZeDuSR (Xu, Yao, and
Xiong 2023) proposed a zero-shot learning strategy by train-
ing with the pairs inside the overlapped FoV region, which
had a good generalization ability. RefVSR (Lee et al. 2022)
and ERVSR (Kim et al. 2023) extended the dual-lens SR
strategy to video SR. Unlike them, we jointly utilize center
and corner warping to improve the alignment performance
between LR and Ref.
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Figure 1: Illustration of our DuSR-Real dataset construction
process and the resolution gap between LR and Ref.

Real-World SR Datasets
The quality of the dataset is an important factor in promot-
ing network development and improving SR performance.
The widely used SR datasets are usually constructed by
downsampling the GT, thus resulting in well-aligned LR-
HR pairs, such as the SISR datasets, i.e., DIV2K (Timo-
fte et al. 2017) and the RefSR dataset CUFED5 (Zhang
et al. 2019b). However, the models trained on the synthe-
sized dataset cannot generalize well to real degraded im-
ages. Therefore, many real-world SR datasets are collected
by capturing with different focuses, such as City100 (Chen
et al. 2019), SR-Raw (Zhang et al. 2019a), DRealSR (Wei
et al. 2020), which have greatly improved the model’s abil-
ity in dealing with real captured LR images. However, these
datasets cannot be directly utilized for dual-lens SR due to
the lack of triples (LR, Ref, and HR). The benchmark dual-
lens SR datasets, i.e., CameraFusion (Wang et al. 2021) and
RealMCVSR (Lee et al. 2022), construct the training triples
by downsampling the LR and Ref, generating {LR↓, Ref↓,
LR}, where the original LR image serves as the GT. To
deal with real LR images, SelfDZSR (Zhang et al. 2022b)
proposes to use the misaligned triples for training, which
requires tedious operations to deal with the misalignment
problem. Afterward, ZeDuSR (Xu, Yao, and Xiong 2023)
explores zero-shot learning to solve the real dual-lens SR.
Different from them, we argue that a real triple dataset is
still needed to further boost the development of real-world
dual-lens SR. Therefore, we construct a DuSR-Real dataset
with well-aligned LR and HR pairs and corresponding as-
sisted HR references with overlapped FoV.

DuSR-Real Dataset Construction
In the literature, there are two datasets, i.e., CameraFusion
(Wang et al. 2021) and RealMCVSR (Lee et al. 2022) for
dual-lens SR. However, they only provide LR and Ref pairs,
without HR ground truth for the LR. In this work, we con-
struct real triples for dual-lens SR.

Data Collection. The scene numbers in CameraFusion
and RealMCVSR are relatively small. Therefore, we collect
a new large dataset for real dual-lens SR. Specifically, we

use an iPhone 13 to capture dual-lens images through the
DoubleTake App 2. The focal length of the telephoto lens
is two times that of the wide-angle lens. Note that, different
from CameraFusion (Wang et al. 2021), which utilizes lens
switching to capture the same scene, we simultaneously ac-
tivate both lenses for capturing. In this way, our dataset can
avoid the misalignments between the two cameras in dy-
namic scenes and is consistent with real applications.

Data Processing. For supervised learning, we need to
generate the HR GT for the input LR. We propose to warp
the telephoto image with the wide-angle image to gener-
ate the HR GT and the original center area of the tele-
photo image can serve as the Ref. We adopt the coarse-to-
fine alignment strategy proposed in (Yue, Zhang, and Yang
2022) to create well-aligned LR-HR pairs. As depicted in
Fig. 1, X and Y represent the original images captured by
the wide-angle lens and telephoto lens, respectively. Firstly,
we employ SIFT (Lowe 2004) and RANSAC (Fischler and
Bolles 1981) to calculate the optimal homography matrix to
coarsely align Y with X. Then, we adopt Deepflow (Weinza-
epfel et al. 2013) for fine alignment. In this work, we focus
on the SR task and the color differences between LR and HR
will affect the learning process. Therefore, we further utilize
color correction, namely a linear scaling coefficient for each
channel (Yue, Zhang, and Yang 2022), to make them have
similar colors. Then, we crop the overlapped area between
X and warped Y, generating the LR-HR pair ILR and IHR.
Then, we further crop the central area (according to the rel-
ative position between the two lenses) of Y, generating IRef

to serve as the reference. We totally captured 730 pairs, and
manually removed 255 triples with alignment errors. Among
the remaining triples (ILR,IRef,IHR), 420 triples are used for
training, and 55 triples are used for testing.

In order to perform cross-dataset evaluation, we fur-
ther apply the same processing approach on the Camer-
aFusion (Wang et al. 2021) and RealMCVSR (Lee et al.
2022) datasets, to generate well-aligned real LR-HR pairs
and the pairs that cannot be well aligned are removed.
The reorganized datasets are named CameraFusion-Real and
RealMCVSR-Real, respectively. Detailed information about
the three datasets is provided in our supp. file.

Method
Framework Overview
Dual-lens SR is different from general RefSR since the Ref
in dual-lens SR shares the same scene with that of the LR
center. Therefore, we propose to deal with the center and
corner region differently. As shown in Fig. 3, the Ref im-
age first goes through center warping, and then with the in-
dex obtained from kernel-free matching, we further perform
corner warping on the Ref. Combining the warped reference
feature and the LR feature via an adaptive fusion module and
reconstruction module, we obtain the final result ISR. The
following gives details about these modules in our Kernel-
free matching based Dual-lens SR (termed as KeDuSR).

2https://apps.apple.com/us/app/doubletake-by-filmic-
pro/id1478041592
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Figure 2: Illustration of the similarity between the corner and
center regions, where (a) shows the similar patch pairs and
(b) is the matching curve. The LR-center region is circled by
a white dotted box and ĪRef is its corresponding HR Ref.

Center Warping
Given the LR image ILR and its reference IRef, we need to
first identify the overlapped area between them. Specifically,
we utilize SIFT (Lowe 2004) matching to find the matched
points between IRef and ILR. Then, we utilize RANSAC
(Fischler and Bolles 1981) to filter outliers, and use the in-
liers to calculate the homography matrix, which is applied
on IRef and generates the warped reference ĪRef. Afterward,
we crop the area in ILR that corresponds to ĪRef, and name
it as the center region of the LR, denoted as ILRC. After this
global warping, ĪRef is coarsely aligned with ILRC.

However, there are still small displacements between ĪRef

and ILRC, which may cause alignment errors in the following
corner warping. Therefore, we further utilize the faster and
differentiable flow-guided DCN (Chan et al. 2022) for local
warping. Note that, we did not utilize DeepFlow for center
warping since it is much slower and nondifferentiable. To re-
duce the computation cost, we downsample ĪRef to make it
have the same scale as that of ILRC. Then, we utilize the pre-
trained Spynet (Ranjan and Black 2017) to compute the opti-
cal flow f between ĪRef↓ and ILRC. Then, we utilize residual
blocks (ResBlocks) to extract features from ILRC and ĪRef,
generating F LRC and F̄Ref. Afterwards, the upsampled opti-
cal flow f↑ is utilized to guide DCN (Dai et al. 2017; Zhu
et al. 2019) to align F̄Ref with F LRC, generating the fine-
aligned features F̂Ref.

Note that, compared with the widely used dense patch
matching-based warping, our global warping and local
warping combined strategy can preserve the reference image
structures, which not only improves the following corner-
warping performance but also improves the final SR quality
in the center region.

Kernel-Free Matching and Corner Warping
An intuitive strategy for warping the corner region is per-
forming patch matching between the corner of ILR and the
reference IRef. However, there is a large resolution gap be-
tween them. Even after downsampling, the resolution gap
still exists between ILR and IRef↓↓↑ (as shown in Fig. 1)
since simple downsampling cannot simulate the mapping
between the two cameras. Another strategy is learning the
mapping process via KernelGAN (Bell-Kligler, Shocher,

and Irani 2019) or probabilistic degradation model (PDM)
(Luo et al. 2022), and utilizing the learned kernel to degrade
IRef. However, the kernel depends on cameras, which makes
the kernel learned with one specific camera does not gener-
alize well to other cameras.

In contrast, we observe that due to the nonlocal similarity,
for one query patch (qi) in the corner region, we can find
its similar patch (ki) in the center region, as shown in Fig.
2 (a). To visualize the similarity between corner region and
center region, we plot the matching curve, namely hit rate
versus error rate in Fig. 2 (b). The error rate is defined as
er = ∥q−k∥2/∥q∥2, where k is the matched patch from the
center region with the minimal mean square error for q. The
hit rate is the percentage of the query patch whose error rate
is smaller than er. The blue matching curve is obtained by
matching between the HR query and the HR key, but the er
is obtained by the HR patches with the corresponding index.
For more than 90% of patches, their error rates are smaller
than 0.3, which indicates a high similarity between corner
and center regions. In addition, the matching in LR domain
can well approximate the matching in HR domain. There-
fore, in this work, we propose to perform matching between
the corner and center regions of the LR image. Since this
matching process is not influenced by different camera ker-
nels, we formulate it as kernel-free matching.

Following (Yang et al. 2020; Wang et al. 2021), we also
perform matching in the VGG (denoted as ϕ) feature space
by extracting features from ILR and ILRC. The features are
densely divided into 3× 3 patches with a stride of 1, and the
cosine similarity Si,j is computed between each patch pair,
namely P LR

i and P LRC
j . For P LR

i , its matched patch is the one
that has the highest similarity score, and the matched index
Mi and confidence score Ci can be obtained by

Mi = argmax
j

Si,j , Ci = max
j

Si,j . (1)

Then, we utilize the matched index map to extract HR
matched patches from the Ref. Therefore, the reference
warping result for the corner region is

F̃Ref
2i = F̂Ref

Mi
, (2)

where F̃Ref
i denotes the patch value of F̃Ref in the ith patch

position. Since the query patches are densely extracted, the
overlapped value patches are averaged in the overlapped re-
gion. In addition, the center region of F̃Ref is indeed the cen-
ter warping result F̂Ref. Correspondingly, the center region
of the confidence map is set to 1.

SISR Encoder
As demonstrated in (Huang et al. 2022), coupling the im-
age super-resolution task from the input LR image with the
texture transfer task from the reference will introduce inter-
ference. Therefore we also decouple the SISR task into a
separate module, which is constructed by 24 residual blocks
with channel attention. The extracted features are upsampled
(named as F LR) to cope with the size of the aligned refer-
ence feature. Note that, different from the two-stage training
approach used in (Huang et al. 2022), we train our SISR
encoder as an integral part of the entire network.
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Figure 3: The framework of our KeDuSR. Kernel-Free Matching is performed between LR-corner and LR-center(ILRC) to
obtain the index map M and confidence map C. Then, employing center warping and corner warping, we obtain the warped
high-resolution feature map F̃Ref of the reference. After fusion with F LR, we generate the SR result ISR.

Adaptive Fusion
The warped reference feature F̃Ref and LR image feature
F LR are complementary to each other, and we utilize a fu-
sion model to fuse them together. Since the matching quality
for different positions is different, inspired by (Wang et al.
2021), we also utilize adaptive fusion by introducing the
confidence map obtained in the matching process. In addi-
tion, instead of fusing F̃Ref, we fuse its high-frequency part
F̃Ref
hf = F̃Ref − F̃Ref ↓↑. This process is formulated as

FSR = Φ(concat(g(C) · F̃Ref
hf , FLR)), (3)

where C denotes the confidence map, g() represents the con-
volution operations, · represents the element-wise multipli-
cation, and Φ represent the AdaFusion block. The AdaFu-
sion module is constructed by ResBlocks with spatial and
channel attention.

Loss Functions
Following previous RefSR methods, we also utilize hybrid
loss functions. First, for reconstruction loss, we utilize Char-
bonnier loss (Lai et al. 2017), which is a differentiable vari-
ant of ℓ1 loss, denoted as

Lch =
√

∥ IHR − ISR ∥22 +ε, (4)

where ε = 1 × 10−6. IHR denotes the HR GT, while ISR

denotes the SR result. For better visual effects, we further
incorporate perceptual loss and adversarial loss. The percep-
tual loss is expressed as

Lper =∥ ϕi(I
HR)− ϕi(I

SR)∥2, (5)
where ϕi denotes the i-th layer of VGG19. We adopt the Rel-
ativistic GANs (Jolicoeur-Martineau 2018) as our adversar-
ial loss (Goodfellow et al. 2014), denoted as Ladv . In sum-
mary, our hybrid loss can be represented as

L = Lch + λ1Lper + λ2Ladv, (6)
where the weighting parameters λ1 and λ2 are set to 1×10−3

and 1×10−4, respectively. Note that, we provide two results
in experiments. One is trained with only the reconstruction
loss Lch and the other is trained with the hybrid loss L.

Experiments
Training Details and Datasets
During training, the batch size is 4, and the patch size
for the input LR is 128 × 128. We utilized the Adam op-
timizer (Kingma and Ba 2014) and the cosine annealing
scheme (Loshchilov and Hutter 2016). The learning rate is
initially set to 10−4 and is decayed to 10−6. All experiments
were conducted using PyTorch (Paszke et al. 2019) on an
Nvidia GeForce RTX 3090 GPU.

We conduct comparisons on three datasets, namely
our DuSR-Real, the reorganized CameraFusion-Real, and
RealMCVSR-Real datasets. Our DuSR-Real contains 420
training triples and 55 testing images, and the HR GT
has a resolution of 1792 × 896. The RealMCVSR-Real
(CameraFusion-Real) consists of 330 (83) training triples
and 50 (15) testing images, and the GT has a resolution of
1792× 896 (3584× 2560).

Comparison with State-of-the-arts
To evaluate the effectiveness of our KeDuSR, we compare
with three kinds of SR methods, including the SISR meth-
ods: RCAN (Zhang et al. 2018b), SwinIR (Liang et al.
2021), ESRGAN (Wang et al. 2018), BSRGAN (Zhang
et al. 2021), the RefSR methods: TTSR (Yang et al. 2020),
MASA (Lu et al. 2021), DASTR (Cao et al. 2022), and
the dual-lens SR methods: DCSR (Wang et al. 2021), Self-
DZSR (Zhang et al. 2022b), ZeDuSR (Xu, Yao, and Xiong
2023). For a fair comparison, we retrained the aforemen-
tioned methods with the same training set as that used in our
method. SISR methods use the LR-HR pair during training,
while RefSR methods use the LR-Ref-HR triples (except for
ZeDuSR, which uses LR-Ref pairs). For SelfDZSR, since
the Ref and LR have large and irregular displacements in our
dataset, we did not paste the center Ref back to its warped
features to avoid misalignment artifacts.

Quantitative Comparison. We evaluate all the methods
on three datasets, as shown in Tables 1, 2, 3. Full-image re-
sults represent the quantitative results of the entire image,
the center-image corresponds to the results in overlapped
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Method L(s) Full-Image Corner-Image
PSNR / SSIM / LPIPS PSNR / SSIM

RCAN-ℓ 0.69 26.44 / 0.8676 / 0.147 26.33 / 0.8667
SwinIR-ℓ 2.85 26.14 / 0.8601 / 0.157 26.11 / 0.8597
ESRGAN 0.08 25.78 / 0.8622 / 0.152 25.77 / 0.8617
BSRGAN 0.45 24.77 / 0.8227 / 0.202 24.71 / 0.8225
TTSR-ℓ 7.51 26.48 / 0.8676 / 0.147 26.17 / 0.8631
MASA-ℓ 1.52 26.36 / 0.8592 / 0.160 26.25 / 0.8582
DATSR-ℓ 9.35 26.17 / 0.8583 / 0.157 26.11 / 0.8579
DCSR-ℓ 0.84 26.77 / 0.8748 / 0.134 26.29 / 0.8635
DCSR 0.84 26.19 / 0.8553 / 0.110 25.75 / 0.8425
SelfDZSR-ℓ 0.17 26.27 / 0.8559 / 0.158 26.10 / 0.8548
SelfDZSR 0.17 25.98 / 0.8455 / 0.105 25.81 / 0.8442
ZeDuSR-ℓ 180 25.41 / 0.8247 / 0.191 25.21 / 0.8216
KeDuSR-ℓ 0.51 27.66 / 0.8890 / 0.117 27.24 / 0.8750
KeDuSR 0.51 27.18 / 0.8752 / 0.084 26.77 / 0.8593

Table 1: Quantitative comparisons on DuSR-Real. Bold and
underlined indicate the best and second-best performance,
respectively. -ℓ denotes training with only reconstruction
loss. L (Latency) indicates the time required to generate one
HR result (1792× 896) using one NVIDIA 3090 GPU.

Method Full-Image Corner-Image
PSNR↑/SSIM↑/LPIPS↓ PSNR / SSIM

RCAN-ℓ 25.96 / 0.8033 / 0.234 26.12 / 0.8065
SwinIR-ℓ 25.78 / 0.7982 / 0.246 25.94 / 0.8015
TTSR-ℓ 25.92 / 0.8017 / 0.235 25.98 / 0.8036
MASA-ℓ 25.95 / 0.7989 / 0.239 26.07 / 0.8020
DATSR-ℓ 25.81 / 0.7975 / 0.242 25.95 / 0.8007
DCSR-ℓ 26.28 / 0.8111 / 0.217 26.08 / 0.8048
DCSR 25.85 / 0.7966 / 0.186 25.58 / 0.7793
SelfDZSR-ℓ 25.33 / 0.7928 / 0.246 25.30 / 0.7952
SelfDZSR 25.24 / 0.7786 / 0.175 25.23 / 0.7805
ZeDuSR-ℓ 24.98 / 0.7702 / 0.262 24.93 / 0.7720
KeDuSR-ℓ 27.05 / 0.8406 / 0.180 26.56 / 0.8139
KeDuSR 26.42 / 0.8184 / 0.127 25.95 / 0.7875

Table 2: Quantitative comparisons on RealMCVSR-Real.

FoV area (the quantitative comparison of center-image is
provided in our supp), and the corner-image represents ex-
cluding the center-image from the full-image. For the mod-
els trained with only reconstruction loss, we denote it with
−ℓ. Otherwise, the corresponding model is trained with hy-
brid loss functions as proposed in their paper.

On all three datasets, our method outperforms the
second-best method by a large margin in terms of PSNR,
SSIM (2004), and LPIPS (2018a). In addition, our method
achieves the best performance in both the center and cor-
ner regions. For TTSR, its center result is better than that of
RCAN due to the introduction of HR Ref. However, its cor-
ner result is worse since it cannot utilize Ref patches well.
Meanwhile, DCSR works much better in the center region
than TTSR due to its robust feature warping and fusion strat-
egy. Different from them, we utilize a tailored center warp-
ing and kernel-free matching based corner warping, which
greatly improves the matching performance in both center
and corner regions. Meanwhile, the zero-shot learning (Ze-
DuSR) method can only utilize the single image informa-

Full-Image Corner-ImageMethod PSNR↑/SSIM↑/LPIPS↓ PSNR / SSIM
RCAN-ℓ 25.67 / 0.8049 / 0.308 25.45 / 0.8012
SwinIR-ℓ 25.32 / 0.8007 / 0.315 25.22 / 0.7985
TTSR-ℓ 25.83 / 0.8044 / 0.311 25.62 / 0.7996
MASA-ℓ 25.78 / 0.8030 / 0.303 25.58 / 0.7988
DCSR-ℓ 26.02 / 0.8123 / 0.293 25.51 / 0.8016
DCSR 25.47 / 0.7605 / 0.165 25.08 / 0.7512
DCSR-SRA 24.75 / 0.7347 / 0.189 24.55 / 0.7254
SelfDZSR-ℓ 25.94 / 0.8041 / 0.283 25.68 / 0.8005
SelfDZSR 25.64 / 0.7790 / 0.151 25.39 / 0.7753
ZeDuSR-ℓ 26.16 / 0.7920 / 0.279 25.87 / 0.7871
KeDuSR-ℓ 27.53 / 0.8292 / 0.276 26.93 / 0.8169
KeDuSR 27.00 / 0.7931 / 0.133 26.43 / 0.7768

Table 3: Quantitative comparisons on CameraFusion-Real.

Variant Traditional
Matching

Center
Warping

Corner
Warping PSNR / SSIM

A ✓ 27.03 / 0.8801
B ✓ 27.16 / 0.8757
C ✓ 27.50 / 0.8804
D ✓ ✓ 27.66 / 0.8890

Table 4: Ablation study on our key modules, evaluated on
DuSR-Real dataset.

tion. Therefore, their performance is also inferior to ours.
Note that, ZeDuSR works better in the CameraFusion-Real
dataset since the image size in this dataset is large, which
makes ZeDuSR extract more training pairs from one single
image. In, addition, our method ranks second among all the
RefSR methods in terms of latency.

We also evaluate the benefits of training with real pairs
over finetuning. We utilize the released weights of DCSR,
which is finetuned by the Self-supervised Real-image Adap-
tation (SRA) strategy, and term it DCSR-SRA. As shown in
Table 3, DCSR-SRA falls largely behind the original DCSR
trained with our constructed real pairs.

Qualitative Comparison. Fig. 4 presents the visual com-
parison results. In the center region, our method achieves re-
sults that closely resemble the HR GT, surpassing other ex-
isting methods by a significant margin. In the corner region,
our approach is capable of recovering more fine-grained de-
tails if similar textures are present in the Ref. In addition,
for large LR input, the majority of methods need to divide
the LR input into blocks due to the limitation of available
memory. In this case, our method can avoid the blocking
artifacts due to our kernel-free matching strategy while the
compared methods suffer from these artifacts. More results
are provided in our supp. file.

Ablation Study
We conduct ablation experiments on our proposed matching
and warping strategy. First, we remove the proposed cen-
ter warping and corner warping and replace them with tra-
ditional dense feature matching, namely matching between
the VGG features of ILR and IRef ↓. Then utilize the match-
ing result for reference warping. As shown in Table 4, this
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Figure 4: Visual comparisons on real-world dual-lens datasets. The white dotted box indicates the overlapped FoV area between
LR and Ref. The presented results are obtained with only reconstruction loss.

(variant A) degrades the result by 0.63 dB. Note that, variant
A is our baseline, which is better than SOTA RefSR meth-
ods, verifying that our proposed baseline is a robust baseline
for the dual-lens SR task. For variant B, we remove the cor-
ner warping process, namely that we only utilize the center
warping result and there is no reference for the corner re-
gion. Variant B still outperforms variant A in terms of PSNR
since the center region is well reconstructed. This demon-
strates that our global and local warping combined strategy
is effective for the center region. For variant C, we remove
the center warping, namely that we only utilize the coarsely
aligned reference feature F̄Ref for the center region, and thus
the key-value pair in kernel-free matching is not accurately
aligned. Therefore, the result of variant C is worse than our
full model (variant D). In summary, our center warping and
corner warping are essential for improving the dual-lens SR
performance.

Generalization Evaluation
We also evaluate the generalization ability of different mod-
els trained on DuSR-Real by testing on the two other
datasets. As shown in Table 5, our method has the best gen-
eralization ability, even outperforming the zero-shot learn-
ing method ZeDuSR. The main reason is that our kernel-free
matching strategy is independent of cameras.

Method RealMCVSR-Real CameraFusion-Real
PSNR / SSIM / LPIPS PSNR / SSIM / LPIPS

TTSR-ℓ 24.67 / 0.7814 / 0.248 25.23 / 0.7760 / 0.289
MASA-ℓ 24.99 / 0.7830 / 0.258 25.45 / 0.7769 / 0.291
DCSR-ℓ 25.46 / 0.7986 / 0.226 25.58 / 0.7931 / 0.263
SelfDZSR-ℓ 24.86 / 0.7778 / 0.252 25.55 / 0.7805 / 0.285
ZeDuSR-ℓ 24.98 / 0.7702 / 0.262 26.16 / 0.7920 / 0.279
KeDuSR-ℓ 26.55 / 0.8325 / 0.186 27.24 / 0.8178 / 0.215

Table 5: Generalization evaluation with the model trained on
DuSR-Real.

Conclusion
In this work, we proposed a KeDuSR network to deal with
the real dual-lens SR task. We designed a global and local
combined warping strategy to make the Ref well-aligned
with the center region of LR input. Then, we formulate
the LR center and the aligned reference as key-value pairs
and propose a kernel-free matching strategy, whose match-
ing index is used for corner warping. Afterward, we fuse
the features of enhanced LR input and the features of cor-
ner and center well-aligned reference to generate the SR
result. Experiments demonstrate the superiority of the pro-
posed method. We also construct a DuSR-Real dataset with
well-aligned pairs to facilitate research in this area.
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