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Figure 1. We address the unsupervised image deblurring problem by training a blur translator that converts an input image with unknown
blur to an image with a predefined known blur. The figure shows the effectiveness of our approach. The blurry images before and after
translation (left image in each box) exhibit similar visual content but have different blur patterns (zoomed-in patches). While a standard
image deblurring technique fails to restore the unknown-blur image, it successfully recovers the known-blur version, yielding an approximate
2.2 dB increase in PSNR score (noted below each deblurred image on the right side of each box).

Abstract

This paper presents an innovative framework designed
to train an image deblurring algorithm tailored to a spe-
cific camera device. This algorithm works by transform-
ing a blurry input image, which is challenging to deblur,
into another blurry image that is more amenable to deblur-
ring. The transformation process, from one blurry state to
another, leverages unpaired data consisting of sharp and
blurry images captured by the target camera device. Learn-
ing this blur-to-blur transformation is inherently simpler
than direct blur-to-sharp conversion, as it primarily involves
modifying blur patterns rather than the intricate task of
reconstructing fine image details. The efficacy of the pro-
posed approach has been demonstrated through comprehen-
sive experiments on various benchmarks, where it signifi-
cantly outperforms state-of-the-art methods both quantita-
tively and qualitatively. Our code and data are available at
https://github.com/VinAIResearch/Blur2Blur

1. Introduction

Motion blur in images and videos is a common issue, often
resulting from camera shake or rapid movement within the
scene. Such blur can detract from the aesthetic quality of the
content and may undermine the performance of downstream
computer vision applications. Consequently, an effective

image deblurring method is essential in various contexts.

While the idea of deblurring images from arbitrary, di-
verse sources sounds impressive and broadly useful, the
practical necessity, commercial value, and societal impact
of image deblurring are frequently connected to specific ap-
plication scenarios and particular cameras. For example, a
mobile phone manufacturer might focus on integrating the
most effective deblurring algorithm for the camera types
used in their latest phone models. Similarly, a factory man-
ager might consider installing ceiling-mounted cameras to
identify errors on the assembly line, enhancing workforce
efficiency. However, motion blur could significantly degrade
the performance of computer vision algorithms meant to
detect and track workers’ hands and tools. In law enforce-
ment, a police officer using a body-worn camera coupled
with face recognition technology might find that motion blur
hampers the accuracy of detecting faces and identifying fugi-
tives. Therefore, in these scenarios, the development of a
framework to customize a deblurring algorithm for specific
cameras or camera types becomes crucial and represents a
significant and growing need.

In this paper, we explore the question: How can we deblur
images captured by specific cameras? Classical deblurring
algorithms, which use signal processing or theoretical mod-
els of motion blur, are one option. Yet, their reliance on
oversimplified blur models limits their effectiveness in ad-
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Figure 2. Overview of our problem and proposed method. a) Given a camera, we aim to develop an algorithm to deblur its captured
blurry images. We assume access to the camera to collect unpaired sets of blurry images (B) and sharp image sequences (S). b) The
key component in our proposed system is a blur translator that converts unknown-blur images captured by the camera to have the target
known-blur presented in K. This translator is trained using reconstruction and adversarial losses. The converted images have known blur and
can be successfully deblurred using the previously trained deblurring model (Zoom for best view).

[4] to reconstruct the image content from coarse to fine:

LG
rec(G) =

1

M

M∑
i=1

1

ti
Eyi∼B[||ϕ(yi)− ϕ(G(yi))||1], (5)

where M is the number of levels, yi is the input image at
scale level i, ϕ(.) is a pre-trained feature extractor with the
VGG19 backbone [32]. We divide the loss by the number of
total elements ti for normalization.

Total Loss. Our final objective function for G combines the
adversarial and reconstruction loss terms:

LG
total(G,D) = Ladv(G,D) + λrecLrec(G), (6)

where λrec is the weight factor for the reconstruction loss,
ensuring the input content is maintained. Concurrently, the
objective function for D is established as follows:

LD
total(G,D) = −Ladv(G,D) + λgradLgrad(D). (7)

Here λgrad is a hyperparameter that controls the importance
of the gradient penalty loss component.

3.3. Known Blur Selection

The choice of C ′ and its representative dataset K is impor-
tant because the difficulty of learning the blur translation
network depends on the discrepancy between the two blur
domains. As described in Sec. 3.2, the representative dataset
K only affects the adversarial training losses. The transla-
tion network G aims to convert images in B to have similar
blur characteristics as images in K so that the discriminator
D cannot differentiate between the generated images and
the real images in K. However, if K and B have different
characteristics besides the blur kernel distribution, such as
color tone, image resolution, or device-dependent noise pat-
tern, D may rely on them to differentiate real and generated

images. It can cause G to either fail to converge or introduce
undesired characteristics from the representative dataset K
into the transferred outcomes.

To avoid this issue, we propose generating images in K
from a set of sharp images S captured with the same camera
as B, thus sharing identical characteristics. These images
are then augmented by blur kernels from a known domain,
characterized by a dataset of blurry-sharp image pairs using
the blur transfer technique [37]. The blurry-sharp image pair
dataset can be selected from commonly used image deblur-
ring datasets like REDS [24], GOPRO [23], RSBlur [29],
and RB2V [25], and we can utilize any deblurring network
pre-trained on that dataset. A key component in [37] is a
Blur Kernel Extractor F that can isolate and transfer blur
kernels from random blurry-sharp image pairs to the target
sharp inputs. After applying this blur synthesis procedure,
we obtain a known-blur image set K that carries blur ker-
nels from the known-blur domain while maintaining other
camera-based characteristics similar to the unknown-blur
images in B. Consequently, the discriminator can focus on
distinguishing based on blur kernels, facilitating effective
blur-to-blur translation training. The overview problem and
pipeline of our method is illustrated in Fig. 2.

4. Experiments
4.1. Experimental Setups
4.1.1 Datasets and implementation details

We evaluate our proposed method on four datasets. REDS
dataset [24] consists of 300 high-speed videos used to cre-
ate synthetic blur. By ramping up the frame rate from 120
to 1920 fps and averaging frames with an inverse Cam-
era Response Function (CRF), it simulates more realistic
motion blur, differentiating it from other synthetic datasets
[22, 31]. GoPro dataset [23] comprises 3,142 paired frames
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Figure 3. Comparing image deblurring results on three benchmark datasets with NAFNet. Due to space limit, we skip the results with
Restormer backbone, which is similar but slightly worse than those with NAFNet. Best viewed when magnified on a digital display.

eralization power, exhibit poor performance on these chal-
lenging real-world datasets. Their scores are similar to, and
sometimes significantly lower than, state-of-the-art super-
vised methods such as Restormer and NAFNet. In con-
trast, Blur2Blur demonstrates remarkable deblurring results.
When combined with Restormer, Blur2Blur helps to in-
crease the PSNR score by 2.63 dB on RB2V Street, 2.12 dB
on REDS, and 2.91 dB on RSBlur. When combined with
NAFNet, it provides consistent score increases, with 2.20
dB on RB2V Street, 2.31 dB on REDS, and 2.67 dB on RS-
Blur. NAFNet outperforms Restormer overall, making the
combination of NAFNet and Blur2Blur the most effective ap-
proach. Moreover, our method comes close to matching the
best results of supervised models trained on source datasets.

We provide a qualitative comparison between image de-
blurring results in Fig. 3. The comparison highlights a sig-
nificant performance disparity between supervised methods
and their counterparts. Unsupervised methods like Dual-
GAN and CycleGAN struggle notably in deblurring, with
DualGAN particularly unable to navigate the blur-to-sharp
domain, tending instead to bridge the content and color dis-
tribution gap between the blurry (B) and sharp (S) datasets.
Synthesis-based methods such as BSRGAN and RSBlur also
fall short, failing to address unseen blurs, indicating the limi-
tations of augmentation strategies, including those using the
imgaug library. Supervised method NAFNet fails to handle
unseen blurs, often yielding output mostly identical to the
blurred inputs. However, our method effectively transforms
unknown blurs into known ones. Our translation process suc-
cessfully focuses on the blur kernel, minimizing bias from
other image characteristics. By integrating Blur2Blur with
NAFNet, we achieve a substantial recovery of high-quality
sharp images, demonstrating the practical strength of our
approach. Additional qualitative results for Restormer are
provided in the supplementary material.

RB2V Street REDS RSBlur
NAFNet [3]

w/ GoPro 24.78 / 0.714 25.80 / 0.880 26.33 / 0.790
w/ Synthetic Data 22.10 / 0.644 25.07 / 0.853 23.53 / 0.659
w/ Blur2Blur (GoPro) 26.98 / 0.812 28.11 / 0.893 29.00 / 0.857
w/ the source domain* 28.72 / 0.883 29.09 / 0.927 33.06 / 0.888

Restormer [40]
w/ GoPro 23.34 / 0.698 25.43 / 0.775 25.98 / 0.788
w/ Synthetic Data 23.78 / 0.655 24.76 / 0.753 23.34 / 0.651
w/ Blur2Blur (GoPro) 25.97 / 0.750 27.55 / 0.885 28.89 / 0.850
w/ the source domain* 27.43 / 0.849 28.23 / 0.916 32.87 / 0.874

Generalized Deblurring
BSRGAN [41] 23.31 / 0.645 26.39 / 0.803 27.11 / 0.810
RSBlur [28] 23.42 / 0.603 26.32 / 0.812 26.98 / 0.798

Unpaired Training
CycleGAN [44] 21.21 / 0.582 23.92 / 0.775 23.34 / 0.782
DualGAN [38] 21.02 / 0.556 23.50 / 0.700 22.78 / 0.704

Table 2. Comparison of different deblurring methods on various
datasets. For each test, we report PSNR↑ and SSIM↑ scores as
evaluation metrics. The best scores are in bold and the second
best score are in underline. For a supervised method, NAFNet or
Restormer, we assess its upper-bound of deblurring performance
by training it on the training set of the source dataset*.

Ratio B : S 5:5 6:4 7:3 8:2 9:1

GoPro–RB2V Street 26.02 26.98 26.92 25.98 24.32
GoPro–REDS 27.53 28.11 28.10 27.00 26.43

Table 3. PSNR debluring results with different Blur-to-Sharp ratios.

4.3. Blur2Blur Visualization

Fig. 4a provides a comparative visualization between the
original blurry image and its Blur2Blur converted images us-
ing the same source and target datasets as detailed in Sec. 4.2.
As can be seen, our transformed images effectively adopt the
blur pattern of the GoPro dataset, noted for its low sampling
rate blur (as further shown in Fig. 4b), while preserving other
content elements identical to the input. This demonstrates the
Blur2Blur conversion’s capability to produce transformed
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Figure 4. (a) A comparison of original images and their correspond-
ing Blur2Blur converted version; (b) Selected examples demon-
strating the GoPro dataset’s blur pattern (Zoom for best view).
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Figure 5. Qualitative comparison of deblurring models on the
PhoneCraft dataset with multiple target datasets.

images that faithfully reflect the specific blur pattern while
preserving the original content details.

4.4. Ablation Study for Blur to Sharp Ratio

We evaluate the significance of the blur-to-sharp ratio, rep-
resented as the ratio between datasets Unknown-Blur (B)
and Unknown-Sharp (S). Specifically, we consider NAFNet
as the image deblurring backbone, and consider the GoPro-
RB2V Street and GoPro-REDS dataset settings, where Go-
Pro represents our target camera device for which we have
tailored a deblurring model. We conducted B2B experiments
across a range of ratios from 5:5 to 9:1. The deblurring result
in Tab. 3 demonstrates that a greater proportion of blurry
images in the dataset, as seen in the 6:4 and 7:3 ratios, allows
for a deeper understanding of the blur patterns characteristic
of the target device, leading to improved deblurring perfor-
mance. However, excessively few sharp images, as in the 9:1
ratio, may cause the Blur2Blur method to overfit to limited
sharp content. To balance learning and prevent overfitting, a
6:4 ratio has been selected for all experiments in this study.

4.5. Practicality Evaluation

We evaluate the practicality of Blur2Blur in two imagined
yet realistic scenarios. The first scenario involved a user
desiring a deblurring algorithm for images taken with their
smartphone camera. To facilitate this, we compiled a dataset
named PhoneCraft, featuring images captured using a Sam-

Blur RSBlur RSBlur + B2B

Figure 6. Results of using Blur2Blur on the WritingHands dataset.

sung Galaxy Note 10 Plus. This dataset includes videos
with motion-induced blur, refined through post-processing
to remove other blur types, and clear, sharp videos recorded
at 60fps. Over two hours, a variety of scenes and motions
were captured, producing 12 blurry and 11 sharp video clips,
each between 30 and 40 seconds long.

In deblurring PhoneCraft images, we used well-known
blur datasets GoPro, REDS, and RSBlur. Results in Fig. 5
show Blur2Blur significantly improved image clarity over
pre-trained models, especially with RSBlur’s complex blur
patterns. The NIQE [21] scores of the deblurred images
transformed by Blur2Blur, using the GoPro, REDS, and
RSBlur as source datasets are 9.8, 9.2, and 8.8, respec-
tively. For NIQE score, lower is better, and this demonstrates
Blur2Blur’s ability to handle real-world blurs effectively.

In our second scenario, we explored a webcam-based
application for monitoring hand movements during writing
exercises, aimed at assisting in rehabilitation therapy. The
challenge here is motion blur, which complicates hand and
object tracking. To test our approach, we created a dataset
named WritingHands with four 30fps webcam-recorded
videos, each about 40s long. From these, two videos pro-
vided over 1100 frames with motion blur for training, and
one video offered sharp reference images. Leveraging in-
sights from the PhoneCraft dataset, we used the RSBlur
dataset and its pre-trained NAFNet model for a two-day
training session. Results, shown in Fig. 6, indicate that while
RSBlur’s model alone leaves some blur, integrating it with
Blur2Blur significantly restores the image’s sharpness.

5. Conclusions

We have proposed Blur2Blur, an effective approach to ad-
dress the practical challenge of adapting image deblurring
techniques to handle unseen blur. The key is to learn to con-
vert an unknown blur to a known blur that can be effectively
deblurred using a deblurring network specifically trained to
handle the known blur. Throughout extensive experiments
on synthetic and real-world benchmarks, Blur2Blur consis-
tently exhibited superior performance, delivering impressive
quantitative and qualitative outcomes.
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