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Introduction
• What is image restoration?

▪ Corrupted image로부터 high quality 

clean image를복원하는 inverse 

problem (ill-posed)

− Denoising

− Deblurring

− Deraining

▪ DL 적용전/후

− Regularization, optimization problem

҉ Prior 사용등 hand-craft하게
적용되는부분들존재

− Dataset 및 network에따라성능이결정

҉ Task에따라 dataset에국한되는
성능을보임

҉ MPRNet, HINet등 image 

restoration task를동시에수행하는
네트워크
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Introduction
• What is image deblurring?

▪ Types of blur

− Defocus blur

− Motion blur

҉ Uniform/non-uniform blur

✓Levin / Lai dataset

҉ Real-world synthesized blur

✓GoPro / RealBlur / HIDE 

dataset
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< GoPro dataset blur/sharp image pair >< Lai dataset blur/sharp image pair >

< defocus delbur에대한예시 >



Introduction
• What is image deblurring?

▪ Conventional dataset

− Levin dataset / Lai dataset

− Sharp image로부터 blur kernel을 convolution하여이미지획득

▪ Real-world synthesized dataset

− GoPro dataset / REDS dataset / RealBlur dataset

−취득한 sharp image의연속적프레임들의평균을통해 blurry image 생성
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< blur/sharp dataset 생성과정 (Lai / GoPro / ReaBlur dataset) >



Introduction
• What is image deblurring?

▪ Methods of deblurring

− Non-blind deblurring

҉ Denoising + deconvolution

҉ Blur kernel을알고있다는가정하에
deconvolution 및 denoising에초점을둠

− Blind deblurring

҉ Kernel estimation + non-blind deblurring

҉ Image-to-image regression

҉ Blur kernel을모른다고가정, kernel 

estimation 단계추가
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< Deblurring algorithms classified into four categories [1] >

< Blur kernel estimation + non-blind deblurring >

< Levin dataset blur kernel 및 GT image >



Background
• Conventional deblurring [2, 3]

▪ Motion blur modeling

− Blurry image B는 latent image L과 blur kernel K의 convolution과 noise N으로 modeling

▪ Blurred / sharp image prior 사용

− Blurred / Sharp image의 prior, 즉이미지특성을반영

− ‘사람이관찰을통해얻어낸사전지식’
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< Using dark channel prior (dehazing 및 deblurring)>



Background
• Conventional deblurring [2, 3]

▪ Regularization term을추가한 optimization problem 풀기 (MAP 및 FFT)

▪ Kernel 및 restored image update

− Coarse-to-fine method로 kernel 및 image를 iterative하게 update
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< Overall deblurring process & kernel estimation >



Background
• End-to-end DL method [4, 5]

▪ MPRNet [4]

− Image를 patch별로잘라서 cross-stage간 feature fusion 및 supervised attention module 적용

▪ HINet [5]

− Mini-batch 안의 image patch간 variance가크기때문에사용되지않는 batch normalization 

대신 instance normalization 채택

▪ GoPro dataset / HIDE dataset 등특정 dataset에서학습되어서다른형태의 blurry 

image에대해성능하락을보임
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< MPRNet network architecture, HINet의 HIN Block idea>



Exploring Blur Kernel Space
• Modeling blur kernel

▪ MAP based models

− In-wild blurry image 및 blur 강도가큰이미지를복원하는데한계점존재

҉ Optimization problem을푸는과정에서 x와 k는여러답안을낼수있는 ill-posed 

problem

҉ Convolution operator로만 blur kernel을정의

▪ Deep-learning models

− Cross-domain tasks에부적합

҉ REDS dataset에학습된네트워크는 GoPro dataset에대해좋지않은성능을보임

҉ Kernel overfitting발생

▪ Blur operator family

− Blur kernel generator도학습하자!
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Exploring Blur Kernel Space
• Learning the blur operator family

▪ Blur operator family ℱ + Kernel extractor 𝒢

−ℱ와 𝒢를 sharp / blurry input image (xi, yi)로동시에학습

𝑦𝑖 = ℱ(𝑥𝑖 , 𝑘𝑖),   𝑘𝑖 = 𝒢(𝑥𝑖 , 𝑦𝑖)

− Blurry image 𝑦𝑖와생성한 “fake” blurry image ℱ(𝑥𝑖 , 𝒢(𝑥𝑖 , 𝑦𝑖)의차이를최소화하는방향

Minimize σ𝑖=1
𝑛 𝜌(𝑦𝑖 , ℱ(𝑥𝑖 , 𝒢 𝑥𝑖 , 𝑦𝑖 )

11

< Blur operator ℱ & blur kernel extractor 𝒢 >



Exploring Blur Kernel Space
• Learning the blur operator family

▪ Blur operator family ℱ + Kernel extractor 𝒢

1. Concatenation of (x, y) pair 𝒢통과하여 encoded kernel vector k 생성

2. ℱ의 encoder를통해 bottleneck embedding vector 생성

3. k와 concatenation 후 decoder를통해 fake blurry image ℱ x, k 생성

4. Loss 최소화: σ𝑖=1
𝑛 𝜌(𝑦𝑖 , ℱ(𝑥𝑖 , 𝒢 𝑥𝑖 , 𝑦𝑖 )
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< Blur operator ℱ & blur kernel extractor 𝒢 >



Exploring Blur Kernel Space
• Blind image deblurring

▪ Blur operator family ℱ및 Kernel 

extractor 𝒢는고정

▪ Kernel k와 sharp image x update

−고정된 𝑧𝑥, 𝑧𝑘로부터 𝐺𝜃𝑥
𝑥 , 𝐺𝜃𝑘

𝑘

update하여 x, k update

− 𝑥 = 𝐺𝜃𝑥
𝑥 (𝑧𝑥)

− 𝑘 = 𝐺𝜃𝑘
𝑘 (𝑧𝑘)

▪ GAN-inversion image restoration

− 𝐺𝜃𝑘
𝑘 로 StyleGAN pretrained model 

사용
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< Blind image deblurring algorithm >



Exploring Blur Kernel Space
• Blind image deblurring
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< Blind image deblurring algorithm >< Blur operator ℱ & blur kernel extractor 𝒢 >

𝑧𝑥
𝑧𝑘

𝐺𝜃𝑥
𝑥

𝐺𝜃𝑘
𝑘



Exploring Blur Kernel Space
• Deep Image Prior [6]

• O𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐿𝑜𝑠𝑠 ∶ 𝜌(𝑦𝑖 , ℱ(𝑥𝑖 , 𝒢 𝑥𝑖 , 𝑦𝑖

▪ Regularization term 추가

▪최종 𝐿𝑜𝑠𝑠 ∶ 𝜌(𝑦𝑖 , ℱ(𝑥𝑖 , 𝒢 𝑥𝑖 , 𝑦𝑖 + 𝜆 𝑘 2 + 𝛾(𝑔𝑢
2 𝑥 + 𝑔𝑣

2 𝑥 )𝛼/2

− Optimization 안정화및 trivial solution을피하기위한 L2 norm of k

− Hyper-Laplacian prior of image gradients of x

− 𝛾, 𝜆, 𝛼: hyperparameters
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Experiments
• Retrieving unseen kernel

▪ Blur operator에대한신뢰성검사

− SRN-Deblur [7]에대해 blur-swap된 dataset으로 training 진행후성능확인

▪ Cross domain kernel extraction

−다른 dataset에대해 blur operator family 적용

҉ Reconstructed blurry image와 original blur image와의 PSNR 비교
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< GoPro dataset 및 REDS dataset에서학습된 blur 

operator을사용해얻은 retrieved blur >



Experiments
• Loss convergence

▪ GAN manifold를사용해서성능이잘
나온것이지않나?

− Yes

− Blur kernel prior고려하는것또한중요

҉ Uniform / bicubic / encoded kernel

҉ 빠르게 converge 되고 deblur 결과도
잘나옴

− Real world blur

҉ Linear X

҉ Uniform X

▪논문대부분의그림들이 face image에
대해진행

− Pretrained StyleGAN manifold를
사용하지않은경우성능이비교적안
좋음
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Experiments
• Qualitative results 
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Experiments
• Qualitative results 
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Experiments
• Blur synthesis

▪ Transferring blur kernel

− Source image pair (𝑥, 𝑦)→ target image pair ො𝑥, ො𝑦 이미지생성

҉ Real world blur transfer가가능하다는점

҉ Data augmentation으로활용가능
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Exploring Blur Kernel Space
• Network Architecture & training details

▪ Blur operator ℱ & blur kernel extractor 𝒢

− Training: 6 × 106 iterations / Nvidia V100 5GB로 4일

− Inference: Nvidia V100 210s

▪ 128 배수 image resolution input
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Conclusion
• Encoding blur kernel space

▪ Arbitrary dataset에대해서 encoded space를활용해 deblurring을진행할수있음

▪ Linear, uniform하지않은 real world blur를다룰수있는장점

• Blur synthesis

▪ Transferring blur kernel

▪ Data augmentation

• 한계점

▪ Pretrained StyleGAN manifold를사용하기때문에 face image에대해한정적으로
성능이잘나오는점

− Prior 및 optimization, regularization 관점으로는기존방법을그대로적용

▪ 128 배수의 resolution을가진이미지를 input으로넣어줘야함

− GoPro dataset과같이 128의배수가아닌이미지에대해진행방법에대해구체적기술 X

▪후속논문들및더좋은성능의논문들이있지만 SRN-deblur(2018) 논문과비교한
점
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