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Super Resolution
• 저해상도(LR) 이미지를고해상도(HR) 이미지로변환시키는 task

▪ SISR(Single Image Super-Resolution)

▪ MISR(Multi-Image Super-Resolution)
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One-to-one (VDSR)

Many-to-many (BasicVSR) Many-to-one (DBSR)



Deep Burst Super Resolution(DBSR)

• Abstract 

▪ Multiple RAW image input, generates a denoised, super-resolved RGB image output

▪ Input frames들의 deep embeddings를 pixel wise optical flow를사용하여 alignment.

▪ Attention-based fusion model을이용하여 adaptively merge 수행

▪ Real-world data를 training, evaluation을수행하기위해서 BurstSR dataset를소개
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Deep Burst Super Resolution(DBSR)

• Architecture

▪ N개의 RAW Burst LR image 𝑏𝑖 𝑖=1
𝑁 를 Input으로받고 𝑏1을 reference(base) 

frame으로선정

▪ Input frames을 Encoder를통해 deep feature respresentation 𝑒𝑖 𝑖=1
𝑁 생성

▪ Alignment module 을통해 𝑏𝑖 과 𝑏𝑖 𝑖=2
𝑁 간의 flow estimation(PWCNet)

▪ 추출한 offsets으로각 features를 𝑏1을기준으로 warping하여 alignment 수행

▪ Aligned features 를제안한 Attention based fusion module 을이용하여 combine

▪ Decoder 를통해 SR output image 출력
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Deep Burst Super Resolution(DBSR)
• Encoder

▪ Raw bayer pattern의 2x2 block을채워넣어 4-channel image 생성하여 input으로
사용

▪ 각 burst frame당 D=512의 feature 생성 (B*D*H*W)
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Camera sensor bayer pattern



Deep Burst Super Resolution(DBSR)
• Alignment module (PWC-Net)

▪ BurstSR에서중요한 challenges중하나는이미지간의 pixel-wise displacement를알
수없다는것

▪ 𝑏1을 base로 𝑏𝑖 frames들간의 pixel-wise flow를계산하고 feature level alignment를
수행

▪ Flow estimation network로 pretrained PWC-Net model을사용
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Deep Burst Super Resolution(DBSR)

• Fusion Module

▪ Element-wise max or average pool 방법으로 fusion을취하는것은만족스럽지못한
결과

▪ Fusion module은 image content, noise level등에따라 adaptively 하게적용

▪ Weight predictor net에의해 element-wise fusion weight를예측하고 fusion 하는
Attention based fusion module 제안
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Deep Burst Super Resolution(DBSR)

• Fusion module (weight predictor)

▪ Aligned feature map ෥𝑒𝑖와 flow vector 𝑓𝑖를 input으로사용

▪ ෥𝑒𝑖에서계산효율성을위해 512에서 64로차원축소 ෥𝑒1
𝑝
, ෥𝑒𝑖

𝑝

▪ ෥𝑒1
𝑝 − ෥𝑒𝑖

𝑝 을수행하여 residual map 𝑟𝑖생성

▪ ෥𝑒𝑖, ෡𝑓𝑖, 𝑟𝑖를 concatenate 수행하여 weight ෥𝑤𝑖 생성

9



Deep Burst Super Resolution(DBSR)

• Noisy input frames를 Sub-pixel 정확도로정렬

• Alignment error에강하면서도 alignment된 frame의정보를효과적으로 fusion

▪ Base frame map ෥𝑒1
𝑝

: local image content정보

▪ Residual 𝑟𝑖: alignment error를추정, misalign된부분에낮은 fusion weight를할당

▪ Flow vector 𝑓𝑖: image의 sub-pixel sampling location 정보
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Deep Burst Super Resolution(DBSR)
• Fusion module

▪ weight ෥𝑤𝑖를 softmax를취해정규화한후최종 attention weights를생성, aligned 

feature와 element-wise multiplication을하여더해준다.
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Deep Burst Super Resolution(DBSR)
• Decoder

▪ Sub-pixel convolution을이용하여 upsampling

▪ LR 이미지의 feature map을 𝑟2만큼채널수를늘려준다음그 feature map을
순서대로조합하여 𝐻 ∗𝑊 ∗ 𝐶 ∗ 𝑟2 tensor를 𝑟𝐻 ∗ 𝑟𝑊 ∗ 𝐶의고해상도이미지로변환
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Deep Burst Super Resolution(DBSR)
• Experiments & Result
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Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)

• Abstract

▪ Muli-frame image restoration task에서흔히사용되는maximum a posteriori 

formulation(MAP) 기법의 deep reparametrization을제안

▪ Deep reparametrization을통해 latent 공간의 image 형성과정을직접모델링하고
학습된 image priors를예측에통합시킬수있다.

▪ Deep learning을장점을활용하는동시에 MAP가가지는 multi-frame fusion의
이점도이용
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Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)
• Method

▪ 기존의 multi-frame image restoration problem

− 𝑥𝑖와 ҧ𝑥𝑖 = 𝐻 𝜑𝑚𝑖
𝑦 간의 error를최소화하는방법으로 MAP estimation을 이용한다.

− 𝑅 𝑦 : 원본이미지 y의 prior knowledge를 통합하는 regularization term
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Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)

▪ multiple frames information을 intergrating하는데주된방식

▪ degradation operator H와 regularizer R을수동적으로설정해줘야하는문제

▪ 복잡한 noise 분포를 generalize 하는유연성이부족함

▪ Deep Reparametrization을제안
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Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)

<Step 1>

• 기존의 L2 distance 를최소화하는문제를 encoder E 를통과하여
얻은 embeddings들간의 L2 distance                                                   를최소화
하는것으로변경

▪ 인코더 E의 depth와비선형성때문에복잡한 noise와 error 분포에좀더적합하고
매우유연한 metric생성

<Step 2>

• 이미지 y의 latent deep representation ‘z’를생성하여 decoder network ‘D’를
이용하여 y를대신한다. (𝑦 = 𝐷(𝑧))

▪ z는 y의직접매개변수이기대문에 𝑧에대한 objective를최적화하고최종 latent 

representation Ƹ𝑧을구하면최종이미지 ො𝑦 = 𝐷( Ƹ𝑧)를구할수있다.

▪ 출력이미지 y대신 latent representation z에대해최적화하기때문에 decoder D는
preconditioner 역할을하여더빠르게수렴
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Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)

<Step 3>

• Degradation operator H는일반적으로 unknown이며추정또는학습이필요

▪ 𝐻를별도의신경망으로만들어매개변수화시켜학습시킬수있음

▪ 𝐸 ∘ 𝐻 ∘ 𝐷를 deep feature space degradation operator 𝐺로대체

▪ 𝐻를따로학습하는대신 operator 𝐺로통합하여시뮬레이션된 embedding 

𝐺 𝜑𝑚𝑖
𝑧 를얻는데사용
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Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)

• 기존
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Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)
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• Certainty Predictor

▪ 각 frame 마다다른노이즈,  추론된𝑚𝑖의오류등을고려하여 certainty predictor W 

추가

▪ W를통해계산된 weights 𝑣𝑖 를 frame wise하게적용

▪ W는 DBSR의 weight predictor와동일



Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)

21

• Optimization

▪ Steepest descent algorithm (≒gradient descent)

▪ Gradient ∶ 𝑔𝑗 = ∇𝐿(𝑧𝑗)

▪ Step size (learning rate) ∶ 𝛼𝑗 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛼𝐿(𝑧
𝑗 − 𝛼𝑔𝑗)

▪ 𝑧𝑗+1 = 𝑧𝑗 − 𝛼𝑗𝑔𝑗

• Initializer P

▪ 수렴속도를향상시키기위해초기 latent representation 𝑧0 = 𝑃(𝐸 𝑥𝑖 )로설정



Deep Reparametrization of Multi-Frame 

Super Resolution (DeepRep)
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• Experiments & Result



Conclusion
• Real-world Burst SR에대한기법소개

▪ Deep Burst Super Resolution (CVPR 2021)

▪ Deep Reparametrization of Multi-Frame Super Resolution (ICCV 2021)

• Muti-frame super resolution의 critical한부분인 alignment 부분개선

▪ DCN alignment

▪ Other flow estimation model

• DeepRep model의 MAP기법을이용한 image fusion model 개선

▪ Parameter 수감소

▪ 성능향상
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