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• Noise in normal light

▪ 𝐷 = 𝐾𝑑𝐾𝑎 𝐼 + 𝑁𝑝

signal−dependent

+ 𝐾𝑑𝐾𝑎𝑁1 + 𝐾𝑑𝑁2 + 𝐾𝑑𝑁𝑞

signal−independent

}

−𝐾𝑎 𝐼 + 𝑁𝑝 + 𝑁1 : analog signa이 analog gain을거치기전후의과정에서의 noise

҉ I: 실제장면의빛신호 (입사광자수)

҉ 𝑁𝑝 ​: Photon shot noise

҉ 𝑁1 ​: Analog gain 전에발생하는다른모든노이즈의합

҉ 𝐾𝑎 ​: Analog gain, ADC에들어가기전신호증폭

−𝐾𝑑 … + 𝑁2 + 𝑁𝑞 : Digital 단계에서신호가변환되고증폭되는과정에서의 noise

҉ 𝑁2 ​: Digital gain 전에발생하는다른모든노이즈의합

҉ 𝑁𝑞 : Q𝑢𝑎𝑛𝑡𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑛𝑜𝑖𝑠𝑒

҉ 𝐾𝑑 : Digital gain

1) Rethinking Noise Synthesis and Modeling in Raw Denoising [ICCV 2021]

Background
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• Video Denoising

▪ Image Denoising vs Video Denoising

−Noise in Video = Typical Degradation in Image + 비디오압축과정에서발생하는노이즈

−문제점

҉ 인접프레임간 Temporal Correlation 때문에프레임간노이즈연관성발생

✓H.264 코덱: 인접프레임간정보를복사하고공유하는방식으로압축수행

҉ 비디오내에서발생하는움직임은노이즈패턴에복잡성증가

1) NAFNet: Nonlinear Activation Free Network for Image Restoration [ECCV 2022]. Available: https:/ /github.com/megvii-research/NAFNet

2) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]. Available:  https://srameo.github.io/projects /levd

Background

<Image & Video Denoising 적용예시>
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Temporal As a Plugin: 

Unsupervised Video Denoising with Pre-Trained Image Denoisers (ECCV 2024)

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]
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• The Challenges of Existing Video Denoising Methods

▪ Supervised Learning:

−최근많은딥러닝모델들이대부분 supervised learning 방식

−훈련을위해서는많은수의 paired noisy and clean videos를필요로함

҉ 움직임이많은장면에서의 noisy-clean videos데이터쌍을수집하는것이어려워정지된순간을
반복촬영하여이미지들의노이즈프레임을평균내고 BM3D 적용하여 GT 프레임생성1)

▪ Unsupervised Learning:

−위와같은이유로 noise videos만으로학습을수행하는 unsupervised methods 제안됨

−그러나, unsupervised methods는대부분 artifacts, residual noise 발생

1) Supervised Raw Video Denoising with a Benchmark Dataset on Dynamic Scenes [CVPR 2020]

Introduction

<Fig 1. 기존 video denoising 분야모델비교> <A paired noisy-clean image>

Noisy Raw

Clean Raw

Noisy sRGB

Clean sRGB
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• Unsupervised Video Denoising

▪ DNCNN1)

− Model for Image Denoising

− Convolution, BN(Batch Normalization), ReLU, stacked plain block, global residual connection(잔차학습)

▪ EDVR2)

− Supervised Video Denoising Model

− PCD(Pyramid, Cascading and Deformable) 정렬모듈, TSA(Temporal and Spatial Attention) 융합모듈

− REDS datasets, Vid4, Vimeo-90K-T datasets 사용

▪ Temporal As a Plugin3)

−동적인장면 clean-noise 이미지쌍을수집하기어렵기에 Unsupervised 방식의 Video Denoising 

프레임워크제안

− Pre-trained image denoiser를기본으로하여 tunable temporal modules 추가한형태

− Temporal module: 여러노이즈프레임간의공간복원시 temporal information을활용하도록함

1) Beyond a Gaussian Denoiser: Residual  Learning of Deep CNN for Image Denois ing [IEEETIP 2017]

2) Efficient Multi-Stage Video Denoising with Recurrent  Spatio-Temporal Fus ion [CVPR 2021]

3) Temporal As a Plugin: Unsupervised VideoDenoising with Pre-Trained Image Denoisers  [ECCV 2024]

Related Works
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• Overall Architecture of Video Denoiser

▪ 사전학습된 Image denoiser와 Temporal module을통합하여구성

▪ Input: 𝑌 = {𝑦1, … 𝑦𝑡, … , 𝑦𝑁}

−비디오 Y에서 T개의프레임추출:  𝑌𝑡 ∈ 𝑅𝑇×𝐻×𝑊×𝐶𝑖𝑛     *실험에서는 T=5

−중심프레임 y𝑡 ∈ 𝑅1×𝐻×𝑊×𝐶𝑖𝑛을추출하여 video denoiser의입력으로사용

▪ Output:  ෠𝑋 = { ො𝑥1, … ෝ𝑥𝑡, …, ො𝑥𝑁}

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Methodology

<Fig 2. 제안한 video denoising overall architecture>
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• Overall Architecture of Video Denoiser

▪ 4-level encoder-decoder 기반 image denoiser

− 여러개의 residual block으로구성

− Encoder-decoder 사이에각 skip connection 에 temporal module 삽입

҉ spatial information을보존하면서 temporal information 활용

−  3 × 3 Convolution 로특징추출, residual blocks를통과하며 feature map 크기축소(downsample)

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Methodology

<제안한 video denoising method의 residual blocks 구조>



10

• Temporal Module

▪ Level-1부터 Level-3까지 skip connection에 temporal module 연결(Level-4에 X)

▪ Residual Blocks를통해공간정보가들어오면해당모듈이시간정보를반영하도록함

▪ Input: 𝐹𝑙
𝑡−𝑚 ∈ 𝑅1×𝐻′×𝑊′×𝐶′

▪ Output: ෡𝐹𝑙 ∈ 𝑅1×𝐻′×𝑊′×𝐶′

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Methodology

<제안한 video denoising method의 temporal module 구조>

• T : 한번에처리하는프레임수
• m: -T//2 ~ T//2
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• Temporal Module

▪ Deformable convolution(DCN)을적용하여인접 frame의중앙 frame의 deep feature를 정렬

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Methodology

offset

෫𝑂𝑙
𝑡−𝑚 = 𝐶 𝐶𝑜𝑛𝑐𝑎𝑡 𝐹𝑙

𝑡, 𝐹𝑙
𝑡−𝑚

𝑂𝑙
𝑡−𝑚 = 𝐶𝑜𝑛𝑣 𝐶𝑜𝑛𝑐𝑎𝑡 ෫𝑂𝑙

𝑡−𝑚, 𝑂𝑙+1,↑
𝑡−𝑚

<temporal module의 offset 학습예시>

Level 1

Level 2

Level 3

෣𝐹𝑙
𝑡−𝑚 = 𝐶𝑜𝑛𝑣 𝐶𝑜𝑛𝑐𝑎𝑡 𝐷 𝐹𝑙

𝑡−𝑚; 𝑂𝑙
𝑡−𝑚 , ෣𝐹𝑙+1,↑

𝑡−𝑚

Deformable Convolution
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• Unsupervised Progressive Fine-tuning

▪ Temporal module을점진적으로훈련하기위한비지도 fine-tuning 전략

▪ Input y로부터사전학습된 pre-trained Image Denoiser 를통해깨끗한이미지 ො𝑥𝑠m 생성

▪ ො𝑥𝑠1  에인위적으로노이즈모델추가하여 ෠𝑌𝑠m  생성

− Additive White Gaussian Noise(AWGN)

− Poisson-Gaussian Noise

▪ A paired psuedo noisy-clean video: {෠𝑌𝑠m  , ො𝑥𝑠m}             

− 𝑚 =  {1,2,3} 순서대로 모듈이 상위 레벨로 올라가며 fine − tuning

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Methodology

<temporal module fine-tuning 과정>
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• Implementation Detail

▪ Video Denoiser: NAFNet(Encoder-Decoder)을 baseline image denoiser로사용

− sRGB, raw 이미지용 denoiser 개별학습데이터셋

҉ sRGB: BSD500, DIV2K, Flickr2K 및WED dataset

✓Additive White Gaussian Noise(AWGN) 노이즈합성

҉ Raw: SID, SIDD, CRVD dataset 

✓Poisson-Gaussian 노이즈합성

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Experiment

<NAFNet 기반 image denoiser 구조>
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• Experimental on synthetic Gaussian video denoising

▪ Supervised method 의 FloRNN 다음으로좋은성능을나타냄

▪ 모델이름이 –T 로끝나는경우 test dataset으로직접 fine-tuning함

▪ DAVIS dataset에비해 Set8 dataset이부드러운움직임을 가짐

− TAP-T와기타모델의데이터셋별결과가 DAVIS 에비해 Set8이 더차이가큼

−부드러운움직임 = Temporal information을더효과적으로인식가능

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Experiment

<Fig 1. Quantitative evaluation(using PSNR and SSIM) of video denoising results on the DAVIS and Set8 datasets>
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• Experiments on real raw video denoising

▪ Indoor용 CRVD dataset 사용(raw image)

− Dataset의크기가작고, 수동으로조작한작위적인움직임을갖고있음

− Outdoor용 dataset보다는테스트시중요도떨어짐

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Experiment

<Tab 2. Quantitative evaluation (PSNR in dB) of raw video denoising results on the CRVD indoor test set>
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• Visual Examples of real raw video denoising

▪ Outdoor용 CRVD dataset 사용(raw image)

− Supervised method인 FloRNN은과도하게부드러운결과생성

− Unsupervised method인 UDVD는노이즈제거능력이떨어짐

−논문에서제안한 TAP 모델은 FloRNN 만큼의결과도출

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Experiment

<Fig 5. Visual examples of real raw video denoising on CRVD outdoor set>
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• Ablation on different Fine-tuning strategies

▪ Experiments are conducted on the DAVIS dataset with noise level σ = 30.

− Original: fine-tuning temporal modules progressively

− Case 1: fine-tuning all parameters progressively

− Case 2: fine-tuning three temporal modules jointly

− Case 3: repeat the fine-tuning process twice

1) Temporal As a Plugin: Unsupervised Video Denois ing with Pre-Trained Image Denoisers  [ECCV 2024]

Ablation Study

<Tab 3. Ablation on different fine-tuning strategies>
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Classic Video Denoising in a Machine Learning World: 

Robust, Fast, and Controllable (CVPR 2025)

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]
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• Deep-learning based Video Denoising model

▪ 노이즈제거품질향상됐으나 robust하지못함

− Compression artifacts처럼 temporally correlated한 noise는 noise pattern이다양해학습이어려움

− Training data에크게의존하는경향을보임

• Classic Video Denoising machine learning model

▪ Real-world의복잡한 video noise에도 robust하게작동하고속도가빠름

−본논문에서는 differentiable denoising pipeline based on traditional methods을제시

҉ Pipeline에필요한최적의 parameter를 neural network로예측

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Introduction

<Fig 2. High-level comparison of how related work approaches> <Fig 3. Video denoising on the CRVD (sRGB) benchmark>
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1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Related Works
• Video Denoising Pipeline

▪ Classical Video Denoising

− Block matching 기반의다양한 denoising 모델등장

−특히 bilateral filtering, image pyramids의개념을통합하기도함 

▪ Machine Learning 기반 Video Denoising

− Explicit Matching / Implicit Correspondence

−학습한적없는노이즈패턴은제거불가능

− Noisy-clean video 데이터를수집하기어려워 self-supervised learning 도제안됨

▪ Noise Simulation

− GT(Ground Truth)에인위적인노이즈를추가하여 noisy-clean video 데이터를만듦

҉ 이때노이즈제거능력은향상되지만, 일반화성능은떨어짐

−이때 training data와실제비디오의다양한 noise patterns 간의불일치발생
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• Noise Profiling

▪ Video의 noise profile은시간이지나도변하지않다는점을이용해 noise를제거하기전에
noise profiling 하는단계를추가

−하나의 anchor frame을선택하여 noise profile(θ) 추정

҉ 𝜃 = 𝜃0 + ∆𝜃 ← hypernetwork로 ∆𝜃를예측(NPA)

✓NPA: 안정적인예측을위해메인네트워크의가중치(𝜃)를직접예측하는대신, ∆𝜃를예측

҉ P(·; θ): denoising parameter를예측하는 neural network, 추후프레임에적합한 noise map 예측

҉ Anchor frame은 video의첫 frame으로선택하고 consistency loss 사용하여일관성유지

− B: 특징추출용 neural network, Backbone은 ConvNext 사용

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Method Consistency loss

<Fig 4. Noise Profiling on an Anchor Frame Through a Hypernetwork>
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• Denoising the Video

▪ Optical flow를추출하여 frame을 align한후 temporal noise 제거 

− Target frame이있으면, 앞뒤로 2개씩인접 frame 추출

− SpyNet 모델로 Optical flow 추출, 해상도 ¼로줄여서노이즈에대한 robustness, 계산효율성향상

−추출한 Optical flow로 target – 인접 frame 간 alignment

҉ 움직임이있는동일한피사체의픽셀을겹치도록정렬

− Align된 frames은추후Wiener filter의 input으로제공됨

҉ Random하고 temporal한특성을가진 noise를 align한 frames을평균내노이즈제거

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Method

<Fig 4. Class Denoiser on an Anchor Frame Through a Hypernetwork>
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• Denoising the Video

▪ 추정된 noise profile(𝜃)을 사용하여정렬된 frames로부터하나의 clean frame 추출

− P(·; θ)로부터 noise의 분산 𝜎2을 나타내는 noise map을 Wiener Merger에전달

− Wiener Merger

҉ 일반적으로Wiener filter는모든픽셀에대해동일한노이즈레벨이라가정하고노이즈제거

҉ 5개의 frame마다동일한픽셀위치에서 noise map(𝜎2)과신호의분산(𝜎2)을비교

✓노이즈분산이크면노이즈가많으므로강한필터링적용

҉ 이와같은방법으로 temporal noise 제거하면서 aligned frames를하나로 merge

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Method

<Fig 4. Class Denoiser on an Anchor Frame Through a Hypernetwork>

Aligned frames

Noise map
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• Denoising the Video

▪ Temporal noise가제거된 frame에 Bilateral Laplacian Pyramid Filter 적용

− Bilateral Laplacian Pyramid filter

҉ Spatial noise 제거하기 위해 Bilateral filter + Laplacian pyramid(3 levels) 결합한 filter

҉ P(·; θ)이만든 noise map을 bilateral filter의 σs  (Spatial Sigma), σr (Range Sigma)로사용

✓σs  (Spatial Sigma): 가까울수록높은가중치

✓σr (Range Sigma) : 밝기, 색상이비슷할수록높은가중치

− Edge만남기고다른부분은 blurring하여 spatial noise 제거

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Method

<Fig 4. Class Denoiser on an Anchor Frame Through a Hypernetwork>
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• Results on the CRVD benchmark

▪ 실제카메라로촬영한 noise가있는 sRGB dataset으로정량적평가

−복잡하고예측불가능한 real-world의 noise에대해얼마나잘작동하는지확인

− ISO를다섯가지로분류하여실험진행

▪ RFCVD가 31.66FPS까지측정됨 (RTX 3090 GPU)

▪ Classic denoising 기술을사용하여 generalizability를향상시켜 real-world의 noise 패턴을
파악할수있다고주장

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Experiments

<Tab 2. Video denoising results on the CRVD(sRGB) benchmark>

- †: 재학습모델



26

• Test for Robustness and Generalizability

▪ 기존 deep-learning 기반 denoising 모델의 ‘training data에없는 noise pattern’ = ‘Domain 

GAP’에얼마나잘대처하는지검증

▪ Training data

− AWGN과 H.264 compression noise를입힌 image

▪ Test data

− Test1: film grain noise + AV1 compression

− Test2: spatially correlated noise(gaussian) + H.265 compression

1) Classic Video Denoising in a Machine Learning World: Robus t, Fast, and Controllable [CVPR 2025]

Experiments

<Tab 3. Video denoising results on REDS dataset w/AWGN & H.264 benchmark>
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