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𝐂𝐥𝐞𝐚𝐧𝐍𝐨𝐢𝐬𝐲

Image Denoising
• Image Denoising

• Traditional methods

Based on hand-crafted assumptions

or models, poor representing capacity

• Deep learning methods

Powerful learning models – CNN.

Collecting image pairs is tedious and

labor-intensive. DL methods face a

severe data-hungry situation.

𝐍𝐨𝐢𝐬𝐲

𝐂𝐥𝐞𝐚𝐧

Average



Introduction

• Noise Generation

• Gaussian Distribution

Fundamentally different from real

noise. Dramatic performance drop.

• Pseudo ISP

Cannot ensure the mapping from

Poisson-Gaussian noisy RAW image

to real-camera noisy RGB image.

• GAN-based

Treat images as samples, coarse learning

𝐍𝐨𝐢𝐬y RGB

𝝈𝒏
𝐂𝐥𝐞𝐚𝐧 𝐑𝐆𝐁
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𝐈𝒄𝒍𝒆𝒂𝒏 𝐈𝒔𝒚𝒏

Poisson-Gaussian

𝐂𝐥𝐞𝐚𝐧 𝐑𝐀𝐖 𝐍𝐨𝐢𝐬𝐲 𝐑𝐆𝐁
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𝐈𝒔𝒚𝒏𝐈𝒓𝒂𝒘

Image Samples

There still remains a domain discrepancy
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𝐅𝐚𝐤𝐞 𝐍𝐨𝐢𝐬𝐲

𝐂𝐥𝐞𝐚𝐧 𝐑𝐀𝐖

𝐒𝐲𝐧𝐭𝐡𝐞𝐭𝐢𝐜𝟏

𝐒𝐲𝐧𝐭𝐡𝐞𝐭𝐢𝐜𝟐

𝐚𝟏 𝐒𝐲𝐧𝐭𝐡𝐞𝐭𝐢𝐜 𝐒𝐞𝐭𝐭𝐢𝐧𝐠𝟏
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𝐂𝐥𝐞𝐚𝐧 𝐬𝐑𝐆𝐁
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𝐂𝐥𝐞𝐚𝐧 𝐬𝐑𝐆𝐁

𝐅𝐚𝐤𝐞 𝐍𝐨𝐢𝐬𝐲 𝐂𝐥𝐞𝐚𝐧 𝐬𝐑𝐆𝐁

𝐂𝐥𝐞𝐚𝐧 𝐬𝐑𝐆𝐁𝐑𝐞𝐚𝐥 𝐍𝐨𝐢𝐬𝐲

𝐑𝐞𝐚𝐥 𝐈𝐦𝐚𝐠𝐞 𝐏𝐚𝐢𝐫𝐬

𝐅𝐚𝐤𝐞 𝐈𝐦𝐚𝐠𝐞 𝐏𝐚𝐢𝐫𝐬
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DN

𝐜𝟐 𝐑𝐞𝐚𝐥 𝐃𝐞𝐧𝐨𝐢𝐬𝐞𝐫 Finetuning

Real

Denoiser

Setting1 : Gaussian Distribution

Setting2 : Poisson-Gaussian

Distribution + Pseudo ISP

G : Noise Generator

D : Pixel-level Discriminator

𝑫𝒅 : Pre-trained Denoiser

Use G to generate image pairs

Add image pairs to the data

pool of any real denoiser DN
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(a) SMNet

The Architecture of the Generator

• Simple Multi-scale Network (SMNet) is cascaded by Simple Residual Groups (SRG)

• SRG is built by Multi-scale Attention Blocks (MAB)

• MAB exploits Fast Channel Attention (FCA) mechanism

• FCA uses 1D convolution to cut down Params and FLOPS, and promote its efficiency
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Experiments

• Datasets

• Real Noisy Image Pairs

• HD Clean Image

• SIDD : 320 image pairs for training, 1280 patch pairs for validation

• DND : 50 image pairs, 1000 patch pairs cropped at size 512×512

• PolyU : 40 real camera noisy-clean image pairs

• Nam : real noisy image pairs of 11 static scenes

• DIV2K, Flickr2K, BSD68, Kodak24, and Urban100



Experiments

• MMD - Maximum Mean Discrepancy

SIDD DND PolyU Nam

• SIDD : Setting1 (74% ↓), Setting2 (64% ↓)

• DND : Setting1 (75% ↓), Setting2 (67% ↓)

• PolyU : Setting1 (44% ↓), Setting2 (46% ↓)

• Nam : Setting1 (43% ↓), Setting2 (44% ↓)



Experiments

• Comparisons with SOTA Methods

• Improvements Achieved by Denoisers Finetuned with Fake Image Pairs

SIDD (0.35 dB ↑) DND (0.37 dB ↑)

PolyU (1.37 dB ↑) Nam (1.10 dB ↑)



Experiments

• Improvements of PNGAN on Different Datasets

We use the fake noisy images generated from clean SIDD train and DF2K 

(DIV2K+Flicker2K) respectively to train denoisers from scratch.

SIDD : Setting1 (~ 15.65 dB ↑), Setting2 (~ 2.87 dB ↑)

DF2K : Setting1 (~ 9.59 dB ↑), Setting2 (~ 4.35 dB ↑)



Experiments

• Ablation Study

+ 𝐷𝑑 : (~ 21.81 dB ↑), + D : (~ 2.09 dB ↑), + 𝐿𝑝 : (~ 0.39 dB ↑)

Ablation Study of PNGAN Components

Ablation Study of Generator Architecture

+ Multi-scale : (~ 1.28 dB ↑), + SID : (~ 0.28 dB ↑), + FCA: (~ 0.74 dB ↑)



Experiments

• Visual Examinations of Noisy Images

SIDD

PolyU

Nam

DND

Clean Setting1 Setting2 PNGAN Real Clean Setting1 Setting2 PNGA

N

Real

Setting1 : Gaussian Noise, fundamentally different from real noise

Setting2 : Poisson-Gaussian + Pseudo ISP, different in intensity and distribution

PNGAN : Can model spatio-chromatically correlated and non-Gaussian noise



Experiments

• Visual Comparisons of Denoised Images
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Noisy

37.68 / 0.961

RIDNet

PolyU

38.13 / 0.942

MPRNet

33.04 / 0.875

Noisy

Nam

34.92 / 0.956
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Noisy
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RIDNet

35.70 / 0.935

RIDNet*

DND
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RIDNet*

PSNR / SSIM

GroundTruth

PSNR / SSIM

GroundTruth

40.21 / 0.974

MPRNet*

PSNR / SSIM

GroundTruth

36.00 / 0.967

MIRNet*

32.63 / 0.848

MPRNet

34.42 / 0.898

MPRNet*

• Models finetuned with the generated data are capable of preserving the structural content, 

textural details, and spatial smoothness of the homogeneous regions.

• In contrast, original models either yield over-smooth images sacrificing fine textural details 

and structural content or introduce redundant blotchy texture and chroma artifacts.



Experiments

• Parameter Analysis
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(dB)

Analysis of Parameter 𝝈𝒏
The optimal setting:

• 𝜆𝑝 = 6 × 10−3

• 𝜆𝑅𝑎 = 8 × 10−4

• 𝜎𝑛 = 40 or 50

• 𝑞 = 60 %
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