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• Task: Low-light RAW Image Denoising

• Previous work: SID[1]

Background

[1] Chen, Chen, et al. "Learning to see in the dark." CVPR. 2018.
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Why denoise in RAW?

The difference between sensors should be considered![2]

Dataset re-collection for each sensor is required!

[2] Wei, Kaixuan, et al. "Physics-based noise modeling for extreme low-light photography." IEEE TPAMI. 2021.
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Background: Training with Synthesis Noise

• Simulating real noise pairs with noise model.

• Existing SOTA methods[2][3][4][5] are all based on calibration.

[2] Wei, Kaixuan, et al. "Physics-based noise modeling for extreme low-light photography." IEEE TPAMI. 2021.
[3] Zhang, Yi, et al. "Rethinking noise synthesis and modeling in raw denoising." ICCV. 2021.
[4] Feng, Hansen, et al. "Learnability enhancement for low-light raw denoising: Where paired real data meets noise modeling."ACMMM. 2022
[5] Cao, Yue, et al. "Physics-Guided ISO-Dependent Sensor Noise Modeling for Extreme Low-Light Photography." CVPR. 2023.
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Background: Calibration
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Target Camera Noise Parameters

1. Preparation: 
pre-define noise model + data collection.

2. Calibration: parameter estimation.

3. Training: train the network with synthesis data.
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[2] Wei, Kaixuan, et al. "Physics-based noise modeling for extreme low-light photography." IEEE TPAMI. 2021.
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Is Calibration Strategy Really Perfect?
• Time-consuming and labor-

intensive calibration and noise 

parameter estimation.

• Neural networks are tightly 

coupled with the target camera 

sensor, requiring retraining for 

each camera type.

• During training, only synthetic 

noise is involved, and it cannot 

generalize to noise outside the 

noise model.
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What Do We Want?
• Simplify calibration[6][7], even 

eliminate calibration procedure.

• The ability to rapidly deploy on 

new cameras.

• Generalization capability: 

Excellent generalization to real-

world scenarios, bridging the 

domain gap between synthetic 

and real.
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[6] Zou, Yunhao, and Ying Fu. “Estimating fine-grained noise model via contrastive learning.” CVPR. 2022.
[7] Monakhova, Kristina, et al. “Dancing under the stars: video denoising in starlight.” CVPR . 2022.
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LED: A Calibration-free Pipeline

… Virtual Noise Parameters

Target Camera Noise Parameters
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What can LEDs achieve?

6 Pairs + 1.5K iteration = SOTA performance!
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What can LEDs achieve?

Previous SOTA[2] LED (Ours)

[2] Wei, Kaixuan, et al. "Physics-based noise modeling for extreme low-light photography." IEEE TPAMI. 2021.

↑ 𝟎. 𝟐𝟓𝟔𝟖

↑ 𝟎. 𝟏𝟒𝟓𝟏

↑ 𝟎. 𝟎𝟔𝟏𝟑

Reducing almost a full day of training time to just 4 minutes!
PMN[4]’s training strategy

[4] Feng, Hansen, et al. "Learnability enhancement for low-light raw denoising: Where paired real data meets noise modeling."ACMMM. 2022
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LED: A Calibration-free Pipeline

1. Pre-define noise model Φ，

random sample noise 

parameters as “Virtual Cameras”.

2. Pre-train the network with 

synthesis noise.

3. Collect few-shot paired data 

with target camera.

4. Fine-tuning the network with 

data collected in 3.

…
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LED: A Calibration-free Pipeline

CSA𝑘 𝑘 ∗ 𝑥 + 𝑏

Transfer Learning: rapidly deploy on new cameras

3 × 3 0 weight, 0 bias

Continual Learning: generalize to real scenarios
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LED: A Calibration-free Pipeline

• Reparameterization: without any additional computational cost 

while deploying!

CSA𝑇
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Sequential Rep. Parallel Rep.
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Visualization

• Out-Of-Model Noise
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Visualization

Input ELD[2] LED (Ours)

[2] Wei, Kaixuan, et al. "Physics-based noise modeling for extreme low-light photography." IEEE TPAMI. 2021.
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Discussion

• Why with Two Pairs?
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Thanks!
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