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Introduction

Methods

One-pot multi-frame 
denoising (OPD) is 
necessary!

◆ Propose OPD, the first unsupervised MFD method based on an unprecedented mutual supervision paradigm.
◆ Specifically from the perspectives of data allocation and loss function, OPD-RC and OPD-AL are presented.
◆ OPD behaves as the SOTA unsupervised method and is comparable to supervised N2C methods.

but so

Hard to get clean 
images in real life

Multi-frame noisy images 
are available in many scenes

Multi-frame denoising 
(MFD) is necessary!

Existing MFD 
methods: KPN, 
MKPN, BPN, etc. 

All previous MFD 
methods are supervised

Unsupervised 
MFD is necessary!

N2N is closest to 
what we want

N2N lacks full utilization 
of the multiple frames

Motivation

Contributions

OPD-RC
(Random Coupling)

the common workflow 
to train a learning-
based model

the key difference 
between OPD-RC 
and other strategies

OPD-AL
(Alienation Loss)

Experiments

naïve mean square error 
(MSE), similar to N2N

Quantitative Evaluation OPD Makes Training More Efficient

Denoising OCT Speckle Noise

More Frames Bring 
Better Performance

Qualitative comparisons of RD3D with state
methods.
Qualitative comparisons of RD3D with state
methods.

Denoising Synthetic Noise

Denoising OCT Speckle Noise

with state-of-the-art (SOTA) 

with state-of-the-art (SOTA) 

mean square alienation (MSA), 
rewarding the inter-frame alienation 
mined by model training


