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Rethinking Real-World MRI Denoising: Learning from Physical Noise

 Quantitative Benchmark

• Resort to surrogate single-noisy targets, e.g.
     ◦ blind-spot masks: N2Void [2,3], Neigh2Neigh [4]
     ◦ synthetic noising: Noisier2N [5], N2Score [6]
  

 ⇒  Tradeoff: noise concealment vs. domain shift  
 ⇒  incomplete noise removal and blurring
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 Our Results

 Noise in MRI
• MRI is inherently noisy ⇒ no "clean" MRI exists 

      ◦ approximation: average NEx ≫ 1 images

• Noise harms information extraction [1]

      ◦ e.g. biomarkers like PVS and WMHs

• Canonical Noise2Clean training is impossible  

 Proposed method: YADO (You Accurately Denoise real Observations)

• N2N-like [7] training with / without guidance using physical / synthetic (DM-generated) repeats

  ⇒ 4 YADO variants: { u unguided, g guided } x { pN2N, ReN2N }  

pN2N (physical Noise2Noise): ReN2N (ReNoise2Noise):

⇒ All YADO versions achieve SOTA performance
 ◦ 7/17 baseline worse than Identity (MedFM poster)
 ◦ Only 2 competing methods actually improve CNR at PVS   
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 Conclusion
•  Previous methods fail on real-world noise

         ⇒ bad performance hidden by flawed evaluation 

• Our work closes this gap: 

      SOTA denoising from routine scans

         ⇒ reliable image quality improvements

         ⇒ matches physical noise supression 
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YADO: unprecedented image quality
 ◦  training: physical / realistic synthetic pairs 
  ⇒  YADO + 6.5 (+5) min routine MRI ≈ 45 min acquisition
Existing denoisers: disappointing performance
 ◦  training: surrogate target, not real-world MRI
  
  

✗

✔
acquired
images

T1w(1)

re-use input image

T2w, ...

T1w(2)

mask
L

N2Void

fθ

Ner2N

fθ
add noise

L

acquired
images

L

physical repeat

optional
guidance (g)

T2w, ...

T1w(2)

T1w(1)

pN2N

fθ

optional guidance

acquired
images

optional
T2w, ...

T1w(2)

T1w(1)

L
ReN2N

fθ

X renoise*

renoise*

synthetic

renoise (ReN)

* one ReN step 
 can be omitted


