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Do "denoisers" actually denoise?
Aligning denoiser evaluation with the real world 

MedFM-Bench workshop /
ECCV main track paper

 Noise in MRI
• MRI is inherently noisy, "clean" MRI does not exist [1]  

 ⇒ How to evaluate removal of real, physical MRI noise?

 ⇒ What is the ground truth?

 Denoiser evaluation flaws
•  Common practice in SOTA [e.g. 2-4]: 
    Add synthetic noise → evaluate against original image
     ◦ Rewards sustaining acquisition noise
     ◦ Evaluates only removal of added synthetic noise
⇒ Misalignment with evaluating real-world performance

 Fix MRI denoiser evaluation
•  Model acquiring MRI        as:

 

•  Denoising aims to find         s.t.:

 

•  Take (co-reg.) repeats  

  

 ⇒  Repeated acquisition           is a proxy for the clean image

 Real-world MRI noise

• 17 methods across 11 test conditions (+ T2w/FLAIR)
  ⇒ 7 / 17  rank worse than the Identity (NOP)
  ⇒ traditional BM4D denoiser [15] (2012!) ranks second

code &
 weights

 Take-aways
 • Denoisers are meant to remove real acquisition noise

   ⇒ Evaluation must be on independent noise instances

 • Aligned & unbiased benchmarks are key to develop 

    denoisers that actually remove physical, real-world noise 
  

• Potential self-supervised Foundation Model tasks:

    ◦ Denoising (& translation [1]): large datasets [16]

    ◦ ReN2N as data augmentation ⇒ resilience to noise!   

Benchmarking denoisers in the real world

 Proposed: YADO

• Learn from physical noise  ⇒ near-ideal training [7]

(See main track for details)

• Train with surrogate objective (blindspot [5,6] / noising [7])
  

    ⇒ Tradeoff: noise concealment vs. domain shift  

 ✔ MRI noise is (approximately) Gaussian
 ✗ MRI noise is not white! 
     ◦  autocorrelation due to CS, motion & interpolation 
 ⇒ evaluation with AWGN oversimplifies

acquired YADO variants Best-ranked baselines
NEx= 7
45 min

NEx= 1
6.5 min
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bold: best (p<0.05) —  gray: no improvement over Identity (NOP, p ≥ 0.05) 
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