Do "denoisers" actually denoise?

o L e Aligning denoiser evaluation with the real world
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‘Noise in MRI

* MRI is inherently noisy, "clean™ MRI does not exist [1]
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Fix MRI denoiser evaluation

» Model acquiring MRI X, as:

. OASIS-3 trained (ca. 1.0 mm) HCP-A trained (0.8 mm) all ] X': clean image
= How to evaluate removal of real, physical MRI noise? SSIM (%) CNR SSIM (%) CNR rank X, = E[X]+n, = X +n, n ~ Dnoise
. Denoiser Venue OAS3 CHDI Kirby HCP-E -YA RS PVS HCP-E -YA RS PVS all . . . £ n|:=0
=>What is the ground truth? ~ + Denoising aims to find f(+) s.t
N u pN2N 89.39 94.25 95.69 89.65 94.06 93.83 2.63 87.05 85.85 90.44 2.15 4.55 . v |
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" ~ u ReN2N 4 89.41 0433 95.99 90.60 94.50 94.37 2.74 88.25 86.66 91.23 2.32 2.09 | erry = f(Xin) — 7 1
Den()lser evaluation flaws g pN2N Prob 90.03 94.11 (94.63) 89.96 94.11 94.312.85 86.87 86.05 89.93 2.25 4.17 .+ Take (co-reg.) repeats Xin, Xref (S.t. Nin L Nyef):
g g ReN2N 89.7794.59 (95.63) 90.91 94.5994.59 2.85 88.74 86.9891.69 2.29 1.46 _ -
~+ Lommon practice In SOTA [e.g. 2-4]. ~ Ner2N [7 CVPR 20  88.59 93.53 95.58 89.47 93.91 93.42 2.28 84.63 82.65 88.45 2.10 9.26 MSE (f(Xin), Xret) _”f(Xm) (X +nfef)H2_
Add synthetic noise — evaluate against original image . N2Score [§] NeurIPS 21 89.07 93.77 95.21 87.89 93.61 92.75 1.06 79.97 65.71 90.24 1.71 12.24 . H Hg e ‘ ||2 0T PR,
_ L : . [F ) — L |||€TLf ||, s [ || refilo| — 4 | CIT ¢ Xlyef
. Rewards sustaining acquisition noise - N2Void [5.6 CVPR'19  88.60 93.78 905.72 88.19 90.86 92.63 2.24 86.99 85.14 90.11 220 8.58 _ _ _ _ CIT p Dref
 S-N2Void [9) ISBI'20  88.69 93.67 95.59 88.43 91.38 92.62 2.17 87.42 85.89 90.56 2.22 7.81 T~ e e
o ' ' | : » aleatoric error correlation
: Evaluates only removal of added synthetic noise  Neigh2N. [10]  CVPR’21  87.94 93.03 94.59 89.08 93.61 92.68 2.31 87.36 85.40 80.63 1.83 9.75 const. V f —0 iff Ny Lnyer
§‘=>Misa“9"me"t with evaluating real-world performance RED WGAN [2] MedIA 19 86.35 91.38 93.42 87.21 89.48 90.49 2.18 84.70 83.53 88.34 1.88 1535 = Repeated acquisition Xt is a proxy for the clean image X’ |
| | CNN3D [2] MedIA 19 7.79 93.00 95.11 88.86 92.62 92.62 2.25 86.28 34.51 89.31 1.95 11.62 |
- DDM? [11] ICLR 23 51.05 43.04 39.29 35.15 39.49 48.27 0.16 23.64 30.25 39.82 0.02 22.00 -
- DDM? Reg. [11,1]ICLR ’23 ~ 87.28 91.14 92.73 84.10 89.80 91.28 1.76 72.24 75.28 84.41 1.01 17.70
 BME-X [3] Nat. BE '25 83.10 87.81 86.64 82.87 88.38 88.05 1.55 82.71 82.17 88.14 1.56 18.68
~ N2Contr [4] [PMI 23  87.32 93.12 95.34 87.98 90.46 92.16 2.42 85.51 83.39 88.97 2.12 11.82 |
 YODA [1 TMI 26 88.29 87.95 (70.80) 83.48 86.87 89.18 2.17 71.19 80.11 84.17 1.69 17.30
~ DIP [12) CVPR ’18  87.87 93.27 95.31 89.04 92.23 92.88 2.33 86.77 84.86 89.58 1.97 9.84
. Pix2Pix [13] TPAMI 25 85.76 90.81 92.16 87.20 91.39 90.23 1.41 86.20 83.87 87.94 1.21 16.46
 ANTs NLM [14] JMRI'10  87.89 93.11 94.97 88.95 93.21 92.62 2.36 87.22 85.42 89.73 1.91 9.49 :[Eilé'.’j
- BM4D [15 TIP '12 88.28 93.40 95.33 89.37 93.71 92.93 2.13 87.81 86.09 90.27 1.83 7.96 f}?@
. BME-X as-is [3] Nat. BE 25 52.72 55.39 55.48 46.47 68.41 53.13 1.53 35.33 68.85 64.45 1.53 20.52 =) ,;_ R
code &
 Identity proposed  86.91 92.66 95.03 87.09 89.50 91.60 2.33 84.61 82.68 88.47 2.10 14.35 weights

bold: best (p<0.05) — gray: no improvement over Identity (NOP, p>0.05) Renoise 2N

acquired re-use Input image

Images

+ 17 methods across 11 test conditions (+ TZW/FLAIR)
= 7 /17 rank worse than the Identity (NOP)

= traditional BM4D denoiser [15] (2012!) ranks second

acqmred
images

(See main track for details)

» Train with surrogate objective (blindspot [5,6] / noising [7]) .
= Tradeoff: noise concealment vs. domain shift |
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* Learn from physical noise = near-ideal training [7]
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Take-aways

.- ~~

Real-world MRI noise

Residual distribution Q-Q plot of image residuals Effective noise residuals

ol 0 : * Denoisers are meant to remove real acquisition noise
o =003 3 j s = Evaluation must be on independent noise instances
S o : ; » Aligned & unbiased benchmarks are key to develop
EEZZ . 8 L [ [ | N denoisers that actually remove physical, real-world noise

Locally normalized residual

v MRI noise is (approximately) Gaussian
X MRI noise is not white!

o autocorrelation due to CS, motion & interpolation
= evaluation with AWGN oversimplifies
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Gaussian quantiles Offset (voxels)

» Potential self-supervised Foundation Model tasks:

o Denoising (& translation [1]): large datasets [16]
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o ReN2N as data augmentation = resilience to noise!
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