GAN2GAN: Generative Noise Learning for
Blind Denoising with Single Noisy Images
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Blind Image Denoising o . Component 3: Iterative GAN2GAN
o : . e ) - Carry out the iterative Noisy N2N with generators 9e., 96,
* Image denoising without c/lean images . Iterative “Noisy N2N _» . 1stiterative GAN2GAN
- Classical denoising methods (Ex. BM3D, WNNM) 1. Start from a noisy estimate of X 227“ »  Generate the pairs for collecting given Z(®) ¢ D
- Time and computation consuming 2. Simulate the noise in image = 2 (1) 5 (0) (i) (3) (i) (3)
- Recently, several neural network based methods are proposed 3. Carry out the N2N training e miil\;y-NZN (217, Z ) (96,(Z'") + go,(117), 90, (Z'") + go, (T15));
- Consider different settings, such as 4. Do iteratively i mo?sy-mgzz . Adenoiser X4(Z) is trained by
Alg.\ Requirements || Clean image | Noisy “pairs” | Noise model A N A1 (i) . NONC
N2N [12] X V4 X (8. 1133 (6. 5152) (5. 211‘; (4. 0156) 3. 0135; 2. 121(; (L. 2282) (0. 523(; £G2G(¢, Dl) — oy Z (Z X¢(Z12 ))
HQ SSL [11] X X v . : : TR Replace and
SURE 18 X X i Three Components of GAN2GAN - j-thiterative GAN2GAN (with j > 2) e
“ : : »  Generate D; using 96, and X,. pertoTm rerative’y
Bxt. SURE [26 X v v . Notations and settings X 8 9 : L~
GCBD [6] v X X . e > A new denoiser G2G; is obtained by :
10 - Consider the noisyimage Z = x + N A . A Warm-starting
GAN2GAN (Ours) X X X » X :cleanimage ¢j — arg m1n¢ £GQG(¢, Dj) from @,
» NN : the zero mean, additive and source-independent noise T K=

We consider more challenging settings!
Experimental Results

*  Contributions of our work e  Component 1: Noise patch extraction | S
o H ” . . ) .
- Propose “Noisy N2N™ as a core motivation - Propose to use the 2D discrete wavelet transform (DWT) Experimental result on a synthetic noise
- Devise three components of GAN2GAN . 4 / - Training data: BSD400, Test data: BSD68, Model: DnCNN
- Achieve state-of-the-art performance in various datasets ‘ A A A - Gaussian noise
=Y |6(Wi(p)) — El6w (p)]| < AE[6w (P)], . .
. o 4 - = — o PSNR/SSIM | —pymn DnCNN-IIBSaselmeS N2N N2V %, GzcciZG vmlamgzc;2 G2G, lrflgpce{laz(.)&r;?
M0t|vat|0n k=1 the empirical standard deviation o =15 | 31.07/0.8717 | 31.44/0.8836 | 31.20/0.8745 | 29.48/0.8199 | 25.94/0.7519 | 30.98/0.8552 | 32.51/0.8827 | 31.45/0.8825 | 31.64/0.8870
0=25 | 28.56/0.8013 | 28.92/0.8137 | 28.74/0.8041 | 26.97/0.7083 | 24.16/0.6630 | 28.23/0.7669 | 28.82/0.8056 | 28.96/0.8080 | 29.11/0.8189
o =30 | 277807727 | 28.06/0.7812 | 27.91/0.7720 | 26.38/0.6657 | 23.43/0.5967 | 27.58/0.7413 | 27.99/0.7783 | 28.03/0.7759 | 28.28/0.7890
o The core motivation: “N Oisy N2N” . Elow(p)] & % Zi L 6(Wi(p)) and A € (0, 1) is hyperparameter o =50 | 25.60/0.6866 | 25.78/0.6721 | 25.71/0.6712 | 24.30/0.5765 | 20.58/0.4482 | 25.08/0.6215 | 25.55/0.6639 | 25.78/0.6749 | 26.03/0.6951
° = Y
- consider a single-letter Gaussian noise setting >~ Determine P is smooth if it satisfy above rule - Mlxture/COrre!aFed noise _— —
. . ' PSNR/SSIM - - aselnes - : variation - . T O.UI'I
- let Z/ = X +]V, in which X ~ N (0,03() and N ~ N (0,0']2\,) - Once N patches are extracted from p = {Z(Z)}"fb_l Cacp | 5= 15 41.?4%3:5822 319).6511(\)1.1\91739 40.521/%)1.\;860 33.51;/%)\./9368 3185/0.9522 42.365:/259876 5603588 | AZAIIS }1\122.9%(/%(.19?4);
- - oy vers th! - - i [=414%s |amas | anee | oty | mnee | inen | Saees | Benos Eor fins
- The I;IOISV /observatlon of a NOISy version of X g Subtract each patch with its mean pixel V&JUE Case B | _ 50 | 20.27/0.8190 | 30.20/0.8547 | 30.20/0.8547 | 28.22/0.7755 | 27.36/0.7712 | 29.78/0.8345 | 30.04/0.8392 | 30.00/0.8417 | 30.39/0.8574
 Z = X'+ N and Z,= X'+ Ny, . Obtain a set of noise’ patches, A" = {n()}Y , P e B AR b B AT e B
in which X’ = X 4+ Ny and Ny ~ N(0,03) . E i ;
xperimental result on a real noise
. Component 2: Training a generative model - The source-independent and pixel-wide correlated real noise

“Noisy” N2N estimator of 7| given Z,

i - QOverall structure and loss functions 38 . +BY
48 PSNR 31 79
: Conv +BN + ReLU n(j) 37 46 i Rifas2
/ AN . / / 9 ' for Ry T e s
iy sox(Z4,9) 2 argminE(Z} — (2 =] -
f y ( 1> y) g f ( 2 J;( 1)) : l -+ Ln(01,w1) A E,, [fwl (n)] _ ]Er[fwl (901 (r))} ;zgss T i ;2'542 —
—— ariations —— ariations
_ 1Al 0x (1+y) / 2 | &34 —— N2C(Eq.(4)) 401 o —— N2C(Eq.(4) -
E (X | Zl ) — 2 2 Zl _— ml—> j% Fews 33+ BM3D 38 % e BM3D W 10.6966 .
UX (]- _I_ y) _|_ ON H ., A 32 ---- DNnCNNp 36 --- DnCNNg -f') . : .
l Zgi) . - —> EZ (91’ 02’ w2) py EZ I:wa (Z):| — EZ,’I‘ |:wa (g02 (Z) —|— 991 (’)"))] '_—_'_—_'_—_'_—_'_—_'_—_':"_'_—_'_—_': —— N'2V | 34 ',_,_._._._._.__._._., R N'2V i o :.': ‘
- Inwhich, y = 05 /0% and assume that 0 <y < 1 g0, oy

(a) Wide-Focal (WF) (b) Reconstructed CT

BM3D

(¢) Visualization

qu Leye(02,03) £ Ez |||z — go,(96,(Z))]]1]

- To approximately solve,
[ al (01, w1)+ BLZ(O1, 02, wa) + YLy (02, 03) ]

» (a, 8,7) is the hyperparameters
- Obtain a noise generator g6, and rough denosier 96

Q) What happens when we use the mapping fNoisy Nan(Z1, Y)
for estimating X given / = X+ N ?

Theorem 1 Consider the single-letter Gaussian setting and fnoisy N2n(Z,y) obtained in . Also,
assume 0 < y < 1. Then, there exists some yo s.t. Vy € (yo, 1), E(X — froiy n2n(Z,9))? < 7.

’ fNoisy N2N(Z) gives a better

mln max
61,02,03 wi,wo

- For a sufficiently large 08
estimate X than X'

32. 64/035947

PSNR | SSIM 40.90 / 0.5959 45.88/ 0.9394
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