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The Asymptotic Discrete Spot Noise (ADSN) model” The structure of the kriging matrix

Let Qv = [M] x [N] and U e R~ be a grayscale image, s of ADSN(U) Let k, ¢ be integers in [r], let Q];\f& = {(k+ir, 0+ 7J7r), i,7 € [M/r]x[N/r]} c

m its grayscale mean and t = ]\14 ~(U — m) its associated 2y v be the subgrid of {2y, y having stride r and starting at (k, £).

texton. Let W be a white Gaussian noise,

X =t«W ~ ADSNU) = (0, I’ Proposition 1 (Structure of the kriging matrix). There exists A e
which is a Gaussian stationary law. RGwmv < $hin - solution of Equation (1) such that Y e Ry o ATY ¢
T represents the convolution by the kernel 4 = t = t. R*5 corresponds to a convolution on each of the shifted subgrids Qﬁf;\},
k.0 e [r]. More precisely, A is fully determined by its r° first
columns A(k,l) = Aq,,, . <k, k€ e[r] and

The zoom-out operator A s
(ATY) Q1) = Ak, 0) « Y.

Let Upg be an image of R~ and r be an integer, we suppose that its LR version is
obtained as Urr = AUpp € RY%mvr where A = SC is a convolution C followed by a

b li tor S with stride r.
subsampling operator > with stride 7 Structure of A for r =2 and M = N = 6.
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Kriging reasoning for conditional sampling Pseudo-code of Gaussian SR

For Upyg e R¥v its associated model ADSN(U) = 4#(0,T") and Uy = AUpp, | | | - |
samples Xgr ~ ADSN(U) conditioned on AXsg = Upg have the form: o [ixact sampling using Gaussian conditional sampling.

Xon = ATUg + (X — ATAX) e [ifficient computations in Fourier exploiting the stationarity assumption
and the form of the operator.

with X ~ ADSN(U) independent of Upgp

and A e ROmvr<Qux verifying the kriging equation: e The kriging matrix A could be stored to generate several samples.

Input: An image Upp € RQM/T:N/T, r the zoom factor, t the convolution kernel of
the ADSN model, ¢ the kernel of the convolution of the zoom-out operator A =
ATATA — AT (1) qC ’
1. Step 1: Computation of kriging matriz A
E 2. Store per(t) the periodic component of t
ULr I i | : _ 3. Store the convolution kernels v = per(t) x pér(t), cx v and Kk = cx vy * C
: 3 Z o | s Tl e 4 for(k,f)e[T]QdO
b= 7(S((c*7)(-— k- — 1))
- R b[R 0]

- end for

- Step 2: Sampling of one SR version of Urr

. ° o £ . Generate W € RN following a Gaussian standard law
The convolutional form of the kriging equation X et

: XLR < AX
Lemma 1 (Convolution and subsampling). ATAT is a convolution matriz with kernel - for each shifted subgrid by (k, ¢) € [r]? do
K = S(c »~ x €) where c is the kernel of C. FEquation (1) becomes on each column of ; XSR(Q%’;\}) — Fy ! ((ﬁLR — X[ ) @X(k,é)) + X(0
A: end for

KxAk,0) = AI‘QM’NXUC,@), k,le|r] (2) - OQutput: Xgp

LR image ' SR sample Kriging component Innovation component

~

2023 International Conference on Acoustics, Speech, and Signal Processing

“Institut Denis Poisson — Université d’Orléans, Université de Tours, CNRS Universite

d’ORLEANS

Comparaison with other methods

e The HR image size is respectively 208x208 and 256x256 and the factor r = 8.

e The ADSN model is extracted from a reference image.

e For stochastic Gaussian SR and SRFlow, the table has been realized on 200 samples.

e Our method outperforms in terms of the perceptual LPIPS metric and execution time.

e PSNR and SSIM are optimal for blurry images.

LR image Reference image HR image Kriging component Bicubic

Evaluation metrics

PSNR (dB) 1 SSIM 1 LPIPS |  TIME (s)

Kriging component 28.42 0.56 0.69

Bicubic 30.21 0.65 0.54

SRFlow?(r = 0)  28.55 0.54 0.63 0.47 (GPU) ©
Gaussian SR (ours) 26.25 £ 0.05 0.42 £ 0.00 0.12 £0.01 0.01 (CPU) =5~
Wpp* 24.70 0.39 0.22 64.0 (GPU) |
SRFlow?(7 = 0.9) 2733+ 0.34 048 + 0.02 0.20 + 0.03 0.47 (GPU)

LR image Reference image ' icubi SRFlow® (17 = 0)
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Evaluation metrics (1 =10.9)

PSNR (dB) 1 SSIM 1 LPIPS |

Kriging component 21.78 0.24 0.87

Bicubic 23.52 0.45 0.70

SRFlow’(7 = 0)  21.84 0.24 0.87 0.55 (GPU) St
Gaussian SR (ours) 18.99 + 0.05 0.14 + 0.01 0.25 +0.01 0.02 (CPU) § s
WPP* 21.12 0.21 0.42 77.0 (GPU) S
SRFlow?(7 = 0.9) 18.99 + 0.38 0.14 + 0.01 0.39 + 0.04 0.55 (GPU) "

Conclusion

e Super-resolution is performed in a well-based mathematical framework.
e An efficient sampler can be computed due to the stationarity assumption.

e The same routine could be used for other operators of the form convolution followed by
subsampling.
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