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Step1: SURE Step 2: Internal adaptation

Overview General principle of non-local denoisers
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NL-Ridge denoises each patch by
linearly combining the most similar
noisy patches:

f⇥(Y ) = Y⇥
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Proposition 0.1

Let Y = X + W where Y,X,W 2 Rn⇥m and Wi,j ⇠
N (0,�2) are independent along each row. An unbiased
estimate of the risk R⇥(X) = Ekf⇥(Y )�Xk2F is Stein’s
unbiased risk estimate (SURE):

SURE⇥(Y ) = �nm�2 + kf⇥(Y )� Y k2F + 2�2 div f⇥(Y )

= �nm�2 + kY⇥� Y k2F + 2n�2 tr(⇥)

B Substituting this estimate for the risk R⇥(X) yields:

argmin
⇥

R⇥(X) ⇡ argmin
⇥

SURE⇥(Y ) = ⇥̂1

⇥̂1 = Im � n�2(Y >Y )�1
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Proposition 0.1

The quadratic risk R⇥(X) is:

Ekf⇥(X +W )�Xk2F = kX⇥�Xk2F + n�2k⇥k2F

which is minimal for:

⇥⇤ = (X>X + n�2Im)�1X>X

(solution of the multivariate Ridge regression).

B Substituting X̂1 for X in the risk expression yields:

argmin
⇥

R⇥(X) ⇡ argmin
⇥

R⇥(X̂1) = ⇥̂2

⇥̂2 = (X̂>
1 X̂1 + n�2Im)�1X̂>

1 X̂1
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Fig. 2: PSNR results on Barbara corrupted with Gaussian noise (� = 20).
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Table. 1: The average PSNR (dB) results of di↵erent methods on various datasets
corrupted with Gaussian noise (� = 15, 25 and 50).
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NL-Bayes [2] was established in
the Bayesian setting:

f⇥,�(Y ) = ⇥Y + �u>,

u denotes a m-dimensional vector
with all entries equal to one.
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NL-Ridge (step 2) / 30.64 dB
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NL-Ridge (step 1) / 29.61 dB
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The optimal parameters ⇥⇤ for the local de-
noiser f⇥ are found by minimizing the L2 risk:

R⇥(X) = Ekf⇥(Y )�Xk2F .

As ⇥⇤ requires the knowledge of X which is
unknown, we use the following two-step algorithm:

• Step 1: Minimize Stein’s unbiased risk es-
timate (SURE) [3] to approximate ⇥⇤, repo-
sition all the denoised patches and compute
the Î1 image aggregating estimators at each
pixel.

• Step 2: ⇥ is improved via ”internal adap-
tation” [4] with the pilot image Î1.
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Fig. 1: Denoising results after step 1 and 2 (left), number of estimates by pixel
before aggregation (middle) and standard deviation (right).
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BM3D [1] assumes a locally sparse
representation in a transform domain:

f⇥(Y ) = P>(⇥� (PY Q))Q>,

P and Q are orthogonal matrices.
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Methods Set12 BSD68 Urban100

Noisy 24.61 / 20.17 / 14.15 24.61 / 20.17 / 14.15 24.61 / 20.17 / 14.15

U
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T
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d
. BM3D 32.37 / 29.97 / 26.72 31.07 / 28.57 / 25.62 32.35 / 29.70 / 25.95

NL-Bayes 32.25 / 29.88 / 26.45 31.16 /28.70/ 25.58 31.96 / 29.34 / 25.56
NL-Ridge 32.46/ 30.00 /26.73 31.20/ 28.67 / 25.67 32.53/29.90/26.29

D
L

DIP 30.12 / 27.54 / 24.67 28.83 / 26.59 / 24.13 - / - / -
Noise2Self 31.01 / 28.64 / 25.30 29.46 / 27.72 / 24.77 - / - / -
Self2Self 32.07 /30.02/ 26.49 30.62 / 28.60 /25.70 - / - / -

S
u
p
e
r-

v
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ed

DnCNN 32.86/30.44/ 27.18 31.73/29.23/ 26.23 32.68 / 29.97 / 26.28
FFDnet 32.75 / 30.43 /27.32 31.63 / 29.19 /26.29 32.43 / 29.92 /26.52
LIDIA 32.85 / 30.41 / 27.19 31.62 / 29.11 / 26.17 32.80/30.12/ 26.51
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We propose a unified view to reconcile state-of-the-art un-
supervised non-local denoisers. We derive NL-Ridge algorithm
which leverages local linear combinations of noisy similar patches.

B We show that non-local denoisers are characterized by the

family of functions (f⇥) used to process groups of similar

noisy image patches.

B The optimal parameters ⇥⇤
for each group are found by min-

imizing an approximation of the L2 risk via a two-step algo-

rithm.

B NL-Ridge linearly combines noisy similar patches. Our closed-

form aggregation weights are computed, in the second step,

through multivariate Ridge regressions.

B NL-Ridge outperforms well established state-of-the-art unsu-

pervised denoisers, including BM3D [1] and NL-Bayes [2], as

well as recent unsupervised deep learning methods [5, 6, 7],

while being simpler conceptually.


