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Abstract

This work systematically investigates the adver-
sarial robustness of deep image denoisers (DIDs),
i.e, how well DIDs can recover the ground truth
from noisy observations degraded by adversarial
perturbations. Firstly, to evaluate DIDs’ robust-
ness, we propose a novel adversarial attack, namely
Observation-based Zero-mean Attack (OBSATK),
to craft adversarial zero-mean perturbations on
given noisy images. We find that existing DIDs
are vulnerable to the adversarial noise generated by
OBSATK. Secondly, to robustify DIDs, we pro-
pose an adversarial training strategy, hybrid ad-
versarial training (HAT), that jointly trains DIDs
with adversarial and non-adversarial noisy data to
ensure that the reconstruction quality is high and
the denoisers around non-adversarial data are lo-
cally smooth. The resultant DIDs can effectively
remove various types of synthetic and adversarial
noise. We also uncover that the robustness of DIDs
benefits their generalization capability on unseen
real-world noise. Indeed, HAT-trained DIDs can
recover high-quality clean images from real-world
noise even without training on real noisy data. Ex-
tensive experiments on benchmark datasets, includ-
ing Set68, PolyU, and SIDD, corroborate the effec-
tiveness of OBSATK and HAT.

1 Introduction

Image denoising, which aims to reconstruct clean images
from their noisy observations, is a vital part of the image pro-
cessing systems. The noisy observations are usually mod-
eled as the addition between ground-truth images and zero-
mean noise maps [Dabov et al., 2007; Zhang et al., 2017].
Recently, deep learning-based methods have made signifi-
cant advancements in denoising tasks [Zhang et al., 2017;
Anwar and Barnes, 2019] and have been applied in many
areas including medical imaging [Gondara, 2016] and pho-
tography [Abdelhamed et al., 2018]. Despite the success
of deep denoisers in recovering high-quality images from a

Please refer to the full-length paper [Yan er al., 2022] for the
appendices, proofs, and codes.
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certain type of noisy images, we still lack knowledge about
their robustness against adversarial perturbations, which may
cause severe safety hazards in high-stake applications like
medical diagnosis. To address this problem, the first step
should be developing attack methods dedicated for denois-
ing to evaluate the robustness of denoisers. In contrast
to the attacks for classification [Goodfellow et al., 2015;
Madry et al., 2018], attacks for denoising should consider
not only the adversarial budget but also some assumptions
of natural noise, such as zero-mean, because certain pertur-
bations, such as adding a constant value, do not necessar-
ily result in visual artifacts. Although Choi er al. [2021;
2019] studied the vulnerability for various deep image pro-
cessing models, they directly applied the attack from classi-
fication. To the best of our knowledge, no attacks are truly
dedicated for the denoising task till now.

To this end, we propose the observation-based zero-mean
attack (OBSATK), which crafts a worst-case zero-mean per-
turbation for a noisy observation by maximizing the distance
between the output and the ground-truth. To ensure that
the perturbation satisfies the adversarial budget and the zero-
mean constraints, we utilize the classical projected-gradient-
descent (PGD) [Madry et al., 2018] method for optimization,
and develop a two-step operation to project the perturbation
back into the feasible region. Specifically, in each iteration,
we first project the perturbation onto the zero-mean hyper-
plane. Then, we linearly rescale the perturbation to adjust
its norm to be less or equal to the adversarial budget. We
examine the effectiveness of OBSATK on several benchmark
datasets and find that deep image denoisers are indeed sus-
ceptible to OBSATK: the denoisers cannot remove adversarial
noise completely and even yield atypical artifacts, as shown
in Figure 2g.

To robustify deep denoisers against adversarial perturba-
tions, we propose an effective adversarial training strategy,
namely hybrid adversarial training (HAT), to train denois-
ers by using adversarially noisy images and non-adversarial
noisy images together. The loss function of HAT consists
of two terms. The first term ensures the reconstruction per-
formance from common non-adversarial noisy images, and
the second term ensures the reconstructions between non-
adversarial and adversarial images to be close to each other.
Thus, we can obtain denoisers that perform well on both non-
adversarial noisy images and their adversarial perturbed ver-
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sions. Extensive experiments on benchmark datasets verify
the effectiveness of HAT.

Moreover, we reveal that adversarial robustness benefits
the generalization capability to unseen types of noise, i.e.,
HAT can train denoisers for real-world noise removal only
with synthetic noise sampled from common distributions like
Gaussians. That is because OBSATK searches for the worst-
case perturbations around different levels of noisy images,
and training with adversarial data ensures the denoising per-
formance on various types of noise. In contrast, other rea-
sonable methods for real-world denoising [Guo et al., 2019;
Lehtinen et al., 2018] mostly require a large number of real-
world noisy data for the training, which are unfortunately not
available in some applications like medical radiology. We
conduct experiments on several real-world datasets. Numer-
ical and visual results demonstrate the effectiveness of HAT
for real-world noise removal.

In summary, there are three main contributions in this
work: 1) We propose a novel attack, OBSATK, to generate
adversarial examples for noisy observations, which facilitates
the evaluation of the robustness of deep image denoisers. 2)
We propose an effective adversarial training strategy, HAT,
for robustifying deep image denoisers. 3) We build a con-
nection between adversarial robustness and the generalization
to unseen noise, and show that HAT serves as a promising
framework for training generalizable deep image denoisers.

2 Notation and Background

Adversarial robustness and adversarial training Con-
sider a deep neural network (DNN) {fy : 6 € ©} map-
ping an input y to a target x, the model is trained to min-
imize a certain loss function that is measured by particu-
lar distance d(-,-) between output fy(y) and the target x.
In high stake applications, the DNN should resist small
perturbations on the input data and map the perturbed in-
put to a result close to the target. The notion of robust-
ness has been proposed to measure the resistance of DNNs
against the slight changes of the input [Szegedy et al., 2014;
Goodfellow et al., 2015]. The robustness is characterized by
the distance d(fy(y’), x) between fy(y’) and target x, where
the worst-case perturbed input y’ is located within a small
neighborhood of the original input y and maximizes the dis-
tance between its output and target x.

y = argmax d(fo(y'),x). )
vy =yll<p

The worst-case perturbation y’ can be approximated via
many adversarial attack methods, such as FGSM [Goodfel-
low et al., 2015], I-FGSM [Kurakin et al., 2017], and PGD
[Madry et al., 2018], which solve (1) via gradient descent
methods. The distance d(fy(y’),x) is an indication of the ro-
bustness of fy around y: a small distance implies strong ro-
bustness and vice versa. In terms of image classification, the
p-neighborhood is usually defined by the ¢,,-norm and the
distance d(-, -) is measured by the cross-entropy loss [Madry
et al., 2018] or a margin loss [Carlini and Wagner, 2017].
For image restoration, the distance between images is usually
measured by the ¢o-norm [Zhang ef al., 2017].
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In most cases, deep learning models have been shown to
be vulnerable against adversarial attacks under normal train-
ing (NT) [Tramer et al., 2020; Yan et al., 2019]. To robustify
DNNs, Madry er al. [2018] proposed the PGD adversarial
training (AT) method which trains DNNs with adversarial ex-
amples of the original data. AT is formally formulated as the
following min-max optimization problem,

min  max N,x). 2

min y,:Hy,gtyuépd(fo(y ), %) 2)
Its effectiveness has been verified by extensive empirical and
theoretical results [Yan et al., 2021; Gao et al., 2019]. For
further improvement, many variants of PGD have been pro-
posed in terms of its robustness enhancement [Zhang et al.,
2019al, generalization to non-adversarial data [Zhang et al.,
2020al, and computational efficiency [Shafahi et al., 2019].

Deep image denoising During image capturing, unknown
types of noise may be induced by physical sensors, data
compression, and transmission. Noisy observations are usu-
ally modeled as the addition between the ground-truth im-
ages and certain zero-mean noise [Dabov et al., 2007], i.e.,
Y = X + V with EQ[ZZl V[i]] = 0, where V[i]
is the i element of V. The random vector X € R™
with distribution P denotes a random clean image and the
noise V. € R™ with a distribution () satisfies the zero-
mean constraint. Denoising techniques aim to recover clean
images from their noisy observations [Zhang et al., 2017,
Dabov et al., 2007]. Suppose we are given a training set
S = {(y]‘,Xj)};-v:l of noisy and clean image pairs sam-
pled from distributions ) and P respectively, we can train
a DNN to effectively remove the noise induced by distri-
bution @ from the noisy observations. A series of DNNs
have been developed for denoising in recent years, includ-
ing DnCNN [Zhang et al., 2017] and RIDNet [Anwar and
Barnes, 2019].

In real-world applications [Abdelhamed er al., 2018; Xu
et al., 2017], the noise distribution @ is usually unknown
due to the complexity of the image capturing procedures; be-
sides, collecting a large number of image pairs (clean/noisy
or noisy/noisy) for training sometimes may be unrealistic in
safety-critical domains such as medical radiology [Zhang et
al., 2019b]. To overcome these, researchers developed de-
noising techniques by approximating real noise with common
distributions like Gaussian or Poisson [Dabov et al., 2007;
Zhang et al., 2019b]. To train denoisers that can deal with
different levels of noise, where the noise level is measured
by the energy-density ||v||3/m of noise, the training set may
consist of noisy images sampled from a variety of noise distri-
butions [Zhang et al., 20171, whose expected energy-densities
range from zero to certain budget €2 (the expected f5-norms
range from zero to €,/m). For example, S¢ = {(y/, xj)}évzl
where y; = x; + v; and x; and v; are sampled from P and
@ respectively and where () is randomly selected from a set
of Gaussian distributions Q¢ = {N(0,%I)|o € [0,¢]}. The
denoiser f;(-) trained with S€ is termed as an e-denoiser.

On robustness of deep image denoisers In practice, data
storage and transmission may induce imperceptible pertur-
bations on the original data so that the perturbed noise may
be statistically slightly different from the noise sampled from
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Figure 1: Illustration of OBSATK. Left: We perturb a noisy obser-
vation y of the ground-truth x with an adversarial budget p in the
£2-norm. For an e-denoiser, we choose a proper value of p to ensure
the norm of the total noise is bounded by e4/m, where m denotes
the image size. Right: The perturbation § is projected via the two-
step operation onto the region defined by the zero-mean and p-ball
constraints.

the specific original distribution. Although an e-denoiser can
successfully remove noise sampled from @) € Q°F, the per-
formance of noise removal on the perturbed data is not guar-
anteed. Thus, we propose a novel attack method, OBSATK,
to assess the adversarial robustness of DIDs in Section 3. To
robustify DIDs, we propose an adversarial training strategy,
HAT, in Section 4. HAT-trained DIDs can effectively de-
noise adversarial perturbed noisy images and preserve good
performance on non-adversarial data. Besides the adversarial
robustness issue, it has been shown that e-denoisers trained
with §¢ cannot generalize well to unseen real-world noise
[Lehtinen er al., 2018; Batson and Royer, 2019]. Several
methods have been proposed for real-world noise removal,
but most of them require a large number of real noisy data for
training, e.g., CBDNet (clean/noisy pairs) [Guo et al., 2019]
and Noise2Noise (noisy pairs) [Lehtinen et al., 2018], which
is sometimes impractical. In Section 4.3, we show that HAT-
trained DIDs can generalize well to unseen real noise without
the need of utilizing real noisy images for training.

3 OBSATK for Robustness Evaluation

In this section, we propose a novel adversarial attack,
Observation-based Zero-mean Attack (OBSATK), to evalu-
ate the robustness of DIDs. We also conduct experiments
on benchmark datasets to demonstrate that normally-trained
DIDs are vulnerable to adversarial perturbations.

3.1 Observation-based Zero-mean Attack

An e-denoiser f§(-) can generate a high-quality reconstruc-
tion f§(y) close to the ground-truth x from a noisy observa-
tion y = x + v. To evaluate the robustness of f§(-) with
respect to a perturbation on y, we develop an attack to search
for the worst perturbation §* that degrades the recovered im-
age f5(y + 6*) as much as possible. Formally, we need to
solve the problem stated in Eq. (3). The optimization prob-
lem is subject to two constraints: The first constraint requires
the norm of § to be bounded by a small adversarial budget
p. The second constraint restricts the mean M (d) of all ele-
ments in d to be zero. This corresponds to the zero-mean as-
sumption of noise in real-world applications because a small
mean-shift does not necessarily result in visual noise. For
example, a mean-shift in gray-scale images implies a slight
change of brightness. Since the zero-mean perturbation is

Algorithm 1 OBSATK

Input: Denoiser fy(-), ground-truth x, noisy observation y,
adversarial budget p, #iterations T, step-size 77, minimum
pixel value ppi,, maximum pixel value pp,x

Output: Adversarial perturbation &

1: <0

2: fort =1to T do

3 8« 8+ Vsllf5(y +0) — xI3;

4 § < & — (6 "'n/||n||2)n where n is in (4a)
5 & < min(r/|8]», 1)6;

6: end for

700+ Clip(y + 67pmin7pmax) -y

added to a noisy observation y, we term the proposed attack
as Observation-based Zero-mean Attack (OBSATK).

§" = argmax | f5 (v + 8) — x]|3, (3a)
SeR™

1 m
st |18l <p, M(8) = — > 6y =0. (3b)

We solve the constrained optimizatioil 5r0blem Eq. (3) by
using the classical projected-gradient-descent (PGD) method.
PGD-like methods update optimization variables iteratively
via gradient descent and ensure the constraints to be satisfied
by projecting parameters back to the feasible region at the end
of each iteration. To deal with the ¢5-norm and zero-mean
constraints, we develop a two-step operation in Eq. (4), that
first projects the perturbation & back to the zero-mean hyper-
plane and then projects the result onto the p-neighborhood.

d™n
— ——n
nl3

"o 14 /
0" = min <7||5/H271> 0. (4b)

& = where n=[1,1,...,1]", (4a)

In each iteration, as shown in Figure 1, the first step in-
volves projecting the perturbation d onto the zero-mean hy-
perplane. The zero-mean hyperplane consists of all the vec-
tors z whose mean of all elements equals zero, i.e,n'z =0,
where n is the length-d all ones vector. Thus, n is a normal
of the zero-mean plane. We can project any vector onto the
zero-mean plane via (4a). The vector 9 is first projected along
the direction of n, then its projection ¢’ onto the zero-mean
plane equals itself minus its projection onto n. The second
step involves further projecting 8’ back to the p-ball via lin-
ear scaling. If ¢’ is already within the p-ball, we keep ¢’
unchanged. Otherwise, the final projection 6" is obtained by
scaling 8’ with a factor p/||é’||2. For any two sets A and B,
although the projection onto A N B is, in general, not equal
to the result obtained by first projecting onto A, then onto B,
surprisingly, the following holds for the two sets in (3b).

Theorem 1 (Informal). Given any vector § € R™, the pro-
Jjection of 8 via the two-step operation in (4) satisfies the two
constraints in (3b), and the two-step projection is equivalent
to the exact projection onto the set defined by (3b).

The formal statement and the proof of Theorem 1 are pro-
vided in [Yan er al., 2022, Appendix A]l. The complete pro-
cedure of OBSATK is summarized in Algorithm 1.

1518



Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

(@) x (b) v ©y

(d) £5()

e)v+s Oy+ds (&) f6(y +9)

Figure 2: Given a normally-trained denoiser f§(-), from left to right are the ground-truth image x, Gaussian noise v, the Gaussian noisy
image y = x + v, the reconstruction f§(y) from y, adversarial noise v + 9, the adversarially noisy image y + &, and the reconstruction
f6(y + 6) from y + §. Comparing (a), (d) and (g), we observe that fg(-) can effectively remove Gaussian noise but its performance is
degraded when dealing with the adversarial noise (noise remains on the roof and strange contours appear in the sky).

3.2 Robustness Evaluation via OBSATK

We use OBSATK to evaluate the adversarial robustness of e-
denoisers on several gray-scale and RGB benchmark datasets,
including Setl2, Set68, BSD68, and Kodak24. For gray-
scale image denoising, we use Train400 to train a DnCNN-
B [Zhang et al., 2017] model, which consists of 20 convo-
lutional layers. We follow the training setting in Zhang et
al. [2017] and randomly crop 128 x 3000 patches in size
of 50 x 50. Noisy and clean image pairs are constructed by
injecting different levels of white Gaussian noise into clean
patches. The noise levels o are uniformly randomly selected
from [0, €] with e = 25/255. For RGB image denoising, we
use BSD432 (BSD500 excluding images in BSD68) to train a
DnCNN-C model with the same number of layers as DnCNN-
B and but set the input and output channels to be three. Other
settings follow those of the training of DnCNN-B.

We evaluate the denoising capability of the e-denoiser on
Gaussian noisy images and their adversarially perturbed ver-
sions. The image quality of reconstruction is measured via
the peak-signal-noise ratio (PSNR) metric. A large PSNR
between reconstruction and ground-truth implies a good per-
formance of denoising. We denote the energy-density of
the noise in test images as ¢ and consider three levels of
noise, i.e., € = 25/255, 15/255, and 10/255. For Gaussian
noise removal, we add white Gaussian noise with ¢ = €
to clean images. For Uniform noise removal, we generate
noise from U (—+/3¢,v/3¢). For denoising adversarial noisy
images, the norm budgets of adversarial perturbation are set
to be p = 5/255 - \/m and 7/255 - \/m respectively, where m
equals the size of test images. We perturb noisy observations
whose noise are generated from N (0, € — »/\/m), so that the
£5-norms of total noise in adversarial images are still bounded
by é-+/m and the energy-density thus are bounded by ¢2 . We
use Atk-#/\/m to denote the adversarially perturbed noisy im-
ages in the size of m with adversarial budget p. The number
of iterations of PGD in OBSATK is set to be five.

From Tables 1, we observe that OBSATK clearly degrades
the reconstruction performance of DIDs. In comparison to
Gaussian or Uniform noisy images with the same noise lev-
els, the recovered results from adversarial images are much
worse in the sense of the PSNR. For example, when remov-
ing é = 15/255 noisy images in Set12, the average PSNR of
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Dataset é N u Atk-3255 Atk-7hss
2%s5  29.16/0.02  29.15/0.01 24.26/0.12 23.12/0.10
Set68 15hs55  31.68/0.00 31.68/0/00 26.66/0.04 26.08/0.02
2%ss  30.39/0.01 30.41/0.01 24.32/0.18 22.96/0.13
Setl2 15hs5  32.78/0.00 32.81/0.00 26.91/0.05 26.25/0.01
2555 31.25/0.11 31.17/0.11 27.44/0.08 26.08/0.06
BSD68 15255 33.98/0.11 33.93/0.12 29.31/0.08 27.84/0.04
2555 32.20/0.13  32.13/0.14 27.87/0.08 26.37/0.07
Kodak24 15255 34.77/0.13 34.73/0.14 29.55/0.07 28.00/0.04

Table 1: The average PSNR (in dB) results of DnCNN denoisers
on the gray-scale and RGB datasets. Four types of noise are used
for evaluation, viz. Gaussian N and Uniform U/ random noise, and
OBSATK with two different adversarial budgets. The energy-density
of noise is bounded by 2.

reconstructions from Gaussian noise can achieve 32.78 dB,
whereas the PSNR drops to 26.25 dB when dealing with Atk-
7/255 adversarial images. We observe the consistent phe-
nomenon that a normally-trained denoiser f§(-) cannot ef-
fectively remove adversarial noise from visual results in Fig-
ure 2.

4 Robust and Generalizable Denoising via
HAT

The previous section shows that existing deep denoisers are
vulnerable to adversarial perturbations. To improve the ad-
versarial robustness of deep denoisers, we propose an ad-
versarial training method, hybrid adversarial training (HAT),
that uses original noisy images and their adversarial versions
for training. Furthermore, we build a connection between
the adversarial robustness of deep denoisers and their gen-
eralization capability to unseen types of noise. We show
that HAT-trained denoisers can effectively remove real-world
noise without the need to leverage the real-world noisy data.

4.1 Hybrid Adversarial Training

AT has been proved to be a successful and universally appli-
cable technique for robustifying deep neural networks. Most
variants of AT are developed for the classification task specif-
ically, such as TRADES [Zhang et al., 2019a] and GAIRAT
[Zhang et al., 2020b]. Here, we propose an AT strategy, HAT,



Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

for robust image denoising:

: 1/ 1 . )
minEx~pEo ueoEveay (1+_a”f9 (Y) = X2
@ € _ fe€ \112
a0 = F5OO1B). )

where Y = X + Vand Y’ = Y + 8*. Note that §* is
the adversarial perturbation obtained by solving OBSATK in
Eq. (3).

As shown in Eq. (5), the loss function consists of two
terms. The first term measures the distance between
ground-truth images x and reconstructions fg(y) from non-
adversarial noisy images y, where y contains noise v sam-
pled from a certain common distribution (), such as Gaus-
sian. This term encourages a good reconstruction perfor-
mance of fj from common distributions. The second term
is the distance between f§(y) and the reconstruction f§(y’)
from the adversarially perturbed version y’ of y. This term
ensures that the reconstructions from any two noisy observa-
tions within a small neighborhood of y have similar image
qualities. Minimizing these two terms at the same time con-
trols the worst-case reconstruction performance || f§(y’) —x|.

The coefficient o balances the trade-off between recon-
struction from common noise and the local continuity of f.
When « equals zero, HAT degenerates to normal training on
common noise. The obtained denoisers fail to resist adver-
sarial perturbations as shown in Section 3. When « is very
large, the optimization gradually ignores the first term and
completely aims for local smoothness. This may yield a triv-
ial solution that f always outputs a constant vector for any
input. A proper value of « thus ensures a denoiser that per-
forms well for common noise and the worst-case adversarial
perturbations simultaneously. We perform an ablation study
on the effect of « for the robustness enhancement and unseen
noise removal in [Yan et al., 2022, Appendix C].

To train a denoiser applicable to different levels of noise
with an energy-density bounded by €2, we randomly select
a noise distribution @) from a family of common distribu-
tions Q°. QF€ includes a variety of zero-mean distributions
whose variance are bounded by €2. For example, we define
Q5 = {N(0,0%I))|o ~ U(0,€)} for the experiments in the
remaining of this paper.

(a) Ground-truth

(b) NT

(c) HAT

Figure 3: From left to right are the ground-truth, the reconstruction
of a normally-trained denoiser against attack, and the reconstruction
of a HAT-trained denoiser against attack.
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4.2 Robustness Enhancement via HAT

We follow the same settings as those in Section 3 for train-
ing and evaluating e-deep denoisers. The highest level of
noise used for training is set to be € = 25/255. Noise is
sampled from a set of Gaussian distributions Q%,. We train
deep denoisers with the HAT strategy and set « to be 1, and
use one-step Atk-5/255 to generate adversarially noisy images
for training. We compare HAT with normal training (NT)
and the vanilla adversarial training (vAT) used in Choi et
al. [2021] that trains denoisers only with adversarial data.
The results on Set68 and BSD68 are provided in this section.
More results on Set12 and Kodak24 (in Tables B.1 and B.2)
are provided in [Yan et al., 2022, Appendix B].

Method é N Atk-3hs5 Atk-%255 Atk-7hss
2%ss  29.16/0.02 26.20/0.07 24.26/0.12 23.12/0.10
NT 15555 31.68/0.00 27.98/0.05 26.66/0.04 26.08/0.02
2%ss  29.05/0.07 27.02/0.15 25.51/0.32 24.34/0.34
VAT 1555 31.53/0.09 28.74/0.16 27.43/0.19 26.68/0.15
2%ss 28.88/0.04 27.48/0.10 26.40/0.16 25.32/0.17
HAT 1555 31.36/0.03 29.52/0.01 28.34/0.03 27.34/0.03

Table 2: The average PSNR (in dB) results of DnCNN-B denoisers
on the gray-scale Set68 dataset. NT and HAT are compared in terms
of the noise removal of Gaussian noise and adversarial noise. We
repeat the training for three times and report the mean and standard
deviation (mean/std).

From Tables 2 and 3, we observe that HAT obviously im-
proves the reconstruction performance from adversarial noise
in comparison to normal training. For example, on the Set68
dataset (Table 2), when dealing with 15/255-level noise, the
normally-trained denoiser achieves 31.68 dB for Gaussian
noise removal, but the PSNR drops to 26.08 dB against Atk-
7hss. In contrast, the HAT-trained denoiser achieves a PSNR
of 27.34 dB (1.26 dB higher) against Atk-7255 and maintains
a PSNR of 31.36 dB for Gaussian noise removal. In Figure 3,
we can see that when dealing with adversarially noisy im-
ages, the HAT-trained denoiser can recover high-quality im-
ages while the normally-trained denoiser preserves noise pat-
terns in the output. Besides, we observe that, similar to image
classification tasks [Zhang er al., 2019al, AT-based methods
(HAT and vAT) robustify deep denoisers at the expense of
the performance on non-adversarial data (Gaussian denois-
ing). Nevertheless, the degraded reconstructions are still rea-
sonably good in terms of the PSNR.

Method é N Atk-3255 Atk-%255 Atk-7hs5
2%ss  31.25/0.11 28.93/0.08 27.44/0.08 26.08/0.06
NT 1555 33.98/0.11 31.09/0.10 29.31/0.08 27.84/0.04
2%ss5  30.64/0.02 28.81/0.03 27.67/0.01 26.64/0.03
VAT 15555 33.45/0.06 31.10/0.05 29.79/0.02 28.63/0.08
2%ss  30.98/0.03 29.18/0.03 28.02/0.02 26.93/0.04
HAT 15555 33.67/0.04 31.38/0.04 30.03/0.02 28.80/0.01

Table 3: The average PSNR (in dB) results of DnCNN-C denoisers
on the RGB BSD68 dataset.
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Dataset BM3D DIP N2S(1)

NT VAT HAT N2C

PolyU  37.40/0.00 36.08/0.01 35.37/0.15

SIDD  25.65/0.00 26.89/0.02 26.51/0.03

35.86/0.01
CcC 35.19/0.00 34.64/0.06 34.33/0.14 33.56/0.01
27.20/0.70  27.08/0.28 33.44/0.02

36.77/0.00 37.82/0.04 -/-
34.49/0.10 36.26/0.06 -/-
33.50/0.03

Table 4: Comparison of different methods for denoising real-world noisy images in terms of PSNR (dB). We repeat the experiments of each
denoising method for three times and report the mean/standard deviation of PSNR values.

4.3 Robustness Benefits Generalization to Unseen
Noise

It has been shown that denoisers that are normally trained
on common synthetic noise fail to remove real-world noise
induced by standard imaging procedures [Xu et al., 2017;
Abdelhamed et al., 2018]. To train denoisers that can han-
dle real-world noise, researchers have proposed several meth-
ods which can be roughly divided into two categories, namely
dataset-based denoising methods and single-image-based de-
noising methods. High-performance dataset-based methods
require a set of real noisy data for training, e.g., CBDNet re-
quiring pairs of clean and noisy images [Guo et al., 2019]
and Noise2Noise requiring multiple noisy observations of ev-
ery single image [Lehtinen er al., 2018]. However, a large
number of paired data are not available in some applica-
tions, such as medical radiology and high-speed photography.
To address this, single-image-based methods are proposed to
remove noise by exploiting the correlation between signals
across pixels and the independence between noise. This cate-
gory of methods, such as DIP [Ulyanov et al., 2018] and N2S
[Batson and Royer, 2019], are adapted to various types of
signal-independent noise, but they optimize the deep denoiser
on each test image. The test-time optimization is extremely
time-consuming, e.g., N2S needs to update a denoiser for
thousands of iterations to achieve good reconstruction per-
formance.

Here, we point out that HAT is a promising framework
to train a generalizable deep denoiser only with synthetic
noise. The resultant denoiser can be directly applied to per-
form denoising for unseen noisy images in real-time. Dur-
ing training, HAT first samples noise from common distri-
butions (Gaussian) with noise levels from low to high. OB-
SATK then explores the p-neighborhood for each noisy im-
age to search for a particular type of noise that degrades the
denoiser the most. By ensuring the denoising performance
of the worst-case noise, the resultant denoiser can deal with
other unknown types of noise within the p-neighborhood as
well. To train a robust denoiser that generalizes well to real-
world noise, we need to choose a proper adversarial budget p.
When p is very small and close to zero, the HAT reduces to
normal training. When p is very much larger than the norm of
basic noise v, the adversarially noisy image may be visually
unnatural because the adversarial perturbation § only satisfies
the zero-mean constraint and is not guaranteed to be spatially
uniformly distributed as other types of natural noise being. In
practice, we set the value of p of OBSATK to be 5/255 - /m,
where m denotes the size of image patches. The value of «
of HAT is kept unchanged as 2.

Experimental Settings We evaluate the generalization ca-
pability of HAT on several real-world noisy datasets, includ-

ing PolyU [Xu et al., 2018], CC [Xu er al., 2017], and SIDD
[Abdelhamed et al., 2018]. PolyU, CC, and SIDD contain
RGB images of common scenes in daily life. These im-
ages are captured by different brands of digital cameras and
smartphones, and they contain various levels of noise by ad-
justing the ISO values. For the PolyU and CC, we use the
clean images in BSD500 for training an adversarially robust
e-denoiser with ¢ = 25/255. We sample Gaussian noise from a
set of distributions Qf, and add the noise to clean images to
craft noisy observations. HAT trains the denoiser jointly with
Gaussian noisy images and their adversarial versions. For the
SIDD, we use clean images in the SIDD-small set for training
and test the denoisers on the SIDD-val set. The highest level
of noise used for HAT is set to be ¢ = 50/255. In each case,
we only use clean images for training denoisers without the
need of real noisy images

Results We compare HAT-trained denoisers with the NT
and vAT-trained ones. From Table 4, we observe that HAT
performs much better than both competitors. For example, on
the SIDD-val dataset, the HAT-trained denoiser achieves an
average PSNR value of 33.44 dB that is 6.24 dB higher than
the NT-trained one. We also compare HAT-trained denoisers
with single-image-based methods, including DIP, N28S, and
the classical BM3D [Dabov et al., 2007]. For DIP and N2S
(the officially released codes of DIP and N2S are used here),
the numbers of iterations for each image are set to be 2,000
and 1,000, respectively. N2S works in two modes, namely
single-image-based denoising and dataset-based denoising.
Here, we use N2S in the single-image-based mode, denoted
as N2S(1), due to the assumption that no real noisy data are
available for training. We observe that HAT-trained denois-
ers consistently outperform these baselines. Visual compar-
isons are provided in [Yan et al., 2022, Appendix D]. Besides,
since the SIDD-small provides a set of real noisy and ground-
truth pairs, we train a denoiser, denoted as Noise2Clean
(N2C), with these paired data and use the N2C denoiser as
the oracle for comparison. We observe that HAT-trained de-
noisers are comparable to the N2C one for denoising images
in SIDD-val (a PSNR of 33.44dB vs 33.50dB).

5 Conclusion

Normally-trained deep denoisers are vulnerable to adversar-
ial attacks. HAT can effectively robustify deep denoisers
and boost their generalization capability to unseen real-world
noise. In the future, we will extend the adversarial-training
framework to other image restoration tasks, such as deblur-
ring. We aim to develop a generic AT-based robust optimiza-
tion framework to train deep models that can recover clean
images from unseen types of degradation.
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