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Abstract

The blind-spot principle has been a widely used tool in
zero-shot image denoising but faces challenges with real-
world noise that exhibits strong local correlations. Existing
methods focus on reducing noise correlation, which also
weaken the pixel correlations needed for accurately esti-
mating missing pixels. In this paper, we first present a
rigorous analysis of how noise correlation and pixel cor-
relation impact the statistical risk of a linear blind-spot
denoiser. We then propose using an implicit neural rep-
resentation to resample noisy pixels, effectively reducing
noise correlation while preserving the essential pixel cor-
relations for successful blind-spot denoising. Extensive ex-
periments show our method surpasses existing zero-shot de-
noising techniques on real-world noisy images.

1. Introduction

Image denoising, which restores a clean image from its
noisy measurement, is a fundamental task in many low-level
vision applications. In recent years, deep learning is the
main driving force in this field, with many approaches pri-
marily relying on supervised learning [5, 25, 32, 38, 39, 47—
49, 51, 52]. These supervised methods train neural net-
works (NNs) on paired datasets, which often is synthesized
w.r.t. Additive White Gaussian Noise (AWGN). However,
Denoising NN trained on such synthetic noise often fail to
perform well (e.g., [2]) on real-world data due to significant
differences of AWGN and real-world noise.

Efforts to bridge the gap between synthesized and real-
world data have led to the creation of datasets with real-
world paired data, such as Smartphone Image Denoising
Dataset (SIDD) [1] for camera photographs and Fluores-
cence Microscopy Denoising (FMD) dataset [54] for fluo-
rescence microscopy images. Note that the creation of such
datasets is labor-intensive and often fails to cover the full
spectrum of real-world noise. Also, ground-truth (GT) im-
ages are difficult to obtain in fields like medical or scientific
imaging. The issues caused by the independence of image

pairs remain for supervised denoising NNs. To alleviate the
dependence on image pairs with truth images, some meth-
ods propose to train denoising NNs using unpaired noisy
and clean images [4, 14], or multiple noisy images of the
same scene [22, 60]. However, these methods either require
clean images or depend on precise image alignment, a chal-
lenging task for real-world images.

1.1. Learning denoising NN without truth images

To reduce the reliance on truth images in supervised learn-
ing methods, considerable efforts have been made to de-
velop truth-free deep learning approaches for denoising.
Self-supervised denoising using only noisy images: Self-
supervised learning, sometimes also called unsupervised
learning in the context of image denoising, aims to train
a denoising NN using only noisy images, without requiring
clean ones. There is an abundant literature on it. Some gen-
erate pseudo-pair data to define self-supervised loss func-
tions (see e.g. [13, 22, 29, 40, 57]). One of the popular
and effective techniques is the blind-spot principle [3, 19],
which trains the NN to approximate noisy pixel-values of
visible pixels by using their neighboring invisible pixels.
Zero-shot denoising at test time: While self-supervised
methods trains denoising models on external datasets with
only noisy data , zero-shot methods directly adapts an un-
trained NN to each noisy image at test time, which make it
highly adaptable to specific images or noise types. Also, it
suites well in on-line setting, where accessing large datasets
is not desired. Such data-independence make it a valuable
option in certain cases. Deep Image Prior (DIP) [37] is a
pioneering work on zero-shot denoising, leveraging the in-
ductive biases of convolutional neural networks (CNNs) to
fit natural images more rapidly than random noise. The con-
cept of the blind-spot principle can also be extended to zero-
shot denoising at test time (e.g., [8, 9, 21, 31, 34, 55, 58]),
demonstrating promising performance.

1.2. Discussions on blind-spot denoising

The practical value of zero-shot denoising and the poten-
tial of blind-spot techniques motivate us to study blind-spot
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methods for zero-shot real-world image denoising, where a
denoising NN is trained for each sample at test time.

Let y = x 4 n be a noisy image, where x denotes truth
image and n denotes noise. For an image pixel x;, let y;
denotes its noisy value, and N (¢) denotes the index set of
neighboring pixels of x;, excluding x;. Then, a denoising
NN Dy : y — x aims at minimizing the summation of the
differences between the noisy value y; and truth value x;
over all pixels. The difference for each pixel 7 is then

1Dy ({yi} U{ystien)) — xil3. (D

In the absence of x;, the blind-spot scheme trains the de-
noising NN to predict z;, based solely on the noisy values
of neighboring pixels {y;};ca (). explicitly excluding y;.
If y; is included, the NN Dy will converge to identity map.
The resulting blind-spot-based loss is then:

Do ({y;}iena) — vil3, (2)

The effectiveness of blind-spot scheme depends on how
close the loss (2) is to the loss (1). Their expectations are
close if the following two conditions are satisfied:

1. The noise n is zero-mean and pixel-wise independent.

2. The truth pixel value z; is strongly correlated with its
neighboring pixels {x; } jcnr(i)-

However, real-world noise is likely spatially correlated,
which violates the noise assumption of plain blind-spot
scheme. The main approach to extend blind-spot tech-
niques to handle spatially correlated noise is to use few
neighboring pixels and more pixels far way. For exam-
ple, pixel-shuffle down-sampling (PD) was proposed in
[59] with a small down-sampling stride size, and refined
in AP-BSN [21] by using a large/small stride during train-
ing/testing. However, small strides fail to break noise cor-
relation, while large strides weaken the pixel-value corre-
lations. PUCA [15] employs patch-unshuffle/shuffle tech-
niques and LG-BPN [41] uses channel self-attention with
dilated convolution to relate far-away pixels. MASH [9]
also used local shuffling to reduce local noise correlations.

The blind spot scheme can be either implemented with
specific NN architecture (e.g. [3, 13, 19]), or with the intro-
duction of a mask to exclude the pixel itself in the loss func-
tion (e.g. [9, 31]). Let M denote the binary masks, where
M; = 0 if the pixel ¢ is masked and 1 otherwise. Let ® de-
note entry-wise multiplication. Then, the blind-spot-based
loss function can be expressed as:

(1 = M) © (Dp(M ©y) = y)I- (©)

The mask-based loss (3) is a special blind-spot implementa-
tion, where the loss is defined as the sum of the differences
between noisy intensity values of all invisible pixels y; in
Qinv and their prediction from the NN using their neigh-
boring visible pixels in €2,;5, respectively.

1.3. Main idea

In blind-spot techniques, the selection of visible (un-
masked) and invisible (masked) pixels is critical for effec-
tive denoising, in the presence of spatially correlated noise.
The main challenge is how to balance two opposing factors:

* Over-reliance on visible pixels: Masking too few pixels
leads to excessive use of visible pixels, including their
spatially correlated neighbors, introducing noise. Addi-
tionally, with the loss computed over a small subset of
pixels, the model may overfit by ignoring differences in
visible pixels, hindering generalization for denoising.

* Insufficient visible pixels: Masking too many pixels re-
duces available input, forcing the model to rely on distant
pixels with weaker correlations for prediction. This will
lead to less accurate predictions and poor generalization
for denoising invisible pixels.

In short, the selection of visible pixels and invisible pixels
plays a critical role in mask-based blind-spot schemes.

In this paper, we propose a novel approach that address
this challenges, which leverages the strong intensity corre-
lation of neighboring invisible pixels and the weak noise
correlation of distant visible pixels to predict intensity of
each invisible pixel.

* Using distant invisible pixels: We select a few distant vis-
ible pixels to predict the target invisible pixel, as their
noise is weakly correlated. However, their intensities also
have weaker correlations with the target, making them in-
sufficient on their own for accurate prediction.

* Leveraging neighboring visible pixels: To counteract the
weak correlation of distant pixels, we incorporate neigh-
boring pixels. However, to avoid introducing correlated
noise, instead of directly using their values, we employ
an implicit neural representation (INR) trained on visible
pixels to estimate the values of these neighboring invisi-
ble pixels, ensuring reliable, noise-mitigated information.

In short, our approach balances two pixel sources: breaking
noise correlation by using only distant visible pixels and
compensating for their weak intensity correlation with the
INR’s denoised estimation of neighboring invisible pixels.
The INR and denoising NN are jointly trained to effectively
handle spatially correlated real-world noise.

1.4. Contributions

Our contributions are twofold. First, we provide a theoreti-
cal analysis of prediction risk in mask-based blind-spot de-
noising, examining its relationship with three key factors:
noise correlation, pixel-value correlation, and visible set
size. While based on a simplified linear model, this analy-
sis provides insights into mask-based blind-spot techniques
and motivates the design of our proposed approach.
Second, we propose a mask-based blind-spot denoising
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method that leverages both distant visible pixels and INR-
based estimates of neighboring invisible pixels. Our ap-
proach significantly improves blind-spot denoising for real-
world tasks with spatially correlated noise. To conclude, the
main contributions of this paper are:

* A quantitative analysis of the statistical risk of a linear
blind-spot denoiser, considering noise correlation, pixel-
value correlation, and visible set size.

* A blind-spot denoiser that combines distant visible pixels
with INR-based estimates of neighboring invisible pixels
to effectively handle spatially correlated noise.

Extensive experiments demonstrating the effectiveness of
our approach on real-world noisy images.

2. Related Work

Implicit Neural Representation: INR is a coordinate-
based NN that maps spatial or spatiotemporal coordinates
to signal values, enabling continuous and memory-efficient
representations. INR has been widely used in surface recon-
struction tasks (e.g., [26, 35]), as demonstrated by several
studies [16]. INR has also been used in many image and
video restoration tasks [6, 7, 33, 53], including zero-shot
image denoising [16].

Supervised denoising NNs: Supervised methods train a
NN that maps an noisy image to a clean image. Main archi-
tectures include CNN (see e.g., [5, 32, 38, 47, 48, 51, 52])
and transformer [25, 39, 49]. Instead of using noisy-clean
image pairs, the weakly supervised methods either use
unpaired noisy-clean images [4, 14] or paired noisy im-
ages [22, 60]. Zhou et al. [59] trained a noise estimator and
denoiser on mixed AWGN and impulse noise, using pixel-
shuffle down-sampling to adapt for real-world noise.

Self-supervised denoising NNs:  Self-supervised meth-
ods refers to training a denoising NN on an external dataset
of only noisy images. The blind-spot scheme, an early
and popular approach, ensures the receptive-field center re-
mains unseen during prediction through specific NN de-
sign. Lainel er al. [20] occludes half of the receptive fields.
D-BSN [42] employs a center-masked convolution layer,
followed by dilated convolutions with varying step sizes.
Neighbour2Neighbour [13] uses 4 down-sampled versions
of the noisy images to define visible and invisible pixels.
MM-BSN [50] implements multiple convolutional kernels
with different mask patterns. SelfFormer [34] proposed
a blind-spot implementation for transformers using direc-
tional self-attention and Siamese mutual learning.

Another blind-spot approach studies mask-based self-
supervised loss. Noise2Void [19] and Noise2Self [3] adopt
the loss (3). Noise2Same [43] introduces an additional
self-reconstruction loss to utilize center pixels’ information.
Blind2Unblind [40] trains a masker to better preserve valu-
able pixels in the masked input. SASL [24] gives separate

treatment to flat and textured regions when defining mask.

The blind-spot schemes above works well for indepen-
dent noise, but struggle with spatially correlated noise. To
address this, [59] introduced pixel shuffle downsampling
to utilize distant pixels with likely independent noise. AP-
BSN [21] refined this by using a larger stride in train-
ing and a small stride in testing. LG-BPN [41] proposes
a denser sampling kernel for better local texture recovery
and a global branch for larger receptive fields. SASL [24]
separates flat and textured regions in masking-based self-
supervision. PUCA [15] employs patch-unshuffle/shuffle
techniques to expand receptive fields for improved global
context integration. SS-BSN [12] combines grid SA [36]
with a simplified D-BSN [42]. SwinlA [30] masks the di-
agonal of the attention matrix in a Swin Transformer [25].

Beyond blind-spot, there are also approaches for self-
supervised denoising. Recorruption-based methods, such as
R2R [29] and its extension [57] simulate supervised losses
by deriving pairs from the noisy input. Score-based meth-
ods, such as [17, 18, 44], trained the NN via score match-
ing. Disentanglement-based methods (e.g. CVF-SID [28])
use cyclic loss to separate clean and noisy components.

Zero-shot denoising at test time: Zero-shot does not re-
quire any external dataset for training. Instead, it adapts
an untrained NN directly to each specific noisy image at
test time. The concept of zero-shot denoising was first in-
troduced by DIP [37], which uses the inductive biases of
CNN:s to fit natural images more rapidly than random noise.
Noise2Fast [23] extended the idea of Neighbour2Neighbour
to enabling NN training at test time. NoisyAsClean [46]
adds different synthetic noise to the given input to make
auxiliary training pairs for zero-shot denoising. Based on
blind-spot scheme, Self2Self [31] trained a denoising NN
with dropout for prediction ensemble.

To handle spatially correlated noise, Zheng ef al. [55]
maps noisy images into a latent space with AGWN, where
noise is removed via an AGWN denoiser. ScoreDVI [8]
included score priors into Bayesian inference for denoising.
MASH [9] introduced an adaptive mask ratio for regions
with different noise correlation, and applied local shuffling
to reduce local noise correlations.

3. Method

In this section, we first establish a theoretical analysis of
the statistical risk of a linear blind-spot denoiser. Then we
discuss the details of our zero-shot mask-based blind-spot
approach for removing spatially-correlated noise.

3.1. Risk analysis of linear blind-spot denoiser

Consider a invisible pixel for prediction:

Yo = To + No,
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Figure 1. Illustration of the proposed blind-spot scheme, where blue pixels represent visible pixels, green pixels represent all other pixels
except the visible ones, and red pixels represent invisible pixels for prediction.

where x( denotes the truth intensity value and ny random
noise with E[ng] = 0 and Var[ng] = 0. Let {y; = z; +
n;} jj\il denote the noisy intensity values of M visible pixels
which are used for predicting xy. We consider the following
relationship between visible set {y; }; and the target yo:

yj = (L= pj)wo+ny, 1<j<M, )
where {y;}72, are i.i.d. random noise, and {n;}}L, are
noise which relates to the noise ng of the invisible point x

by
n; = Ao + /1 — )\%Ej,

The variables {z;}; and {e;}; satisfy: for 1 < j < M,

1<j<M. (5

Elu;) = Ele;] =0, Varlyj] = A20%,  Varle;] = o2

(6)
Remark 1. Two parameters \,, and \, measure the cor-
relation degree for noise and intensity value, respectively.
A smaller \,, means weaker correlation between any two

noises and vice versa. Also, a smaller \, implies stronger
correlation between the intensity values of two pixels.

Suppose we learn a blind-spot denoiser Dy, that predicts
2o based on {y;})L . Its statistical risk is defined by

Ro =B 4 1m0 (1P ({yi}i21) —zoll3] . (D)

Consider a linear model D, parametrized by a = {a; }jj\il:

M
Da({yi 1)L =D a;- ;. ®)
j=1

It is then trained by minimizing the self-supervised loss:

M
a’ = argming cpm H Z aj - Y; — yO”% ©)
Jj=1

Proposition 1. The risk of the linear denoiser D+ of the

form (8) learned by minimizing the loss (9) is

—[M (x5 — ARo)]

* 2 10
Ma?+ (M — 1)X202 + X202 + o2 T % 10
Mo?
_—[Mx%—i—M_l(Mx%+)\12,02+02)]+ Mo2 a2
 Mai+ (M —1))202 + \202 + o2 M—1""
1)
Proof. See Supplementary Material. O

The minimal risk in (10) and (11) reveals the interplay
between noise correlation and intensity orrelation among
visible and invisible pixels. From (10), if yq is not noise-
dominated (i.e., 22 > \,0?), the minimal risk decreases as
the intensity correlation increases (i.e., lower A?). Similarly,
from (11), the risk decreases with lower noise correlation
(i.e., smaller \2). The risk also depends on the visible set
size M, but increasing M does not always reduce it. Fur-
thermore, (10) and (11) quantify the impact of mask ratio on
blin-spot denoising for local correlated noise. It can be seen
that the effect of noise correlation A, scales with (M — 1),
while intensity correlation A, does not. This suggests prior-
itizing noise correlation reduction over intensity correlation
enhancement. This motivated us to advocate aggressively
reducing noise correlation by excluding more neighboring
pixels and leveraging distant ones, with an INR compensat-
ing for pixel correlation.

3.2. Zero-shot blind-spot denoising

The basic idea is using noisy values from distant visible pix-
els and INR-based estimates of neighboring invisible pixels
to predict the intensity-value of each target invisible pixel.
These pixels are randomly selected in each epoch.

Defining the visible pixel sets: Let M,,;s denote a binary
matrix with entries sampled from a Bernoulli distribution:

Myiais ) 1, with probability pg;
vis (s = . .-
J 0, with probability 1 — pg.

To ensure sufficient separation between visible and invisible
pixels in the predictions, as well as adequate spacing among
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visible pixels themselves, we select a small value for py.
Then, the visible pixel set €2, is defined as

Q'uis = {(L]) : Mvis(iuj) = 1}

Defining the invisible pixel set for prediction: In clas-
sic mask-based blind-spot methods, the invisible pixel set is
defined as the complement of the visible pixel set, which in-
cludes neighboring pixels with correlated noise. To address
this, we propose using a subset of the complement that ex-
cludes any pixels close to visible ones. It is implemented
by applying a morphological dilation operation to the visi-
ble pixel set €2,,;5, which expands the visible pixel set by a
certain radius. The invisible pixel set €2;,, is then defined
as the complement of the dilated visible pixel set. That is,
let k denote the structure element for dilation operation:

0 10
k=11 1
01 0

Define D = M,;s ® k. Then the mask for invisible pixel
set, denoted by M;,,, is defined as

1, if D(i,j) # 0;
0, Otherwise.

M'an(lvj) =1- {
Then, the visible pixel set £2;,,, is defined as

Remark 2. Unlike existing mask-based blind-spot ap-
proaches that use the complement of visible pixels for pre-
diction, our approach uses a subset of this complement for
prediction that excludes neighboring pixels.

INR-based estimation of neighboring invisible pixels:
For each invisible pixel in €2;,,, the pixels in €2, are not
in its neighborhood and weakly correlated in noise. How-
ever, the intensity correlation between the invisible pixel
and these visible pixels is also not strong enough to offer
sufficient information of target invisible pixel. To address
this, we propose constructing an INR of the image to fit the
pixel values of visible pixels. As a continuous representa-
tion, the INR can estimate the intensity values of neighbor-
ing invisible pixels, providing additional information about
the target invisible pixel’s intensity that complements the
data from distant visible pixels. Specifically, let F, denote
the INR that maps the pixel coordinates to the intensity val-
ues, which is trained on the visible pixel set {2,,;:

Liw= Y |Fs(td)—y@il,- (2
(4,5) EQuis
Once trained, the INR can be used to estimate the intensity
values of all non-visible pixels, including those in £2;,,, and
excluded neighboring pixels of €2,;s.

xinr(i7j) = ]:dn(ivj)7 (Z?j) € ch;is7 (13)

C
where €05,

denotes the complement of €2,;.

Loss functions for denoising NN: Taking the distance
visible pixels and the INR-based estimation of neighboring
invisible pixels as input, the denoising NN Dy is trained to
predict the intensity values of invisible pixels in €2;,,. The

loss function for the denoising NN is defined as:

Lan = ||va (DQ(MUZ'S Oy + (1 - Muis) : Xinr) - Y) ||1
(14)
Sub-pixel consistency between two NNs: When training
the INR to predict the intensity values of visible pixels,
not the truth intensity values but the noisy values of visi-
ble pixels is used in the loss function (12). Consequently,
the INR-based estimation of invisible pixels may still con-
tain some degree of noise. To address the potential impact
of this residual noise, we introduce a sub-pixel consistency
constraint that leverages INR’s resolution-free property.
The basic idea is to regularize the training of INR such
that, within the sub-pixel neighborhood of a pixel, the pre-
dicted intensity values from INR are close to the denoised
intensity value produced by the denoising NN Dy, which is
expected to be closer to the true intensity value than y (i, 7).
Specifically, the sub-pixel consistency loss is defined as

Emc = Z

(4,7) EQuis

| Fo i+ Ad, j + Aj) — x58 (G, 5)]|, -

(15)
where 0 < Ai, Aj < 1 denote random sub-pixel shift, and

XgﬁiaCh(iv]’) =58 (Dp (Myis ©y + (1 — Myis) - Xinr) (4, 5))

denotes the output from denoising NN, same as (14), but
with stopping gradient (denoted by sg(-)). That is, the de-
noising NN Dy is detached for this loss, when updating the
parameters of the INR F during training.

3.3. Summary

We jointly trains two NNs: an INR F and a denoising NN
Dy, where the later take the output of the former as part
of its input. The overall loss function consists of a self-
supervised loss Lg,, an INR-based loss L, and a sub-pixel
consistency loss L:

‘C(ea ¢) = Edn + Einr + Emc- (16)

4. Experiment
4.1. NN architecture for denoising NN and INR

Our approach does not reply on specific design of NN archi-
tecture. Thus, we adopt the off-the-shelf NN architectures
to evaluate the performance gain from the proposed blind-
spot scheme. The denoising NN Dy follows the one used in
Noise2Noise [22]. The design of F, follows SIREN [35],
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Table 1. Quantitative comparisons (PSNR(dB)/SSIM) of different denoising methods. The best of each category are bolded.

Category Method SIDD Validation [1] ~ SIDD Benchmark [1] FMDD [54] PolyU [45] CC [27]
Supervised DnCNN [51] 37.73/0.943 37.61/0.941 - - -
Noise2Void [19] 27.06/0.651 26.99/0.652 - - -
NBR2NBR [13] 27.94/0.604 27.90/0.679 - - -
Self-supervised CVF-SID [28] 34.81/0.944 34.71/0.917 32.73/0.843 35.86/0.937 33.29/0.913
& un-paired learning  LUD-VAE [56] 34.91/0.944 34.82/0.926 - 36.99/0.955 35.48/0.941
R2R [29] 35.04/0.844 34.78/0.898 - - -
APBSN [21] 36.73/0.878 36.91/0.931 31.99/0.836  37.03/0.951 34.88/0.925
PUCA [15] - 37.54/0.936 - -
SelfFormer [34] - 37.69/0.937 - - -
BM3D [10] 25.65/0.475 25.65/0.685 30.06/0.771  37.40/0.953 35.19/0.858
WNNM [11] 26.05/0.592 25.78/0.809 - - -
DIP [37] 32.11/0.740 - 32.90/0.854 37.17/0.912 35.61/0.912
Self2Self [31] 29.46/0.595 29.51/0.651 30.76/0.695 37.52/0.926 36.63/0.932
Zero-shot PD-denoising [58] 33.97/0.820 33.61/0.894 33.01/0.856  37.04/0.940 35.85/0.923
NN-+denoising [55] - 33.18/0.895 32.21/0.831 37.66/0.956 36.52/0.943
APBSN-single [21] 30.90/0.818 30.71/0.869 28.43/0.804 29.61/0.897 27.72/0.891
ScoreDVI [8] 34.75/0.856 34.60/0.920 33.10/0.865 37.77/0.959 37.09/0.945
MASH [9] 35.06/0.851 34.78/0.900 33.71/0.882  37.62/0.932 36.87/0.935
Ours 35.31/0.868 35.05/0.922 33.95/0.885 37.88/0.959 37.20/0.948

with the same number of hidden neurons across all layers
of the MLP: two input neurons and three output neurons.
Sinusoidal functions are used as activation functions in all
layers, except the last one. In addition, dropout is enabled
when training JF; to further alleviate possible overfitting to
noise. More details can be found in complementary file.

4.2. Experiment configurations

Four datasets are used for benchmarking. (1) Smartphone
Image Denoising Dataset (SIDD) [1], a dataset of the im-
ages captured by five different smartphones. SIDD valida-
tion set and benchmark set are used for validation and eval-
uation, respectively. Both sets contain 1,280 noisy patches
of size 256 x 256, where only validate set have clean image
patches. (2) Fluorescence Microscopy Denoising Dataset
(FMDD) [54] with real grayscale fluorescence images ac-
quired using commercial confocal, two-photon, and wide-
field microscopes. These images include biological sam-
ples such as cells, zebrafish, and mouse brain tissues. Fol-
lowing [8], we denoise the raw test set images. The size
of all images is 512 x 512. (3) PolyU [45] dataset with
high-resolution images from various scenes, captured by
five cameras. To keep evaluation consistency, we follow
[8] to center-crop the PolyU images into patches of size
256 x 256. (4) CC [27] dataset with 15 real noisy images
captured with different ISOs (1,600, 3,200 and 6,400). The
size of all images is 512 x 512.

The proposed model is implemented using PyTorch 1.10,
and the experiments are conducted on an NVIDIA 3090
GPU. The model is trained by the Adam optimizer, with

an initial learning rate of 10~* for the INR and 4 - 10~*
for the U-Net. The model is trained for 1200 iterations and
po = 0.1. Two metrics, peak signal-to-noise ratio (PSNR)
and structural similarity index measure (SSIM), are used
for quantitative evaluation. Note that the results for SIDD
benchmark results were obtained from online submission.

4.3. Evaluation on denoising real-world images

As a zero-shot self-supervised approach, our proposed
method is benchmarked against a comprehensive selec-
tion of existing zero-shot techniques, including DIP [37],
Self2Self [31], PD-denoising [58], NN+denoiser [55],
APBSN-single [21], ScoreDVI [8], and MASH [9]. For
APBSN-single, we adapted the one for dataset [21] to di-
rectly denoising images at test-time. The strides for PD-
denoising are 5 (training) and 2 (test). For NN+denoiser,
we use its optimized version, NN+BM3D, for benchmark-
ing. The included dataset-based self-supervised methods
are CVF-SID [28], LUD-VAE [56], and APBSN [21]. For
reference, we also include DNCNN [51], a representative
supervised method, and BM3D [10], a representative classic
method. For each method, we utilize the authors’ original
code or, where available, cite the published results directly.

Quantitative evaluation: Table | presents quantitative re-
sults. It can be seen that our method achieves the best
PSNR and SSIM in this category. PD-denoising, with a
limited stride of 2, struggles to effectively handle com-
plex noise with long-range dependencies. APBSN-single,
lacking dataset training, shows detail loss and color arti-
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Figure 2. Visual comparison of results from different methods on samples from SIDD-Validation. Zoom in for detailed inspection.

Noisy BM3D [10] DIP [37]

ScoreDVI [8] MASH [9] Ours

Figure 3. Visual comparison of results from different methods on samples from SIDD-Benchmark. Zoom in for detailed inspection.

facts due to the large PD stride, as it weakens intensity-
value correlations of pixels used for prediction. BM3D and
NN-+denoiser, optimized for specific noise types, underper-
form when noise distribution is unknown. Noise2Void and
Self2Self depend on spatial noise independence, resulting in
poor outcomes on real-world images with locally correlated
noise. Utilizing INR-based estimation of intensity values of
nearby-pixels and distant pixels with noise independence,
our method outperforms these zero-shot methods, including
MASH and ScoreDVI.

Visual comparison: Refer to Fig 2,3,4,5 for visual com-
parisons of the results from different zero-shot methods on
sample images from different datasets. Consistent with
quantitative results, the results from the proposed method
are better than that from the other methods in terms of vi-
sual quality, with fewer artifacts and better image preserva-
tion of image details.

Complexity comparison: Table 2 shows the inference
time, model parameters, and FLOPs for several zero-shot
methods, when processing an image of size 256 x 256. To-
gether with the results from Table 1, these results demon-
strate that our method consistently outperforms most exist-
ing zero-shot approaches, without sacrificing computational
efficiency, making it a highly competitive and practical so-
lution for real-world image denoising.

4.4. Ablation Study

Impact of masking probability py: This study exam-
ines the impact of masking ratios py to denoising perfor-
mance. Table 3 shows that real-world denoising perfor-
mance improves as pg decreases until it becomes too small,

Table 2. Complexity comparison of different zero-shot methods.

Method Infer. time(s) Params(M) FLOPs(G)
DIP [37] 48.7 134 31.06
Self2Self [31] 1182 1.0 9.55
PD-denoising [58] 0.12 0.7 46.94
NN-+denoising [55] 299.2 134 31.06
APBSN-single [21] 40.47 3.66 234.63
ScoreDVI [8] 27.07 13.5 37.87
MASH [9] 25.11 0.99 11.44
Ours 25.96 1.0 11.82

while AWGN denoising performance worsen with smaller
po. This contrast arises from the stronger noise correlation
in real-world images. Thus, using a lower masking ratio,
which favors more distant visible pixels for prediction, is
more effective for denoising correlated real-world noise.

Table 3. Comparison PSNR/SSIM of different masking ratio po
on SIDD-Validation and AWGN with ¢ = 25 on BSD68.

Po SIDD (correlated noise) BSD68 (i.i.d AWGN)

0.50 34.84/0.849 27.51/0.712
0.30 35.02/0.857 27.13/0.683
0.10 35.31/0.868 26.81/0.677
0.05 35.25/0.866 26.74/0.676

Performance contribution of three losses: In this study,
we remove each term from the overall loss function and
evaluate its performance. When training the NN using

only Lg,, the invisible set for prediction is €2, same as
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Figure 4. Visual comparison of results from different methods on one sample from FMDD. Zoom in for detailed inspection.
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Figure 5. Visual comparison of results from different methods on one sample from PolyU. Zoom in for detailed inspection.

self2self [31]. For Lgn+ Lme, the INR is retained and trained
solely with L. See Table 4 for the results. The results
show that both proposed losses, Li, and L., made notice-
able contributions to the performance gain.

Table 4. Contribution of different loss terms on SIDD-Validation.

‘Cdn £dn + Acinr Acdn + Acmc Edn + Acinr + £mc
PSNR 29.13 34.75 35.14 35.31
SSIM  0.567 0.849 0.857 0.868

Impact of dilation: In this study, we evaluate the impact of
dilation on the denoising performance. The results show
that Dilation has a negligible impact on performance, as
shown in Table 5 shows that dilation has a negligible im-
pact on performance. This is because the INR effectively
captures the intensity correlation among neighboring pix-
els, regardless of the dilation factor.

Table 5. Ablation of dilation on SIDD datasets

SIDD  w/o dilation dilation=1 dilation=2 dilation=3

Validation 35.27/0.866 35.29/0.866 35.31/0.868 35.25/0.865
Benchmark 35.00/0.918 35.02/0.921 35.05/0.922 34.96/0.915

Impact of iteration numbers: This study evaluates how
the iteration number will impact the performance. As
shown in Figure 6, the performance of the proposed method
consistently improves with more iterations, without requir-
ing additional early stopping, unlike MASH.

Denoising Performance with Different Number of Iterations

35.31
35 1

w
N
L

PSNR (dB)

w
N
L

== MASH
== Ours

260 460 660 860 10‘00 12'00 14'00 16‘00
Number of Iterations

30

Figure 6. Performance vs. iteration number of our method and
MASH on SIDD-Validation dataset with default settings.

More analysis and visual comparions: Refer to supple-
mentary file for more analysis and visual comparisons of
the results from different methods.

5. Conclusion

This paper addressed the limitations of existing blind-spot
methods for removing real-world correlated noise. Our
work rigorously quantifies the impact of noise and pixel
correlation on the statistical risk of a self-supervised lin-
ear blind-spot denoiser. Then, we introduced a novel ap-
proach using INP for resampling noisy invisible pixels. This
method effectively reduces noise correlation while main-
taining important intensity correlations among neighboring
pixels, leading to improved denoising performance. Exten-
sive experiments validate the effectiveness of our approach,
as it consistently outperforms existing zero-shot denoising
techniques on real-world noisy images.
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