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Complementary Blind-Spot Network for
Self-Supervised Real Image Denoising
Linwei Fan , Jin Cui , Huiyu Li , Xiaoyu Yan , Hui Liu, and Caiming Zhang

Abstract— Recently, self-supervised denoising methods have
attracted significant attention due to the considerable challenge
posed by constructing a large-scale real noise dataset for super-
vised training. The most representative self-supervised denoisers
are based on blind-spot networks (BSNs), which exclude the
central pixel of receptive field. However, excluding any input pixel
potentially leads to the loss of vital information required for accu-
rate predictions, especially when the excluded pixel corresponds
to the output position. In addition, a standard BSN has struggled
to effectively reduce real-world noise due to the spatial correlation
of noise, though it makes the significant results with indepen-
dently distributed synthetic noise. In this paper, we propose
a novel self-supervised real-world image denoising framework
called Complementary-BSN based on two reciprocal branches
(Mask-Map branch and Enhanced-PD-BSN branch) with an
efficient loss function to employ the pixels information ignored by
masked convolution and provide additional optimization target
for self-supervised output. Specifically, we exploit a block-wise
random-placing (BRP) scheme for further weaken the noisy
correlation to avoid the illusion of image structure recovery due to
existing complex noise and make Complementary-BSN more suit-
able for real noise. Additionally, we develop an efficient strategy
(multi-stride PD (MPD)) to fuse multiple PD strides for inference,
narrowing the restoration gap between textural and flat regions.
Extensive experiments on real-world datasets demonstrate that
our method achieves superior performance to other state-of-
the-art (SOTA) self-supervised denoising methods. The code is
available at https://github.com/cuijin7382/Complementary-BSN.

Index Terms— Self-supervised denoising, real-world noise,
blind-spot network.

I. INTRODUCTION

IMAGE denoising is a fundamental research task in low-
level vision, which aims at restoring clean images from
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noisy observations [1]. Recently, with the advancements of
convolutional neural networks (CNNs), learning-based denois-
ing algorithms have achieved remarkable progress compared
to traditional non-learning-based methods [2], [3], [4], [5],
[6], [7], [8], [9]. In general, learning-based image denoising
techniques can be broadly categorized into two main fields,
supervised methods and self-supervised methods.

The supervised denoising methods [15], [16], [17], [18],
[19], [20], [21], [22], [23], [24], [25], [26], [27], [28]
have afforded exceptional denoising performance by using
clean-noisy training image pairs. For example, IENet [23]
builds a denoising network that exploits external resemblances
to acquire internal and external associations. APD-Nets [26]
proposals an adaptive prior denoiser that jointly employs
adaptive regularisation and complementary priors. These
supervised techniques typically rely on synthesized additive
white Gaussian noise (AWGN) to generate massive train-
ing data. Nevertheless, acquiring authentic paired noisy-clean
images poses a significant challenge. Furthermore, the notable
disparities between AWGN and real-world noise undermine
the performance of these models in real-world image denoising
scenarios.

To circumvent the limitation of the large-scale paired
datasets collection, several self-supervised image denoising
(SSID) methods [10], [11], [29], [30], [31], [32], [33], [34],
[35], [36], [37] are proposed that requires only noisy images
without clean images. The pioneer work Noise2Noise (N2N)
[32] trains the network with two fully aligned noisy images,
which can effectively relieve the situation of collecting the
clean-noisy pairs in the real world. However, it is still a
costly work to obtain such noisy-noisy image pairs in practice.
In order to further improve the practicality of self-supervised
methods, more approaches intend to require a single noisy
image for training, instead of pairs of observations. Among
them, BSNs [35], [38], [39] show significant advancements
in the recovery of clean pixels by utilizing noisy pixels in the
adjacent area, with a special requirement of a blind spot recep-
tive field (mask the central pixel of receptive field). Despite the
blind-spot strategy can effectively avoid the identity mapping
by learning to predict artificially the masked pixel using its
surrounding pixels, the prerequisite of BSN presumes that
noise is unrelated to pixel. This is definitely not accurate for
real-world noise, which often exhibits a complex distribution
and strong spatial correlation.

Most recently, several attempts have been launched to
tackle the constraints of the aforementioned BSN-based
approaches. Lee et al. [11] propose AP-BSN, a combination
of asymmetric pixel-shuffle downsampling (AP) and BSN,
to effectively handle real-world noise with strong spatial
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correlation. Although pixel-shuffle downsampling (PD) [40]
can be used to meet the noise assumptions of BSN, the
masking mechanism in AP-BSN only shields the central
pixel within the receptive field, leading to a challenge when
dealing with large areas of spatially correlated noise. After
that, several BSN denoising methods [12], [13], [41] are pro-
posed to improve upon AP-BSN through multiple techniques
and obtain better results, but these methods fail to utilize
the most informative central pixel, resulting in performance
degradation.

In this paper, we propose a novel real-world image denoiser
based on self-supervised learning, named Complementary-
BSN, to address the above mentioned insufficience of
BSN-based denoising methods. First, we introduce a
Mask-Map branch that utilizes global-aware mask mapper [29]
and non-blind training to complement information of the
central pixels. Specially, the Mask-Map branch can reserve
the central pixels and supplement enrich information to
another branch in complementary network, in this way the
two branches outputs contain more accurate image structure
than single branch output. In addition, predicted result of
Mask-Map branch can provide a higher quality constraint for
the self-supervised strategy than single noisy image, which
provides an upper limit on the optimized goal of the network.
Herein, for stabilizing the training and provide new supervised
target, we augment the loss function with a new revisible
loss and ensure the integrity of the information. Second,
in Enhanced-PD-BSN branch, we exploit a novel BRP strategy
as post-processing of PD to eliminate the strongly spatial
correlation between pixels, by this way, when fixing the
small stride, the distance between the relevant pixels can
still further enhance and without inducing more visual arti-
facts, which prevents the image structure from being affected
by noise and artifacts. Finally, we propose an enhanced
inference scheme (MPD) that processes the restored result
with different PD strides and seeks for a better trade-off of
noise removal between flat and textural areas. We demon-
strate that Complementary-BSN outperforms several existing
self-supervised blind denoisers on real-world noisy images
in terms of various image quality metrics, including peak
signal-to-noise ratio (PSNR), structural similarity index mea-
sure (SSIM) [42], learned perceptual image patch similarity
(LPIPS) [43] and deep image structure and texture similarity
(DISTS) [44]. In summary, the major contributions of our
method are as follows:

• We present a novel self-supervised denoising framework,
where the network can learn the ignored informa-
tion of the central pixel within receptive field through
controllable masked convolution and a novel revisible
loss is also introduced to the network to prevent the
network from over-fitting the information of central
pixels.

• We provide a new BRP strategy for randomly rearranging
the image in block-wise after PD to enhance indepen-
dence of pixels and mitigate the aliasing artifacts.

• We design an effective inference scheme with multiple
PD-strides to narrow the gap between flat and textural
areas in the restored result with different strides of PD.

Fig. 1. Visualization of real-world image denoising on the SIDD validation
dataset [14]. (a) Noisy image. (b) CVF-SID [10] still exhibits residual noise
in the restoration process, indicating that it fails to completely eliminate
real-world noise. (c) The main limitation of AP-BSN [11] is the loss of
details in the denoised image. (d) LG-BPN [12] makes the denoised image
over-smooth. (e) SASL [13] exists artifacts at the edges of denoised. (f) Our
Complementary-BSN preserves better details in removing real-world noise.
The PSNR↑(dB) / SSIM↑ / LPIPS↓ / DISTS↓ results in comparison to the
ground-truth are marked in the figure.

• Extensive experiments demonstrate that the superiority of
our Complementary-BSN over leading SSID approaches
with fine texture details preservation on real-world noise
removal, as visually depicted in Fig. 1.

The remainder of this paper is organized as follows.
In Section II, we offer a concise overview of existing
denoising approaches. Section III introduces Complementary-
BSN, a novel self-supervised learning framework designed for
real-world noise reduction. Section IV provides comparative
experiments that demonstrate the effectiveness of our SSID
approach compared to other SOTA methods, along with several
ablation studies of the proposed modules. Finally, Section V
summarizes our findings and outlines future directions.

II. RELATED WORKS

In this section, we review the most relevant work
with this paper, including supervised, unpaired image and
self-supervised denoising methods.

A. Supervised Denoising

In recent years, CNN-based supervised denoising meth-
ods outperform classical non-learning-based algorithms (e.g.,
BM3D [3] and WNNM [6]) both on process speed and
quality. The first CNN-based method, DnCNN [15], used
for supervised denoising, trains the network with noisy-clean
image pairs that are synthesized by manually adding syn-
thetic AWGN to clean images. In the following, several
advance methods are proposed for AWGN removal, such
as FFDNet [19] and CBDNet [20]. Although these methods
bring the outstanding performance on denoising tasks with
synthetic AWGN noise, their generalization ability is limited
when applied to real-world scenarios, owing to the differ-
ent characteristics of synthetic and real noise. To this end,
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several powerful methods [18], [45], [46], [47], [48], [49],
such as RIDNet [18] and VDN [45], are proposed for real
image denoising, which directly use noisy-clean pairs from
the real world when available. However, data collection of
such real image training pairs can be extremely expensive and
labor-intensive in practice.

B. Unpaired Image Denoising

To address the limitations of supervised denoising methods,
unpaired methods [38], [50], [51], [52] seek to synthe-
size noisy samples from clean images, allowing networks
to be trained with unpaired noisy-clean data. GCBD [50]
is the first unpaired approach for blind denoising using a
generative adversarial network (GAN) [53], but it has a
misunderstanding of the properties of real noise leads to
poor application performance. Recently, C2N [51] considers
various noise elements, including signal-independent, depen-
dent, and spatially-correlated noise, for simulating real-world
noise more accurately. Additionally, Wu et al. [38] develop a
self-supervised denoising network that learns the noise distri-
bution using synthetic noisy-clean pairs. However, since these
approaches require ground-truth to generate the corresponding
targets, the mismatch in scene distribution can degrade the
quality of the synthesized data.

C. Self-Supervised Denoising

To eliminate the reliance on clean images, self-supervised
image denoising methods use only noisy images to train
the network. For instance, N2N [32] trains a CNN with a
pair of entirely aligned noisy images of the identical scene
as input and target, respectively. However, these noisy-noisy
pairs are still difficult to collect in practice. To utilize the
assumption of N2N, Neighbor2Neighbor (NBR2NBR) [54]
forms noisy-noisy pairs for self-supervision training by sam-
pling the noisy input into two sub-noisy images. However,
subsampling inevitably destroy structural continuity. Subse-
quently, Noise2Void (N2V) [31] and Noise2Self (N2S) [35]
discover that training a denoising network with single noisy
image offers advantages over paired-image denoising. Based
on this insight, researchers propose integrating BSN with
self-supervised learning by masking the central pixel of
the receptive field. Laine19 [39] and D-BSN [38] further
optimize the BSN with effective network architectures,while
they suffer from information loss due to blind spots, lead-
ing to over-smoothing and damaged details in the restored
image. To improve this, Blind2Unblind (B2UB) [29] utilizes
a novel loss which using all the pixels of input image
for self-supervised training, making blind-spot visible again.
In addition, Noisy-As-Clean (NAC) [34] takes noisy images as
targets, and treats as clean images for denoising model train-
ing. Nevertheless, while the above self-supervised methods are
effective in pixel-wise independent noise for denoising, they
fail to tackle real-world noisy images that exhibit spatially
correlated noise.

Towards real image denoising, numerous approaches have
been devised to tackle spatially correlated noise through self-
supervised learning. Recorrupted-to-Recorrupted (R2R) [55]

uses data augmentation technique to get noisy-noisy pairs,
then train a denoising model with them. However, its prac-
ticality is hampered by the requirement for prior knowledge
of the noise level, which can often be difficult to obtain
in the real world. Another method, CVF-SID [10], aims to
separate real-world noisy images into clean images and two
different noise components. Nevertheless, its reliance on the
assumption of spatially independent noise limits its appli-
cability to the real-world noise distribution. Recently, in an
effort to dismantle spatially-correlated real-world noise into
pixel-wise independent components, AP-BSN [11] introduces
asymmetric PD [40] into the BSN framework to restore
real-world noisy images. During training, using a large stride
to hold the assumption of pixel-wise independence, while
during inference, a small stride is used to preserve more
texture information. In addition, random-replacing refinement
is adopted to mitigate the negative aliasing artifacts and
enhance image texture details. However, AP-BSN applies the
PD with a fixed stride, which makes the denoising performance
greatly reduced especially when confronted with substantial
noise in the image. Unlike AP-BSN, MM-BSN [41] uses
multi-masks to mask surrounding pixels at varying positions
within the convolution kernel, which can effectively break
the large-area spatial correlation of noise and enhance the
denoising capability of the model. Li et al. [13] propose a BSN
with spatially adaptive supervision, where blind-neighborhood
network (BNN) deformed from BSN and locally aware net-
work (LAN) are used to learn supervisions for flat and texture
areas, respectively. Wang et al. [12] combine the strengths
of BSN and Transformer applying to the recovery of real-
world images. This integration not only leverages the structural
details but also harnesses the global context information,
thereby enhancing the overall recovery process. However, the
Transformer branch increases the computational complexity of
the method, limiting its practical use in certain applications.
These methods do not considered the problem of causing
the damage to image details by missing large important
information by masking central pixels.

III. METHOD

In this section, we first present an effective framework based
on self-supervised learning for real-world RGB images, which
is illustrated in Fig. 2. Then, we elaborate on our motivation,
and introduce the details of Complementary-BSN includ-
ing two branches, the proposed loss function and inference
scheme (MPD).

A. Motivation and Modeling

Real-world noise is characterised by spatial correlation and
pixel-wise dependence, which is affected by image signal
processors (ISP). Therefore, the task of eliminating real-world
noise in a self-supervised manner presents a formidable chal-
lenge. The SOTA self-supervised denoiser AP-BSN [11] deals
with spatially correlated real-world noise by utilizing BSN
and PD [40] asymmetrically in training and inference stages.
The PD operation can make noise spatially irrelevant by
separating the distance between adjacent pixels. During the
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Fig. 2. Overview of our self-supervised denoising framework. (a) In training stage, our network is composed of two branches (Mask-Map branch and
Enhanced-PD-BSN branch), aiming at selectively control the network’s blindness to utilize information of the central pixel. For Mask-Map branch, the global
masker generates a masked volume from the noisy image as the input by introducing blind spots. Meanwhile, in Enhanced-PD-BSN branch, the input is the
sub-images derived from PDs and BRPs operations. Then, the input goes through a 1 × 1 convolution and a judgement condition variable c at each branch.
More specifically, the masked convolution is avoid for Mask-Map branch when c = False, while the BSN adopts 3×3 and 5×5 centrally masked convolutions
for the input with c = True from Enhanced-PD-BSN branch. And the next step is further processed through a series of D-ConvBlocks and convolutions for
the deep features. Herein, each D-ConvBlock consists of one 3 × 3 dilated convolution with a dilation d (d = 2 for the upper path and d = 3 for the lower
path), followed by a 1 × 1 convolution and a residual skip connection. The number of output channels, defaulted to 128, is indicated below each convolution
layer. Note that during the calculation of the total loss, the denoised volume is sampled by the global mask mapper using a width w identical to that of the
global masker and the inverse operations PD−1

s and BRP−1
s are also performed with the same stride factor s. (b) During inference, we employ the proposed

MPD technique with varying stride factors (s = 1, 2 and 5). This approach combines the strengths of different PD strides to optimize performance across
various image regions. Specifically, a larger stride factor of 5 is employed in flat regions to achieve superior denoising results. In textured areas, a stride factor
of 2 is used to effectively avoid aliasing artifacts. Additionally, a stride factor of 1 is applied to preserve texture details of the original image. Meanwhile, the
same post-processing technique (R3) as in AP-BSN [11] is incorporated to further enhances the overall performance.

training phase, this method adopts a substantially large PD
stride factor (s = 5) to guarantee a pixel-wise independent
constraint. Conversely, for inference, it utilizes a small PD
stride factor (s = 2) to maximize reconstruction quality.
Although AP-BSN employing two different stride PD was
an appropriate choice for mitigating the spatial correlation
of real noise and protecting texture details, its potential is
still severely curtailed by inherent bottlenecks, i.e., the lim-
itations on masked pixels resulting in abandoning the most
informative central pixels and not considering the distinct

attributes of PD stride on the recovery of flat and textured
areas.

Specifically, as shown in Fig. 3, the traditional masked
convolution principle of BSN is to exclude the pixel itself
from the receptive field of each pixel by setting central
pixels to zero, and then predicts the masked pixel utilizing
its adjacent pixels. Although this network can avoid identity
mapping, excluding any input pixels implies abandoning some
information, which ultimately result in the restored image with
structural discrepancy, especially when the input pixels at the
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Fig. 3. Work principle of blind-spot network. A blind-spot network is trained
by using the same noisy image as input and as target. Herein, each pixel will
be set as a blind pixel once and predicted from other adjacent pixels. Blue
patches represent receptive fields.

Fig. 4. Spatial correlation of real-world noise. The intensity of color
represents the degree of correlation. (a) For the spatial correlation of general
noisy images, the strong correlation is mainly concentrated near the central
pixel. (b) For the spatial correlation of complex and densely noisy images,
their long-distance pixels also exhibit strong correlation.

corresponding output positions are excluded. Thus, we aim
to compensate for this deficiency by reusing these discarded
central pixels and realise the maximum of data utilization.
In addition, for noisy images in different real-world scenarios,
the specific distribution and spatial correlation of noise are
complex and diverse. From Fig. 4, we can observe that the
spatial correlation of real-world noise exhibits a distribution
that spreads outward from the center and decays with increas-
ing distance. When processing the image with dense noise as
shown in Fig. 4b, a small stride cannot completely break the
spatial correlation of noise, while a large stride can produce
more pronounced grid artifacts. This inspires us to find a
flexible approach to increase the distance between dense noisy
pixels without changing the PD stride, which can effectively
break strong noise correlation while preventing the introduc-
tion of additional artifacts. Meanwhile, as shown in Fig. 5,
we observe the characteristics of asymmetric PD strides, where
different strides exhibit varying contributions to the image
structure in inference. When dealing with textured areas,
PD2 acquires more prominent semantic information. However,
as the stride increases, the structure becomes increasingly
damaged. When restoring flat areas, PD5 achieves the best
visual and quantitative result, ensuring that local information
is not separated. As a consequence, AP-BSN only uses PD2 in
the inference stage, which limits the restoration ability of the
network on different image areas. In this situation, we need to
balance the denoising performance of flat areas and textured
areas.

Fig. 5. Visual comparison of denoising results by using different PD strides
during the inference stage of AP-BSN. Quantitative results are shown with
PSNR↑(dB)/SSIM↑/LPIPS↓/DISTS↓.

Hence, to tackle these challenges, we present a new
self-supervised denoising framework capable of effectively
removing real-world noise by utilizing disappearing pixels
and multiple PD strides to compensate for the excessive
blurring and loss of texture details. As shown in Fig. 2a,
Complementary-BSN is mainly composed of Mask-Map
branch and Enhanced-PD-BSN branch in parallel that respec-
tively utilizes global-aware mask mapper and BRP strategy,
aiming at complementing pixels information across them.
After that, we utilize a novel revisible loss to minimize outputs
of the above two branches in training phase. Moreover, for the
inference stage, we consider fusing the PD results of different
strides using weights, and thus propose an efficient inference
scheme, MPD, to boost overall performance (see Fig. 2b).

B. Mask-Map Branch

In Mask-Map branch, we introduce the global-aware
masker, which is shown in Fig. 6, to apply information of
dropped central pixels to BSN. The global masker generates
blind spots from input’s pixels in a regular manner and main-
tains the scale of input image. Instead of leaving a zero pixel
in the masked position, the global masker replaces the masked
pixels with interpolation of its surrounding pixels. Then,
as shown in Fig. 2a, our Complementary-BSN process the
outputs of global masker without masked convolution. Thus,
to selectively control the blindness of the Complementary-
BSN architecture, we optimize the network by adding a
judgment condition parameter c that discriminate input types.
If the input of the network from the global masker (when
the judgment condition parameter c is False), then it directly
enters the feature extraction modules, which include dilated
convolution blocks (D-ConvBlocks) under different strides
with two parallel paths. Finally, the information from the
two paths is fused together by feature aggregation module.
Otherwise, when c = True, the image first performs center
masked convolution to extract the shallow features, and then
implement the same parallel feature extraction and feature
aggregation operations.

Due to Mask-Map branch set masked spots to global
positions by the global masker instead of central masked
convolution, thus our Complementary-BSN can accept global
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Fig. 6. Illustration of the global masker and global mask mapper. Taking a
width w with 2 as an example, the size of cell is 2 × 2, the global masker
divide noisy into blocks with fixed width and the specially appointed position
of each cell are masked, the black block represent masked pixels. Then these
masked images fed into Complementary-BSN in the same batch, and the gray
pixels of outputs represent the network predicted pixels. Finally, the global
mask mapper projects the denoised pixels onto the same plane to obtain the
globally denoised output.

pixels to complement ignored central pixels in BSN and enrich
the learning pixel information.

C. Enhanced-PD-BSN Branch

Enhanced-PD-BSN branch is initially motivated by
AP-BSN [11]. Herein, we also utilize the original PD tech-
nique [40] to preliminarily disrupt the spatial connection
between the noises of neighboring pixels in the input image.
However, since PD sequentially arranges the sub-images,
the pixels in the rearranged images are not fully spatially
independent, as shown in Fig. 7. Instead, they still exhibit
correlation within a specific distance, which can potentially
impact the denoising performance.

Our solution to this difficulty is a novel BRP strategy
BRPs (·) in Enhanced-PD-BSN branch, further suppressing the
spatial correlation inherent in real-world noise. Fig. 7 shows
the details of our BRP, using a stride factor of s = 2 as a
straightforward example for clarity. First, a 4 × 4 input image
is divided into four 2 × 2 sub-images by PD. Then, BRP
rearranges these sub-images in a random sequence. It can be
observed that BRP effectively reduces the correlation between
pixels after PD by randomly shuffling the positions of sub-
images. Therefore, as a result of random rearrangement, the
distance of correlated pixels is not a constant, which helps to
further eliminate the correlation of real noise. After PD and
BRP with the stride factor s, we employ these pre-processed
images as inputs to Enhanced-PD-BSN branch.

D. Total Loss Function

In this subsection, we present the comprehensive loss
function that underlies our approach. For Enhanced-PD-BSN
branch, we employ a self-supervised training manner by
minimizing the loss function Lpd defined as follows:

Lpd = ∥IEPB − IN ∥1 (1)

IEPB = PD−1
s (BRP−1

s ( f (BRPs(PDs(IN)), c= True))) (2)

where IEPB is an output from Enhanced-PD-BSN branch,
IN is the noisy input, f (·, c = True) is the BSN with
masked convolutions under the condition variable c is True,
PDs is the PD operation with a stride factor s, and PD−1

s
is the corresponding inverse operation. Additionally, BRPs
and BRP−1

s are the BRP operation with stride of s and the

Fig. 7. Examples of PD [40] and BRP for stride factor s = 2. PD decomposes
the image into several sub-images and BRP randomly rearranges these
sub-images with the same stride after PD. BRP−1 and PD−1 restore the
sub-images to their previous locations.

inverse operation of BRP, respectively. Following the previous
work [11], we use L1 norm for better generalization and set
the stride factor (s = 5) for training to ensure pixel-wise
independent constraint.

Also, for Mask-Map branch, we provide a self-supervised
loss function to enhance training stability and guarantee
integrity of the restoration information. The self-supervised
loss Lself can be described as follows:

Lself = ∥h( f (�(IN ), c = False))−IN ∥1 (3)

where �(·) represents a function that generates a masked
volume by introducing blind spots into an image, h(·) is the
global mask mapper responsible for selectively sampling the
denoised pixels at the positions where these blind spots are
present and f (·, c = False) is the denoiser without masked
convolutions under c is False.

In addition, since PD and masked convolution could bring
unexpected artifacts and over-smoothing to the denoised
image, we consider to utilize the restored image from Mask-
Map branch, which preserves the central pixel information,
as a complement. Based on this observation, to minimize the
differences between the outputs of Mask-Map and Enhanced-
PD-BSN branches, we propose a novel revisible loss is defined
as follows:

L revisible = ∥h( f (�(IN ), c = False)) - IEPB∥1 (4)

Without the self-supervised loss, the function f (·, c =

True) exhibits randomness during the initial stages of training,
potentially leading to incorrect guidance for the denoised
image. In general, to further optimize the primary denoised
image and facilitate the transition of BSN from blind to
non-blind, we define the comprehensive loss function as
follows:

L total = Lpd + L revisible + Lself (5)

E. Multi-Stride PD

During the inference of AP-BSN [11], although adopting
the PD stride factor with s = 2 represents a delicate balance
between removing the spatial correlation of noise and pre-
serving structural information, the non-stationarity of natural
image signals may alter the optimal stride factor pixel-wise.
Similar to [11], we also employ stride factors during both the
training and inference stages of Complementary-BSN, denoted
as PDa/b. Here, a and b represent the stride factors used
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Fig. 8. Visual comparison of PD5/2 and PD5/5 on the textured and flat
regions. The performance of inference stride factors differs with the type of
region.

for training and inference, respectively. When applying PD5/b
in Complementary-BSN, the visual comparison of PD5/2 and
PD5/5 for two stride factors (b = 2, 5) in inference phase
illustrated in Fig. 8. We note that as the inference stride
factor b increases, the model performs more favourably in flat
regions. In contrast, a larger b leads to a more pronounced
performance decline in regions with complex textures. This is
because, when utilizing large-stride PD, high-frequency details
in the downsampled images are erroneously interpreted as
noise, resulting in strong aliasing artifacts, as shown in Fig. 9.
Thus, a smaller inference stride factor can retain more detailed
texture and a larger inference stride factor is more suitable for
the flat area.

Inspired by the above observation, we propose a novel infer-
ence scheme, MPD, to take advantages of multiple PD strides.
As shown in Fig. 2b, during the inference process, we first
utilize three PD stride factors (s = 1, 2, 5) to downsample
and shuffle the noisy image, respectively. Then, we recon-
struct each corresponding output of our Complementary-BSN
utilizing the PD-inverse operator PD−1 with the same stride
of its downsampling phase. Finally, for mitigating visual
artifacts, we fuse these outputs and utilize the post-refinement
processing to obtain the final prediction output of the noisy
image. Herein, since a stride of 1 means the absence of
pixel-shuffle downsampling to image, this branch would not
produce any aliasing artifacts. Additionally, an inference stride
of 2 helps to achieve the optimal average performance in
overall denoising, as reported in [11], especially for the image
with textured regions. On the other hand, an inference stride
of 5 provides better performance for the image with flat
regions. Therefore, given a set of the denoised images y′

=

{y1, y2, y5}, we define the denoised predictions of MPD as
follows:

MPD(y′, λ1, λ2) = λ2 · [λ1 · y1+(1 − λ1) · y5]+(1 − λ2) · y2

(6)

ys = PD−1
s ( f (PDs(IN ), c = True), s = 1, 2, 5

(7)

Fig. 9. Visual comparison of PD2 and PD5. Illustration of sub-images from
PD2 and PD5 with red square. Large stride factor can brings more aliasing
artifacts to sub-images.

where ys is the output with PD stride of s, and the hyper-
parameters λ1 and λ2 imply the contribution weight of each
result with different strides.

IV. EXPERIMENTS

This section begins with a discussion of datasets, met-
rics and meticulous configurations employed in training our
Complementary-BSN framework. Following this, we present
extensive experimental results and draw detailed comparisons
with the other approaches. Finally, we undertake extensive
ablation studies to analyze the efficacy of our framework.

A. Dataset

We assess the performance of our proposed framework
using three widely recognized real-world datasets, including
Smartphone Image Denoising Dataset (SIDD) [14], Darm-
stadt Noise Dataset (DND) [57] and Natural Image Noise
Dataset (NIND) [58].

SIDD [14] is a comprehensive dataset designed for
real-world image denoising. It encompasses paired images
captured by five smartphone cameras across 10 diverse scenes.
For training, we utilize sRGB images from the SIDD Medium
dataset, which offers 320 image pairs of real-world noisy
and corresponding clean images. For validation and evalu-
ation, we employ sRGB images from the SIDD validation
set and the SIDD benchmark set, respectively. Both sets
include 1280 noisy patches (256 × 256). It is worth noting
that the benchmark set does not provide the ground-truth
images.

DND [57] consists of only 50 real noisy images from
four different cameras. This dataset is typically employed
as a test set and encompasses 1000 noisy patches with size
of 512 × 512.

NIND [58] is a set of real photographs with real noise
captured by a Fujifilm X-T1 and XF18-55mm. This dataset
contains 22, 14, 13, and 79 clean-noisy pairs for ISO levels
of 3200, 4000, 5000, and 6400, respectively.

Unless explicitly mentioned otherwise, we utilize the SIDD
Medium dataset for training in our subsequent experiments.
In addition, as our self-supervised model requires only
noisy images to be trained, we also directly train and test
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TABLE I
QUANTITATIVE RESULTS OBTAINED FROM VARIOUS DENOISING MODELS ON THE SIDD VALIDATION, SIDD BENCHMARK AND DND BENCHMARK

DATASETS. THE PSNR AND SSIM VALUES OF BENCHMARK DATASETS ARE OBTAINED FROM THE OFFICIAL SIDD AND DND WEBSITES.
WE EMPLOY † NOTATION TO SIGNIFY THAT THE NETWORK IS TRAINED EXCLUSIVELY IN A FULLY SELF-SUPERVISED APPROACH.

ADDITIONALLY, ∗ DENOTES THAT THE APPROACH UTILIZES A SELF-ENSEMBLE STRATEGY. FOR THE
SELF-SUPERVISED TECHNIQUES, THE BEST VALUE IS EMPHASIZED IN BOLD

Complementary-BSN† on various datasets to enjoy a fully self-
supervised manner.

B. Image Quality Assessment Metric

To measure denoising quality of our Complementary-BSN
and the other denoising methods, we employ PSNR,
SSIM [42], LPIPS [43] and DISTS [44] metrics. Although
most studies only adopt PSNR and SSIM to evaluate denoising
methods, they have limitations in capturing perception-related
textures because these metrics rely on pixel-level image dif-
ferences. To accurately measure the restoration of detailed
textures, we additionally employ LPIPS and DISTS as deep
feature-based metrics for texture and detailed structural simi-
larity. For the SIDD validation and NIND datasets, because the
paired noisy-clean images are provided, we can directly test
the PSNR/SSIM/LPIPS/DISTS results. For the SIDD bench-
mark and DND benchmark datasets, the PSNR/SSIM values
for the denoising results are acquired through the official
online submission system hosted on the SIDD benchmark
website1 and the DND benchmark website.2 It is worth not-
ing that higher PSNR/SSIM and lower LPIPS/DISTS values
indicate better denoising performance.

C. Implementation Details

We adopt the general BSN architecture [38] in our model.
Following [11], we empirically set the stride factor s of PD
and BRP to 5 for training and set p and T to 0.16 and

1https://www.eecs.yorku.ca/ kamel/sidd/
2https://noise.visinf.tu-darmstadt.de/

8 for the post-refinement processing R3 in inference. All the
experiments are performed on a PC with an Intel i7-7700K
CPU,16GB RAM and Nvidia GeForce GTX 1080Ti GPU.
In addition, the code is developed on Windows with Cudnn
7.6.4, CUDA SDK 10.1, Pytorch 1.8.1 and Python 3.8. During
the training, we adopt Adam optimizer with an initial learning
rate of 1e-4. The network is trained with 20 epochs and
batch size with 1 until achieving full convergence. To optimize
Complementary-BSN, we extract 120×120 noisy patches from
training images and augment them through random flipping
and 90◦ rotation. We employed λ1 = 0.3 and λ2 = 0.2 for
the Complementary-BSN architecture. These hyperparameters
are determined by our additional experiments described in
Section IV-E.

D. Comparison With SOTA Algorithms

We compare our approach with a diverse range of denoising
methods, including non-learning, supervised, unpaired, and
self-supervised methods. Specifically, the supervised models
are trained using paired noisy-clean image pairs from SIDD.
The unpaired image-based models create pseudo-paired noisy-
clean images by simulating real noise and then train the
denoiser using these generated pairs. The self-supervised
models are trained on single noisy images. All experimental
results are generated by ourselves in the same training scheme
using the author’s public code. We validate the efficacy of our
Complementary-BSN for real-world image denoising through
rigorous testing on SIDD, DND and NIND datasets.

The quantitative comparisons are shown in Tables I-II.
In Table I, we can observe that our Complementary-BSN
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TABLE II
QUANTITATIVE RESULTS ON THE NIND DATASET. WE EMPLOY † NOTATION TO SIGNIFY THAT THE NETWORK IS TRAINED EXCLUSIVELY IN A FULLY

SELF-SUPERVISED APPROACH. FOR THE SELF-SUPERVISED TECHNIQUES, THE BEST VALUE IS EMPHASIZED IN BOLD

Fig. 10. The distribution of PSNR values on the SIDD validation dataset.
We calculate the PSNR results of 1280 images and describe their respective
frequencies across different numerical ranges. The results of our algorithm
have the highest frequency in the top range.

achieves significantly better results than non-learning methods
and even some supervised-based image denoising methods.
For instance, on the SIDD benchmark dataset, our method
outperforms DnCNN [15] by achieving a 2.30dB higher PSNR
and a 0.040 increase in SSIM. Compared with the SOTA SSID
approaches, our Complementary-BSN also obtains the best
performance. Specifically, our method outperforms AP-BSN
[11] by 1.46dB in PSNR on the SIDD benchmark dataset
and comparing with the latest BSN methods, LG-BPN [12]
and SASL [13], our results of PSNR on SIDD are 0.15dB and
0.02dB higher, respectively. In addition, our method shows
the lower LPIPS and DISTS values of 0.078 and 0.047 on
the SIDD validation dataset, respectively, when compared
to AP-BSN. As shown in Table II, Complementary-BSN
is ranked in first place among the SOTA self-supervised
denoising methods for all metrics. As for NIND ISO5000,
our method performs better than DANet, NAFNet, and
Restormer in terms of LPIPS and DISTS with slightly lower
value, which means our results are perceptually closer to
ground-truth.

TABLE III
MACS AND INF. TIME ARE MEASURED WITH 256 × 256 PATCHES

OF THE SIDD VALIDATION DATASET

Meanwhile, to demonstrate the specific numerical dif-
ferences in performance compared to other self-supervised
methods, we present the distribution of PSNR values on
the SIDD validation dataset in Fig. 10. In this figure, the
distribution is grouped with an interval of 5 and our results
are represented in blue. It is evident from the graph that when
PSNR is below 30, our algorithm has the lowest proportion.
Moreover, when the metric reaches 40-45, our algorithm
has the highest quantity, indicating that the superior overall
performance of our algorithm compared to others.

Figs. 11 and 12 provide visual comparisons among the
proposed method and the SOTA self-supervised approaches
on the SIDD validation and benchmark datasets. Comparing
the red box in these images, we can see that while R2R [55]
can preserve some structure to some extent, it cannot directly
process sRGB noisy images without additional NLF and ISP
functions, harming its performance in real-world situations.
CVF-SID [10] overlooks the characteristics and complex of
real noise, the outputs still remain noise and show stains in
flat regions. AP-BSN exhibits massive grid artifacts, LG-BPN
struggles to accurately restore images with complex textures or
patterns. Although SASL has a significant texture restoration
effect on denoised images, it still reserve the zigzag edges.
In contrast, our Complementary-BSN not only removes most
spatially correlated noise but also restores texture details more
accurately without introducing visual artifacts. The visual
comparisons on the DND benchmark and NIND datasets are
shown in Figs. 13 and 14, respectively. It can be seen that
AP-BSN causes excessive blurring of images and is unable to
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Fig. 11. Visual comparison on the SIDD validation dataset. The result is annotated with PSNR↑(dB) / SSIM↑ / LPIPS↓ / DISTS↓ values, which facilitate
quantitative comparisons against the ground-truth.

Fig. 12. Visual comparison on the SIDD benchmark dataset. Quantitative results are inaccessible due to the absence of ground-truth.

restore textural structures, while LG-BPN mistakenly identifies
areas of high-intensity noise as image structures, leading to
obvious artifacts in denoised results. On the contrary, our
method effectively mitigates the impact of dense noise and
preserves a greater amount of textures.

In addition to assessing the quality of restored images,
we also investigate the number of parameters, multiplier accu-
mulator operations (MACs), and inference time (Inf. Time),
which are provided in Table III. The Inf. Time is measured
at each 256 × 256 patch of the SIDD validation dataset.
Specifically, Complementary-BSN is approximately 24x faster
than recently LG-BPN for denoising because we do not
need Transformer block which is computationally intensive.

Although the MACs of our method is more expensive than AP-
BSN, the number of parameters is same as AP-BSN, which
means that we can achieve higher computational complexity
with fewer parameters. Furthermore, our Complementary-BSN
is featured with longer inference time than SASL, owing to
multiple repetitions of the random-replacing strategy. How-
ever, compared to the other approaches, our method has
a more powerful denoising capability. Thus, these contrasts
demonstrate the effectiveness of our Complementary-BSN.

E. Ablation Study

This subsection conducts several ablation studies on the
SIDD validation dataset to show the effectiveness of the
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Fig. 13. Visual comparison on the DND benchmark dataset.

Fig. 14. Visual comparison on the NIND dataset. The result is annotated
with PSNR↑(dB) / SSIM↑ / LPIPS↓ / DISTS↓ values, the ground-truth comes
from corresponding ISO200 image.

proposed method. First, we investigate three major compo-
nents of our model (Table IV): a) Mask-Map branch; b) BRP;
c) MPD. The presence of a “✓” in the Mask-Map branch
column indicates that Mask-Map branch is integrated into the
training process, and the network is trained by our proposed
L total. Similarly, a “✓” in the BRP column signifies that
the BRP strategy is employed during training. If there is a
“✓” in the MPD column, it means that the MPD scheme is
utilized during inference. Additionally, given that real-world
noise often exhibits more intricate patterns, we conduct an
ablation study to determine the optimal width for the global
mask mapper.

1) Ablation on Mask-Map Branch: Complementary-BSN
consists of two branches in parallel. Specifically, we combine
Mask-Map branch and Enhanced-PD-BSN branch, aiming at
complementing pixels information across them. To investigate
the appropriateness of our two-branch configuration, we per-
form an ablation study on the Mask-Map branch. Table IV
shows the results of different combinations. In particular,
the first row of Table IV indicates AP-BSN. A comparison

TABLE IV
ABLATION STUDIES OF COMPONENTS OF OUR PROPOSED METHOD,

INCLUDING MASK-MAP BRANCH, BRP AND MPD. THE ABLATION
STUDIES ARE PERFORMED ON THE SIDD VALIDATION DATASET.

THE BEST RESULTS ARE MARKED IN BOLD

TABLE V
EXPERIMENTAL RESULT OF W/O MPD, MPD(2, 5) AND MPD(1, 2, 5)

FROM OUR FRAMEWORK WITHOUT R3 ON THE SIDD VALIDATION
DATASET. THE BEST RESULTS ARE MARKED IN BOLD

between the first and seventh rows of this table reveals that
simply applying Mask-Map branch to the original AP-BSN
model increases the PSNR/SSIM result by 0.47dB/0.005.
This significant enhancement underscores the impact of our
two-branch structure for the network in enhancing image
denoising capabilities.

2) Ablation on BRP: The comparison between the first
and second rows of Table IV demonstrates that incorporat-
ing the BRP strategy leads to a substantial improvement in
performance, with an increase of 0.15dB in PSNR. Similarly,
when comparing the fourth and seventh rows, we observe a
consistent trend of performance enhancement in both PSNR
and SSIM metrics. These findings strongly support the efficacy
of our proposed BRP operation in enhancing the denoising
capabilities of the network. Moreover, it is crucial to empha-
size that the stride of BRP must be set equal to that of
PD. This ensures that the structural integrity of the original
image is preserved, preventing any distortion or alteration of
its fundamental components.

3) Ablation on MPD: Rows 1 and 5 of Table IV shows
the impact of our proposed MPD scheme for inference.
By incorporating MPD, we observe a significant enhancement
in denoising performance, with an improvement of 0.09dB
in PSNR, which underscoring the effectiveness of MPD in
elevating the quality of the denoised output. In addition to
the overall comparison, we further assess the denoising per-
formance with different combinations within MPD and report
the results in Table V. The method of w/o MPD represents
using the same PD stride with 2 for inference as AP-BSN,
MPD(2, 5) represents using PD stride with 2 and 5, MPD(1,
2, 5) represents using PD stride with 1, 2 and 5. It is clear that
introducing PD with inference stride factor of 1 contributes
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TABLE VI
THE EFFECT OF MPD ON THE SIDD BENCHMARK, DND BENCHMARK, NIND ISO3200 AND NIND ISO5000 DATASETS. TO PREVENT MPD FROM

BEING AFFECTED BY POST-PROCESSING, OUR RESULTS ARE OBTAINED WITHOUT R3 . THE BEST RESULTS ARE MARKED IN BOLD

Fig. 15. Ablation study of the hyperparameters of MPD with our
Complementary-BSN framework on the SIDD validation dataset. The
R3 refinement is avoided here to illustrate the difference clearly. We investigate
the effect of different λ1 for λ2 = 0.1, 0.2, 0.3, 0.4, 0.5 and observing that
MPD achieves the best performance when λ1 = 0.3, λ2 = 0.2.

to the final denoising results. Additionally, irrespective of
whether MPD(1, 2, 5) or MPD(2, 5) is used in inference,
the denoising performance is superior to framework without
MPD strategy and the values of PSNR are 0.05dB and 0.18dB
higher respectively, showing the flexibility and effectiveness
of MPD. To further validate the performance of our MPD
strategy when confronted with various real-world noise types
and image structures, we conduct a study about the effect
of MPD on the SIDD benchmark, DND benchmark, NIND
ISO3200, and NIND ISO5000 datasets in Table VI. This table
quantitatively shows that a significant disparity between the
results with and without the application of MPD, indicating
that MPD is universally applicable to different types of real-
world noise.

The ablation of hyperparameters for MPD is illustrated in
Fig. 15. We can observe that our design delivers the ultimate
capability with λ1 = 0.3 and λ2 = 0.2. The experiment
shows that PD2 has the greatest contribution to the final
restoration, which means that the MPD scheme takes the
combined advantages of balanced performance of PD2 and
the complementary information from PD1 and PD5.

4) Hyperparameter for Global Mask Mapper: Table VII
provides an assessment of the proposed method with varying
widths (w) of the global mask mapper. The results indicate that
a width of 3 attains the highest performance. It is noteworthy
that the width of the global masker determines the frequency of
masking pixels, while less width means more masked pixels.
Therefore, the model with width of 2 suffers from information
loss brought by frequent masking and interpolation and gen-
erates sub-optimal denoising performance. On the contrary,
although higher width means less masked pixels, the large
masking interval results in spatial correlation of the masked
images and confuses the network during the training phase.

TABLE VII
ABLATION STUDY OF THE WIDTH SIZE ON THE INTRODUCED GLOBAL

MASK MAPPER. THE BEST RESULTS ARE MARKED IN BOLD

Based on the results presented in Table VII, we determine
that setting the width of the global-aware mask mapper to
3 in implementation.

V. CONCLUSION

In this paper, we propose Complementary-BSN, a novel
self-supervised real-world image denoising framework, aiming
to address the details lost by the limit on the masked pixels
for BSN, and the lack of consideration for the respective
characteristics of image regions in inference. First, we design a
two-branch structure with the global mask mapper and a novel
revisible loss to achieve lossless denoising through selectively
controlling blind-spot. Second, we propose BRP, injecting
randomly rearranges into the previously PD process, and can
further break the pixel-wise spatial correlation. Finally, we pro-
pose an efficient inference scheme (MPD) to maintain more
useful information by fusing restored images from different
stride of PD. Our method does not require any prior knowl-
edge about clean data or noise distribution. The experimental
results on real-world noisy datasets show the effectiveness of
the proposed model over recent self-supervised denoisers for
enhanced structure recovery. In our future work, we aim to
learn the correlation parameter in a self-supervised manner.
This approach holds the potential to enhance the adaptability
and robustness of our model, enabling it to better handle
a wide range of scenarios and data variations. Furthermore,
we consider combining self-supervised denoising methods
based on mask reconstruction with image classification algo-
rithms to devise a joint training framework. This framework
will integrate both tasks with corresponding loss functions,
realizing the migration of denoising information between
different data domains.
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