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Abstract. With the rapid development of deep learning technology, image denoising algorithms based on
deep learning have been widely used. However, existing methods still exhibit significant limitations when
processing high-density salt and pepper noise. The local sense field characteristics of convolutional neural
networks result in global context modeling deficiencies, making it difficult to effectively distinguish noise
points from genuine image details. This leads to structural distortion and edge blurring during the denoising
process. For this purpose, a deep neural network image denoising algorithm (DR-DNN) incorporating a
self-attention mechanism is proposed. Firstly, we design a Deep Bilateral Attention Module (DBAM) that
enhances the extraction capabilities of both global and local features through a dual layer self-attention
mechanism, solving the problem of insufficient modeling of the long-range dependencies. Second, an
improved inverted residual structure is introduced, replacing traditional convolutional operations with linear
layers. It enables more efficient parameter sharing through fully connected connections, enhancing the
network’s nonlinear expressive capabilities. Finally, propose a coarse-to-fine two-stage training method and
a non-noise point restoration strategy to guide the network in selectively restoring contaminated pixels. The
experimental results show that the DR-DNN model can effectively remove high-density pretzel noise, and
its main performance index is significantly better than similar algorithms. Compared with the suboptimal
algorithm, PSNR and SSIM are improved by 0.66% and 12.56% respectively at a noise density of 0.7, 4.24%
and 18.41% respectively at a noise density of 0.8, and 11.43% and 30.93% respectively at a noise density of
0.8.

Keywords: high-density salt and pepper noise, deep neural network, deep binocular attention module,
improved inverted residual module, feature vector

1 Introduction

Image denoising, as a basic task in computer vision and image processing, aims to remove noise interference as
much as possible while maximally preserving the edges, textures, and structural details of an image. However, it
is an inherent conflict between noise suppression and detail preservation, a challenge that becomes particularly
pronounced in high density noise scenes [1]. Salt and pepper noise, as a typical form of impulse noise, severely
degrades image visual quality and semantic information by randomly setting pixel values to extreme values. It
is widely present in image acquisition, transmission, and storage processes [2-3]. As noise density increases,
traditional filtering methods such as median filtering and its variants struggle to effectively distinguish noise
points from genuine image extrema due to their reliance on local neighborhood statistics. This leads to blurred,
distorted, or even semantically degraded denoising results [4-6].

As a classical method for processing salt and pepper noise, median filtering effectively suppresses noise
at low noise densities by replacing the central pixel with the median of local window pixels. However,
when the noise density is high, the filtering window may contain a large number of noise points, causing the
median itself to become contaminated and significantly reducing the effectiveness of noise reduction. To this
end, researchers have proposed various improved median filtering algorithms, such as PSMF [7], AMF [8],
FBDA [9], DBTMF [10], MDBUTMF [11], and DAMF [12]. These methods typically identify noise points
by detecting pixel extremes or statistical anomalies, and repair them using adaptive windows or weighting
mechanisms. Although these methods have improved denoising performance to some extent, they still rely on
local neighborhood information and are prone to misclassifying genuine edges or high-contrast regions in images
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as noise. Particularly under conditions of high-density noise, their ability to model the overall image structure is
insufficient, making it difficult to achieve precise detail restoration [13].

In recent years, deep learning-based image denoising algorithms have demonstrated superior denoising
performance compared to traditional methods. Convolutional neural networks exhibit superior performance to
traditional methods in various noise removal tasks due to their powerful nonlinear fitting capabilities. However,
the local sense field nature of convolutional operations inherently limits their ability to model long-range
dependencies. In high density salt-and-pepper noise scenarios, the local structure of images is severely disrupted.
Networks struggle to accurately determine whether a pixel is noise based solely on local information, and they
are unable to effectively restore the global semantic structure masked by noise. Although previous studies have
attempted to enhance feature representation capabilities by incorporating Transformer architectures, multi-scale
fusion, or dual channel structures, certain limitations persist under extreme noise conditions. In addition, existing
methods commonly employ end-to-end training strategies that uniformly process all pixels in an image, often
resulting in blurred details and texture distortion.

2 Related Work

Recently, denoising algorithms based on convolutional neural network (CNN) have demonstrated superior
performance compared to conventional methods. Zamir et al. [14] proposed an efficient Transformer architecture
which utilizes the self-attention mechanism and multi-scale feature fusion for image denoising, although the
model performs well in denoising tasks, it still has some limitations in long range dependency modeling. Tian
et al. [15] proposed Cross Transformer, an image denoising algorithm for complex scenes, which significantly
improves denoising performance through cross-modal information fusion. Wu et al. [16] proposed an algorithm
for removing image acquisition and spatially varying noise, although the algorithm performs well in the
denoising task, there are challenges in balancing the denoising effect and detail retention. Xu et al. [17] proposed
a random impulse noise deep noise reduction model constructed using a two-channel convolutional neural
network, which enhances the denoising effect through the two-channel structure by processing different features
of the image respectively, and performs well in dealing with random noise; however, the model structure is
complex, and it may be difficult to take into account both the denoising effect and the detail retention under
extreme noise conditions. Li et al. [18] gave DenseNet, a densely connected convolutional network for impulse
noise removal, which directly processes the original image to remove impulse noise by capturing multi-scale
contextual information, but has limited ability to process high-resolution images. Guo et al. [19] proposed an
image impulse noise removal method based on fuzzy knowledge measure, which performs well in impulse noise
removal. Cheng et al. [20] proposed a style-disentangled image denoising method based on noise style transfer
and quasi-siamese networks. This method models noise as an independent image style and achieves the explicit
disentanglement of clean content and noise features through a two-branch network. Nevertheless, for images
containing complex textures, the noise style suppression branch tends to over-smooth images, resulting in the loss
of local fine texture details. Singh et al. [21] proposed an AT-2FF model for removing images contaminated by
noise, which performs well in removing salted noise, but the denoising effect may be unstable under high density
pepper noise conditions. Although these methods have made significant progress in denoising performance, there
is room for improvement in detail retention and stability under high noise conditions.

Although current denoising methods have made significant progress in performance, the removal of high
density salt and pepper noise remains a formidable challenge. Conventional denoising methods based on
convolutional neural networks are constrained by their inherent local sense field characteristics, making it
difficult to effectively capture semantic correlations between distant pixels in images. Consequently, their
structural recovery capabilities significantly deteriorate under conditions of high noise density. The inherently
local connectivity pattern of traditional convolutional operations further constrains the network’s perception and
understanding of global noise distribution patterns. This leads to models becoming trapped in local optima when
confronting extreme noise environments, resulting in recovery outcomes that often lack spatial consistency and
structural integrity. Furthermore, existing training paradigms typically employ an end-to-end supervised learning
strategy, requiring the network to uniformly restore all pixels across the whole image. This processing method
fails to adequately account for the significant differences in inherent features between noisy pixels and clean
pixels, often resulting in unnecessary modifications to uncontaminated areas. This, in turn, leads to blurred image
details and visual distortion. Meanwhile, some methods employ complex network architectures or multi-branch
designs to enhance performance. While these approaches do improve the model’s expressive power to some
extent, they also come with higher computational complexity.

96



Journal of Computers Vol. 37 No. 3, June 2026

To address the aforementioned issues, this paper proposes a deep neural network based image denoising
algorithm, DR-DNN. This method begins with the feature representation of noisy images, focusing on the
construction and optimization of pixel level feature vectors. It aims to address the shortcomings of denoising
networks under high density salt and pepper noise in terms of global perception, nonlinear expression, and
pixel recovery mechanisms. In the network architecture, we introduce a Deep Binocular Attention Module
(DBAM) that employs a self-attention mechanism to enable global interactions between pixels. This enhances
the network’s ability to model long-range dependencies, allowing it to accurately identify image structures even
under high noise interference. To enhance the network’s nonlinear representation capabilities, an improved
inverted residual structure is designed. It replaces traditional convolutional operations with fully connected
linear layers, leveraging a global parameter sharing mechanism to achieve more efficient feature transformations.
Simultaneously, it mitigates the vanishing gradient problem through multi-level feature concatenation. Rough
and fine two-stage training method is proposed: first, generate relatively clean intermediate images through
preliminary denoising; then, conduct fine-grained training based on these images. This approach gradually guides
the network to focus on learning essential image features while avoiding interference from high noise during
model optimization. Additionally, a noise-free pixel restoration strategy is proposed. By setting a reasonable
threshold to distinguish noise pixels from potentially clean pixels, only contaminated pixels undergo network-
based repair. This approach maximizes the preservation of authentic information in the original image while
avoiding the “over-smoothing” issue commonly found in traditional methods.

3 Datasets

We use the publicly available BSDS500 dataset [22] for our research, which contains 500 high-resolution natural
images, including various scenes of cities, landscapes, plants, animals and people. To train the network to remove
the ability of high-density noise, we introduce salt and pepper noise at a density level of 0.7 to all images. The
dataset is then partitioned into a training set and a test set in a 9:1 ratio. Examples of both clean and noisy images
are illustrated in Fig. 1.

Fig. 1. Examples of noise-less and noisy maps for the BSDS500 dataset

We use the publicly available Set12 dataset for our experiments, which contains 12 high-resolution classical
images including scenes of houses, airplanes, plants, animals, and portraits. In order to verify the ability of the
network to remove different pretzel noises, we first add pretzel noises with a density of 0.1-0.9 to all the images,
and then feed the noise-added images into the model for denoising in sequence, where the original images and
the noise-added images with different noise densities are shown in Fig. 2.

Fig. 2. Examples of the original map of the Set2 dataset and a noisy map with a density of 0.1-0.9
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4 Design of DR-DNN

We propose an image denoising network DR-DNN from noisy image feature points, which uses DNN as the
basic framework of the network, and on this basis combines a DBAM and improved inverted residual module.
The architecture of the network is shown in Fig. 3. After constructing the feature vector from the input image, the
denoised pixel values are processed by the DR-DNN network to obtain the denoised image.

The DNN is a network that simulates the structure and function of the neural network of the human brain,
with the neuron serving as its fundamental unit. Each neuron processes inputs received from other neurons [23].
In DNN, the outputs from neurons in each layer become the inputs for neurons in the following layer, and the
nonlinear transformation is realized through the activation function. The training process of DNN relies on the
back propagation algorithm and gradient descent algorithm [24]. The prediction error is reduced by evaluating
the discrepancy between the output layer and the true label and feeding the difference back to each layer in the
network, which is used to adjust the neurons’ weights and bias terms. DNN’s powerful feature learning ability
automatically extract useful features from the original data, and its highly nonlinear characteristics can deal with
complex nonlinear relationships, which has shown good results in pixel-level denoising tasks.
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Fig. 3. Network structure

Resl, Res2 and Res3 are all inverted residual branches in Fig. 3, and DBAM is deep binocular attention
module. The inverted Residual structure was first introduced by MobileNetV2 [25], which is a variation of the
traditional Residual Block. The overall structure of DBAM consists of self-attention module that captures the

interactions among various elements within the same sequence by linking different positions of a single sequence
[26].

4.1 Feature Vector Construction

In the image denoising task, each pixel is described by a one-dimensional vector xeR™ that includes all pixel
values within the local region of the pixel, which is of the form x = a,, a,, a;, ..., a,, where n, indicates the total
pixels within the neighborhood of the pixel. Each pixel corresponds to a clean pixel value y, which is the label

of the pixel. Therefore, the training dataset is a set composed of the feature vectors of a series of pixels XeR™,
where n, represents the count of feature vectors within the set. The 7, is defined as follows:

=Nxj ey

98



Journal of Computers Vol. 37 No. 3, June 2026

where N is the amounts of images from BSDS500 dataset and j is pixel values contained in each image. As each
feature vector correlates to a labeled feature, the number of label dataset YeR™ of the training dataset is n,. The
ny is defined as follows:

ny =ny =Nxj 2)

The labeled dataset is defined as D = <X, Y>, with each feature vectors in X correspond one-to-one to the
label features of Y. The neighborhood of the pixels in the image is taken in turn, and the neighborhood size is 11.
Since the neighborhood of the pixels at the edge of the image cannot be obtained, the image is processed by edge
expansion. Then, the neighborhood is flattened to one dimension, which is used as the feature vector x of the
pixel, along with its actual value corresponding to the pixel is used as the label y. All the pixels of all the images
are taken out in turn to form the feature vector matrix X and the label vector matrix Y. The dataset D is formed
by the one-to-one correspondence between X and Y. Finally, D is split into training and test sets with a 9:1, which
effectively reduces the probability of overfitting during network training. Given a labeled image dataset D, a
DNN £, can be constructed to learn the mapping relationship between X and Y, which can be defined as follows:

Y=h,(X;0,) 3)

where ©,, is the parameters of the DNN £, .

4.2 Deep Binocular Attention Module

In feature extraction process of DNN, only the information of local neighborhood is usually concerned. The self-
attention mechanism can capture the dependency between different locations by interacting the input data with
itself through the dot product, and dynamically adjust the representation of each element, allowing the model can
better understand the global message. To make the network have stronger global perception ability and capture
deeper dependencies between pixels, a binocular deep attention module is proposed, as shown in Fig. 4.
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Fig. 4. Deep binocular attention mechanism
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We take the input data sample xeR™ through a single-layer linear transformation to obtain five different
vectors query (Q, and ,), keys (K, and K,) and value (V).To capture the medium and long range dependencies
of the input data, attention weight matrices a, and a, are computed by query (Q, and Q,) and keys (XK, and K,).
The ¢, is defined as follows:

a;, =(9, ®KiT )/\/Z 4)

The attention score is scaled by a scaling factor /n, to produce attention weight matrices o, and a,. These

weights generate dependencies between pixels over long distances, helping the model to focus on the global
information in the input.

To enhance the important features in the attention weight matrix and capture deeper dependencies between
pixels, a, and a, linearly mapped to get a; and a,, respectively, a; and a, are used as new queries and keys to
calculate the final deep attention weight matrix 3. The 4 is defined as follows:

9 = Softmax((e;, ® ar )/\/Z) (5)

where Softmax is used to normalize the attention weights. Multiply the deep attention weight matrix 3 with the
values of matrix V' to get the final output y. The y is defined as follows:

y=9®r" (6)

The output y is an n,-dimensional vector, yeR™. This two-layer self-attention module captures long-distance
dependencies at the global level by aggregating binocular two-layer attention, and then enhances important
features layer-by-layer. Finally generating outputs rich in long-distance dependencies and enhanced features.

4.3 Inverted Residual Block

To ensure effective training of DNN and avoid vanishing gradients with increasing depth [27], we use an inverted
residual structure into DNN. In the inverted residual structure, t the key difference is that the dimension is
initially expanded using a 1x1 convolution, followed by feature extraction through a 3x3 depth-wise separable
convolution, and eventually the dimension is compressed using another 1x1 convolution. The order of raising
and reducing dimensions is adjusted in the inverted residual, and the 3%3 standard convolution in the residual is
replaced by DW convolution, and the overall structure is fusiform.

In image denoising tasks, linear layers make each output unit connected to all input units by performing fully
connected operations. It enables the network to model input data from a global perspective, simultaneously
capturing latent connections between different regions within an image. This approach demonstrates significant
advantages when processing noise types with highly random distribution characteristics, such as salt and pepper
noise. In contrast, convolutional layers are limited by their local sense field, concentrating their modeling
capabilities primarily within the immediate neighborhood. They lack effective perception and modeling
capabilities for noise distribution patterns at the global scale. Salt and pepper noise typically shows up as
extreme pixel values in images, forming prominent outliers in feature space. The dense feature interaction
mechanism implemented through matrix multiplication in linear layers enables more precise characterization of
the statistical properties and distribution patterns of such outliers. In contrast, convolutional layers, constrained
by the locality of their receptive fields, often struggle to effectively capture these global noise patterns. And the
linear layer achieves global dense interactions between input features through matrix multiplication operations,
helping the network learn the complex relationships between noisy and clean pixels. Especially in high density
noise scenarios, when most pixels in an image are contaminated by noise, global feature interactions become
particularly crucial.

As can be seen in Fig. 5, Fig. 5(a) illustrates the original inverted residual block and Fig. 5(b) shows our
inverted residual block. This improvement uniformly replaces standard convolutions and depth wise separable
convolutions in the original architecture with linear layers, offering higher computational efficiency and proving
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particularly suitable for high-dimensional feature processing. In denoising tasks, linear layers can significantly
reduce computational complexity while enabling more efficient parameter sharing through fully connected
connections. Since noise distribution typically exhibits spatial consistency, this sharing mechanism facilitates
capturing global noise features.

Linearl, ReLU6 \A

| I
|
: Lo I
| | | |
| Lol |
| Lol |
| Conv1ixl, ReLU6 o '
: onv e | | + Linear3, ReLU6 l
| + I : Linear2 + :
|
| Dwise3x3, ReLU6 Lo + ) |
| : : Linear4 |
| v | | Add, ReLU6 €4—— ]
: Conv 1x1, Linear i i + :
|
: + I l Linear5 |
| |
Add | |
o v |
I Cat I
|
(@) (b)

Fig. 5. Residual block: (a) Inverted residual block and (b) Our inverted residual block

The combination of multi-layer linear transformations enables the network to learn more complex nonlinear
mapping relationships. In the residual structure, the first linear layer Linearl expands the feature dimension
by a factor of four. An excessively small expansion factor limits the network’s nonlinear modeling capability,
making it difficult to fully learn the complex mapping relationship between noise and true pixels. Conversely,
an excessively large expansion factor significantly increases the model’s parameter count and computational
overhead, leading to reduced training efficiency and increased susceptibility to overfitting. The second linear
layer Linear2 replaces the original separable convolution to perform feature extraction, thereby enhancing the
network’s ability to model nonlinear noise. New linear layers Linear3 and Linear4 were added to the residual
connection branch, preserving the feature dimension while refining the features. Their outputs are combined with
the results from Linear2 and fed into Linear5 to achieve efficient information transfer. To further enhance feature
fusion effectiveness and mitigate the vanishing gradient problem [28], the original input is concatenated with the
Linear5 output. It enables the model to transfer information across different levels, thereby integrating low-level
details with high level semantic features. The global connectivity property of linear layers reduces sensitivity
to local noise variations, helping preserve the overall image structure, while the multi-level feature stitching
mechanism enhances the retention of edge and texture details. All linear layer outputs are processed using the
ReLU6 activation function [29], which constrains outputs within the range of 0 to 6. It ensures the necessary
nonlinear expressive capability while enhancing training stability through these constraints.

4.4 Rough and Fine Training

In image denoising tasks, traditional training methods typically employ end to end supervised training using
paired data of noisy and clean images, aiming to enable the network to recover clean images from noisy inputs.
However, when noise density is high or uncertain, it tends to cause the model to overfit noise features during
training, making it difficult to effectively capture the structural and semantic information inherent in the image
itself. This ultimately compromises the quality of the denoising results. To address this issue, a novel dual
stage training strategy is proposed that combines rough training with fine tuning through a progressive training
approach. By optimizing the model in stages, its ability to model real image features is progressively enhanced,
demonstrating superior robustness and denoising performance, particularly when the noise density is unknown.
Specifically, this training strategy comprises two main phases. The first is the coarse training phase, during
which an initial denoising network is trained using raw noisy images and their corresponding clean counterparts.
The objective is to endow the model with preliminary denoising capabilities, enabling it to suppress significant
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noise in input images to a certain extent. However, high denoising accuracy is not required at this stage. At this
stage, the network training continues to employ conventional supervised learning, using noisy images as input
and clean images as target output. The mean squared error (MSE) loss function guides the network to learn how
to recover the fundamental structure of images from noisy data. Since the accuracy requirements for the model
are relatively low at this stage, the learning rate is set to 0.001. This allows the model to converge quickly and
obtain a preliminary usable denoising model. The model effectively reduces noise intensity in images, generating
a relatively “clean” intermediate image.

Next comes the fine training stage, which forms the core of the entire training strategy. Its key lies in utilizing
the preliminary denoising model obtained during the coarse training stage to perform a forward inference on the
original noisy images. This generates a set of intermediate images that have undergone preliminary denoising.
Compared to the original noisy images, these intermediate images exhibit lower noise levels and can be regarded
as a form of “pseudo-clean” data. During the fine training stage, the network no longer directly uses the original
noisy images as input targets. Instead, it builds upon these intermediate images processed by the coarse model,
combining them with the actual clean images to form new training data pairs. These pairs are then used to
further refine the model through precise training. At this stage, the network aims to more accurately restore the
image’s detail information, edge structures, and texture features. Therefore, the Structural Similarity (SSIM) loss
is incorporated to enhance the image’s visual quality and structural consistency. Also, to ensure the model can
undergo detailed optimization beyond its existing denoising capabilities, the learning rate during the fine-tuning
phase is set to 0.00001. The model parameters obtained from the rough training phase serve as the initial weights
for the fine-tuned model. Through fine-tuning, the model gradually converges toward a more optimal solution.

In image denoising tasks with uncertain noise density, directly training models using raw noisy images often
leads to significant noise interference, making it difficult for the model to effectively learn the intrinsic features
of the image. By performing preliminary noise suppression during the rough training stage to generate relatively
clean intermediate data, subsequent refinement based on this data can significantly reduce noise interference in
model learning. It enables the model to focus more intently on the image content itself, thereby enhancing overall
denoising effectiveness and image quality. Combining purification and optimization, the dual stage training strat-
egy establishes a progressive learning process that not only enhances the model’s adaptability in complex noisy
environments but also strengthens its ability to model image details and structures.

4.5 Noise Free Pixel Reduction

In traditional image denoising methods, all pixels across the whole image are typically processed uniformly,
which inevitably causes secondary interference to the original pixels unaffected by noise. To address this issue,
a noise-free pixel restoration strategy has been proposed. This strategy distinguishes between noisy pixels and
clean pixels, applying differentiated processing methods accordingly. Noise points are identified by analyzing
the extreme distribution features of pixel values. Specifically, for 8-bit grayscale images, pixels with values
I(x, y) > 250 are classified as bright noise points, while those with values I(x, y) < 5 are classified as dark noise
points. Pixels satisfying 5 < I(x, y) < 250 are regarded as potentially clean pixels and retain their original values.
This threshold selection ensures accurate identification of noise points in the vast majority of cases without
misclassifying extremely bright regions within the image. After completing the rough and fine denoising process,
a pixel level replacement strategy is adopted. For pixels marked as noise points, replace them with the restored
value I'(x, y) output by the denoising network; for pixels not marked as noise points, retain the original pixel
value I(x, y) from the source image; at the boundary between noise points and clean pixels, employ a weighted
fusion strategy, where the fused pixel value is ;,,(x, y). The I,,(x, y) is defined as follows:

1u () =al(x,y)+(1-a)(x,y) (7

Among these, the weight a is dynamically adjusted based on the noise state of neighboring pixels, smoothing
transition areas to avoid artificial artifacts. The denoising process is shown in Fig. 6.
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Fig. 6. The denoising algorithm process

The basic algorithm of the image denoising based on DR-DNN is summarised as follows:
Step 1: Input the Noisy Image
Input the noisy image 7,
Step 2: Noise Point Detection and Marking
*  Bright noisy points: If /(x, y) > 250, mark it as a bright noise point.
»  Dark noise points: If /(x, y) < 5, mark it as a dark noise point.
*  Clean pixels: If 5 <I(x, y) <250, mark it as a clean pixel.
*  Output the noise mask M.
Step 3: Coarse-Fine Two stage Denoising Processing
Stage 1: Coarse Denoising
e Input7Z,.
»  Network: The coarsely trained DR-DNN model.
s Output: 7,4
Stage 2: Fine Denoising
e Input’l,,,.
*  Network: The finely trained
*  Output: /.
Step 4: Non - noise Pixel Restoration Strategy
For each pixel (x, y):
s If M(x,y)==1 (noise point), then ;,,(x, y) = I,,.(x, ).
*  Else (clean pixel), then I;,,(x, y) = I, (x, ).
Step 5: Output the Final Denoised Image
Output the final denoised image /.

5 Experimental

5.1 Experimental Environment and Network Setup

The experiment is based on the programming language Python3.9, the deep learning framework PyTorch2.2.2
is used for network construction, the CUDA version is 12.3, and the training and testing system is Windows11.
The hardware graphics card model is NVIDIA GeForce RTX 4060, and the hyperparameters are set as follows:
The number of epoch is 1000, the batch size is 512, the optimizer is Adam, the loss function employs the mean
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squared error (MSE) loss function [30]. The initial learning rate of coarse training is 0.0001, the initial learning
rate of fine training is 0.001. A lower learning rate is chosen for coarse training to prevent the model from
getting stuck in local optima or experiencing gradient explosion due to high noise interference during the initial
denoising phase. In contrast, the input data in the fine-tuning phase is relatively “clean,” and a slightly higher
learning rate facilitates rapid model refinement to capture image details. The learning rate decay strategy reduces
the learning rate to half its original value every 20 epochs to ensure stable convergence during the later stages of
training.

5.2 Evaluation Metrics

The Peak Signal-to-Noise Ratio (PSNR) [31] and the Structural Similarity (SSIM) [32] are popular measures
of algorithm denoising performance, which can evaluate the restoration effect of the test image [33]. PSNR
indicates the distortion of the image after denoising. PSNR is defined as follows:

PSNR=10lg(MAX*[(¥" 3" (1, ~¥,)") [MN) ®)

where MAX is 255 for an 8-bit grayscale image. / is the input image, Y is the image after denoising, and MXN is
the size of the input image and the denoised image.

SSIM considers three aspects of the image: brightness, contrast and structure, which reflects the preservation
of the image on the texture structure. The SSIM is defined as follows:

SSIM(1,Y) =[I(I,Y)xc(I,Y)x s(I,Y)]" 9)

where [ and Y denote the two images to be compared, and /, ¢, and s denote the brightness similarity, contrast
similarity and structural similarity, respectively, which are calculated as follows:

I(1,Y)=Quy +¢)/ (1) + (1) +¢)) (10)
c(1,Y) = (20,0, +¢,)/(5,)* +(0,) +c,) (11)
S(I,Y)=(O'IY+C3)/(O']O'Y+C3) (12)

where g, and u, indicate the mean pixel values of the 7 and Y images respectively. o, and o, denote the standard
deviation of the pixel values of the / and Y images, respectively. o,, denotes the covariance of the pixel values of
the 7 and Y images. ¢, = (k,L)’, ¢, = (k,L)’, and ¢, = ¢, /2, denote three constants avoiding the denominator to be 0.
k, and k, are defaulted to be 0.01 and 0.03, in that order, and L denotes the range of image pixel values.

5.3 Results

In the experiment, we obtained better results by training the constructed network. The trained network is used
to denoise classical images and the Setl2 dataset and compared with the denoising effect of other classification
networks to verify the superiority of our network in the denoising task. Afterwards, a set of ablation experiments
are carried out to assess the performance improvements contributed by the proposed module in the denoising
task.

Denoising Results of the Proposed Method. The classical image “Baboon(256x256)” is denoised by adding
salt and pepper noise with a density of 0.7; The classical image “Peppers(256x256)” is further denoised by
adding noise with a density of 0.9, and preservation of details is observed, as shown in Fig. 7. During the
denoising process, we observed that the image was gradually restored to clarity, the noise in the image was
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effectively reduced, and the image quality gradually approached the original image. In the denoising process
of local zoom images, the noise is gradually reduced, the image details are preserved as much as possible, and
the image becomes increasingly clearer. Through these three processes, the method can gradually improve the
denoising effect and finally obtain a higher-quality image. This multi-iteration denoising algorithm can effectively
remove various densities of noise and restore the image to a state closer to the original noise-free state.

O-riginal map Noise map Rnugh. denoising Fine denoising Pixel reduction

Fig. 7. Image noise removal effect
The denoising effect of the Peppers image was further observed through the objective evaluation indexes
PSNR and SSIM, as shown in Fig. 8. According to Fig. 8, it can be clearly observed from an objective point of

view that the PSNR and SSIM values of the Peppers image show an increasing trend during the three processing
processes, indicating that the noise is gradually reduced, and the image gradually becomes clearer.

Rough denoising = Fine denoising  Pixel reduction = © Rough denoising = Fine denoising  Pixel reduction

40 1.00
35 0.98
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5 0.90
0 0.88
01 02 03 04 05 06 07 0.8 09 0.1 02 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Density of salt and pepper noise Density of salt and pepper noise
(a) (b)

Fig. 8. Variation of, values of Peppers images with different concentrations of noise with processing: (a) Variation of PSNR
values and (b) Variation of SSIM values

To verify the proposed algorithm, we artificially add 5x5 light and dark noise points to the “Cameraman
(256%256)” image and remove them. The denoising effect can be seen in Fig. 9. According to Fig. 9(b), the light
and dark noise point areas are locally enlarged and marked with red boxes. From Fig. 9(c), it can be observed that
the light noise points have been completely removed, but the dark noise can be observed that part of the noise
has not been removed. Fig. 9(d) shows that the dark noise points have been removed, but led to the loss of some
local details. And in Fig. 9(e), the restoration of details at dark noise points can be clearly observed after noise
pixel reduction. When artificially added luminance noise points overlap with the image’s original dark regions,
the non-noise pixel restoration strategy precisely identifies the noise points’ locations. Repairs are applied only to
contaminated pixels, successfully preserving the texture of the camera mount and the details of the background
buildings while completely eliminating noise interference.
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Original map Noise map Rough denoising Fine denoising Pixel reduction

Fig. 9. Effect of noise location and filtering for bright and dark points added artificially

The classical test map Peppers (256x256) was further utilized to demonstrate the intuitive visual effect of
the denoising results of this study’s algorithm on images with different noise densities, as shown in Fig. 10. Fig.
10 shows from left to right the original and 0.1-0.9 density pepper noise maps and the corresponding denoised
images, respectively. It can be found that this algorithm is able to efficiently eliminate the noise and retain the
image details, especially in high-density noise, with strong denoising and detail retention ability.

Fig. 10. Demonstration of denoising effect of Peppers noise map with different densities

To test the reliability of our algorithm, we have conducted numerous experiments. The Setl2 dataset is
selected as the experimental object to calculate the average PSNR and SSIM of our algorithm during processing
under different noise density intensity. The PSNR values are reported to two decimal places, and the SSIM values
are reported to three decimal places, as shown in Table 1. On the basis of Table 1, it can be seen that both PSNR
and SSIM values are gradually increasing through the stepwise processing.

Table 1. Changes of PSNR, SSIM values of this paper’s algorithm with the processing process

Model Indicators  10% 20% 30% 40% 50% 60% 70% 80% 90%
Rough denoising ~ PSNR 27.42 29.04 30.14 30.58 30.19 29.58 28.97 28.29 27.60
SSIM 0.886 0.904 0.933 0.949 0.952 0.948 0.942 0.932 0.920

Fine denoising PSNR 27.45 28.97 29.68 29.96 29.88 29.67 29.36 28.99 28.50
SSIM 0.924 0.933 0.952 0.957 0.955 0.952 0.948 0.942 0.935

Pixel reduction PSNR 39.34 34.52 33.36 32.54 31.71 30.99 30.38 29.74 29.06
SSIM 0.986 0.981 0.978 0.975 0.970 0.965 0.959 0.952 0.944

For further validation of the denoising ability of our method, we used 204 images from the BSDS500 dataset
to validate the behavior of our method. The change of the objective index and of the denoised image with the
noise density of the original image can be seen in Fig. 11. In Fig. 11, the horizontal axis represents the density
of added salt and pepper noise, and the vertical axis indicates the mean square values of different noise densities
for PSNR and SSIM, respectively. The mean values of PSNR and SSIM decrease slowly with increasing noise
density, but both have high values, and the deviations are also about the same for various noise densities. The
results show that our algorithm fits well and is robust to different densities salt and pepper noise.
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Fig. 11. Denoising performance of this paper’s algorithm for different densities of salt and pepper noise

Comparative Experiments. For the dataset Setl12, we analyze and evaluate the proposed algorithm and related
algorithms, and the comparison algorithms include literature [12, 19, 21, 31] and literature [34-42]. The average
values of the key metrics of these algorithms for denoising images with different noise densities are shown in
Table 2, where the best index values are shown in bold.

As shown in Table 2, the proposed algorithm demonstrates excellent denoising performance across a wide
range of noise densities from 0.1 to 0.9, with particularly significant advantages under high-density noise
conditions (>0.7). At noise densities of 0.7, 0.8, and 0.9, the proposed algorithm achieves PSNR values of
30.38 dB, 29.74 dB, and 29.06 dB, respectively, with SSIM values of 0.959, 0.952, and 0.944, significantly
outperforming other comparison algorithms. At a noise density of 0.8, the proposed algorithm achieves a PSNR
1.21 dB higher and an SSIM 0.148 higher than the next-best algorithm (Reference [42]). At 0.9, the PSNR is
2.98 dB higher and the SSIM is 0.223 higher. The significant advantage is primarily attributed to the DBAM and
the improved inverted residual structure. DBAM effectively captures the global contextual information of images
through its self-attention mechanism, overcoming the limitations of traditional convolutional networks with
their local sense field. This enables the network to accurately identify long-range dependencies between pixels
even under high noise interference, thereby precisely reconstructing image structures. Meanwhile, the improved
inverted residual structure replaces convolutions with linear layers, enabling fully connected global feature
interactions. It enhances the network’s ability to model noise distributions while avoiding edge blurring issues
caused by local filtering.

The proposed algorithm achieved the highest SSIM values at noise densities >0.2, showing its exceptional
capability in preserving image structure, texture, and edge details. At a noise density of 0.5, the SSIM value of
the proposed algorithm in this paper is 0.970, whereas that of the method in [12] is only 0.917. At this stage,
the non-noise pixel restoration strategy employs threshold-based detection to distinguish between noisy pixels
and clean pixels. By applying network-based repair exclusively to contaminated pixels, it effectively avoids the
“secondary contamination” and detail blurring caused by traditional methods that uniformly process all pixels.
This approach maximizes the preservation of authentic information from the original image. At a noise density
of 0.1, the PSNR (40.82dB) reported in [12] is slightly higher than that of the proposed algorithm (36.34dB),
while its SSIM (0.987) is only 0.001 higher than that of the proposed method (0.986). This phenomenon occurs
because, under extremely the low noise conditions, traditional filters can efficiently remove sparse noise points
through simple local statistical operations. Due to their straightforward processing, they may exhibit a slight
advantage in PSNR metrics. However, as noise density increases, the performance of traditional methods
declines sharply. In contrast, the proposed algorithm exhibits a gradual performance degradation due to the
powerful nonlinearity and global modeling capabilities of deep networks, demonstrating superior adaptability
and robustness. Therefore, the proposed algorithm demonstrates comprehensive and significant advantages in
high density salt and pepper noise removal tasks, particularly in preserving image structural integrity, thereby
validating the effectiveness of the proposed DR-DNN network.
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Table 2. Comparison of denoising effect of different algorithms for dataset Set12

Algorithms Indicators 10% 20% 30% 40% 50% 60% 70% 80% 90%
Literature [12] PSNR 40.82 37.60 35.04 32.41 30.85 29.43 27.99 26.33 22.69
SSIM 0.987 0.974 0.958 0.940 0.917 0.870 0.826 0.727 0.623

Literature [19] PSNR 40.43 36.83 34.41 32.54 30.95 29.50 28.10 26.52 22.49
SSIM 0.987 0.971 0.953 0.931 0.904 0.872 0.832 0.781 0.664

Literature [21] PSNR 24.95 21.60 19.59 18.30 8.71 7.96 7.36 7.03 6.52
SSIM 0.896 0.803 0.728 0.658 0.096 0.068 0.049 0.038 0.028

Literature [31] PSNR 37.00 33.54 31.41 29.75 28.25 26.97 25.72 24.18 20.88
SSIM 0.987 0.972 0.954 0.932 0.906 0.876 0.837 0.782 0.655

Literature [34] PSNR 36.15 31.00 25.58 21.07 17.37 14.26 11.74 9.42 7.23
SSIM 0.989 0.972 0.936 0.861 0.733 0.552 0.360 0.189 0.084

Literature [35] PSNR 17.83 15.98 14.64 13.60 12.66 11.88 11.17 10.54 9.99
SSIM 0.630 0.431 0.302 0.220 0.164 0.126 0.097 0.076 0.061

Literature [36] PSNR 17.84 14.47 12.41 10.93 9.78 8.84 8.05 7.38 6.81
SSIM 0.648 0.408 0.254 0.163 0.109 0.074 0.053 0.038 0.028

Literature [37] PSNR 36.35 34.99 33.53 32.18 30.82 29.40 27.91 26.18 21.00
SSIM 0.953 0.949 0.939 0.923 0.901 0.871 0.831 0.773 0.638

Literature [38] PSNR 36.89 33.96 32.15 30.78 29.55 28.47 27.30 25.80 22.76
SSIM 0.976 0.953 0.929 0.903 0.874 0.842 0.802 0.749 0.635

Literature [39] PSNR 38.06 34.35 31.63 29.40 27.17 24.94 22.04 17.76 10.17
SSIM 0.981 0.959 0.930 0.893 0.843 0.777 0.683 0.534 0.283

Literature [40] PSNR 35.77 32.81 30.95 29.50 28.19 26.90 25.45 23.62 20.93
SSIM 0.972 0.944 0.914 0.880 0.841 0.795 0.737 0.663 0.562

Literature [41] PSNR 15.37 12.36 10.6 9.32 8.33 7.53 6.84 6.25 5.74
SSIM 0.559 0.318 0.213 0.135 0.088 0.060 0.042 0.030 0.021

Literature [42] PSNR 41.74 38.27 36.12 34.36 32.90 31.56 30.18 28.53 26.08
SSIM 0.986 0.970 0.953 0.934 0.911 0.885 0.852 0.804 0.721

Ours PSNR 36.34 34.52 33.36 32.54 31.71 30.99 30.38 29.74 29.06
SSIM 0.986 0.981 0.978 0.975 0.970 0.965 0.959 0.952 0.944

By comparing 15 typical images (Lena, Baboon, Peppers, Cameraman, Parrot, Plane, Bridge, Pirate, Boat,
Lake, Elaine, Flintstones, Living Room, House, and Hill), Table 3 shows the results of literature [7, 11, 12]
literature [37-38] and this study’s algorithms on 15 typical images with average and mean values, where the
best metric values are shown in bold. As shown in Table 3, the average and mean of this study’s algorithm
under various noise densities are better than those of the comparison algorithms, especially under high noise
densities, and this algorithm improves significantly on and compared to the algorithm in the literature [12].
Although the value of the algorithm in the literature [12] is slightly higher than that of this study’s algorithm in
this study at a 10% noise density, the algorithm in this study always maintains the leading position as the noise
density increases. Notably, the values of our algorithm are significantly higher than those of the other algorithms
under high noise density, which reflects the superiority of our algorithm in dealing with high noise situations.
Moreover, the values of our algorithm are higher than those of the other algorithms regardless of the variation in
noise density, which indicates that our algorithm performs better in preserving the image structure and details.

Table 3. Average sum of the algorithms in 15 typical images

Algorithms Indicators 10% 20% 30% 40% 50% 60% 70% 80% 90%
Literature [7] PSNR 31.61 28.38 2529 2225 18.19 12.60 9.17 7.46 6.08
SSIM 0.903 0.872 0.802 0.699 0.490 0.188 0.063 0.032 0.014

Literature [11] PSNR 31.24  28.05 26.68 26.73 26.84  26.18 2486  21.42 14.07
SSIM 0.884  0.799 0.744  0.766 0.796 0.788 0.750  0.644 0.305

Literature [12] PSNR 37.48 34.14 31.95 3030 2891 27.63 26.32 2480 2271
SSIM 0.925 0911 0.895 0.875 0.852 0.824 0.789 0.740 0.657

Literature [37] PSNR 32.82 29.05 26.18 23.72 21.49 19.27 17.09 14.51 12.16
SSIM 0.908 0.866 0.810 0.738 0.652 0.555 0.457 0.362 0.294

Literature [38] PSNR 33.88 31.05 2930  28.04 26.95 25.93 24.89  23.59 20.78
SSIM 0.915 0.892 0.867 0.841 0.812 0.780 0.740 0.687 0.574

Ours PSNR 39.54 3745  36.51 35.66  34.88  34.22 3335  32.68  31.72
SSIM 0.989 0.985 0.981 0.977 0.972 0.967 0.961 0.952 0.947

Ablation Experiments. For the proposed denoising algorithm, based on the DNN network, we successively add
DBAM, inverted residual module and the combination of the two to form a new network, and carry out denoising
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experiments on Setl2 dataset. The results of the experiment are listed in Table 4. where Algorithm 1 is the base
DNN network, Algorithm 2 is the DNN network with the addition of the improved inverted residual module,
Algorithm 3 is the DNN network with the addition of DBAM, and Algorithm 4 is the DNN network with the
addition of the improved inverted residual module followed by the further addition of DBAM.

Table 4. Experimental results of ablation of network structures

Algorithms Indicators 10% 20% 30% 40% 50% 60% 70% 80% 90%

Literature 1 PSNR 26.29 27.28 28.19 28.63 28.69 28.35 27.91 27.24 26.19
SSIM 0.828 0.869 0.906 0.930 0.939 0.938 0.932 0.920 0.899

Literature 2 PSNR 25.39 28.47 29.69 29.66 29.30 28.75 28.23 27.49 26.49
SSIM 0.827 0.930 0.949 0.953 0.949 0.943 0.936 0.925 0.905

Literature 3 PSNR 26.74 27.19 28.73 29.81 30.02 29.63 29.09 28.37 27.50
SSIM 0.836 0.861 0911 0.944 0.955 0.955 0.949 0.941 0.928

Literature 4 PSNR 29.09 28.77 29.47 29.76 29.58 29.05 28.50 27.83 27.03
SSIM 0.892 0.896 0.924 0.942 0.947 0.945 0.939 0.931 0.917

Ours PSNR 36.34 34.52 33.36 32.54 31.71 30.99 30.38 29.74 29.06

SSIM 0.986 0.981 0.978 0.975 0.970 0.965 0.959 0.952 0.944

As shown in Table 4, the baseline DNN network achieves PSNR values of 27.24 dB and 26.19 dB under noise
densities of 0.8 and 0.9, respectively, with SSIM scores of 0.920 and 0.899, indicating limited performance.
As modules are progressively added, performance shows a noticeable improvement. Simply incorporating the
improved inverse residual algorithm 2 yields a PSNR of 27.49 dB and an SSIM of 0.925 at a noise density of
0.8 dB, representing a slight enhancement over Algorithm 1. This indicates that replacing convolutional layers
with linear layers enhances the network’s nonlinear expressive capability, though the improvement is limited.
Algorithm 4 achieves a PSNR of 27.83 dB and an SSIM of 0.931 at a noise density of 0.8, outperforming
Algorithm 2. It indicates that DBAM and the improved inverse residual exhibit synergistic effects. Algorithm
3 with only DBAM added achieved a PSNR of 28.37 dB and an SSIM of 0.941 at a noise density of 0.8,
significantly outperforming Algorithms 1 and 2. This fully demonstrates the critical role of DBAM in capturing
global context information and enhancing feature extraction capabilities, making it the core module for
improving denoising performance. The complete module achieves a PSNR of 29.74 dB and an SSIM of 0.952
at a noise density of 0.8, significantly outperforming Algorithm 4. This demonstrates that DBAM enhances
the global perspective and improves residuals through fully connected connections, enabling efficient feature
transformation and nonlinear modeling. The combination of these two approaches significantly boosts the
network’s feature representation capabilities.

To evaluate the impact of non-noise pixel restoration strategies on denoising performance, we conducted
comparative experiments on the Setl2 dataset. The results are shown in Table 5. Algorithm 1 refers to the
denoising network without the non-noise pixel reduction strategy, while Algorithm 2 refers to the denoising
network with the non-noise pixel reduction strategy. Experimental results demonstrate that the non-noise pixel
reduction strategy enhances denoising performance across all noise densities, with the improvement becoming
more pronounced as noise density decreases. It avoids detail blurring caused by uniform processing of all pixels
by preserving the original clean pixels. Only pixels affected by noise pollution are restored, preventing recovery
errors from spreading to clean areas. Additionally, the original image structure is preserved in a low noise area,
enhancing overall visual quality.

Table 5. Impact of non-noise pixel restoration strategies on denoising performance

Indicators 10% 20% 30% 40% 50% 60% 70% 80% 90%

Algorithms 1 PSNR 27.45 28.97 29.68 29.96 29.88 29.67 29.36 28.99 28.50
SSIM 0.924 0.939 0.952 0.957 0.955 0.952 0.948 0.942 0.935

Algorithms 2 PSNR 36.34 34.52 33.36 32.54 31.71 30.99 30.38 29.74 29.06
SSIM 0.986 0.981 0.978 0.975 0.970 0.965 0.959 0.952 0.944

Increment PSNR 0.324 0.192 0.124 0.086 0.061 0.044 0.035 0.026 0.020
SSIM 0.067 0.045 0.027 0.019 0.016 0.014 0.012 0.011 0.010

Computational Efficiency Analysis. To evaluate the feasibility of algorithms in practical deployment, we
compared the average runtime of different algorithms on the Set12 dataset. The testing environment uniformly
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employs NVIDIA GeForce RTX 4060 graphics cards, with experimental results shown in Table 6. The
computational complexity of DR-DNN primarily stems from the self-attention operations in the DBAM module
and the linear transforms in the inverse residual module. It can be seen from Table 6 that our algorithm has a
shorter running time in processing the Setl2 dataset compared with the algorithms proposed in the Literature
[21] and the Literature 34, and is minimally affected by the noise density, which means that our algorithm has a
high computational efficiency and stability. Although the running time of the algorithm proposed in the Literature
[41] is lower than that of the algorithm proposed in this study, the difference is within 0.26 seconds.

Table 6. Comparison of the average running time of different algorithms for the Set12 dataset (unit: second)

Algorithms 10% 20% 30% 40% 50% 60% 70% 80% 90%
Literature [21] 5.761 12.583 17.214 23.048 28.666 35.051 47.059 75.894 51.103
Literature [34] 1.182 2.124 3.350 5.482 6.827 7.766 7.959 7.582 6.676
Literature [41] 0.148 0.140 0.139 0.139 0.141 0.136 0.136 0.138 0.145

Ours 0.148 0.140 0.139 0.139 0.141 0.136 0.136 0.138 0.145
0.397 0.391 0.388 0.390 0.398 0.391 0.392 0.385 0.386

6 Conclusion

We propose a DR-DNN-based image denoising algorithm designed to enhance the network’s denoising
performance under high-density salt and pepper noise conditions. This network architecture innovatively
incorporates a deep binocular attention mechanism and an enhanced inverse residual module to respectively
enhance the network’s feature extraction capability and nonlinear representation ability. By intelligently
distinguishing noisy pixels from clean pixels through a non-noise point restoration strategy, it achieves targeted
denoising processing. Experimental results show that the proposed algorithm demonstrates significant advantages
in performance metrics and visual denoising effects, effectively removing high density salt-and-pepper noise
and restoring damaged images. However, when the salt and pepper noise density increases further to above 0.9,
the vast majority of pixels in the image become obscured by noise. As a result, the original structure and content
information of the image are nearly completely lost, significantly limiting the potential for further improvement
in denoising performance. Future work will focus on integrating multi-type attention mechanisms to enhance
multidimensional feature perception, exploring spatiotemporal correlation modeling in video denoising to
achieve efficient restoration in dynamic scenes, and optimizing real-time processing capabilities through model
compression and lightweight design. These efforts will drive performance improvements in image denoising
algorithms for practical applications.
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