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Abstract. Although many models that have applied learning exhibit good perfor-
mance, the dataset or image generation and transmission process used for learning
may contain noise, which cannot produce the expected results and performance.
The representative image denoising technique using deep neural networks gener-
ates noisy images by forcibly adding special noise to the original image and learn-
ing to make it the same as the original image. However, the performance of deep
neural networks depends on depth, and to improve performance, increasing only
depth will reach a performance saturation state, which will encounter difficulties. In
order to improve these issues, this article applies the Multi-scale Attention model
to the representative denoising deep learning model U-Net, to suppress unnecessary
information and provide functionality that only emphasizes important information.
In a new modular approach, the given input value is divided into two parts based
on its internal relationship: the part where the important parts are concentrated and
the part where the important parts are concentrated through spatial information. The
attention unit based Outburst structure, which combines the two parts after parallel
execution, has been implemented, demonstrating better performance than existing
models. Moreover, without adding too many parameters, more spatial feature maps
than other models are generated by focusing on the effects of components, not only
through PSNR and SSIM. The improved performance was also confirmed by re-
moving noisy in images.

Keywords: deep learning, image denoising, Multi-scale Attention, U-Net, outburst
structure.

1. Introduction

The existing image processing and analysis involve the entire field of digital image in-
formation preprocessing, feature extraction, image restoration and image compression,
etc. At present, artificial modeling of human learning and reasoning abilities involves a
field of artificial intelligence such as character recognition and image pattern analysis -
deep learning. It is worth mentioning that deep learning has emerged in the field of im-
age processing by directly utilizing image spatial information for feature extraction [1].
Representative deep learning techniques for image processing include image classifica-
tion, object detection, etc. Image classification marks pre determined class information
as image data for learning, and the learned model takes the image to be classified as in-
put and outputs class information to distinguish the types of objects. Representative deep
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learning technologies in these fields include AlexNet [2], VGGNet [3], GoogLeNet [4],
ResNet [5], and many other deep learning models based on CNN [6], which have achieved
significant results. The performance of deep learning models may be affected by various
noises contained in the input images used during learning. Moreover, in the process of
image generation and transmission, there will inevitably be noise involved. Deep learn-
ing models that learn through input data also calculate noise during learning, so if the
input data is heated by noise, it can lead to performance degradation. So in practical en-
vironments, denoising during evaluation is essential [7]. To improve these issues, image
denoising techniques are needed. Image denoising technology has been widely applied in
multiple fields such as restoring image details and accepting images as inputs. At present,
in the field of image denoising, research on the application of deep neural networks is
very active in order to improve performance [8].

In order to improve the performance of image denoising, simply increasing the depth
of the deep neural network will result in too much computational complexity and may
lead to difficulties in performance degradation or saturation [9]. To improve these issues,
based on noise pattern prediction, the structure of the neural network was changed to a
parallel form instead of increasing the depth of the neural network, thereby expanding the
scope of the neural network. By improving the existing Attention units, a new module
called multiscale Attention units has been implemented, which can extract more spatial
feature information, suppress unnecessary information, and only emphasize important
information. Multiscale Attention units are composed of parallel parts that concentrate
what is important and where spatial information is important through internal relation-
ships with inputs [10]. In terms of overall structure, noise can be effectively removed by
using an Outburst structure [11] that surges feature information in the latter half of the
neural network. This can be widely applied to systems that require denoising in image
processing.

2. Related Work

2.1. DnCNN

DnCNN(Denoising Convolutional Neural Network) [12] is a deep learning technique
that utilizes CNN to implement image denoising. Using Additive White Gaussian Noise
(AWGN) as noise, and training the model to remove noise. The existing denoising tech-
niques have long computation time, complex parameter settings, and require a large amount
of computation and direct manual interference. The focus of DnCNN is not to directly re-
move noise from noisy images, but to separate noise from noisy images. The use of CNN
ensures the flexibility of image dinoising and achieves performance improvement through
residual learning [13] and Batch Normalization [14].

In addition, they also modified the network structure based on VGGNet(Visual Ge-
ometry Group) to achieve image denoising. In the technology used here, residual learning
is used to improve accuracy, even if the model becomes deeper, it can maintain general-
ization well, rather than adding parameters, and the calculation is not complicated. And
Batch Normalization, through its own generalization process, has low sensitivity and is
not affected by parameter size during learning. It can greatly set the learning rate and
achieve fast learning. The size of the each convolutional filter of DnCNN is 3x3. The
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Fig. 1. The structure of DnCNN

model in the Denoising field determines the receptive field size based on the effective
patch size. High noise levels typically require a larger effective patch size to capture more
detailed features. DnCNN provides a noise level fixed at 25, analyzing the effective patch
size of leading noising methods for depth design.The structure of DnCNN is shown in
Fig.1, which creates a Noise Image (X) by obtaining the Ground truth image (Y ) and
adding AWGN noise. Create an image (X

′
) using a CNN network in Noisy Image (X),

subtract the resulting image from the original image (Y ), and generate a Residual Image
(Y

′
). The final calculation of MSE for Y and Y

′
is reflected in the optimization of the CNN

network. Fig.2 shows the average PSNR with and without batch normalization (BN) and
residual learning (RL). Residual learning converges faster and more stably than original
mapping learning. If residual learning and batch normalization are used simultaneously,
it will converge faster than original mapping and exhibit better denoising performance,
especially helping SGD and Adam achieve better performance results[15].

2.2. Attention Model

The research on network structure has developed in multiple aspects such as depth and
breadth. So far, Attention[16] has focused on research in specific fields, and has not con-
ducted much research in the field of imaging. Recently, in combination with Residual
technology, various networks have been studied in the field of image related fields, and
Attention as a component of the model is being developed. Attention establishes a com-
plementary relationship and demonstrates meaningful results in improving deep learning
performance. Multiple benchmark tests such as ImageNet classification, COCO detec-
tion, VOC detection, and multiple models such as ResNet, WideResNet, ResNext, and
MobileNet have been validated [17].

Firstly, from the structure of the Attention module, convolutional features are ex-
tracted from the generalized Signmode state map and element wise product is performed.



1620 MingShou An

Fig. 2. The average of PSNR with BN and RL

Fig. 3. A general deep learning model with BAM
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The performance of Attention plays an important role in achieving greater performance
improvement with less computation. The attention map is decomposed into channel
wise/spatial wise for calculation. Typical Attention modules include Bottleneck Atten-
tion Module (BAM) and Convolutional Block Attention Module (CBAM). These consist
of very simple pooling and convolutions. Modularize self tension to easily connect to
any CNN. In addition, end-to-end training can be conducted together with existing net-
works. Fig.3 shows a general deep learning model with added BAM structure. Before
the amount of information in the bottleneck interval in the neural network structure is re-
duced, by adding a BAM structure, can increase the information of important parts while
reducing the information of unimportant parts. As a follow-up study, CBAM is a vari-
ant of the combination of pooling, spatial, and channel attention, which exhibits higher
performance than BAM. The CBAM in Channel attention is different from the previous
BAM, as it combines average pool and max pool. The max pool and avg pool values of
the 3D feature map are used as meaningful feature maps in global attention. Two pooling
features share values with the same meaning, so a shared MLP can be used while reducing
the number of parameters. In spatial attention, it is also symmetric, and spatial attention
is calculated using a convolution [18].

2.3. U-Net

U-Net [19] combines the concepts of ResNet and Autoencoder, and is a model constructed
based on the end-to-end fully convolutional network (FCN) [20] proposed in the Biomed-
ical field for image segmentation. This modifies the FCN structure to provide more ac-
curate segmentation in situations with limited data. As shown in Fig.4, the network used
for overall image flow and the network used for precise localization are composed in a
symmetrical form.

U-Net has a U-shaped structure, which can be roughly divided into three parts based
on the center. The first is to extract the semantic information of image pixels over a large
range as the encoding role Contracting Path. The second is to match the semantic infor-
mation with pixel position information as the decoding role Expansive Path. Finally, there
is a conversion interval from the contraction path to the expansion path. This structure
eliminates the existing problem of unnecessary repetition of overlapping patches, thereby
improving performance. The Contracting Path involves repeating the 3x3 conv layer oper-
ation twice, which reduces the size of the feature map. The activation function uses ReLU.
In each low sampling process, the size of the feature map will be reduced by half, but the
number of channels will increase by twice. At each upsampling, the size of the feature
map will double and the number of channels will decrease by half for the Expansive Path.
Contrary to Contracting Path, we can use it to expand the size of feature maps. Then, the
final layer is processed through a 1x1 conv layer.

3. Proposal Method

Noise may be generated during image generation, transmission, or processing, which can
lead to performance degradation during image analysis. In addition, the presence of noise
in images can also affect the performance of deep learning models. To improve these
issues, this article proposes a Multi-scale Attention U-Net image denoising method. The



1622 MingShou An

Fig. 4. The structure of U-Net

recommended approach is to follow the process shown in Figure 5 and apply multi-scale
attention unit to U-Net based on the typical denoising deep learning model DnCNN, and
convert it to an Outburst structure. Using the Attention model to suppress unnecessary
information and only emphasize important information. In addition, the second half of
the neural network can effectively achieve noise reduction by using the Outburst structure
to rapidly increase feature information.

3.1. Improved Attention DnCNN

The performance of deep neural networks depends on depth, but to improve performance,
simply increasing depth may reach a performance saturation state. In order to solve this
problem, this article did not increase the depth of the neural network, but instead con-
nected two neural networks in parallel, expanded the width of the network, and formed
a multi-layer tension module that composed of channel and spatial attention unit. It ex-
tracted more scale feature maps and improved the performance saturation state. One of the
two networks used for parallel connections is built based on DnCNN. Another approach
is to add a Dilated Layer in the front and back half of the middle layer, giving the network
scalability and helping to extract more complex feature maps.

The Multi scale Attention unit is configured to execute the Spatial function again after
parallel execution of the Channel and Spatial regions and merging their respective outputs.
In the field of Channel, what is more important for a given input value is focused on the
information about the channel, rather than spatial information. In addition, as shown in
Fig. 6, as all nodes are connected using a fully connected layer, the weights will be shared
and output more prominent information together with the input value multiple.
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Fig. 5. The flowchart of our proposed method

Fig. 6. The structure of Channel Attention
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The Spatial region does not consider channel information and only focuses on the
spatial importance of input values. As shown in Fig. 7, it is composed by reducing the
number of channels and simply continuously arranging convolutional layers. When chan-
nels exist, they can cause a sharp increase in parameters during the operation process,
which has a significant impact on learning speed. By using a 1x1 conv layer to reduce the
computational complexity of initial input values and sharply reduce information about
channels, the three-dimensional input is transformed into two-dimensional, thus concen-
trating only the spatial area. Secondly, after passing through the 1x1 conv layer, only the
two-dimensional spatial layer as a channel can continuously apply the 3x3 conv layer,
thereby outputting spatial features with only important features as more features.

Fig. 7. The structure of Spatial Attention

Finally, merge the output of the Channel region with the output of the Spatial re-
gion. By combining channel information and spatial information, important information
about channels and spaces can be grasped, and the necessary effective information can be
extracted. From a broader perspective, it’s like outputting only important and necessary
information. Therefore, this output value is used as input in the Spatial module, highlight-
ing spatial and channel elements as a whole, and extracting various important features.
The last application of the Spatial module requires the use of both spatial and channel in-
formation. Unlike the Spatial module applied earlier, the 1x1conv layer used here serves
to delete channel information, therefore the 1x1conv layer is composed in the form of
deletion. As shown in Fig. 8, from a larger perspective, the three modules are combined
in parallel and serial forms as a multi-scale salient module application.

When two networks(DnCNN and Multi-scale Attention) are connected in parallel,
connect the Multi-scale Attention module to the input and output layers. Then, as shown
in Fig. 9, the initial model DnCNN proposed in this paper using a Multi-scale Attention
module was re-learned through Skip Connection between each network input and output.

In the initial model, it is not simply to increase the depth of the neural network, but to
combine two neural network models in parallel, expanding the breadth of the model. In
addition, by using ResNet’s skip connections, more features can be extracted by referring
to the compression function of Autoencoder and previous values. Based on the structure of
U-Net and combined with Attention DnCNN, the performance of image denoising meth-
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Fig. 8. The structure of Multi-scale Attention

ods can be improved. The existing U-Net adopts the core technologies of Autoencoder
and ResNet shortcuts. Moreover, the existing U-Net undergoes four downsampling, but
to prevent spatial feature loss at low resolutions, the recommended method only performs
two times.

3.2. Outburst Structure

The initial model of this article is constructed in parallel rather than serial form. On the
one hand, it adopts the structure of DnCNN, and on the other hand, it uses a dilated layer
instead of ordinary convolutional layers to extract feature maps from multiple different
levels, while attempting to reduce the number of parameters. Although the performance
has been improved, the model also has a flaw.

If layers are added to achieve better performance, the number of parameters will actu-
ally increase, leading to a decrease in learning speed and performance. The model devel-
oped to compensate for its shortcomings utilizes the structure of U-Net. U-Net can also
be seen as a model composed of a combination of the structure of an autoencoder and
skip connections. Basically, autoencoders coordinate the spatial size of layers through
downsampling and upsampling, reducing the number of parameters required for learn-
ing, which is an effective method. Although it is a model of the same length, the size of
the kernel decreases and the computational load also decreases. Therefore, the learning
speed has also been improved. The decoder has the advantage of having the same output
size as the input image, and by extracting features from small-sized images, more feature
maps can be obtained, thereby improving learning speed and performance. Every time
downsampling is performed, the number of upsampling executions in the decoder region
will increase equally. Jumping connections with kernels of the same size can prevent spa-
tial loss caused by downsampling. The improved model is based on the fact that simply
passing the original value in skip connections is inefficient. Therefore, for the scalability
of the feature map, highlighted information will be passed when connecting the initial
model. From the overall structure perspective, this method is also a parallel connection
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Fig. 9. The structure of Attention DnCNN
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Fig. 10. The outburst structure of our method
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rather than a serial connection, thus enhancing the scalability of the network. The per-
formance of pattern analysis in deep learning basically depends on how many different
feature maps are extracted. So far, if the model is improved based on parallel connections
without increasing the number of parameters, the focus of this article is on how to ef-
fectively increase the extracted feature maps. A novel Outburst structure is proposed by
explosively adding feature maps using the structure of xcception.

Fig. 11. The structure of our proposed method

The Outburst structure, as the name suggests, refers to an explosion, which refers to
a rapid change. The sharp changes also mean the diversity and quantity of feature maps.
Outburst can be roughly divided into two parts. If the current model is still part of a calm
flow, then a sharp change is made in the latter half by adding the deformation structure of
the xception shown in Fig.10. The calm part, also known as the preheating zone, plays a
role in consolidating the feature map and extracting many features with sufficient diver-
sity, so it is very important to maintain it well. After the bottleneck structure compression
process, it enters the Outburst region and is endowed with diversity by various convo-
lutional layers. Continuous convolutional layers make the features very prominent. The
final output end will combine all of these to output. The output value does not remove
noise, but rather captures the pattern of noise, indicating its association with the larger
framework of DnCNN introduced earlier. Eliminating noise by having a difference in the
output of the noise mode through Outburst with the input image containing noise.

3.3. The structure of our proposed method

The suggested methods can be divided into Multi scale Attention unit and Outburst struc-
tures, as shown in Fig.11. From the suggested model configuration, the first thing to see is
the structural changes. Attention DnCNN uses the calm part as the preheating stage, while
the Outburst part is associated with the input of the deformation structure that guides the
xception. Effectively extract multiple feature maps from the calm part and endow the
feature maps extracted from the Outburst part with scalability. Secondly, the Multi scale
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Attention unit is used to assist in extracting various feature maps during the warm-up
stage. Compared with traditional Attention modules, the number of layers has increased,
allowing for more efficient feature extraction using channel and spatial information.

4. Experimental Results

4.1. Experimental method

In this paper, the learning dataset used 20000 images with dimensions of 180 * 180.
The test dataset was tested using grayscale images Set12 and BSD68[21]. The loss func-
tion uses Adam, The performance of the epoch remains unchanged after more than 80
attempts, and if executed further, it will deteriorate. Therefore, only 80 attempts were
made. For smooth learning, set the learning rate to 1e-3. At the beginning, use a higher
learning rate to quickly reduce the value of the loss function before 80 iterations, and then
set it to 1e-7 to adjust the safety and details of the loss function.

In order to conduct performance evaluation, experiments were conducted comparing
PSNR (Peak Signal to Noise Ratio) and SSIM (Structural Similarity Index Map) con-
sidering human visual image quality differences with other models. PSNR evaluates the
quality loss information of generated and compressed videos. The less the loss, the higher
the price can be confirmed. If it is a lossless video, its MSE will be 0 and cannot be
defined.

PSNR = 10log10(
R2

MSE
) (1)

SSIM (Structural Similarity) is an indicator that measures the similarity between two
images. This indicator was first proposed by the Laboratory for Image and Video Engi-
neering at the University of Texas at Austin. Among the two images used by SSIM, one
is an uncompressed and undistorted image, and the other is a distorted image.

SSIM = [l(x, y)]α · [c(x, y)]β · [s(x, y)]γ (2)

Table 1 shows the results of the comparison between our method and other methods
tested on BSD68 dataset. The test results indicate that the PSNR value of our method is
better than others.

Tables 2 shows the PSNR and SSIM values tested using our method and other meth-
ods on datasets Set12 and BSD68. Our model tested results on the Set 12 dataset are
PSNR=30.52/SSIM=0.9315, and on the BSD68 dataset are PSNR=29.43/SSIM=0.9106.
The test results indicate that the PSNR and SSIM values tested using our method perform
better than other models. From these results, it can be seen that if used for practical noise
reduction, universality is feasible.

Table 3 shows the PSNR values of each method tested on 12 types of images in the
SET12 dataset. Although it can be seen that the performance of our method is not as good
as other models in some class images, it overall shows good performance, with the highest
average PSNR value. It can be said that overall, our model showed the better performance
than others.

Fig. 12 shows the denoising effect of Monarch, one of the Set12 images, which con-
tains noise. By zooming in on specific parts of the butterfly wing texture, it can be seen
that the recommended model has the best level of denoising.
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Table 1. The comparison results of our method and other methods

Num Models PSNR(dB)
1 BM3D[22] 28.57

2 EPLL[23] 28.68

3 CSF[24] 28.74

4 WNNM[25] 28.83

5 TNRD[26] 28.92

6 IRCNN[27] 29.15

7 FFDNet[28] 29.19

8 ECDNet[29] 29.22

9 DnCNN[12] 29.23

10 ADNet[30] 29.25

11 Ours 29.43

Table 2. The average values of PSNR and SSIM of methods with SET12 and BSD68
datasets

Target Dataset BM3D TNRD DnCNN IRCNN Ours

PSNR Set12 29.97 30.05 30.44 30.38 30.52

BSD68 28.57 28.92 29.23 29.15 29.43
SSIM Set12 0.8505 0.8515 0.8618 0.8601 0.9315

BSD68 0.8017 0.8148 0.8278 0.8249 0.9106

Table 3. PSNR values of methods with 12 classes of SET12 dataset

Class BM3D MLP TNRD DnCNN IRCNN Ours

C.man 29.45 29.61 29.72 30.18 30.08 30.20

House 32.85 32.56 32.53 33.06 33.06 33.32

Peppers 30.16 30.30 30.57 30.87 30.88 30.96

Starfish 28.56 28.82 29.02 29.41 29.27 29.31

Monarch 29.25 29.61 29.85 30.28 30.09 30.49

Airplane 28.42 28.82 28.88 29.13 29.12 29.15

Parrot 28.93 29.25 29.18 29.43 29.47 29.52

Lena 32.07 32.25 32.00 32.44 32.43 32.54

Barbara 30.71 29.54 29.41 30.00 29.92 30.18

Boat 29.90 29.97 29.91 30.21 30.17 30.23

Man 29.61 29.88 29.87 30.10 30.04 30.13

Couple 29.71 29.73 29.71 30.12 30.08 30.16
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Fig. 12. The results of denoising by models (1)

Fig. 13 and Fig. 14 show the denoising results of one of the images from the BSD68
test dataset by models. After comparing 6 models with the our model, it can be confirmed
that our model has the best PSNR values, which are 30.18/38.52, respectively.

5. Conclusions

Noise may be present during image generation, transmission, or processing, which can
lead to performance degradation during image analysis. In addition, due to images con-
taining noise, the performance of deep learning models will also decrease during deep
learning. To improve these issues, this article proposed a Multi-scale Attention U-Net. The
rapproach is to apply Multi-scale Attention unit to denoising network based on DnCNN
and convert it into an Outburst structure for image processing. Attention Unit is a new
modular approach that can suppress unwanted information and master the function of em-
phasizing only important information. By analyzing the internal relationships of a given
input value, it is divided into two parts: the part that concentrates the important parts and
the part that concentrates the important parts through spatial information. The two parts
are executed in a parallel structure and then merged. And without adding too many param-
eters, under the action of Attention unit, more spatial feature maps were generated than
other models, not only through PSNR SSIM. The improved performance was also con-
firmed by removing noisy images. In addition, as the feature part of the overall structure,
the latter half of the neural network uses Xception’s deformation of the Outburst struc-
ture to significantly increase feature information, endowing various feature maps with
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Fig. 13. The results of denoising by models (2)
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Fig. 14. The results of denoising by models (3)
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scalability and demonstrating improvements in noise pattern analysis. The recommended
method is to use Set12 and BSD68 test data, compare PSNR and SSIM values with ex-
isting models and early versions of the proposed model, and expand specific sections to
make their differences more apparent. The experimental results showed that the overall
denoising level improved the performance on average compared to other models, espe-
cially in terms of numerical results, which confirmed that the model proposed by SSIM
for evaluating human visual image quality differences performed the best.
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