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Abstract: For image compression sensing reconstruction, most algorithms use the method of reconstructing image blocks one by one and
stacking many convolutional layers, which usually have defects of obvious block effects, high computational complexity, and long
reconstruction time. An image compressed sensing reconstruction network based on self-attention mechanism (SAMNet) was proposed.
For the compressed sampling, self-attention convolution was designed, which was conducive to capturing richer features, so that the
compressed sensing measurement value retained more image structure information. For the reconstruction, a self-attention mechanism was
introduced in the convolutional neural network. A reconstruction network including residual blocks, bottleneck transformer (BoTNet) ,
and dense blocks was proposed, which strengthened the transfer of image features and reduced the amount of parameters dramatically.
Under the Set5 dataset, when the measurement rates are 0.01, 0.04, 0.10, and 0.25, the average peak signal-to-noise ratio (PSNR) of
SAMNet is improved by 1.27, 1.23, 0.50, and 0.15 dB, respectively, compared to the CSNet+ . The running time of reconstructing a
256 X 256 image is reduced by 0.147 3, 0.178 9, 0.231 0, and 0.252 4 s compared to ReconNet. Experimental results showed that
SAMNet improved the quality of reconstructed images and reduced the reconstruction time.
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0 Introduction intelligence™*.
Under the traditional digital signal processing Traditional ierative COMPTESSIVE Sensing

. : e T (5]
framework, il the analog signal is restored undisputed reconstruction algorithms include basis pursuit (BP) ™,

matching pursuit (MP) ', and bayesian compressive

from the sampled discrete signal, the sampling

frequency of the data is at least twice the signal sensing (BCS) . However, these iterative algorithms

bandwidth". However, with the increasing demand for have disadvantages of high computational complexity

information, the signal bandwidth is becoming wider and and poor reconstruction quality. Deep learning has

wider. In the process of information acquisition, higher received extensive attention in the field of computer

and higher requirements for measurement rate and
processing speed are put forward. The theory of
compressive sensing (CS) proposed by Donoho et al."”
makes it possible that the measurement rate is less than
twice the signal bandwidth, and the theory of CS can
complete the signal compression while realizing the
signal sampling process, combining the sampling and
compression process, greatly saving the storage space of
the collected signal. In the research of CS, this theory
has brought a revolutionary breakthrough in data
acquisition technology, and has been widely concerned.
Compression sensing has been widely studied and
applied in  the fields of

signal  processing,

vision, such as image super-resolution reconstruction,
image semantic segmentation, image denoising. Deep
learning has compressed

been applied to image

S The sampling part uses Gaussian random

sensing'
measurement matrix, adaptive measurement matrix,
fully connected layer and other methods to obtain
compressed sensing measurement value. In the
reconstruction part, DR*-Net blocks the input image,
and performs compression sensing measurement on each
block image, and then sends the measured value into the
reconstruction network to reconstruct these image
blocks, and finally splices each image block to generate

the final reconstructed image. It can be seen that the
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block-by-block reconstruction method"*'* only uses the
information in the block to reconstruct a block, which
seriously damages the integrity of the image structure
information, thus causing block effect.

As mentioned above, in the research of compressed
sensing image reconstruction, there are obvious block
effects, low quality of reconstructed image, long
reconstruction time, and high computational complexity.
We proposed an image compression  sensing
reconstruction network framework based on the self-
attention mechanism. Through the improvement and
optimization of the sampling part and the reconstruction
part, it solved the problems of low accuracy of the
reconstructed image, serious block effect, and long
reconstruction process in this field, and made the CS
measurement retain more image structure information to
obtain better reconstruction quality.

The contributions of this paper are mainly reflected in
the following aspects.

1) The self-attention mechanism is introduced in the
compressed sensing image reconstruction. A structure
combining convolution and self-attention mechanism is
designed in the sampling network, which is called self-
(SA  Conv). First, the

sensing measurement vector of the

attention  convolution
compressed
segmented 1mage is obtained through convolution
sampling, and then the self-attention mechanism.
Because the output of the self-attention mechanism
integrates each input feature, SA Conv can capture more
features, make the compressed sensing measurement
value retain more image structure information, and
overcome the problem of insufficient image feature
extraction. Secondly, in the sampling part, the
measured vector are obtained by block measurement,
and in the reconstruction part, the whole image is
reconstructed by using all the measured values of an
image. This method effectively reduces the block effect.

2) For the reconstruction network, a reconstruction
module based on residual block, dense block, and
bottleneck transformer is proposed. Since the dense
block realizes the reuse of features in the channel
dimension by establishing dense connections of all
convolutional layers, so the transfer of image features is
strengthened. The

computational complexity and the reconstruction time

amount of parameters, the
are reduced.

3) The convolution-based architecture needs to stack
many convolution layers to extract the global information
in the image. The self-attention mechanism is to model
the whole image and has the ability of fast parallel

processing. Therefore, the bottleneck transformer can
solve the problems of low learning efficiency and long
reconstruction time caused by too many convolution
layers.

1 Related work

1.1 Compressive sensing reconstruction network
based on deep learning

In 2015, Mousavi et al."* first proposed a compressive
sensing reconstruction algorithm based on stacking
denoising automatic encoder (SDA) . SDA is composed of
a series of denoising automatic encoders stacked. The
intermediate layer of a denoising auto-encoder is used as the
input of the next layer, which is stacked layer by layer to
form a multi-layer neural network. These networks form a
stack denoising automatic encoder. It automatically learns
the compressed representation from the original input data

Bl used

in an unsupervised way. In 2016, Kulkarni et al.'
convolutional neural network for the first time in the
problem of compressed sensing image reconstruction, and
proposed the ReconNet network. In order to reduce the
complexity of the network, the input image was
segmented, and the random Gaussian matrix was used as
the measurement matrix. The network used multiple
convolution layers to realize non-iterative compression
sensing reconstruction. Compared with SDA method, this
network reduces the complexity of the network, retains a
lot of details and achieves better reconstruction quality at a
lower compression ratio. In 2018, Lu et al."" proposed a
convolution compression sensing (ConvCSNet) network
based on deep convolution neural network, which used
convolution filter to recover the entire image. In 2019, Du

et al. ™

proposed the full convolution measurement
network, which improved the measurement part block by
block and used the full convolution layer to obtain the
measurement value from the complete image. This ensures
the integrity of the original image structure information. In
2020, Shi et al."® proposed an image compression sensing
framework based on convolutional neural network
(CSNet+) . The sampling network adaptively learns the
sampling matrix from the training image. The initial
reconstruction network is composed of convolutional layer
and self-built composite layer. The depth reconstruction
network uses the depth residual network to further refine the

initial reconstruction image. Sun et al.""”’

proposed a dual-
path attention network (DPA-Net) for compression
sensing image reconstruction. The network designs two
paths. The structure path restores the background

information and edge structure of the image. The texture
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path reconstructs the image details. The texture attention
module connects the two paths.

1.2 Dense network

Huang et al.””’

proposed a dense convolutional network
(DenseNet) . DenseNet has achieved great success in image
detection, semantic segmentation and other aspects.
DenseNet makes use of the advantages of fast connection.
Specifically, the output of each layer is composed of feature
maps of all previous layers, and then transmitted to each
subsequent layer, so that each layer can directly obtain the
output of all previous layers.

Zhang et al.'"

proposed dual-channel reconstruction
network (DCNet) for image compressed sensing, in
which a single-channel DR*-Net network composed of
four residual blocks was analyzed. DCNet points out that
when the measurement rate is 0.01 and 0.10, the second
and fourth residual blocks of DR’-Net have similar
performance, but the performance of the fourth residual
block is poor compared to the second residual block.
Therefore, DCNet replaced some residual blocks with
dense blocks. A dual-channel reconstruction network is
proposed, in which residual blocks and dense blocks are
connected in parallel. SAMNet also introduces dense
blocks.

1.3 Attention mechanism

The attention mechanism used for convolution neural
network can be roughly divided into two directions. One
is to enhance feature aggregation, and the other is to
combine channel and spatial attention**, Bello et al."’
proposed AA-Net that can jointly participate in space
and feature subspace. They obtain the attention weight
through matrix operation, assign multiple spaces
through multiple operations, and carry out attention
point multiplication in multiple spaces to realize the self-
attention mechanism. Srinivas et al. ® proposed the
BoTNet skeleton network, which replaced the last three
bottleneck layers of ResNet with the self-attention
mechanism. The network incorporated the self-attention

mechanism®™®" %!

into various computer vision tasks,
including image classification, target detection, and
instance segmentation. The indicators have been greatly
improved.

According to the development of the attention
SAMNet

mechanism with the convolution structure, and uses the

mechanism, combines the self-attention
convolutional layer with the self-attention mechanism in
the sampling part to simulate the compression sampling

process, which is beneficial to extract richer features, so

that the compressed sensing measurement value retains
more image structure information. For the reconstruction
part, the bottleneck transformer is used to model the
global information, which solves the problem of low
learning efficiency and long reconstruction time caused

by too many convolutional layers.

2 Image compressed sensing

reconstruction network framework
based on self-attention mechanism

Fig. 1 is a structural frame diagram of the image
compressed sensing reconstruction network based on the
self-attention mechanism (0 represents the sum
operation, © represents the Concat operation). The
SAMNet first blocks the input image in the sampling
network, and then performs self-attention convolution
SA Conv operation from the non-overlapping block
images, which makes the

compressed  sensing

measurement value retain more image structure
information, and is more conducive to improving the
quality of image reconstruction. The reconstruction
network includes an initial reconstruction network and a
deep reconstruction network, which are used to learn the
end-to-end mapping between CS measurements value
and reconstructed images. The initial reconstruction
network uses convolutional layers and combines layers
(Reshape—+Concat) to generate the initial reconstructed
image. The size is 256 X 256, which is used as the input
of the next layer. The method of using all measured
values of an image for reconstruction is different from
block-by-block reconstruction™, which avoids the
block effect introduced by the reconstructed image
block,

effectively

so the reconstruction of the entire image
block effect. The deep
reconstruction network is composed of two paths. The

reduces the

first path includes convolution layer, residual block (Res
Block) " and BoTNet. The residual blocks can
enhance the quality of the reconstructed image. The self-
attention mechanism can simulate global information.
And the bottleneck transformer has solved the problems
such as low learning efficiency, excessive computational
cost, and long reconstruction time caused by too many
convolution layers. The second path is dense block,
which realizes the multiplexing of features in the channel
dimension and strengthens the transfer of image features.
The output images of the initial reconstruction network
are iput into the two paths, respectively. After
completing a series of operations, the two paths finally

obtain a reconstructed image of 256 X 256 with



540 Journal of Measurement Science and Instrumentation

Vol. 16 No. 4, Dec. 2025

64 channels, and the last layer uses a convolution kernel
of size fX fX d to generate the final reconstructed

image.
2.1 Sampling network

According to Fig.1, SA Conv is used in the sampling
network. SA Conv first divides the image into non-
overlapping image blocks. The size of each image block is

B X B X [. The size of each convolution kernel in the
sampling network is also B X B X /. And the stride of the
convolutional layer is B X B. So after the convolution
operation, each convolution kernel outputs a measurement
vector y,-(l,Z Lo ,n,;), which completes the convolution
operation of non-overlapping image patches. And then
these measurement vector y,(1,2,+--,n;) are fed into the

self-attention mechanism.

____________________________
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Fig.1 SAMNet structure frame diagram

According to the principle of self-attention mechanism,
there are three different vectors, as shown in Fig.2. They
are Q, (Query) vector, K, (Key) vector, and V; (Value)
vector, respectively, sizeis 1 X 1.

Fig. 2 Self-attention mechanism

The first step of self-attention is to calculate the three
vectors Q;, K,, V. by measuring the value y,(1,2,--+,n;).

sz WQyii
K, = WKyi, (1)
VI': WVy[’

where Q; and K, are used to calculate the importance of
the feature, V,is used to represent the input feature, and
Wa, Wi, Wy are the corresponding parameter matrices
that can be learned. Then Softmax is used to normalize

the vector
A;’:SOﬂmal”(Q,-,K,:r). )
The resulting value is multiplied by V,, which gives
h,= Attention ( A/, V,-) = AZZenZion(( Q,—,K,-T), V,-).

(3)

In this way, the attention output hi(1,2,~-- ,n,;) 18
obtained, and h;is the same size as the input measurement
value y,.

This paper sets the measurement rate to M/N, then
the sampling point is 7, = B*M/N, so there are ny filters
of size BXBX/ in the sampling layer. In the
experiment, this paper set B=232, [=1. The self-
attention mechanism of the sampling part is a single
head, and when the measurement rate M/N is 0.1, it can
be obtained according to the calculation that there are
102 filters.

2.2 Initial reconstruction network

The initial reconstruction network in Fig. 1 takes the
output &; of the self-attention convolution sampling layer
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as input. And h; 1s 1 X 1 X n, vector, which is first
convolved through the filter of 1 X 1 X n, with a stride
of 1X1 to reconstruct each block. Each block
constructed is still a vector, therefore, this paper designs
(Reshape-+Concat) .
reconstructs each B* X 1 reconstructed vector into a B X

a combination layer Reshape
B block, then through the Concat operation, the features
of different scales are fused into the initial reconstructed
image of 256 X 256 as the input of the next layer. In
algorithms such as ReconNet and DR’-Net, since a
single image block is sampled and reconstructed block by
block, there is no Concat operation. In the SAMNet
algorithm, the Concat operation is used in the initial
reconstruction part and is combined with the Reshape
operation, so that all the block measurements of an
image are used to restore the complete image at the same
time, which effectively reduces the block effect.

2.3 Deep reconstruction network

In Section 2.2, only the initial reconstructed image is
obtained. Next, the initial reconstructed image is used as
input to further reconstruct the image through two paths,
respectively. This is the depth reconstruction section in
Fig. 1. The first path consists of convolutional layers,
residual blocks, and bottleneck bransformer. The second
path consists of dense blocks. Specifically, in the first path,
there are first d filters with a convolution kernel size f'X
J X [ to generate d feature maps, followed by n residual
blocks and a bottleneck transformer. This paper sets f=
3,d=064, n=2, and stride and padding are both 1 X 1.
The output X, of the traditional network at layer m is

X,=H,(z, ). 4)

The difference between the residual block and the dense
block is that the connection between the feature maps is
different, as shown in Fig.3 and Fig.4, and the input x, is
an image block of size 32 X 32.

Shortcut connections

Xy 256%256 X i R,
Fig. 3 Residual block

As shown in Fig.3, the input features enter the residual
block in the form of two branches. The output generated by
the linear branch of multiple convolution layers and the

features transmitted through the shortcut connection branch

are superimposed together and then input to the next layer.
Therefore, the output R,, of the residual block after adding
the input from the previous layer is

R,—H,(x, )tx, . (5)

Dense connections

—(c —(C

xp: 256X256 Bt D,

Fig.4 Dense block

As shown in Fig. 4, in the dense block, in order to
maximize the information flow between layers, all the
previous dense layers are connected as inputs, that is, the
input of a layer is the output of all the previous layers, so the
output D,, of the m layer of the dense block is

Dm:Hm<|:x07x1v'“7‘1‘”1*1:|>’ (6)
where [IO,I],"' ,Im,]] is the cascade of the previous
0,1,---,m— 1 layers, H,,,( . ) represents the nonlinear

transformation function.

In this paper, the size of the feature map of each layer
in the dense block is the same, and the nonlinear
transformation function H,,,( ) adopts the structure of
BN + Relu+ 3 X 3Conv. If each function H,, generates
k feature maps, then the number of characteristic graphs
k, of layer m is

by =tky+ kX (m—1), (7
where £ is the number of channels in the input layer, and 4
is called the growth rate of the network. We set £= 16.
The dense block finally gets a reconstructed image of
256 X 256 with 64 channels. The last layer uses a
convolution kernel of size /X /X d to generate a feature
map.

As shown in Fig. 5, the 3 X 3 convolution kernel in
the residual block is replaced by the multi-head self-
attention mechanism MHSA. This gets the bottleneck
transformer. The multi-head self-attention is similar to
the multi-channel of CNN. According to the principle of
the self-attention mechanism, the multi-head self-
attention H can be obtained by

H= Concat(H,,H,,H;,H,). (8)

The two 1 X 1 convolutions in BoTNet are similar to
the computation in Res Block. BoTNet first goes
through 1 X1 convolution to get the output of 64
channels. Next is MHSA. Unlike this, here multiple
individual heads will be copied, and the number of these
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heads is set to 4. After the calculation of multi-head self-
attention is completed, the Concat operation is used to
output 64 channels. The final step is still to perform 1 X1

convolution.

¥
1x1

MHSA, 16

(a) Residual block

(b) Bottleneck transformer

Fig. 5 Structure comparison diagram of residual block and
bottleneck transformer

The output of the deep reconstruction network is

expressed as O (), which can be obtained by
O(2)=C(2)@nR(x)@B(x)DD(x), (V)
where C () represents the first convolutional layers, &

represents the cascade operation, (D represents the sum
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operation of the two paths, R(z), B(x), and D(xz)
represent the residual block, bottleneck transformer,

SAMNet
through a

and dense block, respectively. Finally,

obtains the final reconstruction result

convolutional kernel.

3 Experiment

In this section, extensive experiments are conducted on
the Pytorch platform to test the performance of the proposed
SAMNet and compare it with other algorithms, such as
ReconNet, ConvCSNet, MSRNet, FDC-Net, DPA-Net
and CSNet—+. The computer is equipped with an Intel Core
15-8250U CPU clocked at 1.8 GHz and a Nvidia GeForce
GTX 1080T1 GPU, and the network model runs on the
Windows 10 operating system.

3.1 Training data and evaluation indicators

SAMNet selects DIVZK training dataset, which
contains a total of 800 images. The size of training
images is 256 X 256, they are further divided into
64 image patches of size 32 X 32. SAMNet uses two test
datasets: Set5 (5 images) " and Setll (11 images) .
Set5 and Setll are shown in Fig. 6 and Fig. 7,
respectively.

Woman

Monarch Parrots

House

Peppers

Fig.7 Setll dataset

This paper employs four different sampling rates
(0.01, 0.04, 0.10, and 0.25) to sample the image
blocks, each of which contains 1 024 pixels. The
evaluation indicators of the final reconstructed image
quality include time complexity, PSNR, and structural
similarity (SSIM). The loss function is the mean
squared error (MSE) loss function. The size of two

images is H X W. X(i,j) represents the reconstructed
image. Y(z',j) represents the input image. Then MSE
represents the MSE of X and Y.

Lmsuzﬁii<X<i,j) — Y(z',j))z. (10)

i=1j=1
3.2 Comparison with other methods

The present network structure is compared with
ReconNet, ConvCSNet, MSRNet, FDC-Net, DPA-
Net, CSNet-+. PSNR and SSIM are selected as evaluation
criteria. First, comparative experiments are done on Set5
and Setl1. Tables 1 and 2 show the comparison with each
algorithm when the MR is 0.01, 0.04, 0.10, and 0.25. The
best results are highlighted in bold.

According to Table 1, it can be concluded that compared
with CSNet+ , the average PSNR and SSIM of the
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proposed SAMNet on Set5 are improved by 0.79 dB and

0.032 3, respectively. It can be seen that the reconstruction

effect of SAMNet is the best at all measurement rates. It

illustrates the effectiveness and rationality of the SAMNet
framework incorporating a self-attention mechanism and

dense blocks.

Table 1 Comparison of average PSNR and SSIM of different algorithms on Set5

ReconNet DPA-Net CSNet+ SAMNet
MR
PSNR/dB SSIM PSNR/dB PSNR/dB SSIM PSNR/dB SSIM
0.01 18.46 0.449 2 22.75 0.573 1 24.18 0.647 8 25.45 0.743 7
0.04 22.99 0.606 9 26.63 0.776 7 28.11 0.850 1 29.34 0.853 3
0.10 25.95 0.722 8 30.32 0.8713 32.59 0.901 5 33.09 0.929 8
0.25 28.87 0.852 3 31.83 0.890 4 33.27 0.930 6 33.42 0.9325
Average 24.07 0.657 8 27.88 0.777 9 29.54 0.832 5 30.33 0.864 8
Table 2 Comparison of average PSNR and SSIM of different algorithms on Set11
ReconNet MSRNet DPA-Net SAMNet
MR
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
0.01 17.27 0.408 4 17.76 0.453 5 18.05 0.5011 22.43 0.657 3
0.04 20.63 0.5259 21.79 0.616 7 23.50 0.720 5 25.39 0.723 8
0.10 24.28 0.640 6 25.59 0.759 8 26.99 0.8354 28.95 0.864 0
0.25 25.60 0.758 9 30.39 0.869 8 31.74 0.923 8 31.96 0.9257
Average 21.95 0.583 5 23.88 0.675 0 25.07 0.745 2 27.18 0.792 7

According to Table 2, it can be concluded that the
average SSIM of SAMNet s 0.156 2, 0.003 3, 0.028 6,
and 0.001 9 higher then DPA-Net on the Setll test
dataset. It can be seen that SAMNet has the highest
average SSIM at all measurement rates. It shows that
SAMNet improves the quality of reconstructed images
and obtains better reconstruction performance.

In order to observe the elimination of block effect,
Barbara and Monarch in Setll are selected for

MR=0.01

MR=0.04

ReconNet ReconNet

and the
results are shown in Fig.8. The image reconstructed by

comparison with ReconNet, respectively,

ReconNet is relatively blurry and has obvious block
effect. The ReconNet obtains the reconstructed image by
reconstructing and splicing block by block, and
SAMNet reconstructs all the measured values of the
entire image. The image reconstructed by the SAMNet
effectively reduces the block effect and obtains a better

visual effect.

MR=0.01

SAMNet

(a) Barbara

MR=0.01 MR=0.04

ReconNet

ReconNet

MR=0.01

SAMNet SAMNet

(b) Monarch

Fig. 8 Barbara and Monarch reconstructed by ReconNet and SAMNet

For a comprehensive understanding of the performance
of the algorithm, Table 3 shows the reconstruction results
of 7 images in Setl1l. The SAMNet achieves high PSNR at
four measurement rates, and the best results are highlighted
in bold show.

Under the given four measurement rates, this paper

compares SAMNet with ReconNet, ConvCSNet,
MSRNet, FDC-Net, DPA-Net, and CSNet+
algorithms. The PSNR of each reconstructed image under
SAMNet has been improved to varying degrees, which
shows that the reconstruction quality of SAMNet is the best.

In order to verify the good applicability of the SAMNet,
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the experiments are compared with the ReconNet and those of ReconNet and MSRNet under different
MSRNet on the dataset BSD500, and the best results are measurement rates, and the highest values are 29.73 dB and
highlighted in bold. As shown in Table 4, the average 0.895 7, which indicates that the reconstructed image
PSNR and SSIM of SAMNet are significantly higher than quality of the SAMNet is good.

Table 3 PSNR of test images under different measurement rates for different algorithms

PSNR/dB
Image name Algorithm
MR=0.01 MR=0.04 MR=0.10 MR=0.25
ReconNet 19.07 20.20 22.51 23.55
ConvCSNet 18.35 21.00 23.01 25.98
MSRNet 18.90 21.28 23.06 26.91
Barbara FDC-Net 21.71 23.71 24.52 28.00
DPA-Net 20.03 23.89 24.65 28.50
CSNet+ 21.79 24.18 24.41 28.62
SAMNet 22.24 24.57 26.32 29.19
ReconNet 17.49 19.73 21.67 23.61
ConvCSNet 17.92 20.01 22.69 25.26
MSRNet 18.79 19.95 22.27 26.06
Cameraman FDC-Net 20.21 23.08 25.31 29.04
DPA-Net 21.29 24.64 26.99 30.19
CSNet+ 21.65 26.33 28.15 30.57
SAMNet 21.90 26.77 28.21 30.82
ReconNet 14.07 16.56 19.20 22.60
ConvCSNet 15.32 17.58 19.82 26.53
MSRNet 14.10 17.40 21.81 26.89
Flintstones FDC-Net 16.49 20.54 24.55 28.91
DPA-Net 16.53 21.63 25.76 29.13
CSNet+ 16.65 21.82 24.31 29.21
SAMNet 16.89 22.59 25.08 29.06
ReconNet 18.07 21.83 24.51 26.55
ConvCSNet 18.16 22.08 25.61 27.32
MSRNet 18.35 23.06 26.41 30.37
Lena FDC-Net 21.71 26.38 28.93 32.91
DPA-Net 22.15 27.15 29.12 33.09
CSNet+ 22.45 27.63 29.15 32.86
SAMNet 22.73 28.02 30.86 33.25
ReconNet 15.47 18.33 21.51 25.05
ConvCSNet 16.81 19.18 22.01 26.71
MSRNet 15.61 19.48 24.17 29.04
Monarch FDC-Net 18.46 23.52 27.83 31.97
DPA-Net 19.44 21.48 28.04 32.21
CSNet+ 19.85 23.61 29.39 32.87
SAMNet 20.43 25.57 30.21 32.56
ReconNet 18.31 20.06 23.25 26.22
ConvCSNet 18.15 21.18 24.85 26.38
MSRNet 18.05 21.08 23.97 28.43
Parrot FDC-Net 22.25 24.74 27.84 31.94
DPA-Net 22.83 25.23 28.30 32.49
CSNet+ 23.08 26.42 28.00 33.01
SAMNet 23.89 26.63 29.05 33.63
ReconNet 16.98 20.00 22.68 25.15
ConvCSNet 18.01 21.08 23.66 26.51
MSRNet 17.33 21.16 25.18 29.86
Peppers FDC-Net 20.56 24.72 27.21 32.92
DPA-Net 21.31 25.31 28.49 32.94
CSNet+ 21.94 26.28 29.39 33.27
SAMNet 22.37 26.88 29.92 33.73
highlighted in bold.

3.3 Time complexity The running time of SAMNet is shorter than

SAMNet is significantly less than ReconNet and ReconNet and MSRNet, which shows that the
MSRNet in terms of running time. The relevant results reconstruction time of SAMNet is significantly less than
are shown in Table 5, where the best results are other algorithms.
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Table 4 Average PSNR and SSIM of each algorithm on BSD500

MR=0.25 MR=0.10 MR=0.04 MR=0.01
Algorithm
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
ReconNet 25.48 0.724 1 23.28 0.612 1 21.40 0.514 9 19.17 0.424 7
MSRNet 27.93 0.818 2 24.73 0.683 7 22.25 0.569 6 19.35 0.454 1
SAMNet 29.73 0.8957 27.09 0.758 8 25.38 0.7197 22.76 0.587 4
Table 5 Running time of reconstructed 256X256 images [5] NARAYANAN S, SAHOO S K, MAKUR A. Greedy
Running time/s pursuits assisted basis pursuit for reconstruction of joint-
Algorithm ve—ozsl ve—o10 Bvr—ooR—0.01 sparse signals. Signal Processing, 2018, 142: 485-491.
—0.25 —0. —0. —0.
. SETE T ST T [6] LEEJ, CHOIJ W, SHIM B. Sparse signal recovery via
t 535 5 5 .
I\/T;?N:l 0 [_23 6 0 21[_ 5 0 f” 5 0.488 4 tree search matching pursuit. Journal of Communications
o e} 01lo ) .
SAMNet  0.3885 0.357 4 0.3056  0.2837 and Networks, 2016, 18(5): 699-712.
[7] JISH, XUEY, CARIN L. Bayesian compressive sensing.
4 Conclusions IEEE Transactions on Signal Processing, 2008, 56 (6) : 2346-
2356.
We proposed an image compressed sensing [8] WANG B, MA S X. Improvement of Gaussian random
reconstruction network based on self-attention mechanism ;casu‘rclmlc{m malhm;;ll;l CS%TZE)?/C:O;CEZLTgZ OAdvanCCd
aterials Researc : 245-250.
SAMNet) . The sampling network performed convolution ’ ' ,
( ) : pung p , [9] MOUSAVI A, DASARATHY G, BARANIUK R G.
.and sell-attention operations from rpn—overlappmg patch DeepCodec: adaptive sensing and recovery via deep
images. It made the compressed sensing measurement value convolutional neural networks. 2017: arXiv: 1707. 03386.
retain more image structure information, which was more https://arxiv. org/abs/1707. 03386
conducive to image reconstruction. The initial [10] YAO H T, DAIF, ZHANG S L, et al. DR*-Net: deep
reconstruction network used convolutional layers and residual reconstruction network for image compressive
combined layers to generate initial reconstructed images, sensing. Neurocomputing, 2019, 359: 483-493.
and the deep reconstruction network used residual blocks, [11] LIAN QS, FUL P, CHEN S 7, et a.I. A Comprelssed
bottleneck  transformer and  dense blocks. The sensing  algorithm  based on multi-scale residual
. | | h’ | d Set5 d Setl] reconstruction network. Acta Automatica Sinica, 2019, 45
experimental results on the commonly use' eto and Set (11) : 2082-2091.
test data sets showed that SAMNet effectively reduced the [12] XIE X M, WANG Y X, SHI G M, et al. Adaptive
block effect and shortened the reconstruction time. measurement network for CS image reconstruction//
Computer Vision. Singapore: Springer Singapore, 2017:
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