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ABSTRACT: The work aims to propose a reconstruction method of compressed sensing image based on generative ad-
versarial network, in order to solve the problems of long reconstruction time and low quality of reconstructed image by
traditional compressed sensing image reconstruction method. Based on the idea of generative adversarial network, a deep
learning network model composed of discriminator with sparse sampling function and generator with image reconstruc-
tion function was designed. The new loss function composed of adversarial loss and reconstruction loss was used to opti-
mize the network parameters and complete the process of image compression and reconstruction. Experiments showed
that the reconstruction time required by the proposed method was 0.009 s at a low sampling rate of 12.5%, and the Peak
Signal to Noise Ratio (PSNR) was 10-12 dB higher than that of the commonly used OMP algorithm, CoSaMP algorithm,
SP algorithm and IRLS algorithm. When applied to image reconstruction, the proposed method require less reconstruction
time and can still achieve a high-quality reconstruction effect at a low sampling rate.

KEY WORDS: compressed sensing; generative adversarial network; image reconstruction; deep learning

CS

: 2019-10-30
11774017
1969—



. 240 2020 6
y/ e RNXN
x=¥0 (1)
0 X 14
K< N MXN /)]
M N by
[ y=>Dx (2)
y  Mxl 1—2
y=®x =D¥O0 = A0 (3)
A A
MP MP RIp (1]
0
OMP X
A y y=A6
CoSaMP
(21 min 6, 5%y = 40 (4)
4 2]
SSLCoSaMP 3] 1
T-SAMP 4
NLR FinfEs MR W G > [H5EH
WTV |
Fig.1 Theoretical framework of compressed sensing
1.2 ERHM L%
GAN Goodfellow!!3!
generative adversarial network, GAN GAN
GAN 2
Nash equilibrium
=) GAN 2
[6] [7] G D G
D D
G
[14]
D 2
G
D

1 BB EA

1.1 EZERBRHIES

[8—10]

Donoho

2006 CS

N xeR"

2 HEHixi&it

2.1 MEEMIRIT

encoder



41 11

- 241
G 5
decoder D'(x)
100x100
3 Conv 1 256
3x3 2 Conv 2 128
5x5 2 Conv 3 64
3x3 2 Conv 4 32
5%5 2 Conv 4
1x8192
D'(x)
2 D'(x)
Conv Deconv BN
FC X D 16x16%32
D'(x) D Deconv 1 32 3x3 2
z G Deconv Deconv 2 64  5x5 2

Y
RGP S
a %5 %%(discriminator)
D'(x)/z

=

_Deconv 1

A — Deconv 2

8192

Deconv 3
— Deconv 4
——

Y
EEEME
b 4 i #%(generator)

2
Fig.2 Network structure



2020 6

. 242
Deconv 3 128  3x3 2 G(z) D(x) x
Deconv 4 256 55 D'(x)
2 Deconv 5 3 3x3
1
LeakyRelu Relu L =E,, ["G(D'(x))—x”22:| )
BN
[15) G(D'(x))
5x5  3x3 2 G Lrg
D Ltp
Lyg = Lg + ALy (8)
. ) Ly =Ly+ALg )
A=5 3
2.2 MmKEHIZIT
ISRl 17A
3 XWHERSHMH
3
3.1 KIWIAE
Windows 10 3.20
G Lg D GHz 16 GB Intel i17-8700 CPU 12 GB
Lp NVIDIA GeForce GTX 1080Ti GPU
Ly =-E., [log(D(G(2)))] (5) TensorFlow Adam [16)
£i=09 £=0.99
Ly =-E,, [log(D(x))]-E.., [log(1-D(G(2)))] (6)
z X G(z) ImageNet
D(G(2)) 8000 256%256
1
Tab.1 Structural parameters of discriminator
Layer Type Kernel Stride Dimensions Channels
Input — — 256%256 3
Conv 1 3x3 2x2 128x128 256
Conv 2 5%5 2x2 64x64 128
Conv 3 3x3 2x2 32x32 64
Conv 4 5x%5 2x2 16x16 32
FC — — 1x1 1
2
Tab.2 Structural parameters of generator
Layer Type Kernel Stride Dimensions Channels
Input — — 16x16 32
Deconv 1 3x3 2x2 32x32 32
Deconv 2 5%5 2x2 64x64 64
Deconv 3 3x3 2x2 128%128 128
Deconv 4 5x5 2x2 256x256 256
Deconv 5 3x3 1x1 256x256 3
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Fig.4 Reconstruction effect under different sampling rates
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Tab.3 RMSE and PSNR of five algorithms under the same image but different sampling rates
M/N=0.125 M/N=0.25 M/N=0.5
RMSE PSNR/dB /s RMSE PSNR/dB /s RMSE PSNR/dB /s
OMP 127.835 5.998 0.770 70.589 11.156 1.039 11.719 26.752 2.123
CoSaMP 124.615 6.219 0.950 42.664 15.529 1.502 11.604 26.838 3.804
SP 119.163 6.608 0.907 37.047 16.756 1.287 10.887 27.393 2.669
IRLS 97.241 8.374 0.956 50.093 14.135 2.098 9.255 28.804 7915
28.808 18.9404 0.009 8.996 28.146 0.011 3.938 39.358 0.013
4 5 MI/N=0.125 RMSE PSNR
Tab.4 RMSE and PSNR of five algorithms under the different images but the same sampling rate
Cameraman House Peppers Barbara
RMSE PSNR /s  RMSE PSNR /s  RMSE PSNR /s  RMSE PSNR /s
OMP 151.695 4.511 0.788 162.536 3.912 0.797 161903 3.946 1.072 142.162 5.075 0.801
CoSaMP 131.991 5.719 0.958 154.564 4.349 0.939 149.214 4.655 1.503 125.301 6.172 0.934
SP 116.929 6.772 0.992 137.698 5.352 0.941 140.765 5.160 0.939 119.404 6.590 1.154
IRLS 82.613 9.789 0.996 109.620 7.333 1.019 112.395 7.116 1.264  99.283 8.193 1.172
18.581 22.749 0.01 16.327 22.106 0.009 19.948 20.202 0.009 20.927 19.249  0.009
PSNR 10 12dB D
G
4 Z5ig

12.5%
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