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Abstract: Compressed sensing is a new signal processing theory focusing on data sampling compression and re-
construction. In recent years, researchers have applied deep learning to image compressed sensing algorithms, which
significantly improves the quality of the recovered images. However, images are often associated with personal pri-
vacy, and high—quality recovered images often bring privacy protection problems while facilitating people’s viewing.
Based on deep neural network, this paper proposes an image compressed sensing algorithm with adversarial learning.
This method integrates data compression and adversary sample technique into the compressed sensing algorithm. By
training the neural network with a loss function combining reconstruction loss and classification loss, the output
samples, i.e., the recovered images, become adversarial samples. The recovered images with our proposed algorithm

can then be adversarial to image classifications algorithms, decreasing their recognition rate and achieving the perfor-

Wi EHA:2021-11-10
HEE&WH: HEBARPFILE T H (6217071837), National Natural Science Foundation of China(6217071837) ; WIFd & H xRl # I 4>
eI H (2020JJ7010), Natural Science Foundation of Hunan Province (2020JJ7010)
EE BN : TARR (1973—) L MR 2R, Rl
AP R A, E-mail : swzhou@hnu.edu.cn



12 PN QR 2]

2022 4F

mance of protecting image privacy while guaranteeing a reasonable image quality. Experimental results on Cifar—10

and MNIST show that, compared with the existing compressed sensing methods, the proposed adversarial algorithm

achieves excellent adversarial performance, as the classification accuracy is decreased by 74% at the cost of 10%

loss of image reconstruction quality.

Key words: adversarial sample ; deep learning ;image ; compressed sensing

i 208 SRR T S0 R SR TR 4 5 F AR B 1 54k
FUBT IR H A R IR S T A% 4 AR
PR BRI, BERE R MR AR BUSAS 194 R A it 2
Vi) R0 A2 i 4, 70 RGO B S08  28 AT 1 L)
M A24 0 1k, B Z ARG 48 BN Rk g
FI bR AR AT B vy A P45 i Jo e 2 L) TR {5
R R A Bk A 45 R T B A% 0 AMP AE R Y BY.
EST N T T R PR B0 R 4 R R SR
I 4 R R T B AT T T A B R
AR BN SR R AR BN B A A T S A 1K
IR (R E A RIE S IR B e as AT I AL

SR o7 A W 5E I JRE  S B | T AR R T ST N
TE 06 PR 3R T VR BE Bl 22 0 245 1 1A 450 4 Ja e
VRO R 2 2] T 4 IR R0 AR R R b 2 I % 1 2
AIRETT  TEA bR BN ZRAE by ] AU S AREAR
BN FE AR AS [ B, S0 4 B EE A4 . ReconNet J&
B Y B T 4 R B ) 25 A Sk [ 14 1%
M PO 245 S R AN T et T e TR S 2 > T AR R
oy R AR A A A T 7 R R e R, TR AR T A
AP EMPERE . 52 0 T 4 B L )R L SOk
[15-16 4% i CSNet [ 258 254y , 14145 e 46 >R 1 73 B 07
T AE T — TR ) 24 5 SR A PG A, AT 42 i
T EMRE R T FRATTX CSNet i TIR AT, iR A5
PG4 R i B M 1 B R RE R, i — 2D v
T CSNet 19 T AR OR . FIME Gt T 40 R 7 AR L
DRI~ ) S A 35 R B T A, TR (ROR AR
AT B A R A RO

SR, e [t S ) T ) 5 B 25 ) W PRI AR o3 257
EER=IR VI o RISV N Ol I F I e R VR PR =B ]
A R E i B 1 B M AR A B AL, 3 o 26
o B PR BOREAS Bl 73 31— 2 B9 2850 v, AT S B 1 3l
412% .Hinton Fl A. Krizhevsky 15 71 B9 TR J& it 25 o) 2%
AlexNet S LA A R 18— BLAR S 7 it i

., VGG . ResNet ™ il EfficientNet > 457 & [} £ fiti
PP AR T S g 1 o 2R U B . LA TR
PR, BRTREEN PG EC 28 T A
A I il R S AR R T TN
T A 3% AR, R A SR 5 — 3T &) 7. 5
e B R U SR A A R B 22 1 [RGB B FA 1 2
8 . UG PRt T 9 265 rh A HLER AT ) SR 2l ok
Ereeel Y5

AR SCRIF 9 IGO0 SRR v (19 £ 4 [t . 3R AT
BN R B~ > BB A AR B AR 1) G 5 1 A Sk
(22 ], —A> gt " KU FE AR BL L B 0, AR
PGE EAROR It e B PUISR R T, i R
AR T S XUk A% O AU R
BNREAS AR UM HUREAS , 2K RREUG 7 SA  fifi 22 2R
R N AZ B RR K, AR SCH X BT PR 4
RT3, I AL A 2 14 e 558 R O 47 TR 45 B A
A FRATT i M A 4 B 7 [ I e B 4 RN T
AIIRE , LA A F AL AR L2 — D XHUREAS , 7R R
RGBT i A [R] , BEXT ST UG o K5k AP R
B A .

ARSI FELENFHLT 5 18l —Fh 5
TXFHOREAS Y AR T 46 BN O v 3 5 2 I S
PLSGIE A4 07 A Y VERE s 756 3 1 45 Hh 4518

1 ETXERNEGERBRANTE

AT H BR S 28 AP il A e 4 SR ) 2% il
A5 H 48 B A1 B 1% ) ) e L 4 OG0 9 I3 D) 6 .
8 IRV 1) 2 A Rl e X B AR AR I LS
AL RS 23 52 i A v 3501, (H RE X Pt BIR o 255
2, FRAR B B R 15 B0 ke 3 O =]
ESENSEE
1.1 [EHERBAREMKZER

IRAT PR 2 ) R 48 T O v 38 8 — A TR 4



543

Ak RS T X HUREAS A TR E 7 > 1R G 48 B O 12 13

5 R S B BB SRAE T 4, P4 — S FE A 1 R 51
PG . — B, s 2 SRR Bk A TR JEE X 28 A5
e 1 s

S G
ﬁ;-} ﬁ\ > /\\//f ﬂs}% ) @_»ﬁ
;'
JE45F 2% T F 2%

B 1 R4 R n Bk 0 IR AR A

Fig.1 Deep learning model for compressed sensing
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