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Figure 2 Diagram of the channel-wise convolution

structure

VAN ESTRENEE EEN LI TP S P BIE K/
Pt T AT RE. CNN v L BR 2 O B R A O 1Y
PG A 245 5, I 55 I 75 5, R T 0 i £ IR L
It LATE IR JZ W 46 b o T2 3 18 A AR R A
XF TR HTIAA: C EOHE 2R 19 3 B S B0k AT B ik
AR A AR OR UL, HeA AR I B2 5 e A 7 3 A
i T A [] — 07 A5 3R 2 B Hh AR L A s A A SOG4 , BRI
fH 275 08 T % (0 B8 258 1 2 1) A G HE iy CMD-C
Bt 5 B0k WA R R B T S R TR AR
3 /N T 2 6] A R M S B A G . T RE
Foe ARG B 5 i AT SR ) 2R L PR BB S 2 4, N AT A
S E G AN E ST 0] S Yk PR
ARG 3k A REE R 1R RE S PR AT 18 1E Pr 2 IF
XpHETE - RARAL T AT RE. 1A, 2 ROE R
il At 23 3 — AL R AR AR RAERE S
1.3 ZEiEER

22 WS AR ) T 22 b T e 00 i A ETT AR 2R
PRI, 75 2 W] — 46 A B AN [ o 52 T 5 1A O eR



12 SR I i o (S QR 2y )

2023 4E

KRERE 25 P U R AR LR IR 3, 389 1 9 2% 14 4R
L kS

PERLG R ), Z WO B 25 F An I 3 BT o
!
Conv,BN,ReLU
! 2 !

Conv,BN,TanH Conv,BN,ReLLU | |Conv,BN, Hardswish

I |
C #E D
B3 sHERRENTEER

Figure 3 Schematic of the structure of a

multiple activation module
R A AR R A 0 4 3 Ao SR
B2 BB AR AU — AR DR — B, X T
4358 TanH \ReLU F1 Hardswish %)/ [6] 3807 o6 8032E
Friget o Horh Hardswish 3803 & %0 BRIV 25 5 /Y swish
PR, R T ik s (1) R A S or A dn e 4
PR

Hardswish(x) = Jx, x = 3; (1)
x(x +3)/6, -3 <x < 3,

Hardswish(x)
S B L o v o& o

6 4 2 0 2 4 6
X

4 Hardswish ¥ iF& & £

Figure 4 Hardswish activation function

— BNk, S ) CNN 25K e S 487 T 2 H A
B T Y 22 0 B 4 T N 4% 1 [R] I 54
T Z2 Rl AR Ltk WS R A AR 2 RS iR AR
1.4 tHHLH

T BN BB B i AR (55 X L
PR, A SO ST 7822 o) ) VAR 76 R AF 46 HUZ AN
PR K2 Z [ 5] AR T2, S ] fE b 4 i &5
WAFEE B RSER . ML F2 508 3 4
a5, K5 s

(1) FPAE SR I o %0 23 % i A AR 34T e
FESR I, IF AR 8 R N 25 AR 5 {5 5 9 A Bl e o
B REAE R 3 S N A R AE B S R ik . IE RGO T B
ERFIERT BRS 43 A 02 e A Y, RN 25 R AR X B
BRI i T HRAE S, 2 AT RE AR .

(2) FRZAr 248 . SRRAE 40 M A5 21 /Y B 5 R AIE

soaxE }[ ______ %%ﬁ%%
HARE  RAlRE
5 MHHEHRER

Figure 5 Diagram of the adversarial mechanism structure
W B I B JZ (gradient reversal layser, GRL) , i%
NG SR bR 25 3 2 4%, 58 RS R 14 73 2R A 55
R S T RE A8 1) S0 12 7 1) 10 A BRIV e R AL H A bR
B, PRI 2 10 TR PN A R A Ok 1R S R 031 i 1
2, T AT A T RS AR BAF AR PR ORI o X
OISk, BE 0 8 0 2 10 B 5 i A RRAE , 48 T 45 11
HERI R

(3) o 24w %o il LLALAE — 4 — 002k
v o B RRAE SR HOUZ fay ) 45 R R IR IR R N A S B
B 5 A B A S A A A 23, 3 e s 2 A8 i I
gk AT RELE FEAR P 25 R AIE AR S 5 iR A T A 28 1
& 1y 11 7 5

RO 2 o LN T R > I AR e AR i 4 2
(8] (¥ 6 470, #0 A P AR A A R, D BB S i AR R
St LAY G ik 7 Hh i 9 40 2 o R )R ph S i A
ik 16] 2 iy A AR 25 73 2845 BB R S8 SUN L, RN
AR A BR A o R AR AR L, B JE AR 1 4
K Ly A, 2% 0 DI G5t 2 A fi /AR A0 R bR RR
A, HUG e LR 9 25 (4 1k BE Gk B fe 1

X T AEMIGE (x,p 1 x, RaRA G,
y, RGN, 0, .00 .0, 733 F R AR I
e E, bRy C M 264% D IS4, FRE4E
AR5 B Y 5 AE ) S o R O N A 1] e, RTER
Gt s,, s bR 2 0 5 i e B b, F g, KoK,
SRIG e, T s, Wk A B )5 S5 1 be 25 3 28 45 Ak o3 26

S BRI BN Y b, B Y, AN B 5
S b, R G, BRI
(1) S 0 A HEAE 1] B0 A 25 40 2 2210 28 L
Witk L.
L(6s,60)= Y CE(3,3). (2)

(2) FIH] GRL faj A3 Bl 2k , P8 A 28 5 Ak 1)
AR F AR L,



%41 TRV GE T X BUAL S AR 0 BRI S o SRk 13
v , HABTULE TG R, % | R TR M
L.(0,,60) =Y CE(y,.h,). (3) ) a
i=1

S h, = C(R(s,)) ;R #5508 GRL Tk,

(3) AP SRR L, F675 BRI 28BS IE AT
B 04 295 5, P 2 SO 2 0 9 £ A
S 4525 7 S A 12

1 N A N
Li0s00)= — [ X CE(,b) + Y, CE(4, )] - (4)

Api b, =D(e,) 4, = D(s,) .

5 3o 45 /N % LR 902 R 05 47 20 7
FARAE 7S W] 1 XS0 TT 40 B8 O 2 00 B HRAE
T 452 T 150 4% 10 505

2 XWHERESH

2.1 HBESHHETFE

PPG-LIRMM-COLOR"®' Jy 52 86 T ] % €4 18] 14 51
PRtk . ZBEEA T A 10 000 5k R ~F 2 512x512
%% X ppm WE @G, BS54
FRGREELZA LR AW 5 T R W, SR
PR SRR EIE B v i SRR R AR 3 Dy 256 %
256 142 , 3 F| Fl S-UNIWARD . HILL . CMD-C-SUNI-
WARD L) & CMD-C-HILL % % 3= ik 47 i A R K
0.2 bpe F1 0. 4 bpe MBS HEA |, J5 S5 1Y 9256 32 2%t
X R A R AT PR fE X e, o T HILL 0
S-UNIWARD figfi% 56 BUF {4 B R W B 5 A, 3250
it e Vel {5 ) A 38 T SR FH A I 19 i A R R AT B
LA

ARSI (A 52 56 35 68 FH 404 Tesla P100 &R
Ubuntul6. 06 R %528 . 7ESC o B2 #) J§ MATLAB
T AT BRSBTS 6 A
B PyTorch TR BE 42 2 HEAL
2.2 illgR3E 5

()E5 1 F 90 ss 8RR miE M, 2H#%
I BT HT L A A Rt . Sl &L T PPG-
LIRMM-COLOR %45 4 /9 10 000 5K % (0 4% ol K114,
B5 JE 41t 20 000 5K B4, 40 & I 2R 4E 6 000 X &
&, SRS 2 000 Xt &4, 6 F 1y 2 000 X EHZRAE A
WA R EA T O &

(2) %5 2 #5586 02 5 HAb R BRS04t
T3 AT R B S R AL 4 R 0 TR G A A
FRAEUEAT RS 20 1 09 5 1k DL R 28 J5 19 Ye-Net Al
WISERNet,
2.3 LWHER

(1) R T B UEM 45 455 Th 5] A% Wi 5 £
PTG AR A KO HUAIL R A A REPE 78 IS 2 9 4% v

IO P R A PRI 38 3 1 4 FRVRE B IS 18 oA %
F1 EENEHNRAENERMZEBESROENERE
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Table 3 Detection accuracy of various color image steganalysis algorithms
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CMD-C-HILL 63.41 75.92 65.07 78. 86 71.41 83.75 73.24 85.63
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(1. School of Information System Engineering, Strategic Support Force Information Engineering University, Zhengzhou 450001, China;

2. School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract; Aiming at the steganalysis of color images, a deep convolutional network applied to the steganalysis of
color images was proposed by introducing channel-wise convolution, multiple activation module and adversarial
mechanism. Channel-wise convolution could avoid weakening irrelevant noise signals and retain additional stegano-
graphic embedded features; and multiple activation modules could use various activation functions to nonlinearly
map convolution results and make different feedback for embedded traces to enrich the diverse expressions of em-
bedded features; adversarial mechanisms could divide content information features and steganographic embedding
features from domain categories, thereby separating additional steganographic existence features. Experiments were
carried out on the PPG-LIRMM-COLOR dataset for various steganographic algorithms. The proposed algorithm was
1.83% —4.99% higher performance than the best performance in the control methods. Results verified the effective-
ness of the proposed color image steganalysis method.
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