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Spatial Steganalysis of Low Embedding Rate Based on Convolutional Neural Network
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Abstract: In recent years, the research of spatial steganalysis based on deep learning has achieved sound results under high embedding
rate, but the detection performance under low embedding rate is still not ideal. Therefore, a convolutional neural network structure is
proposed, which uses the SRM filter for preprocessing to obtain implicit noise residuals, adopts three convolution layers and designs the
size of convolution kernel reasonably, and selects appropriate batch normalization operations and activation functions to improve the
network performance. The experimental results show that compared with the existing methods, the proposed network can achieve better
detection performance for WOW, S-UNIWARD, and HILL, three common adaptive steganographic algorithms in spatial domain, and
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significant improvement in detection performance at low embedding rates of 0.2 bpp, 0.1 bpp, and 0.05 bpp. A step-by-step transfer
learning method is also designed to further improve the steganalysis effect under low embedding rate conditions.
Key words: steganalysis; convolution neural network; low embedding rate; transfer learning
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Fig.1 Overall framework of the algorithm proposed in this paper
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Fig.2 Shen-Net convolutional neural network structure
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Fig.3 Shen-Net execution flowchart
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Shen-Net F1{1%5 2 MR R ESH 1 ANGRUZAH R AL ZEH T 32 MR A 3x3 KNI % A3
Wit 2 A IGAE T 55— 2 8 RS B AU, I A TR R i 45 2 S A AR B R SE e 45 SR LR LA
kN S-UNIWARD, B2 558 B2 2 0.1bpp. 586 o 6 3 M EF R WCE 3 41N A i AR A% £, S8 45 R 4l 45 th
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Table 1 S-UNIWARD 0.1bpp detection accuracy of different convolution kernel settings
F 1 S-UNIWARD #¥% 0.1bpp /AN [F) 46 BUAZ 1 & A M HE A %

Convl Conv2 Conv3 Stego (%) Cover (%) Average (%)
32x3x3 32x3x3 64x62x62 80.88 85.47 83.18
64x3x3 32x3x3 16x62x62 79.94 84.27 82.11
64x3x3 32x3x3 64x62x62 80.23 84.38 82.31
32x3x3 null 64x126x126 79.87 84.07 81.97
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SERR A2 JUHCR Dy 1000 A, IR A RelL U S B BORIR T 25 R PR B 26 2 > i 2 I fh o fioa:
Ay 2,08 T 100 6% i 1K) 203 23 AR 1 ) 3 softmax bR RO AN S ER RS L A 4 A
2.6 REGH

ASCAETAE L B A T 30 > SRM i35 s AR L - AUAUE T — A~ HPF i e 4 1) T AR 2277 5, SRM 98
e s B FE I T 20 1R M 7 B 22 45 U2 A W0 2% A2 I 2RI BLoy: >) 2158 22 (10 B35 R A, AT 3 e B2 5 20 A BE ) AE
Pibre™™®.  Salomon™ 4 A iy 1o 4% &5 g vh #5f HUR T T WA B ACSCH N T 802 10 J2 550,47 ) F I 2R B
HEAT RS

MRS 3 AR AP KR RS B B, AR 4 i T 5 AL P E () [ I, BRI 7 A 25, AT B T 91
SRR RN (ER N G K /N Ky 256x256 I, SCHR[10]HE 24 K /N2 2% 980MB, A SC I I R L K /N2y oy 31MB).

© P EBEABRFUFET  hitpa/ www. jos. org. cn



2908 Journal of Software k2 4% Vol.32, No.9, September 2021

Hil 5w AN G RUR N RSB S8 3 AN M KRS 6 B, A8 19 2% BB 1% A7 0 3l SR AG IR
R I T AR A

ASCAE A BUZ PG T A2 08 3 G T Tt Ak 2 (0 SR SR I R R B ) B R T Xu 2 A B
M5, A6 3 AN AR 5 A8 ] TanH bR 501 4 S0 o 40, 565 1A A T8 42 2 5 AT Re LU R B50E Db i v 400, 30 1o 41
HRJZE TanH R EUNRZE ReLU sR RN 45 &0 T, — e AR B B3R T 45 1k e,

Shen-Net [ £% G4 X 1% R 28 (K B3 S RFAEBEAT A3 R0 20 IF AR R B 2 b AT 1A 23 28, R B AE T AR P12
ANFRSF RN KR AT BRI 4 G A0 TAR B o 8T 30 A i B BB U 28, MR Ik N 26 B 55 R 42 B
30 Ffr AN [m] Fg Mt i ik 22 UG AE A AR R b 3l /s ROSE 5 AR 55 K RS A R RT Wk 7 Tk 7 PR 11 2 R B A A AL
T RE A A R0 3 IR RN 28R A5 59 110 B 5 AR A0 e 0 109 8% 119 o O AT — 7 s ol LA 20 ) 5 O B L s 445 /8 )
i, Shen-Net w3 i b 5 U5 — Al B 4 A 42 S 25 B BB He b RO 00 23 A A8 9 2% 1 5 A2 bl TanH - R £t
AT A B M V0T 5 A 4 v P 5% (0 23 6 07 AT P 46 WL S5 1k 45 30T 2K PR UE. B TGN S I B 5 b 1) B B R AR AR
AR AR RS, A 2 AT T SRR B 41 ] JC v 36 G b 2% 6 ARRAIE PRI AR 45 L 77 2 2 2R IR E. Shen-Net G 17
A2 T G T LA A A T O D B 5 R ALE 1) 25 2, ) B M R vy T A AR (R S U R g xR 4 R ) B R
T, il Shen-Net [I45 2 % 0 1% 1k N 118 B3 55 UG 18RS 0 i 8 22k BIAR e 1) R0
2.7 BHT#(step by step) 1T BF ]

T P9 2% O 0 6 5 VR T MR PR R S B ALE A N 3 6 £ B A S0 B B2 2% 1 X SR T i ik N, DR i
RN ARG IS PR35 A5 5 23 IR N AE P i 52 2% 1) 80 38 DX 3l v AT A3 850 2% 7 Y1 R Bl LA 2% 2] B L 8 1
W 5 AL AU R 20 (A 0 2% SR AN BRARL,

AN T 3 DB THRAR A R I OR A A 7] (0 B 'S S B R S A 2% 20 (5 R i A R 1 (K 1
YRR R N WA 2 BOT B8 AR IR 10 00 2% HEAT I 258, A8 A1 N 3 1D 199 2% REA A B v ik N 0 VI 2R B R F) 5
SO0 Ay B SR B T et 5 AL 1 5% > i 0 SCRR[A7] b AR 25 33 10 7 41 R T T Qian-Net™ ) 461
RE 1T RS 7 STHESL N &L 4 Bios AE AR SCIRIERS 2% 2] J5 b A K 199 2% 25K O Shen-Net 4544, 954F: 55 55 H ARME 55
ASE FH AR I P ) 0% 5 g 7 50, 30 3o 0 e i N 3 1K) PR SR R AT U, A T e iR N 3R 1 IR G B0 B0 s D 25 2 0T
B AN F AR H AR AL 55 0] W 26 I 25 2 B AT W16 6. H AR AT 55 45 I 2R Bt o 199 2% 2 Bk 47 1 ok
FETHRA A T LAY (1 B35 23 A E 0 3 2 ) e i N 3 o I 25 2 BT R SR A0 AL IR N < B U AR 55
SRACH A BEATLAEL X 2 B AT W) AR A, RENE AT R TH 0 46 1 R 2801

PENGATS [

|
- —» Conv3 » FC1 FC2 —
il | o |

+ (5318
H AR IIZRMESS T g T T A _i
I ConvO| | Convl— Conv2—* Conv3 FC1 FC2 I
IR A &S SRM |
|

Fig.4 Shen-Net embedding rate transfer learning framework
K 4  Shen-Net ik N2 IE R 2% 3] HE4L

TR 0 PR VI R B T A A8 ST 0t 27 30 B a5 AR AL DR 8, A S A B RE A 3 e v 1R N 231 TR I it 2
(K1 2 8 EAEIT B AR N BEAT OM A5 WURIEAE 55 55 H AR 55 Z IR R ik A\ R AH 22 3K (1 0.5bpp 5 0.05bpp
2 8)), B 5 W P A A AR R B L I 22 5 ELERREAT IR AR 2 ) T RE AN U AR B (K PR RE SR T DA b AR SO Y T
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L ITH (step by step) (¥177 3%, Bl 5 0.5bpp I IZRBILIT AL %2 0.4bpp HEAT I ZR, 15K 0.4bpp M IIZREERLT S 22
0.3bpp, AU HE, EL % 0.05bpp. i i B 1M 19 )5 30,8 e i A RN YNGR S H0Z 0 T8 AR AP AT
T, T R T R 7 A SR PR R R

3 RBERSHN

3.1 HIEEMIWTAE

ARSIz A8 ) WOWP, S-UNIWARD VR HILLIE 3 i UL 1 2 1138 I8 B 5 0725, 1k N 5% 43534 0.5bpp,
0.4bpp,0.3bpp,0.2bpp,0.1bpp A1 0.05bpp. S & w4 1T (11 %4 4 % BOSSbase V1.01P7 1% ¥4 4541 % 10 000 5K 4>
H Ay 5125512 18 3 1K FE MR G A% 30k pom ke B35k B 5 20 B4 4 Tk 256x256 15 3 (¥ 4 J3E 5 I A 45 31
40 000 5 Pl 2.2 ™5 14 15 R (stego) i oA 4044 Pl R S (coveer) ik A BB (7 B A3 21 51246 1 K5 30 000 5K 1R 1 4y U
Y5, LI R4 5 80%, 5 UiE 4ty 20%; 7] (11 10 000 5K B 45 A by MR 4. T 4 FA) 52 56 41 42 #F Windowss 10 R4
i3 Caffel. OWZEIR J& 27 ] HE 4 S B
32 BHKRE

SIS SOR H AL BT B 505 (SGD) Sk I 4545 AR Al 48 I 4% . 2% 2] R 3R (Ir_policy) ok “step” stepsize iy
50 000,gamma Jj 0.1.3ERE2% > 3R (base_Ir)24 0.001, b — 7k 5 #7 (A = (momentum) &y 0.9, B {H T i (weight_
decay) 4 0.004. 1 F GPU 17 1) Bl VIl Zx B BE A —HE VK (batch size) B 4 16. 55 K I%EAR Yk £ (max_iter) A 200 000.
FT A5 345 LI (K 00 5 Ak 05 95 D Xavier” BT 00 14 20 43 A, 37 LA IIE A3 J2 40 R R 10 0 22 15— 30930 A
SRM 3 18 78 A b HEAL.
33 XWHER

5 JE7/R T WOW K5 5134k 0.1bpp i AR, IR G b — BRI (5 10 1 25 45 2R L2 AT R IR A . 15T 5(a)
N B AR 2 S R 8 B () T 5(a) ik P 5 o A S IR A L, R 1 8 AR s A AR SR A
MIBEAT T +1 B B0 TR A BAR R BT T -1 BB AT 2 S5 i th IR A 45 R 20 73 A Cover:
0.168572;Stego:0.831528. 1 T LKt Bl 1541 Ay 1ok 5 1T 450 1A MR 4 0 BEEOKS DR IR AR SRS 181 5() fe 24 (10 460 ) & R0
ik P A

(a) Mk & (b) AT EHRAALE
Fig.5 WOW algorithm 0.1bpp embedded effect
K5 WOW ) 0.1bpp fix % % K K

N T IR UEASE R e A 58 B PR AT 2 AR SCORE 90 296 0 70 (KD R AL I AT s 9 6 e 1 FAL PR 30EAT SRM g
T PEPAZ AT YE P AL BRI (1 5 73 1 7 5k 2 P nT U H AN [ 10 908 A% RE 0 MAAS [ £ Ay 32 4 J0C L 465 % [ R s
D3l ARG 7 X3 (1 3 2 A G, O LR I ol 17 PRl 45 A 2 A G K M AT T T B P % P 8 B 5 g 7 o
(K27 ST IR B 7 Jom T35 LA B fith 1K) 32 ANFRAE P, X SR AL 1m0 £ 8 AR AR 2 22 vp /2 PR (1 0 2
R 75 DX sl e, 0 2 R AR B A A G S £ G 11 2 TR N DX sl P A7 KPR R IR
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() “Ist"z —JEdL 45 (b) “SQUARE 5x5" i i 4 4

Fig.6 Partial noise residual image outputed from the preprocessing layer

6 AL TR Al 10 5 T ik 2

Fig.7 32 feature maps outputted from the first convolutional layer

7 LAGBURS T 32 MR

2 PR T AE WOW &5 509 K ik A2 0.5bpp,0.4bpp FiT 0.3bpp X 3 Fft iy itk A Z i L AT 3L T B
25 P 2% (1) [ 5 43 97 77 5 Pibre-Net!®, Salomon-Net, Yedroudj-Net™'#1 S-CNNP®! DL & A 5742 Hi ) Shen-Net
FIRIIE AR R 3 B/R T WOW Fa'S Sk AE ik A% 4 0.2bpp. 0.1bpp 1 0.05bpp iX 3 FR ik A 2T B4 45
JIR0 H, 2 b = R IR AR R AE Y ZR B B A k.

Table 2 Comparison of high embedding rate detection accuracy of WOW
w2 WOW K& 5 VA R A S A I HER 50 L

Payload(bpp) 0.5 0.4 0.3
Pibre-Net 93.63% 88.43% 81.54%

Salomon-Net 95.63% 93.73% 90.35%

Yedroudj-Net 77.80% 75.18% 69.86%
S-CNN 94.80% 92.41% 88.16%
Shen-Net 97.41% 96.52% 93.44%

Table 3 Comparison of low embedding rate detection accuracy of WOW

R 3 WOW [ 5 SLFAR A F RN AE A 5 0] L

Payload(bpp) 0.2 0.1 0.05
Pibre-Net - - -

Salomon-Net 84.57% 73.86% -

Yedroudj-Net 67.24% - -
S-CNN 81.76% 64.53% 51.22%
Shen-Net 89.05% 78.65% 66.55%
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M 2 FFk 3 Fpnl LUGE AR SCEE ) Shen-Net £8 WOW B 5 8035 R RS 0 1E i 5 L LA 18 55 0 A i vk
4.5 Pibre-Net #H Eb,Shen-Net 7£ 1k A2y 0.5bpp~0.3bpp I (K4S I 1E 76 R 325 T 3%~8%. i1 T+ Pibre-Net Xt
N B HARATH KRS B RAZ AT B B, AT TE il AR N 3 (0 5 5 e 75 5 L ATE RNy
0.2bpp~0.05bpp I f Il 2B 7Y 24 TE 3084, 5 Salomon-Net #H H,Shen-Net 76k A % 4 0.5bpp~0.1bpp IS K
I IEHRILE T 2%~5%. 55 Yedroudj-Net A tt, Shen-Net 7& 1 A\ % 2%y 0.5bpp~0.2bpp I FRIR I 1 A R 42 75 T 20%
/A5 S-CNN b, Shen-Net £t A % 24 0.5bpp~0.05bpp I A K Il IE B R 4275 T 3%~15%.

il 2 1E 0.05bpp T IUAT KRS 23 A7 77 VA I W 2% 45 K 7R DI 2R B Bt 4 M LA S, S-CNINL I 28 BAR 1 I 2 By
BUE BT WeSose A AR I Zidbs 2L EAT IS A DU IE A 28 A A R 51.22%. (B4R, IX AN U 280 R0 TP 43 28
] AR AN BRAR AH 2 A SCHR Y Shen-Net 76 0.05bpp Al 1E i 28 B 1k B 66.55%. F 1 ] L, 4% SC & Hi 1
Shen-Net 71 fik N FARMC IGO0 T 2EAT B2 5 23 7 th BE AR 47 1R A0CR.

AT 5 R T S-UNIWARD K& 5 53 i i N S AR IR A Z2 I8 A SCH Y Shen-Net 5 BLA K25 0 Hr
T3 I AR D AR S (R 0] LE AR R 3 4 AR 6 ARSI 45 SR w] LLA H - AE S-UNIWARD [ 5 595 R AR SCHe 1 1) Shen-
Net [Pk il B8 R REAS T BAT B T B0 22 0 43¢ 1K) K2 5 20 A 7 vk AR I E A R (3R THIE JE 5 WOW 35 8k
U TE il Z6 KB AR IR A%k 0.05bpp I, Pibre-Net,Salomon-Net #1 Yedroudj-Net 3X 3 /™ 5 £ [ 1| 24 84 38 ok
REC S, S-CNN 94 &5 10 4 P HE R %2 2 58.83%. 11 A 342 1) Shen-Net 718k A% 24 0.05bpp I Il 1F#ff 4 i % 15
Fl) 73.63%.

Table 4 Comparison of high embedding rate detection accuracy of S-UNIWARD
F 4 S-UNIWARD 25 8k s A 0 U HE i 0 bE

Payload(bpp) 0.5 0.4 0.3
Pibre-Net 94.51% 89.86% 83.06%
Salomon-Net 95.96% 93.10% 91.25%
Yedroudj-Net 75.81% 76.23% 65.70%
S-CNN 95.59% 92.66% 90.34%
Shen-Net 97.86% 96.18% 94.94%

Table 5 Comparison of low embedding rate detection accuracy of S-UNIWARD
%5 S-UNIWARD &5 SVE IR ik A A0 0 vEiff 26 00 LE

Payload(bpp) 0.2 0.1 0.05
Pibre-Net - o, -
Salomon-Net 86.88% 78.03% -
Yedroudj-Net 58.30% - -
S-CNN 85.88% 74.95% 58.83%
Shen-Net 91.30% 83.18% 73.63%

R 6. KT AMERT HILL BS I GE RAFFRIK A ZEE BT, Shen-Net 5 LA T A5 R0 28 45 11
R 55 43 AT 5 1 R RS DU A 238 (1 0 LU AR 36 6 FIER 7 BRI &5 SR A SC R I Shen-Net 76 HILL B2 5 &3 F
WERE FREOL T 2eAth 4 ANIATEE T B2 I 45 182 5 4 87 77776 0.05bpp T ,Pibre-Net,Salomon-Net Fi1
Yedroudj-Net 3X 3 4™/ 2% 1 Y1l Zi A5 2 AR AR K e W 85, S-CNINL R IIR 45 JAN Ky 50.58%, 3 /e il 45 5 I 6 K K
SCM A SR H ) Shen-Net 78 HILL B2 5 &9k 0.05bpp 1 R i ¥ i 2R 348 2 RE 15 1A F1] 70.48%.

Table 6 Comparison of high embedding rate detection accuracy of HILL
6 HILL B35 5E mim A A I HER 3008

Payload(bpp) 0.5 0.4 0.3
Pibre-Net 94.16% 89.82% 80.19%

Salomon-Net 94.36% 93.22% 90.00%

Yedroudj-Net 77.26% 73.38% 66.72%
S-CNN 94.46% 92.39% 70.61%
Shen-Net 97.10% 96.17% 93.45%
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Table 7 Comparison of low embedding rate detection accuracy of HILL
F 7 HILL B35 SRARR N FA0 I R Aff 2 0T b

Payload(bpp) 0.2 0.1 0.05
Pibre-Net - - -
Salomon-Net 84.86% 73.73% -
Yedroudj-Net 61.48% - -
S-CNN 82.87% 70.61% 50.58%
Shen-Net 89.52% 80.32% 70.48%

HH WOW,S-UNIWARD FI HILL 3X 3 i WL A B& 5 5005 B U 1 e AT LA SCH2 ) Shen-Net AHEC T 31
HETHBRMEWLE RS 7587 5 E, AT TR E# 22, JF HAE 0.05bpp Xl Atk J7 2 i LUAS I (141K ik
AR, Shen-Net [F]FF B85 BT g BEAR KR 00 25 21

Bk T IR A58 B f b 00 1 A P DA A AR B AR I B BB R WSS 400 AR R AP A — A 19 & 1) S ZEFR A loss E A
S B v PO 4 R SRR A R T R 2 O T P 4 A 2R B S L. 18] 8 7R T Shen-Net 5 HiAh 4
AW A ZR 1 BE loss 1B IR0 55 0l VI ZR4E K B2 5 S0 E o WOW, ik A4 0.3bpp. AR 3 loss £k BE & H :AH
EEH A 4 4199 4%, Shen-Net 76 I ZR B Bt A2 B 2 M PRodt g AT e $1 78 30 000 e A RIS AT loss {H O AL A OREF
TEARAR G Bl A, T G Atk P 2% 1) loss 1 26 55 A #5k 7E WS4 B, HL loss {E #3336 15 T+ Shen-Net () loss {H.

09 ¢ o

*— Pibre-Net
081 & Salomon-Net
+— Yedroud)-Net
—a K 7= S-CNN
" [AN 7 &— Shen-Net
- “ [ f A
W \‘.. A
o / b \ e+
“ 0 " ‘. '\\ — . / 4
S ¥ N, S
=04 ¥\ ¥
0
.L._
0 -\
\ 1 - L-\
0.1 , —\ 3 T Ay B
. - W R = =g
0 =B = . = S -
0 0.2 0.4 0.6 0.8 i 1.2 1.4 L6 1.8 :

lteration < 107

Fig.8 Loss variation of 0.3bpp embedding rate training stage of WOW
Kl 8 WOW Fa%5ik 0.3bpp YIZRI B loss 1415 10

FEAG P22 199 23% vhy RBE 2R F) I 55 003K T R I T 2 7 B S AR M e T 4R bR, 6 8 JR R T AT ) Shen-
Net 5555 FEHK) 4 A 199 2 25 I 25 L5 K i BEPIT R B 1D IR ) 6 vl A A 94 24 0 1 2 97 B R S AR B O 20 3 2k,
WG IRA k5 B R AT G DU T G 9 I 1]

Table 8 Performance during training and testing
F 8 IS PERE AL
WIZR(EEAR 20 J7 /) A (— 5K K15 s)

Pibre-Net 10.5h 1s
Salomon-Net 1.3h 0.1s
Yedroudj-Net 14.5h 2.5s

S-CNN 7.6h 0.7s

Shen-Net 4h 0.4s

Yedroudj-Net F I~ 3 P 4% 28 BEAH 3 BOK BRI S 408 2, I I 2RI B R ZEAE 2% 14.5 /)MIF.Salomon-Net
[0 10 4% 2R FBE g 5 2 A R ), D 8% 45 R B R B, L 2R 1 OB RRE AT — AN B B, AT 20 2 5 e /> BRI )1 5
BB T 1.3 /NI BRI AT 58 2. Shen-Net 5304t 4 /190 4% AH L, 26 N IR W9 245 J2 B0 6k b 38 50 e o4 B 1R 5 15
20 2 BB AT T — o BRI, DR IR B8 i 6 28 B ) 28 D 3 v 00 3 9 B8 3T A6 1) 5 )11 5 B v A ) R,
Yedroudj-Net iz 17 It [] [7) £ 24 B K, Salomon-Net 2 75 0.1 £ Bl 5] 52 Ji&, 1fii Shen-Net X 85K B 4 (9 3 15F 1R) 24 0.4
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FhARHE Shen-Net 55 3L At 4 A~ P45 (1 I Z5R A0 I 1] o) LA S e H, S-CNIN RS Bk g 30 T 5 /NS 1)~ 24 41,
Shen-Net [F) B 14 B AR AN & S 0 IR (H 2 11 e ik B AL 11 7K P
34 IBFIXH

h T HE— 50 R TR AR N ZR AN 2 R, 4 0.05bpp. 0.1bpp AT 0.2bpp, A SCR AT A 24 3 ik B ik N R K
0.3bpp. 0.4bpp FI 0.05bpp YN 5153 £ (¥ I 25 B A 245, 43 3L 2 0.05bpp. 0.1bpp FA 0.2bpp "~ HEAT 1 ¥ Il £5.
T 3K v RN Z IR Y S B IT A 28 A ) B S SRR N R P il — 2D AT R AR 24 5 A AR T T BB k)
AR AR IS 2 HT e 0. 6k 7l B EK i A28 0.3bpp~ 0.4bpp 1 0.05bpp I (¥ I 25 A AR BLIT A8 2% %
NPT VIR LAS, S50 A B D AT B (step by step) ™ 2 XA 8 22 B BRI G BLEEAT 47 310 S MG
XA SCHR HY B Shen-Net 944,43 i %F WOW., S-UNIWARD Fil HILL 3% 3 Fift & 5 SyLEA T30 A8 2 >0 S2 5.

F9JEIR T Shen-Net %) WOW (a5 SL7L R BEATIT RS 2 21 55 A BT #% 2% > 77 G I AE A 2 %) LE % 0.05bpp
HHTIER % 30 B U R T T HER 2R, o Tl 0.3bpp FE R (75 3 M L R AT IE R % ST T 2% 4L 4.
R B A TR ITVERT 0.1bpp IR IIHER AT T 1% 724 AH 2% T 0.2bpp 11 & 3T % 2 IR AT IR THS
DN e Aff .

Table 9 Comparison of transfer learning detection accuracy of WOW
%9 WOW [ HkiT #% 2% SR HE i % 0] Ll

Payload(bpp) 0.2 0.1 0.05
No-transfer 89.05% 78.65% 66.55%
Trans-0.5bpp 88.94% 78.85% 67.45%
Trans-0.4bpp 89.04% 78.69% 67.21%
Trans-0.3bpp 89.04% 78.78% 68.62%
Trans-step-by-step 89.05% 79.61% 68.45%

S-UNIWARD K& 5 8~ Al I A% 2% >0 IR DU YR fff S X LU 45 R L3R 10,75 0.05bpp 3l i 2 > e f%
HERMATIER 2 ML B3I 1% 7547, H+,0.50pp F1 0.4bpp IEH 2 3 13 R B i 4% 0.1bpp F1 0.2bpp T,
A 27 ) (0 J7 LA W HE Al 2 HT e 45 21— & B4 Tt

Table 10 Comparison of transfer learning detection accuracy of S-UNIWARD
10 S-UNIWARD &5 k1T 88 2% >k M AE A 500 B

Payload(bpp) 0.2 0.1 0.05
No-transfer 91.30% 83.18% 73.63%
Trans-0.5bpp 91.66% 83.65% 74.68%
Trans-0.4bpp 91.73% 83.99% 74.68%
Trans-0.3bpp 91.66% 83.65% 74.52%
Trans-step-by-step 91.53% 83.87% 74.62%

A2 2 7% HILL B S v i 2 (g Lh g5 R LR 10, 3 0R011 5 38 A8 1T 4% 2% 2) IR T 3 R e %
73 2 5 oy 94 T L 8 0.05bpp A1 0.1bpp 1,38 1282 (K 75 1% BE 6 £ AR BEAT TR 2% 2] 2l b 23 il 32 71 2% A1
1%/ 4.
Table 11  Comparison of transfer learning detection accuracy of HILL
R 1L HILL BBE ST 7 IR HER) 2000 T

Payload(bpp) 0.2 0.1 0.05
No-transfer 89.52% 80.32% 70.48%
Trans-0.5bpp 89.73% 81.18% 70.99%
Trans-0.4bpp 89.65% 80.39% 70.28%
Trans-0.3bpp 89.56% 81.39% 71.62%
Trans-step-by-step 89.75% 81.41% 72.10%

DA B S w] DU B, A HTE P AT A8 2 21 (K 77 VA RE W A5 3 0 R I MER 542 71 4 5] £ /£ 0.05bpp T,
A ARHEAT I B 2 2] 8RB T 57 4 WY i HU& 76 0.2bpp R, B1 T Shen-Net R BEATIT# % 3] I 75 I 2R B Bt 7] K
RENS 2% >) 21 2 08 X B2 5 R ik, DR BRI A 2 S AU ME A 3 (R 3R T AN K
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4 HEXRE

ARSI IAT 25 5 2 BT D7 IR AEAR AR N R HE LI 0 1) i AL 3 0 BT BT 3L T B 8 I 4% (1 i S
O3 BT IR LRI T AN BT I 4% 45 K Shen-Net. 2 56 &5 5 A0F B <5 32t 100 I 4% &5 /) E S WOW,S-
UNIWARD Fll HILL 3X 3 Bl Wik ) 25 1 18 B 5 B9 AT S 20 B i) HERA 245 31 T 3 s 3R A AR AN %
BARIE LT AT 9 4% 5 04 TG A0 S50 A 2 ARAER, T A S v 140 IR 8% &5 W) AT i 18 B A48 DAy 80 KL 00 S 00 4
B WA AR SO B R P 1T 5 ) 1 5 ikt — AR T AR N 25 5 R R U e el TR ISR AR TR
JPEG A BSR4 I S0 WL, R — b AR JPEG #% 3K % B B2 'S 0 BT 5 iR TR AT AR
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