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ABSTRACT

TERL10E BT IR B, 3@ 5 A RICHRFAE VIl 25 1 4R B 43 28 28 SRAS W B e 7E R AR (S B o IR, XuBF AW AR, #it
BT BB A 2 45 (CNN) AT DUX B 5B LS 2 ) F M S Bk Ae . ZEAR SO, BATRH T —ANEERER R TR eidtn
CNN. XA 5 B 3t A A R RE 48, 20 AN [R) 40 SO Hh A P K R LR R TS b i & . FECNNIEE AR IR 43, WT A S| F T
AbFE B8 AR AR B WIS R BN, 5Scale BXRBAMHIA— I AN ERE, DERRSKPIEEEER»HEH. —AF
T8 BB E B T G CNNEI I 25 . BRATTHS-UNIWARDFIWOW R N B35 CNNHEAT T S 3 Pl , Rl e 5 b =07
BOEAT T BB B A 2R B INRIChBE BN 57 SN B A CNNER 'S 447 2% -

1. INTRODUCTION

13 PR FE 2 S iR AT B 5 A BT I 38 — IR R T LLE B 2120144 I [1] B 3h4mig 88 . — 4 )5 Qian[2]fPibre % [3]4% H {3 A B A s
ZM4E, 20165, cnnd]|RAREB T 5BICHBEARMERE -G R . Xu-Net1[5] CNN#EFHECNNE B £ Al 2= > 8% . 20174
ERE T MM, XREHTIPEGRS 4. 7E6]F, fEERE T —MZRichii RS RINBUALE T E, HMEHT —MKRE%
SIEARE. SRERTRERNER, 7], NMERAZIPECES TR RKMAISEIELK . AT RE B St 104 2R
F—RMER, JTE—Henn. 7EB]F, ZResNetOF K, AT FERERTITM20ZFCNNRR S T 45 Rt .
Xk AR & NBUE, (HC T3 FIUR B % 20 7 R 7E Ho A B MR AL BRAE 55 RAF HOUR 28 [10], 5 AE AR BB E B R
[12,13]8 B A it iR R AN K B A 14 15| S TR, BREMTERIFBRERTE10%". 20174, HECNNGRHFE
R FHCNNES, B+ EHEARIUI BB SEnit, SifEfResNet. FEREZHBFRT, BitEisLR TIEXHEE K2
- [

T (B R B 2 ST Y R A SE B LA R B B 7L, AR R T —MCNNH T ZEBRS 4, HBEERARTREREAR. $4T
RN, TFRMEDRE TREERK T (B, jpeg®) BICNNER (BHMAIHRBELR) . BRATEETFTCNNKRIT, B4
ERAEMPETRIBE R, MEBEIM6ISEMY REWENTIE. it RIKNETHES VB SUR, HEES
sl XKAEEITHREITH. BRATEZME 64 N Yedurodj-Net’'CNN, FH¥H 5Xu-Net[5]. Ye-Net[17]LL & 5 25 8] K& 5 434
7 H) = B LAY [1 23R A B B4 SR AR [ 1]EAT LR

2. YEDROUDJ-NET
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Fig. 1. Yedroudj-Net CNN architecture.
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3. EXPERIMENTS

3.1. Dataset and software platform
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Our steganalysis CNN,Yedroudj-Net, is compared with the state-of-the-art approaches:Xu-NetCNN [5],Ye-NetCNN [17], and with
SRM + ECwhich stands for the hand-crafted feature set Spatial-Rich-Model [12] and the Ensemble Classifier [11]. For a fair
comparison, all the involved steganalysis methods are tested on the same subsampled images from the BOSSBase database
v.1.01 [22]. All CNNs experiments were performed with the publicly available Caffetoolbox [23] with necessary modifications, plus
digits V5. All tests were run on an NVidia Titan X GPU card.

3.2. Training, Validation, Test
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Fig. 2. Comparison of Yedroudj-Net, Xu-Net, and Ye-Net architectures. CSON @CVESTE
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3.3. Hyper-parameters
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3.4. Difference between the 3 CNNs
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3.5. Results without using any tricks

3.5.1. General performance comparisons
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Table 1. Steganalysis error probability comparison of Yedroudj-
Net, Xu-Net, Ye-Net, and SRM+EC for two embedding algorithms
WOW and S-UNIWARD at 0.2 bpp and 0.4 bpp.

02bpp | O4bpp | 02bpp | 0.4bpp
SRM+EC [11, 12] 36.5 % 25.5% 36.6 % 24.7 %
Yedroudj-Net 278 % 14.1 % 36.7 % 228 %
Xu-Net [5] 324 % 20.7 % 39.1 % 27.2%
Ye-Net [17] 33.1 % 23.2 % 40.0 % 31.2 %

CSON@CViRE [ 3

EHABCNNEEMEL, RATFTIR B ACNNEEERG T@a R T HmEER SR . Yedroudj-Net?E B i ik N B M B R A 20845 75
T tEXu-Netif2%216%. SYe-Netiith, X—ZREZFLF, Yedroudj-NetttYe-NetF HH3%£9%. itHATERT, X5
SRM+ECHH LR, HABFH Mt RERFEIFK . AT HKSRM+EC, X H kAT EMACNNIIER, wm4FRHEK, S3n
FHWEE, welhREE, WTFHATR.

EER, UHEEE EEM G Ye-Netff) % 3] R AE H HAE K NepochiE L. b b, HRMVIGBHSHIENERE. £
Yedroudj-NetFfIXu-Net+, #tabEIA—4b B4 F#H IR T X RS H05 B BN R 8UE .



RS — R LR A LB A0, ARAEMBERANNEHENT TP, FENAES. EROEIEE. BOEENENY
FREEBE], Yedroudj-Netth firf & Jo itk i 75 A H B A B R KR 55

3.6. Results with a Base augmentation
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Table 2. Base Augmentation influence: error probability compari-
son of Yedroudj, Xu and Ye nets on WOW at 0.2 bpp with a learning
base augmented with BOWS2, and Virtually Augmented.

BOSS | BOSS+BOWS2 | BOSS+BOWS2+VA
Yedroudj-Net | 27.8% | 23.7% 20.8 %
Ye-Net 33.1% | 26.1% 222%
Xu-Net 324 % | 303 % 305%
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4. CONCLUSION
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