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Convolution and Channel Weighting

YE Xueyi GUO Wenfeng ZHANG Keshen ZHAQO Zhijin

(School of Communication Engineering, Hangzhou Dianzi University, Hangzhou 310018, China)

ZENG Maosheng

Abstract: For steganalysis, many studies have shown that convolutional neural networks have better
performance than traditional artificially designed features. However, the ability of linear convolution layer to
express higher-order features is limited and the feature map of each channel is not distinguished in the existing
detection model which based on Convolutional Neural Networks (CNN). To solve these problems, an image
steganography detection model based on Multi-layer perceptual convolution and channel weighting is
constructed in this paper. The Multi-layer perceptual convolution layer (Mlpconv)is used to replace the
traditional linear convolution layer to enhance the expressiveness ability of high-order features of the detection
model. The channel weighting module is added to the model, which assigns different weights to each
convolution channel based on global information, so that the useful features can be enhanced and the useless
features can be suppressed, and the detection features extracted from the quality model can be improved. The
experimental results show that the detection accuracy of proposed detection model is higher than that of Xu-
Net, Yedroudj-Net, and Zhang-Net for different typical steganography algorithms and different embedding
rates. And compared with the optimal Zhu-Net, the accuracy rate is increased by 1.95~6.15%.
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MR 32K, Wi 3R B4 [ (Subtractive
Pixel Adjacency Matrix, SPAM)2HI 2 35 & 5 7Y
(Spatial Rich Model, SRM)P!, {H&ix 773 fr
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By g 1 A b A P G B B o ST RN R AR 2 0 2%
(Convolutional Neural Networks, CNN). 20154
Qian%E NI T — A& T & 52 CNNAL Y
Qian-NetHEATEE SR, oA IR 5 SRMPIAH
filo 20164 XusE N T — D AR5 /E CNNE
MBI X u-Net, A [F)SAET X NS T HAh S
AU o BAS T ) A AR 22 P 25 S K BT, T
XHEBEZ (ABSolute activation layer, ABS) A4k
JH—14k )2 (Batch Normalization, BN). H#E2Z )5
I ABSJZ 1 B H 2 AR 2 2] 5 22 BRI A5 5
PRt BNJZ HOAE FH 08 G A 2 7 I Zed 2 ot B
EHEREESLTF NS WAR SN =S PN E = |
ZRl T, SRS RN, B ke I vEE A A A
TSRMEL, 201748, YeSE AR T —AN10Z 10
CNNEZ B 5 A Ye-Net, %5884 15 IR AE Tl
AL JEAEHT T SR A5 Y 381 ) 301 v ad i 4 2
ITIER, AR TR EGRABMIRRESER,
FHAEM 4 M 5.0 (Truncated linear unit, Trunc)fE
NEIN G BEIE R, BN 1A R AR 2 i
IR, MR AT D& R R AOHE, SKIRgRR
B, BRI A 8 T SRME) . Yedroudj%
NPIHE20184F R 7 — M HTHI5 Z CNN K& R 51
MR Yedroudj-Net, HAEM LS T Xu-Net!'F]
Ye-NetMHE s, WG 7 ELF g R, [F4,
Zhang% N 7 —ANFI AT 43 B 25 AR 23 ) <6
P CNNA A Zhang-Net, B 5142 5
R IR %

BEIRIE TR 2 S R R S Rl 4 B 2 5
e IR HERR 2R, ER LA R B S BRI R )
RALBe JIVIIRANREDG R N P il o ARy 1
— AT 2 R BN AU T AN P PR B el
BRY, FETRACERE, X hgids W AZBEAT ek, {0
SRMPIH 4 F 21 R 304 ran it I8 i ox T a3 2 k47
WIIaAL, FEHERST RN, 23 309 28 81743 x 3

135 x 5 R/, AL R ERRHIE; B A 2 2
BAGRERNABELGRERE, BN R
REJJ: 9 1RSI o 50 3 A R T Aar i R AP AE gk
— IR AR A I A A, AERSRL v N TE N
PR . B Z AT 5 Xu-Net!'”, Yedroudj-Net!?),
Zhang-Net!" T LLEL, FEAHF B S50 2644 R, /D
AL Wavelet Obtained Weights, WOW) 1]
7= 3538 B /N ARG 2K L (Spatial-UNIversal WAve-
let Relative Distortion, S-UNIWARD) !/ A~ [H]
o5 IR AN A RN B SeBa 45 RN, ARl
I H B e I YR A R

2 ETCNNEURREHMAY &SRR
2.1 Yedroudj-Net

K178 T Yedroudj-Net I 8k ey, HAa 5
I Z . 5AERZE DL 3 i R A
11Softmax " BT HZE, B E LS
2 H—1LJE(BN) JEZMEE0E E 3510402 o

ETHFEENEBRSERET UEEER A
U R m R X s i 25 8, N T IR FETER)
mEAE R, TALEEE R A 5 Ye-Net AR [F] 1) b 22 77
&, {4 FH SRMIPPIA 1304wl I8 3ok #5304 N PR 150k
ITUENE . DIAERIRR FUERR L), X PR TRAL BRAR KA BE
A TGN, REHESER, WREEIX
FhiabBE, BERRAMEUSL. $£ T ABSZMBNJZLE
Xu-Net"HEERI ) R 7RI, Yedroudj-Net! 2457
R R FERAE A T ABSEMBNE
2.2 IMBEBE T

i FS 5 SRR AT 5 S n) TR R 45 B RN
BAREUE T, RATse/ M B EG, X5
Bk AR Y 0 20 B s A ) R G v Rt A e
B BA EBER SRR ZER . Bk, T EER
PR SR 5, A IREAE (1) 2 8 A Il &5 SR &8 G
B, HRIAMEAGEFE T . (1) Fibs

K1 A2

78 K 9

SRM_ Kernels
LN L%%R64x3x3
1x256 %256 SRl A2
l_,%%ﬂmsx?,xg

LK1 A2

A 1 Yedroudj-Net!CNNZE#)
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JZ 75 E FH SRM 1 304 =yt JiE U s HEAT W) 464k, IR
AT ARG — 7 N5 < SR, MR
SR IR A S EH R 2 R0, Ak E K
B (2) BHZEMEERUE B & RE I Ik
REAIA MR (3) BAF BT A RRAE B LR 45 AL
HMAN T =, WABEHEZEIERR SN,
HHUEHR 1 2T 2 2 B A G AR Rl TE A B
SRR B A TRALER 2 A 3040 I IR U A 4%
BRSE RN, 259 78 91743 x BRI3ANS x 5K
/N, A B AN AR R R s ks
Lin%5 AN U7H2 H (1) 2 2 1% 5045 #1UZ (Multi-layer per-
ceptual convolution layer, Mlpconv), ‘&% &%
H5ZBERmaER, MHZ B2t ek irab
XF YRR L s B R SR B R U (Squeeze-
and-Excitation, SE)! #dk, SCHURYE 4 /15 Box
ANTR] RV RFAIE P 388 T 530 AS [ R A B o
3 ETZREBRAESHMBEMNNEER
MR

3.1 REIGHY
WER2H PR, ARSI T — A H BB S e
R, BRI BT 2P 7R o

AR HINFGEE . 202 ZRAERE
(Mlpconv). 3MEGEHZ . HE AR HRSE!
DA I3 A4 IR A

Tob B 0T 4 N AR AT D, DB
FESRME T H B304 i@ JE g a8, Bk A% B AE
R FE [ A, JEIRAS B 5% 22 BUR N 2
ERERAERE, Z2REMERELE30M5x5K/0
B A LA 2 2R A4 (MultiLayer
Perceptron, MLP), £ 2% HAA LIRS
BRELI A E BB N E A, H A AR 0 R
BUR PN BT (Rectified Linear Unit, ReLU),
EEE A TN S LB BRI AN R —
H. BEEMENEEESMZ GEHEHBNE,
ABSENTEFINEREZFHERH . 5Yedroudj-
NetMIAL, AEAILEMlpconv i (LB Z J5
I Trunci#i s £, 7E4% GG E N H ReLU M
TERE. BT IRAMB, 2, 3, 4Z
Bk, KRS x5, BKA2, mE—ZEMHAE
JRSPEA . T E M BUE S SE SRR 4 42 R A R
AN [ 8 A ] A BEAS [R] B ACEE, AR AT ] 56 RO B
HAMZJGRAR T —)ZE, SENEARSZHLYE Y i
34PN

LPNSEEA ¢
1>§J256><256 G5 Z64x3x3
v
SE — 42
Fid 2 EHUZ 7
SRI\,I_Kernels 17x3%x3 &&13x5%5 | Ti/j{m{tjzl |
¢ 2 =
PR ERE v
XHXH
P ¢ G 5 RZ64x3x3
SE v
v SE L #5)5
I XD
7 I
F2m o SE ¢
7 N
| T R | 1
v | A EPEE1024 | -
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3.2 BUATIALIEE
N7 RIE MR ESUE S, Yedroudj-Net!'?
i FHSRM I e 304 e 38 18 38 28 41 4 A TR AL 22 2
Hols BT A = B PE B A Y A N5 x SR, HARILER
HFE 0. FTERBAL ) T kb BE 2 o AR L IX R A) 46
WHE, AEREFEAERTA IER Y 7 A5 x5,
CA M ERY, 5x5HI N FiE & T SRMP
R — g P Ay, W “EDGES %57,
“SQUARESx5” Al “3Fr” yEHAE, (HXT-FR
PILTAS BB PER S, § N5 X 5K, BIE—K
KB IXIHA BB Z TR, MR/
DL/ S BB, PR R X, Ao
WA THREE . PR RSF RT3 x 34 78 85 x5
KN, i “EDGE5Sx5” , “SQUARE5x5”
“3BN7 134, TR NTFEETS < 3RS x 3
KN, “1f” o “2r” . “EDGE3x3” H
“SQUARE3x3” 174, fFlandLdr— 2 JE I
LR NN =
Lo 0o 0
[1 -2 1 }—>§ [1 -2 1 ] (1)
0 0 0

708 58 J5 B e BT e s g AR AT A — e b
M, EAIERETOITERIE N, XA IE
SIS EH AT R — 8 R AR5 R EE g
MR RPN R Z EURHE B 2 i, AT
ET AW A, W LA e o H i) EHE N
2, B BB EOR AT AR, B m R ] Ry
HER R IA Re
3.3 Mlpconv
B3P~ eSS GRZR A E B, T &
FINEBRZRUL, —RodEd — AR LM IE S
SN BT LA GRS, A5 AR B0 R
B, mAFEBFEE. PAReLUBUE RECAH], £
G A2 IR IE B T R A
figae = max(wiz (i 5, 0) (2)
Hrp, (6 )R RFHEE TR R RG], 20 )Rns
R DAL (4, ) R RO R E R B, kOISR IR
fEEI ) EE RG]

DN =

RHIE

FFIER

Kl 3 it Bz

AP S, CNNIE 45 & BURZ R ek A4
JE SR RE PRSP R A AT T A A o J2 AR 2
I X REAN JR IR B AT B4 I R A R Y
JIT CAAE AR SCHa 2 O A R O AR SR A D 1 P 4 P 2as 114
Z JR RGN (Mlpeonv) S HPRAVE L S BB .

Mlpconvil 4 FHEBREPCLE T —MHZ )R
SR A A PRI T TR X 2%, S AR ) 2% ot 5 A JR) 78
DXGHAT R RIS S, TR R AR, Mipcony
FAEE BT

f(i,j,kl) = max(w}cl%(i,j) + bk, 0)
: (3)
f(ljk ) 7max('wk f ) +bk O)

Hrr, nRIRZBEBRAHETTEL, ReLUREHIE
Z RGN BOE R A SE N N2 ANRIE IR
Wi, ZEBRABHENLTEEZA < 1ERZT
GRE, 1 x IRBFRZ S N RFEZEAT AL 2
M, PEEICAEREE S, Mlpconvidid 3 n k) 4%
IR, DASEsE T S B RRAE R IA e T BRIA
Mlpconv5 & R EE W 258 ) 2E M) e 2%, TR vl A
AR B ONNH @ I I [ A& JE2EAT I 25
3.4 BIE/MIX

WO R R, S A2 N SR,
ST g MO B ORI BT 75 ZE I HRAE, 2 BRI
PIFRFIE 2B & EERRE, ANt S0 By
fiE, BRI P 3 T 0 A 0 25 SR ) B B AN e 4
AR MEAEAE R SN T B AL L], X
AEREAT BB A HE . SEMELHR]H 4 545 B XA [F
(RFAIE P T8 38 23 PO AN [ AL, FE R oy 2R b gE h
KIUWHBEEWMR, BdEGEGSHEE M
SEAR ISR 58 sl i A i #2,  nEs R .

LARS B HRRE U 5 St i@ i 55K (Squeeze) B
1B, UM4EENH x W x C, C &2 HIRHE
FIETEE . Squeezetd AE 18 i X 451k B A FH 42 J5°F
YAk A5 B 1 < 1 x O RRAE K08 T8 48 1T 2
P, RHA AR N T RESRER, ﬁiﬁ‘
K H W48 B ORI E B E T E 2. 1
/N W)

BB (1x1)
FHIEAE

FAAIE ]

K 4 Mlpconv/Z
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Fex('vIV)
X U F () _—
/ 1x1xC 1x1xC ”
Foal:
; ro | o
w
w’
C C

K 5 SERLIRE 4

1 H W
ze = Fiyq(ue) = T < Zzuc (4,7) (4)

i=1 j=1
SqueezeZ J5 & Wil (Excitation)#4E, ¥ Squeeze
FEIHL < 1 x CEHEAE RN, TAMZEBA R
S eEREE, WAARRE-PELEE.
ReLU. #2555 A\ U i) il 38 45 52 AH 5 1) 7+ 48
B, B A B N AT AR A A A
FEARE RSN SR 1)L 2 v B 2 > #1838 (8] ) HE 2R
PEFMEAER], AR5 R AN A 8 TE T ) A ) A
Bo Herh g ger F R RE S8 123 4% 4 2 1) fan t iE
A, H AR TSR, S A R I A A 2
AR et . 2812488 i N\ B E 805
Cout = Cin/ 7 (5)
Hrh, ConXRmFIZRERRN ST EER, Cu
FOREIEREREERMANEER. F2EeEER
B AEFE R Rl U EE 4EFE AR S, HAA
T TE AT TR 1 A R A A A, et
A T 512 A B 2 1 N\ B TE N U 1 i i
YT . BT R R Y
s=Fx(z2,W)=0(g(z,W)) =0 (W2 (W12)) (6)

Hrp, IRRReLUBUH KA, o Rsigmoid B iR
B AR RSB RACE 5 R 2 )RR B U A
e, WHRFAE AT TR E, S8 OB TE AL
Te = Ficale (Ue, S¢) = Sclec (7)

Hor, X = [0, @2, -, TN EESHCL G VR,
KANSHNURHEE, 45 208 A RHAE B B A
Ja8E . AR R G| N IETE AL, B SE
BERPAT R AR BT AAE, SEBL T 4 E R AR 1
0, ASEEARFERES, AT A SR A R R FE
) P B O, M SRS KRR R Ak A
4 SEHERSH
4.1 EWRERYIERSE

Jir A S50 35 R IR FE %% 2JHE4E Py Torch, #£
Linux#/E &% FSL, B SE (Graphics
Processing Unit, GPU)RH % ik (NVIDIA,

GTX1080). i H %4 NBOSSBase v1.01, J
157100005k K /N A512x 51200 K FE RIS, BT GPU
SAFIRE], {FHMATLABY fr G B Bk K
/NJ9256 x 256 (1) EIHE .

SEIGAE A T AT SR S RS SRR NN
B (Wavelet Obtained Weights, WOW )" F1 2545
I8 /N BE AR R B (Spatial-UNIversal WAvelet
Relative Distortion, S-UNIWARD) !5 444 15
HEATRL AT BN, B TS 2 1000050 344 / 2L 5L
P, SRJEH 10000 EUE KI5 AP, 50005 &
Bt NS, 500050 73 BLss M4, 7E5000%)
I ZREE Ik FE40005 BEAT ISR, IR A1000%} B3 1F
BGAE, RAE7E I 2RI B AN S

SERG HCR B /N RE R BE LB S T R RE, AERE
R EN0.0001, BHEBEEN0.95, Frf B HE
YR (Xavier) 25610, & —HEUOK /N
WHENL6, S FYIHNN0.01, TR EREL
9300, SLEG Ot EAS AR Y 1) B B R E 6 B
(1275 Lk o
4.2 FRCIR R AT XTEE

X T R SRR R, RRAE SR BB R R i N
SETIAC E iR B = G, RISk kb3 2 i
B3R 22 UG TR R 4 R k. AT
Wi B E 3. 2791 BT $ 0o 70 Ak 388 2 ) 5t g el A 28 A ) v
R ARz, AT st U7 X1 Yedroudj-Net M2 i
W EHATIES, HME AL, 5Yedroudj-Net!?
HEAT XL SEEG . 7E0.2 bpp 0.4 bpp P FRR AN F
T, PRSI AL WO WM AIS-UNTWARD !/
Pl S SR ARG I HE R R AR TR

MELIRTLAE Y, 2R3 2 iR T =68 T
AL PR JZ 2 JG Yedroudj-Net 2 AH ¢ 5 A ) Yed-
roudj-Net!"2/7E 9 Ff b 55 52035 1) P FhAS TR (R RO\ 26

% 1 Yedroudj-Net'" &2 FALIB R RIE EFRE (%)

WOwW S-UNIWARD

palllf i ei)
R 0.2 bpp 0.4 bpp 0.2 bpp 0.4 bpp

Yedroudj-Net!"? 72.20  85.90  63.30 77.20
ek AL B2 B Yedroudj-Net  77.21  87.54  68.81  81.91
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T, ke A e, A 5.51%. H
RO, o S G T AL B E B B G R 2 I 4G )
B R e 22 A 1R R se ), BEInA TS
R
4.3 Mlpconvii & MERERRFH

AT B Mlpcony X 46 I v Af 2K B2, AR
SEEG T e X Mlpconv 4l R E 134T T 08, AR)E
W5 7 Mlpconv i) JZ B Rl 45 B 5o, &5
L3Mtb i A R WA B R AT T X, a2
Xu-Net!", Yedroudj-Net!' L fz Zhang-Net /',
4.3.1 FHEERTIRL

FEAE B AT DUR G s R R SR HGE FE, N T E

BMlpconv 5 E GG ZERFHEI G 6811, Had
F1IEARGRE G MNFIEE S 2 d 5812 Mlp-
convZ J& RHIE BEEAT T T R4 AR B o 3 55 A I A5
RUH0 & I S-UNTWARDWIHHT I 4R, RAFN
0.4 bpp. ERHIEETER —KEMEG, BA
P B B o R AE G B an 6 B . Ferp E6(a) N
MG, E6(b) AL HE1IELASGGIE T
PR REE, El6(c) A4 512 MlpconvZ J&
PRI R E R . SEEG S5 KA, MlpconvA: ik
PIRHIE R B TR MEB N RS S, HIRFE T
G L, fERR S RIS Hh S I Mlpconv g e
HH B A R e T R

(b) BEUREGERZ 5 IR 23 R L 1

(c) H1JZMlpconv i FTHE U1 7 R ik

K 6 BRI A RAE

4.3.2 Mlpconv/Z HXT 4N E R ZER AU S0

i F MlpconvAX & 4% G ) 587 2 v] LUE i
Rl e, Hid 2 i - Mlpconv il kS # &
FIXG I, R EIREE . o~ T A EAE I Mlpeony,
FEEERE R i) MR FR SR Ay, AT SEER R 5T
T Mlpconv JZ O S AE R 2 152, 45 ) A
1)ZMlpconv. 2JZMlpconvHI3)ZMlpconvi #1L 4;
IERZIT, 7ES-UNTWARDMES S 5% 10.1 bpp,
0.2 bpp, 0.3 bppLl £ 0.4 bpp 4N F KRN K K]
EOL R T X R, SEER A R EI TR .

SEEG SRR, B MMlpconv ¥ E £ A RE
SRR AT SR AT AE B R B SRIR . M 2E

KR (%)

70 ——1)ZMlpconv
- —=—2/ZMlpconv
65 —— 3)ZMlIpconv
60
0.1 0.2 0.3 0.4
HRAZ (bpp)

B 7 AN [ Mlpconv)Z #4645 R

MlpconvfX & & G A TR E I, R I % B e
3/ZEMlpconviX7£0.4 bpp R AN ZFR T RIELF, K
T HERF R N8T.79%, HHEL#2)Z Mlpconv FHEfi %
$F+0.13%, I H EMlpconv y3EHT, AT HT R~
RIS EEMB T 2ZMIpconvili &K 70.6%. Z5H
e, & THEH2ZEMlpconviC B LR G
RIB RS SRR, DU R4 pks il e 2 .
4.3.3 TEFHERIXSEE

7£0.2 bpp, 0.4 bppHFHR AR T, Xu-Net!',
Yedroudj-Net!'?| Zhang-Net!? DL Fz A< S A A 5
WOWMIHIS-UNIW AR D! il 55 55 S0y A6 1 v A
ZRUNR2FT7R

M2 IG5 BT LA, EF X WO WS
5%, 0.2 bppM0.4 bbpik NF T, ASCHEA K

* 2 AERSHMIEREITELEER (%)

WOW S-UNIWARD
R 0.2 bpp 0.4 bpp 0.2 bpp 0.4 bpp
Xu-Net! 67.60 79.30 60.80 72.80
Yedroud;j-Net!"” 72.20 85.90 63.30 77.20
Zhang-Net!"! 76.70 88.20 71.50 84.70
AR 80.72 89.59 76.94 87.66
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MHAETH E 5 Yedroudj-Net!"2 40 EL 83 TH8.52% Al
3.69%, HMEAERIELF ) Zhang-NetIAH L, #E
HIRIETH4.02%F11.39%;  Fa'55H7% NS-UNIWARDY
B, PAHRAR T, FriEiAl 5 Yedroudj-Net 4
b, HERARIETF13.64%4110.46%, ‘5Zhang-Net!'
AL, HERRAIETE5.44%M12.96% . UL R K
B, ABRITE PR S FEAR RN, R
W T R /3R AL, iX 3 B 45 25 T Mlpconv
PIEIN, FERBLRL I ET 24 MlpconviR & 14 4L
LAUZ, AT DA 4 AR AR A I v A %
4.4 BIEMATIE N ER R AR

AR I T IEE AL, i SERR B
R PATRAE ERUE . N T IR E B IE AL A 3L
PE, OB SR AR Y 5 i N SEAR B 2 Ji5 AR R 4T
TR E AR, A SEBLHE K B — AR IR (S
B E, AR Er FIAT 705, LR
A AR 5 275 12 4 i 32 2 (1) iy N\l 1 Hiont r iR 47 R %
A5 IF iy H 0 T K 4 e 1) 2 I R R G 0 v 7 R 2 I
Uf, BPM%NGEIE B30, 32, 64, 1288, S
iy e M B 3 5 B N 15, 16, 32, 648 ] DLLE E
NS e M 2 TR) S B R A7 P4l . ZEWO WA
S-UNIWARD" /¥ # & 5 5% 110.2 bpp, 0.4 bpp
PIFMR AN R, BT A AT 38 8 LA J5 it b
SR R INRIFTR

MERSTTLAE H, AR AL 70 I N i 8 AL
MUk G, MBCEIE NP Z /T, EAF RS JERA
FHRN T, R R AT 52 7+0.44%~0.71%.
BRI, 7E © 4 T i I 2R o N B 4 e 1 AL
il AT LAk — D3R T e S R AR (RS A AR R

5 451

T 2 2 AN BRI IE TE AL i) AR 8 5 A
R, E SRR AL B T st B R Y 7 R
K30 B BAH LIRSS RN, 0y 78T A
3 x 3H3ANS x 5K/, G B R S 78 2 (01
MR ZEEG, KR Z RERERRE LS
ML ERR, 1 o R = B R A ) R IA e
S A HERG A B A AR AR B TE AL AR
B, AN E RSB E T AN F BRI
FEAE 5 TR A 45 R A A 015 SR, D
SErm IR e R . W AEARREEE. A

3 BIEMNETEREAENERE (%)

- WOW S-UNIWARD
N

SR 0.2bpp 0.4bpp 0.2bpp 0.4bpp
BB AL 80.72 89.59 76.94 87.66
JEIE RS 81.25 90.15 77.65 88.10

RN R R BT SRR 4 R ER ], 5P CNN
BB EL, A SORE R FEAS I AERA 3 A7 B2 10
R

& E x|
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