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Abstract: Convolutional neural networks (CNN) have continuously achieved performance breakthroughs in image forgery detection, but
when faced with realistic scenarios where the means of tampering is unknown, the existing methods are still unable to effectively capture
the long-term dependencies of the input image to alleviate the recognition bias problem, which affects the detection accuracy. In addition,
due to the difficulty in labeling, image forgery detection usually lacks accurate pixel-level image labeling information. Considering the

above problems, this study proposes a pre-training-driven multimodal boundary-aware vision transformer. To capture the subtle forgery
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traces invisible in the RGB domain, the method first introduces the frequency-domain modality of the image and combines it with the
RGB spatial domain as a form of multimodal embedding. Secondly, the encoder of the backbone network is trained with ImageNet to
alleviate the current problem of insufficient training samples. Then, the transformer module is integrated into the tail of this encoder to
capture both low-level spatial details and global contexts, which improves the overall representation ability of the model. Finally, to
effectively alleviate the problem of difficult localization caused by the blurred boundary of the forged regions, this study establishes a
boundary-aware module, which can use the noise distribution obtained by the Scharr convolutional layer to pay more attention to the noise
information rather than the semantic content and utilize the boundary residual block to sharpen the boundary information. In this way, the
boundary segmentation performance of the model can be enhanced. The results of extensive experiments show that the proposed method
outperforms existing image forgery detection methods in terms of recognition accuracy and has better generalization and robustness to
different forgery methods.

Key words: model pre-training; multimodal; vision Transformer; boundary awareness; image forgery detection
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S92k, SR 5 BL Ol GAT DRI 1 B, A SCHE R 2E T Scharr 7 1) Scharr B2, WE 4(a) iR, Kk
H /N[ ResNet S HRFIEAE ) BAM (WA, 28 § DNIIGFAE FL 15 563858 Scharr #A7)2, IR Scharr 57 % Hdk
TG4, IEAE, AUk B ZRFAE AR LR I A5 D, A SCHE G 51 N 5% 22 3t (boundary residual block, BRB), Ul
4(b) F7R, Bz BB A ke 22 S A0 I i SR AR 77 35 oKk B — NS B - EAT R 2L A, DA BT ik SRR
N (accumulation effect)™, 78 N —#4F L& 2 17, 21605 BIFHE SR AT — BRB (4 2 T JERR). X
HEA BT RA FTE ARAR RRAE 18], A B TR a5 {5 B E 8 2 A% 15 31 i [ 08 SCRHIE, e — e FR A )
KR AE B N, 7E BAM W, & — 220055 — > BRB o i il B A8 SUM I S5 BN EHE B (M; e RE<WxT
i=1,....4), T2 T R ok U 4 . FAR A s SCan R

_ [@(Scharr(F,)), i=1
. {go(M,«,l ©p(Scharr(F))), i€[2.3,4]
e, Scharr(-) M (+) 437337 Scharr 82 F114 FHA% Z2 Bk

———————————

®)

'[-3 03

i|-10010] | Conv 4 Conv 4 Conv Clanty
TN ! 1x1 [ 3x3 3x3 1x1

e '1-3 03 | Batch ey ‘ i .
. ! —%i%» — M
[ i[-3-10 -3]; L2 norm V) BN P ReLU

10 0 0 ReLU

N3 10 3 |1 Scharr-conv

U ) 3Ix3x2

(a) Scharr & FZ (b) 1L TR 7 (BRB)

Kl 4 Scharr A2 A4 SR 72 B 7 =8

2.4 HFERIE X A AR

Z3CHR [28] B K, A SCAE PSGM 5| A 2% 1] -8 3E AH AR (spatial-channel correlation module, SCCM) LA7E
2 0 A A SR DR T TT (A DG I, SRR TR IR B AR 2 2%, 8 0 4% B A% 48 b B 0 B I, ] 2
I, ARSCIE AR N SEAL B H v 52 2 il 0y 2, R B 56 A e B (g L A, 8 S T LA BORS A0 RURE A i
DA, PSGM XA FIR 1A Dht R fiE 2 S A0 BRB Hii i (¥ S5 HE LG M 4 i\, dl ik SCCM X R4 2 4
PR IR B Y, S EEHEL 0 40 P HE RS TR 45 4. SCCML R TN 48 S AT LU 3 23 38 (6) A

If(cat(S,M,o), i=5
Si—l —

pre

&cat(S} . Miy)), i=4 ©6)
&cat(t(8}, ). M;y), i =23

Horp, & o8 SCOM R, 7 J& FORFESRAE (BIRDAENEARAL). X TIRS 1 (=2) MRS 2 (1=3), S RTJ=4 L AL
M,y 55T 7S HIRIE, LU 2 i = SRR EI S 1 T S PSGM d i/ R il 45
S, I N R AT AR/ KPR P () e 4 T A R T L LR A S = 7(8)) -

5 J&oi SCCM [ PEAHZ5 4, B 1 WA AL, FUFH B B0 R BN T € RIVCRER T € REW/ PXC Ly Sy R R
FELLG. AR 161 BRI AR REE o, 0, ¢ KV EHIFHILIERATL, = p(), T) = 00') AT, = ¢(') . il
TGV B )N I R 23 R

Y. =T, ®A. =I,®Softmax(I;'T,)

{Y; = A, 8T, = Softmax(I,I,") ®T, "

o, A ATA H 15 A3 A a3 PN 2 i) P LI, @ DU AR RV (matrix multiplication). 24/ BTG

FHEEATAR R/ AR AE SIS T, 3 0B R A R0 H, we w32 R RIL B8 ), JERI AP T2 2] 1 5
o Ma,. TSR

© PHEBEEEK IR http www. jos. org. cn



2058 HAFFIR 2023 FF 34 5% 5 A

f=Iea wm " (Y)®a, o, (Y) =18a, 0 Y.)®a, w,(Y,) ®)

Horh, @ J3% G # KA (element-wise sum), 3 FHER R T, ASCRHNAF 4 Conv-ReLU-Conv-Sigmoid HI#ERS2E
JER, Horp Cony 42 3%3 £2FK.

X e 2 T T S e v e
9,1X1%fjxm gﬁé_'éle JEIEVER A
Sofimax a
I':HW /¥ < Cr? $ 11 BR ———— I ¥ w, L LB —
7= A o’ xor
h71
h T p1x1%EH — 1 %é—>Y':HW/r2xCrZ—’Yc:HXWXC
HWJr <o ‘ A

?—‘i:HxWxC

SE
X >
Sl
x B
)

E—— b s . >
" l plx 1B > 1 =?—>Y5’:HW/r2xCr2—l>Ys:H’<WXC R AR
n J IE
I A, HW/[r <HW[r s ' -
Y HW P <O 6 1x1 B8 S 4 w I IBR . Spet HXWx]
o,
HW /P = Cr ﬁ@’ So.ﬁmax ’
2 e Caay (T Prva. e
$:1x1 5B —>I¢—>I¢ -]

® matrix multiplication @ element-wise sum | R =Rk | Conv-ReL U-Conv-Sigmoid
5 SCCM 7Rkl

25 HKEH

R T Oh 3 Pl {5 s T 5 5 30 A B, DRI I AR S 6 0% A A s AN 118 28000 v AT 3 2T B Diice
K, Lli/ME GT (ground truth, GT) AR RIS R S Z M ZEFRIFT N Lgy. BEAR, PSGM H LR AR HFIE
Si, REAE 515 190 26 5 26 A Bl S EL SRS YR FRORGL U 445 51, BT 1o P9 45 £ 23 0 ARG 2. DAy b, A SO

pre
(¥ 58 XLH (cross-entropy) 512 LAy /> 81, 1 HC X (1) BL S HENT Bl S Z TV IR 22 BE I VT L. DRI, B D453 25 061 5K
Ltotal m u‘ﬁ:j{i‘j

Lot
Liowal = Lseg + Z (Zi:l LPFC) ®
Lqeg = ¢ice(S,GT), L, = ¢CE(Sfm’SiGT)
$oop, 8, 75 PSGM 12 § A2 AHBI BUINSS B, LA, LR GT AT FoRAE (81 8L, , DASE B 5 BUIHG

(AT B, Forh 0 AR IRAR1E 3R, | ARG 3. Dice B K FAEL dpice FI13E SR K BRI AL per 23 1 8 X1 R
2-3"™s, T,

J=1

¢DICE(®scg) =1- WxH WxH (10)
2 2
Zj:l S; +Z,~:1 GT;
. il . i
Ber(©p) == D 68 = logpSie =) an

j=1 c€f0,1}
G, GT, € {0, 1) 4% GT Wi j MEFE AL, FIHL S, 07 S i/ MEK IR N b 8, 183 AL,
5 JHRFFEIAL, O FIOY, 40 L 5) 0145 I S RITRNIRFAE P S, 105K 4.

3 SLWEERKS

3.1 SRR E
3.1 HuEs
BA M DEFACTO #odhs 4 h A S i (B R AT TR 25, JEAE 4 AN A TF I MR S8 E 25-NIST 1617

SARPFEAERT  httpy// www. jos. org. cn
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BFR N %IR8 S AEE 1 R B4 AL Transformer 2059

COVERAGE!"", Columbia™#l CASIA™ [ 56iF MR AR S5 7 (K4 %k . B50din 46 0 L AR 1 ik fun

(1) TRtk se

® DEFACTO 4L MSCOCO“A: ple [y £ Bt 45, i 3 Rl ARl () D3 0 (R P . SR AN RS 13,
AL DEFACTO HI%$E 90000 5K B BG4 b ZE b B e, FH T 10001 S Fn i ks 56 77 T E 5. (19— e A2,
FRAT A P 1) S Bt et S T A 25 10 LA A /10 3 HLABIE 5, 4510 SPAN (102028 MFEA)P, PSCC-Net (400000
ANFEA)PIHI SAT (98779 AMFEA) % H i 42 1 VI 25T LR B Oy 9:1.

(2) Rt 4E

o NIST16 f&—ANH 564 MREARLLS NPk B4, W M Ptie. G HI-RIGRIES R 3 Fhihi 2. ghat, s
PG A28 3ok J AT, A8 i/ 500 T A S 4 2 2R o Al e I L2 3 24244 ground truth.

e COVERAGE &7 T 5 -KiG 5L ik, & — M5 100 5K thits G N Es . T ISR 20l i kb 31 DL 45
BRALE D& I8, JFE4E it ground truth.

o Columbia $24L 180 My A 1A LA 1 PFH KI5, JL ground truth J2& f FRATTIE T-AH N S HER 2F i 11

o CASIA = BE5CH: PH AN G BG5S DX S N A 40, FLRS o0 Dl it PR 28 0oL i e R BSERY 25
Ja A HERE. 22 T INZEK CASTA v2.0 (5123 AMFEA) TR TR K CASTA v1.0 (921 MFEA) BANIRAS.
FAFE A T VP 1 3 ground truth.

o IR LA, FRATTEAE RGB-N ST A7 [7] 0 Y1 Zi- 03 bl 4 40 . ) IR Ay 38 S A Ao K08 it 22, 6 1 T 2%
(IR) PRt BE, AR R AR S ZE IR (N4 B rb. Bkt 2 07 S0t 1 Fios.

R PN b 4R BRI - DX i R 2>

g e DEFACTO" NIST16*! COVERAGE"! Columbia™¥ CASIA™!
Training 80000 404 75 — 5123 (v2.0)
Testing 10000 160 25 180 921 (v1.0)

312 LR SIELANY

AL B PRI PyTorch ¥4 5 2% > HEAL ST BT F] %4~ NVIDIA GeForce RTX 3090 #ET I Z5k. 25 58 31 Ik
55 SRINICE, FA K B /N 512x512. BRI ZRad R o, SRARIAG27 21 %24 0.000 1 ) Adam SRALAL 9 254
B IR R R RETE 10 /> epoch AR I, TI27 ) 284 T [ 10%, B 2B 3 1B-8. ASCHEVEN & T M fE
ImageNet _FHEAT I 25, HLpTH ZH00L4 )1 500 4> epoch FRIFHL.
3.1.3 iR

AR AT PR B0 R WUAT: 45 v i F (R P R PR A i b SR S0 S I R e, EZEAEE: B R4 F, /080 AUC
(area under the receiver operating characteristic curve). £ 7 $50e H T~ G2 Cor il 14115 25 SO0 PEAS Farbs HLIHEEROR
L. Fy 23 80F0 AUC [EUEIE LY [0, 1], ASSCR B SR FE N IEFEA, UG FAA SOREAS. 0 T RN S,
PV RN I, HIRAF I K Fy 23 30 Ry a4 5 2R
3.2 MERBFMEERE

AT EEEAE DEFACTO i FHEAT VRl SE 30T 5T, LABGIE AR SC AL H 1R TN 25 5 s A 25 A RSB L AR IR A 23
P, FATTRIEE AN [FSEER AL G T 2R DAk AR DY ASTH ) 2 A28 1 s R RS e ). BAR A & TR R Ui B an R

e Bascline. 1% Baseline 8! 1 240 5 3 T 1¥1{8 RGB 525 11) ResNet50 F T fith 4 Rl Dy i R AiE #e s e, 7
Ik Conv-ReLU-Conv-Sigmoid FIHERS A= b A i 1t 38 SCAR b r (123 (] i AH GBI, thah A
TR Z5 SRS

® Baseline+FDM. %41 & % /R 7E Baseline B8 1564 L, 5INEGAEAREZE, 5 K% RGB BAILFEE AN 3T
Yrlilh DR 256 TRTHT N, DA 22 RS 1) A B B e b 2 )RR 4 MR M B D s 45 B

o Bascline+FDM+P. 1%41 & K /R 7 Baseline+FDM #2834t I, ResNet50 3= T-4ifih B 4% % H] ImageNet £

© A
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2060 HAFFIR 2023 FF 34 5% 5 A

R BTGRP 48 2 B 8, AR e BEN IR A6 A 1) 7 23 T8 I b 2 5] MR AR .

o Baseline+FDM+P+Trans. iZ4 & % 7~ BaselinetFDM+P 241 & 3E6E E NN Transformer 4wfi% 4%, Kt 5
ResNet50 4 fiZh 90 I i, Jm) 5 -4 SR Rp AiE 1 mei At AN ITE— 2P SR BCR 0] B R SCIRARBEC &

o BaselinetFDM+P+Trans+tBAM. %4 5 K/~ /F Baseline+FDM+P+Trans 20 & [F15500 F3 hnid S enisisl, 1L
I ) AR 5 5 DX 3 ) ] 40 P02 D s DA i 8 e DX 3 i S R R AU SR i 8 7, A8 94 4 T DG Py it 5 0 S I 3 )
AN E 43 XA 27 >

® Baseline+FDM+P+Trans+BAM+PSGM. %414 24 A SCHE HH 11 W9 25 46 440, K 2 T S 10 Jmg 304 SR R A 48 5y
A A5 21 1) Db 3 R AR R SR R A H AR I — 28 N g X0 SO AR 30 e 2 (V] - 4 T A S P S e 1
IR T B30 2 (R R TR AT R ST 2 TR) (R AR DR, DASE AR N R X S5 P R T, AR J 2 GRAAIE B AT I 0 M, 20 e
HEL 1 40 (1) B TN 2544

JIT A AR R A AH IR ) 8 B HEAT U 5, 45 R an3R 2 BT7R. Baseline+FDM il i 5 | N G AIAR A E AUC 1 F|
YA, BUBGAE T A Re S A0 RGB 380+ AN AT WL O it IR 128, 1 8 B AMS B 5 RGB FRELS &
WAL AR MRS . 55 Baseline+FDM #f L, Baseline+FDM+P [ H )11 £k 1) 56 s, AR AL Ge bl H LA B2 4 1t
IR, SEAF O W BERL 27 3] T SN R R SCRFAE, BRIE, AUC F1Fy 73 5oy il 3 e 1.3% AT 1.6%. T
I, Transformer FEE JIHUHIG I G 45 K BT, 70 2 BEASRA 13 EHRENA R b SO0 o5 Oh s DR sk i sl
KT AN, Baseline+FDM+P+Trans+BAM 3t ik 3 0 Sk Sn i B 5 22 b oGy UG e 75 45 BT A A28 MG
P, AT S8 5 00 26 A58 B0 v S R I v i O 5 5 R JZ AR IR 1R 2% 2D B ), ST WY 2 AR B 7 i SR A 1 23 B 1k . o
Ji RIS SCAE Oy 38 R AU 4 7 A3 B S BE BRJR I N W7 2E AiH SCZE R, ffF Baseline+FDM+P+Trans+BAM+
PSGM 25 (14 I 5% £ ) A 225 ) 30 308 9 1 1 JS 0 W38 A TR RO BRI PRI A DG A2, 88 20 D B o DX S B AR e A
1) AUC F1 Fy o345 DRIEE, V9 Rk S50 4 Sk — P B0 LA SO b & BEER R 250k

2 DEFACTO ##idl b &R 2 45 103 Bl s i) b gh 1
HEH

B2 FDM Pre-trained Transformer BAM PSGM AUS Fi
Baseline 0.956 0.856
Baseline+FDM N 0.965 0.871
Baseline+FDM+P N RN 0.978 0.887
Baseline+FDM+P+Trans N v N 0.987 0.909
Baseline+FDM+P+Trans+BAM N v N v 0.992 0.932
Baseline+FDM+P+Trans+BAM+PSGM N v N R v 0.996 0.940

33 S5HEEMNEANES LRGSR

A E IH S SCHE S PR T 5 00K 5 1) 22 4 25 00 SR G A5 Transformer 28 A% S0 SO0 7 T AR 3, TATTHE 4
Fevfk 1% % (NIST16. COVERAGE!"". Columbia* 1 CASIA™Y) ¥ A Syt 3 R i () 0 W 8 Uy ik
ELAM, NOII™URI CFATY, LA 588 HVR B B 2% 46 B ManTra-Net!', J-LSTM", H-LSTM"®, RGB-N'"®,
GSR-Net?, SPANP'L, PSCC-Net F1 SATPHEAT ELH. S A3IE B MR 23 1 0 EL AT, FRA TSR 79 b AN [+ 10 2 36 18
(1) Pre-trained. %MWY k1% & F o~ 7 DEFACTO $454E FabA7 VI 45, I 58 2 R B 55 Bk A7 VP4l
(2) Fine-tuned. 1% & 2R A IR B SR (V1 25358 7 E— DR TN R 28, A8 LIRS 4 AT VP A

® Pre-trained. 3% 3 7R 1E Pre-trained SE46 % & 1, AN F T VALE 4 M 45 Lo | xS b gh R, IWZR 3
A LU Y, A SCTVELE NIST16+ CASIA Hl Columbia b SEBUAE AUC 1ill45 R, 7 COVERAGE &5 2. 1
1, 5 PSCC-Net A E, A SCH7VETE NIST16 (13.7%) Columbia (10.9%) F1 CASIA (11.4%) %44k i AUC 3H
P, XMW, BT i AT A AT Tl SR B CSCRAAE (R R 7, I AT DUAR 5 R BN [R] ) B B
Pt IR IGAE T HOIZRIK S R AR S0 2 BEASRFAE S UK AT 2. /45 7F COVERAGE | 3kA1]LE PSCC-Net 3k 44

© A
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BEF S RIAIEH S RS ARB S A Transformer 2061

1.9% HWCaE, (EIE R BEE Coverage IUAF SR AETERE, FLI5U R AT BEZ FATHI I ZREHmAR X ANE 58 3. SR M, A7
AE 4 DM EEE LR AUC PR HEA SR 1, BISGE T 5 oA b 200 B B AT L iz AL g ).

% 3 Pre-trained % & ~ AUC € & LK

i NIST16M! COVERAGE™"! Columbia™! CASIA™! Mean
ManTra-Net!'” 0.795 0.819 0.824 0.817 0.814
SPANP! 0.840 0.922 0.936 0.797 0.874
PSCC-Net*® 0.855 0.847 0.982 0.829 0.878
ATk 0.892 0.866 0.991 0.843 0.898

o Fine-tuned. FATHE— 5 FH AR IR E0HE 42 b (0 1 SR 25080 5 T R B HEAT o, 38 i AN R 2R 4 1
A SXIAEAE SN IRR B 4 E SRR R BOR AR Y. 3% 4 45 HI4E Fine-tuned SEI6 8 E R A S5 0 5 HoAhon) Lh 7 vk
MG 2 AUC Rl Fy o3 B se s L, o, «— RoR HUB kI IR 8 S0 SR Bz IS 36 45 1. 5 0B J5 1A
bb, AN SCT5 v B R T B ORI P R, 3R IS TR 2 ) A I R B — B R A ST A Y 4% 5
AL, 48305 7E NIST16. COVERAGE 1 CASIA i FIYEUR ST BE. —Fh T BEM AR I, 1X 287 vE R A
I FH — LB b 1) 194 48 B SR SR B Oh 28 X 38 ¥ 2% )47 8, (H 208 T R I A R fi S5 2, S8 B £ 818 U
B NIST16. COVERAGE fl CASIA 354 EG Lz A MHAE. RN, R AT 1L7E NIST16 [ AUC 5
PSCC-Net 7], HAH LT PSCC-Net (400000 ANFEA) FI SAT (98779 LA ik TN ZrAE AR, A CREW
TEAHXF /NS (90000 /MFEA) BN ZREHE 13045 BE 47 AR 45 SR T B MU 8E /N, AR AR SCHR HR 11 2 A ik
NIE N B AL Transformer FEERATRE BEKIHETF HAT EZoTokE . HoHh, 5 SAT M LL, A7 VA4 NIST16.
COVERAGE # CASIA L) AUC 7 525 0.6%- 0.3% F1 4.3%, Fy 3500 5lHE i 3.6% 1.1% F1 3.1%. thak, A
SCOTVEAE 3 AN SRR EAHN) AUC R Fy 43 SO HE 36— BARSRUL, 5 IRTRERAH L, FATIALALYE AUC
Fy 2807 TFRIER H 1.8% FH 2.6%, BN8TE BT H& th IR HRORI TN 5 S s 116 350k

# 4 Fine-tuned B N5 ILA T VA LA (1€ B 45 R

ik e NIST16" COVERAGE!"! CASIAM™! Mean

AUC F AUC F, AUC F AUC F
ELA¥" unsupervised 0429  0.236 0.583 0.222 0613 0214 0542 0224
NoI11 unsupervised 0.487 0.285 0.587 0.269 0.612 0.263 0.562 0.272
CFAI™! unsupervised 0.501 0.174 0.485 0.190 0.522 0.207 0.503 0.190

J-LsT™M™ fine-tuned 0.764 - 0.614 — — — 0.689 -

H-LSTM" fine-tuned 0.794 — 0.712 — - - 0.753 —
RGB-N!'"Y fine-tuned 0937  0.722 0.817 0.437 0795  0.408 0.850  0.522
GSR-Net™™" fine-tuned 0.945  0.736 0.768 0.489 0796  0.574 0.836  0.600
SPAN[! fine-tuned 0.961 0.582 0.937 0.558 0.838  0.382 0912  0.507
PSCC-Net™ fine-tuned 0.996  0.819 0.941 0.723 0.875  0.554 0.937  0.699
SATH! fine-tuned 0.990  0.878 0.985 0.843 0.843  0.592 0.939 0771
AR T7i: fine-tuned 0.996 0.914 0.988 0.854 0.886 0.623 0.957 0.797

3.4 EMAIHKER

(1) NIST16 Fdi4E A3 To il i AE it e 1 s 06 45 3

6 JEINTE NIST16 Bl 4 LA SCHEH AT FE Pre-trained #1 Fine-tuned 256 B8 E T e St 45 8. 5
IR LL, Fine-tuned SEHG3CE T A T72: 0] DAMIIZRAG 3 AL A SR A5 SRS AN 1 43 S0 HE AL Sc A 2 (R L34
ATLAA 0 3 g v O £ i D s A A T, w2 G R TEHE. @) /I H BR DI RS I, R 2 B

© PEFEEESK I hitps/ www. jos. org. cn




2062 AR 2023 55 34 AF S

FIEHERRIC LXK (B0 1), Pre-trained FE7Y R JF B A7 P 1 ZECUX K, 117 Fine-tuned #5784 RENS & {07 H 504 &
() 2 5 PR IR @) AALLOA 3t DS A RSN, 0 & v o R T ME AR AT O L 5 DX, TE A # 45 1) Pre-trained B4 g
PO 3 DR D — A R, PR B e R MR E AL IR PRI, RIS ZRTT o0 BERIEAT M, RERS A
ARSI I 3 SEORS R FR) DAy 3 FERL ) I R R 0] B 5 X 32 S A /N A DX sl Dy 3 FR RS S .

il

T = s [ £ ' = ;
: ‘a4 : = -
: Wy W [ -

(@) PSR (b) Sl KL (c) BBREL L
Bl6 NIST16 %idlstk EiE T iieas i

(2) NIST16 44 AN [RIBEEA & 1) E P S5 45

K 7 JEORASC T i G AN RIS 2 A O &5 51 I 20T A 45 S0 00 NIST16 Sl b Pri . & H1-khk Al
P BRSO P, HA I 45 R 40, 7 Baseline ASE 7R (K RE Rl b, ) FH 22 052 24 N RT3 S8 I AR e 52 J P 3¢ (X
A AR S A0, B2 A G ) ke SR 2 — 2 (B R 3 BRI L0 A ). 1fT 4F Baseline+FDM+P 5| A
Transformer FSTHURILFR AT BAM KEHUG, 199 2545 L BE A% X Oh Tt X 30000 S Ak 10— 28K o3 B RT3 23 B 20 HEAT 41 78
F, HCTT g J R TR L 30 SRS B B BE A A ) Scharr J2 3 WE TUAY B S 1RI W Y, 27 >) ) AR [iL A kR
(P 2 4 BIRER S FUHHEE EMG A Sk A T3 B ol DX sk, A2 A U P 45 rp 1 240 A BE e X 3. A, 78
Baseline+FDM+P+Trans+BAM [FJFEAill 5] N PSGM Jii, BIA SCHE H 1) 2k e 300 il 1) B s 7 I G A1 PR AR Jig 3 -
2% TR AR o ) 25 ) R T T 2 ) PR e, LA 3t 511 7 O B4 38 DX SadE AT A sk 40, b — 204 i MRS HE E . LA
AT S RAE B 2 BN . Transformer BEb, BAM BEHM PSGM BEHFT BLFE Bl 43 #1125 44 o) P it [X Js
GeJals TP CABAN ) 2 [ - ) )T SRR, $ v 0 B X 4 56t Oy 3 X 35 o A

(3) COVERAGE. CASIA Hl Columbia #4307 v (1) 5 P S 45 5

[l 8 JE 7R A SC U7 VA I T ARARAS T 4> B 45 . N B BITR, B E 4 EE 53J SRR T COVERAGE. CASIA
Columbia ZHi 4. 7T PH AN BRI 1) & FE 350 2 B s RS 2R 45 L R T Columbia PG PR AT HEAT AL, DALk, S5
NI R PR 5 9206 B B T (R AT AR 45 . MALSE 200 b, BT T] LU SR B A SC 5 78 AR [ 2R A R S T B W fh i
PG AR I o A AR A PR o B 0 R e e i 6 68 R 3R % 7 VR AN (S e S o i e s 3 B 4 DX, T L T LA S ol 0 375 W
(132 J, XA 38 A ST ¥ K M 2 I A e ) R R I, E S 1 AT RIS 2 47 AR U B X A
ARLE A A o S v, AR S 1% RS A R ) B S DX S8 P 2%, B R T IS 7R SR 3 ATRIEE 4 AT AR U Dhit X
Sl 5 ) B SRRt LU AR A 100 v, AR SC O B AT 28CHE A T S5 S DX SR A AL T, AT s 5 b e s k5%
FIDLG, AR FAE A BT BRI 25 5 LR85 5 AT RIER 6 AT Dhits (X 380 5 22 Bl il et G AN I (X 3, A S 7
TR RE N RS I S O X3, T A e D AL RS . BRATT AR 2R ) s R T 2 TR s R AT A A, IRl 3R T I
{5 R 5 3417, DR AT DUSE B 3t I\ — P B At T 30 59 — P a4,

BB

Pre-trained  Ground truth

Fine-tuned

FIRECFIEET  https/ www. jos. org. cn




LFEY F VAR S A A D R R4 T Transformer 2063

--

(c) Baseline+FDM (d) Baseline+FDM (e) Baseline+tFDM+
(a) Z2iEM%  (b) Ground truth +P +P+Trans P+Trans+BAM  (f) A< SCTMI 25 S

7 NIST16 £fadke A FIBHA & 10 P n] MiA 4 21

: | E n | ! H
£

El

3 i -

) P "o

< I m m
7]

)

- ]

o

@}

@]

(a) A% (b) Ground truth (c) AL TMEE F (d) H k&% (e) Ground truth (f) AT 45 G
8 COVERAGE. CASIA HI Columbia £3i4 b1 M T ¥4k 45 51

3.5 Sttt

h VP A AR SO VAR AT 45 5 1T (0 Mk, BA 4% K SPAND e (1) )5 AbF K B4 45 ¥ &, R OpenCV A
B ERBE NIST16 34 48 EdhAT DU BHER M AR B 15 AR BEAFST: (1) Resize: ¥ BGOSR 38 21 A5 [ 1) LL 441
(2) GaussianBlur: N H] kernel X/NK & (7 A8 . (3) GaussianNoise-#s bR #E M 2= 4 o 1 3 75 DL AL (4)
JPEGCompress: YT UK 4 g (1) JPEG K44, ¥ 9 BIRTE Pre-trained S556 & # T, AL /7725 ManTra-Net.
SPAN L& PSCC-Net {5 F K AUC T I H 1t o3 by (AR = 14, AL T7V852 Resize 1 JPEGCompress B F
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F1 JPEGCompress P fft ¢ 2 3 AE SR 4 58 2 (R I UE YR . A S0 7 B4 BT 10 2 B3 e Bk B Rl —EAE T
ManTra-Net!', SPANPYHI PSCC-Net™™, PRIk 2 B 3L B A 5 R k.
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(a) Resize (b) GaussianBlur (c) GaussianNoise (d) JPEGCompress
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4 %5 B

T ) G B SOR DU AE 55, A SCHR H — TP I 2 B B 1) 22 BEAS 1 FHRR SN AR DT Transformer. BRJ5UAG 5 RGB %
(IR LAAE, B 56 5 INFE T B AR 52 AR 4 1) BRI GEAR B S L [RIVE AR 2 3= TP 4 I 2 BEAS N LIk, R G 3 2K
AU AL B 4R ImageNet X JRi -4 Ja) R AE B SR B Hd AT T 25, AT 28 U SR 55008 AN AL [ 3L, 9175 CNN
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Ty TH AR OCHE, DA IR 5 208 0 AR st 2% (AR T 45 L 1. St 5 SRR W, A SCHR IR VAR AN R BEHE R 4R
bR e O T B R sE I T,

B R 5 2 ) B AR R B R R, L5237 5 b O T By AR R A 2k B2 2 FF %, 45 MG B Cu il s Sk B %2
BBk, R AR D iE (DeepFake) £t 2 H HT A2 2438 WF 90T M2 —. JREEARK, @il ¥R 2L T o8,
PA VGRS AR R EE R . B2 A e ) B B M P IR T SR B DI A Uy T AT PRI 51

References:

[1] LiXR, Ji SL, Wu CM, Liu ZG, Deng SG, Cheng P, Yang M, Kong XW. Survey on deepfakes and detection techniques. Ruan Jian Xue
Bao/Journal of Software, 2021, 32(2): 496518 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6140.htm [doi: 10.
13328/j.cnki.jos.006140]

[2] LiXL, YuNH, Zhang XP, Zhang WM, Li B, Lu W, Wang W, Liu XL. Overview of digital media forensics technology. Journal of Image
and Graphics, 2021, 26(6): 1216-1226 (in Chinese with English abstract). [doi: 10.11834/jig.210081]

[3] Verdoliva L. Media forensics and DeepFakes: An overview. IEEE Journal of Selected Topics in Signal Processing, 2020, 14(5): 910-932.
[doi: 10.1109/JSTSP.2020.3002101]

[4] Bik EM, Casadevall A, Fang FC. The prevalence of inappropriate image duplication in biomedical research publications. mBio, 2016,
7(3): €00809-16. [doi: 10.1128/mBi0.00809-16]

[5] Zhuo L, Tan SQ, Li B, Huang JW. Self-adversarial training incorporating forgery attention for image forgery localization. IEEE Trans. on
Information Forensics and Security, 2022, 17: 819-834. [doi: 10.1109/TIFS.2022.3152362]

[6] Huh M, Liu A, Owens A, Efros AA. Fighting fake news: Image splice detection via learned self-consistency. In: Proc. of the 15th
European Conf. on Computer Vision. Munich: Springer, 2018. 106-124. [doi: 10.1007/978-3-030-01252-6_7]

[7] Liu YQ, Zhu XB, Zhao XF, Cao Y. Adversarial learning for constrained image splicing detection and localization based on atrous

convolution. IEEE Trans. on Information Forensics and Security, 2019, 14(10): 2551-2566. [doi: 10.1109/TIFS.2019.2902826]

© W

SR AFIESUN  httpa/ www. jos. org. cn



http://www.jos.org.cn/1000-9825/6140.htm
https://doi.org/10.13328/j.cnki.jos.006140
https://doi.org/10.13328/j.cnki.jos.006140
https://doi.org/10.11834/jig.210081
https://doi.org/10.1109/JSTSP.2020.3002101
https://doi.org/10.1128/mBio.00809-16
https://doi.org/10.1109/TIFS.2022.3152362
https://doi.org/10.1007/978-3-030-01252-6_7
https://doi.org/10.1109/TIFS.2019.2902826
http://www.jos.org.cn/1000-9825/6140.htm
https://doi.org/10.13328/j.cnki.jos.006140
https://doi.org/10.13328/j.cnki.jos.006140
https://doi.org/10.11834/jig.210081
https://doi.org/10.1109/JSTSP.2020.3002101
https://doi.org/10.1128/mBio.00809-16
https://doi.org/10.1109/TIFS.2022.3152362
https://doi.org/10.1007/978-3-030-01252-6_7
https://doi.org/10.1109/TIFS.2019.2902826

BFR N %IR8 S AR 1 R B4 AL Transformer 2065

[8] Kniaz VV, Knyaz VA, Remondino F. The point where reality meets fantasy: Mixed adversarial generators for image splice detection. In:
Proc. of the 33rd Int’l Conf. on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2019. 20. [doi: 10.5555/
3454287.3454307]

[9] Wu Y, Abd-Almageed W, Natarajan P. Deep matching and validation network: An end-to-end solution to constrained image splicing
localization and detection. In: Proc. of the 25th ACM Int’l Conf. on Multimedia. Mountain View: ACM, 2017. 1480-1502. [doi: 10.1145/
3123266.3123411]

[10] Wu Y, Abd-Almageed W, Natarajan P. BusterNet: Detecting copy-move image forgery with source/target localization. In: Proc. of the
15th European Conf. on Computer Vision. Munich: Springer, 2018. 170-186. [doi: 10.1007/978-3-030-01231-1_11]

[11] Wen BH, Zhu Y, Subramanian R, Ng TT, Shen XJ, Winkler S. COVERAGE—A novel database for copy-move forgery detection. In:
Proc. of the 2016 IEEE Int’l Conf. on Image Processing. Phoenix: IEEE, 2016. 161-165. [doi: 10.1109/ICIP.2016.7532339]

[12] Islam A, Long CJ, Basharat A, Hoogs A. DOA-GAN: Dual-order attentive generative adversarial network for image copy-move forgery
detection and localization. In: Proc. of the 2020 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020.
4675-4684. [doi: 10.1109/CVPR42600.2020.00473]

[13] Zhu XS, Qian YJ, Zhao XF, Sun B, Sun Y. A deep learning approach to patch-based image inpainting forensics. Signal Processing: Image
Communication, 2018, 67: 90-99. [doi: 10.1016/j.image.2018.05.015]

[14] Salloum R, Ren YZ, Kuo CCJ. Image splicing localization using a multi-task fully convolutional network (MFCN). Journal of Visual
Communication and Image Representation, 2018, 51: 201-209. [doi: 10.1016/j.jvcir.2018.01.010]

[15] Bappy JH, Roy-Chowdhury AK, Bunk J, Nataraj L, Manjunath BS. Exploiting spatial structure for localizing manipulated image regions.
In: Proc. of the 2017 IEEE Int’l Conf. on Computer Vision. Venice: IEEE, 2017. 4980-4989. [doi: 10.1109/ICCV.2017.532]

[16] Bappy JH, Simons C, Nataraj L, Manjunath BS, Roy-Chowdhury AK. Hybrid LSTM and encoder-decoder architecture for detection of
image forgeries. IEEE Trans. on Image Processing, 2019, 28(7): 3286-3300. [doi: 10.1109/TIP.2019.2895466]

[17] WuY, AbdAlmageed W, Natarajan P. ManTra-Net: Manipulation tracing network for detection and localization of image forgeries with
anomalous features. In: Proc. of the 2019 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019.
9535-9544. [doi: 10.1109/CVPR.2019.00977]

[18] Zhou P, Han XT, Morariu VI, Davis LS. Learning rich features for image manipulation detection. In: Proc. of the 2018 IEEE/CVF Conf.
on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 1053-1061. [doi: 10.1109/CVPR.2018.00116]

[19] Fridrich J, Kodovsky J. Rich models for steganalysis of digital images. IEEE Trans. on Information Forensics and Security, 2012, 7(3):
868-882. [doi: 10.1109/TTFS.2012.2190402]

[20] Zhu Y, Chen CF, Yan G, Guo YC, Dong YF. AR-Net: Adaptive attention and residual refinement network for copy-move forgery
detection. IEEE Trans. on Industrial Informatics, 2020, 16(10): 6714-6723. [doi: 10.1109/T11.2020.2982705]

[21] Hu XF, Zhang ZH, Jiang ZY, Chaudhuri S, Yang ZH, Nevatia R. SPAN: Spatial pyramid attention network for image manipulation
localization. In: Proc. of the 16th European Conf. on Computer Vision. Glasgow: Springer, 2020. 312-328. [doi: 10.1007/978-3-030-
58589-1_19]

[22] Li HD, Huang JW. Localization of deep inpainting using high-pass fully convolutional network. In: Proc. of the 2019 IEEE/CVF Int’l
Conf. on Computer Vision. Seoul: IEEE, 2019. 8300-8309. [doi: 10.1109/ICCV.2019.00839]

[23] Yang C, Li HZ, Lin FT, Jiang B, Zhao H. Constrained R-CNN: A general image manipulation detection model. In: Proc. of the 2020
IEEE Int’l Conf. on Multimedia and Expo. London: IEEE, 2020. 1-6. [doi: 10.1109/ICME46284.2020.9102825]

[24] Chen XR, Dong CB, Ji JQ, Cao J, Li XR. Image manipulation detection by multi-view multi-scale supervision. In: Proc. of the 2021
IEEE/CVF Int’l Conf. on Computer Vision. Montreal: IEEE, 2021. 14165-14173. [doi: 10.1109/ICCV48922.2021.01392]

[25] Wang XY, Wang H, Niu SZ, Zhang JW. Detection and localization of image forgeries using improved mask regional convolutional
neural network. Mathematical Biosciences and Engineering, 2019, 16(5): 4581-4593. [doi: 10.3934/mbe.2019229]

[26] Zhou P, Chen BC, Han XT, Najibi M, Shrivastava A, Lim SN, Davis L. Generate, segment, and refine: Towards generic manipulation
segmentation. Proc. of the 2020 AAAI Conf. on Artificial Intelligence, 2020, 34(7): 13058—13065. [doi: 10.1609/aaai.v34i07.7007]

[27] Chen S, Yao TP, Chen Y, Ding SH, Li JL, Ji RR. Local relation learning for face forgery detection. Proc. of the 2021 AAAI Conf. on
Artificial Intelligence, 2021, 35(2): 1081-1088. [doi: 10.1609/aaai.v35i2.16193]

[28] Liu XH, Liu YJ, Chen J, Liu XM. PSCC-Net: Progressive spatio-channel correlation network for image manipulation detection and
localization. IEEE Trans. on Circuits and Systems for Video Technology, 2022, 32(11): 7505 -7517. [doi: 10.1109/TCSVT.2022.
3189545]

[29] Luo YC, Zhang Y, Yan JC, Liu W. Generalizing face forgery detection with high-frequency features. In: Proc. of the 2021 IEEE/CVF
Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 16313-16321. [doi: 10.1109/CVPR46437.2021.01605]

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.5555/3454287.3454307
https://doi.org/10.5555/3454287.3454307
https://doi.org/10.1145/3123266.3123411
https://doi.org/10.1145/3123266.3123411
https://doi.org/10.1007/978-3-030-01231-1_11
https://doi.org/10.1109/ICIP.2016.7532339
https://doi.org/10.1109/CVPR42600.2020.00473
https://doi.org/10.1016/j.image.2018.05.015
https://doi.org/10.1016/j.jvcir.2018.01.010
https://doi.org/10.1109/ICCV.2017.532
https://doi.org/10.1109/TIP.2019.2895466
https://doi.org/10.1109/CVPR.2019.00977
https://doi.org/10.1109/CVPR.2018.00116
https://doi.org/10.1109/TIFS.2012.2190402
https://doi.org/10.1109/TII.2020.2982705
https://doi.org/10.1007/978-3-030-58589-1_19
https://doi.org/10.1007/978-3-030-58589-1_19
https://doi.org/10.1109/ICCV.2019.00839
https://doi.org/10.1109/ICME46284.2020.9102825
https://doi.org/10.1109/ICCV48922.2021.01392
https://doi.org/10.3934/mbe.2019229
https://doi.org/10.1609/aaai.v34i07.7007
https://doi.org/10.1609/aaai.v35i2.16193
https://doi.org/10.1109/TCSVT.2022.3189545
https://doi.org/10.1109/TCSVT.2022.3189545
https://doi.org/10.1109/CVPR46437.2021.01605
https://doi.org/10.5555/3454287.3454307
https://doi.org/10.5555/3454287.3454307
https://doi.org/10.1145/3123266.3123411
https://doi.org/10.1145/3123266.3123411
https://doi.org/10.1007/978-3-030-01231-1_11
https://doi.org/10.1109/ICIP.2016.7532339
https://doi.org/10.1109/CVPR42600.2020.00473
https://doi.org/10.1016/j.image.2018.05.015
https://doi.org/10.1016/j.jvcir.2018.01.010
https://doi.org/10.1109/ICCV.2017.532
https://doi.org/10.1109/TIP.2019.2895466
https://doi.org/10.1109/CVPR.2019.00977
https://doi.org/10.1109/CVPR.2018.00116
https://doi.org/10.1109/TIFS.2012.2190402
https://doi.org/10.1109/TII.2020.2982705
https://doi.org/10.1007/978-3-030-58589-1_19
https://doi.org/10.1007/978-3-030-58589-1_19
https://doi.org/10.1109/ICCV.2019.00839
https://doi.org/10.1109/ICME46284.2020.9102825
https://doi.org/10.1109/ICCV48922.2021.01392
https://doi.org/10.3934/mbe.2019229
https://doi.org/10.1609/aaai.v34i07.7007
https://doi.org/10.1609/aaai.v35i2.16193
https://doi.org/10.1109/TCSVT.2022.3189545
https://doi.org/10.1109/TCSVT.2022.3189545
https://doi.org/10.1109/CVPR46437.2021.01605

2066 HAFFIR 2023 FF 34 5% 5 A

[30] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser £, Polosukhin I. Attention is all you need. In: Proc. of the
31st Int’l Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 6000—-6010. [doi: 10.5555/
3295222.3295349]

[31] LiYQ,LiCZ Liu RQ, Si WX, Jin YM, Heng PA. Semi-supervised spatiotemporal Transformer networks for semantic segmentation of
surgical instrument. Ruan Jian Xue Bao/Journal of Software, 2022, 33(4): 1501-1515 (in Chinese with English abstract). http://www.jos.
org.cn/1000-9825/6469.htm [doi: 10.13328/j.cnki.jos.006469]

[32] Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai XH, Unterthiner T, Dehghani M, Minderer M, Heigold G, Gelly S,
Uszkoreit J, Houlsby N. An image is worth 16x16 words: Transformers for image recognition at scale. In: Proc. of the 9th Int’l Conf. on
Learning Representations. OpenReview.net, 2021. 1-21.

[33] Chen HT, Wang YH, Guo TY, Xu C, Deng YP, Liu ZH, Ma SW, Xu CJ, Xu C, Gao W. Pre-trained image processing transformer. In:
Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 12294—12305. [doi: 10.1109/
CVPR46437.2021.01212]

[34] Gao YH, Zhou M, Metaxas DN. UTNet: A hybrid transformer architecture for medical image segmentation. In: Proc. of the 24th Int’l
Conf. on Medical Image Computing and Computer-assisted Intervention. Strasbourg: Springer, 2021. 61-71. [doi: 10.1007/978-3-030-
87199-4 6]

[35] Zhang YD, Liu HY, Hu Q. Transfuse: Fusing transformers and CNNs for medical image segmentation. In: Proc. of the 24th Int’l Conf. on
Medical Image Computing and Computer-assisted Intervention. Strasbourg: Springer, 2021. 14-24. [doi: 10.1007/978-3-030-87193-2 2]

[36] Khan SA, Dai H. Video transformer for deepfake detection with incremental learning. In: Proc. of the 29th ACM Int’l Conf. on
Multimedia. ACM, 2021. 1821-1828. [doi: 10.1145/3474085.3475332]

[37] Wang JK, Wu ZX, Ouyang WH, Han XT, Chen JJ, Jiang YG, Li SN. M2TR: Multi-modal multi-scale transformers for DeepFake
detection. In: Proc. of the 2022 Int’l Conf. on Multimedia Retrieval. Newark: ACM, 2022. 615-623. [doi: 10.1145/3512527.3531415]

[38] Qian YY, Yin GJ, Sheng L, Chen ZX, Shao J. Thinking in frequency: Face forgery detection by mining frequency-aware clues. In: Proc.
of the 16th European Conf. on Computer Vision. Glasgow: Springer, 2020. 86—103. [doi: 10.1007/978-3-030-58610-2_6]

[39] Wang JK, Wu ZX, Chen JJ, Han XT, Shrivastava A, Lim SN, Jiang YG. ObjectFormer for image manipulation detection and localization.
In: Proc. of the 2022 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. New Orleans: IEEE, 2022. 2354-2363. [doi: 10.
1109/CVPR52688.2022.00240]

[40] Hu J, Shen L, Sun G. Squeeze-and-excitation networks. In: Proc. of the 2018 IEEE/CVF Conf. on Computer Vision and Pattern
Recognition. Salt Lake City: IEEE, 2018. 7132-7141. [doi: 10.1109/CVPR.2018.00745]

[41] Gehring J, Auli M, Grangier D, Yarats D, Dauphin YN. Convolutional sequence to sequence learning. In: Proc. of the 34th Int’l Conf. on
Machine Learning. Sydney: JMLR.org, 2017. 1243-1252. [doi: 10.5555/3305381.3305510]

[42] Mahfoudi G, Tajini B, Retraint F, Morain-Nicolier F, Dugelay JL, Pic M. DEFACTO: Image and face manipulation dataset. In: Proc. of
the 27th European Signal Processing Conf. A Coruna: IEEE, 2019. 1-5. [doi: 10.23919/EUSIPCO.2019.8903181]

[43] Guan HY, Kozak M, Robertson E, Lee YY, Yates AN, Delgado A, Zhou DL, Kheyrkhah T, Smith J, Fiscus J. MFC datasets: Large-scale
benchmark datasets for media forensic challenge evaluation. In: Proc. of the 2019 IEEE Winter Applications of Computer Vision
Workshops. Waikoloa: IEEE, 2019. 63-72. [doi: 10.1109/WACVW.2019.00018]

[44] Hsu YF, Chang SF. Detecting image splicing using geometry invariants and camera characteristics consistency. In: Proc. of the 2006
IEEE Int’l Conf. on Multimedia and Expo. Toronto: IEEE, 2006. 549-552. [doi: 10.1109/ICME.2006.262447]

[45] Dong J, Wang W, Tan TN. CASIA image tampering detection evaluation database. In: Proc. of the 2013 IEEE China Summit and Int’l
Conf. on Signal and Information Processing. Beijing: IEEE, 2013. 422-426. [doi: 10.1109/ChinaSIP.2013.6625374]

[46] Lin TY, Maire M, Belongie S, Hays J, Perona P, Ramanan D, Dollar P, Zitnick CL. Microsoft COCO: Common objects in context. In:
Proc. of the 13th European Conf. on Computer Vision. Zurich: Springer, 2014. 740-755. [doi: 10.1007/978-3-319-10602-1_48]

[47] Krawetz N, Solutions HF. A picture’s worth. Hacker Factor Solutions, 2007, 6(2): 1-31.

[48] Mahdian B, Saic S. Using noise inconsistencies for blind image forensics. Image and Vision Computing, 2009, 27(10): 1497—1503. [doi:
10.1016/j.imavis.2009.02.001]

[49] Ferrara P, Bianchi T, de Rosa A, Piva A. Image forgery localization via fine-grained analysis of CFA artifacts. IEEE Trans. on
Information Forensics and Security, 2012, 7(5): 1566—-1577. [doi: 10.1109/TTFS.2012.2202227]

Bt R S5 SR -
(1] A, 200, SART, S, XK, AR, WAJR, FLAELE. VR O it 55 Rl BoR 2308 . 9PF2£4R, 2021, 32(2): 496-518. hitp://

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.5555/3295222.3295349
https://doi.org/10.5555/3295222.3295349
http://www.jos.org.cn/1000-9825/6469.htm
http://www.jos.org.cn/1000-9825/6469.htm
https://doi.org/10.13328/j.cnki.jos.006469
https://doi.org/10.1109/CVPR46437.2021.01212
https://doi.org/10.1109/CVPR46437.2021.01212
https://doi.org/10.1007/978-3-030-87199-4_6
https://doi.org/10.1007/978-3-030-87199-4_6
https://doi.org/10.1007/978-3-030-87193-2_2
https://doi.org/10.1145/3474085.3475332
https://doi.org/10.1145/3512527.3531415
https://doi.org/10.1007/978-3-030-58610-2_6
https://doi.org/10.1109/CVPR52688.2022.00240
https://doi.org/10.1109/CVPR52688.2022.00240
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.5555/3305381.3305510
https://doi.org/10.23919/EUSIPCO.2019.8903181
https://doi.org/10.1109/WACVW.2019.00018
https://doi.org/10.1109/ICME.2006.262447
https://doi.org/10.1109/ChinaSIP.2013.6625374
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1016/j.imavis.2009.02.001
https://doi.org/10.1109/TIFS.2012.2202227
http://www.jos.org.cn/1000-9825/6140.htm
https://doi.org/10.5555/3295222.3295349
https://doi.org/10.5555/3295222.3295349
http://www.jos.org.cn/1000-9825/6469.htm
http://www.jos.org.cn/1000-9825/6469.htm
https://doi.org/10.13328/j.cnki.jos.006469
https://doi.org/10.1109/CVPR46437.2021.01212
https://doi.org/10.1109/CVPR46437.2021.01212
https://doi.org/10.1007/978-3-030-87199-4_6
https://doi.org/10.1007/978-3-030-87199-4_6
https://doi.org/10.1007/978-3-030-87193-2_2
https://doi.org/10.1145/3474085.3475332
https://doi.org/10.1145/3512527.3531415
https://doi.org/10.1007/978-3-030-58610-2_6
https://doi.org/10.1109/CVPR52688.2022.00240
https://doi.org/10.1109/CVPR52688.2022.00240
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.5555/3305381.3305510
https://doi.org/10.23919/EUSIPCO.2019.8903181
https://doi.org/10.1109/WACVW.2019.00018
https://doi.org/10.1109/ICME.2006.262447
https://doi.org/10.1109/ChinaSIP.2013.6625374
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1016/j.imavis.2009.02.001
https://doi.org/10.1109/TIFS.2012.2202227
http://www.jos.org.cn/1000-9825/6140.htm

BEF % LIRS AEA A R R 4m AL Transformer 2067

www.jos.org.cn/1000-9825/6140.htm [doi: 10.13328/j.cnki.jos.006140]
(2] Z=0ek, A7Aei, JOPTIG, 5K L0, 0, T, A, xIbek. e BUABGIERCR ZRE. v [H B 5 BB 2241, 2021, 26(6): 1216-1226.
[doi: 10.11834/jig.210081]
[31] AT, 247, XEam, 76688, S, 22, T i TR SRBE 3o H1 2 BB N 25 Transformer B 4% J02F 2741, 2022, 33(4):
1501-1515. http://www.jos.org.cn/1000-9825/6469.htm [doi: 10.13328/j.cnki.jos.006469]

FBiEFE(1993—), %, M+, CCF 24 0y, Lo
WEFTAR A TH RN b, BE 22 B (R 9 B, 2 104k
HUE.

WA (1989—), 5, 1L, FEERFFTAUR N H bRk
W, 8 SCAYF, AT 553 E, 5 5 .

FREMB(1978 —), 7, I+, #u%, 114 W,
CCF Tl &, B ZEWFFTE N HLas 2% > 5
AR

BREZIR(1958—), U3, 1k, #ee, AR i, 3
LW AR A 2 27 B 15 23, 22 BUARHIE, St il
R RS, B RN RS, MUBELRHOAR.

© WEBEERKHIFIN  httpy/www. jos. org. cn


http://www.jos.org.cn/1000-9825/6140.htm
https://doi.org/10.13328/j.cnki.jos.006140
https://doi.org/10.11834/jig.210081
http://www.jos.org.cn/1000-9825/6469.htm
https://doi.org/10.13328/j.cnki.jos.006469
http://www.jos.org.cn/1000-9825/6140.htm
https://doi.org/10.13328/j.cnki.jos.006140
https://doi.org/10.11834/jig.210081
http://www.jos.org.cn/1000-9825/6469.htm
https://doi.org/10.13328/j.cnki.jos.006469

	1 相关工作
	1.1 图像篡改检测
	1.2 ImageNet预训练
	1.3 视觉Transformer

	2 预训练驱动的多模态边界感知视觉Transformer
	2.1 频域模态
	2.2 基于预训练的局部-全局特征增强模块
	2.3 边界感知模块
	2.4 渐进式语义生成模块
	2.5 损失函数

	3 实验结果及分析
	3.1 实验设置
	3.1.1 数据集
	3.1.2 网络实现细节
	3.1.3 评价指标

	3.2 网络模型有效性消融实验
	3.3 与其他方法对比的定量实验结果
	3.4 定性可视化结果
	3.5 鲁棒性实验

	4 结　论
	参考文献

