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H E AAATRASFIOARIBLAEMN T ZRSRBEBRBEG AT LI E, RTHFAR, I AAFTEKX S
B AR RBREAR THRFAMNBER NG, ELFT I E G LRI, 43 LR AR E T A F Transformer 8 %
A4 B AR B3 K B ) M % (Multitask Transformer-based Network, MT-Net) , #) | Transformer F & § i & 5 L4 £ 45 4232
Wit R EGEFZ R AN, AE R A BR TR R 6 X EE R I A W& xF LR T e R IR S, I, MT-
Net B Hﬂ‘%l”? SATFAESME M Fe ER B AT @ LR FRE ST, 0 L K BT Ae LB % 45 fe B Ok ) TR
ML HFARAE FAESH LR T ARG RR D BRI F AL RTHRAA, FRAR AN AR ok, BT R IR £ CASIA V2.0,
Columbia = IDM2020 X 3 MATF L LA BAF T L4565 E oM F1 A5 5 £ 8 T 0.808,0.913 4 0. 675, T ALK R
25 R B RO BT IR Sk A A B LR SR LA BT R R

KGR 3T B AL IRGE ; AR B4 M Transformer; B2 & ALH; S5 W%

HEESES TP391

Multitask Transformer-based Network for Image Splicing Manipulation Detection

ZHANG Jingyuan, WANG Hongxia and HE Peisong
School of Cyber Science and Engineering, Sichuan University, Chengdu 610065, China

Abstract Most of existing deep learning-based methods for image splicing forgery detection use convolutional layer for forensics
feature extraction. However, convolution kernel conducts the local computation process with the limited reception field. More-
over, existing methods mainly apply the location of tampering regions to guide the detection model to train,and it is difficult to
learn richer tamper trace features. To overcome above-mentioned limitations,a multitask transformer-based network(MT-Net) is
proposed for image splicing detection and localization. The self-attention mechanism of Transformer is leveraged in encoder to
learn the pixel correlation, which is able to provide different attention levels for pixels and makes the detection network pay more
attention to tampering traces. Meanwhile, MT-Net considers three subtasks simultaneously to guide the detection network expose
tampering traces from both local and global information,including tampered edge detection,tampered area detection and the pre-
diction of the tampered area’s proportion. Finally, three specific loss functions for their corresponding subtask are designed to
better optimize the detection network in the training phase. In experiments,the proposed method(MT-Net) achieves better detec-
tion results compared with other state-of-the-art methods on three public available datasets,including CASIA v2. 0,Columbia and
IDM2020,where F1 scores are 0. 808,0. 913 and 0. 675 respectively. The visualization results also demonstrate that the proposed
method has the better capability of localizing the splicing regions.

Keywords Digital image forensics,Image splicing detection, Transformer, Self-attention mechanism, Multitask network
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GO e e IR A% B L S AT RE LIt S 52, L A S iR
o3 M Z A AR E . BB, 48 M BT B el R 1 BUIE S vk B
A B 5T R SCRRE A (A 7T R S 0 R o R vk 5 S
PP B AR S

PG D 42 B o CR R D 2 B 00 2 e 5 L 1 FRLR B i T X
22— FLA A T WK B 2 0k BR S R — SRR I BB F
&5 P 12 22 3K T (Image Splicing Detection, ISD) 75 & 7 &l
B RN X ., B AT, B ISD U5 B KRB 4y A w2 T
T LRHE R 7 B R TR 2 S 7 ik . T T LRIER J7
0 UG R 4 AR A5 5 Ab 3 A R R AT AL A A M R
SR AN ¥ 57 1 (Photo Response Nonuniformity, PRNU)P! |
{0, 8 I [ %1 (Color Filter Array, CFA)Y | AH L i 1 p& %%
(Camera Response Function, CRF) 45 1 285 5 25 41 5 Pk 45
R Ty 2T TR AR, B — B iR R . BEE TR B A
2B ARAE L AU B R o 22 A A IR 11 A
FORE T AR SRR, e T IR B 2 ) R A T Wk AR 6 B TS
N2 ] R BEBCRAAE S X R AT 5 3R 000 B 3 X3 ot
FOAG UK A3 T TARAE T 1A 4@ . H AT TR T
J5 K 2K FA A5 B 48 ) 45 A 0 R AIF 42 BUER 11 DF-Net™/,
RRU-Net"), ManTra-Net"* 45 . 8k ifi , % B VR AU 3T B AR )=
X Sk AT 2 B M LR AF T PR R R Z B MR R .
T B FRB IR B A B 7 DU R B 5 2 B I, A
MBCRAAE . SeAh A T7 75 R 2 A0 A B3 X L ) 25 2 >
PSR I BB A B, — e r kil e M bRl G £
Filt 25 0 (3 FRAE Cln (R 00 R SR AETOT R AR T A LU B L
WURE I 1Y) T RAE . E B BT EE T R B A v w
G CRRAE AR AT 18 R B s ) . {8 78 55 b BUIE 37 5%
L 2 SR U R AR Z (] A2 7R TUAR (R R T B A& 2R ik X 5L
[ rek VA =R o0 AP i N T I S N A0 & 117 N [T s e
FOIEAF T 5853 F) A R RRAE 2 18] (8 F R

H TR BRI R A SCHR T BT Transformer 1Y
ZAT 55 PEHE S RAG I R 4% (MT-Net) , 3% A6 I 9% 2% % FH 4 f 1%
#+ (Encoder-Decoder) ) 42 45 . H & 3k 13, MT-Net 9 41 5 £%
FIF Transformer H1Y [ 7 J1 LG4l $E B AR R Z [ N
FAR DG AR AT &5 D) ) T Sk AR AR A 7 =X HEAT AR
TERLA S LLSEE G TC A 5 B 3% il 99 2% 1) 2 ) 0R . itk 4, MT-
Net R 24 55817, A 4518 3 R (Pixel-wise) F 1 55 1 & 15
% (Picture-wise) T1E 55 . BRER FAEH RIFEBREZH M £
S 0 ) S B 4 100 RN B 4 DX 5 TR R A 55 00 2 el X
S LA L Ay T 2% (AL AR, T AR B AT 55 1Y RE R BT
N SR B LR S P28 2 2] . RSO EE TTEA DL LA

(DT 3T Transformer MY 24T 55 P 42 5 oA I
2%, J MT-Net, ¥ Transformer 3| A ISD 1T 45 , Transformer
PR Y TR R PL T A ORISR R 2 B A G R R
Iy HL 2 S AR TR T B T 45 B ORI Y R TR

(20 B0 B 8 DX 338 Aoz [R) AL, AL T 224 55 A 00 19 4% 11 201
AR AEGRERMEBGRTIES. BREATFESEMNE
O3 G RN BE O DI i 28 SC AR R AT 22 5. LA 4R A
15 2% 1 B2 2 b ) 79 A% B ( Proportion Prediction Module,
PPMD) , 592 3% B0 Bl X4 1) 2 A4S . T I, AR R 4 55 7
Bt 1A TR 4 5% R R, 3 [ 45 5 9 45 2% ) SEURRALE

() FLH AR R A SR 9 MT-Net A A 7 5 A
F L A E LR L AE 3 AN ATTRUE & AR T R4
ROR . WA, MT-Net J& 3 1) 3y 59 45 #4 , 6 200 40 S 1t 47 1 4k 21
B AL B .

2 MXTIIE

2.1 FIHEMEGBHEELEN

T TARE B DR 422 50 O DU O ik T L A R E 0 S I
P, T TR DA E5 35 B A I 0 8 BTG A4 L 3k S8 9 55 K B0n)
43 R PG R BB 2 8 7 A 0 IR 30 R PRl AR i A e R 7 A ) 9REGE

B R AL A MLEE Sk 64T, ARG e Gl B B Al
MR IE AT EDEE S B4 CFA @ R — 68
gy i (AL BB 8 A R AL IR A% e B AT L B 2R s b 3
(Demosaicing Process) , £ 2| H il 97 ) 8 2 70 0, A0 2
o B R BEA R Y KRR BRI . & R BRI A
—3, M. Dirik 105 T CFAL M A HLE T 69 CFA th
% . Ferrara SR I 20 o i #R M Bk T el 25 I 28 5w &b R A R
IR , £ 1B AR AIE SR A 3R R 38 2 E B¢ s A BRI . b Ah L A
MBS W ERSSFHEBRRELSRE TR ERFBALRR,
Mahdian 85 ) FH Ja 5 M 75 B o 22 46 00 8 151X 38 A Al B ek IX
W%,

% g0t T 2ok 72 22 Sk LA B 19 JPEG IR 48, /> T A6 25
]84 b . JPEG R4 2 5 St AR R 73 8 X8 e Sh s
% DCT ZE 40 0 47 B4, 3 5 28 2o 0 2 2 B2 AR 005 4 655 15 )
FE45 5 1 B . %0 B B [ A IR v T A T B e [
%, Lin U HH DCT Z80b iy XUk Ak 250 BIDVEE B R
DCT Z40E J7 1 v 08 S0Pk e e I 45 i R 52 4R 77— ol
B 205 O g B e KR T k. A, BB 4 0 [ e i T
1) IPEG He 45 J5 » 43 50 R B8 B X 3 R Sl 0 g X0 ) AN — 350, 1R
Z 993 M1 (Error Level Analysis, ELA)M i ] 3% 8 AH 3
e einllR

T F TURHIE Y J7 3255 15 BO 2 3 00 26 30 R . 475 6
TG DL I o YUK B8 R RS W0 AR0COR AT MG IS B X R A
X AR A S TR SR T PR Y e DK B . AR, R Dy R AR AR
EM R AT 2 B E A BB E R TR,

2.2 REFINEGHEZEZREN

AR VR BE 2% X P R R L TR 1 2 G OR A5 T L2
FH o 22 85 R BUAIE S0 388 1) 2 3 O 20 TR B 2 > T DR B B o
Rl 55 . A J7 1% R 46 FLM 42 B 2% (Convolutional Neu-
ral Network, CNN) #FATRFAE 38 B, I 45 & HoAth 5 12 i B 947
K, B H, Rao 14 CNN 1955 — Z W 4 4L 4 Spatial
Rich Model(SRM) ™ e il £ 19 2 450, 3 T 249 T4 E $12 it
Ao M ET A I 25 47 i CNIN B BCRFTE J5 B LA SVML i
14325, SG-Net"" ¥ S5l 4k Semi-Global ¥ 4% 15 21 Kk i i
DU PG, K T A P 4 3% 3 4 10 BB DL 370 40 Ak 00000 285 2R, LA 3
A BG5S 7 4 i b ER 0 — 30 . Bappy 0 51 A K 4 )
e 42 M4 (Long Short Term Memory, LSTM) #4 & A [A] X 5,
B PE 3 T CNN-LSTM-CNN f9 [ 45 284 . %2840 1
Se il CNN BEATRF AE R4 L, 28 )5 06 45 3 /Y R AE & 43 s
EA LSTM AT RAAEAG R, B i ] — A 8 UM 45 44 31 5L
B I % 75 9 K, Deep Fusion Net'® (DF-Net) B 2% Il 2
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— Y A 46 2 3] PR U R AR, A s RS T )2 4
A% DF-Net 47 8 .

b3 7 i B LS A CNIN R BE A9 4 Bh 3 . o vk &%
KA LA CNN 58 K W RRAE R 5 AR 1. XF Ik, A 2% % 5%
T F SR A o #0525 O A9 CNIN K 2% . RRU-Net'™ 2%
N ZEK i [0 42 Fn ik Ak [TAZBL KT e & B T R T 4R 25 45 4
FE 5 5 Ak % B 28 ) 4% 19 2% 2J 3% %R . ManTra-Net™®! W % 1
T —Fl Z-score ¢ AiE 3 il A B BB R R F ¥ . Zhou
ALV P4y 2 Faster R-CNN SR fil & RGB 8, % 45 1E F1
MR PR A, 25, CAT-Net!"™ 454 RGB 1 DCT 72 # 5§ 4%
I SR G i DR S A0 B £ 2% R 446 I 30 R AE , 36 R4 5 0 4 3 AT
B XA, ST WRE IR 2 RN ERER,
A8 3 G T PR 536 5 X LA R AT o P45 0% 4 A Jg 0 D 92 B 8
5% Z IR AR C &

WA B T 7k R 2 A A P4z DX I 5% 2% 2 (1 R AE 32
TN G T SR 2 A A 2 R — ey vk 22T AT S5 K
T 15 2% 2 5] B £ B A B BUR B fE B . MFCNPY & F FCON
HEAT S, T T A S A7 B X R B T A SR X
S5 R0 B0 S5 AR R R 25 e N A AE W TR HEAT LG
Kniaz 2529 di A4 5 % 5L R 2% (Generative Adversarial Net-
work , GAN) B4 15 11 Gt 48 3ok 2 P85 I 8% 5 Bl 1 2 IX 35
R DR 2 R 7 LA B X R E 7 3 AN TFATR S .51 5 M 4%
) R R BBRRAE TR RE ML B A0 g i AR 2 > 5
FRRAE (R B 2 AL R T RS ik . Rk ZE PR B X B e
I A0 B 42 30 o v 1 Sty 30 T EHR EA S, IR A
NI A SRR AE AT 4 A . SR B AT 4 IR
B TFALS M IR R Y B B FARFE Z 225 blb 5
DX 38 18y e AR T . BRSSO R L R X — R PR R AT
Bk,

3 BEEHEERRNEX

HERHB
A T IR BE 2 ST 14 B 1 0RO I 7 3 R 22 ok A5 AL 4R

3.1

PEERIBURFE . R 1 428 3 AR BB /N2 /N RSE,
3X3 I 5X5 A, k-G BURFAE £ U P 28 10l — o R 1 =)
BRUB B Y . A B DX T B R L A TR AR TR B XA
B B 8 0 A A R T e X Al R X R 2 TR ) 22
5. Transformer J& 5 4F R 76 T 55 ML AL 50 G138 12 2 %) )
SRR, H P R AL 2E 8 R A A RO X PRI A
1R Z [H) i AR OGP AT R 3k R R AR R AU E . Pt , MT-
Net 4K i Transformer ¥4 82 g it 2% 3547 RRAE 32 B, 4 ) F X
S IR AP AN [ DX 45 3R A S AR O R L i T 0T B R 5
1Y 2% e

Iy —J7 T B KN T W R B 2 AR AR IR AT G
BB —, SRR G 0 7 2 AT A I 19 2% 4 ok B b 5
B AR RV RRAE (09 2R U8 22 A AR A 7E 22 5, HgEAT Wi S Al &
5 BUZ I 20 R AIE 18] B9 A 2815 R o T R e 0 2% 2 ST B
FEXFIX — Ry BR 1  MT-Net # 51 A A & B RFAE fil-& AL 8
TUAAR B 385 A RURIE 1 R 3

BEAh BRI 5 L BE SR G DF 4 X TR 1 B A W
BRI AR S 55 . 45 R 5000 8 IR UfE B 28
A6 I ) 4% 32 B 7 AR B T4 490 Gk L i 2 A B L (ELRG
T o0 2% 1) 50 285 SR O B A T, XS], MT-Net $2 3 7
— 00 5 X3 L 9] T S, LA g ke B g DX I P R AR
3.2 EEEBEMHIEZRE

ARSCHE ) MT-Net 58 40K 1 s, 76 2 4% 524 T HE
BTV [ A T D 1 S | BEHE DX R PR R X L 3k 3
ANFAESS . B YE 2R D 5 25 40 45 i A 4 E i % A 5D 4%
Degge s R IBFRIE 28 Do FIFEZ DI L 1 UM AL He PPM 4 4~
53 Ho Dogye FID, S5 HARTE] . T 5 0 AR A R T, 4 i)
ae A R B BURE R AT 27 2 15 8 2 RE SRR F, , I Rl & K&
e TR TR R AEN, o FEUR SR D #1922 ROBE R AE R AE A i 1
i AT FRAE LG O $ RO [ AR 55 R B R AR A5 B30 Sk
WU T ML 0 DX 384G DU P ML, s Do ¥ 52 Deae 19 3 B9 25 2, A
J& s Duvea 19 2 RUE RFAE MG 25 A PPM 34T B 8t XI5 5 L 1500
IS BN AT LS RPN AR 2931

i

o
A
I

l e
v - EXE ] [ ExF ]
Trans# [ R ] T T
Nl
: > AHER S > AFEEA [ E
Transtf N, LRH LR =
v 4 L &
F, >() > HIERA > HIERA >
N, ERE ERE -
y i
F, »() > HHERS > ERE » =
N, ERHE ERHE
X t f
F, "
BB (F) HERAD B (Degge) PO 2 (Daea)
{1 MT-Net f55H
Fig. 1 Structure of MT-Net

3.3 EF Transformer i % 73 8%
B B I 2% R 22 3L T 5 BURh & 4% 3 AT KR AR

2] AR BURAR SR 8 DX g B, B 3k 5 22 2 B v L) 2R 15
RAFr 2 R B E 1. oAb LR R R, A XEI AT
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Transformer B9 4 % %% 2K 32 B 1% %5 fiE . Transformer H
2017 4F 1 Google $2 ™I LIK , B I b T A SR 15 5 Ab#E .
E G 24540, BT Transformer W5 A EE N
ML 2B, 92 T 3% 4 g % A0 005 2 B, I 1G58 T G
Tith 255 AR 38 22 18] 9 A SG Mk 00 24 20 L B AU IR IR R A 2 )
B4 RIS R . HATE T Transformer B W 2% X 2 75 22X}
MG 3 Bk AT 6 B G 5, S B A Hedme A HL X N A 468 % 07 B 15
B a5 BRI Y1 AE O, B 1) 2% D1 25 Fn 3 s
fdt TR T T ROST — B, 7R 52 bR 9 B2 R U 37 56 L M 4%
T AR ] RSE A G, X AR SC3EF SegFormer™ 15 1 4
T EREE M AL S T2 — A 3 X3 (B R A Ry 2 1) 25 42 1L
PLE AR B AR DR I (1 4 % 7 B A5 B amig =X, Al bk
HE AR MT-Net A Pl [/ RO A 45, e oh, g 5 45 A
B 43 e ik AL T 4 75 44 55 2% LA B IR AL R A5 B AL B AR ) L AT
i 1 22 A RUBE B RRAE 18] B 365 AR 4B AR AR (A T3 S0P AE) Filis
HEFFAE CINTE SO A B) T 40735 FRAE 09 2% S FIR R R @ L .
FLURH, i85 %% E i 4 4 Trans #3k (TransBlock) Al 1
AU B . Horp, A Trans BEHEE R FH R L 43 590 i

w

KRR AN EEE, € R 77 (i=1.2.3.4). 30 H
MW 0l A AR T K EMSERE ., 2 BCGEk[16], g
PR B B H 5 AN [ RE S B0 AR B A . B R S B A 2
FT7R o IR AT ] B8 B 001 M 75 A L A5 B I AR AE N T

H w

RAET GHF, R F S BIN, €ERY 7 (i=1,2,3,4),3F
N 5F HE S 5 36 A RS AR, O 4% 4R BE AT AN FEAE . Trans
BEHC D 25 0 B 3 T o, A 48 3 & i A BB (Overlap
Patch Embedding, OPE) \N 4~ A { & J # Ht (Self-Attention,
SA)FIHT I Bt B B (Mix Feed Forward, MFF), £ 2% it
(241 A B AR SCEE B R 4 4 Trans BEEXT R A N=[3.8,
27,37, A~ Trans FEHAT IR Ky .

F. .\ =MFF(SA(OPE;..,(F))) (@Y
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Pl 2 Filter B & i # S 4L
Fig. 2 Parameters of five filters in Filter module
OPEC- )i HIEsh & N B EEI £, s, p 4 BIRIR R
BR/NERKAITA RN, RLLEH P b=7,5=4,p=3,
SAC«)NHE A E = S HLEI S, 7T R Hy .

OK'
Tou = Xin T Softmax \% 2)

dhea
HA x s xou 7 AR SAC ) By KT AR Q. K,V JEx, (1)
Lotk G, AR I RN N=H X W3 C Jyx,, 8938 18 4.

MFF(C ) E#MH 3X3 683 0 g a4t 85 8, X
4 0] L R DR It RO SR b 5 R R R R A —
., MFFC )R ERN .

You = Y +MLP(GELU(Convys (MLP(y;,)))) 3
Hod yi s You ZP B FER MFFC ) %5 A RS MLP(» )%
IR % 2 BN HL (Multilayer Perceptron, MLP) ;GELUC « ) H 5
HriR 22 LR M BT 5 Convgny C+ )RR/ R 3X3 BB
KA D, HESHARMN BF L.

F,
EF & HNHE S (OPE)

B BABS (SA)

A A & )3 — 1t

xN

AR SR (MFF)

Al & V3 —1k

v .

B3 i A Trans B A S5 1Y
Fig. 3

Structure of one Trans block in encoder

3.4 ETHENHERSHBEDES

AR SCAEE P A ik B 48 6 A5 300 R A% T 45 Dcage R DX S0 A7 B 4%
Dhvea » 3 0 1146 00 5 D000 2 R0 B 0 X0k 1A 2 % 4 ) 4%
FEAR [6)  fiff T 45 X 2 T 45 412 A9 45 A0 A7 Rl & 0 28 A0 b R A
= 5 AR — i R0 BIVAT gy 3 2 A6 I P ML AT DX IR
MEM, . F T2 500 2% b B R AE il & 7 U808 52, 2R
0 At RS ML A AR A 2 0 3 AR il & o SR, X ISD
A 55 T 55 20 Bl 418 I FR) R I I AR 22 A0 R AR B ORI 4 MiE 2
[ 7E— S TUARE B BN PE R & 7T BE & 51 A WIS B IE =
BN 1 266 2 20 o Xt s AR SO AT 11 3k 1oz 4 A il 45 L
5 ) EEARE R UAR S BRI R A I 4 BTN
AR AR AL AR 3 A I LR AL RS AR o AR L TR B 1 R
B WL AZ AL 5 X A R A TR AT 2 4 AE AR LA R 4
TR b TR 45 R R AIE T 5 5% 22 3 4% 14 U X5 JRUAR R A AR
J5 X R AE TR AT RS MR BRI %0 R R X AR AR B — Fb B & N
B BE WA 28l il 0K 20 g AL

-’| Conv }l’{ Conv Conv }—’%—’{ Conv |—‘>FI'
Fh“’l Conv h—b{ Conv Cony }—»?—b{ Conv |—->Fh’

lltj

® F @ w

Pl 4 1 AR AR £ A
Fig. 4 Adaptive feature fusion module
A i A AN ROSE B R L 18 A 4 5 AiE F i 4
FRAE 53 32785 N F ROF 0% B 4 AR AE S F)RIF, . ) F
2 1) 45 A 1 ), R, RS A () DAL ke 7 2R A R0 A 2 7 75
F, EXRFEESF, R~ —32L. 8 UP(F,),UP ()R ERFE
P AR SO SUR M AT LR AE . FRIF, T RR O
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F,"=D,[A, (F,)+C,[B, (A, (F,))XB, (A, (UP(F))]]
(€]
F,/'=D,[A,(F)+C,[B,(A,(F,))XB,(A,(UP(F))]]
5

Ho.A . B .C,.D,»A,+ By -C,» D, H}7%Conv-BN-ReLU” {41
AR A B FRR 3X3 B AL B — (L FHE IE Pk
JCo AR L ARFRAR YRR AE BT 2800 09 43 32, h AR 3R & 4R R AE BT
Zead 53 3. A HTRHE AL A B I E AR R A
I F 5 S TR A 5 A48 R AL 50K B G R A0 00 R R AT R
1B s Do B2 1 B9 F, A B8 AD o PEATRFAE AL A T D
B F, Wk A PPM HEAT S0 L ) 3500
3.5  ELBTLL 5 BN R

TE ISD AL 55 1 K2 805 i AT AR R G 00 Ao Cln F ) 2
TSP ) 20 5 R DAL X SRR R 2% B o b S T A Y B Y JR)
PR A — B, Bl 2 X B X i A JF B B
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Fig. 5 Tamper proportion prediction module(PPM)
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Table 1
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Influence of each module on detection results in CASTA

V2.0 dataset

Methods ACC F1 MccC
edge_area 0.9631 0.7819 0.7675
edge_area_filter 0.9656 0.8056 0.7931
edge_area_ppm 0.9654 0.8075 0.7921
edge_area_filter_ppm 0.9668 0.8081 0.7997
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Table 2 Comparison of detection results of different proportional

coefficients in loss function

A “ ACC F1 McC
0.5 0.5  0.9577  0.7914  0.7785
0.5 1 0.9629 0.7995 0.7858
1 0.5  0.9625  0.7958  0.7822
1 1 0.9668  0.8081  0.7997
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Table 3 Comparison of detection results under different encoder
Dataset Methods ACC F1 McC
Res-based 0.9494 0.6966 0.6778
CASIA V2.0

Trans-based 0.9668 0.8081 0.7997
Res-based 0.9722 0.9083 0.7652

Columbia
Trans-based 0.9803 0.9131 0.7797
Res-based 0.8697 0.5921 0. 4870

IDM2020
Trans-based 0.8905 0.6756 0.6025
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Fig. 6 Accuracy curve of different missions in CASIA V2.0 dataset
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Table 4 Detection results of different methods in CASIA V2. 0,Columbia and IDM2020 datasets

Methods CASIA V2.0 Columbia IDM2020
Precision Recall F1 Precision Recall F1 Precision Recall F1
ELA 0.285 0.095 0.103 0.715 0.042 0.072 0. 367 0.048 0. 060
NOI 0.086 0.078 0.060 0.638 0.106 0.132 0. 370 0.150 0.151
CFA 0. 144 0.004 0.007 0.299 0.128 0.110 0.282 0.006 0.010
RRU-Net 0.621 0.532 0.573 0.893 0.610 0.725 0. 490 0.415 0. 449
CAT-Net 0.743 0.879 0.689 0.858 0.901 0.802 0.534 0.899 0.535
MWC-Net 0.837 0.831 0.834 0.855 0. 803 0.828 — — -
Ours 0.798 0.944 0.808 0.940 0.958 0.913 0.650 0.930 0.675
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Table 5 Training time and testing time of different methods in

CASIA V2.0 dataset

R 2 s)
Methods Tr?fining time of Te.sting ‘time of
single epoch single image
RRU-Net 421.57 0.03
CAT-Net 869. 76 0.31
MWC-Net 465.63 0. 05
Ours 285.95 0.08
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