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Scalable constrained image splicing detection and localization
with adversarial optimizing

LIU Yagqi', CAI Qiang?, SHI Lei’, ZHANG Yifan', LYU Binbin', XIA Chao', XU Shengwei'

(1. Beijing Electronic Science and Technology Institute, Beijing 100070, China; 2. Beijing Key Laboratory of Big Data Technology
for Food Safety, Beijing Technology and Business University, Beijing 100048, China; 3. State Key Laboratory of Media Conver-
gence and Communiaction, Communication University of China, Beijing 100024, China)

Abstract: A scalable detection and localization method, along with its adversarial optimization architecture, is proposed
for the image forensics task of constrained image splicing detection and localization (CISDL). In the CISDL network, a
novel scalable correlation computation module is constructed using high-efficiency channel attention enhancement
blocks. The channel features are then calibrated using high-efficiency channel attention enhancement. Images of arbit-
rary sizes are processed using truncation operations on closely correlated factors, and a mask reconstruction network is
designed based on depthwise separable convolution and residual connections. Finally, a patch-level adversarial learning
strategy is proposed to optimize the pretrained model. Extensive experiments on publicly available datasets demonstrate
the effectiveness of the proposed method

Keywords: constrained image splicing detection and localization; scalable; correlation computation; adversarial learn-
ing; image forensics ; atrous convolution; pyramid pooling; depthwise separable convolution
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3.1.1 D% &L mK 4R ) A R

A WE I Goh, 2K R B bR R E
AN ZRREA XS o SR, BEAT Y PR BBIE 5030 4 R
BN JE DL SEHEA 29 o RGP A T 5 2 67 I 2% 1)
Yk, RZEEGBOESREE T EGR Ra&E
oG, AN A0 B ke U RS, T AR BRUEE N T
) G X By HAR R PR & A i i . % &
ST 29 5 MG PR R I 5 7 A7 Jr v = R F RHE
A AR AR SR 0F 08 A7 DT B D S A6, 0B X s 5 oA A

b 12 A i G R S A S — BT RGN 4 SR
M A /N, R okt B AT 24 o R B 422 A 0 5 5 7 g vk
BRI T A B S AT AR A (I R0, AR E
FEAHFH MS COCO %u#ii 4 A 3l A= il & i K% .
MS COCO %4 5 3 %2 hy 9 PR K 0 Fn i L4y
AT 5, HAR AL T R & W ik 4y B AR v 19 &
18, £ 82 783 i Il Z: EZ A1 40 504 i P B4R
(2014 AR ) o ABFFETE MS COCO B YIZR % L
A 1A B DI 25 R T, R it 4% B A i)
IR EG T, Y2kt Al % 5¢ 42 & MS COCO 2 4
SR T4, BEGIPAEIhy 512x512 IR F

XFF A B okt 1 A i, Bl Bk 3 — R 1R
R — AR T X, 28 3 AN TR 1R A 46 S RS s 3 5
Hh—A-BEHLPEE U 2R 18 L, R ek As 3 IR
XF (2 HIEREAKE, 1V L AFEAR ) o R 5 FASTA] Y
A, BRI L AR, BRI B AE . Bk
E, T B X ARt TR AR B, JE R
U(-512,512), I LA 50% A4 HE % 25 28 75 HoAth i 45
P o e A e i BUE S U(-30,30), 4 filt 28 e BU(E
9 U(0.5,4), B B AR e BOE U(-32,32), T2 248 U
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5K, A2 T 1035 255 XFIlZgExt, Hir 1/3 i
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o AR RS I X3 A T AR L B, R X R
3 4], DA 224 CR Y IX 3] 1%~10%) . — it 4E
(10%~25% ) FI ] L4 (25%~50%) -
3.1.2 W 264 5 A 4R v

JIr 48 97 35 I 2500 3K AR A% 3 7E Py Torch |52
Mo RUBE AT AR A 29 o R DA TN 5 0 7 28 1
SR SR 28 (8] 38 U i AR EA T 25, BDX (15), 4%
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TR . TEA RN ZRxt b, ROEn] A5 231
IR PFEERG I 5 58 157 M 48 2555 3 %5 (epoch) Il %,
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adversarial optimized model
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M[0.9,1.0] %, #z (16) Fi&En =09,
70=0.1,

3.1.3 KA B & BAFN4E AR

P8 7 vk FBAE 3 B AR AT I S BRI

1) & B e 0 A G BRI Bk X 5
Al RE 23t 22 s 4 1A, AR AT B e X ST AR L 1)
R 3ATAE, BN 4R | — M AR RN B4
ASFEEA 3000 XFEMR, G BUEHE 4L 90 00 X
KL .

2) JXF CASIA $#i4E: Wu 50203 i
CASIA TIDEv2.0 4 45 /9 1 821 i P22 & 1% i
SO PR G AT O 4L A AR BT 3 642 X IEFE
A, ]I 38 5 T 4 A 7 491 E CASIA SE X2
T4 FBL PN A (RS 8 T 5 000 X TREAS, 2% 80dE S
F Tl = i 2 RS L AR AR A I RSCR B

3) MFC2018 %4 4E : MFC2018 35 F¢ 42 4t i1y i
{4, HI MFC2018 Eval Partl Verl, f4 7 1 327 X}
TEREAXS FI 16 673 X HAFEANT, T8 380 $2 4L 1 ]
PACHE T LUK 8 AR i A A5 SR AT 4T 40 o

PEMNFE IR : FEPEMN & AL Dy T, SR T 18 %
Z% ToU (intersection over union) . MCC ( matthews
correlation coefficient) . NMM ( nimble mask
metric) . ToU £ 5 Bl FH 38 SC43 114 (ARG 11
A, 3% BN B A DX 38k 1) ToU #5323t A 7 o, X6
FF A I % 35 - 1 ToU . MCC Fil NMM 154> .
o 0 A% S P A A R H AE AR L MR AT FL-
score, AUC (area under curve ) Fll EER ( equal error rate ) .
32 TEMFEITLE

FEA AR SE Y Hegg, 2l ToU, MCC
FNMM i 1 50k BLWOE AL E TR R BT, B A4
BRI 1,

x1 AHBEEEMHRMILER

Table 1 Localization result comparison on the synthetic datasets

RIS — sk LS

X Sk KEENp
IoU MCC NMM IoU MCC NMM IoU MCC NMM
DMVN! 256x256 0.2772 03533 -0.4382 0.6818 0.7570 04042 08198 0.8544 0.6770
DMAC!H 256x256 0.5114 0.6308 0.0335 0.8279 0.8815 0.6840 09222 09395 0.8685
DMAC-adv 256x256 0.5433 0.6584 0.1026 08317 0.8833 0.6877 09237 09411 0.8655
AttentionDM!™  256x256 0.7228 0.8108 04793 09600 09690 009380 0.8980 09320 0.8250
VSAD 256x256 0.6976 0.7843 04516 08801 09178 08015 09512 09616 09331
VSSD 256x256 0.7085 0.7913 04698 08860 09193 08125 09511 09617 09336
Tl s Ay 256x256 0.7152 0.7998 04891 08862 09217 08171 09526 09634 09362
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ok

IR — iR T FLER
XF LBk UG R

ToU MCC  NMM ToU MCC  NMM TIoU MCC  NMM
XPUARER 256x256 07315  0.8136 05034 0.8980 09309 0.8236 09593 09688 09371
DMAC-adv-SR256 512x512 0.6426 0.7496 03115 08521 0.8970 0.7422 09368 09504 0.902 4
DMAC-adv-SR128 512x512 0.6911 0.7930 0.4198 0.8602 09047 0.7742 09349 09484 09108
AttentionDM-SR256 512x512 0.7557 0.8387 05608 09005 09339 0.8410 09597 09686 0.9465
AttentionDM-SR128 512x512 0.7608 0.8477 0.5819  0.8953 09313 08416 09540 0.9639 09422
VSAD 512x512 0.7583 0.8346 0.5581 0.8863 09201 0.7952 09537 09637 0.9289
VSSD 512x512 07793  0.8512 0.6033 09001 09298 08311 09544 09655 0.9302
sl R el 512x512 0.7932  0.8654 0.6324 09046 09353 08390 09566 09665 09342
XPULAR  512x512 0.8033  0.8750 0.6424 09109 09406 0.8484 09627 09710 09441
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Fil S5, I B T A 3 0l O 256%256, 512512
sf 1) I 2
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BT LB 5 AttentionDM 230 B8 € AR, £
XTI SR A G, XU AL A R ) v] LB
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RS, M H A s a0 EE A, BB R E
B R o “VSAD”RRAS S AE AT DA #EAT B R A
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PR I I TR B T 3 5 6 FEURTI 5 2 205 40 11 o 45
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Fig. 5 1IoU scores with images of different scales on the dif-
ficult set of the synthetic dataset
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324 EHEMRIEIE

F2XF I T ILAA 29 R DR A 5 A
SRR BB SRR, X LG ERTE Y HE A B A Lk
friz Bk, KRB N Intel(R) Core(TM) i7-
5930K CPU @ 3.50 GHz, 64 GB RAM #l—Ht GPU
(TITAN X). Fre 77 1% A B K /INA 256%256,
iz B S 12 T DMAC, BE PR T Attention DM, 1H
2, IEWNRT A B 4047, DMAC 5 AttentionDM JG &
AEERAT R E R EMR, HiaF 512x512 K/ A
Gnt, T 2R W gh i DR g, T S A
Z, SR R R, (H T B ROEE AT AR 1A 29 R
PRI 55 2 57 ) 4% 1T B AR P 512%512 K/
FEMG, i FACR B A B, F58 E il
RS 55 X B AR AL Y R SRR, 2544 02 — 3
1y, PRIt is SRR AR [R] o

2 OETRENN

Table 2 Computational time analysis

PONEA-R7S BB (] BIE NN
DMVN 0.296 8 256x256
DMAC/ DMAC-adv 0.028 8 256x256
AttentionDM 0.030 6 256x256
TN /XS P A 0.029 3 256x256
DMAC-adv-SR256 0.684 8 512x512
DMAC-adv-SR128 3.1116 512x512
AttentionDM-SR256 0.7325 512x512
AttentionDM-SR128 33911 512x512
TN /X P A p 0.199 3 512x512

33 MR
3.3.1 AAT CASIA %38 %

7E Wu S0 58 rh, iy Tk = HoAth CISDL
Bk, HAk S 2 W 3h Bk I B S#E 1T 6 L
( B Christlein 424 Luo %5 Ryu %P Cozzo-
lino SEP7) , ARSI BAZARSE T Wu S50 By ffF 5
ISAT AR S8, X LGS R UL AR 3, T I e Asd A8 e Xt
UL AL AR AL B B ek BE A CEPARS I A5 3 ) 2T
B IX 315 55 o X TR AR AR AL, 1t
AT R T 0.5 By IR P 2975 0 {s©lk = 1,2}, 5%
Jo BB R R 0 R 2 A A R I O B4
(sV+5@) /2, 1E CASIA £ 4 b, 4 Jr ikl L
U B O, R i R A R A IR 22
J7 b a0, Herh, X TR A0 AR Y g 6% BT B
B Fi-score 1543 0.935 4, Christlein 8%, Luo
) Ryu %P9 Cozzolino 55274 AN X B2 AR
T 5 B VI 2R 2R, SR B2 N T8 A AR AR
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AT VS FE N7, A 2R EG B AGIN 5 e ff
RS HRAL T — AR . W LUE R T &
HBUHE 42 U1 5 9 M 4% (DMVN, DMAC., Atten-
tionDM DA S A58 fr 1 5 7% ), 78 CASIA X P2
TR N T R BOUE £d 4E -, ¥ aT DU
PR T 3k s 2R R AU A O, X vl A i A
JICEICHE B Y11 225 0 A 7 o ST o R AR B AR B P 45
FHEA R, XORR A AR EGDHE
G 5 2 A7 2 B 0 A T ol DX A SO R X
I A BE A ARL P R AE AN [R] - HoAfth 1) 3 TR 8 2
B EMG E L D 1k BRI R R gt o
AN —FCRF AR, B AH B 5 A 8 e A ) T
5 PR AR A

&3 HX CASIA HIFEERMH R ILER
Table 3 Detection result comparison on the paired CASIA

datasets
Bk HERf % FEACIE S F,-score
Christlein% 2% 0.516 4 0.8292 0.636 4
Luo§! 0.996 9 0.5353 0.696 6
Ryu) 0.961 4 0.589 5 0.7309
Cozzolino%5") 0.989 7 0.633 4 0.772'5
DMVN-loc 0.9152 0.791 8 0.849 1
DMVN-det 0.9415 0.790 8 0.859 6
DMAC 0.9255 0.866 8 0.8952
DMAC-adv 0.965 7 0.8576 0.908 5
AttentionDM 0.928 8 0.920 4 0.924 6
sl |y ieisl 0.990 9 0.870 7 0.926 9
XFHAR ALY 0.9872 0.888 8 0.935 4

3.3.2 MFC2018 3.3 &

1 2 4 AT, ASHIESE BT 4 7 B i 4 LA AR
() EER {, BPR2 R B A%, B4 o ft 1b A5 AL e
512x512 ¥y AR, 7] LARAS B = 9 AUC {E.(0.794 6)
KA EER 1H(0.2054) . &l 6 A& 7 Hrif«ds
WF 5T BT 42 7 e d8 X B e . /] 6 $E L T BT
P72 B i A RS RBE R TR, RG4S 43 1 A8 4k
FEEY SRV et R s N EE SR N
BT A28 5O = E i 15 B, AUC 15353 2338 i 4
1, 1 EER W &0 iR . [ 7 AT T 2 (o R
1 R 7R, B4 5 v AT — o R I RN R 7
PEBA, X F TR /N B B X, WA 2 AR 3 X
FG  AT AR 45 R, T 48 D7 v T LA 25 s o
WERR RS B A A o 4 XEUG T, ETEIR 24T
NI T, JIr 48 I 32 158 K 30 A0 X B AIG, : I0 E Ay
JEE AR X B R

25 b TR, AW 5 T 4 O vk e 6 RS A T

DMVN. DMAC-adv. AttentionDM PR, 45 51 J&
PEH T — P REE T AR (A 290 EUR PRI 5 2
A7 P2, Fir 1R T 0 RUBE AT AR (1) DG ER P 1 S A A il
PRIZ A I 5 2 7 P 45 fig fi% Ak BRAE 3 RO I R
4 H oy BE R BOR B KRB, AT 2R DMVN,
DMAC-adv. AttentionDM % g sh & 0 5K 8%, AT
P25 AR X U B A o R R R I A T
(#£2), HEWE R E# AttentionDM H1 iy Sk
THERLHCR ROEE AT AR () CHE PR TH AR, BEAURUR 25
A —E N R, o — 2R R A, iR 25 )
T T 7 15 5 2 ) 2 [A] 45 57 35 AR B R 6 1 IR
AT 53 B9 4 FRORN B 25 45 0 1 o8 v 45 SR SR A I 2%, 7
256x256 M AT L3k 4235 AttentionDM [ 230 R
(1), MR 1~4 A, Fl s fl R4 HAe K
RF EME (512x512) 7] DL AN 85 i 8508, (B2
1E 256x256 B & b, HORAS SRS 25 T Atten-
tionDM. M Itt, ASHF 5T o — 204 H T R GT P
AL, it T BT B S A W 2%, i 5 %)
Ut AL B R A% B L T AttentionDM 4K
R ML, WEB T AT R4 S5, DL R He g it bt
2 ARACHL R A R

&4 MFC2018 HHEEWM MR LR
Table 4 Detection result comparison on the MFC2018

dataset
Bk AUC EER
DMVN-loc 0.658 4 0.400 0
DMVN-det 0.697 0 0.366 5
DMAC 0.754 2 0.3123
DMAC-adv 0.751 1 0.309 3
AttentionDM 0.7922 02756
T AFHR (256%256 ) 0.732 4 0.267 5
WIZAER(512x512) 0.785 4 0.214 6
YA (256%256 ) 0.747 0 0.253 0
MU AALR (512%x512) 0.794 6 0.205 4
L0 o auc
08l YN EERA R . R
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256 3ﬁ0 3{54 4218 5i2
PN INEY
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Fig. 6 Scores of our method with different image scales on
the MFC2018 dataset
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Fig. 7 Visual comparisons on the MFC2018 dataset

4 %5 FE

B TENS A LR BB PRSI -5 5 o7 J& ITF
FE, B th— P RO ] A2 5 A 20 R B B R A S
TE LT IR DL S PO AL o P $2 ]OBE AT 22
(A 249 R R PR A I 5 2 o2 I 2% T 23k 4T 1 A
I M 5 SCHK R BT R A, B T — Al
T e O T ) iR A RS ] AR SIS A

R, AT S B AR BT B R R/ B IR B S
(] 3 T 39 ik 1) 2 1] 2 ] < 7 B Tt P X S R e A3
i 2 RO A5 BTS2 0, B2k T IR v 7 B 4
BURNGE 22 4540 (4 7E L 45 R EA M 2% o Mok, T
DA BN AR, B3t 1 —Fh R XS 7
I B, AT A LAY RE 7 45 R AT 70 o A S AR S {H
ORI o AR TR b 0 R i S I ]
TARBESEIT R TT R A R



* 1490 -

B OB A

4t

S 9%

S & k-

(1]

(2]

(3]

(4]

(5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

VERDOLIVA L. Media forensics and DeepFakes: an
overview[J]. IEEE journal of selected topics in signal pro-
cessing, 2020, 14(5): 910-932.

COZZOLINO D, VERDOLIVA L. Noiseprint: a CNN-
based camera model fingerprint[J]. IEEE transactions on
information forensics and security, 2020, 15: 144—159.
WANG Junke, WU Zuxuan, OUYANG Wenhao, et al.
M2TR: multi-modal multi-scale transformers for deep-
fake detection[C]//Proceedings of the 2022 International
Conference on Multimedia Retrieval. Newark: ACM,
2022: 615-623.

LIU Yagqi, XIA Chao, ZHU Xiaobin, et al. Two-stage
copy-move forgery detection with self deep matching and
proposal SuperGlue[J]. IEEE transactions on image pro-
cessing, 2022, 31: 541-555.

ZHANG Yulan, ZHU Guopu, WU Ligang, et al. Multi-
task SE-network for image splicing localization[J]. IEEE
transactions on circuits and systems for video technology,
2022, 32(7): 4828-4840.

BAMMEY Q, VON GIOI R G, MOREL J M. An adapt-
ive neural network for unsupervised mosaic consistency
analysis in image forensics[C]//2020 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition.
Seattle: IEEE, 2020: 14182—14192.

LIU Yaqi, GUAN Qingxiao, ZHAO Xianfeng, et al. Im-
age Forgery Localization based on Multi-Scale Convolu-
tional Neural Networks[C]//Proceedings of the 6th ACM
Workshop on Information Hiding and Multimedia Secur-
ity. Innsbruck: ACM, 2018: 85-90.

PENG Bo, WANG Wei, DONG lJing, et al. Image
forensics based on planar contact constraints of 3D ob-
jects[J]. IEEE transactions on information forensics and
security, 2018, 13(2): 377-392.

DAS S, ISLAM M S, AMIN M R. GCA-net: utilizing
gated context attention for improving image forgery local-
ization and detection[C]//2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops.
New Orleans: IEEE, 2022: 81-90.

WANG Junke, WU Zuxuan, CHEN Jingjing, et al. Ob-
jectFormer for image manipulation detection and localiza-
tion[C]//2022 IEEE/CVF Conference on Computer Vis-
ion and Pattern Recognition. New Orleans: IEEE, 2022:
2354-2363.

LIU Yaqi, LYU Binbin, JIN Xin, et al. TBFormer: two-
branch transformer for image forgery localization[J].
IEEE signal processing letters, 2023, 30: 623—627.

WU Yue, ABD-ALMAGEED W, NATARAJAN P. Deep
matching and validation network: an end-to-end solution
to constrained image splicing localization and detection
[C]//Proceedings of the 25th ACM international confer-
ence on Multimedia. Mountain View: ACM, 2017:
1480—-1502.

LIU Yaqi, ZHU Xiaobin, ZHAO Xianfeng, et al. Ad-
versarial learning for constrained image splicing detec-
tion and localization based on atrous convolution[J].

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

IEEE transactions on information forensics and security,
2019, 14(10): 2551-2566.

LIU Yaqi, ZHAO Xianfeng. Constrained image splicing
detection and localization with attention-aware encoder-
decoder and atrous convolution[J]. IEEE access, 2020, 8:
6729-6741.

MOREIRA D, BHARATI A, BROGAN J, et al. Image
provenance analysis at scale[J]. IEEE transactions on im-
age processing, 2018, 27(12): 6109—6123.

YE Kui, DONG Jing, WANG Wei, et al. Feature pyram-
id deep matching and localization network for image
forensics[C]//2018 Asia-Pacific Signal and Information
Processing Association Annual Summit and Conference.
Honolulu: IEEE, 2018: 1796—1802.

WAN Ji, WANG Dayong, HOI S C H, et al. Deep learn-
ing for content-based image retrieval: a comprehensive
study[C]//Proceedings of the 22nd ACM international
conference on Multimedia. Orlando: ACM, 2014: 157-166.
PINTO A, MOREIRA D, BHARATI A, et al. Proven-
ance filtering for multimedia phylogeny[C]//2017 IEEE
International Conference on Image Processing. Beijing:
IEEE, 2017: 1502—1506.

LI Yuanman, ZHOU lJiantao. Fast and effective image
copy-move forgery detection via hierarchical feature
point matching[J]. IEEE transactions on information
forensics and security, 2019, 14(5): 1307-1322.

THLI, B, 2B R, 5. FE TR IILE 0 B
FARGHNTT i 0], B RE R GL#11, 2020, 15(5): 956-963.

WANG Kaicheng, LU Huaxiang, GONG Guoliang, et al.
Salient object detection method based on the attention
mechanism[J]. CAAI transactions on intelligent systems,
2020, 15(5): 956—963.

2oV, AN, R, SF. A5G AR TR TP A S
B ML T]. B RE R G2, 2023, 18(2): 282-292.

LI Tao, GAO Zhigang, GUAN Shengyuan, et al. Global
attention mechanism with real-time semantic segmenta-
tion network[J]. CAAI transactions on intelligent systems,
2023, 18(2): 282—292.

CHOLLET F. Xception: deep learning with depthwise
separable convolutions[C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu:
IEEE, 2017: 1800—1807.

WANG Qilong, WU Banggu, ZHU Pengfei, et al. ECA-
net: efficient channel attention for deep convolutional
neural networks[C]//2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Seattle: IEEE,
2020: 11531-11539.

CHRISTLEIN V, RIESS C, JORDAN J, et al. An evalu-
ation of popular copy-move forgery detection approaches
[J]. IEEE transactions on information forensics and secur-
ity, 2012, 7(6): 1841—1854.

LUO Weiqi, HUANG Jiwu, QIU Guoping. Robust detec-
tion of region-duplication forgery in digital image[C]//
18th International Conference on Pattern Recognition.
Hong Kong: IEEE, 2006: 746—749.

RYU S J, LEE M J, LEE H K. Detection of copy-rotate-
move forgery using zernike moments[M]//Lecture Notes


https://doi.org/10.1109/JSTSP.2020.3002101
https://doi.org/10.1109/JSTSP.2020.3002101
https://doi.org/10.1109/JSTSP.2020.3002101
https://doi.org/10.1109/TIFS.2019.2916364
https://doi.org/10.1109/TIFS.2019.2916364
https://doi.org/10.1109/TIP.2021.3132828
https://doi.org/10.1109/TIP.2021.3132828
https://doi.org/10.1109/TIP.2021.3132828
https://doi.org/10.1109/TCSVT.2021.3123829
https://doi.org/10.1109/TCSVT.2021.3123829
https://doi.org/10.1109/TIFS.2017.2752728
https://doi.org/10.1109/TIFS.2017.2752728
https://doi.org/10.1109/LSP.2023.3279018
https://doi.org/10.1109/TIFS.2019.2902826
https://doi.org/10.1109/ACCESS.2019.2963745
https://doi.org/10.1109/TIP.2018.2865674
https://doi.org/10.1109/TIP.2018.2865674
https://doi.org/10.1109/TIP.2018.2865674
https://doi.org/10.1109/TIFS.2018.2876837
https://doi.org/10.1109/TIFS.2018.2876837
https://doi.org/10.1109/TIFS.2012.2218597
https://doi.org/10.1109/TIFS.2012.2218597
https://doi.org/10.1109/TIFS.2012.2218597

56 XSG 7F, 42 ROBE T ARAT 29 GG PR A I 5 7 o S ff Al - 1491 -

Znn, HA%, WA, REMRIT N
JHEHLEIE S TR R2E T
e FREFEEL, ERFARIE
90 4245, E-mail; caig@btbu.edu.cn,

in Computer Science. Berlin: Springer Berlin Heidelberg,
2010: 51-65.

[27] COZZOLINO D, POGGI G, VERDOLIVA L. Efficient
dense-field copy-move forgery detection[J]. IEEE trans-
actions on information forensics and security, 2015,
10(11): 2284-2297.

EE R

XITEAF, BYERBESE 6, Wk, Ea
F 5 AU 26 A 5 4 L PR IR | AR CRaR b, TR
AT MRS E-mail: 1i- ‘ WF5E 5 1 8 R 5 AL B KRR 4
uyagqi@besti.edu.cn, Br 5240 AL A2 W 25 48 R/ R N TR

BE. E-mail: leiky shi@cuc.edu.cn,

1 d, BIBESE 0L, W, RN

2024 55 JmAEL N TR 8 s G pk A 2% S gL 2% 4 [
N CERER I 5 Bl 25

2024 2" China's Innovation Challenge on Artificial Intelligence Application Scene
Finals(CICAS2024)&National Artificial Intelligence Application

Scenario Innovation Summit

SRR B 56 e | 55 B O OB T2 REr= b B A& J 1A w5 8, VRS2 45 B Cir— RN T2 R
RIERK] ), BHECHR . TAF M/ ZIA BN AR (Tt s 808 DA T2 Be 7K 7 R AR iF 28 5 5
i R R BRI ), N TR REAZ O BRI, 3 7 P N T8 e R N F A =k Ak () &, #fEsh AT
BRE S A ARG AR &R, Bl 7 B S I HLA BRI ) ) 7L B AR L, 2K TR
HEW, MEAN TS BHEGH— AN TR RE A A5 ot T 2025 4F 1 H 17—19 HAERIIZ
IS we Ik g - BOR D 2024 55 —m A EN TR RE N FH & s Q0B Pk AR SR S e S8 B 2 | T8 se N H %
SRR 2 K RIETE S A G HEE M T - o
A 18] i g5,

KFEMFE]: 2025 4E 1 A 17—19 H(EMA—EBH)

KFEH 5 RN E L HLIA DL )E

KIEE M www.cicas.cn
FEWYIE

(— )28 Jm A E N TR 680 7 5005 5 B £s 4 PF I B 24 B 2>

() A2E AN TR RN HT S AA RIS A T T2

(=) 2 E N TR e H 5 5 A0 Pk 6L % S P8 B8 05 25 1 45 5K

(1) 4 BN T RN H 5808 100 B SR8 2 E A T8 G0N H % 5 81# TOP10 AL B . &
N T Be s LA ) s Y A8, Y il D 28 46 R A

(H) 2 E A TR BeN 5 A0 Pk 3% £ W2E 5 sl UK

(B R AN B A s 2

() 2B AN TGN HZ AR E S it TR (R E LTRSS HISE & ieME L g
I, R L HISE B aehlE TS ts | B Be ik & Bt ts | 5 Be2C & B tx | B A 4E AR I L e
In4E)

() AT BRI H 3 50 BT Pk ARG FE S D P 2t =X R it 2 AL
BKEAR:

S [E N TR RE N F 5 5 8 Pk i PR 4 2 S f 5 4b

BRRN: T2 A 15726613955 (U5 A5 ), S22 L. 18118467955 (HlfF A5 )

ME#E . zwh@cicas.cn



https://doi.org/10.1109/TIFS.2015.2455334
https://doi.org/10.1109/TIFS.2015.2455334
https://doi.org/10.1109/TIFS.2015.2455334
mailto:liuyaqi@besti.edu.cn
mailto:liuyaqi@besti.edu.cn
mailto:caiq@btbu.edu.cn
mailto:leiky_shi@cuc.edu.cn
www.cicas.cn

