F14% FIW g B it E M 5 K B
Vol.14 No.9

2024 £9 A

Intelligent Computer and Applications Sep. 2024

BEI, KE4S. ETZEREEIAL A R B BBGER 4 [ T]. B REHHEHL5 W, 2024,14(9) :99-103. DOI: 10.
20169/j. issn. 2095-2163. 240915

BT % B IR E AL BY B 6 45 132 B B BUGIE W 4%

REE, kEE
(EBEIEFEARKE BEFEHRIEXEK, £iF 201620)

O BEERTFE & BRGNS H 3558, A S AN IEMEW R T B RAPREL . £F % B A F 5 B 1 50 el B
TE X 4% HR A7 19 20 5 DX 3R A7 A AR P T T, S SCHRE HH — 3 F 22 B VR ERAE A AL A RS DR B O BRGIE R 25, R FH RUIAE 4 — i
A 25H , (1 SoftPool Jth ik 75 98 /0 4 B 45 B B i 4% 5 B BEARAE 1) B 2% s R W IR R B WRRESEA TRl A IS A SE &
FIWLI AT B AR , {070 45 25 2 RE S SR IO O 1 B BCRr AR A5 2., B v it e o7 BRI 0, S &t SR AR I AR S iR
HH 08 G O 285 A ARG P4 B T 24 i = A 9 IR P B el IR D 465, 68 B oA b 2 o7 4 (R 45 ) Bl IR 4,

KR PHEEHGE ; B KIRE 7 - ey ; FeAEfitl; dR ML

FESES . TN929.5 XEkFRERD . A XEHES . 2095-2163(2024)09-0099-05

Image splicing forensics network based on multi-level feature optimization
YUAN Guolong, ZHANG Yujin

( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: With the popularization of digital technology, the phenomenon of digital image tampering is becoming more and more
common, which brings great challenges to social justice and integrity. Aiming at the problem of low positioning accuracy of
tampered areas in the current image splicing forgery forensics network, an image splicing forgery forensics network based on multi—
level feature optimization is proposed. The network adopts a dual-stream encoder—decoder structure, and uses the SoftPool pooling
method to reduce the loss of important features such as the edges of the encoder stage. At the same time, the deep and shallow
features are fused, and the SE ( Squeeze—and—-Excitation) attention mechanism is introduced to screen important features, so that
each layer of the network can extract better tampering feature information and more accurately locate image tampering areas.
Experimental results show that the proposed forensic network is superior to the current mainstream image splicing forgery forensics
networks in terms of detection performance, and can more accurately locate the tampered area of the splicing image.
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Fig. 1 Network framework
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