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Bridge-type attention forensics network for image inpainting

ZHANG Lan, ZHU Xinshan, WANG Zeping, XUE Juntao

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract; To enhance the reliability of multimedia information and mitigate the negative impact of image forgery
events on society, there is an urgent need to develop image inpainting forensics to detect and locate tampered
regions of images. This paper proposes a bridge-type attention forensics network ( BAFNet) for image inpainting.
The network receives tampered images directly and outputs the tampered regions end-to-end. The network adopts an
encoder-decoder architecture as the basic framework. Firstly, the encoder selects two backbones, Swin Transformer
and RepVGG, to extract multi-domain inpainting features. Then, a bridge-type attention module is used to connect
the same-level stages of the two backbones, enhancing the encoder’ s modeling capability in both local and global
dimensions. Finally, a semantic alignment fusion module is built between the encoder and the decoder to eliminate
semantic inconsistencies between the features extracted by the two backbones, thereby improving the forensic
performance of the network. Experimental results on different inpainting forensic datasets demonstrate that the
proposed model, compared with other mainstream forensic models, can more accurately locate the inpainting areas.
In particular, on the challenging DeepFillV2 dataset and Diffusion dataset, the proposed BAFNet achieves IoU
scores of 91.37% and 82.34% , respectively, which improves the loU metrics by 8.77% and 10.46% compared
to the mainstream forensic network MVSS-Net. In addition, combining the results of several experiments, BAFNet
achieves a good balance between forensic performance and model complexity.

Keywords: image inpainting forensics; deep forensic network; manipulation traces; multi-domain inpainting

features; bridge-type attention; semantic alignment fusion
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Fig.6  Visualization of forensics results W2,
R2 AEHFEERTEAIEY DeepFillv2 $3E4& L ToU #1 F1 LLER
Tab.2  Comparison of lIoU and F1 of different methods for the post-processed DeepFillV2 datasets %
FCNet!'?] IIDNet 1] PSCC-Net ! MVSS-Net 2! BAFNet
VSR USRS
ToU F1 IoU F1 loU F1 loU F1 loU F1
JPEG 90 45.25 53.02 44.80 52.26 76.21 84.59 76.36 84.40 88.25 92.94
JPEG 70 42.17 49.69 29.39 36.32 51.02 59.28 50.45 59.00 64.53 71.28
Jnig 50 dB 49.10 56.65 52.90 60.32 75.85 84.30 81.18 88.46 91.02 95.08

finik 40 dB 46.82 54.53 45.56 52.83

39.06 49.99 81.38 87.90 87.86 92.85

LA, BE 40 2R BORE M L A, T
B B BGIE PR RE AR A T T R, T AR S AT SR S B
WEPEREE AP A 78 . TERA PR DeepFillV2 %5
PEAE L, Qp =90 B, AR SCI 45 SEHE T 88.25% 1Y
IoU, 4 Q, =70 W}, R SCMIZESLBL T 64.53% 1P ToU,
M Ry =50 dB B, 11 ToU 24 91.02% , 24 Ry =
40 dB I}, MIZ I ToU H 87.86% , AH HCHAth it R 265
AR SO AIVERE T R /D T e A B EUR AR
FL 2 T A R 2% T S A A RS A
AE , IEAH T A SO B R SR 1P e b B RE
2.6 MEEXRANEES T ENEUEERE

TESEPRAE O Sek R B 5 D7 A AR R
Y, 3R LR A B2 BOIF A B BEE FH TR A 1B 2
J5 1, RS SCPPAk 7 190 248 T8 % A 48 52 07 12 R B
UEPERE, 25 R W 3, HASk UL, i p— R E %
16 52 B AR ISR R | Il FH HC A 508 52 508 4
DAY | R4 v A8 B 0 AR 25
ANFTFEIRY , AE AR B R, XA T A S
Diffusion X8 ££ , 1 iErl: [ A Diffusion {485 & &
DX A T FRAR /D 3 g G A 85 4l 4 7 AR T S 2
5o MWSEBRZESRTT LU A SRR [ % AR A 4E
S5 B AT AR 2 B P R BOIE e RE . b 7E
Deeplill V2 £ 4E 1 I 5 (A5 76 7 255 548 A EAf vh

T B AR e, 1 78 At B A b I R A
RIZE DeepFillV2 BHE4E L IIEAGRORE 2, St i
Wi, 3 & H T DeepFill V2 £ 45 %5 T4& & BUIE A 55
Pk
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) 12 SFAIE
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Tab.3 loU for BAFNet against unknown inapinting methods

10U/ %
MIIEE RS

DeepFillV2 1ICT Lama Exemplar Mean

DeepFill V2 91.37 75.81 86.93 88.51 85.66
ICT 42.88 92.26 83.25 68.07 71.61
Lama 57.65 73.25 89.01 64.15 71.01

Exemplar 80. 06 74.25 85.21 92.84 83.09

2.7 HEARER

ARSI T 5 AR HEAT I Rl 5L 50, KX i 4
AR RS vh 2T A ROCPE EAT S0 AIE < 1) S i 6
RepVGG HYFLYRE M 46 (BERL 1) ;2) 2% 2% 24 Swin
transformer B PRI 4% (LU TT ) ;3) St 2%~ Swin
transformer Fl RepVGG 4 XU W 4%, {H 3% A =0
IR REER G 53 Ry T AR 0 T P (AU
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AR T T OB N 45 B IR RE .
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Tab.4  Ablation results on DeepFillV2 datasets

R RepVGG Bifi  Swin transformer B3 HFatid: & ks 5 S 55 A B ToU/ % F1/%
R 1 % 86.25 92.24
R 1T Vv 86.65 92.50
R I v v 88.27 93.12
HERIIV v 2 v 90. 16 94.54
BRIV vV 2 v 2 91.37 95.22

TV FORAE AT IR (AR 6 B % W 45 M B e,

2.8 REERESH

ARSCAE T B S H i M A (floating point
operations , FLOPs ) P /1> $8 B , X 4% SCHR HY 10 455 70
XFH T SR AT T A A BEVEAN S A RMR I RO # i
B 256 x256 x 3,45 KWK 5, NFEKS5 Al LIFE
i, BAFNet B3T3 8 18. 44 GFLOPs, 2% N
63.01 M, S8 & T B30 W 4%, (HE 20 F [) S 3L
V£ (1) MVSS-Net, T8 /b, X R WA S 4%
ESE AT R EIE RSO0 T A8 T &I
[ ER R SR A A 61
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Tab.5 Comparison of model complexity

R FLOPs/G SR /M
FCNet' 2] 39.17 124.05
IID-Net ¢ 33.25 5.78
PSCC-Net[ 2! 28.95 4.40
MVSS-Net 22! 40.90 142.79
BAFNet 18.44 63.01
3 & #

1) B XL T 190 288 1 g A 0 2% ) 25 ) 2%
] LA f DA RS S50 F1 RGB R U SRR AE , 45
TWAGERYRFE . 7ERCA 321 0 45 v e 45 e A =
IR AR T RO 3 9 46 5 RS AR 22 1) B9 1
SHAN,

2)) T2 At A R A 45 o () 425 e 1 SOX 57 Rl &
B, X RORRF AEREA T RFAE RS SE Bl A R0k % 14
Ik B P AR T SCIR L

3)1E 5 R BB & 05 ik A B Bt B8 L BEAT
AOSEER IR T B RO BRI T X TR A B
U IBGIEROCR DL S B P, 78 BROCUE 1R RE AR 2 52 2%
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