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Dual-stream enhancement encoder and attention optimization

decoder for image manipulation localization
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(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract: Mainstream image manipulation localization methods usually fuse inconsistent features of different
streams through simple operations, resulting in feature redundancy and pixel misdetection of tampered regions.
Therefore, we propose a novel network of dual-stream enhancement encoder and attention optimization
decoder for image manipulation localization. Firstly, the dual-stream enhancement encoder module can
self-reinforce and interact with the extracted dual-stream multi-scale features, and can make full use of a
variety of tampered information, so that a variety of tampered information can be complemented by interaction,

and more attention is paid to the tampering features. Then, a multi-scale receptive field strategy is introduced
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to explore multi-scale context information, and an adjacent-level feature aggregation module is designed to
fuse multi-scale adjacent features. Finally, the capability of manipulation localization is enhanced with the
cooperation of tamper region and genuine region, the attention optimization decoder module is designed to
eliminate the wrong prediction of edge pixels in the initial tamper region prediction, and the manipulation
localization is refined step by step. Extensive experiments are constructed on four mainstream public
datasets, NIST16, Coverage, Columbia and CASIA, and two realistic challenge datasets, IMD20 and
Wild, to compare with mainstream manipulation localization methods. Our proposed method has superior
performance under six datasets in the settings of none fine-tuning and fine-tuning model, which demonstrates
that our proposed method can make full use of various forgery clues to achieve greater localization accuracy
and stronger robustness.

Key words: image manipulation localization; dual-stream enhancement encoder; attention optimization

decoder; adjacent feature aggregation module
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Fig.1 Network of dual-stream enhancement encoder and attention optimization decoder for image manipulation
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Tab.2 Quantitative results of ablation experiments on DEFACTO dataset
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AR 22 B R RZ Y M RA dEtii
Baseline 0.961 0.875 0.778
Baseline+DEM (w/o ME) NG 0.969 0.894 0.808
Baseline+DEM N NG 0.978 0.911 0.837
Baseline+ DEM+RF NG NG NG 0.982 0.921 0.853
Baseline+ DEM+RF+PFAM NG NG NG NG 0.988 0.936 0.880
Baseline+DEM+RF+PFAM+AOD(w/o FMP)  ~/ NG N/ NG N 0.989 0.941 0.892
Baseline+ DEM~+RF+PFAM+AOD NG NG NG NG NG 0.993 0.949 0.907
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Fig.4 Qualitative visualization results of ablation experiments on NIST dataset
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5.7, 85 R R Wi/ N N PERE SR AT . FRATT3E— 2
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Tab.3 Quantitative results of denoising methods on

DEFACTO dataset
LWy ik AUC

PE R I (ks=3) 0.993
BIH I8 I (ks=3) 0.983

A SR T (A I8 (ks=3) 0.979
B g Dl (ks=3) 0.982
E I8 (ks=5) 0.985
B BB (ks=7) 0.988
ZA P EIE D (ks=3,5) 0.987
AP EUED (ks=3,5,7) 0.986
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4.3 XfEEEI
4.3.1 FRINAHEREE LB

XTI 2R A B PE AL, FRAT R AR B
ManTra-Net'” SPAN" PSCC-Net”™  TBNe™ |
SSDA-Ne'™  ForensicsOSN"™ \MVSS-Net+ + "

1 ObjectFormer " ¥E 47 % , H: v ManTra-Net
PSCC-Ne £l MV SS-Net+ -+ [19 5% & 4% 5 2 F F
W SCIFURAR A 7 A S 25 %04 46 1 25 s TBNet A1
ObjectFormer 3& A JF IR ACRS , 52 56 45 R T 1E &
INTERFRIIESC, IR AR

x4 WNSGEBHESLLE

Tab.4 Quantitative comparison of pre-trained models

. Columbia IMD20 Wild
ik AUC F1 AUC F1 AUC F1
ManTra-Net'"” 0.824 0.704 0.758 0.675 0. 654 0.435
SPAN"" 0.936 0.815 — — — —
PSCC-Net'® 0.982 0.849 0.812 0.746 0.745 0.529
TBNet'* — — — 0.751 — 0.567
SSDA-Net* — — — — — 0.418
ForensicsOSN!* 0.862 0.707 — — — —
MVSS-Net+ 0. 804 0.744 0. 806 0.758 0.762 0.557
ObjectFormer™"”’ 0.955 — 0.821 — — —
AR 0.988 0. 893 0.853 0.810 0.812 0.588
T IO A e L
A 3L ¥EAE Columbia, IMD20 F1 Wild % 4 CRES E
R EIENLTERE B A . AN SO E R AUC PEREER 4.3.2 WIAKAETFEH

WA 9 ObjectFormer 7£ Columbia ¥4 4 | 4%
T 3.5%. fEIMD20 F1 Wild %4 % b, A U8k
) AUC % MVSS-Net++ 43 5l 42 75 5. 8% F
6. 620 , & WA SC 5 v B A #5001 4l A5 B A0 AR
I RE T, AT LAAR G b 4F ) 21 45 A e BT o 110 B B e

T AT I 2 5% s A o 1 Kt 4 Btk —
Ao B SR ZRB AY , SK 5 3 5 6 I R B e 1 28 X
6 E7E B W0 R A AR B e 5 e AR 1 TR AR A
TEMHBEE T AR R R AUC FIF1 0500 2 & L
AR 5 PR o AR SCHE L TE Coverage $ 4l £ I

£5 HAKARNEEWILXR

Tab.5 Quantitative comparison of fine-tuning models

o Bt o NIST16 Coverage CASIA

AUC Fl AUC F1 AUC F1
ELA™ TG B 0.429 0.236 0.583 0.222 0.613 0.214
NOI1# TG W 0.487 0.285 0.587 0. 269 0.612 0.263
CFA1Y TG B 0.501 0.174 0.485 0.190 0.522 0.207

J-LSTM™ T 0. 764 — 0.614 — — —
RGB-NY A 0.937 0.722 0.817 0.437 0.795 0.408

H-LSTM'™ A 0.794 — 0.712 — — —
GSR-Net™" (e 0. 945 0.736 0.768 0. 489 0.796 0.574
SPAN' e 0.961 0.582 0.937 0.558 0.838 0.382
PSCC-Net* T 0.996 0.819 0.941 0.723 0.875 0.554
MVSS-Net+ " T 0.979 0.872 0.903 0.752 0.836 0.551
ObjectFormer ™ T 0.996 0.824 0.957 0.758 0.882 0.579
ARSI A 0.997 0.912 0.974 0.788 0.898 0.624

T < LR D d
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B ksl PR AT AR A SRR I AR SO AT DA 4
g A4 B SRR S, I 7 A A RS AN 1) E 6 A R
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Fig. 5 Qualitative comparison results on four public benchmark datasets and two real-world challenge datasets
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Fig. 6 Robustness experiment on the NIST 16 dataset
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