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Abstract Deep video inpainting is to fill missing areas or remove the specific target objects in the video by using deep
learning technology. It is also exploited to synthesize tampered videos. The tampered videos are arduous to be identified
with the naked eye. Especially, it is easy to cause negative public perspectives when some maliciously inpainted videos are
spread on social media. At present, although it has received some attentions, its passive detection was far from enough in
the depth and breadth of research for deep video inpainting. Therefore, this paper proposes a passive forensics technique
based on cascaded ConvGRU and eight-direction local attention to achieve the localization of inpainted regions in deep
tampered videos. The proposed method aims to localize the tampered regions in deep inpainted videos from the spatio-
temporal domain. Firstly, RGB frames and error-level analysis frames, ELA, are fed into the encoder in parallel to extract
more features of the inpainted area, and then multi-modal features are generated at different scales through channel fea-
ture-level fusion. Secondly, in the decoder, encoder-generated multimodal features cascaded ConvGRUs are utilized to
capture the temporal continuity between video frames. Finally, in the last level RGB feature of the encoder, an
eight-direction local attention module is introduced, which pays attention to the neighborhood information of pixels
through eight directions and captures the anomaly between pixels in the inpainted area. In the experiment, four latest deep
video inpainting methods, VI, OP, DSTT, and FGVC, were used to compare their performance with existing deep video
inpainting tamper detection methods, HPF and VIDNet. The performance was superior to HPF and comparable to VIDNet
was achieved when the encoder parameters were only one-fifth of VIDNet. The results show that the proposed method
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focuses on the correlation between pixels by generating multi-modal features and introduces an eight-direction local atten-
tion module. Concurrently, the ConvGRU takes advantage of capturing temporal anomalies, by achieving tampered posi-

tioning, and obtaining accurate localization effect.

Key words deep video inpainting; video forgery detection; cascaded ConvGRU; local attention module; spatio-temporal

prediction
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Figure 1 Detection legend of deep inpainting tam-
pered video
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Figure 2 The network framework of pixel-level tampering localization for deep video inpainting
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Table 1 The parameters of the proposed network

R 25 MRS BEH B @R
Convl 77 64 1 mxn
Layerl 3x3 256 2 m/2xn/2
Layer2 3x3 512 2 ml4xn/4
i Layer3 3x3 1024 2 m/8xn/8
Layer4 3x3 2048 2 m/16xn/16
Conv2 3%3 256 1 m/8%n/8
Conv3 3x3 256 1 m/4xn/4
Conv4 3x3 256 1 m/2xn/2
J\TT 1) Conv5 3x3 256 1 m/16xn/16
Celll 3x3 256 1 m/16xn/16
UP — — — m/8%n/8
Cell2 3x3 256 1 m/8%n/8
UP — — — ml4xn/4
i s Cell3 3x3 256 1 ml4xn/4
uUp — — — m/2xn/2
Cell4 3x3 256 1 m/2xn/2
UpP — — — mxn
Conv6 3x3 64 1 mxn
Conv7 3x3 1 1 mxn

h T SR () BN AR SC TR B IR R, A ) 4
WEEF, KI5 VIDNet (2450, IafT#E BT T
XELG, W13k 2 Bion. B 2 wTAn, ARSCHTiR L, 18
AT, S8 ET /D, TiREl.
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Table 2 The comparison table of network model
Jiik e LSS E BT R
VIDNet 285342736 52619951 9/s
AL 49126416 31418931 4.5/s

4.1 FHIEEFMILIEMET

ZIREL T Pytorch AEZESCIN, 7F NVIDIA Ge-
Force RTX 2080Ti _Lillgx5Mik. fEsL56H, A
Davis 2016 {E &5 HHn4E, B8 50 MM, Hrh,
30 M TN, 20 AT M2 A RS A
240x 427, FEOICKIESEI 3 WHE AWML o AR
Adam PRALEE, Guitas it ) R TN 1x107°, fiht
BRI E N 1107, BERERIE E R 1107
DI ZR B A8 T 0 T 00 A AR K R A R 8 S 4,
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Table 3 IoU values of the intra-class test
Methods VI* OP* DSTT* FGVC*
HPF 0.46 0.49 0.38 0.27
VIDNet 0.60 0.61 0.49 0.40
A3 0.56 0.57 0.46 0.37

Bl 6 LML ERIRIR

Figure 6 The localization results of the comparative experiment in the intra-class test



FEXE 5 WPEEALIE B ELU s HUERT T 133

5w 44 Il il i AR 4 i

ey | 1
."" =

7 AXRUAEE VIIEEWIN EEMYR
Figure 7 The localization results of the proposed method for VI method
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Figure 8 The localization results of the proposed method for OP method
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Figure 9 The localization results of the proposed method for DSTT method

B
i

R
IAE

10 AR FEE FGVC B SN LB ERIIR
Figure 10 The localization results of the proposed method for FGVC method
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Table 4 Inter-class test IoU values

Methods oP DSTT FGVC
HPF 0.21 0.26 0.16

VIDNet 0.27 0.25 0.15
AL 0.26 0.24 0.14

11 ZE[E)% EESRaE B E IR R E
Figure 11 The localization results of the comparative experiment in the inter-class test
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Figure 12 Inter-class positioning effect diagram of different detection methods
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Table 5 Results of ablation experiments

A4k IoU A4k ToU

2 0.56 BN 0.56

4 0.57 RGB 4 SRM 0.56

{Z RGB i 0.54 Y75 1) 0.57
{2 ELA i 0.48 g5 )\ J7 Tl 0.56
VGG 0.59 RCA 0.53

2% [ 1] 43 B 0.56 CBAM 0.54
A 0.56 ECA 0.53

5 )2 Cell 0.54 f4-+)\J5 1] 0.55
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Table 6 Experimental results for HEVC and H.264

compression
(LWIRrS HPF VIDNet A3
1M/s 0.43 0.49 0.47
HEVC 2M/s 0.44 0.54 0.52
- 3M/s 0.45 0.56 0.53
IM/s 0.41 0.51 0.49
H.264 2M/s 0.43 0.57 0.55
3M/s 0.44 0.58 0.56
1M/s 0.37 0.43 0.40
HEVC 2M/s 0.42 0.48 0.46
op* 3M/s 0.45 0.52 0.51
1M/s 0.32 0.38 0.35
H.264 2M/s 0.39 0.44 0.42
3M/s 0.42 0.48 0.46
1M/s 0.32 0.43 0.40
HEVC 2M/s 0.35 0.46 0.42
DSTT* 3M/s 0.36 0.48 0.43
1M/s 0.31 0.41 0.38
H.264 2M/s 0.33 0.44 0.41
3M/s 0.35 0.47 0.44
IM/s 0.22 0.35 0.33
HEVC 2M/s 0.24 0.37 0.34
[ 3M/s 0.25 0.38 0.35
1M/s 0.21 0.31 0.29
H.264 2M/s 0.23 0.35 0.30
3M/s 0.24 0.39 0.35
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Table 7 Noise test results

Tiik HPF VIDNet A
30db 0.40 0.49 0.47

VI* 40db 0.39 0.48 0.45
50db 0.37 0.46 0.45

30db 0.24 0.30 0.28

op* 40db 0.23 0.31 0.30
50db 0.22 0.29 0.27

30db 0.29 0.39 0.36

DSTT* 40db 0.28 0.38 0.37
50db 0.26 0.36 0.35

30db 0.20 0.29 0.27

FGVC* 40db 0.18 0.27 0.25
50db 0.17 0.28 0.26
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