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Abstract: Objective The research of deepfake detection methods has become one of the hot topics recently to counter deep-
fake videos. lIts purpose is to identify fake videos synthesized by deep forgery technology on social networks, such as
WeChat, Instagram and TikTok. Forged features are extracted on the basis of a convolutional neural network (CNN) and the
final classification score is determined in terms of the features-forged classifier. When facing the deep forged video with low

quality or high compression, these methods improve the detection performance by extracting deeper spatial domain informa-
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tion. However, the forged features left in the spatial domain decrease with the compression, and the local features tend to
be similar, which degrades the performances severely. This also urges us to retain the frequency domain information of
forged image artifacts as one of the clues of forensics, which contains less interference caused by JPEG compression. The
CNN-based spatial domain feature extraction method can be conducted to capture facial artifacts via stacking convolution.
But, its receptive field is limited, so it is better at modelling local information but ignores the relationship between global
pixels. Transformer has its potentials at long-term dependency modelling in relevant to natural language processing and com-
puter vision tasks, therefore it is usually employed to model the relationship between pixels of images and make up for the
CNN-based deficiency in global information acquisition. However, the transformer can only process sequence information,
making it still need the cooperation of convolutional neural network in computer vision tasks. Method First, we develop a
novel joint detection model, which can leverage the advantages of CNN and transformer, and enriches the feature represen-
tation via frequency domain-related information. The EfficientNet-b0 is as the feature extractor. To optimize more forensics
features, in the spatial feature extraction stage, the attention module is embedded in the shallow layer and the deep features
are multiplied with the activation map obtained by the attention module. In the frequency domain feature extraction stage, to
better learn the frequency domain features, we utilize the discrete cosine transform as the frequency domain transform means
and an adaptive part is added to the frequency band decomposition. In the training process, to accelerate the memory-effi-
cient training, we adopt the method of mixed precision training. Then, to construct the joint model, we link the feature
extraction branches to a modified Transformer structure. The Transformer is used to model inter-region feature correlation
using global self-attention feature encoding through an encoder structure. To further realize the information interaction
between the dual-domain features, the cross attention is calculated between branches on the basis of the cross-attention
structure. Furthermore, we design and implement a random data augmentation strategy, which is coordinated with the atten-
tion mechanism to improve the detection accuracy of the model in the scenarios of cross compression rate and cross dataset.
Result Our joint model is compared to 9 state-of-the-art deepfake detection methods on two datasets called FaceForensics ++
(FF ++ ) and Celeb-DF. In the experiments of cross compression-rate detection on the FF ++ dataset, our detection accu-
racy can be reached to 90.35% , 71. 79% and 80.71% for Deepfakes, Face2Face and Neural Textures (NT) manipulated
images, respectively. In the cross-dataset experiments, i. e. , training on FaceForensics ++ and testing on Celeb-DF, our
training time is reduced. Conclusion The experiments demonstrate that our joint model proposed can improve datasets-
crossed and compression-rate acrossed detection accuracy. Our joint model takes advantage of the EfficientNet and the
Transformer, and combines the characteristics of different domain features, attention, and data augmentation mechanism,
making the model more accurate and efficient.

Key words: deepfake detection; convolutional neural network ( CNN) ; Vision Transformer ( ViT) ; spatial domain; fre-

quency domain
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Joint model detection framework
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2.3.1 ZRPHETERE

ZRNHEFER T E 6 Frs, BARRESy
7 x7 85 x5, [FJ XA RS T A7 AR 2 A ik
A EMHRSE REST S5, R 1 x 1 BB
Ji 4 Transformer ZifH 45 2544 W 9 2 iE 2, 700l 15
FAEMHRA ¢ FHRA kK SEIRA v TEABIRHEA
5 L AHTEE T /a0, Sy A, E et A i)
WA g RUERHA k RS a0, I
qi'kf'T),l <ij<N (3)
JrxrxC
Kb, r RIRFFIESFH h patch K/, € hyidi1E
B, N g — 1780k — 50 & YRR i B
XPRFIE SR AT AR A, A5 21 A 3 Hoek 7 (14 i
o TEZA ST A R HCR F AR 1R A9 115345 21
2 B ey 1 HORT A S el IR ROE A
055 57 S S Il N T VTR T/NG= SRV AR B3 =S
£/ B AN G T I o 3
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Fig.6  Multi-head feature attention

H AL th — D RS 2 48 2, 7RSS
AT LB 2 5 ks 5 A ST — IR 22 4 B
e AT IH—1k
2.3.2 Sr3CASURHMEEE

P33 RRAE L ol il ik T A G ) s 2 A J
W 23 S SO B BT SRR T PN
SRR B A2 SO R T TR T A MR ok H
PAASAS RV R A T PR 1 2 T 4 45 4 60 44 B 1
CLS( classification ) &~ J8 , 73 6L & T WA 40 2%
FIWEZEAG B, FIHS X Transformer 2 i 2% 25 14
B A CLS A0, 5 55— 03 SRR B4 R it A7
ZH.,

AR SCH it 528 EB N MBS RER
4 0 UHE B A5 4, A2 ST E b Y
CLS A 1K 278 N — K1Y Transformer (1) 4 it #5 45
FH R S A 32 A SRR B A R sg |, RS2 AR T 4
MR IE S B B EAE B AL 8, 1 5R 1 20 3P iy
FRIEERIR

43 AR SURHIEIE R & 7 s, XA )k
I3 3 s, WHRAR IS 3 3 f rh R RRAIE B4 L A FH 2k
PEBCENG B AEBE RS 55 5 B A 70 3R CLS 2 pil s
HiEH, RS HEE AR D7 5358
Y7 11 ( Chen %2021 ; Coccomini %5 ,2022) , &7
xS ) SO CLS AR, x i x ) Fll
X PR, F R A S, T RS
T patch 2 1945 B, B A A B & 1A ¢
H, FETTHRET, X)), @ BOE X R RS ),
HARIRYRST, yo, TR 5 X, AHETAY RGT

RN EE S E B Bt 5 Transformer 1) 4 55 #%
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Fig.7 Cross-feature attention of branches

HAT BT AN [ B8 2 AN P SR T 1) A5 1 R4, 5 Trans-
former (4 &A% 7 FH IS RLA R R AR R T 2 3k it
T 8 2 DX SBRRFAE 22 [7) K UUBCRF IR 22 T £18 5C 28 e
FNZAANIR] 525 8], 3G 58 R0 T X sy ik AT
SRR 22 TB] AR S R 0K

HEB S5 2 ) 1> 73 SCHRRE i i e 2419 CLS
AR, oo i 22 2 O AR BISER PSSR S
PR NINIEES 2 31 P e P i

3 KBERSH

SIS TE PEAL AR Y B PR BE , #E FaceForensics ++
(Rossler 5%,2019) 1) 4 A~ %0 4% 4 J2 Celeb-DF ( Li,
2020 ) Kot dk LTS
3.1 SHRERIEIE

X B A% ) A B, i FH Blaze 155 %Y ( Baza-
revsky 45,2019 ) 42 B A BG b il AR X8, I 6
NI EUGR SIS R 512 x 512 4%, W4
E T 48 R I 7E ImageNet FUH8 4R - 28 5 0911 25
i) EfficientNet-BO #5581 | 2% >J i ¥ 4 0. 000 01 ,%%
) ARERL D 1, IR BEE DY 32,40 4 epoch 5
PRSI SR, SERG T E S AR AR 1 s
3.2 HIR&ENA

FaceForensics ++ ( Rossler 5% ,2019) UG£ &
4 ORI Dk U5 v BV Deep-
fake, Face2Face. NeuralTextures #l

Ji A AR F HL 264 % 05 AT 1 A [A) R

FaceSwap,,

®1 ZREERRE

Table 1 Experimental configuration and environment

el P
H i 5 A4 F 2 HL
R Nvidia GeForce RTX 2080Ti
CPU Intel Core i9-9900K
AR/ 32 GB
BERS Ubuntu 18. 04 LTS
RIS S HESR Pytorch
CUDA JAs CUDA 10. 1
cuDNN fiA Cudnn 7. 6. 03
PEE S Python 3. 6.9

AR , PRI AR A TR 40 3 032 3 S RRAS, 23 1o st
JAS (C23 AN FI C40 WA, FaceForensics ++ (5 5
TEIIOR F Youtube , B FRAERRAS (L 75 1 000 1L
S, 4 000 A EhTE LA, B4R PR 3 7 2B bt
A 53 LS 1000 A ELSEHATS 1000 A Phid LA
ARSCE HAb DT R 1 T — Borg Bodls 8 4 o, 4 IR
720 : 140 : 140 B9 LK RS 0o T NGR4T
UEAE K4, 78 4 FhOhss 75 vk 2 BT 4 IAS 1Y
FaceForensics ++ 4 #5 48 L AT 1 50590, FF0FAl 142
RIYE FaceForensics ++ ZUH 4L I 15 R 40 % L RN,
5t NWMERE, X FaceForensics ++ BG4 , A< SCX)
AL 270 W15, 5 H AR DR A — B
TE i B rp i i 8 2 R A 0 07 5K S Al LS REAS
SO EREA R B

Celeb-DF (Li 1 Lyu,2019) 34 £ i 890 4>
ST L 5 639 4 Deepfake M4 ALK, M55 40 5%
518 MG, AXSCHE Celeb-DF R4 1 ifbA7 T #51E
Y T YRR, X T Celeb-DF %4 4E , A<
SCIRIARE R BRI 270 Wil 4
3.3 iR

i FHHE# >R (accuracy, ACC) V#4571 43 2K 1)
¥ B, ffi H ROC ( receiver operating characteristic
curve ) H1ZE T X (area under curve , AUC) PEM R AY
(52 ERE . ACC K AUC 2450 ZAT 55 iy WL
PEAS BRI , A Y TR O 3 A T 5% K 22 R 3 P
TP TR
3.4 FaceForensice ++ HIEE L BEHRERER

FaceForensics + + & I 8 Dy i A6 i 7 ¥ v iz

811



812

PEEREEF R

JOURNAL OF IMAGE AND GRAPHICS

Vol.28,No. 3,Mar. 2023

AR B S . Rt A SO RS B 5 B i
SRR A TR P A T A I H AR AT R G . 92 R T 4
Y R A A Y 5 At J7 75 #E FaceForensics + + [
4 bk 7k B EHE S F TR 4R 837 50T BRI 4
AE, BI7E €23 B Budi 46 B BT I 25, 78 €40 i
S B AR LA T, C40 FIATTE 45 4 1 1ot
R R T KE SN , BRI J7 V57 = i
AR E TS 7RI 5 B, 4 C40 4L
P b B AL AT 0 32 K 25 A B AR B T

Vo B TR AR R R S h B W TS Rz —

5558 b 5 2k B HERR R e AN 2 i, R4
PEHCH Hu %5 A (2022) B9 5%, Deepfake , Fac-
eSwap . Face2Face 1 NeuralTextures 435K FaceFo-
rensics ++ ZHR AT 4 P hE IS AL, C23-C40 3R
ANTE e TR RUIE AR b B AT I S A A5 K ah 4R
HEATMGR, R 2 W, AN SCHR Y R A R AL TE
Deepfake . NeuralTextures X Wi 25 £ 1 #0400 - #8185
ElINE &g AR Ry Al )

%2 FaceForensics ++ #[#E&% FBE[EHTIGER

Table 2 Experimental results of cross compression on Faceforensics ++ dataset

/%

FEHIPR (€23-C40)

B
Deepfake FaceSwap Face2Face Neural Textures

Capsule( Nguyen % 2019) 67.75 54.50 55.75 53.75
MesoNet ( Afchar %5 ,2018) 78.75 59.75 69. 75 53.25
CNN-RNN( Giiera il Delp,2018) 71.93 52.10 50. 95 51.76
AR-3D-CNN( Carreira il Zisserman,2017 ) 57. 04 50. 00 56. 82 60. 57
3D-CNN( Tran % ,2015) 79.55 54.52 69. 10 59. 80
Xception ( Rassler % ,2019) 63. 96 55.63 50. 83 55. 84
Siamese-ResNet-50 ( Zhang 45 ,2020) 82. 49 - 71.70 -

Siamese-ResNet-101 ( Zhang %5 ,2020) 83.18 - 71.61 -

Siamese-ResNet-152 ( Zhang %5 ,2020) 84.99 - 68.93 -

CrossVitEfficientNet ( Coccomini % ,2022) 63. 81 67. 14 50. 35 66. 40
MADD ( Zhao % ,2021) 88.07 83.57 62. 14 52.85
A3 90. 35 81.78 71.79 80.71

T L PSR R A S R A 2R, = 7 R TOXT RS S i

54 M AL CrossVitEfficientNet ( Coccomini
4F,2022) A L, AR 3C R0 I 5 4 TR A ik R 9B o =
wLTE 4 FMOhiE B R B RE o iR s T
24.48% .6.78% .21.08% F1 11.81% , MADD ( Zhao
85,2021) R H TR 48 S B IS T K 1%
T P SO SR A A B S A i B
YV B Ol 1l B A B9 22 P9 RS, 17T Deepfake 1 Face-
Swap Dt R T 18 J2: i T 4 i 2 AR 4, 9L oe
AR % ) oA 5 Al Py 3t Bk T . A e A
FH T 28 [UURFAE /) MADD £ 33X P2 IS 1 A6 0
PERBRC WA F5 o TT AR SR B e A 00 X J32 B vy (D
WG Eh 52 T 1455 ) 1Y Face2Face Fll NeuralTextures
PR AT b i e IS B8 X 3K 31 o S i R PR BE 7R

NeuralTextures 38 28 5 (%) M43 |-, 55 5% FH AR 0L 18
JTHR W) MADD FHLG 485 T 25.36% , 7E 4 251
T A ) R D R A O 20, U B A T
AR TR | 7S SR R 5 B 1 PR 3 R AE B R 2 9F A
A P DR T S T R R B R R
ARSI

XU 32 0 T R AR IOR A G M A 1 7 2
FRIE R TR S 8 A4 AE SR ER S F , An2s [B] 3k 4y =2
HAFIH T EfficienNet-BO F R 15 /2 MBConv 4544,
BRI HAFH T EfficientNet-BO BT 8 /2 MB-
Conv 2544, PIMAH T T 58 #4544 1) F3-Net |
MADD LA fe M2TR , 1A 155 20 77 76 B0 R 2 19 R A 42
BUANE 843 R 0, 35 SI0BC A B 78 i N T IR 2
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=8, B, EHE, AfE / CNN 4 Transformer BORERIESREN

RS o3 A 127 ] EAFAE— 5 RIME

%% 3 WTE FaceForensics ++ BHE4E 2N 5 HiAth
FrFT B HERG R I AUC, HH | LQ (low-quality )
JEAR 5 R KA 5 5 HQ (high-quality ) 2 & 5 2 £ 3
f ., ARSI 38 H R s A R4 %
AT RS PR RS PR 37 5 T Iz AL 1 RE , (H A SO 4
FER A AU A vy B i i AR FARSRIKR B T 5 HoAb )y
T RIS B 5 222808 T . AN ZEPIAS ST

EfficientNet-BO HYAFAER 2 F, R A SE R4
F LA e Transformer M & 45 50 L85 7y 4 0915 0
T, 454 Pytorch MR A4 FE I 2R SR W&, A% SC K IR 46
T RN SRR A R R] AR AR A R R O 3t A U
HEI R, X LA R 4 Fk 5 R, TR
S PERERE T (9 MADD J7 A He , AR SCHRE RS A 1|
SRAEBRFERT 20 A 4808 T 82% 1 7% |, WUk T AR Y
R

#* 3 [EI#EBYFE FaceForensics ++ HIEEEMHILIEE R

Table 3 Experimental results of different models on Faceforensics ++ dataset

/%
e e _
KR AUC B AUC
Steg. Features ( Fridrich 1 Kodovsky,2012) 55.98 - 70.97 -
LD-CNN( Cozzolino %5 ,2017) 58.69 - 78. 45 -
MesoNet ( Afchar %,2018) 70. 47 - 83.10
Face X-ray( Li % ,2020a) - 61. 60 - 87. 40
F3-Net (Qian %,2020) 90. 43 93.30 97.52 98. 10
MADD( Zhao % 2021) 88. 69 90. 40 97. 60 99. 29
M2TR( Wang % ,2021) 92.35 94.22 98.23 99. 48
AL 89. 71 89. 27 97.57 99. 17
T MR RN 5 AR SR« — " FORTOXT Ry SE g 45l

%4 AREFETE FaceForensics ++ H Deepfake 20 25 B 573 £ _E A58 FE BT B3 b

Table 4 Comparison of consumption time among different methods on Deepface sub-dataset of FaceForensics ++ test dataset

B RTINS | B FERT/ s HEALI AR/ ms
CrossVitEfficientNet ( Coccomini 25 2022) 1253.11 4.41
MADD( Zhao % 2021 ) 6 802. 81 4.42
Siamese-Inception-V1( Zhang % ,2020) 1 938. 86 3.52
Siamese-ResNet-50 ( Zhang 45 ,2020) 2 895. 00 4.06
AL 1 240. 47 4.10

TE R R R A 5 B LA 2R

&5 A[REFIETE FaceForensics ++ H Face2Face E 2B 37K & _F B E FERT I3 EE

Table 5 Comparison of consumption time among different methods on Face2Face sub-dataset of FaceForensics ++ test dataset

B BRIV 1 5 RERT/ HEALIAERT/ms
CrossVitEfficientNet ( Coccomini 25 2022) 1231.05 4.36
MADD( Zhao %5 2021 ) 6 756. 11 3.94
Siamese-Inception-V1( Zhang % ,2020) 1 992.70 3.70
Siamese-ResNet-50 ( Zhang 45 ,2020) 2 734.70 4.16
A3 1229. 04 4.25

T R R R A S B AR
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3.5 Celeb-DF HEE L BEEIHRER

Celeb-DF (Li Al Lyu, 2019 ) %4 4 v 69 £ i 41
AR T Deepfake Fhi 515 (AT 1) Oh 1 JoT 42t AH LE
FaceForensics ++ 28 57, R I 7E K 2 500F 98 b 7
Sy 5 PEASHIN Fy e PSR A . H TR TIREE 2= T R
222 R IR By, BV OR 22 B0 3 Fh 3t A5 780 o 4 3L
IR YNGR B BE AU R4 rh 2 2] B B RAE . 72T
XoF 5 2 g el U5 AR RS TR AN P A T PN R T B
[Fi] 25 1 B ) S 5 Pk T B S v ] T 2B ) Deepfake
AR A AR L, FEL Deepfake MU o4 15 (145
TR ASAHI] B LI 2R —A- 38 i B Az ke i
R P oy o 1 P A 5 >R EL AT B

AR SCBEBUAE SR BT BRRAE R I 2 SR 30 5 PR
LRl ER S € S URE = WAL 5o IS AERE D=L I Nl
TR B A% 23 )3 DI ) AR AR AN — S0 R 2
WY AETE ) R 45 PR B R AR A AR B, B2 7 T
AR AE 15 PR 50 N BRI BB, #E Celeb-DF
AR SRR K At Ty B 5 PE AN AUC 4Nk 6 T
7N, BIYE FaceForensics + + B4 % F 4714k, 7E
Celeb-DF _EHEAFIK, 1T LA Y, AR SCIE R/ 5 g
S HA eI RN ERE . 5 TR B A
5% 78 4 i F3-Net ( Qian %,2020) F1 M2TR ( Wang
45,2021 ) A1 Lk, AUC $5 45 20 S $2 7+ 17 3. 61% Fi
2.11% o F3-Net 3d i XM R0 53 32 ) B PR 1
FEIE 8 HC AR P2 PN ARG 48 000 1) G N v A 4 o R
(R LRI, AT HG X6 2 R e 0 £ R R R 0% 9845

% 6 Celeb-DF HiR&E FEENWER

Table 6 Cross database experimental results on
Celeb-DF dataset

/%
Y AUC
Xception( Li % ,2020b) 48.2
Multi-task ( Nguyen %5 2019b) 54.3
Capsule ( Nguyen % ,2019a) 57.5
DSW-FPA (Li #l Lyu,2019) 64.6
F3-Net( Qian 45,2020) 65.2
MADD( Zhao % 2021 ) 67.4
DCVit( Wodajo 1 Atnafu,2021 ) 60. 8
M2TR ( Wang % ,2021) 65.7
A3 67. 81

M2TR K £ RJE Transformer % £hid EG H A ] )R
RN EGSGEAT B R T BT, O R
BURRIEVE b7, H 25 A SUSRFAE 1 J7 2 5 AR SOp
R F AT AIR] . M2TR X 8 1A% 3% A8 46 J 114 1]
BERHTERIRER B R A SR A I T
EEIaG A SCR X SUSARAE AT AR A
PR Z 5 AT A ST B W5 T AR T U R
fEZ RS H b3, AHLE TR T 2 8 L
A A DX AR ] 1) 20062 B2 R AE 79 MADD AR SCRR B 7
BSEARRIN AUC 738 B T 0.41% , X495 43 T M
RIS 3 W4 FE LA K Transformer 45 #) X} F 42 J7 X,
Sl PR RAAE 22 5 R SR Y2 2T e
3.6 HBKKHAR
3.6. 1 ERJIEECR

AR SCRR Y A 23 [ 3803 SO T R ek, H]
DI o 28 4 RO i) P R R e A i 0 1
1 DR LS DA A — B, PR AR SO AT
R I L S AU A 2 ) SRR A B2 B e 2 o A G
AN W X, B TR X, O T R
Pl 15 rh B 4 T ) Jmy ¥ DX A S 0 A HOTE TR
BRI kAR IX S, S TR AL 4 G BE AL
BRI R SR 1 i A T T T LB AR SORE AR Y )
HF FaceForensics ++ 504546 I JF ol A48 v & J1 AL
A R T R

T R T A S A R a2k 7 iz, Al LA
B TR R SR T R I EEE M 6
B} #AUTE FaceForensics ++ PR 4 FiE EOh ik
T BRI AR, A B 3 FTLUE A
SCTT R R R TR R R B A A AR I P AR Y
T 2 ) O T Oh it g B s 2L B, 3F HLAg 3

F7 FENEHEEMIWER
Table 7 Ablation experiment results of the
number of attention maps

/%

N R4 (€23-C40)
Pl i Deepfake  FaceSwap Face2Face NeuralTextures
2 89. 64 73.21 67.5 78.21
4 89.29 73.92 71.43 78.21
6 90. 35 81.78 71.79 80.71
8 88.92 73.57 67.85 77.85

IR IR R R A R

TE R R IR A S B AR
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T A 2 DO T AR, T AT rh i X
WO CE AR 33X 55 A SCHE 4 P8 b B A T A JR)
X fE B H B —2,
3.6.2  BEALEUREIG ) SRS A5

TEWNZRIY B, AR SR H T 456 1 22 I LI %) B
PUBTHI RIS SR ms . BB 2 X T ZRBi Be 4
Pl 15 38 2o BEATUASOR 7 A — N8 RIS R AT I 2%
3 3 X e o R R A T IR AR SR AR A i kMR
BEATUSOR ) 77 2l 5 v S0 A0 A S RSO , 721 2
R BEALTERE— TR B B R Y DI A T
HrBOR S B . S TR BEDLECE 1S ) SR m ok
TBE AR SR R A SCHE R T A ) £ di
S SR AN 85 FH R A0 ) SR s 11 5 A R )
AE , X T HAB B ) 4 — 2

SEEG KT FaceForensics + + B8 5 H 11 4 bl i
HIVHATI L, 25036 8 7R, Horh ) NONE R
AR B R ) K B, DA ( data augmentation ) 2 7
K ARG ) oemg 1 Or AR E R R X
uft LA 1 A% /I s T RO, DA-R ((data aug-
mentation-random ) W 7R X B AL 1 7 77 DX 38 f FH Bl
DIRCYNANCE RS T ERSE R SNE I RY UL -3
2|, BEAIL DXl i) BEATLASOR T =X A a1 ) SR X T
5 4 5 T ORI B g Dk, o 7E Face-
Swap AT 5 1 FRYATI b BEALECHE G T SR s ok
B 4 SO W I

F8 MEHEIEG R EMIEER
Table 8 Ablation experiment results of randomized
data augmentation strategy
/%

K2 (C23-C40)

M
Deepfake  FaceSwap Face2Face NeuralTextures
NONE 86.43 75. 36 70. 00 74. 28
DA 89. 64 76. 07 69. 28 79.29
DA-R 90. 35 81.78 71.79 80.71
T L TR IR & I B2 5
3.6.3 GBI

AR SCREAY T 3 43 () SRR 42 U3 5 A1 4
R By 2 Transformer |2 A3 X & f1 45 M 2
B, HoH Transformer JZ1E IR K254, FH LA
TERAET] 0 A0 AR 23 3007 B AR
SERhEs M . O T SRR R gy ST A B A M A

AE FaceForensics ++ b XF &R 43 32 46 1 85 T
% e NP N S SRR M RE

FHETRUNE 9 Fron, Hd RGB F/n il i
23 (A3 4 1iE 42 B4 2 Ml Transformer )2 2H BY ; Freq.
FERBEAY R AT AR SRR $2 B3 3 FN Transformer J2
ZHA; RGB + Freq. Fe7n B Y R 25 (] 38 7 AiF 42 B 53
SR SRR AE 32 B4 32 K Transformer )2 41 B
RGB + Freq. + Cross &/nBE71 o 2 (B R AIE £ B3
SE SRR RIS 3 Transformer J2 5 38 X 3
NEER R, B3R 9 W LA Bl i) 25 6] SR AT
PEW 53525 Transformer JZ 1455 7E Face2Face |1
TN HCHAT , X Ud B AT R SRR AR B A — 2 R I
M T Face2Face Th 1 K% B BGIE, 7E NeuralTex-
tures 17@1%_: @1%1L s $Zﬂ E@Eﬁ%bﬁ#%?ﬁ%ﬁﬁfi%
Transformer JZ2 Y45 & 322 BE FL B GF 1M 5 25 0] el R 11E
PR3 3 125G AR F T 5ol 1) 23 TA) SR AE SR U 52
RS INAR BE A I s o s TA) SRR AR 4 B O3 5 A3
BCRAESR US> 32 | Transformer JZ e 38 3R 1 925
BAE 4 FhEG P T 75 RO ER £33

RI DILKRMHEMLWER
Table 9 Ablation experimental results of branch strategy
/%

FETRER(23-C40)

Deepfake FaceSwap Face2Face NeuralTextures
RGB 81.79 70. 80 70. 35 72.86
Freq. 87.50 70. 94 63.92 77.50
RGB + Freq. 88.83 75.71 67. 86 73.57
B + Freq.
ROB+Fred + 9435 sL78 779 80.71
Cross

T L P SRR 5 S R A2 2R

&8 JE7n 1 4 Fh oy SRS AR S 28I
WL ( class activation mapping ) XJ kb, 1 €658 i 3 43
SRS g ] DG T A IX S

M 8 FILLE Hi,RGB 432 454 Transformer [
Felg (RGB) KRB 2k BN 5 1 BRI 8 55, A
RIRFFEFEE 325 Transformer JZ 45 5 (Freq. )
) T ) AN AR A B, 5 55 Transformer
JZ 09 B A B ( RFreq. ) A HF 54 32 89 R W%
(RGB Freq. ) Wi IS X FE 21 1 16 3B i sg A
I B2 32 B9 505 B TP, IRE D E R
TE A PR 1 RIS SE R 2 X 15 A Ay T S X Ja
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(a)IMG  (b) CRFreq.  (¢) RGB (d) Freq. (e) RFreq.

B8 Ay SIS AT Y CAM 1 X L
Fig.8 Comparison of class activation mapping heatmaps
obtained by different branching strategies
((a)IMG;(b)CRFreq. ;(c¢)RGB;(d)Freq. ; (e)RFreq. )
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(a) Deepfake
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(c) FaceSwap
9

HEATAB R, 38 400 A 8 1Y 4 ) 1 2 25 4005 RN T 1)
AT, PRI TR DX 35 Al DX ol S AP R LSS 22 5
[F) I P2 e 2B R R DR 52 o R TRIB 5 2 ) el A
AR A AL [] 1) Transformer Z5 44 1Y F 1 &
TR R A SGE R IR AR P X Js 8]
3 XM AFE I - B g A A (A A i — A0 X
SERHEAVE S F RS . RGB 43 3¢ MR BURFIE £
B3 32 At g Be 38 SUIE T 0 45 0 2 1 ) R 5 B 7Y
(CRFreq. ) BEAE B 4F 1~ >] 3 A T 35 B A5 AE, HL
W HAE N X ELSE MR AN B Oh i PR e R AT
RS TR TSI R =%

K9 JE7R T AR 73 SO AR 4 i Dl i 28 R
B LR TRAFAIAY AUC Mk, AUC BT 1,3%0R
AR B 43 SV B A A, BV TEREAS R A A R A7 1
W aIRe S, B h#1 ~#4 43 90 4 Fhay S0k
s, B BA RGB 43 % 454 Transformer )= . FL Freq. A
254 Transformer JZ RGB + Freq. X332 454 Trans-for-

mer JZ LA NASCHEH ) RGB + Freq. 454 Transformer
1.0

-
s
-

— #1 RGB AUC=0.885

— #2 Fre% AUC=0.946

| — #3 RGB+Freq. AUC=0.952

" |— #4 RGB+Freq.+Cross AUC=0.953

0 0.2 0.4 0.6 0.8 1.0
fERH 2R
(b) Face2Face

4
s
-
/
,

— #1 RGB AUC=0.796
— #2 Fre% AUC=0.855

/| — #3 RGB+Freq. AUC=0.859
" | — #4 RGB+Freq.+Cross AUC=0.872
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fRBH 26

(d) NeuralTextures

AT SRS AE 4 FhPhi R ABE 4R 19 AUC X 1L

Fig.9 Comparison of AUC of different branching strategies for four tampering types in the FaceForensics ++

( (a)Deepfake ; (b) Face2Face; ( ¢) FaceSwap; (d) NeuralTextures )
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JZ + X ER ARG RRL, DAIE 9 AT LA
WLEEE | A STk i 28 0 4% B 0 SR W A 221> K3l
b BAT S L AR P RE

4 & it

BEXF B TR BE O Ry SR AE B TR 45 R 15 R
AR 375 S5 RS IURS B2  2 Fa ELYI R [R] i < i 1)
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