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and open-source tools. Given the sensitivity of personal identity information, false content tends to spread rapidly on the
internet, which raises public concerns regarding video authenticity and personal privacy security. Although existing deep-
fake detection methods perform well in specific scenarios, their performance often degrades considerably when confronted
with the ever-changing conditions of real-world scenarios. In other words, detection performance degrades when the forgery
technique is unknown, which severely affects the performance of most deepfake detection methods in real-world applica-
tions. Furthermore, given that the existing deepfake detection methods based on convolutional neural networks often focus
on either global or local spatiotemporal features, they still exhibit complexity in capturing global features and temporal infor-
mation. The difficulty in capturing comprehensive forgery clues limits the generalization capability of detection methods.
To address these issues, a multi-branch network based on multi-domain feature fusion is proposed in this study. This net-
work comprehensively utilizes frequency, spatial, and spatiotemporal domain information to mine more detailed and com-
prehensive forgery clues. Method In the frequency stream, the discrete cosine transform is applied to the images, the low-
frequency components that introduce additional noise and information redundancy are removed, and the high-frequency
components are retained to capture frequency features of subtle structural changes in the images. In the spatial stream, a
spatial feature enhancement block is designed to enhance the shallow features of CNN at multiple scales, and local abnor-
mal regions in the images are captured. In the spatiotemporal stream, the Vision Transformer is used to process the frame
sequence, and the global high-level features are obtained to perceive global spatiotemporal information. An information
supplement block is developed to combine local features from the spatial stream with global high-level features captured by
the Vision Transformer. As a result, the network can comprehensively capture global and local spatiotemporal inconsisten-
cies. Finally, an interactive fusion module is used to enhance and fuse information from the frequency, spatial, and spatio-
temporal domains to extract more detailed and comprehensive features for deepfake detection. Result A systematic compari-
son was conducted between the proposed method and the state-of-the-art approaches across multiple datasets. In cross-
dataset generalization experiments, the advantages of the proposed method were even more pronounced: on the Celeb-DF-
v2 dataset, compared to the second-best performing detection model, the proposed method improved ACC by 2. 63% and
AUC by 3.01%; on the more challenging DFDC dataset, compared to the latest detection model, the proposed method
achieved a notable improvement of 4. 43% in AUC, highlighting its superior cross-domain adaptability. To further investi-
gate the contribution of the model design to generalization performance, a systematic ablation study was conducted, which

thoroughly analyzed the impact of different modules in cross-dataset scenarios. The experimental results clearly validate

the effectiveness of each key component and explain the mechanism through which the proposed method enhances gen-

eralization capability from a quantitative perspective. This comprehensively confirms the innovativeness and practi-

5l

Key words: Deepfake detection; digital image forensics; multi-domain feature fusion; multi-branch; local-global role

i1

cal utility of the proposed approach. Conclusion The proposed method has been validated through systematic com-
parison with state-of-the-art approaches on multiple datasets. It not only achieves advanced performance levels but
research in related fields.

also demonstrates excellent cross-domain adaptability and interpretability, providing an effective solution for
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PRI A A R 00 A 3 o A 22, BRI 2 PRy 3 R AR
If AR RE 2 TR, XA PERE T B 3 22 oy R
R I DA TE Al INTEIRGE YR o H TR 43 i
JEE AR [ 5 ) &S A B HEAT U GRorninl il iy, T
B TR 25 W) 28 (convolutional neural network , CNN) f¥)
Hor I 5 1] BE A7 AE I U5 )R, PR A i B A T
IZRECHE A RAE 70 A | TR BEART 4 20 52 A0 DA R
TEIXAEOLT , 2 VIl G i) A6 D0 25 75 £50 0 5 9 A
DS RAR D05 B AE A SUECHE A A G v 7k g s
o TR R EATT O TR A RO 3 1 R Y Rl
OIA IS IR 2 BRI PR 3 A I 7 v A S B L
g PEREZ B 1 E S R, SR TR A
RE 1 A A TR O 3 G D R 8 ) G T A
Z—s

J Tz AGRE T, — S T BB B A Iy
O TE A Dh i v R 1) 5 H A S i 451
SUHRAE . S0 Oh s SRR TR B BT
2 D R, AR 22 2y BN IRFUA) . SR, B
NI IE B AR 2, d5c 8 1) Dh it O vk A i 4L
ParELABEN o S BFTE A DI T AR IR 25
G A SIS B AT O KD (Qian 45,2020 ; Frank
85,2020) . SR, BT T A SRS L TT BB R
KA TUAAF L, DA PELASAR AL P Oy 3 452 PR
TR . 53— 7T, — e oE N B R AR
B2 EERBAMEE . MERAER s E BT
%% (Chen 25,2021 Gu %% ,2022a) , {HIE A 5870 FI
ARERT RGB S5 2, XE LA EAT i S R AR A
IF HRRE R RBEAE b o R F R K. Xy
VESEBL T AR B S A AE B RS S HIR TR RR
AR EREEM ] EAAAAETUAY M TR 53
PRI, AT AT S8OR PR A5 R, I TUAR TR 98 D i
IR A3 2 iR A A DR i) [ R, i AR 3 R 17
R e T AR A Y J7 125 (Giiera 11 Delp, 2018
Sabir 4% , 2019; Masi %% , 2020; Chintha 55 , 2020;
Ganiyusufoglu %5 ,2020; Zhang 55,2021 ) & 8, B A
I HRL A3 2 3 2ok T TR A A ), DI ¥ e I )
A—E, Bl R sh . R, T EERE T
TEFR 22 P 2% (recurrent neural network , RNN) | &
W0 12 W 4% (10ng short-term memory, LSTM ) 8 = 4
2 W 2% (3D convolutional neural network,
3DCNN) RAH AR A 2 3 o Hu %5 A (2022a) K5 45

FEA R AR WTHE BT AT 55 , LA AR5 1 1 1]
RRAE I IR S8 1) I TR ARRALE |, L T R B AN ] Bsf
(] 25 22 A IR 1) S8 - Zha 5\ (2024) FI IR AR B
SR ARG AR &R T o 6 BEOR — Bk, SR, X By
TEAZ 48 2 A S A —ErEJ7 i 2 B R & . BT,
T U T A R I T ) A R R 28 ) 2%
(CNN) A4 S5 B R 78 DX IR A SR AF AR R I 28 A — 2L
Ph o GuaF A (2022h) i i Fiy a2 S it 2H A “ AR
B R AW ST I R] Jey R R Al AR I 255 L . Halias-
sos 55 N (2021) T FH A X4 14 v 23 A SCAS RN
(R R iz 2l , i T e P 2 A T PR A . Yu 55 A
(2023) F1J JH} CNN ¥ 25 ]\ 4 Jay 1 JBE e oK S AN A
R 5] B 1) Jay T IS 25 S o TS CNIN 7 Ak B 41
PRI AETE L, FE A AL 3Ry FR AR i A 23 [R5 R 7
X LRGN 7 VR AR AR D5 A 42 Tt (HHO6 4 R
AE AV ] AE B A ARA AR AN L o SR 1 B 5T
Transformer §' i 2| 13 HLARL 3 ( computer vision, CV)
55, i T H X B B 4 s - SCfF B R K
fE ), —H I T Transformer 4K I J7 1 AR 24K £ HY
(Zheng 55 ,2021; Yang %5 ,2023) . 45 iR Jr i L
57—t (B2 A H Transformer 4 3K Y 7 AIE A
RETD Wb 255 Joy il A 4 JRy 1 JEL 22 1) 1) SR IER , fe A A6 )
TERZACRE IR A BR

A BOR R AW ZE AL 584 2 R 3 B —
B M A AR SR BRAE L 5 1) 2 7E Deepfake #L5
R DUAE: 55 v, Badel, L 28 35 A5 8 A Akl & 2k
ShAR TSI TR A PR A R Y SCBE DT 1) . BRI AR
VP 2R 2G5 ZRE BT Deepfake £
W ABAPSAAAE TUARAT B AL AN 5 R 245 R
REOR T 1) (80 451 4, 377 2 A0 FE AR g A 00 5 12 oK
FE M 305 2 v 298 458 Tl 4 SO P % v AL 0 1, T
SRR T AL O MR A A L, AT T
KRR o A, A 1Y I eSS & R S 4 R
TEJT A — & R MR . R ZE05 B 75—
ZRHEATRRIE SR B, T0 A R0 45 () I 28 T 4t 42
Jry ER N4 Ry s A5 BT T R PE ., iR LA FSE
AP Z W 255 (CNN) FEAHE Jmy 7 2 )75 B ) T B
4, T Transformer [ 28 W75 4 92 42 Jag I 23 {7 L)
HAMAFRLH . Jia 5N (2022) 48 H , BAR NG 7EM
Sl 8 3 A AT A 2 S R A R R I T e A
Brmpe 2 b H S AR Fa . B,
AR SR — T 2 BRI LA 1Y 2203 3 M 45, T
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Bz R RG22 EUE B RS  BALRE S T
21 B P 1 IR, $2 5 Deepfake 67 (1472
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A BERE X MG ARLAT 1 NI AT A H b4
AT B A H 8 LS . Deepfake A5 R EA] 43
NAZE I R e R A B IR
BRUR ARG By, [ Bl %o A A e [ 19 R B (s
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L BB HbrmfL L. Faceswap J&— ity
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[ 5 P 3 15 B A% o Chen % A (2023a) 44 Deep-
fake F5 I FR A —A> 24T 55 2 > [0, 38 o0 XUk B
Phig #4742 R NI BGIE . #853AF 58 AT CNN 2 1K
Jr BRI B4 L A, i AR ) Jeg 8 2 ] DXy A 48
NI RFAE , DA B A4% b D 3 07 3 B 9 4 IR e
Zhao 55 N\ (2021a) 3 2 i 1] 22 13 25 3 42 5 A HE01]
JTHY AR IX I, ¥ Deepfake 60l 5 Ak h 4HRLEE 7325
Zhao ¢ A (2021h) 1 H FLAB R B AT AN [ IRARF ik 1Y
R, R X H — B M 27 2 (pairwise self-
consistent learning , PCL) 2R 715 A [A] X 3 RF 1 & 19
PIPARABIPE . Li 55 A (2023) F1 R 43 B 30k rh s
S3FEAEMR S RN 3G SR 0 AR B3 T — R B R AL
i, 5 Bl 0 25 A B X M b PR S T 5 ) i 45 TR RRAE
DASE AR5 KR A A U P BB o Shang 55 A (2021)
P& R R PO R BEHANIX I OC SRR A I A4
53R Ry B8 X S 2 B AN — B0 o SR, X T 584
B LY NI UG 207 VRIS BE A T REAIG . e,
— BB (Canguly & 2022; Coccomini &5 ,2022) 4
ORI FH Ji 4 Jg 23 [R5 S B AMA: , DU 3 42
THT Y 5 o SR, 3K 87 VAT 20 ms 1 HA el ) Py i
a5 PRIz ARE IR IR

H TR E AR S B A F R 2D PR 2 5 | AU S
QTR B3 1 43 A 25 S AL R RS 308 & T F
FEN GO A3 IR IR R o Durall 55 A (2019)
i A B a B AR e (discrete Fourier transform,
DFT) X i BE AR AT V25, IF A FH 03 A 22 5 2 X 53
Dhit B o Frank 55 A (2020) 3 i 55 HCAR 7% 78
(discrete cosine transform, DCT)¥ |84 M\ 55 [a] 1 5%
BRI, IF 00T TR GAN hAYSIAR T H . &
SRIXBET7 VA BEA UG N 58 42 1 GAN & iy #1515
AL FR/ N BB BRORT R 40 R, PR RE ] 2
Qian %5 A (2020 ) 38 1 fif FF A 25 ST 3 figk A1y S 4 246
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Gt kAZ IR A AN AR B TR O
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RN G ABE . WeAh , Jry TR EL MUR I AN 23 78 42 Ja Ak
T B S S AR AT IR 4 5 ) AU R
PR IUCHAMRFAE . Afchar % A (2018) 36T EIMZ 19 W
FrtES I T PP CNN 22 R AR K . Wang 55
N (2022a) 388 528 T30 ELAR N K 78 25 18] S8l R4 32 3 1Y)
J E 2 S R A Pl it A MK o Luo 58 A (2021) 1)
A PR AR A9 S0 3R 8 R P 3E IR I . Liu %A
(2021)IANy b RAFAE I LEAR AT i AR 3R 22
S LU W B v e ) 2 S B A 3 S R A
PLAE B AR ZRHAE , JE 30 v 2 1 SF B R 45 5%
B T OB E B A R B X 4. Chen 25 A (2022) 42
PR B I HESR 127 20 o BARER M B RPAE , O 5
AT A AR $e 18 BB AFS (adjustable forgery
synthesizer) o Bl /N3 i AR AU A i Deepfake
BRI LR, DA Ikt BEAG o BARIX 2L 5 e B
57 BRArireae Bz kR A Redt . (A
TR, B T R AR I 75 12 38 5 25 22 W B ) 2
R EENE,

2) BT AT A A I s o A T AR AR
L, F AR T AR B 1 3 S AE B XMELITEAN B T
MBI I B T b o B T Deepfake MEATUR 2 i
AR Y 3k s BT R — Btk . R, R Z2 8F
5% #F 4 HH AE Deepfake A5 A I (1) B[] AN — 250 PE
o BB ST HH ] 3D CNN SR 25 (5 5
AT — ST PRSP BT CNN FR1E , SR 5 fif 2 05
B2 W 2% O (Amerini 55, 2019) 58 K %6 101012
(LSTM) (Chintha 4§ , 2020) £ B [A] 28 & 647 Ph i
R, Xia 55N (2022) £ A5 28 GBIt e it 5 11
Xl 5 ke S, R0 P o ) 230, 8 1) 22 S it B EL R
AR SCRAFAE o AL & A8 N (2022) B2 HH R T G Bt
PG 9 25 [ REAE R R] AR, I @l 24> O
TITPNZ SR 1R RS S51/\E 3 DO DN ' IR VB 2
W, SR, X LT R IFEL [ Deepfake f i 223,
P& B B[] 22 R AL LU OB RE RN A FR o H T, Deep-
fake FATAS I 75 1 (Tsmail 25, 2022 ) I T 42 JRy i 25
ANk, Li %A (2018) A FHZ MR A5 1) S5 A%
PEHEAT R . Gu 5 A (2021) 5] AT Deepfake #i
BRI B4 STIL (spatial-temporal inconsistency learn-
ing) J& , I FHE W4~ 1 22 T [ 1 ) 8] 22 46 3 1 40
B A IHA] AN —BbE . Li %5 A (2020a) it T —F

BT IR I 23 SR A PR A I A — Bt . Hu S A
(2022b) K& Mg 155 of TA]AH OG 14 5% 2 4 fIEAG I
4 Deepfake PLAT . Chen 55 A (2022) 38 &8 B 25 7 &
FIHLHNFT ConvLSTM A A HT 1 o ] At 4 175 .
T B2 i A P BE . Yu 55 N (2022) 48—
ZAGRE ) v 2] S B Dh i T ik S Al
R B R — S ALY Ph SR . Pang 25 A (2023)
Fek Hy — b Z2 R N 25, R R B R — SO
A I A — BB AR A R i A F i 1] 2l
IR —F, RN, XL Ty B T E T4 Ry X
XF Jry s XA S o Rt BFSE N SR IR IR R
Jry B R4 Jag 114 ik 2 400 1] AR R S 4 T 1) I 5 R
Hu %6 A (2021) #2 5 DIANet (dynamic inconsistency-
aware network ) , FH T4 & 42 Jm) 1=y 5 o (1] i) A8 — 2
P, ARG e BN T IRAT . Zhao 55 N (2022) % i 17
2 Jri {5 B AR AT R, LA IO A0 £ 4 TH
M BT 28 26 3R . Yu 58 A (2023) $ 11 —Fp 3 T
42 Jry AN — S5O0 RN 22 % 8] RUE Jag AN — S5O0 T 4 1
5 B 22 RN 25 AN — 30 KA , I 4 Ry e ik 4 &
JRIFRRFAE , LAROR e R ARG I A I 25 S i, AR TS
R, BT CNN A AR, I 57 v fi ) A B )y R
fiE %42 Jay I 2 R AE B IVURH DG A L RPN 1,
B ARCORAR .
1.2.2  FETF Transformer 1Y Deepfake Kl 75 15

R T AR RS RS Y TR S, BTN D R
W ZFPHLE] . 458 RNN $22 I A B8RP 51) v A 50
B TE LD BRI AR OC JR I A TE R BRAE o Sy i e
AN, 51T KA HICAZ (LSTM) ML, B F
TR R AR HIE B A i 3l , B R Or B DT
5 R S IEAEEAE R . A, OF5E e R H]
T Transformer #Lii] , ‘& BEAT RUAL BT 51 £ 40 A9 K
W & o 5 LSTM A L, Transformer BE T A7 0
i B0 M2 ) 1 O R, it b B 9 I i) O R A
BT T TR S e R B AL S (CV )T 5%,
FEAT A — R I AZ R, 40 5 Transformer (visual
Transformer, ViT) . ViT B4 Transformer i FH T &
BT, AT RO 25 . i N H i — ST
Transformer ¥ i 21 v U BE B DA A I 5 7% . Wang 55
AN (2022b) $ ) —Fh Z AL L RE Transformer, B X}
AN TR R /IS BB A7 48 A LA I PR AE A ] 5[]
SRR 1) SRy B8 AN — Bk . Heo 55 A (2023) $2 4H —
ol 2 24 ) LB Transformer #5258 | DL R 38 142 Je)



$£31%5/F£18 /2026 £1 A

K, FE, KKK, B
E T ZHHERMSH S 5 X M% AT Deepfake 1l

23 [ REAE , FH T IREE DN K2 IU o Transformer i FH T
MR B D A5, Yang 55 A (2023 ) F] AL 58 AT
o B X 2 [ 1A Y ) 204652, £ Transformer #E47
BEE KL o Zhao 55 AN (2023) $& H3 T fiff B if 25 4L 43
ARG LB —RIHT Y 23 R I A E TR DR
BIL 20 78, FH T 4 4 =3 18] £ 52 F1 IR [B) A — 20k .
Wang %5 A (2023) fii F| Timesformer I 13D (inflated
3D ConvNet) & 3 At 1 %A Tl &8 FH 0 Js X sl 11 5l
BA—EHE,

i ad F R BT B, KT UZL Deepfake £l
5T CNN ARSI J5 12538 3 e 32 O R, SR J5 42
YBUIS TR AE , I D4 S £ B U3 ey v P 3t X Js [
fF, F] F Transformer 2% 47 1Y) Deepfake £ il 5 {il]
TR SRS A, XE— R L
U PO Ky bR (= SN N ST KT S N ORI o i
TR ERFHEARRA . b TRz AGRE T, A SCH
MBMD A JZ A A DT AR | 2 1] FTEE 25 38 1) 24>
3 SCHE B DR 3 IR, I 3 AN [ ) 4 Jeg AR ) 8

BT A BT
2 ARXFE

2.1 #H#

Bifi 5 Deepfake F2 A I AW & i, 1540 1) A il 7
LTI A ORI PR . R T B R T A AR
P, A5 B BB B B AR S — 17 B (ln2s ]
FRAE BB 28 RRAE ) AFFE JR BR M, 18 A0 B i | 25 3 5
AP IfE BT 45 G SR, R M 2RIk
FEARTRIRR B LR T RAE B X S Al A —
SCH I (R, AN AR 2 7 oK BR A T IR BRI B HR
WARAT B iAo i MR AL R T R E TR
G B o X FEMEFEHM, 52 7RI P HER .
Gb AT RS B R R A R R R AR SR B R
2 )7 VEMOR B — P 28 S5 R FEA T RR AR 4R B, R RE 5T 40
K ¥E CNN Hl Transformer SEAS 6] X 28 A5 3

KT 5, 588 19 Deepfake F0 55 K6 I 7 1k 32 2
L AR I 22 R AE S BOR o3 AT . RS 2 A 7
2,10 Gu s A (2022a) \Zhu 25 A (2024) B & T tAEl
G as Sl s (R B (BRI AE B A AK
U AT TR — 2Pk ik . U HORAEAL DY f AR T
KB 235tk , 23 [AVRRE 25 5) 32 BDC RE R IR 1 47
FAr BN RE SR AL RS MR IERAR o R, s

SN A ROR) FH A B v A RS Y DG B . SR
A B BE TR 7 R R 240 il (5 B, Hok
REA SOE BB AT G B . BRE R
TUAR TN FE R AT B 7843 5B, 2 BUR I S8R 32 B)5%
Mo ML T AT DOULEE B, TC e 2 e o1 ft i J2 1R o1 it
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FEAE JRy BR 1, JU LA 4 4K B ) 35 3 rh A B 28 G &R
B, AR 2 IR 55— 1, {8 Transformer 4T
R0 ) 5 1%, BAR BB AR I M g 4 Sy i 23 {5 2L .

(a) JiilEd (b) fiRAsil

(c) wasile
K1 AR B r FLB R AE RGB ARSI i 431 14 22 S
(IR EHGR  Phts X B H £DAE A )

Fig. 1 Differences in RGB, low-frequency, and

high-frequency domains for real and fake images of different
quality (the forged regions in the fake images are marked with
red boxes) ((a) original images; (b) low-frequency images ;

(¢) high-frequency images )
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Fig. 2 Overview of the proposed network
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Fig. 3 Structure of the spatial feature enhancement block
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Fig. 4  Structure of the ResNet-34
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Fig. 5 Structure of the channel attention block
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Fig. 6 Structure of the information supplement block
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Fig. 7 Structure of the interactive fusion module
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AP R 2 AR A B Y B AT ZH BY : DF (deepfakes) |
F2F (face to face) . FS (faceswap) Fil NT (neuraltex-
tures ) o

Celeb-DF-v2 41 5% 590 > HL LA 5 639 5L
WO, LSRR H A FF Y YouTube #8357 45

DFDC i Facebook DeepFake Detection Chal-
lenge A& A, A7 2 5 000 R T 280 R AL 7
VR ok SERLATT 8 A K T RE 280 B8 o Bk,
S 2 A R A S A ARG g X A B Pk M Y
DFDC #i e bR A
3.3 FfhiEtR

TESZIG R HER B2 45 43 (accuracy , ACC) il
ith £k F 1 #X (area under curve , AUC)VE R T 48 45 o
AUC 7R n] Z3PE AR Bl 3, el o X0 AN ) 26
ol A PPk 455 B A Y] 23 A [] DX SR BE ), AUC
R DR AL Bl
3.4 HIRENTE

B £ 9K 53 5 X FF++ | Celeb-DF-v2 F
DFDC B AT . LA RN 1 iR o B
. MBMD 7E 3 R4 UG T A Y @ g5 58
A TE Celeb-DF-v2 E4fE 4 v i) 52 90 VAl AR A1
X Al BEJ& i T Celeb-DF-v2 ¥ £ v EARFEAS Y L
B, T RE S BURMIERAE > A

ML Z &, MBMD 7£ FF++ $#a 4 1 AUC {8
43 ) e HolisticDFD A1 DIIR (deepfake detection via
inter-frame inconsistency recomposition) 7 5. 39% il
4.39%. LAk, 7E DFDC 4R b, MBMD ) ACC {H
43 9 e DIIR 1 ISTVT (interpretable spatial-temporal
video Transformer) /5 ) 1. 54% 1 1. 83%. T FF++
Bds B AR T At KA 4 (40 Celeb-DF-v2) HAT 4%
R I AT 5 DGR AL DL K Ol 3 IR 1Y) 43 A, )
SELE AR MBI T BRI 57 T, D AR
8 SEIAE LA o P de 7 S8 4 255 0 AR |
23 [E)RPAE RN 23 R AE , s il 1 O6 R — 2ot ), 45
) 2% FE B MAAS [ I ) A5 B 4 1T 1% O i R 38 , DT B
U Hb XS FE++ 80806 88 19 52 2 3 55

JEWLEE  ISTVT il HolisticDFD = %23 1:f 41 B i
23 R AR R AG I O 36, B2 AT R A B R A B
DIIR = 22 ) FHAH &R ot ) ' HEAS — Zoph 247 O i A
Mo SR, 3% 77 S B EHR O3 iR (image decom-
position module , IDM) 77 7E — & Jay BR M , 4 7l S 7 —
B 5 Z5 DB, Sk R S A X, Ol R O3 ik O SBCR I
ANPEAR . AR HAR K £ JEH I Celeb-DF-v2 %4l 4R
Hh Y G B A e HOG IR A ), X {45 DIIR
TECRG A YR A0S , I3 o HOG IR 23 O
BB A A AL BTG IR S 5 i R

®1 BIRENENERETME

Table 1 The intra-dataset detection performance evaluation

1%

. . FF++ Celeb-DF-v2 DFDC
ACC AUC ACC AUC ACC AUC
Two-branch(Masi % ,2020) 67.1 91.38 95.11 - 76.65 - -
S-MIL(Li % ,2020a) 422 95.51 97.45 97.12 98.29 91.67 93.13
TD-3DCNN (Zhang % ,2021) - 79.09 72.22 81.08 88.83 82.64 88.97
DIANet(Hu %% ,2021) 327 95.57 97.73 97.74 98.41 92.19 94.24
LipForensics (Haliassos % ,2021) 36.0 96.50 98.90 97.10 99.10 - -
STI(Gu%s,2021) 325 96.69 97.59 97.16 99.78 91.17 89.80
DDN(Pu%,2022) - 95.60 99.00 96.50 98.90 - -
Finfer(Hu % ,2022a) - - 93.91 90.47 93.30 80.39 82.88
ISTVT(Zhao % ,2023) - 97.57 - 99.80 - 92.10 -
HolisticDFD( Anas Raza % ,2023) 115 - 94.15 - 96.24 - 92.60
DITR (Zhu %5 ,2024) 90.31 95.15 99.11 99.74 92.39 97.37
MBMD (4 %) 131.0 96.97 99.54 94.80 97.77 93.93 97.31

VE IHL R RIZ TR R 25 9 el AR S5 R =" RO A R .
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TE] F) 6 R — 30 o ol g 0 e S B0 & B, il e —
) 26 R A7 G 0 A4 05 2 (A HolisticDFD) HLA 4% /0 Y
Z 4, Rl )& HolistieDFD SR F T 5% # fb % 2% 48
¥, R SRR D . TR T IASS AT CNN I
WLBE Transformer (X 2% , X Fh 2 A& H240E T 5 55 (1 R AIE
FIREES) B AH R I TR R AT R . b
WL IR A TR A LT A T s B A
TR TS (B AR ERE IR T R B T B WA,
Jo H AR PR s it
3.5 BHE£ITH

Wil Ay 3 5 AR B4 A DT A 3 R e P i ARG ) A
TR B 0T L SR PR R R M, DA R U A
AW I P TE N ZE . A T PEAR T3 S A I 265 7 A
VR AE Bz AR RE ST AR SCHE FF++_E X A7l
45 I AE AR A Celeb-DF-v2 Fl DEDC B4 4 I 47
Mk, SRR 2 i .

M2 0] LW R, 5HARE NS A T, 5
B S 6 2% TR O S PR R TR R 1 R B, LA
gk, P MBMD 8[R8 4 2 (47558 R B
o XIE T H A iz RRE S . B AUC T L 7F
K F1 Y Celeb-DF-v2 245 5 I+, 5 ECGL.ISTVT Al
DIIR A Lt , $LIL A9 MBMD 431 $2 5 3. 04% . 4. 8% Al
13. 65%. [AIFE, 7EARHNAY DFDC X4 |, HLISTVT
M ECGL> BT 4. 43% F15. 54%, X T ECGL, &
R FH 255 ) RIS ) A5 ERIGE b 384 Jeg Ry 15 L L O
Wit T amms ik, MH2RE RS S RHE
BRIERE . SR, A e Pk ik B T AN i X
3o, DA 4 Jed 1 BEAGI (R RCR EAS B R . ISTVT 3 i
25 (6] 34 T 77 G T R R AE AR A 1 2 RN S i
FEHI FH B (] 3 ) g R o A — 35 e, A L2
L A MBMD AR HBCRE R S T
JriR s [ A R 2S5 B A R TRt E LR
ANy T, T SEEE T B AP i3z fb g

R2 ARAMBFELEZLMERE
Table 2 Generalization performance on unseen datasets
1%

FF++ 1%k

WIRES Celeb-DF-v2 DFDC

ACC AUC ACC AUC

Two-branch(Masi %¢,2020) - 7341 - -
S-MIL(Li%,2020a) 73.29 75.86 64.74 66.79
TD-3DCNN(Zhang 55 ,2021) 66.02 57.32 82.21 55.02

DIANet(Hu % ,2021) 70.83 73.94 65.95 68.65
LipForensics(Haliassos %,2021) - 8240 -  73.50
STI(Gu%:,2021) 74.67 76.17 65.95 67.22
DIL(Gu%%,2022b) 81.18 82.82 70.93 72.52
ECGL(Zhao % ,2022) 83.17 85.86 71.39 73.09
Finfer(Hu % ,2022a) - 70.60 69.45 70.39
ISTVT(Zhao % ,2023) - 8410 - 7420
DIIR (Zhu % ,2024) - 7525 - -

MBMD(730) 85.80 88.90 77.20 78.63

T L R RIZ PR IR A S AL AR S R  -"FoR
TEER

3.6 STUBTHEBES T

S YRR D R A BRI A AR SRR T
Qian 25 A (2020) 42 H 8 F3-Net 77 By R BT 15
2T B AT ORI 5 R I 5, HLEA o
MACFRYE . LT F3-Net (4087, B4 A2 R E
0. 125, ZAEAE PR AE R AFAE S BUSCR 19 [R] ), BE
U ZSE ER CR I Y SN T2 /51 PUBLIY V& S 0/ I O
B4 7% 1E 13 A8 3 (DCT A1 TDCT) i Ab B RS 8] 1Y
FEFEAT TIRANTHE . SR A R INE 3 R,

A3 AT AL F , IDCT 2% e fIT 75 (%) Bisf ) AS )
DCT 84 1y I A%, AR R A B A R . R

®3 EFTHRITHESAE(HESHEF)SH
Table 3 Analysis of computational burden (time and

memory) of forward and inverse transforms

g WA e e
pDCT  IpeT  AEMB

FF++ 182 522 86.54 156.51 26 201
Celeb-DF-v2 127 994 60.49 108.91 18 374
DFDC 11257 5.24 9.57 1616
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Table 4 Effect of frequency components on
generalization ability
1%

FF++ %k

LAY
FF++  Celeb-DF-v2  DFDC
s 90.63 80.43 66.24
25 [A]+H 23 93.76 82.40 69.30
23 [A]+ i 25 4T 48 92.85 80.11 62.50
25 [H] 4+ 25 + I 90.66 81.78 66.58
2% []+ B 25 + R 4 96.97 85.80 77.20

T LT A 2 5 B e

M Z S BTSSR B R R I b, 7R
Celeb-DF-v2 Fl DEDC 48 45 |, #H Lt Tt JH ot 5 it
FAF B AR R A B A Ay ) R
5. 69% Fil 14. 7% 1fij 5 (R AR (5 B RS RLAR L
AR 4. 02% F110. 62%. X F 25 55 L B IR A0 A,
LT T R T S S VAR X AN 3 A [R5 4
T, 0 DR AR DX VR A B o AR AR A S

AN TE A RO Oh s A4 P A SRR RRAE , 34 1] RE
I WP FICAAF B, 307 B AR A (972 1k hE
AR STy 1 3E o R BR AR oy A s TR BT,
PE R AR i A K (R B RE ) o DR B 1 e A 43
W) =2 A5 T RGP i A, s P 25,
XA AR BE A BN R A T MR G HERRAE . X —
PR3 Bl A 78 B b S 0 AT P 25 Hh 0 A A Ak
FEEFREAE , DT I & T T AR 32 fh PR
3.7.2  JeyTRAS ()R A4 Ja i A5 AR 14 B )

R T WIS SR 2 ) RRAE 04 JR) I 25 5 X A Y
ZALRE I 52, A SCHE 2 A e dE A TS0 5, LABRIE
AN RS B MR AR A ELRVE . SEIe g R ngk s
Jin o DS AT OIS 5, B 3 1) SR R IR AIR,
A BB S PR A Z A R 7R 25 [A) 3L P A R Ry S R AE
T FSE 235 30 000 3 0 o 4 Jey it 2 15 8, o J i S5 1)
KFEAR, S BRI A FRAES B T2 )5, Z
W1 Ry S S i DX Sl A 3k A AR AR M LA AR
SR R, R 2% . WAL 4 (M RE A Ho AR
T AR 345 FE R T (BT AR IR 2 33X n] fig 2
1 T 4 (SCKEAS [F] 9 )= 3R 2 AR S5 4 ) = )2 4
FEEAT (] B AR, ke = F— 20 5 B Ab B . JR 2
FEVEA T 2o 25 (B RRAF 3 SR B (SEB) M5 LT, Jmi
FRAE R i 22 RO B o A 2 LR B9 A1k, 3L
R TE 1 RO B R 0 OB A, A TRT S I 1 X 4
Jry AR A 25 A5 B ER Gk . ML R BEAL 2
L 5] AZS [RRIE RS 35 B (SEB) | fE % 5 4 b 4l 412
G ) B FRE . SEB T8 33 X5 AN /) )X EE R kA 7
$t i I 0 1 9 286 X6 54 45 AH G 9 R A 8 0 19 56 1
T 54T 55 0 56 g gt 7o 3 T8, DA T4 T T A AR (1
TR 2T RE 70 o IXFP 7 A A0 5 T R 1 17 fb RE
77, AR AR A A [R] 9 £h s IR AR 55 v R A DR
R PR RE . A B 6 Y B TR I 2 s
RS 3 — 25 AT R P R B 2 BRI R T RS
15 B (A A S RSB RHIE 5 42 )R & 2 R AR
g4, 1 U A R A RRE C IR T A 2 R 5 R
WA s SE o BRSO R e O AR 8 Ah T B
(ISB) R AMX — B , #8111 , f Tt = SEB 1 2 RUEE
Bl FRRIEFZ 98 B BB SOH R R SR, 8L
FLPERAT A IR B BHAR KT o BAY 7 JR I T SRe A A 1k
AE A L TS 2 FASE AL 5 {8 FH I 4% ) B — A e
AR SCAE AR 7 38 5 SEB A 2 0T 51) v 1) S 8
S S DX, IR 25 5 ISB TR AN 4 I AR A B 4 SR i)



$£31%5/F£18 /2026 £1 A

K, FHE, KRk, %
E TSI EmMERN Z 5 X M4 A T Deepfake #&ill

2GRN BRI R . X FPERG T IR AL R (7]
P S A H 14 o 0 40 0 2 e 45 ), B TR ) 3 IR

ol R BT HH ) O B R L, DT A 2 R v A T ) 9 A
PERE

®5 BE/ERERIZHENHIIG

Table 5 Effect of local-global information on generalization ability

1%

St SF+ SF,+SF, ZS[RRERGsR A w20 E (5 B Aheik

FF++ %5

FF++ Celeb-DF-v2 DFDC
A 1 N - - - 88.48 80.56 65.16
i 2 - N - - 94.48 83.40 73.60
i3 - - N - 87.97 78.20 63.05
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Table 6 Effect of the interactive fusion module (IFM) on

generalization ability
1%

FF++ 1)1 25

sl
FF++  Celeb-DF-v2 DFDC
F'4FY 94.58 82.8 72.6
AEH. A AR 96.97 85.8 772

E L P SRR 5 8 R AL 45

3.8 A

SRy 2 U BH AEL IS 2 1) Afe 34, A SC Bl ML B
TATRREA AT TR 73 A, An BT 8 Iz . I 8(b)
SR T A R DX 3k A= B ) 4 (Selvaraju 5
2020) , M & 8 (c) bz T A SCHy AR AR . m]
DILZE 1), AR Jeg 308 DX 3 P A5 780 TG vk 4 1T 43 B PR 1
5 O, T A SC 7 76 U R FH 22 T O 18 2k 2% 14 7 00
A

AN, B9 A AT AL 25 Btk — 20 B uE T 4R M
R RE R IEE . TR, JC SEB(%

() Jta &

(o) PRI IR R
K8 ARFEA R AL

Fig. 8 Visualization of different samples ((a) original images;

(b) the generated heatmaps by using only local regions ;
(¢) the generated heatmaps of the proposed method )

133



134

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

() 3 i ) A ISB (5 B AN ST ) OB L SE TR
IO X3, S ok Db i £ B BTSN R o AU
2838 13 [ IS8 ) SEB A1 ISB SRl FE Pt 26 2%, 4
SRR B 2 TR A DX, 4 A 4 s DX 0 5 X
o X ERM, TR AT L ) 26 [R] IR 5% 3 SR
PO A Jay S DX, DA T A 02 381 B 4 T AR PR R R
& B 2 AL fE

(c) A9 7 [IBE RRFOAE SAb FE R
9 FJCSEB +ISB A1k
Fig. 9 Visualization without SEB + ISB and with SEB + ISB
((a) original images; (b) visualization without SEB + ISB;
(¢) visualization with SEB + ISB)
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