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Abstract In the contemporary digital era, the proliferation of cybercrimes, such as fake news and
online extortion, has led to increasingly prominent negative impacts caused by manipulated
images. Consequently, detecting and locating manipulated images has become a critical task in the
field of image forensics. Over recent years, deep learning technologies have achieved significant
progress in the field of computer vision, and many tampering detection models have started to
leverage these technologies. However, most existing models require pre-training on large

datasets and exhibit relatively weak robustness and generalizability. To address these issues, this
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study employs the Convnext model, a high-performing pure convolutional neural network in the
computer vision domain, as the backbone network. Furthermore, the study utilizes the Unified
Perceptual Parsing network (Upernet) to extract multi-scale features from images, constructing a
tampering detection and localization model based on the Convnext-Upernet framework. Building
on this foundation, the study further applies a self-supervised data augmentation technique to
amplify tampering traces in images and enhances the accuracy of tampering detection and
localization by employing an image classification loss function unrelated to the tampering detection
and localization task. This novel approach allows the model to focus on detecting subtle tampering
artifacts without being influenced by unrelated factors present in the input images. large-scale
experimental results on mainstream tampering detection and localization datasets, demonstrate
that the proposed model exhibits efficient and precise tampering detection and localization
capabilities. Compared with the state-of-the-art cross-database performance of MVSS-Net++,
the proposed model improves detection and localization performance by 14.4%. achieves
comprehensive generalizability enhancement, and demonstrates strong robustness against common
post-processing operations, such as JPEG compression and resizing. In conclusion, this study
presents a novel Convnext-Upernet-based tampering detection and localization model that
addresses the limitations of current models by incorporating self-supervised data augmentation and
an image classification loss function. The proposed model outperforms existing state-of-the-art
methods, providing a promising solution for mitigating the negative impacts of manipulated
images in the digital era. Future research directions include exploring the integration of other
advanced deep learning techniques to further improve the model’s performance and developing
real-time detection systems that can be deployed in various applications, such as social media

platforms and news agencies.

Keywords image forgery detection; deep learning; convolution network; unified perceptual

parsing network; self-supervised data augmentation
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143 3 g0 e AR RS B R R R A BEUA
GBI 2R F] 0 258 SO R pRAR, THER R 43
AR PREL Loss., A7 iR, Hrp X R g A
12, Y WEMGHRE, Y =1 Fn RER L, Y =0%
7~ N ARG . GMP (Global Max Pooling) 2 75 A
R R AL s Loss., 5 Loss. P& FINAE R 2409
PR AL .
Loss; = — Y+log(GMP(G(X)))+

(5

dice=

P
(1—Y)-log(1 —GMP(G(X)))
Loss = Loss, 1+ Loss., (8)
FAVE Loss,, F1 Loss ., B AR PRIE R E L
AN R 43 AT 55155 . AR R SE 9 (3. 575
FEA T ok SEHUE R 1 3 2 R pR R S M
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Convnext-Upernet P RE #1755 91, 3X 5 854l 5
1k : CASIA®  Columbia™ . COVERAGE"' }
NIST16* Fl IMD2020*, F %38 T Convnext-
Upernet i #5 EYERE , 2 A VERE  BIALE B . i
TH LSS PR5T T A W B B o 3 2% PR AL SR
YR [ 4 A PR RE OS2 I . o T G M e A R
Oy RPN PREL  AE— LS B PR I T A B
BT .

3.1 HIEEMIWIEZE
3.1.1 HudE

AR Y26 T EAE R T 5 A4S 3 B R T B
£, N IR X Se B R R AT A4

(1) CASIA Z 5 i 4 3= 2240 % & | B8 sh Aot

B K%, A CASIAV] Fil CASIAVZ 4 i

A FRATEH H CASTAV2 A 8 B UG A T 2k

L, CASIAv Hr B el G Tl . 78

T Rl S35 B CASTAV2 Hh iy 3745 3K 484 &

B AN GRFNGRAIE .

(2) Columbia: Z B 4 v T A 28 Fe 4 1 Pf 422

FIG Ba 5E /N, JEE 183 9k v 4 HE R B il

14 .

(3) COVERAGE : iZ ¥ 4 & — = il % 5h

B RS BE A A1 100 Tk B i R4

(4) NIST16: iz a4 3t & & %30, P,

bk = MR R BBk =X YR o B s
LRI A 564.

(5) IMD2020 : 1Z K He 2 1 1 1 B A0 L oA
EHRER o B AT E S A A 75 PR 45
R BN 2322 FARPLAL S T 35 000 7K
HAREME I 3 GAN 5% Inpainting 55 J5 7
AT 35 000 5K EZ LA K 2000 5K F T 2L o &
& .t T iX 35 000 5K G I 1A A L S B ol
DX Sl AR AL FR AT T A8 P 11 5 B o i ) 5 S ik
F A TR BB X Bl 5 1Y 2000 5K E15: .
3.1.2 SEEiE
TEVNZRES FRATTE A T CASTA % 45 H i R
SHA R G . X AR DA RS  FRAT P SRR
SEREE R 512 X 512, AR SCAYSE R A B M < Python=
3.7+ Pytorch=1. 9. 0. Torchvision=0. 10. O i F {1
RN Tesla V100 AL AL 4% Adam 27 2]

(learning rate) 47 0. 0001 & AT — Y%k T 100 4~ 3%
R EL Cepoch) HEIR K/ (batchsize) A 16.

VR A X L e 0 1) 2 i £ ok e 2D
IR AR HAE ImageNet Fi Il 2517 Convnext-B X} I
IR SR AT U D, 25 B AL A DI Rt Pl 55 IO A
g 1 i . i F COVERAGE ¥ 4 % it
B A E K UESE . BR CASIA a0, HoAx
Bt 5 v U 25 4R 40 Uk AR R A Y LB 0. 7
0.05:0. 25.

&1 BEEEINGERE

ufint Pl S WiE4E M
CASIA 4597 511 920
Columbia 729 9 45
COVERAGE 75 25
NIST16 394 28 142
IMD2020 1205 302 503

3.2 iFMriEtR

AR B R Pt 4 T A (Area under ROC
curve, AUC) \F1 434t (F1-score) . 32 Jf Lt (IOU) F
T K5 28 (FNRO X528 38 47 PEAL X 4150 2= ) 1B
S B AR BN P FL A 80 5 W A 209
JiR

Fl= 2X TP (9)
22X TP-+FN-+FP
5N
IOUz‘“Y y| (10)
|5Uy|
EN
FNR=_— - 11
NR=ZpTFN (D

Horpr, TP R AR 00 1E A 1) B (% 2 S8 H L FP
AR PRI R B B R R S E L FN 3R AR
RITIN A 1R () BAARMR 2R GEH L 5 y 43 0 3R
PRSI B SRS
3.3 ZWHER
3.3.1 EEHRAERE T A

FRATE e X R Y 5 PR R ) AT, FRATTAE
AR A BN i TR R S AR T . Horh,
ManTra-Net" "™ & SCH 78 [ il %54 4 2617wl 25
Je Pt s . BT IRATTTCIE 5 2 I Man Tra-
Net i& 3 T4 38 i , AR GitHub 1/
1558 Ff SR HBORI A SRS (] A 52 56 15 B R A 7 5 5
T 5 ManTra-Net i 345 R 17 X 45 AW L
iR 52 56 10 /F Mantra-Net'. MVSS-Net++"% } 7
CASIAv2 5t L T I Zh iy SEO 45 5 . o 1 5850
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IS FATFE VN 2 MV SS-Net+ -+ fin AT 7 SC#2
WA A R R R e . BIRAE CASIAVZ I 455 7
BABHERE LR ERERR R 2R . TER—A
B £ vk BE AR G i TR 2R, - R BAEZI8 X

HRJ A WHZ AR bR A TR B A FE % s AR 1k
Ak . A D b, X T/ B 4 1 Columbia.
COVERAGE FI NIST FR AT 42 &8 ) £l 40 1447 0
. HAE R R R 1 AR BT

%2 Convnext-Upernet 7£ CASIAV2 Yl FEAR B #IEE L MG E R EBE(AUC/FIVIOU/FNR) %

ik CASIAv1 Columbia COVERAGE
ManTra-Net'” 81.70/-/-/- 82.40/-/-/- 81.90/-/-/-
ManTra-Net’ 80. 46/34.96/24.27/48. 95 72.08/46.83/32.34/49. 31 69.90/26.10/15.85/55. 24

MVSS-Net++# 89.07/59. 37/50. 12/27. 96 83.97/66.60/56. 37/35. 64 87. 43/48. 57/38. 52/38. 07

AR S 98. 60/84. 69/78. 21/13. 76 95. 70/88. 24/83. 57/10. 55 86.43/38.57/31.9/59. 02
WikeS NIST16 IMD2020

ManTra-Net'!” 79.5/-/-/- -/-/-/-

ManTra-Net’ 71.33/18.05/10.96/55. 48
MVSS-Net-+ -+ 83.19/41.22/32.15/44. 43
ARSI 87.30/45. 06/36. 77/45. 41

76.04/22.75/14. 34/41. 83
81.42/34.01/25.12/49.88
90. 35/45. 62/37. 04/45. 05

MFE 20 LLA 78 CASTAV2 VI3 Fo AT Ay A5
RUTE S ATFEARE L#AT B AR ERE £ 21
B4 A AUC.F1.10U LA K FNR PERE [ - #
T ManTra-Net"” F1 MVSS-Net++ " Bl fifi /£ 4
=R R 007 2R NIST 16 546 Ay %5 W
WL RN T IR AT R A Bz A
JEPERE FIRE T o3 ANEE . BORTE NIST16 4 4 1)
BRAGHR HE MV SS-Net -+ -+ B4 o (H 2 7 Hifth =4~ 48
i EY#E T T MVSS-Net+—+. £ 5 Mantra-Net Fl
MV SS-Net—++ 1% oAl LLIE B A SO RS (1) 410
.

(EASER AR T Man Tra-Net 45 57 4
CHAE CASIAvV2 /N4 E AT Y12 HLIJCH Sl
RPHUAS T8 iR, . e mpor XA T N TR E %K
G AR REBE RN S 18] . 5 [RIFEFE CASTAvV2 B
) MV SS-Net-+ -+ L, AR SO SRR 1 £
3.3.2 BdnAE AR

FATHE B RAE AN TR N AT U S A
iR, I 2 4 R I 3K 4 # 3R 1 43 B . Convnext-
Upernet 5 H A AR R 7 A W] 450408 4 b ny kg 3
FIros . TR T vk IR A TR PR TR AT LR
FH T HAR SO E i £

%3 Convnext-Upernet 7£ 7~ F £ #E & _E A48 (AUC/F1/IOU/FNR) %

Tk CASIAv] COVERAGE NIST16 IMD2020

J-LSTM™ 61.40/-/-/- 76.4/-/-/-

H-LSTM™ 71.20/-/-/- 79.4/-/-/-

DFCN[16] 85.43/54.37/46.21/30.47  85.69/44.54/31.86/28.47  89.83/48.54/39.9/38.88  89.04/45.80/35.85/34. 91
RGB-N™ 79.5/40.9/-/- 81.7/43.7/-/- 93.7/72.2/-/- -

SPANU 83.8/38.2/-/- 93.7/55.8/-/- 96.1/58.2/-/- -
MVSS-Net++%89.07/59. 37/50.15/27. 96 91.27/51.44/43.09/42.17  94.00/72.86/63.91/22.32  90.82/48.13/37.08/33. 92
PSCC-Net™! 87.5/55.4/-/- 94.1/72.3/-/- 99.6/81.9/-/- -

AR SCARIRY 98. 60/84. 69/78.21/13.76  95.62/56. 72/45.58/35. 48  98.82/77.75/71.75/23.10  93.48/54. 08/44.37/42. 29

HH %% 3 ] 1, Convnext-Upernet 7E CASIAv1 £
£ LM REAREEAL T ILAAIRL . AE H AN R AR
HBEAT — 2 I ARSI AR X F DFCN™ \RGB-
N2 SPAN" D) & PSCC-Net " #B2¢ A5 5 i 75 .
£ COVERAGE ##s 4 I 19 F1 1 68 F1 NIST16 %4
P54 b Y 2 B 2 MK T PSCC-Net™. DFCN 7£
IMD2020 I () H: BE 5351 >4 89. 04%6 1 45. 80%4 , 1 A<

SCAR AL AE IMD2020 | g AUC 1 F1 43 1) A 93. 48%
H154.08%. £ 10U M fE I s AR SCRE AL Ho Al g A5
A AEARE R IR, AR SCBARIAE NIST16 2548 4E 119
FNR t MVSS-Net++ & , 78 IMD2020 %5 4l 5 £ &
Ft DFCN I » iX B Bk 5 MVSS-Net++ Fl DFCN 7£
NIST16 4 4 F1 IMD2020 B4 45 b 1E B 46 42 ok
BEERE Z . RATA 332 B AT TR A 43



2234 i =)

Ml

W 2023 4F

DX A 7 R B X ST 30 L 3. 3. 379 B A W]
AL REASAR -1 U B3 — A

FRATTXS AN [ 452 Y i) Fot i) &4 R A7l #4181 7
41 Convnext-Upernet 5 JF i 5 75 ManTra-Net'" |

DFCN*' | SPAN 'L, & MVSS-Net+ "1 i [&]
G RRALST . AR PTAARES , =AM AR LL 0.5 0
15 1L, 75 20 2L A X S A R [ s o B e 0. 5 IIEA R i
BRI BWDCHIZAR R BE . K7 Rk
X k4 SRR GO R St Bk

I P o

d) DECNnJ#{k

A

e

e) SPANP]#L

(f) MV55-Ne

+1] ).”/

g) Convnext

an i 7 J 78, Convnext-Upernet 78 5 3 B B X
B FRINAGor E L H A AR A U H 0 2k A 1A
1% i) B ok X 8 . A L 2 T, ManTra-Net fll
MV SS-Net -+ -+ 7 U A4 5L e ) IR H 30 T 3
I L T DECN A1 MV SS-Net+ - (1 3 [ 1
iﬁ'ﬂﬁﬂﬁ(ElﬁﬁLfﬁ”%TT{ﬂ‘]E FNR #8458 I 1) R B AH
XPHREhT . ke g5 B — 2L B IE T 3% 3 v Convnext-

Uperne 1'] 'L{"

& 7 TH&MWMW@TMQX

Upernet AH% - H A AR ELAT B G iy for il 4 i
3.4 EHMIIE

R T XA B R A T I, FRATTAE NIST16
Fl Columbia b i# 47 £ FJ5 AL FH . By T NIST16 F1
Columbia & Y 4 #4 w , a ALBE R B 0 T~ H
W R 4B 512 X 512, 5 28 1Y J5 A BRER R L T
AL BT
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Ji b P R B FE G OR TR R v 3SR
oA FEAT = BRI B A% B KN R TR 7 (o o 5
Wl 75 bR UE 22 JPEG JR4R (g N 48 ). F& A7)
K B SPAN A R #Y 6& # 1k ik i &,
SPAN"J& H i 7EAH I TAE i I3 B 7 6 e
WSRATE 55 19 TAE I HLS 28 TR #R R UM e A ] 1)
SRR

F 4 RFRATTHY IR 5 SPANTSHI PSCC-Net'
TEAN R J5 A B g MEGR LB . R 4 FoR , F6 A1)
(AR T A A EH B BB LA — e L A
&R BB NS LR, i i KN R 0. 78 LA
1 W RO AZ KN A 3 B, Convnext-Upernet AH % T
SPAN"F1 PSCC-Net " 75 & 1 DL F5 A8 5 1 P

fig . AFR AR BURE BRI OL T S A 48 iR /N
0. 25 T L A% K/ 15 JPEG R 46 it &2 4
50 B, PERE T R I . X PCSS-Net J&—
o 4t T ) B R B R FH IR AT T RAS R R
ARFAE » I HMAR RO R AE T L T o ph RE 2] 41 5%
AN 5 R T AR SO A S — U B A

TE T 7o o 8 ) Pl A1 o s 33 A o A 5 35 ) A 7
BA—E MRS BB E T AT B
PSCC-Net B AL 75 o i IR AT 1A 0 06T v 17 e 7 L
B ARGF B PE . 7E Columbia #4745 7 3 0. 78 K
/NEFERATTI AUC PERE RO fr BT H F 1 RR R
SR T R FRATTIA A X K A Columbia 2540 52

RE AR GEBUR R B AT B 2801

+R4 TENIST16E3EEF Columbia £ #5& F E#HE ST (AUC/F1) %

- NIST Columbia
i SPAN PSCC-Net AT SPAN PSCC-Net ARSI
JC R AbH 83.95/- 85.47/- 87. 30/45. 06 93.6/- 98. 19/— 95.70/88. 24
510 78X) 83.24/- 85.29/- 85.76/40. 01 89.99/- 93.4/- 96. 55/85. 85
510, 25X) 80. 32/- 85. 04/- 79.19/32.43 69.08/- 78.41/- 95. 43/83. 59
RO (k= 3) 83.10/- 85. 38/~ 86.70/45. 62 78.97/- 84.18/- 93.92/81. 72
TR TR (= 15) 79.15/- 79. 93/- 72.45/10.47 67.70/- 73.24/- 67.88/3.74
R (0= 3) 75.17/- 78.42/- 85. 55/40. 87 75.11/- 82.64/- 94.72/85. 59
R (0= 15) 67.28/- 76.65/- 81. 20/29. 37 65.8/- 74.35/- 87.11/48. 23
JPEG J£4i(g = 100) 83.59/- 85.4/- 86. 73/43. 61 93.32/- 97.97/- 94.93/86.73
JPEG 4 (g = 50) 0. 68/~ 85.37/- 83.15/35. 68 74.62/- 89.11/- 89.75/72. 99
3.5 HEhSIE F6 AEIKFHHIM
Sy T S E I AU K R - CASIA
SR AN BRI T« G TR A BRI O 42 — T
_ - , NN ELoss L 00 . 0J. 0
88 T2 P 1 X B R AR R S :
B iceloss 93.4 64.6 58.47
W0 £ Kl Upernet £545 B PERE . FeATT2EAT T 2 4105 1] BCEDiceLoss 94, 44 70. 45 78.21
STy SEES il CASIAV2 54 4E . 7E CASIAvV] |
oy o . \ N5 o # T i Bk B B
WX H . FR AT e B T U1 A M e B AR R ARAHFIREERAIZ
[R5 RO P 1 S . T 5 - CASIA
" — . S o . AUC F1
FA R QN2 5 r 7S » 2% 6 S AN [R1453 2K bRV BCE CASTA N o .
By LRy g5 R . AR R S5 B BCELoss i 88,73 60. 32
Dicel.oss 1 BCEDiceLoss 3 i 2 sR8UE CASIAvV2 PPM 89. 31 66.12
EYNZRAR OB, AR5 E CASTAVL EIIRANT H . 67 Upernet_no_C; 90.02 67.00
LR 2L AT IR A X8 2 R T 2 pemet o€ . 5.5
Upernet_no_C, 84.98 45.16
x5 FZUER I AR 94. 44 70. 45

CASIA
WIRES
AUC Fl1
AR SCRR R Al FH I ZRAUE) 65.46 9.53
ARSCAF R ((f FHF 2R ) 94. 44 70. 45

O T opency JIEH [ resize J7i%

@ TR T opency JFEH Y GaussianBlur 774

@ = g f A numpy JE # 1) random. normal J35AE
@ JPEG FE4if# F opencv & 1Y imencode J57%
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T A I AR RIRRAIE 42 57 3 I 4% T sk o 2 X
HBETY 1) 52 M, FRA TR TG 82 57 35 Tt A A R AR [ 3 4
PRAVEMBLIRR A FCN B TG 4 5 38 th AR A B i 151 780
FRA FEN ¥4 Tof ) & S BRAE (B RUFR iy PPM. R
T Convnext ¥ F#AE K 43y P44~ Bir B, FoATTAR F 48 b
T£ Upernet Z5 4 i i X DOANFRAE . o 1 —2
E I FRAT T A (4 6 MM FRATTHE Upernet 2548 v H
i FH A = AN BB RRAE . FRATDRE S AR AR K Y
BERIFR A Upernet_no C,. Hopie[ 2,4 ] R 8 A A
[] 3 1 % 26 Xt Upernet 1 52 1 , F AT TR F 2 e AH
it B Swin-Base #E47XF E » T Swin-Base X K& 1)
BRI AT — B R AT B 224 X 224 A T2
AR SR A A W B g

®8 AREFMZHIRM

- CASIA
FT L -
AUC F1
Swin-Base 82. 66 50. 89
Convnext-B 85. 47 55.58

FH 22 5 AT 1 T 2R 0 A5 2 M R 5 e
K 2E ATl H T ZRAUE A1 B0 T - CASTA 4l
H i) AUC HAT 65. 4%, F1 B A5 10%, i i F i
ZiAUE 7 AUCHR & 21 T 94. 400, F1 e 31 1
70. 5%, Bk T4 E K . AAER 6 /] LAE R R 4 2k
BRI 50T A5 B 1 BB L AT A N ) Y S A, R
BCELoss [ PERE L 53l # H DiceLoss 4T, {5 FH Ik
& 2k PR E BCEDiceloss o 5. () BCELoss Fl
DiceLoss B . q13% 7 R , B N a4 =7 3 Ak A
Mol F0R n) 4 R VR AR S R R MR RE P AR BRI 3
) 76 P 5 45 G iR RE SR O » I HLUR)Z I RRAIE [T XA
RUSE B A, 7E 4 A REAE ] [R] B Ao FH e 38 380 g 47 1)
ROR . 3R 8 AT H1, Convnext 55 Upernet #1455 g i
AL HPERE .

PRI M7 i 252 E) 3 ol 5 0 FRAT T FH )1 ZRA
1 BCEDiceLoss VE N HERI S BB . 7RSS A B
B 1 5 RN % pR R A RO, AN TR S 1 A
GERNER O P . FRATR B A AR 1 5 R
b_aug  ASCEEIN Y A BRI R RN A s _aug . A
SCHR A BB AL R B 3 SR SRR R r_aug, B
SRR RN clfs MABAR EUR AT SRR R
add,“ +"F A R, < - Fom ARl Iz
PERE AR A O HTIHL RS

M9 AT LUE ), B W A e e o TS

O 2023 4F
*9 FAEFWEEMERAUC)%
- BT | VGRS
b_aug  s_aug  r_aug clf add  CASIAv1
0 + - - - - 94. 44
1 + - - - 98. 26
2 - + - - 98.40
3 + + 94.67
4 - + - + 98.14
5 - + + 98. 60
6 + - - + + 96. 86
7 - + + + 99. 05
8 - + + + 98.90

PERE B B TR AR #3500 . A T Atk B 1
G 0D, [ W B 3 o (U B 1 RN B 2) ffi A
RGPk RE$2 = T 400, SR L A HE T R R K bR R
(R E O MR E 2) ok HIE 7 7 24 K R I 3
i & 5) T RO I A W Ao 54 T
0.27% F0.2% ., If HAE R & 4 g s i A ir T
B . X AT fg 2 DR R IRl vh (8] 7 43 SR e T
— S EE Fr o A O sR B A R B AR VR A
PRI » ZEAH R IR 20 2 0 R Oy 1 sk A i1 255K
It 4 Ay S o RS i 1 BB 40 2K o B b 2 o —
(G O & A AT CASTAV2 H g 2y 3500 5K 244
FEME I A 2R B8 15 ] CASTAvVL o i) fir 5 B4
HEAT I . A AR S I 2B E A2 b an
10 fi7s

Fz10 MATEKEGER CASIA #iEE
B4 Ytk IESE st g
CASIA 7968 855 1720

MO AYIEE 6.7 IS T LA L AR fin T
TR MBI 1 SR A R BRI R A 25k v]
DAARE i AR AR B S I R A 2R B (IR 6) 1
TET 2.42%. B B EE R ROy 2830 2K pR AR
B DB PERER = 2 T 99. 0594 - MAL T HE Rk B
BERRAETE T 4. 6100, TEMEH T RENL B B B 3 0
(R HE 8 Ji - PERBARES T 17 W B H A 3 i B A7 T
TR FRATTIN R X T REA L AR T S 80 . anfEl 8
iR s FATTHE— 2 AN ) B HE T T Ak, DISR &
it .

L 8 AT LAt AEASE FH [ B a1 i
AL GRE ORI B 6) . 3 WA R R — 0 Eek
DX ol U A Ay LS X3 AR FE A A W
WG (B 2 MIBEE 75 78 TU A A AR K A $2 7



10 BAMAESS . BT Convnext—Upernet [19 A% L MRS I 5 57 45 774 2237

K8 AR E T T 4t 2R

C R w Her BB X T NI 6 R 7
A LA H S ZE VN RIS A SR R 5 R AT DLIE Ay
T AR 2B A IR

4 BEMEZRE

TEfF BERIEAIG KNSR FERENEL LR
JE o EE O R AT SR I R R B A
BEFE. fE A TAETRZ R% Bk EA,
A 7% JERT SR EUR BRI . FATIA K ZE AT ]
AGR SR SRR I B AN AN 2 R T A 7 B e X3k, X T o
2 5L R S RE A8 A PR Ok O HACRI R
A—E R BB R RIRE ) .

ASCEEE RN 1) Convnext Fl Upernet,
¥ #EE T Convnext-Upernet, F 45 H: i FH T 5 Bo e il
FENLAESS . AEUIZRIS AR SCINAT H B B 1
5, DABR SR 1Y 2 FEE  SE AR A P g . 7R
TR R 4 B BR il b AR SO AT BB O3 2R
i 2K BRIER . DA Y B A s BN TR 2 T B
B 1 D3 A RE AL PR BE [ I 3 T AR Y

S e e STRYIRE (N DU WNEIE A€/ S
PEATROR BT RTHR B A SRR R ES L 220
TR BRI OLTE B TERE  OF HHA ARz AL
PEAE PRI, b RS IE AR AL I R 2 B & . 7E
TP TAR R ASOR i — 20 P KR 32 A
AR (o HEA S a8 A ST 0 BE
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Background

Image tampering detection and localization is a crucial
research topic in the field of multimedia forensics and an essential
means to prevent tampered images from causing misinformation
and disrupting social order. With the rapid advancements in deep
learning and computer vision, researchers in this area have
proposed numerous tampering detection and localization
techniques based on deep learning. These methods often
demonstrate strong performance on individual datasets, but they
tend to possess poor generalization and robustness when applied
to different datasets or real-world scenarios.

To address this issue and enhance the model's
generalization and robustness, we propose a novel approach by
combining Convnext and Upernet, utilizing self-supervised
data augmentation and image classification loss functions for
image tampering detection and localization. Firstly, Convnext
is a state-of-the-art convolutional backbone network that has
shown excellent performance in various computer vision tasks.
It is based on the ResNet convolutional backbone network and
mimics the training approach of the Swin Transformer while
outperforming it in terms of performance. By incorporating
Convnext into our proposed model, we can efficiently extract
and process image features, enabling a better understanding of
the underlying image structure. Secondly, Upernet is a well-
established model in the scene understanding domain, primarily
composed of pyramid pooling modules and feature pyramids.
Upernet leverages feature maps of different scales, enhancing

the model's detection performance by effectively capturing both
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local and global context information. The integration of
Upernet allows our model to make better use of multi-scale
features, ultimately leading to more accurate tampering
detection and localization results. Moreover, we employ self-
supervised data augmentation techniques to make tampering
traces more evident in images. This process helps the model to
which

capabilities.

learn more diverse and robust representations,

significantly  improves its  generalization
Furthermore, we utilize image classification loss functions to
optimize the model's performance by minimizing the
discrepancy between the predicted tampering probability and
the ground truth. A series of ablation experiments have been
conducted to demonstrate the effectiveness of the introduced
self-supervised data augmentation and image classification loss
functions. Our validation experiments on mainstream datasets,
such as CASIA, NIST, and COVERAGE, show that the
proposed model surpasses existing mainstream models in
various evaluation metrics, including AUC, F1 score, and
detection accuracy. This model not only performs
exceptionally well on individual datasets but also boasts strong
generalization and robustness, making it a powerful and reliable
tampering detection and localization solution.
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