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Abstract—With the rushly development of Deepfake related technology, there is a more challenge for the digital media
forensics and higher requirement for the talent cultivation on information security. As a professional elective course, Digital
Forensics needs to be catch up with both in the model of course teaching and practice training. This paper explores the
course program and practical teaching model, and offers an online course of Digital Forensics on the platform of Al Studio,

and then, presents the summarizes and prospect.
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JE” (Digital Image Forensics) [2]-
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B WE 4 3% PRNU (Photo-Response  Non-—
Uniformity) [7].
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HEmym2s] & 1 frox. 78 Al Studio “F-& AL
HEQETE, TREEITE %, R, HE
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PRI 7V o JG — IR E ML RFRLE Deepfake £
WS IS e 2= =2, i, Two—stream #5784 [31]
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He DR b A 38 i 06 BEUE o H 5 A8 4k, 2 BVEAEH
BHARAE FSE NI BR R R . IR S
A LAFEBRAE T & AF B IR 2 48 58 I 20 A0
kA B TR B 2 ) A F RO AT AR — 1N B
MBS AR Z R 2, SR I H WA RIT IR 1 s,

* 1 IERBFMBTIFR

s SR H 44 Hdhise
SEEE 1 FT PRNU 1 MG R IR IGIE 2 SREEAE/TES
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SEE 4 BT b SR BRI R R L SREEAE/TES
S 5 J£T DCGAN. PGGAN [{ N\ Ji6: PG AR B S % T
S 6 FT GAN FHIE AR Rl B s Ske:g /S
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ST 8 HT GAN FHIE [ BG83 B 22 e ) R B R
S0 9 TR 2 ST TP M Deepfake #6057k (52 FaceForensic++
Joppy | BOEPIETIR R, HIEEM—RRCEI, IR Celeb-DF, DFD

R, FERSERR R E) DFDC preview dataset

TyA S BB IR R R Dy i T IR A £ 1
MBI, H AT AR A AL A8 EOT R T — L84
TORERIR . DI A E £, DUt i s il
FOERIETE, ERESHERES, SRS

R M 1 B B4 45, W0 FaceForensic++[32] &
Celeb-DF[35]. DEDC[36]. DFD[371 45 IREWF 2 FF
INo
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