ITNS EREE 4 . A TEBEF K » Artificial Intelligence Technology

BT Star-Gan By NI B B %

% w8 X
(b R R B2 B, BB A 230026)

H B ATREFIVABRERLFARFTRABRREOAEZRE ABLAE LA FREY kAR AR EOA
Mo B BEA B B A 49 Bk st . R A Patch-Gan( Generative Adversarial Networks) 89 3 51 23 25 # 4t 38 38 4 B AR W 438 3 AR
B — SR, AR BN Unet LMW BB EM B AMAN R B S B2 Bt HRBER 2 MR A Star-
Gan #9BEA Sl N 4] )2 — 10 B AR ARIE B L A9 4k 0k, )5 Face-Forensics ++ AJe E M 3354 L /70038 5 R AW,

BRA B A BT A R R,
EERREFT AT R AR %
i E 4 EKE . TP183 X HEkARIZAD : A

DOI; 10.19358/j. issn. 2096—1&20. 05.003
SIRHE S 50, (. 36T Star-Gan B9 AR I HH 1], aa&ﬂism%zeé,zozo,@: 216,

Face swap algorithm based on Star-g)

4
Yi Xu, Bai Tian

(School of Software Engineering, University of Science ?d nolegy of China,Hefei 230026, China)

Abstract; The effect of face swap algorithm based on deep learni

ment, facial expression,posture and other factors. There are inhe

structure based on Patch-Gan can enhance the local consistenc

feature output of the U-net encoder as the input, and con%
dopted as the overall model architecture,and case nor@

sadVantages in the current face swap models. The discriminator

@cted by the brightness of the background face environ-
tdis

an face through full convolution network. The generator takes the

multi-layer information details. Among them, Star-Gan model is a-

ayer is introduced to ensure the image independence. Finally , it is vali-

ults show that the optimized model has better generation effect and details.
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