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ABSTRACT

Deepfakes are a sigrificant threal to society from the development of deep
fearning technology, which ix able to manipulate digital images that are difficult o
prove fafsehood with the hwman eve. Digital content that is manipulated is very
casy fo reach the wider community so that it has the potential to become @ weapon
af dixinformation that causes mass cheos.

This sty prapases the task t:_ll,rdﬂec'rfng deepfakes using the XeeptioNes

m'r.lln‘et'hnr! .l}zrnux;ﬁ' transfer ."!'ﬁrm '-.- with four different data sets, namely
e ) o Comibipe which ix an amalgamaltion of

0 o, which shows that the n
ides that exist in the real world, This happe
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