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Abstract: [llumination is an important part of the external imaging environment of a video, which reveals the
physical conditions under which the video is taken. It is difficult to simulate the realistic illumination even
using complicated computer graphic models. Based on the difference of external imaging environment between
real videos and Deepfake videos, we propose a method for detecting Deepfake videos by exploiting the
consistency of illumination directions. Specifically, we employ the Lambert illumination model to calculate
the 2-D illumination directions of the video on a frame-by-frame basis. The authenticity of the video is
determined by examining the smoothness of direction change of the entire video. Experiments on the public
test datasets TIMIT and FaceForensics™ = show that our method can effectively distinguish real videos from
Deepfake videos. The method features low computational complexity since it does not involve any model
training stages, making it more appropriate for real-time applications.
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Fig.3 Comparison of illumination direction distribution be-

tween a real video and its corresponding fake video
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Table 1 AUC comparison of different algorithms

B
Bk FaceForensics'" TIMIT TIMIT
(Deepfake) (HQ) (LQ)
SCHR[11] 0.701 0.735 0.835
ik[12] 0.473 0.532 0.551
Ciik[13] 0.780 0.770 0.773
AR 0.966 0.853 0.886
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Table 2 Realtime comparison of different algorithms

MR AR

ik ﬁ“;gﬂf AR, IR Hﬁfﬂ

T s om0
SCHR[11] 100 512X 384 I 50~60
SCHik[12] 100 512X 384 B 15~20
SCHik[13] 100 512X 384 2 15~20
ARSIk 100 512X 384 & 10~15
5 % P
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