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Compressed deepfake video detection method based on inconsistent
facial motion
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Abstract: To accurately and efficiently detect compressed deepfake videos on social networks, this study proposes a detec-
tion method based on facial action inconsistency by leveraging knowledge from the field of facial expression recognition. The
method analyzes irregular movements in facial regions of deepfake videos by modeling facial actions. Considering that low-
dimensional angular features can directly reflect facial region movements during human expressions, precise facial land-
marks are extracted from face videos, and angular features of key facial components are constructed through facial region
modeling. These angular features are then analyzed from both motion and velocity perspectives. A long short-term memory
(LSTM) network is employed to capture irregular motions in facial regions. Experimental results demonstrate that the pro-
posed method effectively distinguishes real and fake compressed videos and exhibits strong robustness across varying com-

pression factors.
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# 1 FaceForensics++ 8 [E 4511 ST R IR 75 7k

Tab.1 Noise levels of compressed videosin FaceForensics++

Index PSNR/dB  SSIM VIF RECO

FaceForensics++ LQ  32.60 0.84 0.48 0.85
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Fig.1 Visual analysis of compressed artifacts and
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Fig.2 Compressed Deepfake video detection framework based on the inconsistency of facial movement
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Fig.3 Design diagram of facial feature points and
action feature vectors
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Tab.2  Detection ACC (%) in compressed Deepfake videos of FaceForensics++ LQ

Tk DF FS F2F NT FSh
FWA[ 16] 78.50 67.25 66.75 64.75 66.33
Mesonet [ 17] 82.49 75.25 73.25 63.75 81.75
Capsule[ 18] 87.50 80.50 81.25 70.50 85.12
SPSL [32] 93.48 92.26 86.02 76.78 —
Re-network[ 22] 76.44 63.32 67.09 62.06 74.00
FT-two-stream[ 31] 94.64 85.27 86.68 80.50 77.31
ARSI 85.00 90.00 87.00 82.25 73.50
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Tab.3 Detection AUC (%) incompressed Deepfake videos of FaceForensics++ LQ

J7 ik DF FS F2F NT FSh
FWA[16] 86.00 68.00 70.00 67.00 69.32
Mesonet [ 17] 92.90 83.31 72.00 67.00 2.4
Capsule[ 18] 92.00 78.00 86.00 78.00 92.29

SPSL [32] 98.50 98.10 94.62 80.49 —
Re-network[ 22] 84.82 67.08 72.65 68.70 82.09
FT-two-stream[ 31 ] 98.00 94.00 94.00 90.00 77.49
AT 93.73 95.43 93.21 88.84 85.98
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Tab.4 Deepfake video detection ACC (%) in FaceForensics++

Capsule[ 18] FT-two-stream[ 31] ARSIk
AR SEL
C23-C40 C40-C23 C23-C40 C40-C23 C23-C40 C40-C23

DF 67.75 79.27 88.78 84.20 76.75 89.00
FS 54.00 73.90 77.66 84.19 81.00 94.50
F2F 55.75 80.00 79.95 86.75 82.50 87.72
NT 53.75 63.66 77.88 80.52 77.00 86.25
FSh — — — — 72.25 87.25
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Tab.6  Ablation study-Deepfake video detection ACC (% )
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Tab.5  Ablation study-Deepfake video detection ACC (%)

of two branches

HAEE DF FS F2F NT FSh
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