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Abstract: In this paper, a facial feature point tracking scheme is proposed by integrating Lucas-Kanade optical
flow tracking algorithm and the face alignment statistical model, DAM (direct appearance model), together in a
Bayesian framework. The prediction of feature positions from Lucas-Kanade algorithm exploits the inter-frame
correlations and accelerates the tracking speed. The texture-shape constraint under DAM improves the localization
accuracy and robustness. Experiments show that this method adapts well to the various face movements. It can be
used in face recognition or 3D face modeling.
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Fig.1 Examples of localization failure by optical flow tracking
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Fig.2 Using DAM to localize facial feature points
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Fig.3 Flowchart of Bayesian tracking
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Fig.4 Flowchart of two-level DAM for facial feature point tracking
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Fig.5 Face tracking
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Fig.6 Distribution of pixel error

K6 BEiREN M
4 T

Error/FaceSize (%)

0 5 12 17 21 28 30

Eyebrows Eyes Nose Mouth Outline Cheek
Facial points in the labeled Graph
Fig.7 Localization error of each point

Kl 7 &RENIRE

H I BRI B A T T s S, BT AR N 2 RV ) 8 7025 ok i
R I AR PP R A — SR 133 BRI, A e T 116 S ALJE 6 650
T, R A 0 TR 2 S S 3 A A 0 A — O P R 5 R A SR 2 T A R ER
W EHARL R 1 gyt T H2 5 8 9 255 2 1 PO UR BRER R W A B 1Y) R 27 45
R AR R ER B 10 2R A BB 011 B 11 2 AR BT RS T
Bl 12 2 NI HT R 3 67, 13 S NS 617 AR EREETHL H AT pig8 Feature point index
RYAE P4 1.7G _LILH) T 13 Sfps (11384 8 HHERT S

Table 1 Subjective judgment of tracking results
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133 6 650 5968 89.7

Frame O Frame 4 Frame 8 Frame 12 Frame 16
Fig.9 Video segment failed in tracking by optical flow in Fig.1 can be correctly tracked by Algorithm 3
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Frame 8 ] Frame 17 Frame 31 ] Frame 40 ] Frame 47
Fig.10 Face moving in the left-right direction
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Fig.11 Face moving in the up-down direction
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Fig.12 Face moving in the front-back direction
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Fig.13 Face swaying in the plane
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(a) (®)
Fig.14 Examples of tracking failure
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