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Video Face Recognition Based on Modified Fisher Criteria and

Multi-instance Learning

WANGC Yu! %3 SHEN Xuan-Jing"? CHEN Hai-Peng''®

Abstract Due to the pose variation of target in video, it is difficult to accurately locate the face key frame and have a
high recognition rate of the video face recognition based on key frame identification. To solve these problems, a video face
recognition algorithm based on multi-instance learning is proposed in this paper. The algorithm takes each face video as
a bag, and each normalized face frame as an instance in the bag. The feature of each instance is represented by cascading
histograms of block TPLBP codes, and the weight of the instance feature is obtained by the improved Fisher criteria.
The classifier is obtained in the feature space of training set by using a multiple instance learning algorithm, and then
classification and prediction of test bag are realized. Experiments on the Honda/UCSD and YouTube Face databases show
that the algorithm can achieve a higher recognition accuracy, and at the same time, the method is robust to illumination

variation and expression variation.
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Fig.1 The framework of proposed video face recognition

algorithm based on multi-instance learning
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Table 2  Recognition rate of different parameters of

TPLBP operator on Honda/UCSD database

Algorithm S v w «a Dim  Accuracy
TPLBP+EMDD 8 2 3 5 256 76.9
TPLBP+EMDD 4 2 3 5 16 66.7
TPLBP + EMDD 8 4 3 5 256 74.4
TPLBP+EMDD 4 4 3 5 16 66.7
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Table 3 Recognition rate of different algorithms on
Honda/UCSD database
Type Algorithm Accuracy
1 TPLBP, 555 + EMDD 76.9
1 LBP;;:"1 + EMDD 74.4
1 LBPy2 + DD 71.8
2 LBPE2 +SVMI24] 61.5
3 GLBP-TOP{2 ¢ | |, + 1NN 64.1
3 VLBP; 4,1 + 1INNI[26] 38.5
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Fig.5 The CMC curves of different algorithms on
Honda/UCSD database
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Table 4  Recognition rate of different algorithms on
YouTube Face database (%)
gl NS TPLBP LBP
1 min dist 71.53 70.66
1 max dist 62.1 61.06
1 mean dist 69.68 68.34
1 median dist 69.86 68.16
2 most frontal 68.54 66.5
2 nearest pose 67.53 66.87
3 MSM 68.34 66.19
3 |UTU, | 71.31 69.78
4 Proposed 75.28 73.43
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