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Video Face Recognition Method Based on QPSO and Manifold Learning

LIU Yu-Qi™? ZHAO Hong-Wei'*? WANG Yulb 23

Abstract The highly complex video scene and the inconsistent video acquisition equipment have made the unconstrained
videos full of occlusion and face rotation, thereby, resulting in both low accuracy and unstable performance of video face
recognition. To solve the problem, we propose a novel method by integrating the quantum behaved particle swarm
optimization (QPSO) and the Riemannian manifold learning. It outperforms the existing state-of-art methods owing
to the followed contributions: 1) the algorithm treats each face video as an image set, so that the texture features
can be extracted from the aligned frame image; 2) the internal representation of video face is obtained by the QPSO
Riemannian manifold, enabling the similarity measurement using the distance between convex hulls; 3) the classification
is conducted using the common-practiced SVM classifier, to some extent, guaranteeing the good prediction performance.
The experiments on both the YouTube Face database and the Honda/UCSD database have shown that the proposed
algorithm is not only of higher accuracy, but also more robust to the illumination and expression changes, as compared
to the other methods.

Key words Video-based face recognition, quantum-behaved particle swarm optimization, Riemannian manifold learning,
video similarity
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Fig.1 The framework of proposed video face recognition algorithm based on manifold learning
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Table 1  Recognition rate of different texture description operators on YouTube Face database (%)
LBP CSLBP LBP CSLBP
Method Acc £ SE AUC EER Acc £SE AUC EER Acc+SE AUC EER Acc+SE AUC EER
min dist 65.7 £ 1.6 70.66 35.20 63.08 1.0 67.29 37.36 65.60 £ 1.7 70.01 35.64 66.04 £2.24 71.21 34.88
max dist 57.90 = 1.7 61.06 42.64 56.46 = 2.2 58.80 43.76 55.70 £ 2.4 58.10 45.32 57.44 + 2.21 59.91 43.20
mean dist 63.72 + 2.2 68.34 36.84 61.10 = 2.1 64.86 39.52 62.86 + 1.4 66.98 38.20 63.88 £ 2.18 67.88 37.20
median dist 63.46 = 2.0 68.16 36.80 60.84 £ 2.1 64.81 39.44 62.70 £ 1.5 66.81 38.36 63.50 + 2.33 67.70 37.52
mean min 65.12 £ 1.7 69.99 35.84 62.62 £ 1.5 66.48 38.28 6548 = 1.8 69.22 36.56 65.48 = 2.15 70.04 35.96
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Table 2  Recognition rate of different algorithm on

YouTube Face database (%)

With Logmap With MDS
Acc £ SE AUC EER Acc + SE AUC EER
49.60 + 0.9 51.24 48.56 51.22 + 1.4 49.39 50.40
max dist 50.00 + 0.2 50.71 49.96 50.20 *+ 2.0 50.74 49.56
mean dist 50.16 = 0.6 50.64 49.48 49.64 * 1.2 50.09 50.68
median dist 50.06 = 0.6 50.60 49.64 49.18 + 1.2 50.03 50.60
mean min 50.18 + 0.7 50.43 49.48 50.16 * 0.7 49.55 50.68

Method

min dist

M 2 AL i, MDS @A & RML 75 1% 1]
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SR S5 R AUC 1 ACC i LKA, AR S 5T
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HESE U I W] 22 S0k (2] FISCHER (18]
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Table 3  Recognition rate of manifold learning on
YouTube Face database (%)

With Logmap Without Logmap
Acc = SE AUC EER Acc £ SE AUC EER
49.60 £ 0.9 51.24 48.56 66.04 + 2.2 71.21 34.88
max dist 50.00 £ 0.2 50.71 49.96 57.44 + 2.2 59.91 43.20
mean dist 50.16 = 0.6 50.64 49.48 63.88 £ 2.1 67.88 37.20
median dist 50.06 + 0.6 50.60 49.64 63.50 £ 2.3 67.70 37.52
mean min 50.18 + 0.7 50.43 49.48 65.48 + 2.1 70.04 35.96

Method

min dist

% 4 ANFEIBEZAE YouTube Face #0550 FE L (1) 5246
258 (%)

Table 4  Recognition rate of different algorithms on
YouTube Face database (%)
CSLBP FPLBP LBP Fusion
Method AUC EER AUC EER AUC EER AUC EER
min dist 67.29 37.36 70.01 35.64 70.66 35.2 71.21 34.88
max dist 58.8 43.76 58.1 45.32 61.06 42.64 59.91 43.2
mean dist  64.86 39.52 66.98 38.2 68.34 36.84 67.88 37.2

median dist 64.81 39.44 66.81 38.36 68.16 36.8 67.70 37.52
most frontal 63.61 40.36 64.24 40.04 66.5 38.72 66.23 38.4
nearest pose 63.24 40.32 64.35 40.2 66.87 37.88 66.29 38

MSM  64.64 40.04 63.85 40.24 66.19 38.28 66.33 38.28
CMSM  65.17 39.76 68.35 37.16 67.26 38.36 69.81 36.04
|UTU,||  67.68 37.4 69.37 35.8 69.78 35.96 70.64 35.32

Linear AHISD 60.06 42.32 60.14 42.28 64.55 39.24 64.71 39.28
Kernel CHISD 66.65 38.6 67.01 38.56 68.89 37.2 68.35 37.4

Proposed  67.52 30.55 74.21 29.55 79.43 28.34 77.35 32.02
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IR, AR B SR, AT LA B s 1R U 4,
SEHL T SRS B PRI AN R ).
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VLBP (Volume LBP). LBP-TOP (Local binary
patterns from three orthogonal planes) % 11
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ES
Recognition rate of different algorithms on
Honda/UCSD database

Table 5

Algorithm Accuracy (%)
GVLBP, 4, + 1NN 53.8
LBP-TOP, 44111+ 1NN 53.8
LBP-TOPsgs11.1 +1NN 56.4
GLBP-TOPs 55111+ 1NN 66.7
GLBP-TOPs 55111+ 1NN 69.2
The proposed 74.4

TR 1) 6] LG AR SO AR R b A R vk
TRAE AN G RS ) R ) X HR AR S
%5 LBP-TOP!, Gabor-VLBP. Gabor-LBP-
TOP LA T Fisher IiAHEN ) GLBP-TOP
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AR A K/ A 7 i, R AS [ 5075 1 CMC
k& 4 ion. VLBP K LBP-TOP 5-F/EALS
GUILR R T TR RE AR, 1T A SCHE B SRVEAS B T
TP 4 R

4 g
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AICER M BEET QPSO PUAk IR T 27 2] A A5
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Ja KA QPSO Ptk i EL 2 i 27 21 K B i
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132 SVM 73 28 I MR AT 4328 5 0. 7
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BB B0 AT U (1R B 2 > HESE (4 3D-CNN &%), iR
JE 2 2 7 IR AR AR 43 A7 5 R A 1Y Y R 4 AR T A
FA AN I AR 9 S PRI 5T 07 ey 22— S5 4b, 5K
A7y 56 P AFAE S AP . AR AR 2 H AT
AN VR 0 T PR LR ik AT 0 22 B N 28
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Fig.4 The CMC curves of different algorithms on
Honda/UCSD database
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