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Abstract: Data collection for both training and testing a classifier is a tedious but essential step towards face
detection and recognition. All of the statistical methods suffer from this problem. In this paper, a genetic algorithm
(GA) based method to swell face database through re-sampling from existing faces is presented. The basic idea is
that a face is composed of a limited components set, and the GA can simulate the procedure of heredity. This
simulation can also cover the variations of faces in different lighting conditions, poses, accessories, and quality
conditions. To verify the generalization capability of the proposed method, the expanded database is used to train an
AdaBoost-based face detector and test it on the MIT+CMU frontal face test set. The experimental results show that
the data collection can be speeded up efficiently by the proposed methods.
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Fig.4 Quantization method of grey features
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Fig.6 Some face samples generated by the GA re-sampling
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Fig.7 The ROC curves on the validation set using different generations of GA
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Tablel The detection rates comparison of our system and others

1
Methods Detection rate (%) False alarms
Rowley"™ 86.0 31
Schneiderman® 94.4 65
Viola!”! 89.7 31
Xiao!'" 88.2 26
Lil'! 90.2 31
Frobal'”! 89.7 22
Our method 90.48 12
2.2.3
3 , 1 (Setl) ;2 (Set2) S
, ;0 3 (Set3) ,
Setl S ;Set2 s
> g ;Set3
b b 2. E)
80%
9 10 ]
Table2 Accuracy on the other three databases
2 3
Data set Images Faces False detections Detection rates (%)
Setl 7397 10316 480 92.76
Set2 1832 304 225 92.43
Set3 1003 949 288 84.65
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Fig.9 Some detected results on the MIT+CMU frontal face test set
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Fig.10 Some detected results on real-application images
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