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Abstract

Facial recognition technology has received extensive attention and massively developed in recent
years. Facial recognizing with a traditional feature extractor, such as Local Binary Pattern (LBP),
leads to a strong demand for massive training data. The size of the training model is easily affected
by the amount of data, which prolongs the computing time of the face recognition system and affects
its efficiency. A three-stage tandem face detector and a face recognition method based on the Nearest
Feature Line (NFL) are proposed. Feature maps (FM) generated by the Convolutional Neural Net-
work (CNN) is used as the input data for the tandem classifier (Adaboost). Through the analysis of
experimental results, the proposed method can build a fast face detector with fewer weak classifiers.
In face recognition, a recent feature space transformation is proposed. This method uses
point-to-point, point-to-line, and point-to-surface vectors as the basis for covariance calculations.
The matrix has a better feature space, that is, this feature space is more general and representative
than the feature space obtained from the traditional point-to-point feature space. The method was
applied in the actual detection, and its adaptability and accuracy are better.
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Figure 1. Natural facial image of typical interference
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Figure 2. Process of convolutional neural networks
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Figure 3. Face recognition and alignment
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Figure 4. The comparison of Adaboost and FFS
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Figure 5. Cascade classifier cascade classifier
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Figure 6. System architecture
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Figure 7. Three stage face recognition framework proposed
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Figure 8. Flow chart of nearest feature line transformation
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Figure 9. Strategy nearest feature line
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Table 1. Detect of FFS, Adaboost algorithm, and three stages
% 1. FFS. Adaboost BIAKIRH M =M Ex BEXTXC AR ZE MIT EERYAEN

A7 Lioall[EEs ki SRk FRHIESL
Forward Feature Selection (FFS) 90.25% 99 3932
Adaboost 91.23% 86 3132
=B BN 94.17% 82 2042

Figure 10. Face detection results and test results
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