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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. As data increase, the size of training model become even bigger which might
more easily cause the drop on the effect of loading system. Recently, the breakthrough of face recognition
application development may refer to the evolution of deep learning algorithms. Therefore, we propose the
“Classiface” face recognition that includes data processing, face detection, and recognition. We collect the training
data straightly from videos so that we can process the samples more efficiently in less time. We also use data
augmentation technology to increase the number of samples and to make CNN even more robust. We adopt
MTCNN which detects human faces fast and accurately. We also utilize the CNN to automatically extract features
from images and use fully connected neural network for face classifying. At last, the experimental results show
that our proposed method can achieve average 98% accuracy of face classification in real-time without training

more than 3000 samples.
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Classiface: Real-time Face Recognition Based on Multi-Task Convolution Neural Network
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