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Real-time Face Recognition in Videos Based on Visual Tracking

REN Zihan, YANG Shuangyuan”

(Software School, Xiamen University, Xiamen 361005, China)

Abstract ; At present, face recognition methods based on deep learning yield high accuracies, but their complex models recognize face
slowly.To achieve the real — time face recognition in surveillance videos, we propose a real-time face recognition method in videos
based on visual tracking (RFRV-VT).Firstly, this algorithm divides the surveillance video frame sequence into several groups,and
each group contains face recognition frames and face tracking frames.Then,face detection method and face feature extraction method
based on deep learning are used in the face recognition frame, and visual tracking method based on kernelized correlation filters
(KCF) is used to speed up the recognition in the face tracking frame.This method is applied to the YouTube Faces (YTF) dataset
for testing. Experimental results show that the proposed algorithm exhibits real—time performances and high recognition accuracies

in videos (99. 60%).

Key words: visual tracking; face recognition; surveillance video



