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Face recognition research on campus security transportation system based on video
YAO Li, ZHOU Tonghui, MA Rui, WAN Yan
( School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

[ Abstract] As a serious social problem, campus safe transportation needs to be discovered in time for hidden dangers such as
unidentified people entering the campus. Most of the campus face recognition systems on the market basically require dedicated
hardware equipment, and only support single—person detection. This undoubtedly increases the cost of promotion. In response to the
above problems, this paper proposes a face recognition system that supports multiple people using ordinary cameras. First, use the
YOLOV3 algorithm to train the face data set, use the K—Means++ algorithm to improve the prediction of the center position of the
prior box, improve the accuracy of the bounding box, and obtain a face detector to detect the faces of pedestrians in the video; then
use the FIQUE algorithm for facial image quality evaluation to filter faces and increase the proportion of high—quality face images;
finally, use the Inception—ResNet—v1 model to extract facial features for recognition. The method in this paper uses the existing
camera equipment of the school to increase the penetration rate of the system. The experiment proves that the multi — person
recognition system in this paper has good real-time and robustness.

[ Key words] YOLOv3; K-Means++; face detection; face image quality evaluation algorithm; Inception—ResNet—vl; face
recognition
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Fig. 4 Local camera face detection test results
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Tab. 2 Each face dimension and the corresponding quality score
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Tab. 3 The recognition accuracy of the algorithm in this paper and

Dlib
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Dlib ResNet34 98.40024]
Ours Inception—ResNet-v1 98.57
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Tab. 4 Recognition accuracy of the proposed algorithm in different

datasets
Hoase BT % P/ %
AgeDB-30 Inception—ResNet—v1 97.18
CFP-FP Inception—ResNet-v1 96.01
CFP-FF Inception—ResNet-v1 98.52
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