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Research on face detection method for dense population
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[ Abstract] Aiming at the common problems of occlusion and few (insufficient) features of small and medium-sized face targets
in face detection in dense crowd images, an improved yolov3 method is proposed in this paper. In this method, an improved dense
convolution network res densenet is added to the Yolo network to strengthen the network features and combine the context
information, so that the model can learn more face features, so as to improve the detection accuracy of occluded faces; For the
problem of insufficient small and medium-sized face features, the feature map is derived from the shallow network and added to the
small and medium-sized prediction scale feature map after the improved RESNET operation, which is used to enrich the feature
semantic information of small and medium-sized face prediction scale, so as to improve the effect of small face target detection.
Finally, K-means + + clustering algorithm is used to optimize the a priori box parameters and improve the recall rate of the model.
The experimental results show that compared with yolov3 algorithm, the mAP value of face on WIDER Face data is improved by 2.
57% , the detection accuracy is improved by 5%, and the recall rate is improved by 3%.
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