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Head detection using hybrid convolution neural networks

Ji Xunsheng, Wu Fan
(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122)
Abstract

Based on the consideration that pedestrian detection is on important technique in video surveillance, and its
detection effect is easy to be affected by serious occlusion, uneven illumination, etc. , while human head detection
is an important part of pedestrian detection, a human head detection method based on hybrid convolution neural
networks (CNNs) is proposed. The method introduces fast regional convolutional neural network architecture into
the construction of the local model for obtaining context image information for detecting person better. The global
model is built to predict the position and scale of the head. The pairwise model is used to get the pairwise from ob-
jectives. At last, the local, global and pairwise models are fused into a federated CNN framework in order to detect
head. Compared with the context CNNs, the research achievement shows that the hybrid CNNs can improve the re-
al-time and average precision 52. 3 times and 1. 8 percent individually. Computational complexity and memory con-
sumption can be reduced significantly.

Key words: image processing, pedestrian detection, head detection, context, convolution neural network

(CNN) , transfer learning
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