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A Study on H-CNN Based Pedestrian Detection Using LGP-FL
and Hippocampal Structure
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Abstract

Recently, autonomous vehicles have been actively studied. Pedestrian detection and recognition technology is
important in autonomous vehicles. Pedestrian detection using CNN(Convolutional Neural Netwrok), which is mainly
used recently, generally shows good performance, but there is a performance degradation depending on the
environment of the image. In this paper, we propose a pedestrian detection system applying long-term memory
structure of hippocampal neural network based on CNN network with LGP-FL (Local Gradient Pattern-Feature Layer)
added. First, change the input image to a size of 227x227. Then, the feature is extracted through a total of 5 layers
of convolution layer. In the process, LGP-FL adds the LGP feature pattern and stores the high-frequency pattern in
the long-term memory. In the detection process, it is possible to detect the pedestrian more accurately by detecting
using the LGP feature pattern information robust to brightness and color change. A comparison of the existing
methods and the proposed method confirmed the increase of detection rate of about 1~4%.
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