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End - to — end monitoring scene pedestrian detection based
on improved RPN
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(1. National Science Library of CAS Beijing 100090 China;
2. University of Chinese Academy of Sciences Beijing 100049 China;
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Abstract: Compared to other scenes pedestrian detection in monitoring scenes gets larger flow of people
and higher degree of occlusion. This paper presents an end — to — end detection scheme based on region
proposal network ( RPN) . On the one hand we improved RPN by combining with a deep convolution net—
work designed by ourselves to obtain a new deep neural network for pedestrian detection. On the other
hand we introduced head — shoulders model to improved detection performance for pedestrian detection at
monitoring scenes which improves the detection speed. Eventually we achieved end — to — end detec—
tion. The experimental results show that the method effectively improved the detection performance by re—
ducing the missing rate and speeding up the detection.
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