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Object recognition based on a hierarchical feature map model

Yu Peng, Wan Lihong,Huo Hong, Fang Tao
(Key Laboratory of System Control and Information Processing, Ministry of Education,
Department of Automation,Shanghai Jiao Tong University , Shanghai 200240 )
Abstract

A new biologically inspired feed-forward deep hierarchical model,i. e. the hierarchical feature map ( HFM)
model ,is introduced to better simulate the biological vision system’ s perception of objects in a complex scene for
improvement of the visual object recognition. The HFM model uses the Difference of Gaussian function and Gabor
function to simulate the orientation map in the primary visual cortex V1 ,and adopts a competitive learning strategy
to learn the receptive field (RF) properties of higher level neurons. The experimental results show that the HFM
model could well preserve the main structure of images. The model is also capable of self-taught learning and can

achieve promising results on popular image databases,showing a good prospect for development.

Key words : object recognition,deep network , orientation map , competitive learning
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