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Recognition method of blob targets’ arrays based on
the spatial relationship of ARG model”

TAO Wu-sha, SHEN Zhen-kang, LI Ji-cheng
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Abstract: Most ATR methods deal with the single target. Actually, there are some targets
arranged by some rules in spatial domain, which can be called “targets’ arrays”. To recognize
them, the spatial information among targets is used to make up the uncertainty of targets’ own
features. A novel recognition approach of blob targets’ array at low resolution context (remote
sensing images, infrared images, multi-spectrum images etc. ) is presented. The method firstly
utilizes the ARG model to customize the targets’ arrays and combine the spatial relationships of
array nodes and the targets’ other simple attributes. By estimating the probability density distri-
bution of the spatial relationships among targets and their own features, the arrays can be recog-
nized. The method is different from the classic ATR method which is based on ARG model matec-
hing. Instead. the method extracts the probability features of spatial information from ARG mod-

el directly to recognize. The experiments show that the method is effective,
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() Minimum distance feature histogram of regular blob’s array
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(b) Minimum distance feature histogram of irregular blob's array
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Fig. 2 The join probability density distribution of the
spatial relationships among targets and their own

features
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