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A Hierarchical Spatial Clustering Algorithm Based on Field Theory
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(1 Department of Surveying and Geo-informatics, Central South University, 932 South Lushan, Changsha 410083, China)
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932 South Lushan Road, Changsha 410083, China)

Abstract: In this paper, a hierarchical spatial clustering algorithm based on field theory
(HSCBFT in abbreviation) is proposed. The field theory of spatial data is firstly employed to
describe the interaction among spatial entities. Then, the agglomerative strategy is utilized
to find clusters at different levels. Two experiments are preformed to illustrate three advan-
tages of our algorithm. i) It can commendably meet the requirement that clustered entities
are close to each other and similar in thematic attribute; ii) It can also discovery clusters with
arbitrary shape and is robust to outliers; iii) It needs to input fewer parameters.

Key words: spatial clustering; field theory; aggregation force; spatial data mining
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A New Method of Data in Local Area Network Brought into ITRF

GAO Le'* CHENG Yingyan' ZHENG Zuoya'? ZHAO Chunmei'
(1 Chinese Academy of Surveying and Mapping, 16 Beitaiping Road, Beijing 100830, China)
(2 Shandong University of Science and Technology, 579 Qianwangang Road, Qingdao 266510, China)

Abstract: The variance-covariance matrices of station coordinates can be rigorously trans-
formed between two reference frames at the same epoch, ignoring the influence of velocities
and 7 transform parameters rates. By the method, local area data can be brought into ITRF
and avoid data processing repeat simultaneity. Moreover it”s convenient to use directly inter-
national data products existed in the Internet. Analyzing the results of the example, discover
that the transformed coordinates deviation can excel 0. 1 mm level, which can meet the trans-
formation request between two reference frames. This paper can be used for reference to
unite data in different reference frames.

Key words: ITRF; local reference frame; local area data; variance-covariance matrices; rig-

orous transformation method
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