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Abstract Text segmentation plays an important role in information retrieval, abstract generation, question-answering
system, information extraction and so on. This paper put forward a new text segmentation method based on domain on-
tology after analyzing and summarizing existing methods at home and abroad. The method first uses initial concept to
automatically obtain structured semantic concepts set, which are then used to affix semantic labels to paragraphs in text
based on the frequency of occurrence, position and relationship of concepts and properties. Paragraphs with the same se-
mantic annotation information are grouped into one semantic paragraph, which helps discover the sub-topics information
and meanwhile realize topic segmentation for texts, The experimental result shows that the precision, recall and F-mea-

sure of this method can achieve 85% ,90% and 88% respectively, which performs better than most existing methods

and satisfies the real application needs,
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