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Construction and application of knowledge graph of tourist attractions
YUAN Yue, FAN Jiahao, KOU Zhe, AN Chaofan
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( Computer School, Beijing Information Science and Technology University, Beijing 100101, China)

[ Abstract] Aiming at the lack of relevance and completeness of the tourist attractions information provided by the existing search
engines, which is not conducive to the user’s digging of effective information, this paper constructs the tourist attractions knowledge
map by designing the tourist attractions ontology and processing the crawling corpus. On this basis, a B/S architecture tourist
attractions application system is designed and implemented. This research could help users search for information more efficiently and
quickly, and understand scenic spots intuitively and concisely, thereby promoting the development of the tourism industry. The fruits

also are helpful for further research on the construction of domain knowledge maps.
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Fig. 1 Flow chart of knowledge graph construction
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Fig. 2 Flow chart of ontology construction
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Fig. 3 Hierarchical diagram of ontology classes
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Fig. 4 Ontology modeling diagram
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Fig. 5 Part of the results show
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Fig. 6 Knowledge graph in Neo4j database
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Fig. 7 Scenic spots informations page
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