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Abstract: One of the important tasks in constructing a geographical knowledge graph is the recognition of geographical named entities. Chinese

text has flexible vocabulary structures and unclear word boundaries, making the recognition of geographical named entities in Chinese text a chal-

lenging research area, especially due to the scarcity of annotated datasets in the geographical domain. To address the task of geographical named

entities recognition in massive network texts containing geographical information, we established a dataset of surface water system based on

Wikipedia data and a domain dictionary, and proposed a vocabulary enhancement method based on expanded word embedding to enhance the vo-

cabulary of BERT pre-training model. We constructed EXPBERT-BiGRU-CRF named entity recognition model by combining BiGRU and CRF

networks for context feature recognition and learning. Experimental results show that this model achieves F1_score of 95.94% on the surface wa-

ter system dataset, which is a 4.94% improvement compared to the BERT model without vocabulary enhancement, along with significant accura-

cy improvements compared to other models, and can accurately identify geographical named entities.
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