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Abstract ; For the home service robot, whether it can accurately and quickly obtain the semantic information of the entity in the home
scene is the key to determine its intelligence level. In order to enhance its semantic information acquisition and knowledge reasoning
ability , we propose an automatic construction process of knowledge graph based on family scene. Firstly, TF-IDF algorithm is used to
extract service policy keywords from text information and construct the service policy graph. Secondly, the pre — trained scene
segmentation model (SSM) is used to identify the entities in the scene,and the scene classification model (SCM) is used to predict the
room category and generate structured data. Then, the family entity map is constructed according to the structured data. Finally, the
service policy graph and the family entity graph are merged into the family service knowledge graph and stored in the Neo4] graph

database. The experimental results show that the proposed method can automatically generate domain knowledge graph according to un-
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structured data. By querying the knowledge graph,the semantic information needed by service can be searched, and the service policy

suitable for the current working environment can be generated by the robot,the robot can complete the service more intelligently , which

proves the effectiveness of the proposed method.

Key words: home service robot;service policy ; semantic information ; knowledge graph;deep learning
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Turn on TV step 1:

Turn on TV <turn on,TV>

<TV,belong to,sitting room>
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