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Prediction Method of Loosening and Conditioning Quality of Cut
Tobacco Based on Knowledge Graph and Deep Neural Network

WANG Xiao,XU Chengxian *

(Faculty of Mechanical and Electrical Engineering, Kunming University of Science and Technology , Kunming 650500, China)

Abstract; In order to solve the problems such as difficulty in predicting the quality of loosening and conditioning and

large fluctuation of moisture content and temperature of discharge in silk production process, a method combining

knowledge graph and deep neural network was proposed. In this method, a unified knowledge graph database was

constructed by extracting multi-source heterogeneous data from workers’ experience, technical standard documents and

production specifications. Then, the word vector conversion tool word2vec was used to convert knowledge graph data into

representable two-dimensional vectors. Next, the constructed BIGRU-Attention-KG model was used to predict the output

results. Finally, the validity and feasibility of the proposed model were verified by a case study. The proposed method

realizes the conversion process from qualitative data to quantitative data and then to qualitative output, and provides a

new idea and method for the prediction of loosening and conditioning quality.
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Figure 4 Deep neural network model structure
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