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Abstract

The independence, fragmentation, and looseness of aquaculture knowledge contents on the in-
ternet lead aquaculture hard to search and obtain integrated and accurate knowledge. For this
purpose, a knowledge graph cloud platform of shrimp in the aquaculture field based on knowledge
graph and SpringBoot framework is established. In which, the scattered knowledge of shrimp is ef-
fectively integrated into a standardized, and systematic knowledge. The platform includes four parts:
the Bidirectional Long and Short Term Memory Network Conditional Random Fields (BI-LSTM-CRF)
model is used for named entity recognition for the sake of extracting the knowledge from multiple
data sources. The Text Convolutional Neural Network (TextCNN) model is used for relationship
recognition; Neo4j database is used to store the acquired knowledge. The intelligent question
answering and the intelligent search and information recommendation of aquaculture knowledge
based on knowledge graph are realized by naive Bayesian classification algorithm to complete the
matching of question templates. Our study provides users with a good environment for knowledge
learning and using.
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Figure 1. Platform functional modules
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Figure 2. Platform architecture diagram
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Figure 3. BI-LSTM-CRF model diagram
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Table 1. Design parameters of BI-LSTM-CRF model
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Figure 4. Visualization of BI-LSTM-CRF training
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Figure 6. Training flow chart of Naive Bayes classification based on Spark
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