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Abstract: Geological entity is the key and core information in geological texts, and its accurate recognition is an important
prerequisite for geological information extraction and mining. The ELMO-CNN-BiILSTM-CRF model is designed in this paper.
Based on the pre-trained word vector, the deep BILSTM-CRF neural network model is constructed. By adding dynamic features
of words and character-level features of words, it makes up for the lack of specificity of word vectors, improves the recognition
level of complex multi-word meanings in geological text and the ability to extract local features of geological entities. Taking the
geological survey report of Xiongcun copper mine in Xietongmen County of Xizang Autonomous Region as an example, the
performance of the model is evaluated. The accuracy rate, recall rate and F1 value of the model are 95.15% , 95.26% and 95.21%
respectively. Experiments show that compared with BILSTM-CRF and CNN-BiLSTM-CRF models, this model is more effective
in small-scale corpus geological entity recognition, and can effectively identify long geological entity words and geological
polysemants.
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Fig.1 Named entity recognition process based on ELMO-CNN-BILSTM-CRF
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Fig.2 Bidirectional long-time memory network coding mode
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Table 3 Classification of geological entities and related samples
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Table 5 Training results of different models
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A ¢} A7 0 BiLSTM-CRF 89.61%  87.76%  88.68%
E0) 0 . 0 CNN-BILSTM-CRF 92.17%  91.13%  91.64%
ELMO-CNN-BILSTM-CRF  95.15%  95.26%  95.21%
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Fig.3 Influence of ELMO eigenvector dimension
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Table 6 ELMO-CNN-BiLSTM-CRF model partial identification instance
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