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Abstract Named Entity Recognition is a system that extracts entity names such as Persons(PS), Locations(LC), and
Organizations(OG) that can have a unique meaning from a document and determines the categories of extracted
entity names. Recently, Bi-LSTM-CRF, which is a combination of CRF using the transition probability between
output data from LSTM-based Bi-LSTM model considering forward and backward directions of input data, showed
excellent performance in the study of object name recognition using deep-learning, and it has a good performance
on the efficient embedding vector creation by character and word unit and the model using CNN and LSTM. In
this research, we describe the Bi-LSTM-CNN-CRF model that enhances the features of the Korean named entity

recognition system and propose a method for constructing the traditional culture corpus. We also present the results
of learning the constructed corpus with the feature augmentation model for the recognition of Korean object names.
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Fig. 1. System Architecture of Named Entity Recognition Using Bi—LSTM—CNN—-CRF
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Fig. 2. CNN—extracted char features
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Table 1. Category and Tag ratio among total corpus

Category Count Frequency
B_PS(Person) 4231 2.92%
B_DT(Date) 2399 2%
B_LC(Location) 2217 1.583%
B_OG(Organization) 740 0.51%
B_TI(Time) 53 0.04%
| (Tag |) 3765 2.6%
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