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ABSTRACT: Technicians have accumulated plenty of failure
texts, which contain essential entity information, during the
operation and maintenance of power equipment. However, such

and contains
the traditional

recognition methods with low training efficiency and poor

text has fuzzy entity boundaries many

professional terms, resulting in entity
performances. Therefore, an integrated algorithm of BERT
based BiRNN with CRF (I-BRC) is proposed. This algorithm
employs a word embedding model to convert each word in the
text into the embedding vector sequences to avoid the error
accumulation caused by word segmentation. The recurrent
neural networks with probability graph models are introduced
to extract sequence features from the text. The multiple
single-type entity recognizers are integrated to learn the
features of different entity types independently, and a parallel
pre-training mechanism is employed to improve the training
efficiency. Finally, the recognition results are integrated by the
multi-type recognizer. Besides, adjusting the single-type entity
recognizers can flexibly respond to different power equipment
failure texts, avoiding repeated training and saving
computation resources. Experiments show that the proposed
algorithm reached a stable state after 3 iterations, which
significantly improves the training efficiency with its F1 score,
precision and recall as 88.0%. 86.8% and 89.2% respectively.
Compared with the traditional models, the performance is
improved by 19.5% to 28.8%, which verifies the effectiveness

and feasibility of the proposed model.

KEY WORDS: power equipment; failure case; Chinese entity

recognition; knowledge graph; neural network
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Table 1 Sequence labeling method of entity recognition for power equipment failure text
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Fig.1 Framework of I-BRC algorithm
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Fig.2 Structure of the transformer in BERT
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Fig. 3 Structure and training process of I-BRC
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Table 2 Results of each single-type entity recognizer %

SEARZE P R =
ESVEA 99.6 99.8 99.7
P[] 99.4 99.7 99.5
¥l R 95.0 95.0 95.0
W 79.5 90.4 84.6
BilE 68.2 71.4 69.8
HRFERTY 99.8 99.7 99.7
GREE AL E 64.3 73.0 68.4

P SCHL B R SCA R, SRS R 2%
B AR AT ER A EEAT W DO, R R 1A
Al — R 8 IR A RCR 2 B I E K ZE R . A
B A R AL AR S SR 4 SRSk
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DAHERAHB AT IX 2 S8 SARAE B )RR, FE0
ol )RR AR 1) 5 1) v B R R O AN o T
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R FoAth SEARAS B AT T8, SRR EAARR
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TEAE T ) AL 4%, RIS 22 2R 88000 28 H )
LR HRAE I AT DAFZ 3 H AN [R5 1) 45 2 18] (1) 3 75 Bk
FRIEATHME, A0l 28 B 1) S AR ) Bl HA S A
B SAAI G, AT HE TH 25 i 28 DL R 455 1Y B 4k (1) 11
AIVERE
332 TEREXTEE AT

R PEHIE I-BRC T RE, 8 HARE WL
(1) SR B2 AT 5 B 258 0 B . 1B B BERT,
TSR L85 (continues bag of words, CBOW)5
skip-gram fEY R AR RH] BILSTM. BiGRU.
CNN HZ L8 AN SCARTFEMATIA ;. KA CRF
5k /R 0] K A% (hidden markov model, HMM)ME %
BB 2 R L P FIbRTE . X HEsSEIR g ansk 3
B, MERHAT LUE HAH b I At A% 20 S5 A 1R 1) A
A, 1-BRC 7EH SCHL ) & i SOA B idh A7 S5
U RO E S 7.5%~29.3%

#3 TREZERMERELLE

Table 3 Performance comparison between different

algorithms %
% P R Fi

BiLSTM+CRF 61.5 56.2 58.7
CBOW+BIiLSTM+HMM(47 i) 62.7 63.2 62.9
CBOW+BILSTM-+HMM 63.3 65.7 64.5
CBOW+CNN+CRF 63.7 66.4 65.0
CBOW+BiGRU+CRF 69.7 62.4 65.8
CBOW-+BIiLSTM+CRF (43ii) 69.2 60.1 64.3
CBOW+BIiLSTM+CRF 70.7 62.8 66.5
skip-gram+BiLSTM+HMM 65.7 67.2 66.4
skip-gram+CNN+HMM 63.4 60.5 61.9
skip-gram+CNN+CRF 65.6 63.7 64.6
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