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Table 1

under different data enhancement methods

Comparison of test results of proposed model
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among different deep learning models
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Diagnosis method of hydropower alarm events based on

data augmentation and deep learning
SUN Guoqiang',ZHANG Yizhou',TANG Jieyang’, TANG Fan’, WEI Zhinong',
ZANG Haixiang', YANG Dong’
(1. College of Energy and Electrical Engineering,Hohai University,Nanjing 211100, China;
2. Yalong River Hydropower Development Co.,Ltd.,Chengdu 610051, China)

Abstract: Aiming at the shortcomings of traditional diagnosis methods of hydropower alarm events,such as
low efficiency and low accuracy,a data augmentation method combining prior knowledge and a hierarchical
attention deep learning framework based on bidirectional simple recurrent units++(Bi-SRU++) are designed.
Aiming at the problem of imperfect hydropower alarm rules,the latent Dirichlet allocation-enhanced sequen-
tial inference model (LDA-ESIM) is used to construct the mapping mechanism between warning signals and
warning features. Then, combined with the prior knowledge of hydropower alarm rules, an improved LDA
method is proposed to augment the sample data. The hierarchical attention model learns the sample features
and outputs the diagnosis results. The test example is actual alarm data of a hydropower centralized control
center. The test results show that the proposed method can realize rapid diagnosis of hydropower alarm
events with high accuracy in low resource training environment.
Key words: hydropower station alarm events; text data augmentation; attention mechanism; deep learning;

prior knowledge
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Table B1 Parameters of Word2vec model
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Table C1 Parameter setting and test results of ESIM
SRR Sl ST SRl
EBIES 0.001 GRS REA S 3384
ek R 3 nadam IR AR 340
I KIEAIKEL 10 PAEGERRMERRE  94.33%
BRI R AL 256 UNWD SRR 654
iR 2 B T A 100 VCRE RIS 5 % 133
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Table C2 Statistics of alarm event sample quantity
FF 5 AR FEAHCE
1 F AR AR AL 265
2 R AL T R AL 556
3 BT T Y W AL 105
4 R LR b A= AL 84
5 BE i B PSR SR IHEDIN 93
6 Jilv i 22 4 s B 172
7 R AL R B AR Bk 132
8 i T P B o s 340
9 A e ) 106
10 TR B ULk 66
1 R B Bk ) 51
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Table C3 Parameter setting of proposed model
e i SRR ZHE
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Bi-SRUHHEE & 217 153 96 e Ak R £ rmsprop
AR R B softmax RRIERIEL 20
AR i 11 BRI SRR AR 256
R MREL focal loss RS HLHITEAS HE bR testset loss
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