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Automatic configuration method of intelligent recorder based on deep semantic learning

CHEN Xu?, ZHANG Chit, LIU Qiankuan', PENG Ye!, ZHOU Daming?, ZHEN Jialin?
(1. Power Dispatching and Control Center of China Southern Power Grid, Guangzhou 510663, China;
2. Wuhan Kemov Electric Co., Ltd., Wuhan 430023, China)

Abstract: The groundwork of an intelligent recorder is to map the address information of Intelligent Electronic Device (IED)
data output ports within the Substation Configuration Description (SCD) file to different recorder information groups. At
present, the mainstream mapping method is manual configuration based on the text description of the output port address. In
a large-scale and high-voltage substation, output port address text descriptions are numerous and diverse. The manual
operation often takes a huge amount of time. Also the labor cost is high. In order to improve the situation, this paper proposes
an automatic information configuration method for an intelligent recorder based on a Text Convolutional Neural Network
(TextCNN), which deeply learns the semantics of tests at the character level. First, to realize the distributive expression of text
character vectors, the word2vec is introduced to thicken and reduce the dimension of the sparse and high-dimensional sample
vector matrix. Secondly, this paper establishes a TextCNN model for text semantic analysis. Based on its ability to obtain
multi-level abstract features of samples, the text semantic mining is therefore performed and its classification is realized. The
mapping of the IED output port address information is completed based on the text classification result. The case study shows
that the automatic intelligent recorder information configuration based on the TextCNN model has the characteristics of short
classification time and high accuracy. This improves the accuracy of the automatic configuration for the intelligent recorder.
This work is supported by the Science and Technology Project of China Southern Power Grid Co., Ltd. (No. 000000KK
52180019).
Key words: intelligent recorder; automatic information configuration; text mining; distributive expression of word
vectors; text convolutional neural network
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3 0.965 3 25
5 0.962 7 28
7 0.948 2 30
9 0.936 0 30

4.4 PAIEBILLES
JUER] TextCNN 7ERFIEFE IS SCA IR T7 TH
M FAL 5L o FAE T 5K BN M ZARRY, AR SR
T X EAENL(SVM). k HE AT 5% (KNN)CART
S 5 AN U7 (NaiveBayes) VU Fih 4% 4t 73 5465 7
Rt LAY, 3 )R F A3 SCRSATR (TF-IDF).
TEAEIKH T AR (LDA) . WS LEIE LRSI (LS3: 3
FhOTVERT AR M R R R [RIRHEE T R EAE
M 2% BPNN 1EA4r24s, FIH word2vec b3 SCAR
AR . SEEGEE RN 5 Fon, AL, 54t
Sy ARG, SR TF-IDF AbF% A\ SCASH) CART
PR A 2R 1 BE A L, MF1=95.43% , Tfi]
TextCNN 2 B MFy f8 b5 {E b A% &0 5 2 &
2.45%~8.58%. XEMAM LT, BPNN 2035k
& m T ARG A, (BT TextCNN 54, H A
RUPREE TG U2, I GRB TR A A5 G0 o B
AR, TextCNN R JE SCAR > R BE Tt TAE 58
P N R S DS Y Y HEZY T8 R
5 Hitb sy SAERIILE

Table 5 Comparison of other classification models

e I B RN Y MF;
TF-IDF 0.901 6
SVM LDA 0.856 1
LSI 0.916 3
TF-IDF 0.8814
kNN LDA 0.8776
LSI 0.8957
TF-IDF 0.944 3
CART LDA 0.9018
LSI 0.9408
TF-IDF 0.806 4
NaiveBayes LDA 0.7871
LSI 08177
BPNN word2vec 0.9575
TextCNN word2vec 0.965 3

5 %1

AICH BB E BeF P N TR BRI, R»E
B IR, SEH T EE T TextCNN R BEE L% 2T 1)
BRex A E R AR ETE, ST

1) F|FH word2vec (1) CBOW Y% i B A5
BARA SR M = 4ER BT One-hot 2% &L FEZEAT (K 4E
e R PR, A R0 o 1 s ] 1) s LR B OR
R, BN TBREERE,

2) RHUEE T A A7 n] [ BRI ) TextCNN- A
B, BEAT 2 XIUR TR SURMESR I, A 280248 13
ARG AR AR, BRI T SRR Uk RE
73, SERAER], BRSSO K R R SRS
fEhr MRy ]Ik 95%LL L.

3) AR EANZ A RE, A SCEERAI RS NT
dropout Jz, HERYIIZRIN BEATL & 79 e L 2 fl
T, R AR IS L. RN A SR E
TIEARRERZRS . o H PG RE IR L R
RO AL B X FEA AT IC B S50, DLt 2%
gik. SEIRUEW], HRESMSEHREEEEN, B
IFSE MF1 T3 4 96.53%. AHANFEIGIFEE 152K
MK T 0.5, AR T A LRCE TR, &
e R H AL .
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