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Early warning method for a power grid fault caused by meteorology based on
a deep sparse auto-encoder network and scene classifier
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Abstract: In order to ensure the safe and stable operation of the power grid and improve the level of disaster prevention,
mitigation and resilience of the grid, this paper proposes an early warning method for power grid meteorological faults
based on a deep sparse self-encoding network and a scene classifier. First, this paper adopts a dynamic weighting method
combining subjective and objective weights to initially weight meteorological factors to reasonably describe the influence
of different meteorological factors on power grid faults. Then, a sparsity constraint is added to the traditional deep
self-encoding network to improve the convergence of network training, and a scene classifier is added to the last layer of
the deep self-encoding network to improve the rationality of the relationship between meteorological factors and power
grid fault scenarios. Finally, the meteorological factors which are dynamic weighted, equipment factors and environmental
factors are used as the input of a deep sparse self-encoding network, and a support vector machine is used to build a
multi-factor coupled grid meteorological disaster fault early warning model. The effectiveness of the method is verified
by an actual power grid fault example.
This work is supported by the Science and Technology of State Grid Corporation of China (No. 52060019001H).
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Fig. 2 Structure diagram of fault prediction
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Table 3 Determination of the meteorological factors weight
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A= (TP +TN )/(TP +TN + FN + RP) (22)
F =(2xPxR)/(P+R) (23)
G=+PxR (24)
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P=T./(T, +F)
R=T./(T, +F) (25)
S=T/(Ty+F)
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Table 6 Prediction result of event 1

WA WREARE TRIUREER% TSR SEBbREAR
IEHFIBAT 1 3.96
i e 2 85.25
T 2 e 3 6.72 RN PIAHRL
RS 5] 4 3.23
e SENE 5 0.84
TT7 EH2TUNER
Table 7 Prediction result of event 2
MRS AR WA TSR SebRdE
IEHIBAT 1 3.19
S A 2 42
Wi e 3 64.57 WrLRibE KUK
T B3] 4 25.23
A% TN 5 281
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N U VT R T AR B AT XS e, Hodr SVM
N RAARBAT RPN R G AL, AE-
SVM. PCA-SVM 73 7lkH AE. PCA #47 R
TAFMEHREL, DSAE-SVM K H R &3 #1461 451
DSAE W45t 47T SRR FHRAEFREL, ARCTTHEN
DSAE-S-SVM, #Htt DSAE-SVM 10 73502
#xo [, DLRBIRIISHG I 7 RS H A A s
TR . DAl SREG I 2k RSN RET 3 IRSEER TSI
YA, H, AE W ZHCN 1, &g 26-8,
B KIEAIREL 5 ) RS R G A SRR PCA
K H Matlab 2R\ % $; DSAE-SVM 5 A& 3¢
DSAE-S-SVM 773271, DSAE #8557 FH A [] fr A 2
SSRGS EER . g Rk 8 Fir.

# 8 RAR LIS
Table 8 Comparison and verification of model effects

251 EG F1-score G-mean
HAERA TR

SVM 0.8235 0.8130 0.7953 0.8069

AE-SVM 0.8633 0.8512 0.8731 0.8715

PCA-SVM 0.8776 0.8476 0.8628 0.8742

DSAE-SVM 0.9027 0.8603 0.8967 0.8869

DSAE-S-SVM 0.9475 0.8789 0.9102 0.9117

T LA TR bR R LA, A VAT
REGF AR, LA 5 5 T et 71,
IERAHERE Y nv 'O SRR E S &/ nv ')
WA Tt A In D e, a8
RV T AT R IR L, RT3 REK
G PR T 5 HL I e ] PR SR BRI S 2R, S A A
b S R R R T T

5 5

AR — M ET HEMBER TR 1
WIGEAUEE JF il 37 357 73 A FHIR A 8 ) 2 L0 ) 5%
(1) DX SR B T v o R FH e /N AE RS 5005 i
I EARA T EZMHEGE, FHETAREH
THAMRSBIEHGHE, NPT RE
R S M b ] 2 B o) 2% 3 57 <R R 1 ) ) SR BB R
&, RIURRE T RHE, $m R T
LA, FESRWT:

1) XTI R AR LR S B A
R, AN SCH FH GLIE AU AL I E 2PN 1 BE AT
AT, T e MEAHE B R B R H S RE,
HETARE TSRS HE R EHATIIE,
G = G g/ it

2) I FH R P AR B 1 G R T 248 33 47 G M T
SRR R0 R B OH, @ NS 2 E
HEMNARE T NE RS R RHEITRIE, AR
BRI H08s ABRFAE -

3) T ML IR A RAFIE 5 I w% - IR T
FHERIE, R SGE SVM BEAUGH HL Y i 2 A kAT
T, 5 HAD P ST AR EL S, AR I 7V RE
PR ST 3 RBUR A TR BRI R, X4 5E 1Y)
DR - 2% A T RT RE 51 R R H, ) i e 8 2R s AT 4 7 o
), Bt S AR Y SR T
B SRA

it Elg!l]
\O OO0 - O| DSAEn

i
w1 (0000 -~ O

[ En

FaEE2

E A RERGE B DS 1EEY

Fig. Al Network model of deep sparse autoencoder
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Table Al State grade rating standard of some meteorological factors
HERBT(#9) REEY REEH 2 REEY 3 REHY 4
Fé W 1/ (mm/h) <20 2.0~3.9 4.0~7.9 >8.0
Rt KR (mm/d) <10 10.0~24.9 25.0~50 >50.0
JAGE/(mis) <79 8.0~10.7 10.8~13.8 >138
HuTH < /hPa >1013 898~1013 794~898 <794
T <% /hPa >1013 898~1013 794~898 <794
%5 /(mm/h) <20 2.0~2.9 3.0-5.9 >6.0
il C 0~35 -20~0 >35 <-20
AR % <49.9 50.0~59.9 60.0~69.9 >70.0
AE WL >6 4-5 2-3 <1
o PR (B - X BV KA <36 36~68 68~151 >151
ml#45(1) <2 2-3 4~7 >7
PM2.5/(ug/m3) <35 35~75 76~115 >115
PMZ10/(ug/m®3) <50 50~100 101~150 >151
SO2/(ng/m?) <23 23~46 47~69 >69
NO2/(ng/m?) <40 40~60 61~80 >81
CO/(mg/md) <13 1.3~2.0 2.1-238 >28
Oy/(pg/md) <50 50~150 151~250 >251
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