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Fig. 1 A simple RNN structure (X,H,Y,and W represent input unit,hidden unit,output unit and weight matrix)
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Fig.2 A peephole LSTM block with cell input, output,
and forgetting gates (where all edges have a fixed unit weight;
the dashed lines represent the peephole connection between

current and previous time steps)

2.3 SVM 438

Bl LSTM REME A0 17 51 BCHE 4 $2 77 510 v 1)
KA 5 2, PR mT DU T 43 B B 18] 73 37 i,
FL ) 22 48 P A A TR I o A5 Sl A U 2R B L LSTM
ARSI ] LTI A A ) Rtk A, 65 Bl Wl 5% R R
A T

SRIMT, BiAL LSTM 1) T 45 3 A S & e 1,
KM E R e 2 21V Z N E 52, ing e | 2=
F P R AR L 5 R4 X I, AT LU SVM ke
— e B AL LSTM %y H A FUI0 2% SR 70 e e 701 )
AR, 56 T4 AR I R B 2 T
G R A A 3 A SO FH % SRk ] B2 AL (SVM)
O3 AR P

SVM J2&— 3 T f K] Py J B ) 43 2 8%, 2 AT
DIKE AN ) 2800 1 5000 0 B T, 5% 38 9 8 a6 4 7 3
AP N SR8 4R A5 1 — S8 R0 S
PRI, I 7E ST oA B A 5 BT T B A 2% H B2
PR 8 PR SRR IR 2 78 45 08 R AR TR R B 1 — 1=
B, TT AT A3 Bl R S v i ) 000 A A Bk ] e s
DTS5 AR SO0 il ol — 5y AT 55, LA 24 2T v i
SVM TEME A& b 345 ASC H bR 55, IR AR SCHE#%
SVM 1E A 43288 1. SVM J&—Fh H T 43 2 A fal 15
GYHIT I W 2 S AT L BE A i PR PR R B Al

715

I GRAEAS S5 e 1) 5 G 1 57088 V- T8, A 78 - T =2 [
)2 B B AR R 2 () i, A8 F LR AR B
A R G SR 5 ] S A KA, DO e SR - T 2 e
X T R A Lt B, 4 S R R AT D S B
wr.

flx)=w'x +b, (4)
K, w,b BHEE T SECSVM H R 802 B4
oy MBI y Al

Ny Y
Y= : (5)
Fw i
Moy =104
1 "
max ——,s. t. ’yi(Wlxi +b)=1,i=1,--,n,
Fw i

(6)
Forr, y, = 18 - DREEARARSE | n R A0 4L
PR AR 23 (R B, SVM 38 BCREI R AN T .

max (0,1 —y[(wa +b)). (7)
PRI, 5 e R4 2k pRBICRT DA S 30K
max(0,1 —y,(w'x +b)) +A |[w] "’ (8)

1T SVM 432 48 1 08 Ak 5 w2 55RO ] 2031
[ 1) S TR BG , DRI 2K R BSCA B R A4 2 o . %
FANA] i R AN W] 43 B M A [R]AE, SVML AT DA A
F A T R L A e S A B AR A i A 28 ) 5 48
I YERFIEAS (] AR e AT 12 nT 43 .

— A, SVM & — P BLAT I S JE Al A B
RIZE )7k 58 s AE e, B B RIS
PEREAES A AR 1 1) b B 12 AR PR RE. R A
F&= SVM Ak FR 2 2540 U e /b, TN & 2256
AU fe/ M. SVM B AR TR AS I 43 290KG B2 T HL
WD T 2 TR 4R T I R 2, B BB kg
PUA TRV R AR, 153 2 e B S 4 ) 2 O B
AN SR AR AR 25 ] 1) A 500, 33X AE HE Pl S b sk T 4
R A

DK LSTM FT SVM 255582k | AT DL = )k il
i 12 R YR A 38 LSTM 1] LA M55 2% ) IsF i) 7 91)
P PR EURRIE , A T H0OM s SVM AT LAKR 8 1 LR AE
XTI 45 AT 4328, I ELABAS A 3 3 4 500 , M
3 ETHFLLSTM #1 SVM BB FEHM 75 3%

AR AR S T AL LSTM A1 SVM [ HL )
F G4 ik I 5 B 0 Ty . S A B 4 ok

DRORIRE 2533 R B R 0L TRV R M i R 05 0% 5 s
P 5 2 g I g 00 ) A 7 2k



TRV A BT BIALAE ) LSTM (¥ 1 3 2R Ge ik bl e B 12 .

716 ZHANG Ping, et al.Power system tripping fault diagnosis based on peephole structure LSTM.

3.1 HIEEEN

LS Iy s g R B R A B A Bk
BEEARFR L 5 KA MGG #4  s A5 8. X Be 504
P ] 5% R T 11 b 5 B 1T 0 (30 T ) AR S
fEVEF AL . iy 76 T i 2k 5% r BEL A o7 A oo R
FPRHS R AR R RFERA RS
TR DA O , R, AR SO EFIE S 5 L S 2
) ) A D AR S R ) o AL 75 LA L LR RN T
R, KB T YW R AN S TOAR A &, RAE T
500 MEHEAEAS 2L CRAEEFISN 15 min) AL FEAY IE R
FEAFIRBEREA I 3 BT, e AT 22 8] 1 X R g
{7 o b AR - SR . L R R T ) R AR 2 B
Bl TSI, PR 75 B3 ok LSTM W 25 4% 18
WS P14 SRR Sk A A7 0 s T 0. R A R A 2 EL AT S []
LR ) 20 B, o L2 46 S AN (] 48 JEE ) s [
¥4 LSTM 28 A #7E f5 FL 2 g vh B TFE.

5.0

4.5

|
@4.0
=
_'333.5
3.0
2‘5 1 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500
%#"ﬁ(%#l‘,ﬂ E%i] 15 min)
3.0
2.5
=< |
=~ 2.0
o
12
_':EJI.S
1.0
0-5 1 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500
KA A CRAFENE] B A 15 min)
b. B pEAEAR
B3 M ARH S E R 5 R RGO 500 A RAE R
LA AR T 2k

Fig.3 Current value sample curves of 500 sampling
points under normal or abnormal conditions in a substation,

including (a) normal samples and (b) fault samples
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(P is the probability of neurons experiencing Dropout )
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Fig.5 Schematic of a data-based line
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Abstract Tripping is a common fault in power transmission and distribution systems.Protection measures against

tripping used to be relaying operation and electrical component action, which have hysteresis in handling tripping

faults. Therefore , the prediction of tripping faults plays a vital role in dealing with hidden problems and power recov-
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ery.Here,a method of power system tripping fault prediction based on multisource time series data is proposed.
LSTM is used to extract the time characteristics of multisource data,which alleviates the problem of RNN gradient
disappearance on long time series.A peephole connection structure is added to the three-layer grid to enable single
units to check the LSTM unit status in the previous stage , thereby strengthening the network timing memory capabili-
ty.Then L2 regularization measures such as parameter normalization are used to mitigate the impact of over fitting in
fault prediction.Finally , support vector machine classifier is introduced to improve the generalization ability and ro-
bustness of the overall model.The experimental data were obtained from relevant institutions of the State Grid of Chi-
na.Experiment results show that the proposed method has higher classification accuracy compared with existing data
mining methods.The practical application is discussed for its feasibility in actual scenarios.

Key words tripping operation ;fault diagnosis;long short-term memory network ( LSTM) ; peephole structure ; mul-

tisource temporal data





