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Method for Establishing Distribution Network Overvoltage Data Set for Deep CNN
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Abstract: With the rapid development of artificial intelligence algorithms, convolutional neural networks with
fewer layers have been used in distribution network overvoltage recognition. The deep-level network has a higher
recognition rate, but requires a large number of data samples. At present, the amount of data in the existing data set
is insufficient to meet the needs of deep-level network training. To this end, a method for establishing distribution
network overvoltage data sets required for deep-level network training was proposed. Firstly, the electromagnetic
transient simulation software EMTPworks was used to simulate 5 typical overvoltages of 10 kV distribution network
and the corresponding JavaScript script was edited, and 16 272 pieces of data were generated by changing the
parameters of the fault initial phase angle, transition resistance, line length and other parameters. Then the three-
phase overvoltage one-dimensional signal was subjected to continuous wavelet transform to obtain a two-
dimensional time-frequency diagram of the corresponding overvoltage. Afterwards, the two-dimensional time-
frequency map was automatically marked according to the characteristics of the original signal, thereby a complete
distribution network overvoltage data set was established. Finally, the convolutional neural network (CNN) was
used to verify the validity of the 5 types of overvoltage signal data. The results show that the constructed data set has
large scale and high validity, and can meet the needs of deep-level network.

Key words: distribution network; overvoltage; continuous wavelet transform; JavaScript script; convolutional
neural network(CNN)

HLR 2 ] SEas AT T RIR AT A%k IH4ETE, 2 W n] SRy 2 200 5 2 i E R
JEAAEE A A . EREE R E R A PERIECRE M R, B i R S 2y
FL I ) e A B R, BB AR AR RIR BAE R G B RN 70%~80%. T A

TEBEE N TR (1974—) , 5 Wi+, m TR, Email : jjq1210@126.com

57



WA AR 20224F H 524 9l

FARE,FE TR EKCNN# By Wit v R 38 4 7 5 ik

RCH ] PE PO 5 HL T o 20 PR A R ) ied v
HKA,

Ao P R ) — B 47 R i i EORI S SR
PSR FERFIESEIROT T, 32 AR 4R U
R S HEPEARE , o3 — 25 5 U 5 s A 2 4
R PUNTT k. — 465 5 IR BT k= 48 A T
o L I P A B ] 728 1 ) — I il 2R ) it
LRSI Z A5 S5 U 5 IR 2 48 X — 45 5
SRR R = S DL L 2 G
W HBTTEA NP RS R S
AR AD ARG o SCHR6] 4 O B s A
5 B i R AR N [ | R L T DA 8 S
VERFAE &, FH Fisher 051 204k, 115 512X
(14 LA DX 531 P A AR e v e o SCRIR[7 1% i H
Fe A5 5 5 B/ N AR 45 e 1) I B e R 4T 27 S
O, SRV o3 ik B0 4G R A SR 1) BERLEA T
o B R R 175 0 Al R 15 Bl [R] 26 7
AR L s o SRR (80T i F T IRk {5 5 4T S 7R
e, VR PR BUR SAEHS B 15507 22 R S IR EA
S L W 3 91 i AL 1) 22 3 (L35 3 /R A, 4]
S 1) LR U AL IR BRI R AR LAY 4
PRI ZE Y A8 i o s o SCRRI9-101#B R FH 54
ifp SR e R SR BRI 35 o 55 2R A AE S8 5 eR AR /)
P AN S AR o0 iR O 58 75 TUAR
AT, SE IR T2 2 R BRI R 5 i SR PR

TE i) o R e PR A R 5 3 ) 458 S A 1)
ALY Ao 228 o) 2450021 SOR] 2 T R o ]I AR
RIEETHIZ 7 I E WG T2 N
U ER o T e T 12 00 AR A 2 Ay R ), G
TEAR 5 73 Ak I 300 7 8308 5 A3 IX 0 B A o
AR E AL, S AN 1 3R 0 07 125 1 F2 0L
A2, Rl vl fE I O LE 5 B =k 7
2006 4F- Hinton 55 A4 H T IR S 22 ) B & 5 2
ARG, o i A A R AR AR s 5 64 e
JEZRR IR B SR AL, LA BRI A 7>
A KRR RS o BETETRIE 7 2] B Sh LR Tl 57
BN EAT 70 A7 25 > B A 22 2% R0 IR
AR BIL Al A figp R , i)™ 3 o ] T PR U 5
ARG S5 IR, SCTR[ 15 38 Ao A7 Jal R AR 0T 0 A
XFHL I R G WL T i AR S AT I ARy
fifk, 1 1 ] R IR I v s A S I R R 1 4R
HERE T B A SO 5 R A 5 A RUZ RS e
P 266 EAT 3 R T S PR 4 SR R W TR R A
i, I R TN TR BURR A 4 R R A A A2 2%

58

Mo SCHERI1610 BCHLIM 10 kV A2k = Af i L AR
5 AT R B /N1 AR e (dual tree complex wave-
let transform , DTCWT) , 538 1 77 57 {8 7 -5 2 P
Wi 2, 5 23 S 40 A 1) R AIE i A TR BE AR A M 4%
(deep belief network , DBN) #4732, 45 5L R B
T ERAESE IO RE 158 H A ERR R

M TRZ 2800 T 10 2B m L%,
FUZ 250 T 20 )2 A9 U GoogleNet, VGG-16 45
R 2 A B 2 W 4% (convolutional neural net-
work , CNN) TRUj 5 57 (H A 7 22 3 2 1
BARREARSAT NG . S 7 e R HL 5 i R R )
HhOR IR JZ 0 CNIN, 5 ZE 0058 3 ] T2 I CNN
R B = HE T

R T B RN A 3 0 R A 8 I 2 AR L
RGP EEE AN 43S R BE , VIR A 1
P 2000 /2 AR PN BEAS IR 1) YNGRt 4
I A B AR [ Y R AIE 2 ), i A2 20 57 [+)
I3 S5 2) VI 4 /Y R 20 R 5 T, A
TS5 4 28 M 28 BE A 7 ) BT R0 5 28 A ¢
AYRAE . (HAERC i B R S e, 3R Rk
FAFHRARE W A, DA A N Ah i e A T YRR
P R A TE L ok L TR B 4R . AR 2% 2
NI T — SR AL AR 5, 40 COCOImage-
Net, CIFAR 45, {H X SEXHn AL AR SE S A A 54
e, oA 55 0 R et v TR 58 AN ] BT DL B i
B A A BB T C R o i TR A 22 28I 2,
SN P aA , H T A R A i 0 e e
B AR, BB AT R R B C R et F e
B 4, (H IR )2 A CNN 5% 70 T AR AR (1) %5
P, R T A e r P s SR R AN R Y ]
R, B SR L S AT AR EMTPworks 4
i b, PO 1 B R ) ELAR ARY 3 o JavaSeript 4 5 15 B
JEIAS A HERE 8 A Sl 10 R 2 1 (RO AR A
A PERL R ZR R AR ) AR R LT TR
B, TS AR P R AR AR A RS S
Ji K 05 B0 A 1 L TR — A 5l 0 1 /N AR
e ab B, AR 4 ARG B R E S A
CNN W2 X Bl S AT P UM Bk
1 A5 AR e A i Bt v IR B8 2 AR,
1.1 {FEEBWEE

M P 52 ity BT A H 3l SEBR A — IR 4R
A A K, EE 37 & 1 R 8 E L s = A
{7 B L PR RLR Y 50 Hz TARAE I 110 kV TERR



TARE,FE TR EKCNN W By Wit v R 398 4 7 5 ik

wAES 20225 %524 %9

FHLYER , T AR BRI T R U B K 2
HAE AT DIARFE T A0 110 kV BEZR 00 B 25 5 D)
KA SE, et EAR s . FAERSAE LA
110/10 kV, 2548} 31.5 MV - A FEL TR N Y/ A -
11, K ~K, A BT i fof7 FH BRARL s 428 T SCARE 4L 1T 266
firo 1~50 00 IR AR S . BELR A AR
A, R A R U R RS (potential
transformer, PT) , Forf S 26 80 5 45, 0 9 i R
B LR R R 25 LR A A, R 25 2 B 5 P B R B
S35 M B TR IE R B S E B LA
PRS2 R 5 4R R FH Bergeron (Y43 4i 2 5071
Horp Ry T ARICE 0 B e (5 BLBOH R L 56 5 AR R AR
F14) FEL 2RI 235 208 i 1 K 3 mT A | FLAR R 2 S 80
1R,

10kV
L4k 0
L %2 (;bkm] P2 75 km 1HHZK
2¢HL AR VB g
K Biokm2  B60.7km hizk
s N
@{’@*Z:Rﬂwll JK;——Ej/)‘r—2'_§§_l(_m3 #1.75 km 3"k
P 4«’},&%}}(‘ 4“4’:@§é}<‘; . i
K me6ekma  grogkm A
K S (K g T
S 2 L)
4(8&?12PT
K # e
e g AR
K e
b v

K1 BCHL I f LR B
Fig.1 Simulation schematic of distribution network
®1 MEEREZRSH

Tab.l Line parameters of simulation model
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Tab.2  Experimental conditions of overvoltage simulation samples
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Fig.3 Phase C overvoltage of intermittent arc grounding bus
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