F415 F11H
2021 £ 11 A

Vol.41 No.11
Nov. 2021

2 9 8 % Wk &

Electric Power Automation Equipment

JEF- I HH RS B phes gt FLRE IO D8l 4 2305 Tk

Eo%A,K @
(REXS HRERNAFTRELEZHE, LZ 300072)

WE AR R BRI S R T ES R EARRATRFHAEREF S, RET —HETREFI
amdr b eSS BB Z MG A TR M BRNET oL, B4, LRI ETLNETHRATREE , LMAAZ
TRFEATEA, AT RA TR R0 SGR E AR L, EEAREANZ M & T ANk ek b 254, 8
A BB o E 013 AT A8 &, A AT AT I ANAT 5 3 AT 4 K o AT SR R R R A4S 5 R
R A G RGBT L, RN BRI 5% 04 T kAT AE 5 AT AR, Ay A R BRI IE R TR AT LA

FRATHALR oA, B 5 KR JE Ve 5 REAFESHFHRE,

KW AR E WA oL M b e S ERAYZE WL
XEAFRAERD: A

FESES:TM 732

0 3lF

15 H R BT B 41 501 3 26 03 A SRR i e
PEL O deanicit 2 BB, H T, BB T B P 3 i
TIE P2 BV A S e L AR 4 S AR 45 (ST) (/i AR
e K LU 7 5 R IRE 1Y R AR AT IR R S AR
J oy A AR L RE BT R R BN E S AT 2.
BR LT 1R et ST $2 B0 e o 122 40 3 5 5 AR L il
1 B 4% S FF ) i AL SVM (Support Vector Machine )
Gy AR HEAT 43 28R 5 SOk (2 ] SR FH 5 180N i 722 4
DWT(Discrete Wavelet Transformation) & BT, Bt
G2 RN R 2= I ML TR e AR 5
& B /NI e i) 8 JBORIT i J5 BT Q T IS 7 7 TR X
S5 F) RIUHG T T SR AR R E 5 SCRRL 3 ] SR DG e 3A B
MP(Matching Pursuit) ByEFR T EEEAL PSO(Particle
Swarm Optimization ) 5 AHEE 5 (1943 244 R 1 1
OrfRESR I RE R E S E S8 UL ERAIESR I
MGr AR A & R AEXT L RE B i P 8 15 5 AT
KT A B BAF R B3 Se 5 s F AR 2 0
MGt a4 BUE 5 R, FRE AR R BT R AR 23 %8
J5 S5 JE A NG B 7 LE R B2 o SCHR [4-5 )7
JH PSO 5532 AT 2 B SO0 Ui ik Hh e AR AE T4
(EZ Ty 5 TR R 2R IR 1 st 200 4 52 A5 P sh 2 Y
AR RS I SSCR AN BRARL; SCHR[ 6 TR 3 17—k T KT
B 1 3 R RS, R I A 3 s A
X} JE IR R AR R AT i e P AL B AR AL (R X T
207 Hetn Ak A R o

LRI 1) O HL RE BT S 0 9 15 5 73 2 iy i
P& PR R FH — T A A T 1 A b T
Yr#E B 81 :2020-08-27; f& B B #7: 2021-05-16
EE€WA: B X E EA A% A (2016YFB0901102)

Project supported by the National Key Research and Develop-
ment Program of China(2016YB0901102)

RS S AP
DOI:10.16081/j.epae.202107010

A P S {5 55 AT AR S ORI R B, HERR A
KT TR BHRIZYE R e kR
{75 b 53 2 A Ak BROR MU R mTRE , DR HORE
TR 2] J7 4k I T L RE ot i 400 3l 2R U B AT 7
TEARFE S SCHRL10 148 H T 36 F Hoeffding Tree 5
AR F RE I Y B 0 205 0k, i el G /s
M B RO A e AT L RE I R D S A I L SRS
Jv; ] Hoeffding Tree 5332 £ 37 1 1 43 F I AR A4 5 SC
BRLTT]ER 1 — M T A mi A sh i SAE (Sparse
Auto-Encoder) V& FE # 25 % 45 1) H1 e BT it SR ) B0k
ERPR ARG B 3h S B i X0 H e T 4 3 J R 4k
PE AT I B R IR A2 AT, A Bl 3R BBCEE R Ak 14 i
FRIERIA

ARSCHE T — T S 5 s AR 22 X 2%
SFCNN(Side-output Fusion Convolutional Neural Net-
work ) {1 HL BE BT fE 40 30 3 2607 1%, REWS A Bl %) it REJS
I E S HATRE R S or e, BEX—4E 31 1Y
HBE BTSN 5 5 ARG 2R — 4, e
Xof HL BB AR 0 47 0 A A8 I 5 300 el % 4 AR 228 9 2%
CNN (Convolutional Neural Network) K . . & )2
{5 BHEATRAE RS, 0 Te) i 1 R 5 0 2R 4521 RERS
U MR A5 55 A SR R AE RN R SRR AE , A R R
K5 5 3@ L HE &= — 4k BN (Batch Normalization)
SER TN ) BB AAL CNN 5 G ik BE 405 46 )
R FH S o v S0 1 R 7 ) 47 LK X CNIN AT 25
P& i P28 (TR o 7 BRSNS S ik AR SOy
A RLE
1 CNN

CNN J2— 5 2% 57 10 0 4 R0 142 B T
PR 3 o) (EGG 43 28254500, Ui 174 A
M H AR AE5E ) CNN AL & B RUZE k)2
A1 2 M Softmax 43221, 7EF] FH CNN AP E]



liog L/ AR {7 G-

F41%

Gk, Ay LK B VR — > ek B, eR B S A i 0
Vil Gl SR SRR

X sutput :f Softmax (ffc (.fconv (xinpul))) (1)
%, F TR EA 5 £, () HETRE
Li_%: 5 fﬁ. () ﬂﬂéﬁfi%l@% 5 fsufmm () ﬂ‘j Softmax ﬁ:}‘%
Fizf. ()P E NS HEEE, CNN I 2
i R R i A S A8 N 48 AR A R AT I IR
o NAETULH], R SCX CNN A 4% 2 2R AT UL B
K2 2R U2

CNN AU AT .

DERZ ., BEFUZE CNN H 2250 E B0 #%
AL IR iz R i sh s R O S HE
P BRI T B BRI BURE . BRRZIBE N

x; =f (xiwky + b)) (2)
b () AR R " B RUEE B RE
B § AT RS -1 2 A A
L0k WERES i a0 55 j M &It
GBS AL YA E S AV S R e L 2w IR =

2)%h Ak . AR T R A e A B e i
TR IR SRR AT Bk i, B 3E o 40 /Ny ACRRAE [
W NE B CR . WAk )Z B R B

2 = f (775205 0,207 (3)
T2 fi () T SRAF RRER 30 358 IO J5 A R
B Uy P IR SZ AL A 194 45719 Ui KB ) B0F- 24t Ak
PRI IRy 00U 52 WL BT N 451 R XD s PR
L

3) 4k H )2 (Dense |2 ) : 212 2 X &G TR 2 Fl
T E PR B RHEFEATE5 G TH R AR XS B A 28531
KGR . SERZENEE N

o= d ) @
K d IR Z AT 25 2] 24

4)Softmax 7325 )Z . Softmax 4335 )2 & B A G
PRAIIY A 2 2, L T N R AR 5 2 50 =2 ) 7 o
T, Softmax 4328 2 iy HH B R 3 AFEAS & T 41
N2 R I REAR I HE, AL Softmax 328 )2 B M Z48T
B S T BN EE . 5B m 25 1Y Softmax 73
KIZn5 A

pm=exp(xm)/zl‘exp(xi) m=1,2,-,k (5)

Ak AREASENEL p, WZFEARBL S T2 m A5
PR s, SRS m A2 s LB 2 R A 60T
5)BNJZ. BNZ B FHERZREEEZEZ

Je 38 5 R A 2 i AU i DB P T P A R

B8, BN JERY F 2 A AN
z}:’y}{j}}%—ﬁjl (6)
L_ETy!
_/)’}jl: y} [y]] (7)
Vilyl+e

S BN R 5 58! BN JZ B 5 B[ /A0
Vo Ly 14 B AR GE ! B B T 2 5! 8 122
5 AR TT IR & BT

2  SFCNN 4 ZiEH

2.1 SFCNN®J&itER

FE 1T SFCNN B, 75 2255 (R L g i & L sl 5 5
2R

DR EIL G5 —4E 55, 1 CNNJ iz
W T A U R, SCERL 15 1R Wigner-Ville
Fe AN — 4k da B T B P Bl (5 5 1 21 — 4k MG Sc
o, SR I CNN BEAT U0 (H 3R 358 i 58 2
PRAVER 20, ILAh W — e e L Bh 5 5 e =
YRGS R R T RE S AR EE G S A
FRAE . Al CNN BE WS B 4 Hb 18 51 — 2 FL BB o 2 4
ST, T EXESE CNN 5 FZ A7 kot .

R T WG b X — 4 R P Bh AR S A T b
b BRUZ R — 4G RIE NS, 51558 4%
BUMLE , — 4B BT R DB T4 g
YERIRT o DU AR 2 6 H T s e

Xg,qu(ZX;-l*KﬁBf) (8)
i=1

Kb X!, W BRRES 25 ¢ 6B FRIE R 1
H X RS L2 N Ixn 4E5E 5 KRR 12
5 q BB FUEIE A BB (KR Ixk) jz=n—k+1;
B B f (+) MO PR TEERUE T, — R
FH ReLU PRIEL, 12 R BCAT LU (5 5 09 47 AF 26 35 5
PR, W5 [ 5 ARk e ik B

)R AR S LR E 4%, HE A shit
A kA4 JE ) CNN R 2 A R8s iz fe e 1, ]
IO B 35 591 25 Fob 28 780 %) e B BT s B0 B, Xk BEOR
CNN BEHE SR B S5 5 A0 R fiE o Bbsk, B
SERHLRE R LB G 5 B S s | I 2R s
) CNN N 2 ARG ATt
2.2 SFCNN&#3

AL T B SFCNN 25 48 QB 5% A B A1 IR .
SFCNN Z5 M) 4075 S, — S,3X 34~ H T 4544 , B~ B
MK ETZ BN 2 b2 4L A E— R AE R IE
PEULAR 4 S, — S, 1B B2 19 26 B8 U #2555 i 53 )
BEE N 32.64.128 75, LLZ JZ TR 25 5 B BB K
BB /N T, X 2% BE % G 13 1) FEL BB ot £ 4 3l
55 B AR R DA S 4 1 B R BURRAE 5 Wk 2
FH T P2 0 e T fe PR 215 5 1 Sk 35 A ) e ol 20
W26 S50, T iR LAk XA R R RICR B4 T
Yk Jr =X, B b Ak 2R A s Ak Oy =0 FE B R
JZ At Ak )2 El i A BN JZ X EE 281 73—k Ab 2R
Bi7 1k PN R ES A 2ok BE AL I v 0 2% i S EE
S, — S, Wy H1 2 5+t Flatten 2 5 0 9B R n 4EERAE



118

FURAR, A - T O 1 i A AU 2 I 255 ) HL RE BRI B 220 1 e

['E] % Ssidenu[pull _Ssideou(puB , ﬂ‘:’ Tﬁﬁ%iﬂl Hﬁﬁ%ﬂ%%% 'L'Ij
EABTUE m 2h  $5 I RS RL , fF H pR AR
A R P 1 (APD Y g 2 R AT AY  7E S, — S, 11
Flatten J2 J5 N N4 3% 4% )2 , 55 M Softmax 4328215
BN K FRICEE I SR R

i 1 %] ResNets , GoogleNet 55 5ic #f i 45 #it CNN
FERIIEA T 43 BT P A, 76 4 A5 b s FR v, I 25412 B
JINOG T 2015 REAE P2 3RO () AR 2 R AU A Bl 2 T 285 11
IRABEATAL 8, B A0 P BB & 2RI TR f
RZFAEME s e o BRI AS SCRI Tl & 2300 A )
GRER TS RS 2 A5 R TR .
flE 2 A R FRAE T IS ot ™ S steonpus » BV S
WX 3ARHAIE ) B R AR, PR LA RRIE I i
MM SEBAERLS o AG 5 56 S e E sl fE
TS PURHE , B GURFE Z (8] AT LLE AR ARJZ SRR
A HRBl SFCNN 2 BUE 4 1 5 )2 FF Ak , $2 5 SFCNN 7
S| HL BE o I B0 1 AE

S sidcoutput3

[Softmax 5} 5)z |
[ 24
Bl BAELS

Fig.1 Structure of fusion layer
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IS 1500 20,30,40,50
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Fig.3 Comparison of classification accuracy rates
and cross entropy losses between training set

and verification set
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Table 2 Performance comparison among four

deep learning algorithms

pres IIRUET R / % %5
Ry=50dB R,=40 dB R,=30dB R,=20dB M[H /s

DCNN 99.43 99.06 98.40 97.67 64.5

LSTM 94.90 94.79 94.77 94.70 3.2

CNN-LSTM  98.93 97.73 97.53 96.39 438

SFCNN 99.86 99.73 99.73 99.06 26.4

H#F SFCNN 5 SCHR [ 2] % FH /) DWT 143 JZ 1 FR
22 KL (H-ELM) J5 % (DWT+H-ELM) , SCAk[21]%



118

FURAR, A - T O 1 i A AU 2 I 255 ) HL RE BRI B 220 1 (117

FHAY ST IR 4 28 9 265 (PNN) J5 i (ST+PNN) |\ 3
FR[ 22 J 2R T B¢ AT 3081 iy 3 PR 5/ )N gl A2 48 (TQWT ) B
PLARMR(RF) 5 2 (TQWT+RF) 475 He , 25 S 4n sk 3
Fin o R, "3RSk 21 J PR B4 2R
HERRA . R GE I RE BT 3 0 205k b X5 5 73
fifp Joi EERT R AR HEAT R, S T ARIE B i e O T %
A WIS , SCHRL 21 G T 4N FFAE, 7530 dB
PRI LT, 23 28R 3k 98.63 % , T SCHR[22 ] %
WOT 16 MR REAT 20 Fr , TE AR TR A MR 75 25 4T, o3
U RIB B T 98.13 %, WU WERR R 20T, BLUIAR
Tk B2 0 22 - S BT 7 REUR 220 . AL
JIr$¢5£ T SFCNN (9 2 JZ {5 B Rl & 4 il DL A 3l
WA BRI, AL T r RE SR P S UM A A2
T HLAR 51 RPAE 7 2 SBORT S 5k ], I 005 724 Fh
WP 2R B MR R Y T AR STk
#&3 SFCNNHESG A ERI S LK EBHEI L
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Table 4 Measured signal classification results after

data enhancement
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Fault line selection method of grounding fault with high resistance in resonant
grounding system based on intensive zero-sequence impedance characteristics
SHAO Wenquan',LIU Yihuan', CHENG Yuan'?,ZHANG Zhihua®, CHENG Chang'

(1. School of Electronics and Information,Xi’an Polytechnic University,Xi’an 710048, China;

2. School of Electrical Engineering,Xi’an University of Technology,Xi’an 710048, China;

3. Electric Power Research Institute of State Grid Shaanxi Electric Power Company,Xi’an 710110, China)
Abstract:In order to solve the difficulties of faulty line selection of grounding fault with high resistance in
resonant grounding system of distribution network, it is proposed to enhance the zero-sequence impedance
characteristics of the line by using the short-time switching of resistance connected in parallel with arc
suppression coil. In the case of single-phase grounding fault,the zero-sequence impedance characteristics of
the healthy and faulty lines on the same bus before and after switching the parallel resistance are analyzed.
The analysis shows that the zero-sequence impedance of any healthy line remains unchanged before and
after switching the parallel resistance,which is composed of its own capacitance impedance to ground,while
the zero-sequence impedance of the faulty line decreases significantly after the parallel resistance is put into
operation, which is composed of the parallel equivalent resistance of all the healthy lines, arc suppression
coil branch and the parallel resistance branch. In addition, the range of parallel resistance is analyzed by
considering the limiting requirements of fault current and the start-up requirements of zero-sequence voltage.
Therefore, according to the change characteristics of zero-sequence impedance of the faulty line before and
after switching the parallel resistance,an improved faulty line selection method is proposed,which can theo-
retically adapt to the grounding fault with high resistance that lower than 3000 ). The effectiveness of the
proposed method is verified by MATLAB simulation.

Key words: distribution network;grounding fault with high resistance;fault line selection;zero-sequence impe-

dance;parallel resistance
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Power quality disturbance classification method based on side-output fusion

convolutional neural network
WANG Jidong,ZHANG Di
(Key Laboratory of Smart Grid of Ministry of Education,Tianjin University, Tianjin 300072, China)

Abstract: Aiming at the disadvantages of the traditional power quality disturbance classification methods,
such as low classification accuracy and difficulty in manually selecting features,a SFCNN(Side-output Fusion
Convolutional Neural Network) based on deep learning is proposed for power quality disturbance classifica-
tion. Firstly,the power quality disturbance signal is preprocessed to standardize the input signal data,which
is beneficial to improve the convergence speed and accuracy of the proposed method. Then,the side-output
fusion structure is introduced into the traditional convolutional neural network, and feature fusion is carried
out by combining the information of the low, middle and high layers of convolution to better classify and
recognize the input signal. Aiming at the problems of insufficient measured data and unbalanced distribu-
tion of signal data types,the data enhancement method is used to process the signal. Simulation and actual
data verification show that the proposed method can automatically perform feature extraction and optimiza-
tion,and has the advantages of fast classification speed and high classification accuracy.

Key words: power quality; disturbance classification; side-output fusion convolutional neural network; deep

learning; feature extraction
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