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Application of nonnegative constraint autoencoder in cable incipient fault identification
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2. College of Electrical Engineering and Information, Sichuan University, Chengdu 610065, China)

Abstract: Accurate identification of cable incipient fault is helpful to reduce the failure rate of power system and improve
the reliability of power supply. In the traditional pattern recognition method, it is difficult to select the efficient features,
which are beneficial to classification, therefore, it would affect the accuracy of recognition. In view of this, this paper
applies the Deep Learning (DL) network stacked from multiple non-negative constraint autoencoders to recognize cable
incipient fault. In order to improve the learning efficiency of DL network, firstly, stationary wavelet transform of the fault
phase current is used to extract the primary characteristics with correlation and redundancy, e. g. some statistics, energy
entropy and information entropy. And then DL network is constructed by stacking multiple nonnegative constraint
autoencoders. After preliminary training and fine-tuning training process, some effective features for recognition are
learned from primary features. Finally, Softmax classifier is used to identify the cable incipient fault from normal state
and other disturbances. Experiments on cable current simulation data are done, and the results show that the method is
more accurate than the traditional pattern recognition method.

This work is supported by Science and Technology Project of State Grid Liaoning Electric Power Company (No.
5602/2018-28001B).
Key words: cable incipient fault identification; SWT transform; nonnegative constraint autoencoder; deep learning

network

0 3

jilll

A REAE HL 2 i A L ST e P R T AR AR DM
T, R R AR ) R GER A F AR e it

HEBH: BMILT 4347 B (5602/2018-28001B)
“d, 4 E MM BIE AT S L3R KRR AR

AIRENE. LSRR 2 R B A R I %Y, B
DL L SR s A% RS 0] R 3 2 J B (1/4~1/2
AN BTN 2 JE B (1~4 A J8 i) P it S8 g B 300t
b, H22 00 AR b, S A g R ) R S
TR BB Jah, AR, e BT
AL A i m A A, BRI 5 i g i s
AR ISR, DAL, A7 0T AL 28 LS



Bk, 45

AR LT B G 45 1 PR A 0 R RU) v ) A -17 -

REZPEC SN RN K7 ) L Ra B el AR I 1S ML [N

LI R 285 U] s ) U0 3 AT Y KK
(1) FBR 3BT T 1% o BT LA LA R i A 4 11
FE G REED N FLEE A T AR . SR (414 HLoICre
IR ANE2PS S e R i o U SR - R i
hy HEL G B e, M) P R TGP, M MR A PR o, T
T S A P L PR S VA B A R o ) B i 2 B i
B o SCER[SIM ] i IS L B AT B R P B 0e v, R
LA B e, U I B g S P A R AT
KA I . (2) A5 5 i AR ik . 3
HR [617M) FH {7k HEL it 3 48 A1 /N 3ok AR 40 F A D05
LA B A5 5 AT VR 0 T, BB EBORE Y. FR) R
A 1) 3, PR SCRF ) SEAL(Support Vector Machine,
SVM) AT A 28 [0 245 S H 25 50 D7) R0 v 205 34t
B AR 5 A 73 SR o SCRR[7 1R /N AR St HL A=
ST, MGETHRIE R, SR B 7 VR0 |
5 LSS AT U o L] V% A LA Y. IR
A, SRR B . STHR[S] 4 & /N A e
EIRAOIR A 58, T v AR (0 RIS )
LA LR . SCRRIOTMIT R /R 2 g, 1562 T
Wb R UE S B e R A 23 R SRS PR 25 Y]
W, B LT A R E R
FL 28 0

WAk, R ) 7 i 5 AL g R T 1A
EE, 8 T YR S5 R DA 5t e RN 25 ST L e
REA R i 1 25 5 T h R 2 Ik AR T
KUYV, ST T L8l B A LI
VA B U T, RIS TR SOR . SOk
[10-11753 S 22 2 R ENHILMIVA JBE A5 199 2% S L AR
JE 2% (R 2 s SCRR[ 12080 F 250 18 2 ) 2 S B
THMER RS MAh, WS I HNH T 7R
it 2 R R R s 2 20 e
285 LSRR 7 T ) P DA T R AP B B

ARSCAE XS HL A R AT S FL At R R
(R 5T DV RE Rl b, K Al S 23R A B g i e )
(Nonnegativity Constraint Autoencoder, NCAE)#4)
IR 2% >) (Deep Learning, DL)RIZ% N 1B 451
FURSE . s DL MESINZRRcE, &
SRR N AR T Stationary Wavelet Transform,
SWT)A HLL G 5 AT IEAS 70 i, 49 3 FL L= 5 12
SWT %73 fift JUBE b RARAIAE 5 A Al s 4045 5 1
B3, PRI — S BAAARNE . TURTERIRIH
FRAE, VEREE S > M Zt KN FIH] NCAE #agk
[ DL P28 SO BRI AR T 0T i gy
MREIE, $5cn A Softmax 4)JEas i 28 L e
IS AT HL LA 5 IR F LS 5 A s s

k. ASONE S ARG GRM T E: K
I ABI(K-Nearest Neighbour, KNN). SVM M HIBEH]
2% Random Forest, RE)AHELAS, 45 &), Sorh
BT th ) 1 B S R R

1 BT PR/ NR TR AR EF AR ER

h s SAE W2 INZRR00%, AR SO &2 i
15 5 W I HEAT 7 48 /) I A2 #k (Stationary  Wavelet
Transform, SWT) 7 i#, FIFH 7345 21 115440715 = 4
3 e AR ABA 73 SR HCHE FH T H 0 S e s T )
MAIURTEIE =, 1N SAE HIALG .

SWT AL A A G /NP (1) — FiE 2, [FIFF
HEG MRS S e P ANE T
(I IEAS /N AR 4, SWT AR 45 S A i 8% 25 1)
iyt R BN TFREAT T ORFEARBE, ARl &
RENAT oy m RS RS S KM, BAT®
ANAEYE, T bk G T R AE B s R I N AR
BE R ML R A S A A r R )
o TARFRMG T, PR SWT A2 funs b
RAFFRHEAT 37 o

T RIE S £, % a,=f, » KH SWT &
o5 5 o il (D AE2).

ERAERE e, =H, *a, (1)
MY nEAR  d,, =G, *a, 2)
Kb H NG, 20005 T2 AR g o A vy i
PP 7 REGRUEH . R Hor & B

B 1 SWT T3 iR E

Fig. 1 Decomposition of sate wavelet transform

ST KA A 10 kHz (W15 5 f, , 43 )2 SWT
MG, AR 3 AN R d,,dy,dy F AN ER
oy a, , JOAHN RGN 2.50~5.00 kHz, 1.25~
2.50 kHz. 0.75~1.25 kHz 1 0~0.75 kHz, [Afqgis
Ay AT ALl A3 A RO A A . ] 2
BoRTHRI dB4 /NJE3E, X IER BHRBIE. REis
SR I 1 22 g ae P IR S R BEL B )
Poid mAE SE AR, AT 3 2 SWT 21
gidt. B 2 T LUEH, 3 Bl S R
ABR G35 R g LA 1 43 B P 28 B A S R R



-18- LR R R LR 2
tb i FU. it ay ‘H ) MR B3R ST B3R LR T =
so0f
< |1 M ﬂ = mnu q L, 200 i 20 i 0
2 of || | || ||| = ) | || | | 2 o =l
% | || Il = f‘ Iw I WU s 0 £ g !
RE _50“ 1 Q00 600 400 300
3UL) |auu ’;m ":0[] 1500 2500 500 1500 2500 500 1500 2500 500 1500 2500
FA¥ 5 Febf s VIS A Tk
<10 X 10! ;
[£0.4]
g i I o | 2000 l !
= 0 rqu|| o b AT E o =0 =2 0 J
s = 2 = I = [ = f
=g I 4 I ! g 1000 '
500 1500 2500 5001500 2500 500 1500 2500 500 1500 2500 SO0 1500 2500
T TS A 2 R et
(b) % A3 el 2l L YAt el 72
X1 X0 | X101 —_—
= 1 MJ o 4 J i i i o 2000 . l
£ 0 M e & |u ﬁl \|"“"“‘"’“ g ¢ | B0 g 0 [
I 0 WY i 2000 D
S00 1500 2500 “ 5000 1500 2500 500 1500 2500 500 1300 2500 500 1300 2500
RHEA RHE RHEA R T

(c) TE 52 BE F A 35k 7

&2 3FEREFEEZIE

SWT SRR R

Fig. 2 Results of three-level SWT decomposition for three current waveforms

T SWT S Jafies j 2N RS s, =[s, .
8y oSy 1 a, 8ed ), ASCEIS Mk S 8E
R B M (p ) BREZE (o). BER(E). fies
T (Ent) NITT SR (SVE), K3 /MR R EL s, BRFAE )
HF, W

F,=[u;,0,.E, Ent; SVEn,] 3)
A B p, @) ARHEZE o, KT
A (5); A E, M wX(6); BeRRS Ene, THE
ws(7): A 5ER SVEn, ITHSEIN(8).

4)
(%)
(6)
(7)
¥
SVEn, ==Y’ ;” log, ;” (®)
DIV DIy
K@), 8, (=12, NN) Fot /N R
s, e R™ %Tﬁ%jﬁﬁl@ S e RN 15 ok 2 A 4

A 2 AT A

ATCRHT dB4 /NS T LR LA S
A AbRE A BI S 53T 8 JZ 1) SWT /NE il

HXF I AF I 8 NN 0 (d, . dy, -, d ) T A

EAA i ag VAN RHIE R FL( =1, 2,---,9),

BE—0 AT 13 3] 45 ANRRAEAE 2 S REAESE X, Tk

X:[FUFZV"’E)] (9)

2 HEIFHYRBRIBIFILME L P HI
FE AYIR Al

LSRR i A R I NI Tl e S AU
SR RUE S 5 1R ERUE 5 A HAhd Ae
e AR AL BT 3 B SRR, AR
PR AR, O —LE T e R A R
fE . USRI SWT A5 43k45 T 45 AMEHIE &,
RENIZ MAEE—E RTURTE, AR T K4 8.
T X ECRAE S P SR B 2 R R AR, LA
FIFE RSN HERTER B (19, RAHES ) NCAE
D4 285 T LAY £ RN 500 F, 208 1) 7 S0 i it

NCAE 1E4 AE [—My g, BefiRde1t4:
AE [OFRs R/ AR [ E %25 . NCAE 454
Eift4¢ AE (NESFIFREL, AR ZARFETREAR 2 2] 1)
SR T AN AR eR £
2.1 EEL AR B HRILZ(NCAE) Y 45H

NCAE!" "1 b Ik il 28 I 4% 1) G W AR A
225, gt e SRR gs BT ALK, Wk 3 Bios.
Ol X={x,x,,--,x,} eR" (;@Aﬂlﬂxﬁ SWT 7fiit
JEAF RN IE B, n=45), 152 MRS B FOE



Bk, 45

AR LT B G 45 1 PR A 0 R RU) v ) A - 19 -

PR o (1) QL5 IEHE Sigmoid pREL), B 2IFR & 2445
G R Y={y, 1,0y, ) €R", (m HBEE 40
2L g ), B

1

Y=c(WX+b)= (10)

1+ exp[-(W, X +b,)]

[l 3 NCAE/AE BY45#E
Fig. 3 NCAE/AE structure

FH RS A A A AT R A R SR IO IR 2 IR Y
RPAESEHAR) AR o 1 AR A 25 DU S o i (300 S R
wmoa A R Y B B RS R
Z={z,z,,+,z,} eR", ]

1

A e or e R

X Zh X WERE: W, eR™. W,eR™;
b e R™\ b, e R™ 75 N 2RI E 2 BE 2
B A JZ IBE S A% R

2.2 NCAE Ryl %

NCAE M8 Il g2t 4w, w,. b b, , i
FHEMEAR Z S5 NEEE X Z 8RR ZE IR B .
A BRI GRIERE, RZHB= g ookt T
PRGNS I ARG R BRI 4, Bt
A K, B

MW@=%§JHM—XWW+#ZKMpmwOD

s K OFEAREAR AN AU — DR
Z 5 X Z A B 5022 5 U M A 0, ek
M L A 0 TR M o M A T I ) KL ARER
Kullback-Leibler(KL)H{ /&, nI&RH

KL(p | p,)=plog, 2+ (1= p)log, -

(13)

Kot p HEENAMEETRNSHG p, K

e
@=%gnm) (14)

M p=p, W%, KL(p||p,)=0, WRp=p,,
TN KL R 25 B R 7 222 Jre ) 1 K T 1K o

TEARSE N H gutthairh, T kGt L6 i,
T H IR AEANY BB S ARTE R (W W)
FARLZ R, WALS B gnit 2% AR R KR Ay

LSAE(W,b):L(W,b)+§iii(a)f3)2 (15)

Ko, A RFRELRI R D580, 4453
ISR B AR AR T, B R
(W Wy ARG, AT I FHRT 40 8 i
PE, JERADTRAEZE, TSR SO 146
58, JLARHEEEON

L VD) = L5 + 233 g (af))  (16)
!

o, o,<0

g@,)= { v

0 ;2 0

NCAE 121 H Al 2 A i £ (16) 5 )
1, ATk 2D A — 2 TP A SRR ) 5 R AR A (1) >
BIEdin 2. 25 NCAE IV, 5164500 AE 47
R, R BENUEAE R FRL S S50 w1 b (1)
BB, Hp

0
w,0=w - B——"L Wby  (17)
. N aVVi,j(])
0
bi(z) _ bi(l) _ﬂWLNCAE W,b) (18)

L, BIIRFER, CEYOE T SH TR

EbR 1 ORI EHG WO ORISR j AT
I 25 i MO MR ES G b0 KR
(D) 25 @ NHICH R E . A7) A R 2L
Lycns (W, b) SBCEZH W it S 500T X (19) 1

431,
S @ e W, 0)=— 5 LW, by 7 (w,0)(19)
i,j L]
Arp:

o, @;<0

f(w,-,j)={ 0 =0
B T2 (16) AR BRI EL Ly 7, 0) IREE T L
(S s T Ly V) X b G505



-20- @A &R B R

B4 AR HIsRiE—58,
e (VD)= LOV. ) (20)

2.3 EF NCAE HIREZF>] ML

T SRAFA R R B R R S A ROk
fE, ACHIHZA NCAE HEB KK —MNEEF]
(Deep learning, DL)M %%, ‘& H—MHIANZE. 24K
RN R . DL MK A T4
—~ NCAE i\ X, ¥ NCAE I Zk5¢ i3kt
() B2 4 H Y, FAESS — AN NCAE [N, FLY, b
k) DL B£8R 55 —ANBais = « K3 T —1 NCAE 1)
Wemk 2 4 H o NCAE SN R, DLEISHETE 1%
T—ANZEMME Mg, )i—A NCAE K%
15 softmax 3 RARHIN, SLHIEHIEIT. L
T R A H R B IX 3 AR . P 4 3R
78T A1 34> NCAE HEB I 1k DL M4,

L Zs
)
NCAE, X
Za Softmax
N
Yo f ¥
X
I
Zay
Yl‘)
Yoy
x®
X
NCAE, U N
LA
(a) 3PNCAE (b) DL %%

4 3 1 NCAE #E A DL W%
Fig. 4 DL network by stacking three NCAEs

DL 2% [ I i P2 A 5 TE B I BN 2 A
BRI R . MBS, RHZZ
TOEE S Tk, R TChRC R Z T 1l Sk
KA NCAE, MIMIRTS DL /2% rh & J2 00 2% [
AR EZE ", 6" WIAIUGE s 754 B AR
B, RPN RAF 70,6 BIWIERE ARG id 1
B, KRR AR R SIS H T .

FIH] DL [/ 25 K S0 L 25 7 0 e e TR P 9
WREIE 5 fin. HET SWT AR He B A% 1) s
UHHFIE, FEFIH NCAE HES JE 8 DL’ 2% 5k 2
REARTIRTF S B SR 2RI AE, 3 il
IRFEABEAT 202150, Tk B3 e v 28 L 1
SERERT H

| FUAISWTE SIS IR |

I
IFEA WIZRAEA

‘ 512 4 P 9 BINCAEHE 25 el DN 2 i % ‘

}

‘ BP 5 1t S 19 BUDLN 24 0 A ‘

HESV]

5 HiAmiEE
Fig. 5 Method flowchart

3 KGR

3.1 LIRFIEAIFIREL

FR P el 2 5 R ) W TE 2, fE PSCADY/
EMTDC H 44 5 e 25 LI R ) 47 ELAR R, e 6
Fiome A 25 KV TGS I FL 2 s 2 i A Y,
FERVTR P 2% 18 1 AR BRI P 97 g e
F A AR DI P SD , LA 10 kHz [FERAEAIR
KA RN A REA S, WiEl 7 fros. F
FHB 6 (A BRI HCRAE T 3 240 MREAT BB,
BI04 1080 MFEAE S, iz
JE 1 L R T R A5 540 A, AR T B IORE TR
PEE S R PSS HT) 3 M 8 % 360
AFEA S T AL SRR B R AR (R BEAT LA e 1
5k FEL I Gt B AR S N ) 2 BE AL
(. Bbah, XTZ2 R ERES, JFaEmse
FE( 22 J e RS 5 BT SWT AR e B 2y
HE o DL MZG 7, I = ZREA K b B A Lk
FE 0% IIEAAE A LA, TR 10%5HE1E A
MEAFEA

RHX

7
(T) (5) (;) “4)
L6 At AR 5 T P R

Fig. 6 Simulation circuit model for cable incipient fault

-



AL A Bl 2 b e £ P A ) ) - 21 -

HLi/A

<

=
S

Hi

LA

HLif/A

HLifE/ A

-400

10 000
8000
6000}
4000
2000
0
-2 000
-4000
-6 000
-8000
~10 000
50 100
t/ms
(a) 2 JA ik v 4 T e e
8 000
7000
6 000
5000
4000
3000
2000} 1
1000} e 1
oSSR
o 50 100
1/ms
(b) 24 S g e 4 L AU e
400 x .
300 =
200 —
100 AN A A A Y A A Y Y
AR R O R A
or H 1 ||I |I !5 { ]l AR L |
100 AN . W\ .{u -ll'J L Y -l'U'
200} |I 1
-300f | 1
400 - .
0 50 100
1/ms
(c) HEHED)
1.5
1.0}
0.5}
OF
-0.5
-1.0 R )
0 50 100
t/ms
(d) TEEBAPL b
800 —. ]
600 =3
400 — & | 4
200 Ao e 1
-200 1y L VY

~600
0

50 100
1/ms

(o) AL
7 TREHRITK I E

Fig. 7 Feeder current waveform

3.2 THATRE M BERVHE IR

TV SO N PR AR, SR T VR
(Accuracy). K% (precision). 13 [F]3 (recall) 1 F,
HFEDR, AN A

Accuracy = TP+ 1IN (21)
TP+ FN + FP+TN
Precision = P (22)
TP+ FP
Recall = i (23)
TP+ FN
S L — 24)
2TP+ FP+ FN

Arf: TP RIRSEFr o FIEE RE A, HBLRLA,
THE N MR R A S FN WA B R 28
H HABSE A IREAR T FP SZbr Ry HABIE B A
A, BEAERAIEIREARSG TN W BT 2R AR
AH o WERFR S R 1) s S TIOR3 R S s 30—
EIFEA G SFEA B LL s RS2 S 1 42 S 56 Tl
DAy L A (RO AR, S BRiS  A Fe A 4
RS ) LA s A D] S ) s ke sz 56 e L Sz Brm 200
FEL 200 R T Ay T A I o 28 1) A P 0 )
B FEAS IR LL s oy DR R e 2 R0 A [ 2R (1 1
B

3.3 5H o ARSI L

AR I ZRAMEREEA, K B i)y
P ESE N KNNISL sSYMUTRT REPOIEAT HL A
KNN F5 2 B NFEAR K AN AHSBFEA K%
om0, WA WA A JE T X AN
SVM i F Vi, fFihbrmk, KilAT098
PN RE &R T 2 AU I BEEE L, 028
()45 F P S A . SPGB R
IS, CAREILK T 3 )2 NCAE TS T
DL M4, RN 5 mmss, Bas 1 AMAE.
3 ANBEZEFN 1 AN, TR N R R
TS Ry 45 R0 3, BRGEUE IR U8 [20,10,5], I
TR RSB E N p=0.05, u=1,
A=3x10",

# 1 5”87 KNN. SVM. RF HUASCE R
AR KGNSS R, WTUGEHISE RF ik
FILLE T KNN Al SVM BA B4 i bR, (H3Ch A
PERB T A HERf 2 RS2 H PR LK FyAEIX
JUATT AR T RF S AR R0 ik, RS
BT 5 1A R A BB ik i R AR I ) 2 BEALAS
fif e AN AR A S, R m i
SR R R R (1) 98 I



-22- @A &R B R

F1 TR ABILLRER

Table 1 Comparison results of different classifiers
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Table 2 Comparison results of different classifiers
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