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Automatic Identification of Typical Compound Faults in Substation Based on ASFF-DC1D-CNN
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Abstract: The multi-faults of substation are of great significance for the stability of power system. In order to
automatically identify the typical faults of substation,a dual-channel one-dimensional convolutional neural network
(DCID-CNN) model based on analog-switch fusion features (ASFF) was proposed. The model was consists of
two independent feature processing modules and a shared decision module, which could utilize the features of
different types of data. Batch normalization layer (BN) and attention mechanism (AM) structure were added into
the traditional one-dimensional convolutional neural network (ID-CNN) model. The analog features of the
recording signal and the digital features of the switching signal could be efficiently fused by using dual-channel,
which could enhance the ability of feature extraction and learning of the model. A typical 220 kV intelligent
substation was modeled and simulated. The data obtained from the simulation were employed to train and test the
model. The results indicated that the model achieved a recognition accuracy of 98.33% for typical faults.
Compared with the traditional single-channel CNN, backpropagation neural network (BPNN) ,and recurrent neural
network (RNN) algorithm, the proposed method has great efficiency and robustness. It performs better in the face
of complex data.

Key words: substation; multi-fault identification; analog-switch fusion features (ASFF) ; convolutional
neural network (CNN)
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Fig.2 Switching value model simplified timeline
K2, ﬁ%ﬂl‘%?‘éﬁiﬂ?ﬁﬂﬁﬂﬂtﬂ%
Rt IR BRI TR) 95 55, 1, () RS
ﬂ/ﬁ(?h/ﬁ)ﬂﬁﬁlﬂwﬁ,Lel(t(,z)j\ilﬂyﬂﬁ*/\i
THIF CRRENT) RIS RS s X T4 MG S,
ﬂil,nizﬂéﬂ)\iﬁ%ﬂﬂ?

n, = by = 1y, (12)
i =
Ly = 1y
lp =1y
Nn = (13)
Ly = Iy
lp = 1;
A=t (14)
Ly = 1y

KMy HRSPC; M, FSPC; A, ATPC.,

R TR OGS IR B a7k, DR e 7 22
THEPIB B RSPC, FSPC I ATPC., HEhE—4 11
TF 85 — B RSPC, FSPC F1 ATPC % 4 0,

BALL R )RR AIE 25005 207 /2 1) RSPC, FSPC
HIATPC Ky i ASFF ., ASFF 454 7 Bl 5 119 14 2
P IR e 0 B P2, DT 3 Sy e A X g 1)
PAET O EEEE

2 WIS AR

2.1 1D-CNN

ID-CNN B 280D | B3 45 F 748 oL ol e o o
U — A5 HE7-Y, ID-CNN EZAFEH)Z
TRE AR

1D-CNN i i — 4 4 1 )2 (convolution layer)

FEBURAEST, BRI R
yvi''(j)= ReLU[ K*a'(j) + bi] (15)

U ReLU () R s sR A * O 45 Blis B8R
& () HAEBUZ PRSI A R X K b1 435k
81



wAAES) 20265 F 564 %84

EHA % K F ASFF-DCID-CNN 49 % o, sh 3 A 5 A3 & f Sh 4L P57

5 i GRS 12 B RE R

AL )2 (pooling layer) A LA $ B 5= ZLARAE H
B AE FE PR R T I S A

4% 3% )2 (full connection layer) bR TN I
TEPFHEELH G I8 3 PO pR A 7284 R, 4
A RAE N

L= RLUL YD Whal(t) + ] (16)

i=1t=1

2 W, b o S A AR R & ai (1) R 56 L) o
5 I ANFRIEI S A PR ITIE
2.2 DCID-CNN

AR ST (1 DC1D-CNN 45 44 4 &l 3 T
TEAL BE 1) 1D-CNN Hiin A4 5 3 — )2 (batch nor-
malization layer, BN) FiE: & J1 0L (attention mech-

[ MaxPool1D2) |

| MaxPool1D(2) |

3 DCID-CNNLRIZE 1 FEl
Fig.3 DCID-CNN model structure

AT P 9 DC1D-CNN A Z5F9 40 R

1) ASFF A5 #0045 A1 iy A e 38 ] T &b B ASFF
R R AR . BRI 1 53 43 BT (princi-
pal component analysis , PCA ) [ 4 (4 RR1E 1] 12, il
A BN Z LRI G, i —A> AMJZ , 77
RUERHE R ZEH 7o A 20% BEAL % 57 51y
EZFZLIB I G @ T R 2 4R
] A Ry — 4 ] 1

2) HH U A ABURRAE S A E S , ASFF JF 3G B
ik A 1E B AT DB . R BN JZ
FIAMJZ . JRT 2R B 5 )RR 2 4 i — 4 1)
i, o SR R AR I A RS

3) WA Y i 38 2 PF422)2 (Concatenate )
HIF . BRERHER A A SE R TR . HUUmA
20% BENL 58 R0 Z 52 LI i 5 o s
PRI Softmax , 5 2 bR R i 1 53 8 28 XM o 38
112 2] 34 0.001 (1 Adam i AL2F I 2R
2.3 HEISETRE

ASFF P28 B0408 76 P4~ 1D-CNN BT rh 73 51]
W2 o ALY A 55 9 4 ST 8 R i Ak JEASE B T —

82

AN FEEYORBIE PR TR RS S P AR X
ARG 53 59 E AT PCA KB FERS S HE AL 55 1D-
CNN &R Z R ALZ Z A BN 2 . FEHERY
(At P J2 S S N T 2 T AL, AT 34 i 455 25 f
MESCHERE ) o BERCR 572, DT A ki s />
LA I A 7 AL BE S,

3 %
31 HEHIEE

DLAE A 5 M T 220 KV 2% H v B R R 2k 7 =
RG] A L H R R N 4 TR

220 kVidl 220 kVIE

dgn dpe R EE RegEs MeEs

Ils?kV;‘.'i‘J
220 kVHI £ [ fRR A
220 kVIE L) 110kVIE
R TR

shEF s BB jokv 1B EpIp

RERRAE
10kV I Bth | 2553
10KV 1T Bt bk s
I l 10kV I B I— 1IOKVIEEE 110 KVl

s IR ppne wspiEs
P14 AR b — IR ek
Fig.4 Primary main wiring of substation
il &7 20 28 92 A AL 2% (digital dynamic
real-time simulator, DDRTS ) £ 37 4% B, vl — Y 45 B
RGPS I A AR5 B AT S
% RIS BEUREL 2 b, | TR A ] TR 42
DA K = A4 M e, A 90 30 R B T 025 B
i, i B 3 18] B VA E RS (current transformer,
CT) A W2 45 . 33X A] L= 6 i it 42 01 50
UERERL 32 A RE ) e e
TIERG: 8 = RVVI N O Wb N1 7| e G 1 7
PO DG 2, 24742 Fi il 2k i 2R A BRI e I P O
TGN, P, P ELRA T RE B AR O
FIf A P, G AN PR — Y i 3 55 L ) e 4, —
UM 25 A AR RS o CT MO AN AN 181 5 i, 1R
R/ 113 7T S R ¥ N N - M 7 A NV D R
A DUFR 38 0 e i A B IR AR AR AL S
B, 7E 120 ms 150 45 50 L AR IBCRR O )l s
LI, I HBCE CT o B2 3R, 13 I — ]
F, L AN A P A T U0 L o

4
- O

/A

1 1 1 1

1 1 1 1 1
100 150 200 250 300 350 400
5 [8]/ms

P50l HL R Y H O

Fig.5 Primary side current and secondary side current

0 50



I A, %K T ASFF-DCID-CNN # % & 35 2 A § &3 % B Sh 4L $F iR

B AR 20265F H 564 % 8

4 HL B R A Y R K A W S
fl N R EE, CT K I3 1 B SRAE SC B L O, DU £ 45
SR 22 SR BUR Y R E R B A R I
e S, RS, LLCT /Y A FHITE R )
WiE 6 fron , A MHFL R BLAE2E R 0, B, C PIAH HL I
TR 3 K, IR S R U 2 T B B R
B, FERDLSEEG R, 7E 120 ms WiJT CT A4 A FH LUK
FLCT [ BRFH BTER

L ¥ ¥ I I 1 L
0 50 100 150 200 250 300 350 400
5} 6] /ms

K6 CTIBE R
Fig.6  CT disconnection current
RO AR AR A P 2 AN 2 R o 312
2, 14 8: 2 RIS ZRER AR
F2 WERFARSE
Tab.2  Fault sample grouping

W UIRRA MREEAS ) B UIERA MR A
ARREH 80 20 AB 80 20
BAREH 80 20 BC %M 80 20
C FHFHb 80 20 CA 5 80 20
ABH ] 80 20 | =AREEE 80 20
BC ] 80 20 CT A 80 20
CAAHIH] 80 20 CT Wk 80 20

3.2 4FMEIREX
DA CT 8 A4 R 18] % A AB WA AR 1] 48 55
B Ay 151] , — FHZR S HL U AN T 7 T s

&W\/\/\/\%

50 100 150 200 250 300 350 400

AAAAAAAA WA
hddadtad A Lan

0 50 100 150 200 250 300 35() 400

I/A
N O Jl

W
T

I/A
h o
<
[«
q

E AAAANANANANNNANANAN—————————

IJA
W O W

1 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400
i ] /ms

7 CT R K2 A 0 A A i) et B e e 4 I s g ]

Fig.7  Partial fault oscillogram with CT saturation and

two-phase short circuit fault

1t CEEMDAN 3 A FHFL AT . A M HL 0%

W EMES Sk pa & & 8 s, CEEM-

DAN WEMIES SEGES mEES  RENA

10752, 160 CEEMDAN AT DS B b /0 fife
Jf'?iil“fnﬁo

T 3 X A AR 6 L CEEMDAN 43 5 1 4%

IMF 73 1 47 HT 2246, IF 115345 40 5 0 1 1) 1

5+ (|
A
§ oF /\f\/\/\/\N\/\/\ / \/ L\(
-5t 1 I L \II V 1 L I I
(xlO_'S)O 50 100 150 200 250 300 350 400
2k
3
< Or
-2r L 1 1 L 1 L L L
0 50 100 150 200 250 300 350 400
s} 6] /ms

K8 HEMES SRR ML

Fig.8 Reconstructed signal and residual curve

ﬁ,,n%ﬂn@wwo

IMF,
(=35
L

o

0 50 100 150 200 250 300 350 400

) 2
0 50 100 150 200 250 300 350 400
o
: — |
0 50 100 150 200 250 300 350 400
505
= 0.0[ P |
0 50 100 150 200 250 300 350 400
0.2
2 ool —— |
- o75 50 100 150 200 250 300 350 400
R e _
T U050 100 150 200 250 300 350 400
K 0.010[ |
E 0.008 . : i i i i . :
0 50 100 150 200 250 300 350 400
% -0.008
R ———

0 50 100 150 200 250 300 350 400
I5F ] /ms

P9 AL LI 25 IMF 435 Hilbert 284005 R 5
Fig.9 Instantaneous amplitude of IMF components of

phase A current after Hilbert transformation

& FF {55 % RSPC, FSPC Fl ATPC 1445
—WBnE 3R . BTSSRI E—IR,
5B RRIES R 0,

F3 EFLBESE-—MRNBTSY
Tab.3 Feature parameters of each switching

value signal at the first stage

PSS el RSPC FSPC ATPC
S AL 0 1 1
2B 0.6154  0.1864 0.5733
ARH B R 0.6154  0.1864 0.5733
BAH Bk ] 0.6154  0.1864 0.5733
CHHBE I 0.6154  0.1864 0.573 3

IEAETFAA 0.6154 02034 0.58

L IFAB 06154  0.1695  0.5667
{RAPEHE 06154 01864 05733
PR B 1 0.0339  0.4467

ARMEHE RS 1 BeshfE 0.961 5 0 0.44

3.3 HERSKIE
8 Y BIE DC1D-CNN HYAT &P , BEAT X e 5
5. Model structure_1 R 1545 CNN 25 k) {H 5] B} $2%
ISR UL RN T B i A . Model structure_2 A {%
45 CNN {H H 2 =4 A . Model structure_3
83



wAAES) 20265 F 564 %84

EHA % K F ASFF-DCID-CNN 49 % o, sh 3 A 5 A3 & f Sh 4L P57

SRy WL I 25 A6 (H R 5 i BN 2 R B T BIL] .
Model structure_4 A Xl 38 25 #4 /5 H A T BN
JZ. Model structure_5 A XUGHE 18 4584 H A T 1
REIIOLH o 2SRRI ) —Bs 4 bR R i 2k
YRR L an & 10 B 7R

16F . DCID-CNNA structure_4 Ass 41.
R o B |0
14+ A ,..-)\":/I"‘/N v
structure_5 Ass 10.8
12F structure 1 Ass
B structure_2 Ass
10 structure_3 Ass 40.6
e 6
ﬁ; structure_3 Loss E
- ~
6k 10.4
structure_5 Loss
structure_4 Loss
4+
I, 40.2
ol %, _DCI1D-CNN Loss
‘- —structure_1 Loss
oo structure_2 Loss
0 C 1 1 1 1 1 1 1 1 ] 00
0 20 40 60 ) 80 100 120 140
iR
()il 24k
16 1.0
14+
12 1°®
10
10.6
o o ¥
g structure_3 Loss E
6k 10.4 7~
structure_5 Loss
4L structure_4 Loss
\ 10.2
N % _DCID-CNN Loss
*___structure_1 Loss
—— structure 210ss . . o
Us L 1 1 - I ‘:— ‘_; L “l‘r 10.0
0 20 40 60 80 100 120 140
R
(b)ill ik 4

10 ANIR] 2% 45 By I R Al i 4 ih 2
Fig.10  Training set and verification set

curves of different structures

10 Hh R B, L SE CNN Y PEREFT Model
structure_3 FEYIZRAE AR IMIL-TAHIH , {H Model
structure_3 [ 14 RE 76 11X 5 - 1 26 B0 B S A
XU 48 CNN FETE L P15 o AH EE Model struc-
ture_3, 11 F BN JZHIJIIA , Model structure_4 4451
T R BT B S . B BN JZE T
A HRASE 2 i S B I 4 e A ALz AL RE T o
FHE P IA , Model structure_5 A1 2545
e HARIF ELMER Ry . SRR AL AT 2L
Hu SR T BCAGRRIE PR AR T

N T HE— I UE AR T A P BE |, Precision (P) ,
Recall (R), Accuracy(Acc) 1 F1-Score (F1) % 3k
PEARBEAY B ALTE I 2 b i 2% OPE A 45
BV 4 {E a5k 4 s

XF L2 4 TR AT FEAS AU g A B
R R 1 B0 T AT O i R AIE X 2% J0UH8 A A 42 T

84

R4 FEMKEHEETUEMIERTHE
Tab.4  Average values of various evaluation indicators

of different structures

Pl% R1% Accl% F1/%
DCID-CNN 99.42 98.68 98.33 98.26
structure_1 91.52 90.82 91.67 89.16
structure_2 92.02 89.48 89.58 87.87
structure_3 93.80 94.40 92.22 92.75
structure_4 95.37 95.38 95.00 94.90
structure_5 97.40 97.08 96.67 96.75

Y AT BR AR5 1E 90% 2o A7 s (H A7 45 0T e 8K
P10 ST 1 i A TE AR 7 A TS B b R
BT REMMEREN 25 . WG] A BN, BIALY
HERR SR AN P18 8 T B 3548 7. R I HLH
BT E— A 3 TR R A PERE . 45 At a
— AL R I HLH ) DC1D-CNN #5578 7 fir 4 PF
fli e An L AR B T I EPERE , th BLIER] T W 3 3t
I3 TE T B (32 fh RE T Aoy e b

DC1D-CNN 7EA RS 2 iy 55 4 1 #R v e At
5o X EHH DCID-CNN X #5458 1 43 A A8 Ak 3
Ao L Al A R 5 50 i DC1D-CNN Af LA
A H A4S HRE . DCID-CNN $-E 2% X fiE
b 3 1 5 O ELG AN [ 2 AR 18 U0 4R
P
34 EEIXFEE

R TSR AR ST 4R LR AR ) BRI R A
PE KA SO B AR B LA A Sy RN S 1
BRI GEATXF . model _1 F1l model _2 43 51 g H K1
fY) BPNN T RNN 1 Ff i 28 o 26 A5 0, A Ak A SC
PLH B ASFF 45R4E . model_3 % HHT $2 Bl i
SR B rh B = A LR S IR AR, O
CNN A5 75 5 5 B2 B s model_4 3 5 VMD 437 .
TR AR S AR S , A HHT S BON FERE S bR
BB B AR W e 2 O AR AIE 1) B 1 R CNIN
B % A s model S %F EMD 73 J5 B9 [ 7 R 75 pR &R
IMF #£47 SVD #4155 5 135 g 5 A IMF 19
T, IR I 22 R 28 A 70 2

A RII ZR AR NI AL (451 0 i £ el R
2 AE [F]— 2 4 - aniE 11 Fs .

WP 11 7% , BPNN Wi S0 218 5 HL iR R
Ml RINN 7 A B 5 0 A — 2 AR st i) 7 511 1 i
MMEHAFAE S . model _3 AffH HHT FORATR
B W2 BT, model_4 Fll model _5 A Xt
BRI AT A | B AR M R e 1, (EL A S0 B 48
12, e MER R T A 58 ik



I A4, % 3T ASFF-DC1D-CNN #5 % w, 3k A 5 A3 B shL#54%

wAMES 20265 F 564 %84

16F DCID-CNNAss structure 4 Ass J1.0
141
40.8
12 structure_1 Ass
ok structure_3 Ass structure_2 Ass
. 40.6
Fo] ¥
structure_5 Ass ol
£ 8¢ - z
= structure_4 Loss &
6 - 40.4
structure_3 Loss
4+ structure_5 Loss
40.2
ok DCI1D-CNN Loss
L _— T ELG = = 4
0 1 1 1 1 1 1 1 1 0'0
0 20 40 60 80 100 120 140
Lok
()il
16F | DCID-CNN Ass structure_4 Ass J1.0
14+ k\“\l
Iy Ho.8
121
structure_1 Ass structure_5 Ass
10F structure_3 Ass structure_2 Ass dos
K 8F structure_4 Loss &
S 6L structure_5 Loss 40.4 &
structure_3 Loss
4+ ] structure_1 Loss
d 40.2
DCID-CNN Loss
2+ % structure_2 Loss
(U ; - 10.0
0 20 40 60 80 100 120 140
5/‘,: N
(b)il i 4

FILL AN TR S AR g i R R i A il 2k

Fig.11 Training set and verification set curves of different models
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Pl% R1% Accl% F1/%
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model_3 85.54 85.57 84.58 84.45
model_4 94.75 94.48 93.89 93.50
model _5 92.58 91.73 91.67 91.03

35 MEELE

Ry 95 UEAR A BT I PR R T, 7 S AR A
BAEMELL N 15 dB (RS o FH 5 I P e R
XY AT I 25 50, 25 R anE 12 s . B E
12 AT B AE 5 W P B R B 1 RN IE B 4R 1
FIARARLGF , Ud T B A7 7E — o W (HA A AT

16~ 1.0
14r Kmﬁ#ﬁt%%wm-cw Acc los
i/ 0 SR EDC1D-CNN Ace
0.6 5
8 g
6 104 &
4 H0.2
2
Ok . \ \ \ \ " . 70.0
0 20 40 60 80 100 120 140
L%
(a) 24
16F 1.0
14147 Y i B 46D C 1D-CNN Ace 08
L "‘\‘ / 10.
2 NJ P W AU EDC1D-CNN Ace
a 1O [ 1063
K ogr i =
X Vo ] &
T6r |\ L~ EWHIREDCID-CNN Loss 0.4
4r | N M GMFRIEAIDCID-CNN Loss 0.2
Ok : : : : : : . 10.0
0 20 40 60 80 100 120 140
L4
(b)) 4R

K12 DCID-CNN 7 & W Hdidl EryPEfe
Fig.12  Performance of DC1D-CNN on data set containing noise

3.6 HIETREKLIG

SRy 5 AR AR A B R A R I e L A R
Bin e L REYL2BR 50% BE - vE AT I g A,
HZE KB 13 o, i 13 A, 78R 50%
BRI 0T, B (1] 245 R v A R VA 2
SN AF W S A 5 0, U B A T X A R ) A ke 2
i, AL e Py R AP AP RE

16F7 71,0
14r E/Q IEH HHE4EDC ID-CNN Acc lo.s
12087 i 5 SR EDCID-CNN Ace

107 [ 10-6 5%

K 8r =

= 6 104%
ak 1EH B #EDC1D-CNN Loss

L 3\ e BB BRJEDCID-CNN Loss 102
N e oo

0 20 40 60 80 100 120 140
it
()Yl 24k

16F 7 11.0
14r 4
12+ IEHBARADCID-CNN Ace 10.8
N
- 10F Bl i R B EDC1D-CNN Ace 10,65
K 8 g
LS 104 %
at \ S<IEH BUEEDCID-CNN Loss
[N A AR HARADCID-CNN Loss 0.2
2r AR RPN,
Ok . . . . . . . 10.0
0 20 40 60 80 100 120 140
LR
(b)il LAk

K13 DCID-CNN 7Rk 50% Kbkt FryTERE
Fig.13  Performance of DC1D-CNN on data
set with 50% missing data

85



wAAES) 20265 F 564 %84

EHA % K F ASFF-DCID-CNN 49 % o, sh 3 A 5 A3 & f Sh 4L P57

TE IR 5 B BEAIL 25 BR 70% Bl T 2E 47
SRR, 2 R E 14 R . YIRS L
TR IBA BB 2200, (B b B
G R RTA N R DI 4 €111 S U N T
BT AE S UL Tl A

16F 7 J1.0
14f | .
WAL IEWEIEAEDCID-CNN Ace ]
LA 0.8
12 i/ BRI #DCID-CNN Ace
L iy y
w107 1 10,65
K8 i =
B ol 104 %
at f\kgﬁ&ﬂa%nchw Loss 1o,
e i R B EDCD-CNN Loss -
2
0 . R (X0
20 40 60 80 100 120 140
[OEFS
16F7 11.0
14f ¢ \ W v'\\—\r\/\w“\vl
127 i W\ UIEH BEDCID-CNN Ace 08
AW
w100 | ‘ HARGR AR IDCID-CNN A 10,6 5
8 [Y MM S EDCID-CNN Loss &
B h ™ LA 04F
| ™ 2% A, NN
ar!| 0.2
2 [ e EABIADCID ONN Loss
Ok . . . . . . . 10.0
0 20 40 60 80 100 120 140
LN
(b)I i 4R

K14 DCID-CNN fERd ik 70% Stttk fg
Fig.14  Performance of DC1D-CNN on data

set with 70% missing data

4 %

-2

T H S AR Sl MR A R AR
WFFE 2 H ASFF Fl DC1D-CNN fiig iR e &=
P 9 A ST 4 45 A Ak FERASE B A — > e 52 e B
YL B, o LU R 5 JTAE B ASFF . 58, 2R H
CEEMDAN $2 /&5 IMF 4 JiT 5 , X FF ] DLk S 4
R &R 3 AR ESE Bl
BEALRFAE A S ORI SRRV AR A g A
RO~ K07 TR B R T LA 4 v A 1 e B & A= A A
WICAT BRI ZSAT R o i BR AT LT R i
22X FATL S5 . LK, DCID-CNN 1Y B
TH i A RE 7043 R B B AL ) S B R
AN, Z AR R T PCA FLIE AL 45 AR IE A
BN )2 A R AL, i 52 o TR Y PR R iz
fBRE ST o A PERE I B AL T 1545 CNN, BPNN,
RNN SERAY 7R & M s B AR kAT 7k, 45
R RBIVEIR N T 15 dB {5 M Fb A6 R s e 00 4R
o RIS BE R B R A, B0 UE T BB Y B Tk
AEJ1.

86

AR A g TR AR A, 78 15-7500 M VL 1
PERERY CPU LRI R[E4T, Jois GPU S . Yl Zk4s
IR P B R A AEAS b, Bl LA I 4 B HR 10
AFEA AT, T3 B AR I TE 3B SR
206 ms. TESEBRE I, F b AL ER S & i5-7500
KL FERER CPU BYHHEHL,

S5 30k

[1 dhdd ek, 2t , 45 BT RS 3 T Y 78 sl e st

Wi B AR Hr A B W FE ). W H RGO 54, 2020, 48
(1):157-163.
HONG Jiawei, YANG Jianyou, XI Honglei, et al. Research on
fault recording and message analysis device based on mobile in-
ternet[J]. Power System Protection and Control , 2020, 48 (1) :
157-163.

[2] DASHTI R, GHASEMI M, DAISY M. Fault location in power
distribution network with presence of distributed generation re-
sources using impedance based method and applying  line
model[]]. Energy,2018,159:344-360.

[3] LIUJ,KONG X, XIA F,et al. Artificial intelligence in the 21st
century[J]. IEEE Access,2018,6:34403-34421.

[4] SRIGIE, REZIAE SRIGENE | T A i SRAE SN B A E FFT

A HE 78 B A BT, LD RGeS 4R T, 2024, 52(5)
105-115.
ZHANG Hongbo, XIONG Junhua, CAI Xiaofeng. Power har-
monic analysis based on high-rate oversampling and windowed
interpolation FFT[J]. Power System Protection and Control,
2024,52(5):105-115.

[5] JAMESJ Q,HOU Y,LAM A Y S, et al. Intelligent fault detec-
tion scheme for microgrids with wavelet-based deep neural net-
works[J]. TEEE Transactions on Smart Grid, 2017, 10 (2) :
1694-1703.

[6] PR, 20T R E S 45 LT Pearson HIE REL ST XS

G /IR (AR G DB sty S N WA 7
51 ,2023,51(15) : 120-129.
GAO Shuping, LI Xiaofang, SONG Guobing, et al. Fault line
selection method of a low-voltage DC microgrid based on the
Pearson correlation coefficient generalized S-transform[J]. Pow-
er System Protection and Control ,2023,51(15) : 120-129.

[71 AQAMOHAMMADI A R, NIKNAM T, SHOJAEIYAN S, et al.
Deep neural network with Hilbert-Huang transform for smart
fault detection in microgrid[J]. Electronics,2023,12(3) :499.

[8] ZEAN, FMERMK, FE D, A5 LT AL DR SRR S 978 H il

B2 W R WA A SR 58, 2023,42(6) - 112~
115,154,
LI Jie, SUN Helin, LEIl Yiming, et al. Research on substation
fault diagnosis system based on optimized decision tree algo-
rithm[J]. Techniques of Automation and Applications, 2023, 42
(6):112-115,154.

[9] SUN P, LIU X, LIN M, et al. Transmission line fault diagnosis



I 5,5 KT ASFF-DCID-CNN 84 % &, 35 5 5 A3 B ShL#%%

B AR 20265F H 564 % 8

[11]

[12]

[13]

[14]

[15

[16]

[18]

[19]

method based on improved multiple SVM model[J]. IEEE Ac-
cess,2023,11:133825-133834.

TREPEE, WA, SRR R, A BET IR BE 2 o i L e R
SRHER). P E BT RRR ,2019,39(1) :65-74,321.
XU Shuwei, QIU Caiming, ZHANG Dongxia, et al. A deep
learning approach for fault type identification of transmission
line[J]. Proceedings of the CSEE,2019,39(1) :65-74,321.
ZEig, AT XIPRAR A5 | BE TPk HELT A Be v, A 2
PP iR B SR, 2022,20(2) :69-75.
QIN Zhen, WU Changqing, LIU Zhenhua, et al. Anti interfer-
ence extraction of fault current phase based on improved Hil-
bert-Huang transform[]]. Electric Power Information and Com-
munication Technology,2022,20(2) : 69-75.

SRR BB AL, B Ad AR L A5 L W I Y SR AT HHT-
CNN [ fE A8 FL 3l B2 W ()], ZEBOR 5274l (A SR Bk
1) ,2022,46(4) : 50-57.

ZHANG Tianzhong, MU Hong, JTIA Jianxiong, et al. Fault diag-
nosis of smart substation based on HHT-CNN under the back-
ground of power internet of things[J]. Journal of Anhui Univer-
sity (Natural Science Edition),2022,46(4):50-57.

HONG J,KIM Y H, NHUNG-NGUYEN H, et al. Deep-learn-
ing based fault events analysis in power systems[J]. Energies,
2022,15(15):5539.

MIRSHEKALI H, KESHAVARZ A, DASHTI R, et al. Deep
learning-based fault location framework in power distribution
grids employing convolutional neural network based on capsule
network[J]. Electric Power Systems Research, 2023, 223:
109529.

ZHANG Q,MA W, LI G. Fault diagnosis of power grid based
on variational mode decomposition and convolutional neural
network[J]. Electric Power Systems Research, 2022, 208:
107871.

FAN S,LI L, WANG S, et al. Application analysis and explora-
tion of artificial intelligence technology in power grid dispatch
and control[J]. Power System Technology, 2020, 44 (2) : 401-
411.

ZHU S, ZECCHIN A C, MAIER H R. Use of exploratory fit-
ness landscape metrics to better understand the impact of mod-
el structure on the difficulty of calibrating artificial neural net-
work models[J]. Journal of Hydrology,2022,612:128093.
TP RIS AT, L T A RIE AL Frechet A5 9
AR H i T T A B K AR s MR I . v R, 2023, 49
(2):42-49.

JI Ning, LI Shigian, REN Gang, et al. Water seepage damage
monitoring of substation main transformer based on acoustic
emission musicalized Frechet coding[J]. China Measurement &
Test,2023,49 (2):42-49.

TU%, Z5m, B—W, 45 . T KPCA-CGSSA-KELM #9742 i

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

R T ] LI S IR A, 2024, 38 (5)
139-147.

JIANG Bing, LI Xiang, CHAO Yifan, et al. Transformer fault
recognition method based on KPCA-CGSSA-KELM[J]. Journal
of Electronic Measurement and Instrumentation, 2024,38 (5):
139-147.

REN G,ZHA X, JIANG B, et al. Location of multiple types of
faults in active distribution networks considering synchroniza-
tion of power supply area data[J]. Applied Sciences. 2022, 12
(19):10024.

TAO K, CHEN G, WANG Q, et al. Ultrasonic curved coordi-
nate transform-RAPID with Bayesian method for the damage lo-
calization of pipeline[]]. IEEE Transactions on Industrial Elec-
tronics,2024,71(11) : 15066-15076.

TAO K, WANG Q, YUE D. Data compression and damage
evaluation of underground pipeline with musicalized sonar
GMM][J]. IEEE Transactions on Industrial Electronics, 2023,
71(3):3093-3102.

NING J, XI C, XUE Q, et al. Transformer fault identification
based on GWO-optimized Dual-channel M-A method[J]. PloS
one,2024,19(10) : 0312474,

XIONG J, QIAN W, CEN J, et al. A fault diagnosis method for
building electrical systems based on the combination of varia-
tional modal decomposition and new mutual dimensionless[J].
Scientific Reports,2023,13(1) :4567.

TURIZO S, RAMOS G, CELEITA D. Voltage sags characteri-
zation using fault analysis and deep convolutional neural net-
works[J]. TEEE Transactions on Industry Applications, 2022,
58(3):3333-3341.

ZHU S, ZECCHIN A C, MAIER H R. Use of exploratory fit-
ness landscape metrics to better understand the impact of mod-
el structure on the difficulty of calibrating artificial neural net-
work models[J]. Journal of Hydrology,2022,612:128093.
CHEN X, JI N, QIN X, et al. Transformer fault diagnosis based
on the improved sparrow search algorithm and random forest
feature selection[C]//2024 3rd International Conference on En-
ergy and Electrical Power Systems (ICEEPS) , 2024: 1086—
1091.

HONG J,KIM Y H, NHUNG-NGUYEN H, et al. Deep-learn-
ing based fault events analysis in power systems|]J|. Energies,
2022,15(15):5539.

SIDDIQUE M N I, SHAFIULLAH M, MEKHILEF S, et al.
Fault classification and location of a PMU-equipped active dis-
tribution network using deep convolution neural network

(CNN)[J]. Electric Power Systems Research,2024,229:110178.

Wk H 47:2025-05-07
R H 191 :2025-07-03

87





