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Fault Arc Voiceprint Recognition Method in Distribution Network Based on Improved

MFCC and RF
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(1. College of Electrical Engineering and New Energy, China Three Gorges University, Hubei Yichang 443002, China;
2. State Grid Hubei Transmission & Transformation Engineering Co., Wuhan 430063, China; 3. State Grid Hubei Electric
Power Research Institute, Wuhan 430015, China)

Abstract: To address the issue of frequent false positives in arc fault detection within power system distribution network lines, a model
based on improved Mel-frequency cepstral coefficients (MFCC) and random forest algorithm for arc fault sound pattern recognition is
proposed. The model first processes the arc fault sound signals by framing and windowing, then extracts their MFCCs. Using the Fisher
ratio, the contribution of each feature dimension to fault differentiation is calculated. Based on these contributions, appropriate weights
are designed to perform weighted dimensionality reduction on the feature vectors, yielding more discriminative feature vectors. Finally,
the random forest algorithm is employed to recognize the arc fault sound patterns. To validate the effectiveness of this model, an arc fault
test platform was constructed to collect arc fault sound signals. Analysis of the time-frequency domain of these signals during the arc
fault combustion process established a correlation between the sound signal features and the degree of arc combustion, confirming the
feasibility of using sound signals as parameters for arc fault detection. The model was then applied to sound signals from different
combustion stages of the arc fault for calculation and analysis. Results indicate that the fault arc sound pattern recognition model, based
on improved MFCC and random forest algorithm, achieves expected recognition outcomes. This system offers a novel method for
detecting arc faults in distribution networks.

Key words: distribution network; arc fault; voiceprint recognition; Mel-frequency cepstrum coefficient; random forest algorithm

0 3=

BEE B I RGN R TR RE, Wi iR s I 2 REE R, 5 51 BT i, KA
W B 22 A T SEPE SO T H ATRORIT SR R 2 — 1 A KRS, B B ) 2 A IE AT, EOR
AL e 2 i FL 0 i L A R, R I A BRI N G E R P45 %, R A R R )

REE&WH: BHEARFIFIESFIHIE(51807110).
Project Supported by National Natural Science Foundation of China(51807110).



W L IO B2 5 HL T R AT SRR AT — S T T
e

A 438 () i o F TR 0 7795 3 S A T il i
fy B LR B LA 5 B AR B 1), R T e =X
KA, T AERIbE M, WERE, 5
AR 5 H B AE S R T VA A
b, P S RERK IR, AR, BA A%
fib s UCRAEMIR S, A5 Z B FSR AN A R 2R 5
M o TP L O S s A 77 ¥ = SR RS M
R R I FELIRE L TR A 5, T PR L SIAE R A B, A
e AEBERIA. b, MERE, X8
HING PO EEFEENEE, S5 RIbErA&
JEAG R LR, flG s B IS A RAES R
Kt e IS A5 5 E Sy b L SO 75 R A OV ) 2
B, AT A A — i AT AT M

PSR BA f — Pl I SR B 515 5 P S
AUE SRR SRR I 3 B AR U610, AR Jir 380 2 Ay A 75
EREA, PR IZ S B R A R RHE ) &, 3
AR IR AR R I, B AR B . (R
BT RAIN, KRR S O A AT
ULHC, MNTAs R 4h

5 SOR AR E 25 R AE SR ORI R
4%, I 7 SR G AR o o e I A A
BN KRB — B ) T Wb 5 5 5 R AE SR
AFI R AE P B, % TR0 45 SR A 1R 31 T
PR MG, 5 R (5 S RHE ) & 2
A 2 1 2] % % % (linear prediction cestrum
coefficient , LPCC) Fl #g /K 4 3 {5] 1% & %1 (mel

frequency cestrum coefficient, MFCC)FIf - i@ 42

8] % &R # (gammatone frequency cepstrum
coefficient, GFCC)%. H AT Mebi b ik SR
FIRIE TR R B, A B 7 SUR R T2 Ik
PRI h A T — R AUR, 208K
A0 12 R & (long short-term memory, LSTM)Z: 7
AL, JE RO R A IR . I BRSNS
(K155 TR S R, 6 3 BRIRASHET T 4025
W, g REVNZITERA B SR SC[21]
iz F 5 f0 A/ AL 5922 (whale optimization algorithm,
WOA)X B AL AR RS2 (random forest algorithm, RF)
BEATARAC I AR, S SR EUE R B IEROIRA
SRHUR ALY GFCC FRAE ) &, JEAT 432U,
25 AR W% 07 VR B B R R 4 SRR R A B
YA EREE . S [22]38 B B /4K (sequential
minimal optimization, SMO)X} 3 #F [f1] & Kl (support
vector machine, SVM)ZEATILALIFEESZBEAY, @i
PRHUAN [F) 4 2 AR 75 45 5 1) MFCC R ) 2
KA A SRR B AT 43 R0, SRR, 1%
7 3 ELA T v R AR AR P AR . o MFCC 2 H
AR E RIS SURFE, {5 MFCC bR 5T A
G RFEREAT R, W s I 5 N P AR RS
K %S, BB MFCC B T e I s 1 )
IRMEAE R SR I B BN A JUWHRHERS 5, S BURAIRK
R, BB AT A

SCHR AT St T L O R I AR R 2 A A e 2 4
(eI, 4R T — R B SOR AR, $E 4k
TR IR &, REMEHRIEE S,
H A8 )72 1 MFCC REAIE ) 5 41 o i e F gt
FES 5 NFEE T IER N T TR T &R



(Fisher) L 9 00 ASC B 24 £ Ak, 50 FH B AL A0 A B0 3k
(random forest algorithm, RF)Xfiff& ik {5 53k
T3 3R0, JE SRR RBRAT IR, XA
R LT AR ) B AT SO R I, SRR i A
AR S
1 FEGURAIA K it
1.1 FEGURAIESR

SCHEET MFCC HR-E ) i, 150 st rE I
IFEAS TR T — Pl e SIS 7 SR Y
BRI LI 1o BT 5 xof b B Il v
FEAG S AT AL B, SR )5 4T MFCC AR AIE i) S 42 Y,
R4 2% 5 /R (Fisher) EEXH SR EUK MFCC HFAIE 7] i3
AT AL e AL, 5 R H RE SEVEEAT I 25103 .

— MFCC
I gl ipan [ AT [ R
FEiES PRI

Y

o < RF&E
o 1%

Bl BRREE
Fig.1 Model workflow diagram

1.2 FESHtE

BEREAER A TREARK LK, EEBSEIES
HRMESS IR, 757 2015 5 34T AL BRI A
IRIEAE 5 A H LI P A2, SEZERHE 5 BE4T 70 il s
IMEERAE. SR 100 ms, WiFEH 50 ms )
DCH BT EAT 43 WU B R0, e DU A 20N

0.54—0.46c0s2"" 0<n<N
W(n) = N—1 0

0, e

KXF: N AEOKE.
1.3 MFCC 1L M &R

MFCC & —FhEE N B SRR R 5 Y (0
i) &>, S H TR Bz 1R SORRHIE 2
o MFCC R [ B REWS M 46 17545 5 P SR U
WL, RIRENS RS 5 I iR 2y R 5 R B
BARARA IR O, A P SOR A B £ 48 1 X 0 15
T FEAE I LA N RFAE . MFCC J2 25T Mel S
{813 R4 Mel SR 5P I e e 08

f
fmd = 2595X10g10 (14_%) 2)

Ky N Mel i fOME . MR
R E AR MOC R M2k B LK 2,

54

Mel#ii% (kHz)
R s

—_
L

(=}

5 20 25

(=}

10 15
g% (kHz)
B2 BERXRML
Fig. 2 Frequency response curve

FE3RH MFCC FHE A B, 75 20 & — i (15
50T FFT 224, Mel 383 XHE03 e, B8k
RZAH, TG HBRE R EH . Hd Mel S8 H
A = A I R A 2 R DR AR S, A
A A % 15 R BT R OR
0,k< f(i-1)

k—fi-1) . .

H, (k)= 3)

fd+)—k . :
—f(i+l)—f(i)’f(l)gks f@i+1)

0,k> f(i+1)

RGP ISR f (i) = rrEk

3



P O
BTl =M IE RS B R RE G ORI 0N
siy=mXxWPH ) @
K@ N iR x(K) HLid FRT
G
B 0 2 (4) A5 2 R B B RN BOs AT B EOR
SARR, THEH MFCC RHEI &, HAJ RN

c(n) :is(i)cos(wl\_lo'mj,lﬁ n<N (5)

X(G)F: nA MFCC {813 R EA .
1.4 HFHEMAL

TEHEAT 53 FAERIYNZRIT, XFF— 4> MFCC $#4iE
R, AN E 1R 2R ORE 43 50 43 28 1 TRk E
A AN, 53 4k B2 (RRFAE 17 1208 4328 DUk 2
/N, AT RE M EL R PR YU % . FERFAEIRHC
FE B 7 34 348 U8k 2 8 925 1 %% 5 /K (Fisher) b 43 7 56
— YL X S TTHREE -

Sy AT RO AR 2 R AL
SRAVEAL, SEILMEREROR, JF BB AR (A]
RAH I, T MFCC RHIE A B AE SR UL A TP A H T
BB LA, ARSI PTIEAA  RE— GE R AEA
HSL, B s BVEANE T MFCC RRAE [ 2
EARAL -

Fisher 15 EE/N HANTEEZ AL SR
FOVPAL, N B R RFE 2 IR (A DGR, B it
SEURFEE AN [F) 8 0 2 1] 14 73 B BE A PR AR RARFALE
FEFE SR B, {8 Fisher EtAE 051815 35 1 75 S0k
MES R Re SRR, YR/ (S 5 10T, AR T
T o IR, SCE R A I, PR AT

R, DU AR
DI BURFIL ] &5 15 2] — 4> axb 4E MFCC #/iE
el

m, m, .om,
N IO
m, m, ..om,

H(6)H: a - wifIwiEL; b EE—mir) MFCC
R 2

)R | AR R AOIME S | AR

Gl

FES | Y FAFIE D BRI EME

1 a
m=5§w (7)
=Lz ®
n

R @) s gy W5 | HERF TS LRI A ),
NET 8 ] SIREERT R ) N | KRR TE
5 ] AEREEAN R, 1 S | PR IIREARL
M, N BRI AT F ] SUNRHE &

3) BRI Iy 2 5 T %

Séaween(i)=§(ﬂ} - ;) )
%MAD=§&%gukwmﬂ (10)
9N (10)H: Spopeen (1) FH | LI 7 %
Sharin (1) W [ AEIOEN T2, LR AL
X, J958 | JTH | AERREAL 1 B

455 | 41 Fisher tb



"= ?W((jj))

HHEDL, Fisher UMK EAERIR(E
TIETT BN, AEAFRRE S 280 2R, R
Fisher U B I 4ERF AL 7 B X 70 AN R 2515 5
AESTR5E, 727 FERA R TTEREBOR, AR AN 4R
Fisher LIRS, XF4EH Fisher ORI /N IHRFIE A
AR LRI H Y.

5)REAE—4ERT Fisher HEAF U NIBUBUE X JEAFAE
[ B AT A AL

(11

. T
M =[m;.m,,...m, | (12)
M/ =F(j)-M' (13)

R —4EMVRAAE A AT AR 15 2R IR

M, =[M/,M},...,M/] (14)

15 2rRRFIEEL

BEHLAR PRS2 (random forest algorithm, RF)
ST — Tl LY SRR At O AR R, AR TG A5
FEHCR T 2 ARG 3%, SRa 2 AR
AR RTMAIR, $em VAR ARG R . AR T 1%
GER oy R, FEAC TR S AR R N TR i
WA RE RIS, AR R AE SO, ks
R E SRME TR R E, IR %
HABERT R,

BEATLAR ARSI i F DI SRR AR I T

D)f# ] bootstrap HERAFE J7VA M MFCC FFAIEFE A
SEPBEHLI n ASFREASE, n ANFREAE S A

J8 N AR o

DER AN RFM IR RE T, MRIAFEA S
HRR) X ANMFFAER N BE LA T 3 12 B x ANRFAEAR
& Gini 452/ JE U SRR gk £ — AN AR
FREZEAT 72K, HE BiRid .

3, WS n MRFM KRR, &
HERJE I RER

BEHLARARAE EAT 70 SRR A2 DR (1 B ik
SIN T RENLE SRR RN, JE L BE LT A AN
BEMLE PR AN, PR AE P S H A
Mg pErE, EASGRR R RE , AR T s e

T4
BEML AR SRR LR 3.
MFCCH:
TEREARLE
v
B AL EL
#—ZIIS%
FEARL A2 cee B An
v v v
R V) - YeHitin
I I |
v
P
NREER

B3 BENARMEED KGR

Fig.3 Random forest algorithm classification process

2 ARRZSTE
2.1 RAEFERE

ML S RERGEFE LA 4, ZR%H
W RIS & . AR B RER G
TS B o B L ARG £ /E 478 1 ELER 4
bR U AR B 23, He v s F RS 2 04 220 'V
i G PLRARSEBR(10 kQ, 10 kW), &
A AR A AR ) A A A 5 K(MPA4L6, R

U 47 mV/Pa, RN 20 Hz~20 kHz) K 4E il
5



FlEY, BERERGERHAHE S ESEGEL
1:1000). 155 K& RNI-PCI-4474)FI{5 5 K4+
(TiePie HS5)H T KA F 5 5 LA L KR HIAE 5, 14

AT EHLEAT T
RS AR ES ALY FEHR
220V iz
Hitnd
1
— !!
Ttk

B4 RARBLIREE

Fig. 4 Experimental wiring diagram

22 HARPRE

IR, R E RPN E IR EE, AT
Pk /D IR R A P S 5 R AR, XS0 i
(1) 2% 1) S B CRAE T R o EARIEAR B0 15 4 22 4 (R IR
RS RAEBI L E (S5, 1L 38 5l Btk
ZIE IR B BN 1 mo AR 23248 Wrfe e 21 v] 0,
R T K TE TR M m A, AT R
S5 AR, KPR E N 50 kHz, KR A
N T s

FERE e BRI 26 15, SRl AR, 4RI
&, IR GB/T 16927.1—2011 (& ER
WA S — 5y — e CGRIGER) PR
I, AT RS T 75% T 5 e H R A
DB AR BEREAT T s 2 B IR T 2 75% Tt s e
MR Z 5, CARERD 29 F90fl 5 b Hh e £33 E k4T T
He, BEEERZ RIS . T > LR
UM R GRIER IS P A I, 7E f R IR 3 75% T
R R, TEET R RS, R TE IR —
LB KPR AR 1~2 min J5 4k8: 2218 32 7
EEEERAERHRIAR.

3 SRS
3.1 RBIR T

7E R PRI B 15 kV BEACP 207, Btk
(A KA AR W HL AR, BB I RN BBy 4
fy “ugng” R, HARZ IR AT B FEREAT T
JE 1 min 25, ST THE#HRER, HEXF 20
kV B AP, Bk R F AR B 2 F I 3,
UL BEBE T BB SR FL M WG 7, TR
S IRIN—HK—EIR” MR R, HHE
BOVEIWE 5.

1 (kV)

i

000 001 002 003 004 005
FiJ 18] (s)

K5 mIlRERER

Fig.5 Arc voltage waveform diagram

RTINS, S 5 I U Y B W
Kl 6. IR EREIEEIRE > A g s AL, 1
AR 32 B A AEARSIES 73 o

0.005 1
=
4 0.000
ez
=
-0.005 T .
0.0 0.5 1.0

i1 (s)
(a) WEEEE



0.41
z
1
1% 0.2
0.0 b sty .
0 500 1000
Jii% (Hz)

(b) PURBTEE
Be RBHFEESNIRMNEERE
Fig. 6 Non-discharge sound signal frequency domain

waveform diagram
AT, HAEE SISO L 7,
SN I AT BN R, UK LA 7.5~25 kHz #6

oA, BN EE AR AE 84 164 191 23 kHz.

0.5
/>\ 0.0 .!: TARRRRIN T |.|! Lubl |..|.||r
@
Lﬂéli

-0.51

-1.0 ; ; ; ‘ .

00 02 04 06 08 10
I 1] (s)
()R BT

1.0

0.8
0.6
1
iz 0.4
=

0.2

0.0

0 5000 10000 15000 20000 25000
$i# (Hz)
(b) ST B

B 7 TR S SR R
Fig. 7 Initial discharge sound signal frequency domain

waveform

it E IR SRR B (KO IR, 375 45 5 B AT i
TREIE 8, Wi oA e, Ss b E )
TRFE 10~25 kHz, SAWRIREESARE 5. 8. 12,
16 19, 23 kHz, U {E M B RERA SR B0 e T 5 K,
I IE 5 R R AT R 75 AR S AL R AR e A —

5E BRI o

0.5

0.0 1

& (V)

i

-0.54

-1.01

-1.5

00 02 04 06 08 10
B 1] (s)

(a) BHETEE

(V)

&

0 5000 10000 15000 20000 25000
HZR (Hz)

(b) BRI
B8 RIZURGEF (55 RIS A
Fig. 8 Intense burning sound signal frequency domain

waveform

gi bnrss, fE AR AR R 2O K L AR
PSS IR R IR 5 A L B MR R L i
n, - A A o A R g, BRARIREAR R, R
FLAII 2 Jal ZU IR 2 T, FRLEI A P A S A
REEHCA BTN, A IS 78 B XU GE < Rt 22
IR —ERHERE, SAEE SRR uie
Db H IR 2 ) 2 A AT TR



32 RALER

AT R A (175 45 5 LAHL IR B 43 ok R
AT TR RIZURGE 3 2%, R E A
gUE T 1s, #E4T MFCC $FAEHHL, $2ECEI ) MFCC
FAAEFT & 19 W, B WRgEECs 31 48, 1H5EH
H Fisher Lt.31 4k MFCC H¥iE[7) & 1) Fisher HGLAE I
K 9. HIFE 9 Al&N, MFCC $EAE ) S — 4 Xt
IRITTEREE A FTANE], b 1-124 17, 20, 29 4
RFAE IR i Fisher HUAEECR,  BRTHII I HER B2 LA
e ygi /R TE], MR Fisher HLGIFATHEAEAR AL
9 MFCC "RFAIE 7] f2 75 SURHE 500 58 AR I 9 R 1 5T
RN TUAR R S

Fisherkt:

12345678910111213141516

(a) BT 16 4
1.0+
0.8
0.6
)
5
iz, 0.4+
0.2

0.0
171819202122232425262728293031
) J515 %
B9 MFCC %% Fisher tW1E

Fig. 9 MFCC dimension-wise fisher ratio

REARB AT TR R R AR 2E 73 3]

SEAN 0. 1. 2, ZrllEL 150 ANFEAR AT ISR
ol IFRIX 450 MEABEHLIMI 80%IAEAAE A
258, T 20%HREAAE NS ESE, (8 REHLAR
MEEX AT 70 R0, £56F BBz A1t
MBS, BB REWANECN 50, 715 s/
FEAECN 1. AR ALK 10,

1.5}
=
= 9 ;
=
z L
0.5 =
—e— PE
[—e— Fiit
ol . Ul ! |
1] 20 40 60 80 100
T B A
(a) MFCC FHEMEIRFIE R
1.5}
= 1
=
=

—e— PO
—o— FM{

Y .
0 20 40 60 80 100

i 300 4 A

(b) Bt MFCC R 2R3
B 10 RFRHIEE
Fig. 10 RF recognition result

filEF MFCC Rk ) B EAT R0, X AR BRI
FIRAARIE R 86.7%, Hif 3 MEARERFI IR
HIATI, 1 AREAR A SR ZURE s X TR
JATE DL R 2L B 80%, HA A 4 MEEAHE R F
JRARTI, 2 ANFEA R R 2R e Xt T Jail 2
PRBETE DL 2L B 93.3%, Horb 2 MFEARYE IR



FIRTBCEAT I . SR 86.7%, AR A 5.6
S

15 I Bt MFCC A o] BEREAT PRI, R
ORI GL IR R IA E] 94.6%, b 2 MREAM IR
FU RS X T ISR SR 15 £ 1 ) s ]
93.5%, HHH 2 AMEARBHRA A % T
FUBCREAESLH R ZIE ] 95.5%, HHA 1 MEAR
R FI SRR . BN 94.5%, WA [E]
N LT s, BT MFCC R AL A, TR AR 5 7.8%,
PO A 3.9 50

T HE X AN [6] 3 SR A R 7E B FL RS SR
SRR EE DT, RA T 2 RANIE ) 4 U B
BEAT LU, B H5 A0 FH A% 1m) = o 1) SR ) &AL
(RBF-SVM, & 550240100, %Z%00.01). &
A 2% (CNN, HIURF 212 0.001, 2E3]H R
B 0.1, SREARKEL 500 ) KARHIEAZ M4
(LSTM, #JIE2215 0.01, S FFRERET 0.1, &
RIEAIRHEL 1000 7)) fife/h —3(PLS, REH AL
SN 6) AP 2E SIHL(ELM, BRiBUZ T AN 50).
R IFE 4 M (BP, FRZ M4t 6 4, ok
IEARIEL 1000 YRR EL R 1.

#1 REBEAGIR

Table 1 Different model recognition rates %

Ve sy i) MFCC Mt MECC
RBF-SVM 77.8 86.7
CNN 74.4 87.8
LSTM 78.9 922
PLS 85.6 93.3
ELM 85.6 88.9
BP 78.8 82.2
RF 86.7 94.5

W 1 A3, AR 73 U5 A7 BT AN,

ELM. PLS. LSTM A A SCAH A 1) RF AR5 BUREL
4, i RF 4T MFCC HRAE ) & 1R 5 RN
86.7% , I i #E B FE O 1F LSTM(78.9%) -
PLS(85.6%)+ ELM(85.6%)%5 /3 MY s 55 F ik
MFCC $FE A & R A A0 94.5%, TR HERG
it LSTM(92.2%)+ PLS(93.3%)~ ELM(88.9%)%% 7%
BEAY, B AT R R
HRFSLRER A, FESREL S 52 F
PREEME R T4, k50 45 21 75 45 5o N e 1
P o N TR R BT B 7 0 I R B P e
51 NP 1415 M B (signal-to-noise ratio, SNR)Xi 7 i
PSS AT R IPAE, SNR RGE 7155 5 2 [H]
FRIFEK 3 5 o AN 1) £ e LLAR SR AN R A5 5 i
IINAS[FIE W LE Y b e, MFCC RFE R B 5

it MFCC FREmI &= RF B ILE 2.
#2 TNEEBEERDIR

Table 2 Different signal-to-noise ratios recognition

rates %
{ZMLk/dB
RFAE
-5 0 5 10
MFCC 243 38.6 63.4 86.7

et MFCC 583 723 816 945

H12 2 W43, otk MECC IE 1) B AR A A e L
(-5« OFIFEH T, X MFCC AL 1) & iR 51 =5
24.3%- 38.6%70 5 AT 34%. 33.7%, BHARLF

RIPTIEE -

4 e
SO T I T Bk MFCC A i B P
B R IR SO Y, R 1 i BT &
YRR A T AT T . 25 SRR
DD I R BEAT 0 Hr, B AR AR



PRI, i I A 5 e Sl e 1 5 43 A1 2
wahn, S S AR, BARIEE A R,
P L IR H BT JR 2R e I B — 5 1R
JE .

2RI of AR TS L A % A T8 A ST 2 R
3 BB S MFCC RFE ) S RUA e 2k T
90%, 7 BE TR A Rk o X EEAR T 43
REAIFIRA A, W LMSH RF AHBCT H A H
A T U EERE

3)%f E MFCC I ) 5 250t J5 MFCC RFE 7]
B, TE NN [ 18 LY 1 w2 4 11 75, ek Ji5 MFCC
RFALE 7] S 7E A5 M LU AR 0 N, 40 BT 34%.
33.7%, HA RIFHTTERLE.

SR

(1] B, £ 5, DA, 5. mrEiE ) RER S
JIBRIBAT Y RBEROR KL A B[], v R ¢
AR, 2021, 47(9): 3072-3084.

SHENG Gehao, QIAN Yong, LUO Lingen, et al. Key
technologies and application prospects for operation and
maintenance of power equipment in new type power
system[J]. High Voltage Engineering, 2021, 47(9):
3072-3084.

(2] XIR0E, #EEA, B, & ETREEE SVM 7

A URC A P R R R ) B AL D). EEOR, 2021,
45(6): 2369-2379.
LIU Keyan, DONG Weijie, XIAO Shiwu, et al. Fault
identification and location of active distribution network
based on SVM classification of voltage data[J]. Power
System Technology, 2021, 45(6): 2369-2379.

Bl % &, & %, 0 3, % ET BP MAMSKKE
UL S o7 S PR T VALT]. R AR 2020, 56(8):
23-28.
JIANG Yuan, LI Qing, FENG Qian, et al. Fault location
and protection method for DC power grid based on BP
neural network[J]. High Voltage Apparatus, 2020, 56(8):
23-28.

[4] KWL, BftoR, 5k %, 55, ZET RNN-LSTM £ [

2% [/ R BRI 2 T VA D). kR A, 2023,
59(7): 213-220.

ZHU Xiaohong, YANG Weirong, ZHANG Rong, et al.
Line selection method of low current grounding fault based
on RNN-LSTM neural network[J]. High Voltage
Apparatus, 2023, 59(7): 213-220.

[5] Zhad, GHHE, W W), 5 BTSRRI ERER
53 A AR E R P e X B R A T VA (T]. T LR,
2024, 18(6): 58-68, 97.

LUO Hanjing, ZENG Xiangjun, YU Kun, et al. Fault
section location method for distribution network based on
Multi-Dimensional ~ waveform  difference  clustering
analysis[J]. Southern Power System Technology, 2024,
18(6): 58-68, 97.

(6] ZEiF oy, SKiE#y, Rkl . HAE RS T R

RS Wi AR R R RGEAD]. BllEER, 2024, 61(2):
1-9.
QIN Yiwei, ZHANG Penghe, SONG Runan, et al. Arc fault
diagnosis technology and trend of development in novel
power system[J]. Electrical Measurement &
Instrumentation, 2024, 61(2): 1-9.

(7] f& K, BRYEL, WHEE, 5. REER RGBT
REE AN E R 70 JUt R ERIR (1], Hh FE EL AR
24, 2020, 40(18): 6015-6026.

XIONG Qing, CHEN Weijiang, JI Shengchang, et al.
Review of research progress on characteristics, detection
and localization approaches of fault arc in low voltage
DC system[J]. Proceedings of the CSEE, 2020, 40(18):
6015-6026.

[8] Zhadk, 2 3%, W FE, . SBRERRGHFERI
K7 ER ST 2R IR [T]. H S AR, 2024, 61(2): 10-16.
LI Songnong, YAN Yao, XIANG Fei, et al. A
comprehensive review on detection method for DC fault
arc in photovoltaic system[J]. Electrical Measurement &
Instrumentation, 2024, 61(2): 10-16.

(9] FUEMS, Ak, Xzdh, . (RS R B R AT
PERITEE[T]. B THEARZMR, 2023, 38(10): 2806-2817.
HE Zhipeng, LI Weilin, DENG Yunkun, et al. The detection
of series AC arc fault in low-voltage distribution system[J].
Transactions of China Electrotechnical Society, 2023,
38(10): 2806-2817.

[1opse M, maEwl, 8 R, 4. ETHEPEARBERER RS
KGR P T T T7 V8 [0]. IR R RFERR),
2024, 64(3): 478-491.

10



HE Sheng, SHU Xueming, HU Jun, et al. Prediction and
early-warning method of electrical fire risk based on
fire-fighting  big  data[J]. Journal of Tsinghua
University(Science and Technology), 2024, 64(03):
478-491.

[I1TYAO Xiu, LE V, LEE I. Unknown input observer-based

series DC arc fault detection in DC microgrids[J]. IEEE
Transactions on Power Electronics , 2022, 37(4):

4708-4718.

[12]LE V, YAO Xiu, MILLER C, et al. Series DC arc fault

detection based on ensemble machine learning[J]. IEEE
Transactions on Power Electronics , 2020, 35(8):

7826-7839.

(131E B, MEY, ik, 5. ETRB/NCEERE &

W B 5 R Bl A A R TS I (0] FRIEOR, 2023,
47(5): 1912-1919.

WANG Yi, LIU Liming, LI Songnong, et al. Arc fault
detection based on empirical wavelet transform composite
entropy and feature fusion[J]. Power System Technology,
2023, 47(5): 1912-1919.

[14]WANG Yangkun, ZHANG Feng, ZHANG Xucheng, et al.

Series AC arc fault detection method based on hybrid time
and frequency analysis and fully connected neural
network[J]. IEEE Transactions on Industrial Informatics,

2019, 15(12): 6210-6219.

(ISR, & B, TR, & ETEPEMLERL

RARGEEL R B S A U (0] P T RE R B,
2019, 38(7): 29-34.

JIAO Zhijie, LI Teng, WANG Lina, et al. DC series
arc-fault detection of photovoltaic system based on
convolutional neural network[J]. Advanced Technology of

Electrical Engineering and Energy, 2019, 38(7): 29-34.

(1612 3, KRR, THE, 5. Kyieskesl

AR e 25 P SO T SR (D] TEBH Tk K 5254k, 2023,
45(6): 643-648.

JI Kun, ZHANG Chenchen, DING Guocheng, et al.
Application of particle swarm optimization algorithm in
power transformer voiceprint recognition[J]. Journal of

Shenyang University of Technology, 2023, 45(6): 643-648.

[17]CUI Yao, HUANG Xin, ZHANG Xin. Deep neural network

based acoustic pattern recognition system for fault
localization application[J]. Applied Mathematics and
Nonlinear Sciences, 2024, 9(1): 01232.

[18]WANG J, ZHAO Z, ZHU J, et al. Improved support vector

machine for voiceprint diagnosis of typical faults in power

transformers[J]. Machines, 2023, 11(5): 539.

(1912, BEEE, EiEm, & ETHIURANE

R S S BT ITT]. S R, 2022, 58(9):
127-133.

ZHOU Mengqgian, TANG Zhiguo, WANG Zerui, et al.
Study on ultrasonic signal recognition of partial discharge
based on voiceprint recognition system[J]. High Voltage

Apparatus, 2022, 58(9): 127-133.

[201F ik, 5k H, £ M. T LSTM ML MK HIHIR

AL H FE LGOS WT B ], R, 2023,
51(2): 45-52.

YU Da, ZHANG Wei, WANG Hui. Abnormal voiceprint
diagnosis method of oil-immersed transformer based on

LSTM neural network[J]. Smart Power, 2023, 51(2): 45-52.

1R, EFEE, & . 3T Gammatone JEJ 2551

FH gt SRR A B AR R A 50AL TR 2% U b b
B, AN, 2020, 40(8): 191-196.
GENG Qishen, WANG Fenghua, JIN Xiao. Mechanical
fault sound diagnosis based on GFCC and random forest
optimized by whale algorithm for dry type transformer[J].
Electric Power Automation Equipment, 2020, 40(8):
191-196.

[22]YAO W, XUY, QIANY, et al. A classification system for

insulation  defect identification of  gas-insulated
switchgear(GIS) , based on voiceprint recognition

technology[J]. Applied Sciences, 2020, 10(11): 3995.

231FhBC, 2 &, B, . ETHLE I S5 ER

2 2% (R L 7S S TR AT AE[T]. R AR, 2020, 56(9):
107-113.

SUN Hanwen, LI Zhe, SHENG Gehao, et al. Study of
discharge sound diagnosis based on machine learning and
convolutional neural networks[J]. High Voltage Apparatus,

2020, 56(9): 107-113.

[24]EE PN, 2T Fisher Rl & S W 5 SURFAE RIS U B

JED]. W% K@K, 2023.
DONG Zhewei. Research on features extraction and
recognition of noisy voiceprint based on fisher fusion

algorithm[D]. Xi’an: Chang’an University, 2023.

[25]x) A, BAEX, £OA, . EETRENARMEE R W

O3 i) 2 P W PR AR D] R ERLAS 2019,
55(7): 93-100.
LIU Qin, PENG Zaixing, WANG Song, et al. Fault current

curves identification of circuit breaker opening/closing coil

11



based on random forest algorithm[J]. High Voltage
Apparatus, 2019, 55(7): 93-100.

2e]R8 Mg, BETH, AHE, % BT HERESHERE
FRBE AL ARSI 7 AR 20 25 7 Wb U i S 0]
AEJy, 2022, 35(12): 93-100.

ZHAO Zhoufeng, ZHAO Zhiyong, ZOU Junwen, etal. A
random forest model based on combination features of
acoustic-vibration signals and its application in insulator
fault identification[J]. Guangdong Electric Power, 2022,
35(12): 93-100.

R71E22, Kk FIEY, 5. ETHEHURMIR Sl
TR R HER TV ). ML LR, 2021, 38(12):
1599-1604.

WANG Lanlan, ZHU Jie, ZHOU Zhengping, et al. Fault
identification method of rolling bearing based on random
forest[J]. Journal of Mechanical & Electrical Engineering,
2021, 38(12): 1599-1604.

(28] L SRERHREE 1 #B5r . — e skl 2K
GB/T 16927.1—2011[S].2011.

High-voltage test techniques.Part 1: General definitions
and test requirements: GB/T 16927.1—2011[S].2011.

M 9L2000—), 5, WIEAFFEA, 3T HEIT
i 5 2 AL AT FE(E-mail: 673681917@ag.com).

2 OW1983—), B, #Ht, mETEM, EEMFE
feiz AT B AE k(E-mail: wutian_08@163.com).

%ﬂ

=




