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The goal of this project is to enhance the resilience of the power
grid through the development of a technology that utilizes Intelligent
Electronic Device (IED) data to achieve multi-end transmission line
adaptive protection, fault classification, and localization. This will not
only improve the resilience of the power grid, but also reduce the
economic and power quality problems caused by transmission line
faults, and speed up the repair and restoration of power supply. To
achieve fault diagnosis, precise time synchronization and transmission
line parameter estimation are required. Therefore, this project is divided
into four sub-projects, including the design of a fault localization, fault
classification, and an intelligent identification method for fault current,
the development of a time synchronization and correlation for sequence
of event (SOE) analysis method, and the establishment of an automated

transmission line parameter estimation and correction method.
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terminal)fr % =4 iR $E 3 f(multi-terminal) o B s R] BB 3 dp &

ik F g IR T BAicw i £ BT RIEE T A H %y

SETES

il ’H
I,U

CORE:

A EEAEF AT HRFLS,IEERFFLR

PRREEFLGREERE > FILAE G A o

1H =5 &2
Bl gy 25 h2 [15]978& hag 802 &
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BT E R (AT 0 IR 9 o B R
274 3% (Laplace Transform)i& {7 4 47 » B4 ¢ 7 5] - B B 4

7 AR N R BB R -

A I 4 B8 2 o R Ry B AT 48 o
HF WA I8 AT MY

A 4

53T B AT 48 2

RS EAT B ey BT R A
e b #4144

A 4

- G T 4 s

R E R MR E R A TR
A HL & H 7 4

FR TR HEF K agaFmE 3 F K

W A2 S E B SR AL I 3 A By AR 3R £

YE1% IE
FB RELF R

Bl 9 B riws 2 iz m

B R 2 6 t=0 122 B 10(a )@ Ha L HF B o
Pl de I > AP R R R s 3 G R R

PR FR R T BReR T d B S oos fRae
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Badp 4o R08 o (%) A D M i o () AR L M s Heh

7L
o

_—

Ls 5 F

V — g
mi(T) close at t=0

Re

0
pe
N

g

(a) a faulted network
Ls g F

.i —
Vi)

${}%
R

(b) a pre-fault network
Ls S F R Lr

vit) close at to
i(t)
Re

4
.

(c) a pure-fault network

Bl 10 SHBfps 2 B $2uifz (%)
BAA TR R 0 TE 10(b) o wiR R R gL
BWp)F Ml B S 2 S enT R T ey B 8
TN (2) o
vr' = cosh(gx)V, + zsinh(gx)I,’ (2)
SRR IS E LR T Y X
Z & 8 ﬁ%lfs‘%{év’v;%'b‘_rf_f@ °
X & S I| F BhenpEdE o
Vi~ Ig 52 BRfeT ek @ o
07~ 0; 5 F=RFHLFE0)T Rk ithipiz g o
B E QAT BN L R A ()5

(3)fe % e B | h N o
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ve(t) = V. sin(wyt + 0;) cos(wylx)

3)
—zI¢ cos(wot + 6;) sin(wyAx)
, A s .
ve(s) = m(s -sin(6,,) + w, - cos(6y)) cos(wyAx) 4
zI
r(s cos(6;) — wg - sin(6;))sin (wyix)

Lok B A7 i R R R (V)M 2
Tin(ips)™ ¥ 10 d M S8 2 S BT BRIt
@ W (5)(6) -

vi (s) = cosh(sAx) vi"(s) — z - sinh(sAx) i (s) (5)
1 144
ips(s) = —smh(slx) ve (s) — cosh(sAx) ig"(s) (6)
#e s A=VLC -
v (s) 4 viT (ORISR N v (05 S

B T RE o
i5"(s) @ (O SEEFEE D G0 5 S H
Bt eng o £ o
Vp($) vr(s) M 2 ips(s) ¥ o S:%ﬁn?@framg{%
FEEN R ()EEd SHIEEN FR L - T

iw FFk(s,x) 0 k(s,x) 5 ipp(s) W ips(s) gt @ » #&v F

ip(s) = —{ips(s) + ipr(s)} = —{1 + k(s,%)}ips" (s) (7)

R RGBT NSRRI IEDRGE R R
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o @@ LA G EF a2 [I5]Y REP 0 s T
F Bt k(s x)hiEE s EM > TR(O) e inE - BAEER
B4t T o (8)(9) N (10)° Af(10)F » ZAT IRy

YL R F S k(s x) % A “,f :

vp(s) + vy = —{1 + k(s,x)}Rp irs(s) )
k(si,x) = k(sy,x) fors, #s, )
vip(s1) + vp (s1) vF(sz) + v (s2) (10)

irs''(S1) irs''(52)

Ay

FlE A B E e F Bg 4 R = iy
FATEE o 4B 11 P 977 » R I B A t=Ax FFA
$oom 2 Bt =0pfcd o g & AN (10)Y B 0,0 >
1 BT REREap iz g o TN(11) L E FN(12) T HEIE 1S
IR TR IR IR R R PR S WIS (13) 2
(14) -

4—7\1——)-:

Bl 11 & (7 HFAg e 3 3o 2ri 4 o0 2 chph P a B A
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0, =0, — wyAx (11)

01: == Qi - (1)0/1x (12)
v (s) = e M ug"(s) (13)
is"(s) = e™M ig"(s) (14)

Bois o A (1) ~(13) 1% % 28(10) 448 01§t 2o
ﬁi}—\. ’ 9[”5\(16) o

(15)
F(x) =0

where F(x)=0
= [VS’ cos(wyAx) (51 sin(8;) + w, cos(6y))
— z [ sin(wAx) (51 cos(6;) — w, sin(6;))
+ (s + wd){cosh(s;Ax) v§" (s1) (16)
— z sinh(s;Ax) i;”(sl)}]
- (sf + w) E sinh(s,Ax) vi" (s,)

— cosh(s,Ax) i" (s,) — cosh(s,1x) i;"(sz)}
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—[VS’ cos(wyAx) (s, sin(8;) + w, cos(6y))

— z I sin(wgAx) (s, cos(6;) — w, sin(6;))
+ (s2 + wd){cosh(s,Ax) v (s2)

— zsinh(s,A%) i (s2)}]

(s + wo){ sinh(s;Ax) v (s1)
— cosh(s;Ax) i§”(sl)}

B sy vs; Wfpwm~ [15]° @ b 2 5 51 =
20075, =300 & * %2 [15]% 5 2 £ 7 & ¥ 230k 25
Bedp 2 A S TF R iR T e FlE R K AR
s Zha 2 fest s L F & % Newton-Rapson #7732 i {8
Tz o

2. @R T

FAHCRLIREZ fRTL T EFREKT gt F
(Mimic filter) 2 > i¥ # | 34718 - # #& 4% (Discrete Fourier
Transform, DFT) % " 4 & /it i /R (DC offset) 2 B~ {8 A 47 jp & -
BT Ok 2 PR s AL Sl AR E Y 2 [30]
e et R R EREREFE A TR 12 5

Lli}“" NS ﬁi%]
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5 2B A dE A o 3 R BT A Ja e

A=A
H

\ 4

7 31 [ HUSE Ao i 4R B8 5

A 4

BEBERNEE L E SRR E

Bl 12 pelp Ri0F 3 # A A2 )
Yo B] AT Tﬁ;{—%zﬁserLFé&mi&ﬁﬁ%{}ig L

AW S e R PRIZOFHTRICTIRADE & B 5 v~ I

VR > IR °
v v
. Bt F L)
s<>{; 7 C}<)ER
S ZR
S . R
PMU PMU
L
x=DL
F
L

Bl 13 5Edfcd R JEE x=DL A&} B ¥ AR

A B g SR G A T SRR AT BT
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Bus S r+di Rdx ['dx 1 Bus R
—»

o ANN—TMN > o
+ +
v+dy de§ = (Cdx v
o o
x+dx X

ﬁ14¢ﬁ$&@ﬁﬁﬁﬂ
24 D RAL G C % 5 3x3 2 St » 0 ¢

SHARESZE TFLe 2T E 14 ARiii R AR LR
ZBbx 22 (km) hE BIfeR AR EFT U F LT RAA AR

av

- = R+jol)] (17)
ol , (18)
—~=G+jolV

fI* @RS ERBEH - EE > I WY RIE
BEE x (km) A7) FeN(18) 1 2r 5 1T A e AR

d*Vo12 (19)
W = Z012Y012Vo12
d?1y;, (20)
Tdx? = Yo12Zo121012

L iR B SRR X e R B e R ik e38 (19)34(20)
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S EF OB LT N21) s 1(22)

Vi = Ajel i + Bje  I'i¥ (21)

1 22
IXi (A e Iix _ Bie_ Fix) ( )
ZCl

[ =\ZY, ~Za=\Zi/Y; -
d TRERFEET 0 E P F A foB oA B AR
R e iyt S rdpl 9 nT i o 7 4 o Mg x=0 Jth
FREEE L FACDIER Q2T F Vi = Vi L = Igifet T

= fe

VRi == Ai + Bi (23)

1 (24)
Igi = Ze) — (A —Bj)
R (23) ~ 18(24) ¥ BAAoB T e ff3
1
A = > (Vri + Zcilgi) (23)
(26)

1
B; = > (Vri — Z¢ilgi)

IR v 42 {8 > BpEd x=L Rinid g & 38 (23) -
F(24) v E V=V = Igfert T 2 g

Vsi = A; + B; (27)
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(28)

I, = — (A; —
Si ZC1 ( )

1 29
A = 5 (Vsi + Zgilsi) 29)

1 30
B; = 5 (Vsi — Zgilsi) (30)

#-38(25) ~ 38(26) ~ 38(29) ~ R (B0)E xR P kA T
A By TRZASQDS T - HEE S

_ Vi,R + ZCIIIR elix Vl ZC111R e~ ix (31)
L L R
Vis + Zgil; Vis — Zcil; 32
in,s — e—FiL LS Ci I'SeFiX + eFiL LS Ci'iS e—FiX ( )

2 2
RGBS NB2) A x BenT B AW A A R AR
oz BT BT A (Viglip)fe S Aupl € 2 B3 RT
m(Vislis) o P> o 00 BT B ert LBEEa s 7
PERFTV PRI R A T P L Rl
o HTMEP > THI=lL (£ AEE ) BRlR
4 4 F 8 JEdE® s R x = DL km 4c@ 13 #77 -

—

£y

#9¢ D5#H @B fox=DL & » £31)fe~(32)

A R TR (Virlip) ~ (Vislis) % 7 checfagh F e

T BARE frdeT
VR + Z1 Vk — Zcl
Vig = R ; CR.roL 'R 5 CR ~TDL (33)
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Vs + Zc1 Vs — Zcl
ST Acls rpL GrLYs T 4cls

2 2

i3 F Zengf B Y 55 By d (VR,IR) %74
(VS,IS) 4pk > ¥ @ * B % VER = VES ¥ #-58(33)%
WG4 e T B R T FedeT 2 5 R fE[17]

Vpg=e 'L e~ I'DL (39)

_ In(N/M) (35)
 2TL

FEN M A& Bl4eT

Vs +Zcls _ . VrtZclr (36)
== "0 -
2 2
N = VR _ZZCIR _ol'L Vs _ZZCIS ol'L (37)

TR L SfcR 2 A ERFE EEFSD B 0fc1-

B F EHBA IR A D g F A A T

P RME ST RINE LR o FH2 3
i S el R 2 BT R Tk A s o K
P g tRDs o R T e R 2 &
TR~ TRz A s o kR iR L indp D

TR R B L AR AT
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(=

HCRE 2
S FE T ApAeiE 2o g > 8 % Matlab Simulink 22 &

2z spelptid o A s < RBE R R 16 5 iR T

Vabc1 Aliasv1

ey

labc1 Aliasi1
va A Vabc — Vabc A va
labc labc
vb B a —F a B vb
b [ S— b
ve C C ve
c R m— c
GS 3-phase LS1 LS2 3-phase GS1
Measurement Measurement1
<_ @ O
(9 \ Three-Phase Fault LS1 -
Continuous
t
powergui

Bl 16 Bk ec i T i 03]

B 16 2 BB A & S R B wR R
mEALE 1188 £ T AR E 11 A7 B &REA(AG
BG~CG-AB-BC~CA~ABG-BCG-~CAG-~ABC # ABCG)-
067 b ihklfi=% » 4 /67 &R 3 7 b ikl
AsdupE R @ b2 2B NISS L H TR kg T
T A 5 0298 km e
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Ke V200 SLdlL_Line., U, 1JU ', 2,000 1dIse Lype. duo

Datall87: Superimopose distance: 51.117 deviation: 0.348

¥: 0.900 start_time: 0.150 FR: 3.000 false type: abcg
Datall88: Superimopose distance: 51.102 deviation: 0.362

mean: 0.298

N

B 17 e d TOF 3L 2%

Rl

o ] [ oo nfe—
i Vabc1 Aliasv1
owergui iasv
powerg Aliasv Vabe
o ouf»flabos e
aber
va A Vabc o Tabo Vabe Ap—=ava
iasi -
labc P point labc1 Aliasi1 labc
wpb—=aB a H—H:b—n—(—u—r‘—'—- g — a4+ 38— na Bp—=avb
bp—8—— 8 s a s o 8 —— b
vcp—=HC cb—=n — n o [ n o e m—e - o} ¢ e
Gs 3-phase LS1 LS2 j LR2 LR1 3-phase GR
Measurement e L Measurement1

o ML 0T B

g g
t Three-Phase Fault LS W Three-Phase Fault LR

Three-Phase Fault LT

EE SRR
labc2 Aliasi2 LT H [ E]
111
Vabc2 Aliasv2 o o © o ©
8 8 3-phase
>< o o | Measurement2
g < g

GT

Bl 18 = =¥ fq T i {7

@ 182 Z B A S S BT R BT

RERE 1584 £ HERFAMEZ B FORE(SH R

# -~ T) 11 &M% 3)(AG ~ BG~ CG ~ AB ~ BC ~ CA

ABG - BCG ~CAG -~ ABC #2 ABCG)~4 % e gz ¥ >

4587 T NERILFL 3 fEH I R AR PE Y o & % dp e

FTH L L T i g TeE %L 5 0.125 km o
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x. UV.0OUQ

Datal583:

ldulL_sSooLlull. Ll SLtdali_Lvine. V. 140 'Rk 2000 14ALISE Lype., duo

Superimopose distance: 23.402 deviation: 0.006

¥: 0.800

Datal584:

fault_section: LT start_time: 0.125 FR: 3.000 false type: abcg
Superimopose distance: 23.411 deviation: 0.003

mean: 0.125

Bl 19 = e} T F L8 %

(2 )CT 44

GBIV AP RRE L R B Aol LE R

BRAD IR AP ARBEIRE b xR E > 4o 20

TR Bl o F B AR et R B S RIFRE B 1Qeh

T
T o LR E R 1§ 2000/5 A A B A R B = e =

vai

CT

RlEiE 2R 0 BT F 5 25 VA o iR B iR S e £

2000/5 A rﬂ,ﬂf’,,J

Current Measurement

1ohm1

Bl 20 vt 0w E RO SR BRI(A 49)

Z 13 4 7 B CT 2000/5A %~

The nominal power 25 VA
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Frequency 60 Hz

Winding 1 parameters

Voltage 0.0125V
Resistance ImQ
Leakage inductance 40mH

Winding 2 parameters

Voltage 5V
Resistance ImQ
Leakage inductance 40mH
Core loss resistance 100Q2

Initial flux 0 Vs

Saturation characteristic

magnetizing current (A) flux (V.s)
0 0
0.009 15.1

R R ¥ 4o r bR B CT Siflsg o e x 00t i B

B ZR I RE PRI R HY ukBRF 4 AREK Hyo
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current(A)

HIRFEH R s % it 0.5 pu v #[RA ik 2 ABCG = T §r

s

RS & -4 17_g2 Sh 'z 2. 52 -l
el IR R e 1Q &k b LR H - SRR A rIR oo J1
7 RSN & -4 o » 2 2. > B =+
%] 11?'?]‘5'] i‘:{l‘.ﬁlfﬁb’FLmL%méE”ff’Iﬁ,@T%/ﬁ»q/%.ﬂo
40 T T
————— phase C n A ,"li‘-‘ AVA 1","| i '||i‘| :"u"‘. [TRTRERTA |||,"‘i l"|
20 - F ,'l.!"l,"ll‘l!"lti.',",-' R 'l""',"' IR
A AR N RN SR
er AR Ay A .‘“ll-,,!“.ll‘".'l|,':l||,|,"|llllj|!'T
A R R A R A L T T I R T
° A ROV R R L AT T A TR A R YA TR AT TR R ER Y ATA TR AR
||i'”i|il~'|'||,-'|!li|!'!|ill‘i"li"lll“l""!l-i
10 L l" U P T T Y A TV T AR B L | BT R IR TR
[ by i) \ vy Y y i i ",'"‘4' il
VR LRIV R e p e f A [ i i | '
-20 |- th L AR N (R A O ] I R i [
IR RN AV AV T T
i ' il i 1 i (EAVANEY] i Vil i
or i W Uﬁ I A R A A A A
-40 i -
i
525 0s 035 oa 045 0.5
Time(sec)
e S Atk 3 = e fal B ok ot 72
g] 21 ﬁ&éyECT ’éﬁ"f‘—"]é—i_ =X lE'Jau/nh/ﬁ»TI/
24 >, DA L2 SR RR | L fE R 05 =X o
e » CTarS AT = Bt B R i ik
s A S ) U AL A
£ 1188 L2 AT B waa itk 1584 12> ¥ &
> 55T 14 e 2y > Y Z S
Frit B T IDE A AT B R BAToT
A U200 SLdlu_Llime: v.lou KD 2. U000 ldlse Lypel dod

Datall87: Superimopose distance: 50.832 deviation: 0.632

¥x: 0.900 start_time: 0.150 FR: 3.000 false type: abcg
Datall88: Superimopose distance: 50.668 deviation: 0.796

mean: 0.489

W 22 shiie ey g CT 2 130w i 3 5 5 4

¥ U.6UU TAUIT_SecTIOn: LK STArT_TINe: U.1ZD> FK: 5.UUU Talse Type: anc
Datal583: Superimopose distance: 15.378 deviation: 0.279
¥: 0.800 fault_section: LR start_time: 0.125 FR: 3.000 false type: abcg
Datal584: Superimopose distance: 15.377 deviation: 0.280
mean: 0.640

Bl 23 2w ind g CT2Z T3 i35 8%
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Bl 25S ¢ Re¥enn BT RT A
d”i"ﬁ”?‘ﬂ‘i;ﬁ?mrffﬁ‘i R E & Fp PMU 0
Wil g S AP E S AR h LR AR
. B%ERr > M EEZ A REEPFRF L 0B cycle * 225

B X FIBHRAEF 16/cycle 71 E L 5 — BEREE R B

% 4T B 26 o
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—

B 26 1 {6 SHE Rt AT RT N

BTk @R %0 [30,17] 48 A ko Rt fpte BRI
( Superimpose method ) 2 = B~ = ¢ fq T % & /2 > Matlab
W2 %4 T H 27 B 28 -

LsiRASER

S IRTEEE [211] DR ERIEIEEE

R IR [212] RS EAIES L

Fril R URAEE 0 fflcycleX 22.500000 & dEEEHEA 22.500000 Eo

BEREE :
HUSiRASER  REBEEABZIFFLAA +335.556400 &

Superimpose

£ 1 BEHRTIEE,
£ 2 BEHTIEIE,
£ 3 BEHTIEIER,
% ¢ EEMIERE 0.195273 {84 0 EESE 11.8642 ARRE

Bl 27 B4k T Matlab #5528 %

AEREZR :
PRIRRSER » SinBEEBZIFELTAA +2.268029

3
PARIRBSER » TIRBEEBZIFELAA +3.166880 &

F 1 EEEfEREA 0.209900 124 FEEERIE 4.1100 AERE
Bl 28 = =4 &M %t~ Matlab Hts %
Lo AP EE 6l LR FRFERAT RS RE
( Superimpose method ) z_ 3+ & & & 4t 4> v ik 14> T 3538
% % 0953 km -

REEL AR TR

Fradhie | Apeciz(km) | FFSEES(km) | 0t iE A (km)
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el 1.55 1.5 0.05
¥ 2 4.06 4.271 0.211
3 3.03 23 0.73
¥4 14.87 14.7 0.17
5 58.96 60.859 1.899
6 8.48 10.52 2.04
e 7 12.96 10.89 2.07
8 10.57 11.29 0.72
w9 10.41 10.133 0.277
¥+ 10 14.87 15.7 0.83
el 0.41 1.39 0.98
¥z 12 1.22 1.4 0.18
¥z 13 34.15 33.74 0.41
¥ 14 23 2.372 0.072
¥z 15 591 6.058 0.148

44




¥z 16 1.01 1.1 0.09
T 17 41.83 42.71 0.88
¥z 18 6.92 7.4 0.48
£ 19 8.61 8.443 0.167
¥ +z 20 0.71 0.536 0.174
w21 6.18 5915 0.265
¥z 22 11.28 12.3 1.02
¥ ¢z 23 4.27 6.417 2.147
* w24 2.41 2.32 0.09
¥ ¢z 25 5.45 4.768 0.682
* 726 11.78 12.07 0.29
¥ 7z 27 2.88 3.14 0.26
¥ ¢z 28 19.89 19.02 0.87
729 27.03 26.74 0.29
¥ #x 30 18.73 18.52 0.21
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¥ ¢z 31 1.84 2.053 0.213
¥ 32 24.55 24.08 0.47
¥ ¢z 33 3.27 3.86 0.59
¥ v 34 9.53 9.26 0.27
¥z 35 1.59 1.47 0.12
7 36 2.56 7.4 4.84
¥ ¢z 37 4.84 4.12 0.72
¥ +x 38 5.39 6.159 0.769
* 739 1.61 6.159 4.549
¥ +z 40 10.71 10.31 0.4

¥ v 4] 2.29 4.32 2.03

¥ 42 3.71 3.6 0.11

¥tz 43 7.46 7.75 0.29
¥ w44 4.52 4.615 0.095
¥ ¢z 45 7.74 7.48 0.26
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¥ ¢z 46 17.69 17.545 0.145
¥ 47 12.78 12.55 0.23
¥ 7z 48 2.1 8.01 591
¥ 49 2.21 2.146 0.064
¥ #z 50 3.7 3.76 0.06
¥ w51 4.53 4.43 0.1

¥ 7 52 5.73 4.94 0.79
¥ ¢z 53 19.92 17.552 2.368
v 54 36.59 36.715 0.125
¥z 55 43.45 49.15 5.7

7+ 56 1.54 0.75 0.79
¥ ¢z 57 21.45 18.638 2.812
¥ +x 58 3.89 2.148 1.742
¥ 59 0.71 1 0.29
¥ #z 60 5.26 3.43 1.83
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¥ ¢z 61 15.79 15.03 0.76

BT o4 (km) 0.9532
T FEREEE S RD ST A
STHBETREIE - RIERBAER T F MEREE
AfrR A R TR B R AU R SRR
PR TR RRS R TIMER - XA 0 0

1p & # /#|H ~ (Phasor Measurement Units, PMUs ) # # > —
B4 P ER AN R A ARM DI T T R
(Intelligent Electronic Devices, IEDs ) i& {7 #cyp £ B o % Fr 3%
PMUs » IEDs # £ & >3k 2 i* % %t (Global Positioning System,
GPS) # it » iz R IED e& P L4 2 PFRE Rie > 8 518 7

KE 2Bzt ERIFAL - #F5[E A 5% <~ & IED it
. "f THRT ER AR &1?%} MEL SEcG o e

(Fault localization ) % 4p b iz #* cn@. 8 B P 887 § 28 odk

P2

(Sequence of Events, SOE ) e 47 ic 4 o Tt » A7y B3 71 -
EREA SR IR IR 0% S ey o & - R ] A VG SR A
A 722w ’gz""/z‘*a’ﬁ/ﬂ“/\ik}]ﬁﬁ BlFTE R B R
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PR L 2 S/ R AT SR BN BN d R S e
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A 4

15 A B IR 8 S BB 7 R TAT I

A5 F) 5 41 3F B b R A R e

W 29 %% # L H =
¥ [20]7 % = A LA OE RBE AT 4o B 30
IRE/ S ﬁ%] W Ao 3 @%J‘sﬂ& Z - Behg Bifrm 0
R IS SRS LTS </ SO S LU RN
30 ¢ PELeAT R U d Z 3¢ 3 end BT in ekt
BEED o Awld Rz Skt s PR BRE > 0

(38)f¢ 5 (39) -

vir' = cosh(qLg)Vs + zsinh(qLg)Ix’ (38)

vps' = cosh(qLs)V, + zsinh(gLg)I,’ (39)

BP0 qn AR e -

Z5 T@ﬁ%&%ﬁ?ﬁ%ﬁ.]‘ﬂﬁbo

Lp~Ls A% 5 R ~S 33| P BLehjEdg o

Vg ~Ip & R TBIcT g #icid -

Vi~ Ig 5 SHTBRIcT N ERE -

Vie 59 Reférat 5@ 0 5P 23 BAFHciE o
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V\ VR
S T A R
= 7| 1 «[p Iz
> Bus S Ly Bus R .

30 = = @ 8 S
bz d FRT o Vgp e Vpg hiE € - R 2t
oy iR T o Vpp fr Vps §F - BARZ - F U R
AR S HOTRIeTIAPEITRY 0 FES HOTR
feRmp e b - B2 £8,1F12 1 > 58 (40)(41) - H
P I R S HEH ST RIRIRE v s 5 S
HBEHPOTRICT I E R H SN SHETRE v 112
T 1'5”fwmm?]mam>;v VAR s P gL
B Vas o TRA2) o RSV € B Vit § 0 TN (43) -
1WI537(43) 8 o Vpp i b Opp 2 Vpg chip iz b
Opsi® d1 > W38 (4d) e 32 T i £ Rip 3 ATk o

v = vig'e ids (40)

I, =1 eis (41)

vps'" = cosh(qL)V, + zsinh(gLg)I,"" (42)
Vpr = Ups = Upg el (43)
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6s = Opg — Ops* (44)

AOGER AR TR NS E 0 R Z R

& {7} > % TAIPOWER 161KV = =5 @ §j s s % stk 5
Bt r B Aok 15

# 15 TAIPOWER 161kV = =4 f?;ﬁ%fﬁﬁ’!? AL Sl

PARAMETERS OF TAIPOWER TRANSMISSION LINE

System voltage : 161kV ~ System frequency : 60Hz

Source parameters:

E~=1.0220"pu Ex=1.0-20"pu E~=1.0-10pu
Zs;=0.238+j5.72 (Q)  Zz;=0.238+16.19(Q)  Zr,=0.155+j5.95(Q)
Zsg=2.738+110(Q) Zro=0.833+]5.118 () Zp=1.786+)7.58(Q2)
Substantial Transmission line parameters :

Length: L¢= 12.17km Lz=16.135km Lr=1.951km
Positive-sequence:

R;=0.118 (Y/km) L;=1.3045 (mH/km) C;=0.009 (uF/km)
Zero-sequence:

Rp=0.448 (Q/km L;=3.5556 (mH/km Cp=0.0055 (uF/km

RS ek b TRV frk b R on [ dp i d - B
TehZh e ) 4 8pg 0 I S b TR Vg fr2be H T
Rl WN(A5)(46) o I BT ek A R VY ok
Ton I adp R 3 - Bzt R £ 86pp 0 (FF] T ezt

P TR ViAot T W 47)48) -

1j5’ = 1j5”e “13ps (45)
[ =1 e-on (46)
v.T, = U.T”e -18p1 (47)
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. ! e,
IT = IT e'JSDT

(48)
Bevg I U R L R AR T RIT o @ e

[20]*73 h e 2R AR RS 0 225 D 2R & 55 67

% o

4Bl 31 #7070 R e Spgt E Spr T 0 TR ok

£ 85 0.0234%  H e A Bt
R Ay (TR AF e

Bk N(49) ) =

85 - SDS

8DS

8T - 8DT

1
error(%) = 3 [

] *100% (49)
Spr

Opr (deg.)

Bl 31 &7 Flpgit & Spp ™ L A

SRR AR RSB LR ] TR

3]

2

B * = ;«,%f:@’;ﬁ%fﬂm%sﬂ'l ISP

DERRE = SR S F AL

-~

g mﬁfﬂ\ﬁx Kﬁ'{xé‘. ’}’3_5[25&0

- P AR hEHpERE R
(Single phase-to-ground fault) » #cfRfefis 1 Fod* » I @ *
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B¢ AR 2w E AR A A o R S Ao B 32 S
o Zhfe A R RACE R BA A MR ’

T 3azp X % 28.682% @ X o~ @ A3
BT i > A2 &R angifpd | > TIEELNT
0.019% o 2+ & 224 efz- B ¢ * 55(50)« Ft > ¥ UF R
ST ARy R T R AR L R R
ok R

FAE(N)=F FEREE(Pu)- R E Rl

Location err (%)

50
(p.w.) | x100% O

0.03 T T T T T T T — 40
: : : : <y Without Synchronizing o
0.025 poocecioeos| —B—With Syncluomzmz 35<
1T N g eeg T T :
OO R T R Y g
0.015 JJ ...... k J ..... ...... e : : “@ 75 §
: ! ! : : =
0.01 | 1 1 | 1 | | 1 | | ] i | 20
01 o0 1 2 3 4 5 6 7 8 9 95 9
Fault Location (p.u.)
Bl 32 % ez ¥ T chgxlpp A F

LR E S TONAME T L B bR b E ORI E
Bpkihe A3 R P H2[22]222 %0 57 RS Z PR
TR E TR G B L o @ 0 A4
$7® = # #& 4% (Smart Discrete Fourier Transform, SDFT)[23] »

PP~ DB RIUBLAEAE B S A [24] 0 42 F 0 BE L G 360
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current(A)

Hz # it #F F (cutoff frequency) e = F¥ = % #rjg it B

(Butterworth filter) 5 ;& /g 4 % (Anti-Aliasing Filter) » i& {7
FOR g Ak ST 0 (8 45T = ApdR 3 g

A e e £
R AU 1 I S I PR (- ’Fqﬂﬂ%ﬂ‘fﬁ—%“ LETEIE
BADAZLATAME XG5
Iy 11 1 1 I
L= 3 1 a a?||l (1)
I, 1 a® alll;
He [~ BLABETEAE T ARE fAERIIBE -
- ;ET‘ R /%‘ é‘i‘ﬁj—z :r:TUU’i’:’H’:'% ;E/”“ %%’;u.l_ EE.,}/\E%‘] 33 °

= = =positive sequence current at Bus S I I I ‘ I
—¥— positive sequence current at Bus R

450 || === positive sequence current at Bus T === ‘|
s ‘ ‘\
400 — ’ \
- " \
350 [~ ) !
_____________ N

300

1
1
) 1
250 |- '
1
1
200 [ '
\
\
150 - v
\
100

0.12 0.14 0.16
time(sec)

Bl 33F% k06— /3040 E 42 BI[22]

é_?, 4 f-@ﬁ%,;’ w4 EECF-—%-B:“*: > A Pﬁﬂ‘]ﬁ«ﬁ?éﬁtl‘ﬁg ¢ "

Tk g F A e A o bl o = 4 ¥ e i (Three-Phase

Balanced Fault) ¥ € & 3 & B = & > & H &0 R e pF

LRNERfRAES A BB ISR E T g 2
Frrhasz e

B4 o Tl S iERR T A Al B

218

/3\
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450
400
350

- 300

current(A
N
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o

150
100

50

A AT L FE E e chAe e B fault e o B 34 5P Bgn
B S shen Bk R - BT 0 SR T F IR L g
FFent B Rt 230 % 67 BPt B o io=X J[R g P&

‘m\“

¥4 960Hz (& 45 16 P-4k BE) of F i (T B4k o 5iF
PR AP EE 67 BEREREHEOME L 0.06979 )

T T T T T T T T T
positive sequence current‘
I X: 66 N
B Y: 330.9 i
I
- X: 67 ,
Y: 335
I I I I I I I I I
40 60 80 100 120 140 160 180 200

sample

Bl 34 3% % 61— RiRE S SR A T4 £ L7 W22

(52)

0, n=1

he = | 52
™ hm — o, n=2 (52)

EX(52)2 ¢ > n=12,x 0 x HBRIELGEE o 4
LR e B AR A - ko 57 B P ¥ B (A
EE S (52)“‘J R e Mﬁ Z % //a/ﬁs et B R /HL#B B

@R 2 - BEARBL E o F R MBS R ho )
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h(n)

40

30

10

positive sequence current after differential -

L X: 67 i
Y: 4
| |
L A | .I | ANV =N | A \ | |
40 X: 66 80 100 120 140 160 180 200 220
Y:0 sample

Bl 359 % b — it S E A R 52 A5 BI[22]

ABEEL FRpEZ g RS Aipw

T
(4‘4}
!
=
=2

B Ratio, k | ¥rc A4 faultygre © 230 0 F & 4 g T
PRFE? DT RELT AL APR o SEHERER

BRAARALE T AREMBL T AP F R
(2)i& {7 & & it (Normalization) » 2 i {§ & & Jp| 5 2. fF ernsg it
FRITH A [0, 1] i FIR > 2R Rde s (53) ¢

hay

h =
(n),pu max (h(n)) (53)

@ Ry vt B ERE R RIRE 360 50 3 &L
BT mipBEmE s Fptd %0 A3 B mEn .

—10.9

positive sequence current(p.u.) —40.8

positive sequence current after differential(p.u.)

—40.7

Y: 0.708 -10.6

—40.5

h(n),pu

—0.4
0.3

X: 67 —10.2
Y:0.0889

40 80 100 120 140 160 180 200

sample

<X
co -
I
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® 37

g I B

SRR AR LA R R

B 2 A5 BI[22]

CiEE R 2 {2 ¥ Kk TR ERatio, © T jzz“h(n),pu i€
(-

1,
Ky = {0,
§ @t
¥V HlEwm
LARTRIPE

h(n),pu > Ratio,

h(n),pu < Ratioa (54)

B2 B ORIRUEL R AL B fault gy
[25]07 2 B2 BRI BT B KRBT R E L o
Wiagmmdl o GRES =
EARE I TR ZERIAPL ] BRI LR

Bl 37~ B 38 & B] 5 flb w2 GBS e AR 0 5B
H) TR R 2 AR B fault gap 0 T

K-l 37 i
R RIS BT ROR {5 T PR 380

ZR e

‘n\

x\’1

e A

2 ‘./ I N AL ’ 2 A5 (N
oMLY LA AR e PR BN (0.04 45 ~0.18
L =7 s—= 17 T % » 2 -—
F5) Flp ¥ l!i"’lixifﬂr(]‘_gla%%{{g\#]}ﬂmjﬁlg""ﬁfgl 38
’:'Li_ T
500
450 + pez== =TT 1
! = = =positive sequence current at Bus S
400 —#— positive sequence current at Bus R
X:0.06875 ’ positive sequence current at Bus T
350 Y:330.9 o T
_______ - 1
— 300 ‘|
<
F o '
{X:0.03646 !
1Y:263.4 ‘l
T 1
150 '
X: 0.06354
100 - Y:71.78
] KLV
50 Y

0
0.02 0.04 0.06 0.08

012 014 0.16 0.18 0.2 0.22
tume (sec)
PR LR H ERIE AT AP E A BT B [22]
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{
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...............
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0 I I I I I I I ) I
0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2 0.22
time(sec)

Bl 39 FRF bl —2EkH ERIFL 2 A TR £ R BI[22]

T RERAPE [T
it I A Y M S ek B (Low-pass Convolve
Filter) i& {7 & i it i@

« 55
Il,(n) = *w), = Z Il,(m)Wn—m (53)
B on=12,x"x & ERFFDEEE w 2 HHEL

438 (56) ¢

w=—][a - ay], a=1 (56)

RS
%

PR k#i o BefRRE k- 2o

"=10> T K-B] 39 ¢ gk fs miAEE St B
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B _ 3 NN 7 24 28t ’r =
ﬁ_‘ T #B % » \‘ (55) 1 E" ;L'J’l /’g" it is s % ‘&F@ 40 #1757 ©
500 T T T T T T
\!
. f - 400
< 300 300
< <
o =
3 200 - \ +200 ~
\
100 L positive sequence current at Bus S 1100
= = =positive sequence current at Bus S with smoothing (11(n)*)
\
0 I I I 1 I I AN\3 0
40 60 80 100 120 140 160

sample

] 40?%-;&5;;,]_;&;? s B R oaiip £ BI[22]

D4
An
It
Ay
&=h
T
>
oas)
|l
\ S

A 35 3% 60 P~ B2 4 T i<
Fﬁ%@ o 3% i M 3L ’57% Tk BT > AP Sy P g‘?’?ﬁ il [ei=d
JRUE (S et & SALE R o BT Ok AP
HEETFIL g A5 7L 2 gk 408 (52) KB4

AisehD R AP € FF & 2RlE2 BFenZ @ 4cF] 41 47

I °
120 T T
L 30
100 H(n)
80 —¥— [1(n)* with differential -125
P =420 _
£ 60 B
= 415 <
40
- 10
20 415
0 ik X K K % ¥ * 1 %k X | | I
40 60 80 100 120 140 160 180
sample

Bl 417 2% 0| — T2 L A Ra T AT inde £ WI[22]

R 419 ¥ E IR KB A A ik Bl )T AF A
5 BAR = A 0 F]P @ % — [ Butterworth & R 8 iid g it B [26]

W Ry 5% H % 2 GRS hiy) 56— 1 Butterworth £ 8 4 i
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fit(h'(n))

gk FET E My o 27 > BRI B30 (57) -

1
‘©= v 7
HY oy
2 X fc
w, = 2 (58)

v few BOEAE S o

fsBZPEMF -

BT A kR 6?5 960 Hze & B e 47 5 & 42 960
Hz(& ¥4 16 P~ 2k) ~ 1440 Hz(= 32 & 24 B P~ 2k)~ 1920
Hz (& ¥t 32 BB~ EE) 11 2 8640 Hz(= ik ik 144 BB~k 8t)
FoRRRMURF ORI VU )RR R R
# (Fast Fourier Transform, FFT) » 7 $18 /& "$ B AR A A e b
A AeRl 42 7T o

150 T T T T T T T T
100 - n
50 - n
‘ X: 83.24 X:127.8 /
M Y:0.6146 Y: 0.4202
0 I | - MM e | |
0 20 40 60 80 100 120 140 160 180 200 220

Frequency(Hz)
Bl 42 9% %5 0| — & A it 1620 & 2 3 8 0 28 B)[22]

PPRE 42 hi % A PT URET] AT R bR, §
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4 80Hz ™M T htAE S A fr 140 Hz 2 b ehF 452 4 o Bid

T > FGEFER A S R o BH K T 5 83.24 Hz

fe 127.8 Hz & {7t e » 4o B 43 #757 o

35 T T T T T m 35
h'(n)
—i#— Cut-off frequency = 83.24 Hz
30 [ |=-m-= Cut-off frequency = 127.8 Hz -1 30
25 - -25
20 - 20
x .
= =
= =
15 <15
10 - - 10
5+ ﬁﬁ B \ -15
0 1 I 9 /i A a I I )
40 60 80 100 120 140 160 180
sample

Bl 43 9 % % | —— F¥ Butterworth & ;2 fp 1438 jp it B2 £ 0F 4f
81 (22]
EMEV RS AT IR F A A F R R S 83.24Hz
P iR AL AR v B L L 127.8 Hz PRL SR o B
P AT ERGY AN PRR PR E L 8324 Hzo gt B
S A SR 43 ¢ BLER TR Y R B R
R FEIRIAFPTBRELTNERT FEBRFRT

=
A=
=3

AP R A b B e B Ak AW L B SR Y 2
B R T F R Myt T8 My ] 2 [0,

rhg?wl_ﬂp\ > 43 (59)

=0
(MR
3
~H‘.‘
‘E\
é+

M 59
(n) (59)
M(n),pu - -

M(n),pu Gk e 440 5 3BT RETINAPERER
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T T T T T T
1 -1
0.8 f positive sequence current at Bus S(p.u.) -0.8
—_ — — —M(n)(p.u.)
]

g >3
206 06 &
c >
= =
3 04 -04

0.2 27N -0.2
/ N
/ S~
0 s ! | = I I -7 | 0
40 60 80 100 120
sample
7, 'FT? J“T _ﬂ J Ve | N Ve ~ N N 514 N Ve
Bl 44 7250 —F F Rt RE 0 8 5 R Gl ik (SR

2 A Bl [22]

l’_‘;“@*}ﬂ"l&: vz %é f{ ¥ ’r‘/{ ?\ﬁ&a @_Ratiob ’ J'_ H- l(n),pu S/E‘ f‘7 =

1, M(n),pu > RCltiOb

by = {0, Mg < Ratio, (60)

£ R

i

2 sn= fault gure, fault g +1,,x 0 X
HLafcE e

B Ly = 1R 2 My oy = * R ERatiop’ @ Iy =0 1%
* % My pu | 3T R & Ratiop, » 4B 45 #7771 - B ¢ > §] 45 5
R ERatio, = 0.1 - jE B 45 ¥ ME% 3% 57 3% 138 P~k

2

B2 Bl v i 00 Ft o AFEE BRI S Bk
Fid fEAE S A BB 57 P 138 2 B eh®e Y o dafl > i i
ek BEFROTRICTIPREFRS A7 E

FIAH AR © B PRILI AL 2 el e e

R RS A PIES S SR

64



current(p.u.)
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1h———== | 1 W i -1
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Bl 45 F %% 0| — i Sxh2 sl ? R4 4 Bk 75 B[22]
Pech= 204 P UM AT SRR R T
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ToAR R AR AP E o TR (52 B 5 o] 46~ W 47 i
Jen™ 2 B R E BRI PR OREARE B H A

iz
o PR ARBERTOTRE TIOR8 460 2 FE R
lenfe g R b epid (55 5% > 2 & fEE 5 By 57 B
BT % 140 BogRgh2 B o PR 47 5 %o T R eamik 18
BEoH G YRR RS 66 PR BT B 137 B2 /Yo
POE S R SR A T i fEHE B RE T i T
PR S 2 R PE AT I (% 5T Ptk gh) 0 @
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ik o

=
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= positive sequence current at Bus R(p.u.)
el )
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406
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current(p.u.)
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Bl 477 %50 — % R 2 TH2Z &R? BhFEFAGRT A
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ks = BRI OER S R BT - Ko R A TLE

g ST BREEPE > PN A R S R LR THHTRET
AR E E A E ST HRBEF e TR T E o a0 &%

57 PR BERE > Reyndt Tl end B 3 oiip BB AS s

B pHg R R T A AL o Fpt o § KT L min
bl Y A RIS 0 R Ry R R G P )
RIS LS EHNTRET A S kR 4R
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N
Steady state = 4; (61)
j=1
H ¢ Steady state 3 *7F T2 ki RN FFR
g o
N & Bl asis -
H ¢

7~

{Xstart]f (Xstart] + 1) end ]} (62)
He oA R Rl kY EEERE S -
Xstart,j & end,j 2 & E x E= ;‘,‘;#&1 \?{Fﬁ v 7}%51: A% 4 BE 1Y
el k%
%@45&@4&EMWﬁﬁ%ﬂ%@%®@»$®D’

JEl o

?iﬁo

Steady state = A; N A, N A5 = {66,67,--,136,137} (63)

He

A, ={57,58,---,137,138} (64)
A, = {57,58,+,139,140} (65)
As = {66,67,-+,136,137} (66)

RpERF #2218 v niiEay i
XL 0 4o 48 Frw o
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Introduction

* Background: Ensuring a consistently reliable power supply is
fundamental to any power system. The transmission line plays a
critical role in this network. As a result, researchers are actively
working towards identifying transmission-line failures to mitigate
financial losses.

* Goal: Classify fault types in transmission lines by analyzing single-
end three-phase voltages and currents with various sampling rates.

3
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Introduction

* We aim to develop a model with excellent generalizability, reducing the need for
expert feature extraction. By designing a model that can directly handle the raw time
series data, we can leverage the power of machine learning to automatically learn and
identify essential patterns and characteristics for accurate fault classification.

* The feature extraction method in previous works includes wavelet packet transformation[3],
multiwavelet packet transformation[4], time series imaging[5], and mathematical morphology
MM)[6].

* The machine learning model has been used in other studies, including the radial basis
function (RBF) neural network[4], self-attention convolutional neural network(SAT-CNN) [5],
the artificial neural network (ANNs)[7], the support vector machine (SVM)[3][8], and the
decision tree (DT) [6].

* Conformer Convolution-Augmented Transformer model is employed in this study,
which is a state-of-the-art model commonly used in speech recognition.
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Method

Input data: Single end Three phase Voltage Preprocessing: Window selection, Fault classification

and Current waveforms Resampling, and Normalization using Machine learing model Output data: Faut type

Input features Classification labels
Time series data of single-end three-phase voltages Eleven fault types
and currents with various sampling rates * Single phase ground fault: AG/BG/CG
* Sampling rates range from 4 to 144 samples per * Two-phase ground fault: ABG/BCG/CAG
cycle * Two-phase short circuit fault: AB/BC/CA
* Transmission line configurations: two-, three-, ~ * Three-phase short circuit fault: ABC
and four-terminal transmission lines * Three-phase short circuit ground: ABCG

Relay brand Sampling rate (samples per cycle)

SEL 4 12
SEL and GE 16 129
Toshiba and Ingeteam 24 75
Ingeteam 144 14 5

"‘f_& IMETI2023

Preprocessing

In fault events, there are typically three distinct states: pre-fault, fault, and post-
fault. Our analysis indicates that focusing solely on the pre-fault and fault states
‘Window provides sufficient information for accurately categorizing and identifying faults in
selection the transmission line. The model can effectively capture the essential
information required for precise fault classification whether post-fault state is
included or not.

Normalization is an essential step in data preprocessing in any machine learning
application. In this study, the normalization of per-phase voltage and current is
carried out by dividing them with the root mean square value of the first cycle in
the pre-fault state.

Normalization

2500 A
04

=2500

Current (A)

—_—la

-5000 4 = Ib

— I

=7500 + T T T T T
0 50 100 150 200 250

Number of sampling points
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Preprocessing

We apply the resampling method proposed in [11]. The process of resampling the
signal using the Fast Fourier Transform (FFT). With a lower sampling rate, the
Resampling data may experience a loss of high-frequency information, resulting in a waveform
that may not perfectly resemble a smooth sine wave. Furthermore, the phase
issue becomes evident in the resampled data of 4 samples per cycle.
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Transformer model

{Feed-forward module: This module processes the input data by applying a set of
ilinear transformations and activation functions to capture relevant local features.
{Convolution module: The convolution module effectively captures local
ipatterns, but it requires many parameters and depth to capture global
{dependencies [13]. To address this, Batch Normalization is applied immediately
{after the convolutional layers in deep neural networks. By doing so, batch
:normalization helps to alleviate the vanishing gradient problem and mitigate the
éeffects of Internal Covariate Shift.

éSelf—attention module [12]: The self-attention mechanism allows the Conformer
ito capture global dependencies and relationships within input data.

éSecond feed-forward module: Similar to the first feed-forward module, this
module further processes the output from the previous modules, refining and
iextracting additional features from the data.
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Batch Normalization

* A technique used in neural networks to normalize each mini-batch of
data during training.
* Benefits: Batch normalization leverages the parallelism offered by

modern computing platforms to significantly improve training
efficiency [14].

* Limitation: Uniform data length for each batch. Resampling the
data can help achieve this uniformity, ensuring that the input data has a
consistent length, which is crucial for batch normalization to work
optimally.

9

° Classification results of training:@ e
validation, and testing datasets

Training data and validation data
* Simulation software: Simulink
¢ Two terminal transmission line

Testing data
Measurements of historical events + Relay measurements
in Taiwan « Fault type labeled by relay

6596 1144 108
13192 2288 230
DN 8s5% 15 % - 10
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Comparison of three Methods

* Method I: The model is trained with data from various sampling rates [16]

* Method II: The model is trained with data of 16 samples per cycle (960 Hz), and
the input data is resampled to 16 samples per cycle.

* Method III: The model is trained with data of 4 samples per cycle (240 Hz), and
the input data is resampled to 4 samples per cycle

i | s s
1 x 1073 (use warmup step and learning rate scheduler)

Cross Entropy Loss

11
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Classification Results

. N /\. —
* Each event: pred = Loif Ilie, Yi=y
0, Otherwise

» where N is the number of terminals, ¥ is the predicted label of terminal j, y is
the fault type of the event.

Dataset Method I Method II Method III
atase
Accuracy (%) Accuracy (%) Accuracy (%)

Tlamlng 99.23 0.02395 99.534 0.02359  99.536 0.02326
98.34 0.07797 100 0.00435  100.000 0.00467

73.14 - 87.040 - 87.963 -

12
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Classification Results

- Method I Method ITI
Testing accuracy (%) Testing accurac (%)
96.00 97.87 96.00 9787

84.21 88.57 85.53 89.14
Four 85.70 87.5 85.70 87.5
Average 87.04 90.43 87.96 90.87

* The fault at a four-terminal transmission line in historical data shows the
lowest average accuracy, regardless of whether the calculation is based on all
events or all single-end data. This indicates that the model might face
challenges in accurately classifying faults in four-terminal transmission lines
compared to other configurations. 13

“Egd IMETI12023
Conclusion

* The suggested study focuses on using three-phase voltage and current measurements to classify
transmission line faults. Employing a machine-learning based approach with the Conformer
Convolution-Augmented Transformer model, the research aims to develop a highly generalizable
model, minimizing the need for expert feature extraction.

* Key preprocessing techniques, such as window selection and resampling rate, are explored in-depth.

* Window selection must include pre-fault and fault states, while the post-fault state's inclusion or
exclusion has minimal impact on performance.

* Resampling the data in the frequency domain offers advantages like handling non-integer sampling
rates, benefiting from batch normalization, and improving training efficiency. Moreover, resampling the
data to 4 samples per cycle suffices for fault classification, even if the resulting signal does not resemble
a perfect sine wave.

* The model is validated on simulation data and tested on historical data. Eventually, the validation
accuracy is 100%, while the testing accuracy reaches 87.96%. The results show that the performance
of the proposed method is at the level achieved under various system and fault conditions.

14
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Abstract: Ensuring a consistently reliable power supply is a paramount imperative in power sys-
tems. Researchers are engaged in the pursuit of categorizing transmission-line failures to mitigate
the associated financial losses. The primary objective of this study is to develop a classification
model for various transmission line fault types. This classification relies on the analysis of single-
end three-phase voltages and currents. The key innovation in this research is the aspiration to con-
struct a model that minimizes the necessity for expert feature extraction. The study adopts a ma-
chine-learning-based methodology, employing the Conformer Convolution-Augmented Trans-
former model. A key investigation centers on the impact of the sampling rate on input data. The
proposed methodology establishes that a sampling rate of 4 samples per cycle suffices, highlighting
that the input data need not strictly follow a sine wave for accurate fault classification. The training
data are generated through simulations conducted on a two-terminal transmission line. Subse-
quently, the model is tested on historical data comprising 108 events in Taiwan, involving various
transmission line configuration. Eventually, the validation accuracy is 100%, while the testing accu-
racy reaches 87.96%. The results show that the performance of the proposed method is at the level
achieved under various system and fault conditions.
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1. Introduction

Transmission line protective relaying is crucial to maintaining a reliable power sys-
tem operation. It serves three core functions: detection, classification, and location of faults
occurring in transmission lines [1]. These functions play a vital role in safeguarding the
overall stability and integrity of the power grid, ensuring a continuous and uninterrupted
supply of electricity. In this task, our objective is to classify the fault type of transmission
line using the measurements of three-phase voltage and currents obtained from a single-
end transmission line. Fault classification provides valuable information that significantly
aids in quickly estimating fault location, leading to faster fault-clearing times and the
rapid restoration of power service [2].

Machine learning (ML)-based techniques have garnered widespread acclaim in the
domain of fault classification [2]. Existing literature has proposed a repertoire of machine
learning models, encompassing the convolutional neural network (CNN), radial basis
function (RBF) neural network [3], self-attention CNN (SAT-CNN) [4], the artificial neural
network (ANNSs) [5], the support vector machine (SVM) [6][7], and the decision tree (DT)
[8]. The input data for fault classification predominantly comprises time series data rep-
resenting voltage and current waveforms. However, these aforementioned models neces-
sitate preprocessing via feature extraction prior to training. Prior research has introduced
feature extraction methodologies such as wavelet packet transformation [6][9], multi-
wavelet packet transformation [3], time series imaging [4], and mathematical morphology
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(MM) [8]. Unlike other research endeavors, our aim is to develop a model distinguished
by its exceptional generalizability, thus significantly reducing the reliance on expert fea-
ture extraction. The design of a model adept at directly processing raw time series data
allows us to harness the power of machine learning to autonomously discern and deline-
ate crucial patterns and characteristics, thereby enhancing the accuracy of fault classifica-
tion. This proposed approach not only streamlines the workflow but also elevates the
model's adaptability across diverse fault scenarios, ensuring its efficacy in real-world ap-
plications without the imperative of expert knowledge for feature extraction.

In the current study, we observed that the Conformer model performed exceptionally
well in our fault classification task. Notably, in Automatic Speech Recognition (ASR), the
Conformer model has demonstrated its effectiveness by surpassing the performance of
previous Transformer- and CNN-based models, achieving state-of-the-art accuracies [10].
This innovative approach seamlessly integrates local and global information processing,
thereby enhancing the model's capability to recognize and interpret audio sequences ac-
curately. Our input data, which consists of three-phase voltage and current signals in the
time domain, shares similarities with ASR data. Furthermore, the Conformer model ex-
hibits outstanding performance within a short training period by carefully designing the
batch size in batch normalization.

The main focus of this study is on the diverse sampling rates of the input data, where
different types of relays are utilized, each with its specific sampling rate. In the case of
Taiwan, these sampling rates range from 4 to 188.5 samples per cycle. It is essential to
recognize that the model's performance may not be optimal when processing data with
sampling rates that have yet been encountered during its training process. Given the ap-
plication of neural networks to analyze signals in the time domain, it is noteworthy that
training a neural network on data with a specific sample rate and subsequently using it to
process data at a different sample rate may lead to significant discrepancies in the results.
Our study demonstrates that higher precision is achieved when the sampling rate is close
to the training sampling rate.

Our team explores two approaches to address the challenge of handling signals with
varying sample rates. The first approach involves training multiple neural networks for
several commonly used sample rates and selecting the network whose training sample
rate is closest to the target sample rate. However, it is essential to acknowledge that train-
ing neural networks is a stochastic process, and there is no guarantee of identical results
for each network. Furthermore, this approach may not be suitable for situations where the
neural network needs to handle sample rates that significantly deviate from the range of
the training sample rates. The second approach involves resampling the signal to align
with the sample rate used during the training phase before feeding it into the neural net-
work. The results of our study validate the limitations associated with these approaches.
In this research, we compare three models: Model ], trained using data with various sam-
pling rates; Model II, trained with data resampled to 16 samples per cycle; and Model III,
trained with data resampled to 4 samples per cycle. Models II and III require data
resampling, and we leverage information in the frequency domain for this purpose.
Among the three models, Model III exhibits the best performance.

The main contribution of this study is listed below:

e The window selection for fault classification must encompass pre-fault and fault
states. However, including or excluding the post-fault state does not significantly im-
pact the model's performance.

e  Resampling the data using frequency domain information provides several ad-
vantages, including handling non-integer sampling rates, benefiting from batch nor-
malization, and improving efficiency.

e  Resampling the data to 4 samples per cycle is sufficient for fault classification, even
if the resulting signal may not perfectly resemble a sine wave. Additionally, the phase
problem can be effectively addressed by training the model with different inception
angles.
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The remaining sections of this paper are structured as follows: Section 2 introduces
the proposed methodology, including the applied pre-processing techniques. Section 3
presents an overview of the historical event dataset used for testing and compares the
classification results of the three methods. Finally, Section 4 provides the conclusions
drawn from the study.

2. Methodology

The presented work employed a machine learning-based approach to tackle the fault
classification problem. The primary goal was to classify the fault type, which involved 11
different labels: AG, BG, CG, AB, BC, CA, ABG, BCG, CAG, ABC, and ABCG. The input
data for the classification model consisted of three-phase voltage and current measure-
ments obtained from a single-end transmission line, while double end data is used in pre-
vious work [9]. The flow diagram of the proposed method is illustrated in Figure 1.

and Current waveforms

Resampling, and Normalization using Machine learning model

Input data: Single end Three phase Voltage }___l‘> Preprocessing: Window selection, :> Fault classification Output data: Fault type

Figure 1. Proposed Fault Classification Scheme

2.1 Training and validation data

ML-based approaches typically require substantial training data to achieve optimal
performance. However, in scenarios where historical data may not provide sufficient di-
versity or uniformity in fault types, simulations can serve as a valuable tool to generate
additional training and validation data [11]. In this study, we use Simulink simulations to
create the training and validation datasets. The power system configuration used in the
simulations was a two-terminal transmission line, as depicted in Figure 2. The same trans-
mission line configuarion is also applied in [3][5][6][8][9]. Various fault scenarios were
considered, encompassing different fault impedance, fault distance, circuit-breaker time
delay [4], inception angle, and fault types. The fault impedance ranged from 0.1 to 10
Ohms, and the fault distance varied between 0.5 and 81 km, with a total transmission line
length of 100 km. The circuit breaker time delay ranged from 2 cycles to infinity after the
fault occurred, and the inception angle spanned from 0 to 315 degrees. By incorporating
these factors into the simulations, we aim to create a comprehensive and diverse dataset
that captures a wide range of potential fault scenarios in a transmission line. This compre-
hensive dataset allowed us to evaluate and test the performance of our fault classification
method across different fault conditions and parameters, providing a realistic and robust
assessment of its effectiveness in handling various fault scenarios.
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Figure 2. Snapshot of the studied model of a two-terminal transmission line

To assess the model's performance, a portion (15%) of the generated data was set
aside as validation data, enabling the evaluation of the model's classification accuracy on
unseen instances. The validation results demonstrated that the model successfully
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classified both the training and testing data generated from simulations. This indicates 136
that the model can effectively generalize and accurately classify fault types beyond the 137
training set, providing confidence in its performance when applied to real-world scenar- 138
ios using historical data for inference. 139

2.2 Preprocessing 140

In our approach, we avoided relying on expert experimentation in the preprocessing 141
stage. Instead, we addressed three key topics related to the input data: window selection, 142
normalization, and resampling. Each of these topics plays a crucial role in preparing the 143
data for fault classification, and we will provide a brief overview of each. 144
Window selection: In fault events, there are typically three distinct states: pre-fault, fault, 145
and post-fault, as illustrated in Figure 3. The post-fault state occurs after the fault has been 146
cleared. In power systems, protective relays isolate the fault by opening circuit breakers 147
once a fault is detected. As a result, the currents in Figure 3 decrease to zero after the fault 148
is cleared. Our work found that including or excluding post-fault states does not signifi- 149
cantly impact the fault classification results in our model. Our analysis indicates that fo- 150
cusing solely on the pre-fault and fault states provides sufficient information for accu- 151
rately categorizing and identifying faults in the transmission line. As long as the window 152
size is adequately large to encompass the relevant pre-fault and fault periods, the model 153

can effectively capture the essential information required for precise fault classification. 154
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Figure 3. Three-phase current waveform of a single-phase fault (CG) 156

Normalization: Normalization is a vital technique to standardize the input data, ensuring 157
a consistent range or distribution. By removing variations in signal magnitude or ampli- 158
tude, this process enables the model to receive a uniform and comparable input across 159
different samples. As a fundamental step in data preprocessing for machine learning ap- 160
plications, normalization is crucial in enhancing the model's performance and accuracy. 161
Normalization is an essential step in data preprocessing in any machine learning applica- 162
tion. In this study, the normalization of per-phase voltage and current is carried out by 163

dividing them with the root mean square value of the first cycle in the pre-fault state. 164
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Figure 4. Normalization of the three-phase current waveform 166

Resampling: Resampling involves adjusting the sampling rate of the input data to match 167
the required rate for further processing. This can be necessary when the data collected has 168
a different sampling rate than what is required by the fault classification model. 169
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Resampling ensures that the input data is consistent and compatible with the processing 170
requirements. We apply the resampling method proposed in [12]. The process of 171

resampling the signal using the Fast Fourier Transform (FFT) is illustrated as follows: 172
e  Process the original signal using Fast Fourier Transform (FFT) to obtain the signal 173
spectrum in the frequency domain. 174

e  Apply zero-padding or truncation on the spectrum to adjust it to the requested 175
resampling rate. Zero-padding involves adding zeros to the spectrum to increase its 176
length, while truncation involves removing unnecessary frequency components to 177

reduce the length. 178
e After adjusting the spectrum, process the modified spectrum using inverse Fast Fou- 179
rier Transform (IFFT) to obtain the resampled signals in the time domain. 180

Following these steps, the signal is effectively resampled to the desired rate while 181
preserving its essential information. This approach allows the model to handle signals 182
with non-integer sampling rates, leading to more accurate fault classification and im- 183
proved performance in transmission line fault classification applications. An example of 184
data with a sampling rate of 188.5 samples per cycle has been resampled to 4 samples per 185

cycle is illustrated in Figure 5. 186
20 —— la Origin
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Figure 5. Resampling from 188.5 to 4 samples per cycle of a single-phase fault (AG) 188

Figure 6 provides examples of data that has been resampled to different sampling 189
rates of 16 and 4 samples per cycle. The down sampling process from a higher sampling 190
rate to a lower one can introduce challenges in accurately representing the original signal, 191
leading to potential distortions. With a lower sampling rate, the data may experience a 192
loss of high-frequency information, resulting in a waveform that may not perfectly resem- 193
ble a smooth sine wave. This distortion is evident in the resampled data with a sampling 194
rate of 4 samples per cycle, as illustrated in Figure 6(b). Such distortions can impact the 195
accuracy of fault classification and introduce artifacts in the signal representation, poten- 196
tially affecting the performance of the fault classification model. Furthermore, the phase 197
issue becomes evident in the resampled data of 4 samples per cycle. Our approach ad- 198
dresses this problem by training the model with various inception angles, representing 199
the phase angles at which the data is captured or sampled. By incorporating different in- 200
ception angles during training, the model becomes more adapt at handling diverse phase 201
conditions, enhancing its robustness and generalization capabilities. 202

203
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By addressing these preprocessing steps, including window selection, normalization,

and resampling, the input data can be appropriately prepared for subsequent analysis and
fault classification tasks, leading to more accurate and reliable results.

2.3 Machine learning model- Conformer Convolution-Augmented Transformer model

This study uses a machine-based method, employing the Conformer Convolution-

Augmented Transformer model [10]. The Conformer model is a state-of-the-art architec-
ture commonly used in speech recognition tasks. It combines the Transformer model with
the architecture of a CNN. The model architecture is illustrated in Figure 7.
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Figure 7. Conformer encoder model architecture 10

A Conformer block consists of four modules stacked together in sequence. These

modules are as follows:

Feed-forward module: This module processes the input data by applying a set of
linear transformations and activation functions to capture relevant local features.
Self-attention module [13]: The self-attention mechanism allows the Conformer to
capture global dependencies and relationships within the input data.

Convolution module: The convolution module effectively captures local patterns,
but it requires many parameters and depth to capture global dependencies [14]. To
address this, Batch Normalization is applied immediately after the convolutional lay-
ers in deep neural networks. Batch Normalization is a technique used in neural net-
works to normalize each mini-batch of data during training. This normalization pro-
cess transforms the data into a mean of 0 and a standard deviation of 1, following a
standard normal distribution. By doing so, batch normalization helps to alleviate the
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vanishing gradient problem and mitigate the effects of Internal Covariate Shift, 229
which is the change in the distribution of the network's internal activations during 230
training. Additionally, batch normalization leverages the parallelism offered by 231
modern computing platforms to significantly improve training efficiency [15]. Toen- 232
sure the effective application of batch normalization, maintaining uniform data 233
length for each batch is essential. Resampling the data can help achieve this uni- 234
formity, ensuring that the input data has a consistent length, which is crucial for 235
batch normalization to work optimally. 236
e Second feed-forward module: Similar to the first feed-forward module, this module 237
further processes the output from the previous modules, refining and extracting ad- 238
ditional features from the data. 239
By combining these four modules, the Conformer block effectively integrates local 240
and global information, allowing it to model dependencies within the audio sequence in 241
a parameter-efficient manner. Conformer has the ability to outperform Long Short-Term 242
Memory (LSTM) and other Recurrent Neural Networks (RNNs), which are two common 243
models used for handling time-relevant input data., in terms of classification accuracy 244
with the same set of parameters [16]. This means that Conformer achieves higher accuracy = 245

in a similar training time compared to LSTM and other RNNs [16]. 246
2.4 Methods trained with input data of different sampling rates 247
In this study, we implemented and compared three methods trained with input data 248
of different sampling rates, as follows: 249
e  Method I: The model is trained with data from various sampling rates [17]. 250
e Method II: The model is trained with data of 16 samples per cycle (960 Hz), and the 251
input data is resampled to 16 samples per cycle. 252
e  Method III: The model is trained with data of 4 samples per cycle (240 Hz), and the 253
input data is resampled to 4 samples per cycle. 254

Table 1 summarizes the model parameter settings for the three methods employed 255
in this study. The primary distinctions between the methods lie in the number of epochs 256
and batch sizes utilized during training. Method I necessitates a higher number of epochs 257
to achieve convergence, primarily because it requires a batch size set to 1 to maintain uni- 258
form data length for each batch. As a result, Model I is trained with inputs at various 259
sampling rates, limiting the batch size to 1. In contrast, Method II and Method IIl adopta 260
larger batch size set to 128, as the input data is resampled to a consistent rate. This permits 261
the utilization of larger batch sizes, which can improve training efficiency. This choice is 262
further supported by evidence suggesting that using a small batch size may increase train- 263
ing time [18], resulting in longer training and inference times for Model I. Despite these 264
variations in training setups, the classification results among the three methods demon- 265

strate relative similarity, as will be demonstrated in the subsequent section. 266
Table 1. Model parameter settings in each method 267
Method Method I Method II Method III
Epoch 44 28 28
Batch Size 1 128 128
Learning Rate 1x 1073 (use warmup step and learning rate scheduler)
Loss function Cross Entropy Loss
268

Another technique to enhance the performance of the transformer model is to use 269
Warmup Step and a Learning Rate Scheduler [19]. Warmup Step refers to the initial the 270
training phase where the learning rate is gradually increased from 0 until a predefined 271
condition is met. Our project’s first 2 epochs of model training are dedicated to the 272
Warmup phase. Afterward, the learning rate follows a cosine function schedule for grad- 273
ual reduction, as depicted in Figure 8. 274
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Figure 8. Learning rate using Warmup Step and a Learning Rate Scheduler (y-axis: learning rate; x- 276
axis: number of iterations) 277
3. Simulation results 278

This study generates the training and validation datasets from simulations, while the 279
testing dataset is sourced from historical events. The overview of the training, validation, 280
and testing datasets is presented in Table 2. The training and validation datasets are di- 281
vided into two parts, with 85% of the data used for training and the remaining 15% used 282

for validation. 283
Table 2. Summary of training, validation, and testing datasets 284
Dataset Training Validation Testing
Sources Simulation Simulation Historical events
Number of events 6596 1144 108
Number of terminals 13192 2288 230
85 % 15 % -
285
3.1 Summary of historical event data 286

In this study, historical events are utilized as testing data. A total of 108 events are 287
considered, encompassing various fault types such as single-phase ground, two-phase 288
ground, three-phase short circuit, and three-phase short circuit ground, as indicated in 289
Table 3. Given the limited occurrence of events for each fault type, the machine learning 290
model encounters challenges in effectively capturing the nonideal aspects inherent to the 291
real system. Utilizing historical data for training purposes is deemed suitable only when 292
a more extensive dataset is accessible, or when additional measurements beyond voltage 293

and current are incorporated. 294
Table 3. Fault types of historical events 295
Fault Fault type Number
AG 41
Single phase ground BG 29
CG 20
ABG 2
Two-phase ground BCG 1
ACG 6
AB 1
Two-ph hort circuit
wo-phase short circui BC 1
Three-phase short circuit ABC 4
Three-phase short circuit ground ABCG 3

These events encompassed various transmission line configurations, including two- 29
terminal, three-terminal, and four-terminal transmission lines. Specifically, there were 25 297
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events related to two-terminal transmission lines, 76 to three-terminal transmission lines,
and 7 to four-terminal transmission lines.

In Taiwan, the relay brands commonly used include SEL, Toshiba, GE, and Ingeteam.
It is worth noting that the sampling rate for these relays can vary, ranging from 4 to 144
samples per cycle. As shown in Table 4, the largest number of events corresponds to a
sampling rate of 16 samples per cycle.

Table 4. Sampling rate of each relay brand

Relay brand Sampling rate (samples per cycle) Number of events
SEL 4 12
SEL and GE 16 129
Toshiba and Ingeteam 24 75
Ingeteam 144 14

3.2 Evaluation Criterion

In our study, the model we employed is designed specifically for single-end data.
Therefore, accurate classification of an event is considered only when every terminal of
the transmission line is classified correctly, as illustrated in (1).

L if L=y
d :{ =11 1
pre 0, Otherwise M
where N is the number of terminals, ¥, is the predicted label of terminal j, y is the fault
type of the event.
The accuracy in the following sections refers to the average accuracy of all events, as
depicted in (2).

Accuracy = %Z;”zl(predj) )

where M is the number of events, and predi is the prediction of event j.
3.3 Issue of multiple input sampling rate

As indicated in Table 5, the accuracy of Model Il decreases when it is tested with
data sampled at different rates, particularly for data with sampling rates that differ signif-
icantly from the training sampling rate. The lowest validation accuracy, observed at a data
sampling rate of 188.5 samples per cycle, is 47.37%. This indicates that the model's perfor-
mance is adversely affected when dealing with data at extreme sampling rates not en-
countered during its training phase. The impact of the sampling rate should be carefully
considered when deploying the model in real-world scenarios. Matching or closely align-
ing the input data with the training sampling rate is crucial to preserve the accuracy and
reliability of the model's fault classification capabilities.

Table 5. Results of data without resampling

Samples per cycles Training Accuracy (%) Validation Accuracy (%)  Testing Accuracy (%)
4 99.536 100.000 91.67
16 - 77.82 91.47
24 - 66.92 65.33
144 - 51.80 64.28
188.5 - 47.37 -

3.4 Results and discussion

Table 6 presents a comprehensive overview of the results obtained from Method [, I,
and III. Notably, the validation accuracies of these methods exhibit minimal variance.
However, it is evident that Method III outperforms the other two approaches, with
Method I yielding the lowest accuracy. As elucidated in Section 2, Method I demands a
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longer training time. Hence, for this study, Method II and Method III emerge as more
promising options. Both methods demonstrate competitive performance while offering
potential time efficiency advantages compared to Method 1. The testing accuracy exhibits
a noticeable decrease when compared to the training and validation accuracy across all
methodologies. This disparity may be attributed to the omission of certain nonideal as-
pects present in the actual power system, which are not explicitly modeled in the simula-
tion. Nonetheless, due to the constraints of limited historical data, utilizing such data as
the sole source for model training may not be advisable. In order to enhance the model's
performance, there arises a need for a more comprehensive dataset or the incorporation
of supplementary measurements beyond voltage and current.

Table 6. Results of Method I, Method II, and Method III

Method I Method II Method III
Dataset Accuracy (%) Loss Accuracy (%) Loss Accuracy (%) Loss
Training 99.23 0.02395 99.534 0.02359 99.536 0.02326
Validation 98.34 0.07797 100 0.00435 100.000 0.00467
Testing 73.14 - 87.040 - 87.963 -

In this study, we investigated the performance of two models trained with different
sampling rates: 16 samples per cycle (Model II) and 4 samples per cycle (Model III). The
classification results of Method II and Method are presented in Table 7 and Table 8, re-
spectively. Notably, Method II achieved the highest validation accuracy for 16 samples
per cycle. In comparison, Method III performed best for a sampling rate of 4 samples per
cycle. Interestingly, despite the difference in requested sampling rates, the results did not
show significant discrepancies between these models. This suggests that training the mod-
els with a sampling rate of 4 samples per cycle is sufficient for the fault-type classification
task. Consequently, Method III, which utilizes the lower sampling rate of 4 samples per
cycle, emerges as a more promising choice. This approach offers the advantage of reduced
computation in inference and training processes while still achieving comparable perfor-
mance in fault type classification.

Table 7. Validation and testing accuracy of Method II with different sampling rates
Resampling Samples per cycles Validation Accuracy (%) Testing accuracy (%)
Unneccesary 16 100.00 94.57
4 99.36 91.67
Required 24 99.98 81.33
q 144 99.98 100
188.5 99.98 -
Table 8. Validation and testing accuracy of Method III with different sampling rates
Resampling Samples per cycles Validation Accuracy (%) Testing accuracy (%)
Unnecessary 4 100.00 91.67
16 99.12 94.57
Required 24 99.12 84.00
eqHe 144 99.24 92.86
188.5 99.27 -

The testing accuracy of Method II and Method III for various transmission line con-
figurations is presented in Table 9. The testing accuracy in the case of three- or four-
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terminal transmission lines is notably low, irrespective of whether the calculation is con- 361
ducted using all recorded events or the data from individual ends. This phenomenon can 362
potentially be attributed to the fact that the training data is primarily derived from simu- 363
lations of two-terminal transmission lines. An important area for future research is to ex- 364
plore the impact of transmission line configurations on voltage and current waveforms, 365
which has been insufficiently studied until now. 366

Table 9. Testing accuracy of Method II and Method III of various transmission line configurations 367

Method II Method III
Testing accuracy (%) Testing accuracy (%)
Terminals Event Single end Event Single end
Two 96.00 97.87 96.00 97.87
Three 84.21 88.57 85.53 89.14
Four 85.70 87.5 85.70 87.5
Average 87.04 90.43 87.96 90.87
368
4. Conclusions 369

The suggested study focuses on using three-phase voltage and current measure- 370
ments to classify transmission line faults. Employing a machine-learning based approach 371
with the Conformer Convolution-Augmented Transformer model, the research aims to 372
develop a highly generalizable model, minimizing the need for expert feature extraction. 373
Key preprocessing techniques, such as window selection, normalization, and resampling 374
rate, are explored in-depth. The main findings reveal that window selection must include 375
pre-fault and fault states, while the post-fault state's inclusion or exclusion has minimal 376
impact on performance. Resampling the data in the frequency domain offers advantages 377
like handling non-integer sampling rates, benefiting from batch normalization, and im- 378
proving training efficiency. Moreover, resampling the data to 4 samples per cycle suffices 379
for fault classification, even if the resulting signal does not resemble a perfect sine wave. 380
Overall, these findings contribute to an effective fault classification model, emphasizing 381
the significance of appropriate preprocessing techniques for accurate results with raw 382
time series data. Compared with a model trained with 16 samples per cycle, a model 383
trained with 4 samples per cycle proves to be a better choice, achieving more efficientand 384
effective fault classification without compromising accuracy or incurring unnecessary 385
computational burden. Eventually, the validation accuracy is 100%, while the testing ac- 386
curacy reaches 87.96%. The results show that the performance of the proposed method is 387

at the level achieved under various system and fault conditions. 388
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A Simple Formula for Time Synchronization for
Improved Transmission Line Fault Location
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Abstract— Intelligent Electronic Devices (IEDs) are considered
as a cost-effective device with the approximate function of Phasor
Measurement Units (PMUs). However, phasor measurements
calculated by IEDs may incur a significant error due to the
absence of precise time synchronization source. This study focuses
on improving time synchronization for locating transmission line
faults using IED recorded waveform measurements. We propose
a simple formula to improve time synchronization. Using the
formula iteratively, we obtain improved fault location
performance over our previously published results in [1], applied
to realistic fault cases occurring in Taiwan Power Company
transmission lines.

Index Terms— Asynchronous angle, Time Synchronization
method, Fault localization.

[. INTRODUCTION

ue to the high cost of Phasor Measurement Units
(PMUs), some power companies tend to install more
cost-effective Intelligent Electronic Devices (IEDs) on
some buses. Unlike PMUs, IEDs lack Global Positioning
System (GPS) functionality, which leads to unsynchronized
measurements among different devices due to the absence of
precise timestamp information in IED measurements. The issue
of unsynchronized measurements significantly affects various
applications relying on IED measurement data, including
transmission line parameter estimation and fault localization.
Two categories of time synchronization methods are
proposed in the literature. They are Angle Synchronization
method[2] and Time Synchronization method[3], respectively.
Angle Synchronization method is employed for normal
operation, utilizing known line parameters and three-phase
voltage and current signals. This method is applicable to long-
distance transmission line model. By determining the voltage
phasor at a specific point located between two buses using
measurements from both buses, the voltage phase angle
difference, referred to as the asynchronous angle, can be used
for synchronization. This method excels in accurately
calculating asynchronous angles but falls short in correcting
asynchronous angles exceeding 360 degrees. It is also
dependent on the precision of transmission line parameters,
while some transmission line parameter estimation methods
requiring synchronous measurement data.
Time Synchronization method, on the other hand, serves as
the primary focus of improvement in this study. This method
utilizes fault currents and voltages to conduct synchronization

without prior knowledge of transmission line parameters or
fault locations. One of its advantages is the capability to
synchronize measurements with asynchronous angle exceeding
360 degrees. The accuracy of this method is related to its
sampling frequency, and in this study we used 720 samples
within one cycle, resulting in an angle precision of 0.5 degrees.
However, the limitation of this method lies in its assumption
that both forward faulty current wave and backward faulty
current wave arrive at both ends of transmission line
simultaneously. This assumption is appropriate for short- and
medium-distance transmission lines and is not suitable for long-
distance transmission lines exceeding a length of 150 miles.
The method fails to consider factors like propagation constants
and characteristic impedances.

To address this issue, this study proposes a simple formula to
compensate a synchronous angle. This formula is based on the
correlation between fault locations and their impact on phase
angle difference using extensive off-line simulation results.
When coupled with the fault location method, the angle
compensation term aids in waveform measurement
synchronization and contributes to improved fault location
performance.

II. METHOD

To investigate the impact of propagation delay in long-
distance transmission lines, this study employed the Matlab
Simulink simulation software to conduct a simulation study. A
model of a long-distance transmission line with two terminals,
referred to as the bus S and bus R, are created. The model
parameters used are provided in Table 1. In this study, the bus
S serves as the reference bus, and the length of the line between
the two buses is considered the base value. Therefore, the bus S
and bus R are designated as location 0 and 1 p.u, respectively.

TABLE I
PARAMETERS OF A TWO-TERMINAL LONG-DISTANCE
TRANSMISSION LINE MODEL

Parameters Description Unit
Voltage level 161 kV
Frequency 60 Hz
Transmission line length 150 miles
Zero-sequence resistance 0.038358 Ohms/km
Positive-sequence resistance 0.004117 Ohms/km
Zero-sequence inductance 0.000549 H/km
Positive-sequence inductance 0.000191 H/km
Zero-sequence capacitance 10°° F/km
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F/km
p.u.

Positive-sequence capacitance 2.0253-107°
Fault location 0.01, 0.99
Fault type AG

We conducted simulations for two fault scenarios occurring
at location 0.01 and 0.99 p.u, respectively. The fault applied is
single phase ground fault. The positive-sequence current
waveforms and fault inception points for these two scenarios
are presented in Fig. 1 and Fig. 2, respectively. And the fault
inception time instant is identified by current exceeding a
threshold value [3]. In this study, the same threshold value was
applied at both terminals, set at 1.5 times the steady-state
current. Time Synchronization method assumes that the
propagation delay is negligible when a fault occurs in the
transmission line. However, as evident from the simulation
results in Fig. 1 and Fig. 2, the time shift caused by propagation
delay is related to the fault location. In scenarios where the fault
occurs at the 0.01 and 0.99 p.u., the angle discrepancy can be
approximately 30 degrees.

—— positive sequerce S
positie sequerce_A

20
10 '

25 50 s 100 125 150 175 200
fme

Fig. 1. Positive sequence current when the fault is near bus S.

0 25 50 5 100 125 150 175 200
ama

Fig. 2. Positive sequence current when the fault is near bus R.

Sensitivity analysis was conducted on various line lengths
and fault locations. Time Synchronization method was
employed to align the current waveforms, and the angle
difference between the aligned and simulated waveforms were
compared. The sensitivity analysis results are presented in Fig.
3.

17.5 —— transmission lines length:200km
transmission fines length:400km
15.0 4" —— transmission lines length:600km
—— transmission lines length:800km

—— transmission lines length:1000km

angle(degree)

0.2 0.4 0.6 0.8
fault location(p.u.)

Fig. 3. Phase angle difference for various fault locations and
transmission line lengths.

We made two key observations: first, the corrected deviation
is weakly related to the transmission line length, and second,
the corrected deviation is positively correlated with the fault
location. This correlation follows a roughly linear pattern.
Consequently, this study suggests that the influence of
transmission line length on synchronization can be negligible,
whereas the effect of fault location should be considered.
Hence, the applicability of Time Synchronization method
should be enhanced. We introduces an angle compensation term
(Ocompensate ) to enhance Time Synchronization method, as
shown in formula (1). This compensation factor C is defined as
the ratio of synchronous angle difference vs. fault location, the
slope of regression line of Fig. 3. It can be obtained through
linear regression of simulation results for studied specific
transmission line.

Ocompensate = C X (Dpquie — 0.5) (1)
Where, C : the compensation factor,
Dt gyie : the fault distance (p.u.).

The utilization of the compensation angles proposed in this
study enhances the accuracy of transmission line fault location
estimation when employing unsynchronized measurements.
Initially, Time Synchronization method is employed to align the
inception time instants of current waveforms at both ends.
Subsequently, the fault localization method in [3] is employed
to determine the initial fault location. The calculated fault
location is then substituted in (1) to calculate the compensation
angle. The updated angle is subsequently utilized for
calculating fault location again. This process iterates until the
fault location converges. In our study, we obtain improved fault
location performance over our previously published results in
[3], applied to realistic fault cases occurring in Taiwan Power
Company transmission lines.

III. CONCLUSION

This study focuses on improving time synchronization for
locating transmission line faults using IED recorded waveform
measurements. By analysis of extensive simulation results, we
obtain a simple formula to compensate synchronous angle,
which then can be iteratively used to converge the fault location
using [3]. This refined approach enhances the accuracy and
reliability of fault diagnosis within the power system.
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