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Fault segment location method

based on self—checking siamese convolutional neural network

Wang Yi',Li Shu',Li Songnong®, Chen Tao®, Hou Xingzhe®, Fu Xiuyuan®
(1.Communication and Information Engineering College , Chongqing University of Posts and Telecommunications ,
Chongging 400065 , China ;
2.Chongging Electric Power Research Institute , Chongqing 400014 , China ;
3.State Power Investment Group Digital Technology Co., Ltd., Beijing 100080 , China)

Abstract: For medium voltage distribution network segment positioning method, aiming at the inaccurate positioning problem caused
by environmental factors such as the system neutral point grounding way, the size of the distance and the transition resistance, as
well as human factors such as current transformer polarity unknown or incorrect erection smart meters and so on, this paper puts
forward a kind of stationary wavelet polarity check the fault section locating method based on siamese convolutional neural network
(S—CNN). Firstly, the transient characteristics of zero—sequence current are analyzed, and the localization defects of traditional lin-
ear correlation method are pointed out. Secondly, the stationary wavelet transform(SWT) is used to solve the problems of signal syn-
chronization and equipment reverse connection. Finally, S—CNN is introduced to perform similarity matching for upstream and down-
stream signals of the fault point, and the model can be trained to locate the fault segment accurately. The simulation results show
that this method has strong anti—interference ability and high recognition rate for blind area.

Key words; ground fault;fault location ; similarity analysis ; stationary wavelet transform ; siamese convolutional neural network

* : (estc2016jcyjA0214) ’

60 —www.ChinaAET.com

http://www.chinaaet.com



http://www.chinaaet.com

Measurement Control Technology and Instruments

i AR 5B/

llJ\ . . [3-4] 1
N N 1.1
o 1 o K
’ ’L 9
’ Zo Cqm 5 F s
’ U, Lot s lon lop
[5] ;
’ ° 5 Ly
’ i(,)'m 5
’ Djm s
( ) : ; O
’ ° . n m m+1
b [6]’
i, [()n— z[oﬁ' 2[()un+ [L—] z C(}'m+ ZC()W U()t
j.m
(1)
mo ij z iﬂri(v}z+l):jw 2 COn(m+l)U0f (2)
m+1 m+1
(Siamese
5% ~10% ,
Convolutional Neural Network ,S—CNN) (5% )
, (Stationary Wavelet Trans— ’
form SV O , oW, @
ﬂ
| Cnn f]n (,m,“I Yi. o
| 1:1; |
_—U;JII____—'U»l - -
| - C ¥ fon Coin "’ffym . r — T T
r— Wil 1 L L
| HChR | = p o — =
| B | oy D n., 4& A2 Dy Daims2y
L Dhecesf YY) . T Tk A pnnq_l
| ?-%ﬂﬁn‘#jl‘———dd»j_‘r——;]; TR ST
| Cu,.IYI l (AJWIYI o ,Eforl I JnmmI Y Ty |
= = IFrewms =
1
) 2022 48 7 — 61

http://www.chinaaet.com



5 AR 5L BF/ALER

http://www.chinaaet.com

Measurement Control Technology and Instruments

1.2 ,
1 5 o
, 1.3
) r 2 5
lZ
h=—
© l[‘l’l;
Roy, Loy, Ry Loy A
| |
— ) N
igh oy
— C\ () 1y C —
3 o
el i e g ot T ,
2
2 , Co, 30N
254
s Roh L()h 5 C(Jl D R(]])
Lo}, ] 204
s Ug o 2 f’"\ Y
[10-11], 104
5
C 0
8.1 :
io(t)= UnoCox sin(@t+a)e (3) %
\/( @s_sing)’+cos’p
w
1 Ro ,
w,= \/ - 4
’ LoCo. ( 2L, ) )
® 3
a,=arctan (— tang) (5)
8,= Ro. (6)
2L0x
HOMNO 0, lor N
3 Un ;@ ;¢ 1
; x b 1 ,
Pl
T
| ia@)in() i :
Pu= - - ’
.2 .2
Vo | g wa :
T 2
JO sin(wy+ay,)sin (L +a))e > dt 2 1
- T T (7)
\/ Jo sin*(wyt+ay,)e 2 dt {0 sin’(wt+ay) e 2dt
. 0< |phll <1 ,

o 3). 4 )

El El

62 —www.ChinaAET.com

http://www.chinaaet.com

’

wL=w) ,

pu<0

(Current

wy, = Wy,

(4)

) s

0.8(1)| Swh$ 1.25(1)1,

b

>

Transformer , CT)

lpul=1,

(8)




http://www.chinaaet.com

i AR 5B/

Measurement Control Technology and Instruments

F(t).f(t) e L*(R), (3) Pu . Pe<0
, x oy CT
_ % - , Py s p-<0 ¥
Wi2.n=2" | (9) L 0 .
2 T 70 : 8
Jos Lo
. '” j(l b Al
W2, 7)< |w,2" 2" 1)
o
o (Lipschitz)
81 [15]
2.2
3.1 S-CNN
(Feeder Terminal Unit, FTU) s y2 ]
,FTU O ’
1 CNN, wo
° s CNN s
° ’ . S-CNN 4 o
’ (1) ,
ro=flw *r'+A)) (10)
, CT , rr n-1 r! i
. . (1 n n
L S oA, nooi
1 9
, L, 5 (2) ’
(2) ,
X Yy 5
z H ’
100 1 16@98 1 16@49x 1 32@d8 % | \Z@Mxl/
g )
il
UI W a0 60 80 mn.:
FHIEIF# I Gix)
BB PR 1% 100 Input - /' / Dens
ConvlD MaxPooling1 D ConviD Max]'nnlmg]]) \ J s ) Dropout(0.5)
B 1=1
" Flatten A Jj
W LR wcibs | 166)-Ge)l, )
) T68 = 1 Ohutpat
G098 x « . . '_'g Binary Cross—entropy
16@98 x 1 16@E49 x 1 3?,@48 1 32@24x 1,/ . o A A
% i e %?ﬁ;. Gix)
§ |||||/] |||nd'\lmq.r\aw_~ . e _. ‘\?g\
i — ey
- > /X
Hl 20 40 60 50 0 > .
FHE S - J A Dense
B T B R 1 100 Input (m“m MaxPaoling] D - Maxl’nnlmg]l’l \\ I[’/,/ Dense (05
Flatten
4 S—CNN

) 2022

http://www.chinaaet.com

48 — 63



W= AR SRR UFE

: - Y N
: | femsshitkg :’ Tz R 2 | I{ HOREIR B fi \I
)= ! ’ I
Qi G)=max{r; (k)}+b; (11) | smsor b |l s ]—Ll—-l Wik :
l l
0.7 6) el | 1 ! I I |
FIURSAHEFRIA | || HSH 1 A4 1 Ewmit |, |
T (k) n i : 0 P L RE A R : | %ﬁi‘lx‘ﬁ :
. ) |
g | [ x| —=
, Dj bi o | : fitf ’ : | il[ R : : > iH Y :
|
(3) ) l— 11 h '
| | TR 1 I |
) | e i . I
B I St I;(_si | HotE 5 )
° SN M om | 1| < e TR !
. , MR ||| SR I (p>0.5) I
I LES 32 | F [
dropout : AR I Iy | [ 2essmepmomx e :
o | 1 }l
\ /
(4) : 2 , S e e - e -
2 G(x) G(n), 5 S—CNN
) 2 (2) o
d (xh,%l)z ‘ ‘G(xh)_G(xl)‘ ‘2 (12)
(2, ) Xy X ,G(x) (13) ,
(3) 0 ,
, s 1
P(x, . m) 1-P(x,,m)
L(x,,%,y)==[ylog +(1-y)log | (13) , ;
’y B P(xb 7xl) dz(xh ) xl) [}
Sigmoid s , , o
0,1), , 4
0, , 4.1
) 1. PSCAD/EMTDC 6
3.2 S—-CNN 2 ,
5 S—CNN , DFI, L, 10 S., L.,
. s F. s DFIL, CT
(1) o , o
, FTU K
, SWT , 8% (L=14.907 H),
110KV T _10kV A=2km  h=lkm _ A=3km E=2km  A=3km
DFL DFle i DFb 0 DFle 0 DFIs 5 VDN s
ﬁ‘ k=1km F=2 km
CTiRAE R DFls  ;,  DEL . VDNz— o5y
| — e Li2
s 7 Cl j]
- k=2 km ] b=1km ) ho=3 km ﬁ o
”H*f_ I_'\ Dfu\" { ”f,g“ Fo “DN =5 km ) A
T T sl se i
FE | o ,
. - GPRS/3G/AG
f{ e ST
6 10kV

64 —www.ChinaAET.com

http://www.chinaaet.com

http://www.chinaaet.com



http://www.chinaaet.com mﬂﬁﬁ*ﬁ&%ﬁ&%

L1,1:16 km \L1,2:8 km L2:11 km, N o
5 km s 1 . 2.2 s
1 5 kHz, b3 6 , DI
R/(Q/km) L/(mH/km) C/(WF/km) ’ 0.100 8 s,
0.170 1.017 0.115
8(a) o
0.320 3.560 0.006
D6 39~78 Hz,
4.2 ’
L 2.5km F  0.1s ’ pr=-0.999
DFI, .DFl,  DFI, ps=-0.868,  po  px 0, DFL,
7 , (DFL,) ’ °
(DFL,) ( cT ), 4.3 S—CNN
DFI DFI S-CNN Keras Sequential
) 1 2
, S 2
' or 2 3 ( 1
’ ), 4
k) 6 S]*‘S]() DFIX
60 540 ,
10 6 000 s 4 200
1 800 s 100 -
s 2
| 2 98.8%
|""'--—--_._, || J| ; Aad e ’ 0
10 r\ 99.7 % 92.8% ,
T “ i)
| J ;'“ g .f ! 1! v 1; f - ©
| _m “ f 1.3 , :
i
-l . "ml .1 L0105 0] 0.115 012 ’ ° 9
012 o013 ol4 015 006 047 018 019 0.2 LI—Z Ss 5
" 500 Q, ,
7 CT p%=0.905, ,
Ir DFI, 0z2r ' DFI,
— — = DFL N[ p1=-0.99 - — = DFL
| DFI, ;’i ‘.{ p 23=—0.868 DFI,
i 0.1} i r
! I‘!,I | i | /\f,r \1 |
o [ I \
i i (R " 1 ! ]
-]-g !} A I I '(". ﬁ ‘J 1 1 i y | |
= i = O » i
- i H AR / \
i Ay .
i \ )
i ) \ !
{ -0.1 | /
]
]
6 01008 s !
-1 ‘ . s ] -0.2 1 . ‘ ‘
0.1 0.105 0.11 0.115 0.12 0.1 0.12 0.14 0.16 0.18 0.2
s tls
(a)D1 (b)

8 SWT

) 2022 48 /7 — 65

http://www.chinaaet.com



mu&ﬁ*ﬁ&%g&ﬁ http://www.chinaaet.com

2 (2] , , ,
I o 1. ,2019,22(6): 15-21.
156/157 994 ] 154/154 1000 [3] ANGELIKA J,HANS E,CEZARY D,et al.Fault location on
. 24/27 88.9 Ss 27/30 90.0 distribution and transmission lines based on travelling wave
155/156 99.4 135/136 99.3 arrival time detemination using resonance filter[ C|//IEEE
> 16/17 94.1 > 33/37 89.2 Power Systems Computation Conference(PSCC).Dublin, Ireland
S, 159/159 100.0 S, 149/149 100.0 IEEE , 2018 :1-7.
14/14  100.0 2424 100.0 [4] : , .
S, 153/153 100.0 S, 154/155 99.4 [J1.
19/20 95.0 16/18 88.9 ,2018 ,38(15):4399-4409.
3 174/174 100.0 Si 172/172 100.0 [5] i i )
22/23 95.7 23/25 92.0 [1]. L2019, 47(14) .
125-130.
’ S-CNN [6] , , , . Hausdorff
p»=0.875, 0.5, S, ° [J1. ,2020, 44
: ; (7):169-177.
pa=0.944 | Se o (7] ) ) o
> [J]. ,2017,37(17)
5018-5027,5221.
, SWT S-CNN [8] , , ,
, , , [J1. ,
, 2021 ,41(3):25-32.
(1) [9] , , .
, FTU 1]. L2020, 44(11)
. 189-196.
(2) , [10] s s ..
[J]. ,2014,38(23):
’ 101-107.
’ [11] , , :
’ ’ 1. ,2019,27(1):21-28.
' ’ [12]
[D]. : ,2020.
o ’ R [13] : :
[J] ,2018(17) :135-137.
0157 N 015 r
I
|
- | = 005F
= 0.05 F | :1%
? ' £ o
| S00sF ?I
oosp M I
‘l. lil{fa;:usvs —0.1} H {Pm:n.%i
~0.1 Vi ~0.15 y o0
0.08 0.1 0.12 0.14  0.16 0.18 0.2 0.08 0.1 012 014 016 018 0.2
tls tls
(a) Sy (b) S

( 3 )

66 —www.ChinaAET.com

http://www.chinaaet.com



http://www.chinaaet.com

BG5S M

IEEE Transactions on Intelligent Transportation Systems ,
2019,21(3):1264-1276.

NIE L, WANG H,GONG S,et al.Anomaly detection based
on spatio—temporal and sparse features of network traffic in
VANETs[C]//2019 TIEEE Global Communications Conference
(GLOBECOM).IEEE , 2019 : 1-6.

NIE L, NING Z,WANG X, et al.Data-driven intrusion

detection for intelligent Internet of vehicles:a deep convo—

—

(8]

lutional neural network—based method[J].IEEE Transactions
on Network Science and Engineering , 2020 ,7(4):2219 -
2230.

NING Z,DONG P, WANG X, et al.Deep reinforcement

learning for intelligent internet of vehicles : an energy—effi—

[9]

cient computational offloading scheme[J].IEEE Transactions
on Cognitive Communications and Networking ,2019,5(4) .
1060-1072.

[10] ALLADI T, AGRAWAL A, GERA B, et al.Deep neural
networks for securing loT enabled vehicular ad—hoc net-
works[ C]//1CC 2021 -1EEE International Conference on
Communications.IEEE |, 2021 . 1-6.

’ ’

[J1. ,2022,42(3): 10.
[12] SAXENA R,JAIN M,SHARMA D P,et al.A review on
VANET routing protocols and proposing a parallelized genetic

[11]

algorithm based heuristic modification to mobicast routing
for real time message passing|[J].Journal of Intelligent &
Fuzzy Systems,2019,36(3):2387-2398.

[13] SINGH P K, GUPTA S, VASHISTHA R, et al.Machine

( 66 )
[1]. ,2018(10) : 49—
53.
[14] , , ,
[J]. ,
2018 ,46(4):92-98.
[15] , , ,

learning based approach to detect position falsification attack
in vanets| C]//International Conference on Security & Pri—
vacy . Springer , Singapore , 2019 : 166-178.

[14] HUANG G,LIU Z,VAN DER MAATEN L, et al.Densely
connected convolutional networks| C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recog-—
nition , 2017 : 4700-4708.

[15] HEIJDEN R W, LUKASEDER T, KARGL F.Veremi

dataset for comparable evaluation of misbehavior detection

. a

in vanets [ C]//International Conference on Security and
Privacy in Communication Systems.Springer , Cham , 2018 :
318-337.

[16] SO S,SHARMA P, PETIT J.Integrating plausibility checks
and machine learning for misbehavior detection in VANET[C]/
2018 17th IEEE International Conference on Machine
Learning and Applications(ICMLA).IEEE , 2018 : 564-571.

[17] , .
[J]. ,2020,42(11):2706-
2712.
( :2022-04-11)
(1984-), , ) )
(1998-), )
(1998-), .
, E—mail

)

zhoulin01@bjtu.edu.cn,

PG G G MG GO G O G S W G G S S

,2021,49(9) ; 48-56.
.2021-11-18)

(1981-),

(1996§j,

) )

)

, E-mail : 455938969@qq.com .

) 2022 48 — 73

http://www.chinaaet.com



http://www.chinaaet.com

hRAX 7= BR

ZAEH A, KRBT FE & W EAEER BT (o THA LAY
&, LAZKRT|H @R BETIM. LARFNDATFIZE L. ILh.
FFRATIE S ML, RERTPFERZ, FE—WEFENLE TR
TG AEE A KFERB L,

AEHA, AL LEZRBE T B2 HEE (CNKL). 773K
FHifRS-F 6. F AP SR E (45 ). DOAT. £E (&5 A4&
T8N IST B AFEFARIR M SR B 52038 A LK.

st F ik BB B AT A SRR R LA . AR FAA, KT
PRI —4) ok Bk AT R IE B ARz

R

CRETFRORNHD) Jn
F E TR R REH R A R NPT

http://www.chinaaet.com





