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Internal overvoltage type identification for distribution network based on DTCWT-DBN algorithm
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Abstract: A method based on Double Tree Complex Wavelet Transform (DTCWT)-Deep Belief Network (DBN) for
overvoltage identification in distribution network is proposed. The three-phase overvoltage signal of the 10 kV bus is
subjected to the dual-tree complex wavelet transform, and then the singular value is reduced by the singular value
decomposition. The resulting singular value is input into the trained deep belief network classifier as the eigenvalue, and
the seven typical internal overvoltage type identification types are realized. The proposed algorithm is trained and tested
using ATP/EMTP simulation data and fault waveforms on the physics experiment platform, and compared with other
classification algorithms. The results show that compared with other methods listed in this paper, the proposed algorithm
has stronger feature extraction capability and higher recognition accuracy.

This work is supported by National Natural Science Foundation of China (No. 51677030) and Natural Science
Foundation of Fujian Province (No. 2016J01218).
Key words: distribution network; internal overvoltage; type identification; double tree complex wavelet; deep belief

network

0 3l

Fageil, BIRGH KL 70% 000 ks kAT
Berp R, PRI i s R B A A ] 120 5 1k %
SRR, RGN E R B AT ™
PRI, 0] £ T C R ) R G 1 P 8 F s A T ARG
R, SRR BRI R, PREE D R L AR
SEIBATI G R

EETH: BRAKFFALAE K8 (51677030); 4284
B RAL R AT E %85 (2016701218)

o H RIS YU KBS PR BL: R {E R
AL o Wb S R LR U AT IR,
NP S AR AR B SE, R
A R S R A SR R S 1 A e
FFE e MBS AR JE T JELI (8 37 - A 4 Jg
PR, RN SOe iR 1 & FOR/ AR R AR 2%
B, AL AR AR I R R A
e M RENIE S ik, FEfR S4B, L
A8 THTFE I SRR (K Ao SCHIRE3 1R /Mg e
O F e AT 3, ARE R R K S U e 4 AIE
BB IR IESBL 22 5 UM f s . (E/NBE



Al %

FT DTCWT-DBN FE H i P i i, s S 70 1R ) - 81 -

AR ) AU R 2 5 VR BOR IR S, 52 /NI
RAERE ST S ARHGE G T /N AR I el B A
(P AL IR PTARE A 5 B R R,
FLBE RN 23 5 5 b (A ™Mo SCER[S 10 %
JP RTS8, FEARZRFNI [A] b P24 o A e
Ja IR A, 152) 9 NFHFE, 25l E 941
FEFE, RS B () B K AT B IS R AR
(PR, (RIS Ay 38 0 AP AE 2 R 2 AN K 1 1)
SR A RAARE AR e (HHT) FH 28 5045 20 0 il F A
IRARE S R oy s, JLH B ESSE S P A
A SR SRR b, ST o R
A T8, SCRR ORI 7 o o i s 4 A4 5 A
HHT I SiEe PURFIE &, SEBIL 4 P o i o F
TE sk FUR R 4025 o (BT 20 A 1R IMF 4362 [R] 1)
IEAS MRl i A AR S IR, I8 ¢
R EIR AR S BT R TT

H Y T &AM - 28 TR, nips
W2 SCHRFI AL BORIZRE T AR PR 22 SILAE .
i 190 2 VOV S5 5 L PR a5 KRR AT 23 A 3 A
PRRE ST ARZetEmir e LA A ) BlZREED ],
(R AE NS B L 22 eVt 2 WS ey i
AMEFE R LG SRR ) BT 2 23 28 1)
HAMRRMX 53687, AT AEZeE 5328 1) B i
A £ 1 AR 00 1) R e S5 1) s R A 2 R) R AT )
RUBL etk - BATERRE. AR E RS
FEEAR R, AH YA 22 2 ) N T B i S 2R
AR B E 2N 2R R AR AR 8
FE R TR G R 23 )26, (BAERE A RRK
I, BESRAFHER K25 VAT — i IR M s W PR 2 ST Lo
S PR RS R T R N 2%, YRR AR
FEM e &S H, HFR R E RS E g oA mr
IRTFME— I AR, S Mgt Lt, PR
WURAT 22 B 2 AR PERE LSS0 AL, (HAEREAR
BT AR R ORI, E BRI

B AT IR SEIE R R i, B R T
R A /N AR 8t — R PR A 8 DX 285 PR T HE D P S ot rE
HIR A S o WU /N A% 3 (Dual-tree. Complex
Wavelet Transform, DTCWT)!' A4k B KB40 2
RS R AR SIS RS & M 4% (Deep
Belief Network, DBN) & — R 27 ] Hvk, B i
T BP £ 2% DRI LATTA6 A AU 2 2801 2 BN
ey w A AN R TR () e PR o S IGIE, BT
PRI UV Re 8 oy R A R R PE, T ii
MEEPTTPURE S5t HERTE &y SCE S5 LTS :
AT, A A A R R R
ik, BN DBN 2R m ik, o

VU S 2 BC L R PRI R R A 7 S B, 2 PR
3 3 I (7 FR A A e e s B A T IR,
NS I P L P ) LA BT 5 SRS W B e i A T
Bk, H-Eiarsiie.

1 JREEFEERREGE

1.1 W E/NE T

DTCWT &M EAEAEMME. IELFEA
Pk PURESRR RN AR S50 Lo R %
R SO 5 R (P B BN AR 4, B a R b 4351
A RSB RS, HAT S SE A M i . K
1 & DTCWT —Eo i S EM e, H “ )27
TR N RFE g,(n) g, (n) Ll g)(n)~ g/(n)
FoRIHERU DA XT s By (n) ~ hy(n) LA R (n)
' (n) FRoRILHIEATIERE #s x0T o 56— 20, hT
TRUFA a 25— 2 rh DRI 5 RAE T 5 B A2 b
5 IIBR RURFE U, R IR D8 A% 2 TR
TEIRBEE ) —ARRER G o 1ZAT A2 T 3T
TRREG AR B SD, THER T PR U
M2 IG5 25, a BRI b BT R PR 8% 2 AH
A N R) PRI RE IR R A KA, RN
PELEAR JZFN 2 1% J2 L TR B IR 222 RO B A NI
—AKRE R, P L A (R AT 7] o

IR

HH
1 WHENEERM D RS ERTIE

Fig. 1 Decomposition and reconstruction of double

tree complex wavelet transform
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Fig. 2 Verification signal waveforms and spectrograms
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Fig. 4 Result of double tree complex wavelet transform
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Fig. 5 Deep belief network structure
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Fig. 12 Network structure of physical simulation system
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Table 6 Comparison of recognition accuracy rate of algorithm
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