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Table 1 Coding for power grid fault types
3¢ iy
AG (1,0,0,0,0,0,0,0,0,0)
BG (0,1,0,0,0,0,0,0,0,0)
CG (0,0,1,0,0,0,0,0,0,0)
AB (0,0,0,1,0,0,0,0,0,0)
BC (0,0,0,0,1,0,0,0,0,0)
AC (0,0,0,0,0,1,0,0,0,0)
ABG (0,0,0,0,0,0,1,0,0,0)
BCG (0,0,0,0,0,0,0,1,0,0)
ACG (0,0,0,0,0,0,0,0,1,0)
ABC (0,0,0,0,0,0,0,0,0,1)
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Fig.5 Fault type identification based on DBN
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Table 2 Difference assessment indexs
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Table 3 Two-dimensional fault classification matrix

HRO

sEI EREOE SR
Ko iE R Nip Nep
T@?)']'J E& I‘ﬁ NFN NTN

FERICRRE 53 2R P 1 il 1, P B — U0 o iy 2%
(single accuracy rate, SAR ) FRAIE7E B — i fi S 1
T AT REAS Hh A5 A Ul ) RS BT o5 Y EE ]

A Agap 8, AT
Nip
Agpr = X 100% (8)
Nyp + Ny

AR MERA R (overall accuracy rate, ACR) R ETE
AR REAS TRl 43 28 TE 0 A RE A KR BT o 1 E A
AT Ayer 8,30

Nip + Nyy
Aren = Nipp + Ny + Nyp + Ny

W BRI T AR R3] 10 Pl Rss AL, It
FERIZR)E 1 DBN A5E 7 X6 il i 475 5030 328 4 61 7 0
T, A5 30 i R P IR S SRR R

AG BG CG AB BC AC ABG BCG ACG ABC

x 100% (9)

AGT24 0 0 1 0 2 3 0 2 07
BG| 0 25 0 0 2 0 3 3 1 0
cGlo o 24 0 1 2 0 2 2 0
AB 3 0 0 168 0 0 3 0 1 1
BCl o 1 1 0 167 0 1 3 1 0

Bz elo 0o 1 1 o0 167 0 0 3 2
ABG| 2 2 0 2 0o 0 65 2 1 1
BCGl 0 2 2 0 2 o0 1 67 1 2
ACGl O 0 2 0o 1 2 2 2 616 1
acL1 0o o 1 0o o0 2 1 2 166

XTHZE AT IEAS , £ P bR 5 45 R an 3k 4 Jir
No ATRAE R R R HERG R A o 82—
BERAU AR R Agyy BI85 95% LA 1o AR AR
ST P8 T AN [R) R 7 B L A AR A 3 I R L DA
J Z G0 AN Al B g S5 2 Fp R 2, 156RH DBN B g
AR A5l A 2 T HP AR ORI B R AE O 0 4T 4%
RPN, B R A aE i
42 ZERRGIPHRLER

DAL 8 Jifr s 118 4 DX 3o r, PO 52 o il s kg 8 497 i —
HAR B DBN B ) ] A5 A A e

x4 HERPIPRER

Table 4 Identification results of simulation case %
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Fig.8 Schematic network of a regional power grid
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Table 5 |dentification results of real fault cases
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Table 6 Comparison of results from different method
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Fault types identification of power grid based on deep belief network
YANG Wen', YIN Kangyong™®, BAO Yiyu', YIN Xianggen®, XU Biao’

(1. State Grid Jiangsu Electric Power Co.,Ltd. Maintenance Branch,Nanjing 211106, China;2. State Key Laboratory of
Advanced Electromagnetic Engineering and Technology ( Huazhong University of Science and Technology) , Wuhan
430074, China;3. State Grid Jiangsu Electric Power Co.,Ltd. Research Institute,Nanjing 211106, China)
Abstract : Efficient and reliable fault classification is beneficial to guide the dispatchers in finding and removing the fault
quickly, thus restoring system power supply promptly, so the classification is of great significance for ensuring the safe and
reliable operation of the system. A fault classification method based on deep belief network is proposed to overcome deficiencies
of traditional fault classification,such as shallow intelligent methods’ dependence on signal processing technology and artificial
experience,and the lack of feature extraction and expression for complex power system. The raw data of each phase current-
voltage and zero sequence current-voltage are taken as the network input,and the features of fault state are automatically learned
and extracted from the original time-domain signals to realize the fault type identification. The simulation results of the IEEE 39-
bus system and real fault cases of power grid show that the proposed fault type identification method has good capability of fault
feature extraction. Besides, the proposed method keeps the original characteristics of data in the process of dimensionality
reduction, and it is not affected by factors including transition resistance, fault time, fault location and load size. Therefore, it

identifies fault types more accurately than other traditional artificial neural networks do.

Keywords : power system ;deep learning;fault recorder information ;deep belief network ;fault types identification
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