iz 5 AR IS

PREALI R SR 2020, 28(9)

Computer Measurement & Control + 65

NXEHS:1671 -4598(2020)09 -~ 0065 — 04

DOI:10. 16526/j. cnki. 11—4762/tp. 2020. 09. 013

HESES  TM76 MERARIREG A

/.

ETREFINEESFELW RN

$toH, x #

(L g2 R AR XA 20 Ja . WYL 492% 3120305 2. WiiLRH=2Be 5 B5Be. B 310023)

FEEE : BEXT AU R 9 % R T B A RO AR L RO B, AN R S I AT A S R R ARG T R B A AT BRI . R R
WETT BT AP T T AR 78 A48 B S IR B AT BOHE 48 H B T R 2 o A 728 TS A3 I R A 00 7 35 AR A 4 1 78 T A M 0 A0 Ak By
HERGER HEIR RN ET R R AR B MIZE , il 2 g W RRESEIE . & 2 — 00 2 g 2 PR S8
FEAUE 2 BOR SR IT R, M N IR EE 24 ) 45 A9 A DI ZRAEAS s 2 T 0 3 R A A 22 ST R A AlexNet 5 BUM 22 ) 45 B0, 4%
BT HT tensorflow JM AT EL 2% TN . SCBLT K T B L2 F W 45 i1 728 T 4% 76 SRR o 3R 9038 47 280 2R 3 ) 2 e o A )
TR A R AN S A

KB WIS BRI WEEG ke

Transformer Online Fault Detection Based on Deep Learning

Tong Guofeng', Zhu Mei*
(1. Kegqiao district power supply branch, Shaoxing Electric Power Bureau. Shaoxing 312030, China;
310023, China)

Abstract: In view of the large number of transformer equipment, the huge loss of fault, and the failure detection and prediction

2. Information College, Zhejiang University of Science and Technology, Hangzhou

can not be realized in time and effectively in the power supply and distribution network, this paper studies and analyzes the real—time
operation data of many transformers by using the bulk data method, puts forward the transformer failure detection method based on
deep learning, and introduces the pretreatment method and steps of transformer monitoring data in detail. At first, the real— time op-
eration data of transformer is transformed into multi—dimensional state data by pre— processing operations such as classification and
combination. Finally, the multi—dimensional state data is further fitted into multi— stage state transition curve as the input training
sample of deep learning network. Based on the simple and efficient classic open— source AlexNet convolutional neural network model,
a deep learning training platform based on Tensorflow architecture is built, and the transformer online fault detection based on deep
learning network is realized. The system operation results show that the fault detection method is effective and practical. .

Keywords: deep learning; fault detection; density image; curve fitting
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