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Abstract

In order to improve the existing maintenance scheme for distribution transformers and better
realise the application of big data in electricity, this paper proposes a machine learning-based
predictive maintenance scheme for transformers, using data characterised by dissolved gas data
in transformer oil, firstly processing the original transformer collection data, then using a hidden
semi-Markov model (HSMM) to determine the operational status of the transformer, and further
using an improved Convolutional neural networks are used to classify and predict abnormal data,
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ultimately realising the need to assist substation operators and maintenance personnel to carry
out off-cycle targeted maintenance, thereby effectively reducing operation and maintenance costs,
reducing unit downtime and improving the task completion rate of transformers.
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Figure 1. HSMM state classification flow chart
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Figure 2. DGA data changes of six transformers of a certain model
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Table 1. Transformer state transition probability matrix
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Table 2. Average dwell time of each transformer state
2. TERSRESFIIEERE

A5 AR A RE A R4 B RAEC RED
R M 472.45 256.79 84.34 0

MRIEZE 1 AR A R A RS R AR, 1T X 3% e 8 7 G P 1% 5 45 P ) 3 PAY PR e R 25 A 114 790
i HURASHBAMERT R, BRSNS TIREHRZOWRGE D, BISEERAEN, R8s b A BARK
R A =TS . RIGEL I HSMM 15 2 RIBE R G R I e B /R AT RBE, Xt AR IS4 7E J5 28 80, 160
R I P9 R IE AT RS HEAT B, 19 2028 I 28 A0 1 X A 30 A 3 A N SRS O MR 0 A1, RIAAR I 2 4E
THR A R 2k, N 3 s

= A e MR
° NS N VIR N
SR ERe T PR
0.07 . a P =y 0.08 . A‘AAAA_é
. Aaaat - 0.07 P
0.06 st ' AaaadE
’ A 0.06 At
134 71 A
i}i 0.05 ﬁo, 05
;?20404 ﬁémm . oe®
% 0.03 = cooes ®
:_L—;( Ve o o ® o @ o 1L_:p<().()3 .......0000
< 0.02 O © 0.02 ."‘.. et
° * wa g™
0.01 : w-w 0.01 o "-l""'“'
R e ...l‘.,t
0.00 =" 0.00 aun®®
0 10 20 30 40 50 60 70 80 90 0 2 40 60 s 100 120 10 160
AR HIBAT I LS
(1) A EARIZAT 80 AN A MW M e % (2) AEAHIZAT 160 4 H N M fE

Figure 3. Transformer failure rate prediction based on HSMM
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Figure 4. Schematic diagram of neurons
4. HETREE

fE45 CNN 5 T #& s AR ERIA RE 77, W E MIEIEREON, XFEMTRE CNN BT LR Sk RE, (H
HA R A EE A & o RS R, — il iE R S R R R R AR, EE R ZE AN R
U CNN 25053 Z IR U I IR o, 520 CNIN 125 213808 . BT BRI 2, B a3 75 8
TR I SRR 22 I 28 B0 3 S LA DA A BORD 2 FR EE T IR R I 2 24, Rl i Il S i &
1 0 24 S A TSGR AIE, AT AL CININ PR32 SR o 78 8 ) DR 285 14D ) IRE AN 2K IR A 1) A B AR A 388 47 £
A IR Dl A= S A R v 7 LR B A4

TEPRZ 2%, VR AL B 8 5 1 8 R N B SRR LL 43, BE SR A\ (A [R50 20 20 FE AN [R) PR B EE o
{8 R AL R IORK B BAE B b it LB S, AEA AN 5l N INHIA R Z MO,
SE 737 L1 (Squeeze-and-Excitation Networks) & 75 18 18 2 39 iy = AbLil il — 28057k, enl LS
B2 0773, AR A — B L, SRECEIRAE RN E ) AR, AR XA S
FERE A RANFEMR T— MUEAE, T LR 28 R 4% 8 i RS b . R TE 4 AT 45 FH B4
FEFEIRIEIE,  FEAMHIN BT 55 AR AS K R E T

DOI: 10.12677/jee.2023.112014 119 ZERIN


https://doi.org/10.12677/jee.2023.112014

ETHE %

Excitation
I —n
X SW

C
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Figure 6. Res network structure diagram
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Table 3. Early transformer failure data samples
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Figure 8. Results of SE-Res-CNN model test set
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Table 4. Accuracy of various fault classification methods

® 4 BAMIEN LT EEHBR

EL T ENVRrS RRSBIMITES
CNN 82%
DBN 90%

SE-CNN 90.24%
Res-CNN 91.17%
SE-Res-CNN 94.87%
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Figure 9. Overall flow chart of transformer health state assessment based on machine learning
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