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Prediction of the Gases Dissolved in Transformer Oil by Sequential Learning
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Abstract: Transformer is the core equipment in power system and its safe operation is the foundation of the stability
and reliability of power system. Prediction of gas contents and the development tendency based on on-line monitoring
historical data is the key to DGA failure prediction the necessary supplement to on-line monitoring and an important
means of failure prediction of transformers. The existing algorithms have two major drawbacks: (Dthe datasets are too
small to train and validate the proposed models; @most previous methods make an assumption of that samples from
one transformer are independently and identically distributed while paying less attention to the time correlation be-
tween samples. To increase predictive ability this paper studied the supervised learning and sequential learning
methods and their applications in data prediction of gas dissolved in transformer oil. Then a large-scale dataset was
built and released to provide a comprehensive validation set and increase the generalization. Lastly a walk-forward
split method was adopted to augment the data. Extensive experiments conducted on a large-scale dataset have well
validated the competitiveness of sequential learning on data prediction of gas dissolved in transformer oil.

Key words: transformer; gases dissolved in oil; prediction; supervised learning; sequential learning

T 24 M 00 2 X 78 s 2 44 5 A R 0 R A 552 1 s
A T Bz — AR X B A IR S T Al 25 A
O 6 SR, DA T 52 B v 1) ) B A A s A5 X

0 5l

AR i e TR B A IB AT R R E

[l

FIRE R BERT o 7RIS AT A i v S I A I 7 4 AR
A, XS AR SV OOV R A T PP BT, X $i
e LA Y P N 2 UM HAT 0 F R B

Yrfs B HA:2019-05-20; &6 HHH:2019-07-24
EEUWE A @EFHT S S5 H (2017H0001),

SE IR 1) R A B ) B A0, Tl A 4 i IR
8 TN AR BALBE B KRB S EOAR AR
TELE W DN 258 1) 52 AR B BE, o PRUE FEL T 28 T 45 Y

Project Supported by Natural Science Foundation of Fujian Province of China(2017H0001).



<194 - 20194F 12 A

Eudz

ERREI- A bR ]

IEH BTt IR,

T AR, B T g B BRI BT BOR 32 B T G
T, bl b g i AOIR 2 A HOR (dissolved gas
analysis, DGA) A B A Jo i 2 AR s 17 A2
G BERE BN e L s SR U R AR T By
G T g AR PR EA T B2 W B R BOR T BT
A PR A AR AT E L M HAR T R BT, HHTE
BRI HEAER iz, gageit #uk 2019485 1,
A WA AT E LR R DR 23 975 £
B 52%. AHL T B 2l s i AR (i Ay
R AR TE LA I B A A - ORERS S
s 0 7 s i A T H B A A TR 4 G AR A
QPRI A K B FAR IR B 1 R G T
TR AT A W 5 73 iy 1o 3 B8 B, FE I s it
KA I AE SRSB4 A 8, R AT
i, pa AR 22

R A8 70 28 M 0 28 ¢ i 4t 1) 728 s g il o 9 A X
PRURFR 7055057 S0 880, P00 R R A A AR 3 B S
KR H, & DGA i FRe TN A 5 B | 7 2t I A
BRI T I T T g R T B B
MR 4 R AR 5 AL S MR R R G5 g
PRI KR, i v g SR PR B B ik 78 T
RS Wr U BFFEIT . HRT, 2 4RIE A DGA 7EZK
TN T A 32 24 v T B BIL AR o ) Bk (TRZ
MG SR AILAE) = AR B R 2 ) ik
(TR E A5 P2 AR BE A S i g 255) 7 7 85745
556 v ) 7 T e 2 0 Il 0 3 0T A B
AU T TR FE 19 9 A D) 2 ARG DM o RN R
A S 1M 4 )2 TR B B O 265 TN ik v A A
AR S YRR o S5 A O R A O 4%
DR fifp DR U g SR TN Hh AE A Y I RS R 2 . (HR
IR TAEAFAE LA R s (DRI AL AR B2
g /N 4R B b AT Bk, B IASUL 2= L E
A BRLRZ A PE 22 A B SR i3S N E; QK%
KA B ) BB A 2Z )2 A S [R) e A Y, JLF
AN JEIN ] AT AL, 9K T 305 v A% P i i o i A
ACRREA FAT AR Y I ) A DG

N TR LR R, SO R GE oA 1R TR ARl
H i A AR S B AR, AT AR T AR
A B ) BRI o S S ST AR A T —
AN KM H LA IS R T 58 1T, IR AR 1%
4R IR AR B A AU | AR H i 119 266 2 i 95
A EE AP L

1 ARSI 5 T Y e @ E X
TERBE— 78 T ¢ 1 220 F) JE — T s fige S A 1A R

PRI I — Rt o SRR M A P S 2
20— AN B T) P 51 1] i =(xr, o0 om)o SCHVHY H AR
SR A SR 4R B — AR H R T R R
P yeR" RV H: R" — R, — B K<M, K ¥ i,
e J s PO AR AR 14
L1 FRFEREFEITE
FI I R 22 8000 J7 15 40 2 B4 Al AL G i AR i
A W B 2 2] O R AT TN, A2 M [0 e
22 SR LA o XN IR D s A R
TR 10 2 M 2H 5 (R A TR DA A ) S 2 P A A
(BRJZ ML 45 ) , RIVHE o 8 Bsf [10] 518 Ji G0~ 227 43 e o
n AR, B A m 1R, AT m Al GE I
SRR AL 18] ) T AR H dR s — A
Bl e AR RAE v BV K=1, JE4RAE ) 4 x 42 BB )
U o e e A R AR X" e R [l I B b 4
y' HEB R AR [ B y'e R" .
AR I A7 MBS 2 2T AR A AL T DL 4 g (1)
FA5K i
B =argminlly’.H(X'; 8)]+ A D(B) (1)
K () B RARBRI S TAE ()%
71N FA R 8453 2 BRI, S 1) R AL A9 % e SO B2
B DL G, A Ao 2 IO 5 A TR ) 5 2 o — B
Ti R 5 () F 1E WAL ek B0 0 By 15 R A i 4
B QRS L — TR O 7 A g i, B 5
TR LA 77 A LR E I 5 A R 45 2k B
FIIE AT AY FE L, A ORI IE U AL I8 2
FE ISP 2 A TR R R T D
(R Bese , RVEEASE S [/ oA o X AR ok HI T A
7 722 s i B i P o A R AR R 0 B[R] — 78 TR 4%
AN H R ROV B ¥ A AR AR R B B R R %
O OUT 28 F g il b s i U R BV B B A
SRR R Ty B i s R i ) A R RV
HRAT R AILFT LR AE A B X 3157 ok 1 87 AR T L
(RS M T3 R B B ARSI B =B o L2
I TR] PP A0 AR R0 A8 e 25 A A A AR 23 B
T A B B A e
1.2 HEFIZETE
W B I R SRR AT 2 [ (8] A5 (auto re-
gression, AR) . # 3j V- ¥ B Y (moving average , MA)Fl
A 1819 22 73 % 8l F- Y 12 R (autoregressive integrated
moving average model, ARIMA)™'T, Horfr ) ARIMA 2
AR FTMA B 4L _E XS I AR Bde B 2250 o AR TR
P 1A 75 2 H A AL, RIVIBAE mo+ 1 I 20 8 50 40 2 i
m D2 Dy LB LB Ay =BX o 5 ARA
[ B 2, MA i T 7 s 25040 ) 5 25 2R 0L 45 R ok 4K
o ARIMA BN, 23 8 =S8 p B AR g



PRV

XS, SUUE, WAL, A LA b A AR A A A AR TR

+195-

BT MA Rl d B 223 o — R H A H 5C eR BRI F AR
KRBT LSRN 52 p Fl g, LT SE AL ATC I DU
p Al EAT e ARG T s 38 A IR 1) 5 31) ) I Pl el
KR A E do 78 He gl oP AN i) U PR v 45

ASHATAD, WL 1, 8 AR AR 2 IR (8], 00 A 2 LA AR R
MR, R R AR, T
AN ERRE A B . AR 78 e A DR B Ak 2R 45
A—F, AR AN 2 [ E AR

3 -

2 .

] 17 eIy

& S !

g or g oof

® &

~ -1 F 1+

] 5 |

- 1 L L ! ! ! ! I = 1 L L ! ! ! !
0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200 1400
]/ K NIEIVEN

. 2T 2

=5 3

Q 1' S l

K 0f R

= 0
ﬁ -1f ﬁ |

el o}

UN 2t I O _ |

0 200 400
LRI EVES

600 800 1000 1200 1400

400 600 800 1000 1200 1400
] /R

0 200

BEl1 TERASEERSHREE R EE L E

Fig. 1 Plots of gases dissolved in oil in a transformer
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Fig. 2 Box-plot of the distribution of C.H, over the

transformer status
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Fig. 3 Plot of CH, in different transformers
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Fig. 4 Correlation between gases in a transformer
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Table 1 Performance comparison between supervised learning and sequential learning a.u.
SEZFE MA RF LASSO LR SVR NN DT AR ARIMA
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Fig.7 Histogram of best parameters in ARIMA models
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