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Fault Diagnosis of Power Transformer Based on Stacked Sparse Autoencoder and XGBoost
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Abstract: Objective To address the challenge of coupling the concentrations of H,, CH,, C,H,, C,H,, and C,H, gases
in transformer oil and to improve the accuracy of power transformer fault diagnosis, this paper proposed a method using the
combination of Stacked Sparse Autoencoder (SSAE) and XGBoost model to improve the accuracy of power transformer
fault diagnosis. Methods Firstly, a stacked sparse autoencoder (SSAE) was used to process DGA data. Secondly, the
number of stacks in the autoencoder was determined to establish the number of implicit layers. Thirdly, SSAE was applied
to transform the original data and extract deep-level feature information. Fourthly, to address the issue of significant
magnitude differences between data, the exiracted feature data were normalized. Finally, the processed data was input into
the XGBoost model for classification and verification. Results The fault diagnosis accuracy of the proposed method based
on stacked sparse autoencoder and XGBoost for power transformer was 91. 11%, which was higher than that of other
commonly used machine learning models. Conclusion Experimental results verify the effectiveness of the proposed
method, demonstrating that this power transformer fault diagnosis method based on stacked sparse autoencoder and
XGBoost can effectively improve the accuracy of fault diagnosis for power transformers.
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Fig.1 Principle of stack sparse auto—encoder
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Table 1 Details of fault status codes
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Table 2 Detailed information on selected raw data
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Table 3 Number of implied layers in each experimental group
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Fig. 2 Determination of the number of hidden layers

Bl 2 B SEge 2 R AR . S IRGRIZ Z R 2.3 4
I, TR > I 285 1 ~F- X 2 W e i 8 29 R 0. 852
FOBUZRJZ R 3 1, S 34 B2 W AR08 B s AU, 4
0. 824 4; BBtz Z BN 5 I TR~ > [ 25 41 2400 X
ZWHERRIRT 0.7, (5 ESCI AR RN RS
JRIRE S AR Bk S BOL UG i R 2
W B VR A B R R, LI, 7EAS SO B R R 2
wH 3,

3.3 JET SSAE IFFAEHER

SSAE H £ 2 i B H 4% 1 #% ( Stacked Sparse
Autoencoder, SSAE) N B A g s — R s
Ber 205 T 2T A B B e B R IR R .
HAGL F 2 i Y 32 2 AR o 2 RN 2R F & 2
ANFRE E 2 B A%, AT 2 20 o > i AR, A5 21 5
L HEEERRBRFIE RS, B A — 2 —
FI Shifith A , 2 1 Gt s rh 2 5% R A 25 2EL 1, i 50 4%
R A KSR S B B = 7R TR 5% 245 G /= 3%
7N WSS 1] i 0 i A 225 ] i — 2= ) BB 2 7 i A
T2 ARG AL, HEARHR B A g RE S
T B > i AR B AR R DO T s BT AR AE
S PR , 1A A5 TR BE 0 B L Ml 3 1V AN (7] B9 B5Hls o0 A
FHES5 7K

K DGA BUlRAFAE— & ITUAR T, — S TR %L
P72 it 2 of S 8 1) M A k7 A S e, BT DLAS SCfdE
SSAE X J5U 4 B4 A7 b B, R )2 R B BURFAE AR L, OF
S B A2 AL RE T .

W 3 Fs, ffi FH SSAE X R4k DCA ¥ k474
FESEIR, SR P IX (A 0 Bt AT A 3, b it |, |
CH, .C,H, .C,H, .C,H, iX 5 ZE45fiF A8 & | 3t 10 ZEHRAE
AREE TR B RO R 2 R, O T AR

A R AT DR 22 18 SO H AT hn fE AL I — Ab B
R T [ -1, 1 ]3EE A,

(a) REa%HE

Lo
2
1 3

4
- 2 W
(b) £ SSAE 438 /5B H#E
3 RIAHIEFNL SSAE 432 R MBI
Fig.3 Raw data and SSAE—processed data

THERHUR 1R85 &, 5 B ALY B g Ml 365 17 A

e Fry s A AZ AL B R A TR A S P o T R B PR RE . s

H—A R — AR A R A R B[ -1,1] 2

) R A B AT A ) A B2 i RORE AR SR T X R A

VE R EA T VA — M Ak P RS 42 Lo A5 4 TR 7 X TR
PR (9) Fs

Xi:Xman;X[l—(—l)H(—l) (9)
Horr X 2 IH— AN 2 A 0808 s X, S0 — b Bz
SR i=1,2,- 0 X, EEIREEA R KRG X,,
ok N RSN
3.4 JET XGBoost [HilbEis Wish B

FHA RN 25 52 X B RYHE A7 )1 2k, SR 05 W DI R g1
BERDF A S7 MER HEA T B R 2 W, FIFH XGBoost 5 7Y
MR SC 2R IH— A A B B R AR E T TSR W, BERY Y
R £ S an &l 4 frow

MIE 4 AT LLE H3ET SSAE AR ik S
XGBoost A5 {)7E F 22 Wi R KL AT, 2 W iR R n] 3k
) 91. 1%,

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



EE RHEEETRAMR B HDE G XCBoost By #L 7) & [k £ 8k 5 15 69

7 PR : rEETES ELM‘UFIIJ AR 45
* SRR AE 432 ey =86:666 7%
oL o mmLgE R — | T
6 | © T AR 42 eeeeete+ O
5 26RER 5 cesese o
= 4 0 FEES88D % 4 o b
K ES
3 o ®x® o 3
2 DDDDDD o o (o]
2 x@RBRED o
. | ‘ ‘ | ! PRTS 20 30 40 50
0 10 20 30 40 50 DBERAEA
Iﬂﬂbﬁ%ﬁ/l\ (a) ELM imuﬁ%i?&ﬁ%%@
4 ETF XGBoost EE LB & RE Py o
Fig. 4 Diagnostic result graph based onXGBoost model ’ SRR B 4 ' o
FE 4RSS ST B T B R B0 7 11 % 6f © BMMINE  comen o
Flsmm %%U%ﬁ*ﬁﬂﬁ%iﬁ%é@ 3 /I\Eizg*ﬂk‘*j:\‘o %Eﬁg 5 F DDDD+BDD
(Precision) A [FI2% (Recall) fil F1_ . BITFE AR . s
T ’ = 4 O  CoseD+e
W
p=_* (10) sl sa0st
T,+F,
TP 2 %Y o o
R= (11)
TP+FN 1 . . I )
0 10 20 30 40 50
Fl. 2*P*R (12) R
o P+R (b) RF MUk S5 W7 45 R E
et 2 (12) g PR R 4254 R B PP
Py T RHERAY 5B of © MM saven
=4 %’?EﬁﬁgH{E,%% & 5F bbb
Table 4 Details of indicators I 4 5
= L= o
WEMRE  EAAK P R Flg
ERRE 17 1 1 1 ’ e
AR AT 6/7 0.857 1 0.857 1 0.857 1 21 cocseen o o o
W ig it 2/3 0.5 0. 666 7 0.571 4 g - | . | .
Hmdd 17 0.875 0 1 0.933 3 o 10 20 30 40 50
Br3RA /7 1 1 1 M HEREA
& aE A 7/9 1 0.777 8 0.8750 (c) BP XSS T4 RE
Bk 5/5 1 1 1 SV M I 2
TV 0.8903  0.900 2 0.891 0 . ‘ Accunae STTTTT 8% v
B + BRI 42
FOVY) FUAGRN 45 WO AR S FEA TS F1,, (6 6 O BRI wres o
BOT 98 , b1 T 45 A SR S BRI 19 22 7 3 1 fE N a -
0.891 0, JUfH THEUFIILE A, HRIIE XGBoost A5 B b
A NENS _— o A BLE A N =4 ©o SODDDD+ oo
WY TR , 73 5R T 28 PR il B2 i IR 7326 2
R 1% 2% >J #L( Extreme Learning Machines, ELM)"" | 37 e
BP $iZ5® 2% ( BP Neural Network )™ P/l #K ( Random 2+ +o0++0 &——o
Forest , RF )" | 3 # 1] & AL (SVM ) ™ Fi1 A% 3¢ v A #Y) | . . . |
XGBoost HUELIETTIL IR, 4 22 SCAb FULIR (K5 i BCH i O
A X S IR 45 2R, Uk XGBoost 1 A7 it 1 A8 (d) SVM ik &35 b 4 R A
FEAS 2 b R AR TR AL Y 2 W s 3L an 1A B 5 REREES AR
5 R, Fig. 5 Comparison of classification effects of different models

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



70 ERIMAFFMOEARER)

%41 %

IR 5 AT LA H 4 Fhor B iR 27 80% /¢
A PR T A SCE Y XGBoost #1841 Hirfr SVM A1
WIS W R B, K 77. 78% . ILAM, X 4 S5 4

AR B2 FLUAE, W 6 Fs
I K
100 W E Y F )10
10.8
S =
= 10.6 -
'HE 10.4 ?\;
10.2
0

ELM RF BP SVM  XGBoost
E6 RREENETY F1E
Fig. 6 Macro—averaged F1 values for different models

i1 6 W] LU H . RS R v 1 3 2 A1, o 45 A
M3 F1E K T A 3% FH Y XGBoost 278 i
AR SCPITE FH B 70 5 A 55 80 LA T A A A AR
P R Bl FH Y XGBoost 18 ELAT B 4F Y2 Wik i
4 &5 w

WHRATERAB I RG22 REE ELMEM, 2
HL ) R G rh 2 0GB 1 I A, DR SR I R B2 A7 A R
GPER I Hoiz FE 58 i 01 748 TR 4% il s Wiy vk 45
FEAET NS JE B I 14 [0 AL, DR b it H — o Y 34 A A 6
H Zif b B DGA %445, 3751 A XGBoost 155 1%} 44 4
HEFT A3 250 2% 48 B R 12 W ik 48 S0 3GIE , 75 31
ZEstnr .

(1) FETFHEARA B A 525 09 FRAE S B 27T L
AR A K B A R4l G RRAE, DI A5 3 5 LR
TEVERYRAE R 4 e AU AE S BRI, b B PR g

(2) AR (32 W SR 6T L AR SOt 1Y
XGBoost AR AT, HAZ2 Wi ifi 358 91. 1%, %
SEX F1AEN 0.981 0, #4978 T HAtb 541

(3) BFX IR BB H HE B 2 i B () 5 W 25
HAEARRE L AR O3 T BB IR AR BIFSE

%% 30K (References) :

(1] RPAR, RS, EH, 55, 5L Tl v o i =0 s I g 728 I
TEZCE MR SRS WO IS TS [T]. BRI ER, 2023, 47
(3): 1031-1037.
ZHU Qing-dong, ZHU Wen-bing, WANG Hao-zhe, et al.

Research on online semi-supervised fault diagnosis method of

[2]

[5]

[7]

transformer based on dissolved gas monitoring in oil[J].
Power System Technology, 2023, 47(3): 1031-1037.

5L, XN, SRR, S ZE TR S 0 B R
Bl )R TR AR O T )], B ) R GE A Bk, 2023, 47
(10): 145-152.

GUO Fang-hong, LIU Shi-shuo, WU Xiang, et al. Fault
diagnosis of power transformers containing unbalanced sample
data based on federated learning[J]. Automation of Electric
Power Systems, 2023, 47(10): 145-152.

FRUE, E—0g ok, &5 BT H R 2w 1Y ) AR
Al A TSR [ ], i HRHOR, 2020, 46(1): 23-32.

QI Bo, WANG Yi-ming, ZHANG Peng, et al. Diagnostic model of
power transformer oil chromatography based on  self-decision-
making active correction[J]. High Voltage Engineering, 2020, 46
(1):23-32.

TRE N, O, 2R P, S 5L T o 3 B Y AR R AR
TEJEFTLEE ARG [J]. IR, 2021, 45(8): 3324-3332.
ZHANG Yu-jie, FENG Jian, LI Dian-yang, et al. A new
preferred strategy for transformer fault signs based on oil
chromatography data[J]. Power System Technology, 2021, 45
(8):3324-3332.

WSS, TETT, BRe, 55, BE T 5% Mo geE 0928 s sl A
AIEEMEATLT]. L R G H 3k, 2014, 38(22): 38-42, 49.
ZHAO Wan-fang, WANG Hui-fang, QIU Jian, et al. Dynamic
reliability analysis of transformer based on oil chromatography
monitoring data[J]|. Automation of Electric Power Systems,
2014, 38(22): 38-42, 49.

R, B, R, SO G5 E A AR UK B
TR AMERRITRR[T]. R TR R4 (B RBHE M),
2019, 36(3): 111-115.

DAI Chen-wei, WANG Hua-jie, WU Ming-hua. Determination
of volatile fatty acids in syngas anaerobic fermentation broth by
gas chromatography[J]. Journal of Chongqing Technology and
Business University ( Natural Science Edition), 2019, 36(3):
111-115.

T, FWREE. L T o ik PSO-BP 8 %: 1Y 745 & 28 i s i2
Wr[J7]. HEE 7, 2009, 42(5): 13-16.

WANG Tao, WANG Xiao-xia. Transformer fault diagnosis
based on improved PSO-BP algorithm [J]. Electric Power,
2009, 42(5): 13-16.

Zesw, JEEE, EAK, GE TR G ORAE ARSI M B AL AE s
P2 W], T E T, 2021, 54(12): 150-155.

LI Liang, FAN Jin, YAN Lin, et al. Transformer fault diagnosis

based on hybrid sampling and support vector machine[]].

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%6 4

PAEE ETHERAR B 5D EE XCBoost B 4 F E 2

B 71

(9]

[10]

[12]

[13]

[14]

Electric Power, 2021, 54(12): 150-155.

fp R, T8, kR, S BETOL AR BR 2% 2 BLAY AR R AR
TS W IRATSE (1], HL T2, 2021, 44(4): 897-902.
HE Ning-hui, DING Pei, MA Fei-yue, et al. Research on
transformer fault diagnosis method based on optimized limit
learning machine [ J]. Chinese Journal of Electron Devices,
2021, 44(4): 897-902.

FEE, XV, TG A s n) F18 5 Mk BG4 5[]

H PR TR RZEZFM (BRI, 2019, 36(4): 1-8.

QIN Hua-feng, LIU Xia.

self-coding[ J].

Finger vein image segmentation

based on sparse Journal of Chongging

Technology and Business University (Natural Science Edition),
2019, 36(4): 1-8

R, ARACR, A HaHE, 45, F£T VMD-WVD 437 5 HE k%
TR F 25 o 26 1) SRy i S R S [ 7] op B F L TR 22 40,
2019, 39(14):4118-4129.

GAO Jia-cheng, ZHU Yong-li, ZHENG Yan-yan, et al.
Localization type identification based on VMD-WVD distribution
with stacked sparse self-coding network [J].
CSEE, 2019, 39(14): 4118-4129.

FRIAE, XUREDE, Sk FAK, 5. 2T XGBoost YL J1 R4
ABREBMITEE[T]. BRI, 2020, 44(3): 1026-1034.
CHEN Ming-hua, LIU Qun-ying, ZHANG Jia-shu, et al. A

Proceedings of the

transient stability prediction method for power systems based
on XGBoost [J]. Power System Technology, 2020, 44(3):
1026-1034.

AL, E VYA, EAE L, N IR EE A dh R 45
XGBoost X EL HL 20 & HE HL il P 12 %E[J] B RS A
1k, 2019,43(1): 81-86.

ZHAO Hong-shan, YAN Xi-hui, WANG Gui-lan, et al. Fault
diagnosis of wind turbine generator applying deep self-coding
network and XGBoost[J].
Systems, 2019, 43(1): 81-86.
BRI, FAE, 4T, % LT B B WAL B S GBDT Y
MR AR AR 2 W5 [T]. B ER, 2019, 43(6):
2195-2203.

LIAO Wei-han, GUO Chuang-xin, JIN Yu,

Automation of Electric Power

et al. Fault
diagnosis method of oil-immersed transformer based on four-
stage preprocessing and GBDT[J]. Power System Technology,

2019, 43(6): 2195-2203.

[15]

[16]

[17]

[18]

[19]

[20]

TRk, RS, TR L, A5 ST FE A - SoftMax FY
e HE BRI i LB B2 I B R B9 [ 0] B TR 23R,
2020, 35(S1): 267-276.

WANG Yu-hao, WU Jian-wen, MA Su-liang, et al. Research on
mechanical fault diagnosis technology of high-voltage circuit breaker
principal analysis-SoftMax[J].
Transactions of China Electrotechnical Society, 2020, 35(S1):
267-276.

BR T, SEDOE, PN, BT HES AR G B 2 it 25 A S Hr
ALY 7 H A I ()], L 0T R 48 A 3h 4k, 2019, 43(1):
119-125.

HU Tian-yu, GUO Qing-lai, SUN Hong-bin.

based on kernel component

Electricity theft
detection based on stacked de-correlation autoencoder and

support vector machine[J]. Automation of Electric Power

Systems, 2019, 43(1): 119-125.
FRFEFS, KA, TACIE. 3T DCAE-KSSELM 1975 H 5 i
FEIZ W25 0], P E L, 2022, 55(2): 125-130.

HAO Ling-ling, ZHU Yong-li, WANG Yong-zheng. Transformer
fault diagnosis method based on DCAE-KSSELM [J].
Power, 2022, 55(2): 125-130.

L SR, R R, A5, T Bk Sh S 18 1 DR Petri
55 BP B9k 0 fL R A2 T (7). P I A ML TR AR,
2015, 35(12): 3008-3017.

XIE Min, WU Ya-xiong, YAN Yuan-yuan, et al.

Electric

Grid fault
diagnosis based on improved dynamic adaptive fuzzy Petri net
with BP algorithm [ J]. Proceedings of the CSEE, 2015, 35
(12): 3008-3017.

BT, VAR, AR, S5 % U5 4 BT 5 BEPLAR MR AE 25
M AR FE RS 2 Wik ()], R ERR, 2010, 36(7): 1725
-1729.

HU Qing, SUN Cai-xin, DU Lin, et al. Transformer fault
diagnosis method combining kernel principal component
analysis and random forest [ J]. High Voltage Engineering,
2010, 36(7): 1725-1729.

XIEAE. F B ERSIHLE S 1D-CNN 5975 45 512
TE [T, R TRIRA2A (A SRR, 2023(4): 1-8.
LIU Guo-zhu. Transformer fault diagnosis method based on
self-attention mechanism and  1D-CNN[J]. Journal of
Chongging Technology and BusinessUniversity (Natural Science

Edition), 2023(4): 1-8.

vOHEGR - 2R

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



