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Transformer fault diagnosis method based on NNTR-SMOTE and GA-XGBoost
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Abstract: To address the low accuracy of transformer fault diagnosis caused by the insufficient number and uneven
distribution of fault samples, a transformer fault diagnosis method based on nearest neighbour triangle regions synthetic
minority oversampling technique (NNTR-SMOTE ) and genetic algorithm optimized extreme gradient boosting (GA—
XGBoost) is proposed. Firstly, the transformer fault sample data are collected and standardized, and then balanced data
are obtained by NNTR-SMOTE. Secondly, the feature data of dissolved gas are categorized by non-coding ratio method,
and then fused by multi-dimensional scaling (MDS) method. Finally, a new transformer fault diagnosis model is
constructed based on the XGBoost model optimized by GA. The experimental results show that the diagnostic accuracy of
the proposed diagnosis method based on NNTR-SMOTE and GA-XGBoost reaches as high as 95.97%. This method not
only solves the bias towards the majority class during diagnosis modelling, but also improves the diagnostic accuracy of the
model, making it suitable for multi-classification fault diagnosis for transformers with unbalanced data.
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Table 2 Categories of samples and their propositions

RAZH FEA K i He/% Bl
EFIRES 91 21.41 1
ek A 46 10.82 2
rP IR 33 7.77 3
e e A 53 12.47 4
GEE Suge 17 4.00 5
JRy R 29 6.82 6
flRREHT 72 16.95 7
[ G 84 19.76 8

XoF s A A 3L T 8 AR A S0 SR FH TG 4 Y
LU AP Y 35 s A AR 1) 18 AR AIE , AR () v
Vs A SRR 5 48 R A X ] A R AE G A WL 3,
F . THC = CH, + C,H, + C,H, + C,H,, ALL = H, +
CH, + C,H, + C,H, + C,H,
=3 HPARBRASTERBRELESE

Table 3 Characteristic quantities of dissolved gases and their

codes

A 2 AT FEAE FEIE i AR
1 CH,/H, 10 C,H,/THC
2 C,H,/H, 11 C,H/THC
3 C,H,/C,H, 12 C,H,/THC
4 C,H,/C,H, 13 (CH,+C,H,)/THC
5 C,H/CH, 14 H,/ALL
6 C,H,/CH, 15 CH,/ALL
7 C,H,/CH, 16 C,H,/ALL
8 H,/THC 17 C,H,/ALL
9 CH,/THC 18 C,H/ALL

4.3 HUETFELIE
Al 249 15 5 Hi 4 2 T B2 W b S 0 g 1) T 240
2, B B TR RS BE G, AT S Bk 12 B
HERA SRR, PRk, A% SR F NNTR-SMOTE %52
A5 B AH XA AR AR R . b BT IS A RE AR B
XL L 4
R4 REAHBLIEHELL

Table 4 Sample size before and after processing

BATIRE Sb B AR PSS iy
IEHIRES 91 92
rpik A 46 92
PG 33 93
(SRR 53 93
G SR 17 93
Jey BRI 29 93
fIRHERL 72 93
[ G 84 90
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Table 5 Dimension reduction indicators of different

dimensionality

Frdidsbs 64k 54 44t 34k 24 14k

FEYERTE] /s 2.46 2.48 2.53 2.57 2.59 2.64
S 0.0147 0.0153 0.0164 0.0178 0.0191 0.0216

stress

Q. 0.8252 0.8326 0.8443 0.8572 0.8625 0.8714
Q. 04032 0.4164 04220 0.4302 0.4385 0.4492
Qi 0.6142 0.6245 0.6332 0.6437 0.6505 0.660 3

WK%  91.84 9236 9352 9545 9597  90.63

M1 %5 A WL . i T 4—6 4k [ 4k i R R T
K2 Wi R 5 b T34 2, 3 A i R a5 )
femn TV 285 1 4E 0 i TR K i 2 S 80
WRE NS Beoh, X B ok F e 2 ik 225K
Y I e 1 [ P 2SR B A A5 /0N R Ik DL e A it 2
S e < 0. 02, FEYEF Q,, < 0. 65 1F Nk FEbRiE,
LR MDS FE4EJ5 4E 500k 2.

4.5 BIRISHIER

W 23 MDS [ 48 b 25 19 25080 70% %143 Al

YRAE ,30% X153 R AR, BAR S FLE L L3R 6.
*6 BEBHBIESE
Table 6 Data allocation after dimension reduction

BAPREE FEACREL  UNZRAEREAEL AR AR

IEHIRE 92 64 28
rhrif i #R 92 64 28
rPIG I 2 A 93 65 27
iR RugL 93 65 27
JHCHA A # 93 65 27
JRy BRI 93 65 27
fikig 93 65 27
[z G 90 64 28

XGBoost 4] Ui Z 80 115 S~ < FRAE 59 41l B L 47
ro = LSRR IR RIRE d,, = 6,%% 2] % n =0.3,
DRSNS 05 Z4hRE v, = 0, BEAILERAS ) il B £51)
ro = 1o 29715 B K& R BT , 15 2 5 L GA-
XGBoost 732545 , e Je #H MR A S A e 43 s 159
PR A, B 4 R o

B TRVE H R R B TR RS A A
F AR GRRCRE RS2 WAL Kappa &
BT,

P P 4 T R A 149 AR AR Bk IE 12
(R 1434, BLIEH R 95. 97% ; FRAR IR L #4 L SR
JHCHE, L B A 2 W R R 1009% 5 12 s A
) Kappa 2500 0. 954 2, i — L B0 3IE T AR SCr AR
AR FOM AER 3 0
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Fig. 4 Confusion matrix of fault diagnosis classification
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Table 7 Evaluation indicators of the GA-XGBoost model

SETARDS %i B PR WK Keppa 1R
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o il ot AR 947 1000 53 0
A 89.5 89.5 10.5 105 09342 9597
JRIER 100.0  100.0 0 0
kit 94.7 90.0 53 10.0
I RECH 100.0  100.0 0 0
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Table 8 Diagnostic results under different sampling methods

RAETT I MR/ % Kappa 2%k
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Fig. 5 Diagnostic results with different feature inputs
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Table 9 Kappa coefficients for different features

MDSEI PCAEI LDARE LLER:N 184EHk
BHE ARHE BHRHE BERIE ARRE
ZWHE /%  95.97 92.02 91.30 89.13 87.68

Kappa 2%k 0.9542 09373 09126 0.9002

I 9 TT UL« th TORBERAEEUE h S A ITURIE
DALk 18 4E 1 & AR 112 Wi ME B < 5 Kappa 28 8
I AHEE T 18 HEHK G 4P AIE , HoAR 4 FhRRAIE 12 W A
# Y Kappa R EIA AR EZ LT H i T 24k
Bl Z AP EAR LR C 2, PCA B0k JC IR AR G i HE

TR bR
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Fig. 6 Diagnostic results with different diagnosis models
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Table 10 Evaluation indicators of different models
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