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Transformer fault diagnosis method based on improved SMOTE unbalanced
sample processing and IHPO-DBN
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Abstract: To solve the problem of low classification accuracy due to unbalanced transformer fault samples and a local
optimal fault model, a transformer fault diagnosis method based on improved synthetic minority oversampling technique
and an optimized deep belief network (DBN) is proposed. First, the K-means algorithm of clustering fusion is used to
select the unstable minority class samples by clustering and matching to improve the center point synthetic minority
oversampling technique (CP-SMOTE) algorithm and expand the minority class samples to solve the problem of
unbalanced distribution of transformer fault data. Secondly, the algorithm of predator optimization is improved by adding
stochastic reverse learning and adaptive inertial weight technology, and the internal parameters of deep confidence
network are optimized and adjusted by the improved algorithm, which improves the accuracy of the model. Finally, the
transformer fault models in different data preprocessing conditions and data scales are simulated and compared. The
results show that the transformer fault identification accuracy can be increased to 98% after data preprocessing and model
optimization. This effectively solves the problem of low classification accuracy caused by fault data imbalance.

This work is supported by the Science and Technology Project of State Grid Corporation of China (No. SGXJCJ
00KJJS2100582).
Key words: transformer fault diagnosis; unbalanced samples; K-means clustering; improved synthetic minority oversampling;
improved predator optimization

HEH: AR MAS AT E K8 (S6XICI00KITS2100582) ; FEdHE#F /T A RAF LMK (177K0503) ; A
R KA 2R MR AL R B F8h (202167039)



-22- B 2GR 54

0 38

AR A R HL ) 2R 4 LR Ty 28 5 e I AX A
B, HIRHBTRE A R R E . 25,
MRS T A B P, AR kA s e
%E{j}]@ SR AN H & AR ERE A5
RN

A5 2% N AR SR B A RO e i S
BB VIO, B SR 50 BT (dissolved gas-
in-oil analysis, DGA)/Z B i A iR 2048 a5 7 H
PRI i SR ( H,. CH,. C,H,. C,H,. CH, &3
BRI E RIS ATIRADY, Ik DGA Bl 2 M
FH T AT M (458 TR 2% b2 P, 56F DGA
(9 = EL B, Roger FU AR HE S5 20 b1k B faj 5,
R gmAdER % ] fe 2 FEOR R TCVE AT . IEak, B
FHNTEGIKRE, PHEEITLAR R 2 rh i<
B BAE N N RHAIE SR 908 e 2 12 T 1 R e
A N T Mg, Rr LS BRI
o SCHR[9-11]00 4R 1 eI EHL. BORZ 4 |
PREE 28X JURBEAY, I8 FH DAL SR X BAT TR AT
ook, e 7R R e

IR PR SR R W B B 23R A5 TR )
HETRER, (HH 20 T 7EIL ST Ol T 28 i 2% 4 P
FEA IR ZE AT BEASAH R ), IX 2> S BUEERIA
() 2K ) ) A B o A B4 2 T A B S ) 22

FIFHAT i B s SR AT U 25, 287 A
R 1) T 24080, g N 1/ H ik ) 2 A0
) Rl P b B2 5 SRR A (synthetic
minority oversampling technique, SMOTE) & 7% X} /1>
BERMEARATY 1S, AT DA AR A AN 1] 1v) R
HANFAYH SMOTE Ab3E, 2 A7 725U /- A i 44k
R I AR 25 534, SClR[1414R T A
/D BRI R AR R (center point synthetic minority
oversampling technique, CP-SMOTE)5.v%, 1ZH1E 1
S MFEAREAE H F R LA O AL, FREE D EE
FEAR S Hts i 2 18] B 2 VA B A8 OB IRRE AR, SR T
TR RE 2 BT B AR UM AR A N E | 35 AR X R AR
FR) 25 B 8 T (S A4 I XA AR AE 73 SR AR 3R AT 73 RIS 48
BNG, MIMEEREA R IER 7728, A SR 2
fiith 42 A ZREERE 1 K-means FR S0 EEE
WA AT I, IR AR T A AR EREA,
FXIARRE DA CP-SMOTE Sk TH
W, BeEA R R A AT AN T 1) R

IRIE B A5 M4 (deep belief network, DBN)j&—
MAESHZ EMAM s, EIREINSGZRIRE S
Hl(restricted Boltzmann machine, RBM)J5 X f¢ 2 7]

1, RSB Z IR, SRmY4ERR: 2

T I TG B ) O B B S B o A
P, 5T,

J& & %4t Ak (hunter-prey optimization, HPO) &
ERHL T AR E aE RUEIAT N, RS
17300, BARSCEREN. AR, 5
RGN TR R REAR L B S aF s ee 1. =
HH T HPO SVE WA M e /2 BEATL AR B, 3X 22 A%
RILEAERA N R s LA Ao St ) 1) R, BT
FE Bt ML 390 1 2 33 AR VR 3 7 A48 1 A R R
WP EEEAT S, SEILA R SR A SO

ARSCFI Ut CP-SMOTE 524 F 4048 43
AT, PR ARER S BIFEASI 25 DBN A4, [
A5 FH 2432 () HPO(improved hunter-prey optimization,
IHPO) 5.5 %) DBN Z it 4T 3L, mAME¥
THPO-DBN FI{E738 [ 4% #7312 Wi AL

1 EFi# CP-SMOTE B AR #E AL IE

CHER[19]82 H1 ) SMOTE &2, H gt
FERFEARIITATEE, TEREA 5 T AT AE R HLIE B
IREA L & BT IREAR S, fEREAR LS 17
#712%, CP-SMOTE $33: U & % £ 45 SMOTE %i%: i
1T 7 o503, A R A B R AR AR 3 SASOR] Il
ASCHE BB CP-SMOTE &3, @it 4 B 2K a4
1] K-means F1 CP-SMOTE #H45 & 177 2055 /b H 2k
FEARBAT /15518, MU REALIE 2 5 D HER 2
F] (RS [AIAS P47 1) 3, I RE AL/ BSR4 A AN
BIEI ) 1A R
1.1 ETFEHFE K-means XA CP-SMOTE &%

CP-SMOTE £ 43 KA BIE P IR W T o

1) {i FH K-means Fy53R 2D HERFEARN n AN X
WA A0 R {0,0,,,0,)

2) tFEAEA XA 0 A O, B 2 BERFEARR
PR D, .

3) T EREAS DX 1) 2 FSERE AT 5 G R
O EEE d, .

4) Lk D, A d,, W% d, <D,, JIFEXS )/
FRFEA X A0 i 0, 2 18], R OB LAE i —
ANHTI R o

HAE&#

Xiew =0 X +(1=m)0Q, (1)
A X, N HEE AR A 7e0,1),

TR UL 2D IR BARRE MR U D BRI 2 535 2 1)
(VAN P Ahi AT SRS ) 1 L, AHL RN 5 R 3D 4
FRN A EIEDL . Ak, RAREEAE T
K-means 5500 bhgiodt, HEREE A K-means 512
SHREAKARHAT 0%, TR LI AR TR f 2k
— Btk 2 BT B 2 5 B o (AN BiodE 9 4T DT D



}%E;/—%—J‘é

H T2 SMOTE AN HTREAS 4L BEAT IHPO-DBN (11735 [ 28 i 12 7 1801 98

- 23 -

FG I , B 280805 AL T 1A S AR 2 DB REA

Rl A 1) K-means S0 AR 5 3% B R 45 5
AL BRI UNTR

1) R A K MRS K-means 5754
AP R A RSB I D B AT RS, W
S(]B K MrRER: 7,7,,me, BENESE
“i] . =1{C,C),Cl,--,ClY s

2) EARICILHED : #5 RREE R iR — 4% C et
RN X o R UL AC R B T HEA AR
R R TR AR AT L IR A BB X S AN
X T LA PRI A [F) 250 X R i %2 B PR AN SR HEA T AH R 7%
Fric I .

3) kA Fa e DB X T E ARG R4S
B, IFESAN RIS RE SR, T A
BFEAX RAE 2 RS B T RIS A
BRURBII AT . T3S T N

(1) B8 REEN R ZFEAS REA
5] () SR e 4 R P gt A B B A R 7%, RIZAEA XS
R— MR ATEFR D R I T EFEA

(2) W —HME REER - RIZAEA XS RIEA
) 1 SR et R e 0 A B B AR (R 0, BB A
R AREATERN R EREA .

BRI AN K-means #1541 CP-SMOTE
USR] — R CP-SMOTE 3%, Motk
CP-SMOTE LR A u .

BN WEE T, BRXRE L REEGBEN, B
AERDBERFEABARET,, -

s HEIEEET,, -

Stepl: f¥i F K-menas JEETT0 I8 T AT

Step2: HH kK Stepl, HiHEH kMRS,

Step3: FAMEARICICHELIEICRANH R RE R, ¢
HATEPARL, RERE] E BRI R.

Step4: THH BT D HEREARFE AR P —
#Hs, -

Step5: #f 6, B/ BERBUHE FEAS € NI %
A
Step6: LEFEAFE LA DB I AT L
T BERFEAIRI R 0y CP-SMOTE Sk
RIRAE RORRAE R i, ARAS(D), & AR —
PE AR X, ARRETHIDBEREARHEET,,, -

Step7: H4 T, MINE] T v 7= A 57 1 I 25 i i

new

£

1.2 EF%i# CP-SMOTE HhiaBS AR IR
S

M IEC TC10 Hih FeAnAL has IR A I 5] - 3%
et 1030 ZHAR AR IRAS I, #2446 7 H, « CH,
C,Hg+ C,H,. C,H, HTIRUSE LLSRT M)A s 23
WA, IRERAA 7, 2hb2IER (F) . fikkE
JHL (D)) « mfAEHH (D,)  RIREH(T) « i
(T ~ I (T, AR (PD) « Ef%idin
W1, b §7 R DB ISR 1075 %2 .

® 1 BESFRDNERLBRIGEKEREL
Table 1 Raw data description of transformer monitoring

sample fault types

WORRA UIREEAN WEA D AR R s?
PD 78 34 112 2.99x107
D, 127 54 181 —

D, 135 58 193 —

T 93 40 133 2.49x107*
T, 109 47 156 1.35x107*
T; 94 40 134 2.08x107*
F 84 37 121 1.89x107*
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Table 2 Description of transformer fault type data sets after data processing

[ =St SMOTE 4 )5 CP-SMOTE 4b# )5 M3k CP-SMOTE AhHE 5 St S; s?
PD 146 128 125 2.98x107* 2.78x107* 3.34x107
D, 127 127 127 — — —
D, 135 135 135 — — —
T, 140 139 131 2.44x107* 221x107* 3.24x107*
T, 139 141 140 1.36x107* 1.17x107* 1.52x107*
Ts 141 137 132 2.07x107* 2.05x107* 2.22x107*
F 143 130 127 1.88x107 1.69x107 1.95x107*
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Fig. 1 Partial discharge and high energy discharge data

distribution in four cases
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Fig. 5 Model diagnosis results under the raw data set
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Table 4 Comparison of accuracy of three models with different

balancing methods
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Table 5 Transformer diagnosis results under different training sets
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