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Abstract: The performance of a data-driven fault diagnosis method deteriorates due to insufficient number and
unbalanced classes of inverter fault data in the case of weakly supervised learning in few-shot scenarios. To overcome
the defect of traditional data augmentation methods which do not consider the data distribution characteristics, an
inverter fault diagnosis method based on data augmentation with specific coefficients wavelet reconstruction was
proposed. First, the raw small sample data was decomposed by wavelet packet, and a specific coefficient was obtained
through calculation. After random fine-tuning, the sample was directly expanded by wavelet packet reconstruction. The
process was repeated to obtain a sufficient and class-balanced training set. Then, convolutional neural networks were used
to achieve “end-to-end” fault feature extraction and classification. Finally, experimental results show that the proposed
method can effectively expand the fault data in the case of weakly supervised learning in few-shot scenarios and improve
the fault diagnostic accuracy. Therefore, it can be used as data preprocessing in few-shot fault diagnosis of inverters.
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Tab. 1 Description of raw inverter fault data
WAL REHEE R IZRREAR DREAR S
H TR 180 20
F1  HISI JT&ps 1 100
F2  HIS2 JTp&bps 1 100
F3  HIS3 JF ik 1 100
F4  HIS4 JTR&bps 1 100
F5  H2S1 JTpsHps 1 100
1
1
1

F6 H2S2 F il i 100
F7 H2S3 JT i b 100
F8 H2S4 JT i o 100
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Fig. 2 Flow chart of proposed SCWR data augmentation
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Fig. 3 Experimental platform of single-phase cascaded

H-bridgefive-level inverter
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Fig. 4 Comparison between raw data and data generated
using SCWR method (with fault F1 as an example)
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2H (/-CNNs ) FILAEL (DC-CNNs ), %F BEZH 5 4R /N
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JNAE, HARHET CNNs HEATHHIE S BRI 43
Je. W IR ik (0 S 5641 (SCWR-CNNs ) 431 5 %6
PRZH | BEUMELHHEAT IO MBS TEA [R5 i i bk
AE, SRHINGEE® (accuracy) . 7 HER (macro-P)Fl
FAE AR (macro-R)iX 3 AN FHZ /2P PM AR
RSN AFAEREDLYE , PR RAE I T 1T 10 K
Sy, BOFBEENER, TREERLE 3. H
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Tab. 3 Experimental results of different data augmentation

methods %
B SERE AR 2
Ik FEUER FEEMER EELR
/-CNNs 72.69+6.24 77.85+4.50 75.12+6.69
DC-CNNs 79.85+4.87 86.07+2.45 81.65+4.44
Gaussian white ¢} 1,679 gg501344  82.78+5.74
noise-CNNs
Signal
canslato NN T6-81£5.03 8293524 78.87+4.59
SCWR-CNNs  87.13+2.44 90.36:2.99 88.28+2.23

it — LU TSRO R A R, S
[ 175 (Gaussian white noise) > FI{5 5 F-#% (signal
translation)!"' 5% 2 FhELA (B 5R Jr Hk E AT
o, SCRATRILAE 3. M3 3 A, Frik SCWR %
PRI VE S W WOT AR O WO B4 i .
TEXGHER )16, SCWR-CNNs 4119~ {H 43 51 Lt
Gaussian white noise-CNNs 2] il signal translation-
CNNs 41 FH5{ER 6.03%F1 10.32%., sMHr2s R %
B, TSN 307 1 R R PR B e 5 x4
JR LG ST T ROR IS e, (il JE A REA IR &
A TARE, B IR 2 RS RO TIE AR L
2o MR IT i T FO R e RECHA TR, R
B IFEATE R A ZREE R R, B F0NS L5 AR /N
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AH G AT A IR S

B UE I Y CNNs #5BU 7R AR $2 B E A0
B, X5 AT TR [FAFIE SR IO AR HZ WSR3
Ml o 353112k FH 32 184353 Br PCA(principal components
analysis)?Y | e {8 BL 75 4% FFT(fast Fourier
transform)5 PCAM . HEF4% PE(permutation entr-
opy)”” 3 FMFIFREGA L, T LML SVM
(support vector machine) > Wiy /3244% , Fl ] SCWR
T B AE I 0 5 T R A TR AL SR, 12
SERIFIIMENE 4. i 4 AT, SCWR-PCA .,
SCWR-FFT-PCA. SCWR-PE 3X 3 FUR§AIE 2 BUA
ISR HE AL T 80%, #H] CNNs FHFEFEHL
Re SR, TR/ IMEA I B2 B L — Rl AR 25 2T 4
WO R RE AR

F 4 AEFHERERTZERISHER

Tab. 4 Diagnosis results of different feature extraction

methods %
AR bR
$RIU iRy FAEMER  RAEeR
SCWR-PCA 69.84+0.36  73.04+0.37 72.52+0.32
SCWR-FFT-PCA 75.31£1.66 79.08+1.51 77.50£1.51
SCWR-PE 70.05+0.22  72.05+0.14 72.71+0.20
SCWR-CNNs  87.13+2.44 90.36+2.99 88.28+2.23

N TR S i I S R 500 B S R0
FARREE , [ Er A A 2R T 45 SR R 552 P 726 45

JER—8, FIA T —BER RS Kappa 250,
AN FPEAESE 3R T A2 WS R Y Kappa AU F-H4{H
W 5, W12 5 AT, AT AR5 2 A
I Kappa ZEXH 0.718 0, Wiz e R 42
Lzt Resc2E . SHAD 4 MOTIEMLL, Friddr
DA R S 12 W ALY Kappa REUV 1GR3
Wit SCWR J5¥E & MUAAEA S A REA AT
B — 2

x5 AEEELGETFSHERR Kappa £

Tab. 5 Kappa coefficient of diagnostic models with

different data augmentation methods

BRIk Kappa REHI-F-H{E
/-CNNs 0.718 0
DC-CNNs 0.763 5
Gaussian white noise-CNNs 0.741 1
Signal translation-CNNs 0.808 4
SCWR-CNNs 0.8524

2023 ) AT, TE 2R 40 k252 SCWR
BRI RACR A S — . 2 K AR LAY K
HF o i 1 BRI, SRR S RiekEA
FIAFURR BERRAG s HHIZ, 24 K ARy K F o
FI 1 ARG, & A 5 R AR AR
FETE . X kB 02,04, 1.8 ZEIF T LA MY,
PWHKEHERER IR 6. B3R 6 AT, Y k=1.2 B,
WORE AR B (E 93.41, (H AR ERZS ],

®6 AE kBUETIZHREHEERIE

Tab. 6 Comparison of diagnostic accuracy under different values of k

- WK/ %
k=0.2 k=0.4 k=0.6 k=0.8 k=1.0 k=1.2 k=1.4 k=1.6 k=1.8
1 87.20 89.27 75.85 87.20 87.20 87.44 86.22 87.20 79.15
2 87.68 85.85 86.83 86.34 85.98 85.00 84.39 83.78 85.12
3 75.61 86.59 88.90 85.12 82.07 87.07 88.78 87.44 87.56
4 86.10 76.71 84.39 87.44 86.46 93.41 78.05 88.90 87.80
5 86.83 87.80 77.07 85.85 76.10 84.15 87.20 87.68 83.29
6 81.83 87.32 75.61 88.78 78.29 86.46 86.10 81.95 85.37
7 82.44 87.07 75.61 86.95 85.61 86.83 86.34 86.10 86.46
8 76.22 83.78 87.56 80.00 86.95 87.07 77.07 87.56 86.34
9 75.61 78.05 86.10 86.71 86.46 86.71 82.92 86.46 85.37
10 78.78 87.80 86.14 83.41 87.44 87.20 91.22 85.12 85.24
FE

81.83£5.00 85.02+4.29 82.41+£5.61 85.78 £2.49 84.26+4.05 87.13+2.44 84.83+4.45 86.22+2.08 85.17+2.48
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