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Fig.1 Flow chart of improved K-means clustering algorithm
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Fig.2 Canny operator edge detection results with different thresholds

FPEL 2 PR, Loy /0N RN 21 )30 5B 22

- 768 -

BRI AR 2 | T Ly =60 S M7 1 22 1 I



% K. E AAEEREALET SR EEAR A

s

R, #E%F Canny B2 EE Rl e i 8 S ALY
[, LADZAMNE B B 2 B num.., M S
G M EE AR AR num, A FIBTRYE & HE
W B U Canny 557l BB RS 4R 3 G35 1Y
Lo EBEAMA Canny BARME 3 Prs,

ARG

Leany=Ln, TR R L
é/}ﬁ( Qplade
Tany=2Lcumy I T— I
Canny - TR 2450 N

JERS EREHKARAT

L

XF L6 I-—IK Canny HF
I, T A
FHRBAEE num, FI
UL R e ﬂ’.g

num,,

UM Z M
or

num,>M,* 0,4
or
Leany<Lx?

Y

N
R nume, =M., i b —
WA GHTIMEE R, Emﬂfﬁu
H #Huﬂ’uﬂ%lw

3 BiEM Canny EFRE
Fig.3 Flow chart of adaptive Canny operator
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Fig.6 Comparison of K-means clustering algorithm before and after improvement
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Fig.7 Fault area segmentation results
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Table 3 Fault classification results
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Fig.8 Results of image recognition
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Table 4 Results of fault identification
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Image recognition method for blade fault of large offshore
wind turbine

Zhang Miao', Yang Ping', Liu Zejian®, Li Wensheng’, Wu Hao’
(1.Guangdong Key Laboratory of Clean Energy Technology, School of Electric Power, South China University of
Technology, Guangzhou 510641, China; 2.Shenzhen Huagong Energy Technology Co.,Ltd., Shenzhen 518129,
China; 3.China Southern Power Grid Technology Co.,Ltd., Guangzhou 510180, China)

Abstract; Aiming at the problem of lack of a large number of actual fault image training samples
during the fault diagnosis and modeling of offshore wind turbine blades, an image recognition
method for offshore wind turbine blade faults based on small data sets is proposed. In this method,
the K-means clustering algorithm is improved to identify blade segmentation according to the color
and shape characteristics of blades and their faults in wind turbine blade images, an adaptive
algorithm is designed to adjust the Canny operator parameters to identify the segmentation of early
fault areas on the blade surface, and the K-means clustering algorithm is used to extract the color
and shape features of faults and design corresponding classifiers to achieve fault classification.
Simulation examples show that this method is effective for the identification of early faults on the
blade surface, and can provide an accurate diagnostic model for the blade fault identification of
offshore wind turbines on the basis of a small number of fault samples,which can improve the
operation and maintenance efficiency of offshore wind farms.

Keywords: offshore wind turbine; blade fault; image recognition; small data set
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