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Shanghai, China, Post Code: 200093 )

Abstract: In the long-term presence of the ocean environment, floating offshore wind turbines ( FOWT)
are subjected to complex loads such as wind, waves, and currents, which may result in fault problems
such as corrosion, creep and failure. To address this issue, this study proposes an improved complete en-
semble empirical mode decomposition with adaptive noise (ICEEMDAN) combined with convolutional
neural network (CNN) method based on deep learning theory for fault diagnosis of the mooring system of
offshore floating wind turbines. The method calculates the creep and failure stages of the mooring system
based on the platform’s yaw response signal status, analyzes the impact of mooring at different positions
on the stability of floating wind turbines, and diagnoses whether creep occurs in the mooring system and

its location. The research results show that the improved method can effectively identify the creep to fail-
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ure process of the mooring system, explore the impact of surge, sway, roll and yaw factors on the stability

of wind turbines, and can accurately diagnose the mooring condition and creep at different positions under

different signal-to-noise ratios (SNR) , with a highest accuracy rate of 99.83% .
Key words: FOWT, ICEEMDAN algorithm, CNN, fault diagnosis
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Fig. 1 Schematic diagram of FOWT on ITI Barge platform
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Tab. 1 Parameters of NREL 5 MW wind turbine
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Tab. 3 Mooring parameters

2 B ¥l
BN T kgem ™! 129.5
AR T A/ m? 0.006 36
Rk I1/N 7.5 x10°
b W EE/N -m ™! 7.5 x10°
FIHKE/m 473.3

Y%/ MW 5
4 3
KA EHRZ/m 126
HRE /v min ! 12.1
PIA R /m-s ™! 3
HE R /m s ! 11.4
P RGE/m s ™! 25
BEHA/m 3
PR B/ m 90
Hiﬂﬁm/lo kg 1.1
BRRE/107kg 3.5
’rﬂ.ﬁ")ﬁi 10°kg 2.4

*2 ITI Barge £ &
Tab. 2 Parameters of ITI Barge platform

% B ol
K x 98/m 40 x40
W2 KR/ m 4

JE 0/ m -0.282
Hek e/ m? 6 x 103
Bt/ ke 5.452 x 10°
S5 LECR 4
RINKE 8
REFE /108 kg - m? 7.269
YRR/ 108kg - m? 7.269
JB 3R /10% kg - m? 1.454
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Fig. 2 Mooring diagram
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Fig. 6 Flow chart of fault diagnosis
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