Research Paper
EISSN 2508-7150

Journal of Aerospace System Engineering http://dx.doi.org/10.20910/JASE.2024.18.4.43
Vol. 18, No.4, pp.43-52 (2024)

e e e

Anomaly detection in blade pitch systems of floating wind turbines using
LSTM-Autoencoder

Seongpil Cho'

"Department of Aeronautical and Astronautical Engineering, Korea Aerospace University

Abstract

This paper presents an anomaly detection system that uses an LSTM-Autoencoder model to identify early-stage
anomalies in the blade pitch system of floating wind turbines. The sensor data used in power plant monitoring systems
is primarily composed of multivariate time-series data for each component. Comprising two unidirectional LSTM
networks, the system skillfully uncovers long-term dependencies hidden within sequential time-series data. The
autoencoder mechanism, learning solely from normal state data, effectively classifies abnormal states. Thus, by
integrating these two networks, the system can proficiently detect anomalies. To confirm the effectiveness of the
proposed framework, a real multivariate time-series dataset collected from a wind turbine model was employed. The
LSTM-autoencoder model showed robust performance, achieving high classification accuracy.
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2 (multi layer perceptron, MLP) [9-13],
“(convolutional neural network, CNN)
¢l 51t (autoencoder, AE) [16, 17], 1
"(recurrent neural network, RNN)
"o 59, &33BT 2 F sy
?(long short-term memory, LSTM)
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Fig. 1 Schematic view of a spar-type floating wind
turbine [4]

Table 1 Properties for the National Renewable Energy
Laboratory (NREL) 5-MW wind turbine [23]

Rated power, MW 5

Upwind, three blades,

Rotor orientation and configuration . .
horizontal axis
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Rotor diameter, m 126
Hub height from the mean water 90
level, m
Cut-in, rated, cut-out wind speed, 3. 114,25
m/s
Cut-in, rated rotor speed, °/s 41.4,72.6
Max pitch rate, °/s 8

Gearbox ratio 97
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Table 2 Properties for the OC3-Hywind floater [24]

Water depth, m 320
Draft, m 120
Diameter above taper, m 6.5
Diameter below taper, m 9.4
Center of mass, m (0, 0,-89.9115)
Mass, including ballast, kg 7.466 x 10°
Mass moment oi Zc::ltla (Ix and Iy,), 4229 x 10°
Mass moment of inertia (I, ), kg-m? 1.642 x 108
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Fig. 2 Schematic view of a hydraulic blade pitch

system [4]
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Fig. 3 Block diagram of the baseline controller [4]

Table 3 Load cases based on winds and waves [4, 29] 1o FeE 1G-S Edols 93X Ao uE
Load case U, (m/s) Hy(m) T,(s) F Fol & 8l&37.3%)% AA T3], AlTrF, T
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Fig. 4 Data transmission between Simo-Riflex and 744 R mEyp Byol= ¥z A]AElY] uwhgde
controller [4, 25, 26] 5 AAs a1, Zf
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Fig. 5 Effects of excessive friction in the valve (fault 1), wrong voltage applied in the valve (fault3), and short circuit in
the valve (fault4) faults on wind speed, wave elevation, the blade pitch angle, rotor speed, aerodynamic thrust, and

power under load case 3 [4]
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Table 4 Fault description in valves [4] o=2M AAE dHeolHe RdS shgetes AAEA
Fault Fault name Consequence o LSTM Qs dubo R Had Aedoln 4=
number AADe] shEE W 28-S ShFskv], LSTM T st
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2 Slit lock on spool (VSL) |Blade pitch runaway °IHE °hFsh o<k LSTM-autoencoders= AAIE
delg el Ax'xs AgsiA AAdsts WS o
3 Wrong voltage (VWV) Response delay 2gth 18 6= LSTM-AES] 720 3] e,
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, g% A4 AL dolEelA o4 ERHow ©x
Displacement (Nacelle) m 8 22 9188 nojZEr)
Rotor speed rad/s 3¢ Zo] LSTM-AE7} A4 AHe] glolg Sk
Thrust N Qg ATAe Fadsd AnHew 1 4
Blade pitch angle (three blades) rad o= ATA &Aool HAsHEL gy 99 b
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Ak FAA o E, oA 7] F&e] 80%7F & 0.3 = = Validation | |
d HolEE, UHA 20%+ AT dHolEE FAdH

FA % AF dolHE A AAARE TP o

LSTM-AE 29 Fd 2 #Fo AM$-#r}. 7 Faultl, w 02
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Fig. 8 Convergence of the training and validation losses
during the learning procedure
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Fig. 9 Distribution of the reconstruction loss of the
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A _ TP+TN )
CeUraY = TP T FP + TN + FN
TP
ision = ——— 4
Precision TP + FP 4)
TP
- 5
Recall TPTEN (5
Precision X Recall
F1 Score = 2 x (6)

Precision + Recall

o714 TP(True Positive)= AEstA 2Hw o] 4A
& Aol A4S YEbde, TN(True Negative)S A
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Table 6 Performance of LSTM-AE

ni;::; Accuracy | Precision | Recall Sfolre ;[(])%-
1 0.965 0.998 0.932 | 0.964 | 0.955
2 0.998 0.998 0.997 | 0.998 | 0.997
3 0.968 0.998 0.938 | 0.967 | 0.961
4 0.998 0.998 0.997 | 0.997 | 0.998

8 119 AUC-ROC 1@ = LSTM-AE Rl

0.955, 0.997, 0.961, 0.998% = 7]
LSTM-AE Heo] A|=gje] o] 355
et AEshs | adE Y-S Bl
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