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Condition Monitoring of Wind Turbines Based on Neural Networks and
Robust Estimation

YUE Zitong LI Yanting ZHAO Yu
School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai, 200240

Abstract: In the condition monitoring of wind turbines, temperature time-series data was used as a
key indicator to evaluate the stability of their operations. typically collected by the supervisory control and
data acquisition(SCADA) systems. A new method was proposed that leveraged temperature data for more
robust wind turbine condition monitoring. To address the slow convergence issues in traditional prediction
models, a network structure combining CNN and BiGRU was adopted, and a novel optimization algorithm
—COA was introduced , to improve the training performance of the temperature prediction model. Further-
more, considering the high false alarm rate of traditional control charts in actual operational environments,
a strategy was proposed that integrated median estimation (MED) and minimum regularized weighted cova-
riance determinant (MRWCD) for robust monitoring of residual vectors. Based on these improvements, a
multivariate exponentially weighted moving average control chart was established. The applications in a
wind farm located in east China demonstrate that, compared with traditional monitoring methods, the pro-
posed approach reduces false alarms significantly and provides higher reliability and stability in wind turbine
condition monitoring.

Key words: wind turbine condition monitoring; convolutional neural network-bidirectional gated re-
current unitCCNN- BiGRU) ; coati optimization algorithm(COA ) ; robust test statistics
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Fig.2 Histograms and boxplots of different temperature variables in normal and fault states
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Tab.3 Filtered independent-monitored variables

o
e A
oay =y

JES 3 (r/min) . & LHLFE 3 (r/min) , 30 s -3
K (m/s), KEBHLET URECC, KBHLET
WA AR | W B CCO L L A FH LI (A, HL B A HL O

RCC) | (A, R HREFECC) . AHALE T VIERECO,
K S ity Al AR R CCH, B C AR HL (A s B D)2
kW), o Al R I B (O

S e 3 (r/min) , & HHLEE 3 (r/min) , I I AL
R AR | (m/s), 30 s FH KRG (m/s) s HLM A AHHL 3 (A,
HRECC) | M BAEFE A, B CHBERA), FIR
(kW) 5 R IR EE CO) L R A IR O

KA T (r/min) o & B HLEG 3 (r/min) o BRI JXUGE
(m/s), 30 s 4 RGHE (m/s) . K EHLE T U
R | CCO, ERALE T W ECC), B A ME R
TRBECC) | (A HL W B A LI CAD o IR Gl R IR O, i
WL F VIR BEECC) , 3K 2l bt 4l 7K 3R B2 CCH L L C
AHLFECAD A IR (KWD L I F A IR CO)

W g . 15N RS CNN-BIGRU #5858 1 4 2%
PREL — B, 3k $E 34 U7 1% 22 (mean-square error,
MSE) 5t K PR%L .
*4 COAEESHY
Tab.4 Algorithm parameters of COA

Erie] HUE
Filt £ 30

BACE IR 100
AR R 0.0001
FAR LR 0.001
PRCES 0

T S 0.5
T L BRI MSE

AR SCH) A B 48 X 1R 22 (mean absolute er-
ror, MAE) . ¥ J5 i® 22 (MSE) | ¥ J5 18 % %
(RMSE) Fl - 34 268 X% H 43 b 1% 2% (mean absolute
percentage error, MAPE) X 45 A4 () 1 0 4 BE 8 17
PG TR S

N T PEAL BT HE COA-CNN-BIGRU J5 % 19 15
TN 32 8 G T 45 3R g S U I 5% Ty ik
HEAT X H L X e U7 3 4 45 CNNLLSTM, Bil.-
STM.CNN-BIiLSTM.,GRU,BiGRU,CNN-BiG-
RU. GWO-CNN-BILSTM™ | GWO-CNN-BiG-
RU, COA-CNN-BILSTM, COA-CNN-BIGRU,
AR (1% 00 M BE X HL 5 2R DL 3R 5~k 8,

F5 WREREBECOMNTMEET L
Tab.5 Prediction performance comparison of gearbox

oil temperature (°C)

JAES B 3 (r/min) s %2 L HLFE 3 Cr/min) o I I L
(m/s). 30 s R (m/s) . K HEHLEF Wil E
CCY B AR F (A, B BB A, K
BRI CO BHRALE T VIRECC), 3K 34l
HRIEECCH s B CHBF (A, IR EGW),

K HLE
TUIRE
()

o AR IR O P A4 TR CO)

% SCHLECHTINGEN % 5 45 ) SCADA %
AP AR R S AT RSN B B X ) X R R AT
T T W I K 315 26 492 4 15 BRI B OE W
SCADA %t#i . XF X S8 5 4fn 47 5 — fb b 3 f
Fe 7096 F130 %6 1y Lo A5 50) 43 S 1 2 2 R0 £
PLsE B COA-CNN-BIGRU B /3 1 91 455 AU fiY
VlE
3.2 BTN EE R 3T EE 4 4

FIFH SCADA Y1l 25 5 45 48 43 5l % 4 4~ COA-
CNN-BIGRU #& & #f 17 Y1 %k . 76 Y Sk i 72
COAB M SHOR BN R A, FOREECMELR K
5 SCw B R, R LA B 2 S 3R AE X
[0.0001, 0.001 JN i 8l , & 1% 2 AE X B [0, 0.5]4
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MAE MSE | RMSE | MAPE

CNN 0.8058 | 1.3012 | 1.1407 | 1.6943

LSTM 0.7656 | 1.1593 | 1.0767 | 1.6037
BILSTM 0.7571 | 1.1781 | 1.0854 | 1.5838
CNN-BILSTM 0.7551 | 1.2155 | 1.1025 | 1.5855
GRU 0.7832 | 1.2290 | 1.1086 | 1.6434

BIGRU 0.7773 | 1.2324 | 1.1101 | 1.6381
CNN-BiGRU 0.7595 | 1.2448 | 1.1157 | 1.5842
GWO-CNN-BILSTM | 0.7492 | 1.1774 | 1.0850 | 1.5719
GWO-CNN-BiGRU 0.7403 | 1.1076 | 1.0524 | 1.5550
COA-CNN-BILSTM | 0.7446 | 1.1695 | 1.0814 | 1.5621
COA-CNN-BiGRU 0.7114 | 1.0579 | 1.0285 | 1.4909

i A % H A3 BT L K B TS [ 6 3 AR
T A9 COA-CNN-BIGRU LA [ B A
B LA MAE . MSE .RMSE f1 MAPE{H . 7E A%
I8 5 & SRR 0y B B0 S A A, CNN-BIL-
STM Hil CNN-BIiGRU J7 ¥ i # I 24 5 pt F e Ath
P2 X 28 T00I T 0 5 T 2% RS R T 1 S e
AR SCAy NI T AR A TE R R A SE B N AN R
HBE TR (R TFM 8 B T 5 110 4F X6 (B 75 1) Y A4 45 21
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Tab.6 Prediction performance comparison of low-

speed bearing temperature ('C)

*9 BEXEERITMEIROMAUAITE
Tab.9 Comparison of evaluation metrics of heuristic

algorithms for optimization

MAE | MSE | RMSE | MAPE MAE | MSE | RMSE | MAPE
CNN 2.3623 | 10.183 | 3.1911 | 3.7260 GWO-CNN-BILSTM | 0.0831 | 0.4975 | 0.0979 | 0.0843
LSTM 2.2248 | 9.1503 | 3.0249 | 3.5262 COA-CNN-BILSTM | 0.1843 | 0.9251 | 0.1896 | 0.3243
BILSTM 2.2657 | 9.3039 | 3.0502 | 3.6017 GWO-CNN-BiGRU | 0.1232 | 0.5523 | 0.1598 | 0.2162
CNN-BILSTM 2.1604 | 8.6160 | 2.9353 | 3.4208 COA-CNN-BiGRU | 0.2413 | 1.1317 | 0.2876 | 0.4434
GRU 2.1654 | 8.6197 | 2.9359 | 3.4334
BiGRU 2.1486 | 8.5568 | 2.9252 | 3.4026 VLA B AL A 2 v HLAE 5 U il Y 7
CNN-BIiGRU 2.0974 | 8.3156 | 2.8836 | 3.3416 W 28 5 S0 PR(E B tb g n i Sa s . AT LLE
GWO-CNN-BILSTM | 2.1037 | 8.1632 | 2.8571 | 3.3841 AT =, A T 7 4 25 0 A B 4 1 T ke
GWO-CNN-BiGRU | 2.0520 | 8.1309 | 2.8514 | 3.2694 BT A A T 1 45 /b Sb S0
COA-CNN-BILSTM | 2.0281 | 7.8527 | 2.8022 | 3.1840
COA-CNN-BiGRU | 1.9875 | 7.6673 | 2.7689 | 3.1564 ik A A A B AN ] S50 004G 1500 45 2R AT A7 7 22

x7 BEWHAERECORTNEE

Tab.7 Prediction performance comparison of high-

speed bearing temperature (°C)

MAE MSE | RMSE | MAPE

CNN 1.2472 | 2.8931 | 1.7009 | 2.4006

LSTM 1.2056 | 2.7627 | 1.6621 | 2.3321
BILSTM 1.1774 | 2.6469 | 1.6269 | 2.2689
CNN-BILSTM 1.1728 | 2.6049 | 1.6139 | 2.2595
GRU 1.1832 | 2.7228 | 1.6500 | 2.2847

BiGRU 1.1823 | 2.6435 | 1.6259 | 2.2781
CNN-BIGRU 1.1805 | 2.6429 | 1.6257 | 2.2692
GWO-CNN-BILSTM | 1.1602 | 2.5959 | 1.6111 | 2.2342
GWO-CNN-BIGRU 1.1439 | 2.4995 | 1.5810 | 2.2039
COA-CNN-BILSTM | 1.1437 | 2.4982 | 1.5805 | 2.2139
COA-CNN-BiGRU 1.1283 | 2.4313 | 1.5592 | 2.1688

*8 EZHHNEFURBECOMBNEE L

Tab.8 Prediction performance comparison of

generator stator U temperature (°C)

MAE MSE | RMSE | MAPE

CNN 0.9806 | 5.5483 | 2.3554 | 1.7907

LSTM 0.9157 | 5.1731 | 2.2744 | 1.6673
BILSTM 0.9055 | 5.0380 | 2.2445 | 1.6506
CNN-BILSTM 0.8988 | 4.8641 | 2.2054 | 1.6417
GRU 0.9189 | 5.3419 | 2.3112 | 1.6709
BIiGRU 0.9252 | 5.2135 | 2.2833 | 1.6872
CNN-BIGRU 0.8962 | 4.9486 | 2.2245 | 1.6421
GWO-CNN-BILSTM | 0.8909 | 4.8665 | 2.2060 | 1.6330
GWO-CNN-BIGRU | 0.8742 | 4.8616 | 2.2049 | 1.5926
COA-CNN-BILSTM | 0.8864 | 4.8550 | 2.2034 | 1.6232
COA-CNN-BiGRU 0.8651 | 4.8637 | 2.2053 | 1.5776

UL 9, X L AH ) iR 25 PE M 4R bR T LB L R
% B X CNN-BIGRU #5 R 8 (1% 42 T+ 2248
T EXF CNN-BILSTM £ 8 1) $2 A 2028 . 64,
K L5 BE AR AL B v (CCOA) BT 4 O 1 P BE 42 T 1X

IRARARAL T CGW O [ 50 53 i 9 i,
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J7 % 0 T00I0 25 SR 0 2% A 45 LS AE . H UL AT IR
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75 1) T e

i
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o — I
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Fig.5 Comparison of generator stator U temperature

(°C) prediction results on different models
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Fig.6 Comparison of condition monitoring effect
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