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Condition monitoring of wind turbine based on echo state networks

Jin Xiaohang, Yu Xuan'ang,Guan Hanlin

(College of Mechanical Engineering, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract; Under the guidance of the “dual-carbon” goals, wind energy, as a clean and renewable energy source, has been widely
harnessed. Wind turbines ( WTs) , which are crucial for converting wind energy into electrical energy, have seen a growing cumulative
installed capacity. However, WTs operate in harsh environments with highly variable conditions, leading to frequent failures. To ensure
their safe and efficient operation, fault diagnosis and intelligent maintenance technologies are urgently needed. Aiming to address the
complex and variable operating conditions of WTs and the issues of gradient disappearance and explosion in recurrent neural networks
during time-series learning, this paper proposes a condition monitoring method for WTs that integrates operating condition recognition
with echo state networks (ESNs). First, the maximum mutual information coefficient is employed to select features from the supervisory
control and data acquisition (SCADA) system data, prioritizing those with high relevance to the operational status of WTs. Second, the
K-means clustering algorithm is utilized to construct a model for effective classification of different operating conditions. Subsequently,
ESN models are optimized under various conditions using the differential evolution algorithm to enhance their adaptability to complex
operating conditions, enabling active power prediction of WTs under different conditions. Then, by analyzing the residuals of power
prediction, corresponding health thresholds are determined to assess the operating conditions of WTs. Finally, case studies of two actual
WTs demonstrate that the proposed method can effectively monitor the operating status of WTs. It can detect abnormal operating
conditions earlier than the SCADA system when faults occur, thus realizing early fault warning.
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Overall framework of wind turbine condition monitoring based on multi conditions identification and echo state networks

Fig. 1
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Fig.2 Comparison of wind data before and after data cleaning
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Fig.3 Heatmap of MIC values between SCADA features
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Table 1 MIC values between SCADA features

%5 FPAE MIC {8
1 HINYR 1. 00
2 L ERL TS 1 0.09
3 HL LT 2 0.08
4 L T 3 0.12
5 AL IO R IAE 1 0.98
6 FL LA 2 0.98
7 HL R 3 0.98
8 7 s LA 0.98
9 SEHIREE 30 s 0.93
10 SFE AR 30 s 0.35
11 R 0.98
12 KBS | R 0. 62
13 K HL ALK By s i 7R R 0.35
14 S AL AL 9K Sl il 7 i E 0.55
15 it v 91 3l S (E 0.26
16 Y\ 1wl R By LA {E 0. 14
17 F Al 0.98
18 i e 0. 04
19 ViR HEE R 0. 41
20 W A AR IR 0.26
21 DR Tl A UL BE 0.50
22 ViAA 5 s IR EE 0.51
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Fig. 6 Visualization results of wind turbine data in case 1
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Table 2 Parameters of the DE-ESN model under
different operating conditions

T 1 TH 2 T4 3 TH 4
NP 30 30 30 30
m 50 50 50 50
DE u 0. 0001 0. 000 1 0. 000 5 0.000 5
F 0.8 0.8 0.8 0.8
CR 0.2 0.2 0.2 0.2

N [1000,2000] [600,1000] [1200,2000] [1500,2200]

ESN « [001,0.1] [0.01,0.1] [0.01,0.1] [0.01,0.1]

P [0.1,0.99] [0.1,0.99] [0.1,0.99] [0.1,0.99]

NEGUE DE-ESN FE 7Y i A< F 947 2, R HI ESN
LSTM 2 117 NG B0 ( gated recurrent unit, GRU) (23]
ERRHEATX IESE e . IR DA Ir R iR 22 S E Oy L i
7 (mean absolute percentage error, MAPE) MPLE Z B (-
square , R* ) /0 PEA TN P BE (48 A o 12 92500 e FH P i
it ‘# . CPU “# Intel Core i5-7 400,51 7INTE 8 G, E RS
4 window10, % 3 K HHLA AR Z1T T.00 T DE-ESN
BT ) B AR SR B IR a8 hr . 3% 4 5241 1 HL
HIZATTE T 4 B FASIPEN 8 bR X E , AT LU 3]
DE-ESN K81 ) 0 P BE AL T oAt 3 AMAEAY  ESN AU [y
YIRS B /N T LSTM A1 GRU B8, [ 8 S 249 1 L
AR THT KB HLEH A IR py W 4528, s b
IG5 AT LUFE B DE-ESN #ERVFE XU AILZH Dy 28 $5000 77 1
AA &,



264 e M & 2 Faetk

£3 RH1RENEAREILRTET DE-ESN =3
ERSHREIFEMIER
Table 3 Optimal parameters and evaluation metrics of
DE-ESN model for wind turbine under different

operating conditions in case 1

THHEA ER RS RMSE MAPE R?

1 [1400,0.06,0.73] 0.0038  4.838  0.983
2 [800, 0.02,0.8]  0.0055  2.358  0.981
3 [1500,0.05,0.62] 0.0242  3.642  0.968
4 [1800,0.03,0.64] 0.0254  2.041  0.938

F4 RBI1REBHLATR 4 T DE-ESN 5HAERFFEMN
FEFREIXT P 43 4T
Table 4 Comparative results of different models under

operating condition 4 of wind turbine in case 1

BT Ikt /s RMSE MAPE R?
DE-ESN 5.3 0.025 4 2. 041 0. 938
ESN 3.6 0.027 8 2.294 7 0.936
LST™M 63.6 0.034 1 3.092 1 0.904
GRU 36.8 0.0316 2.798 1 0.918
o SFRfE TE
#
R Sal ¢ &
g 0.10 &
o
g |
u§ 0.05 g
8
.lm 0@ 1 : )
o Q >
o7 (P D (P 5 o6
N N N I\ I\
(a) L1
(a) Operating condition 1
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Fig. 8 Power prediction results based on DE-ESN model

under different operating conditions in case 1
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Table 5 Dynamic monitoring thresholds for wind turbines

under different operating conditions in case studies

TR ES(R 2
1 0.013 1 0.019 1
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4 0.091 0 0.078 4
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Fig.9 Condition monitoring results of wind turbine in case 1
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Fig. 10 Condition monitoring results of wind turbine under

different operating conditions in case 1
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Table 6 Some original wind speed and wind direction data

of wind turbine under different operating conditions

in Case 1

T2 Fisf ] KE/ (m-s™") KA/ (°)
2017-01-17T12:10 6. 032 235.130
2017-01-17T12:15 4.048 178. 289

1 2017-01-20T13 .20 4. 196 173. 248
2017-01-20T13 .25 4.772 218.401
2016-12-23T16:50 8.925 225.095
2016-12-23T16 .55 5.772 227. 639

? 2017-01-17T11:55 2.73 183.591
2017-01-17T12 .00 6. 686 225. 604
2016-12-18T11:40 9.785 264. 113
2016-12-18T11:45 7. 861 274. 886

: 2017-01-08T15:30 8. 197 288. 431
2017-01-08T15.35 6. 805 250. 697
2017-01-14T9.50 9. 027 271.944
2017-01-14T9.55 7. 602 278. 091

! 2017-01-18T2.45 10. 045 263.775
2017-01-18T2.50 8. 627 265. 615

5.3 EfFl2-#EXENA

PEBUZALLL 2017 4F 6 A ~7 F ) SCADA #4815 N
WIgdE,7 H ~8 H SCADA B /e ik 4E, B E 1
FIEHE T R AR LA S A RS W, 7 5, Xl 4
BRI TREAE TRE A B A4 3 155 0T A A LA E i AT 4L
PadE . HIR B AL FE S A9 SCADA ¥t i A 3] K-means
AR P SEEMLA B AT T AL R4y, 45 s 1 fr
TRo R T B M B AR 2 A, R -SNE VR X R
4t SCADA FHla A TRt v A4k, &l 12 fro, &1 12 45
SRR LAY 4 283897 TR 42 @*mzﬂ
WA ISR RN X 43 | o — 2 I3 T 3s 47 T 001 4%
HIE M, ARG RIS AT T 00 EcdE , o ik T
AHIE Y DE-ESN Ty 28 50 58 7 | 45 -5 Ty 2 35 00 5% 2 43 A
B 5 4% T 00 W g 8, A3 5 s . RS ARSIZR B B, AL
45 TO0T KL AL T SEF0 45 51, an &l 13 s, i

THl IH2 o TH3 O Ik
] 1.0
¥
108 R
=)
1064w
=
104z
1 o,zalg
\/ 0 g
1.0 1.0
0806 0.8
1 0.4 5 0.4 %ﬁﬁ
ﬂjnﬂ?ﬂb}f 0 0 ‘B/%)‘mi

B S0 2 KA HLZEL R A SR A R

Fig. 11 Clustering results of wind turbine data in case 2
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Fig. 12 Visualization results of wind turbine data in case 2
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Fig. 14  Condition monitoring results of wind turbine in case 2
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