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Fault detection of wind turbines using k-nearest neighbor
based on dynamic feature matrix

Qian Xiaoyi, Zhang Yuxian

(School of Electrical Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: The intermittency and randomness of wind make the operation state of wind turbine change frequently. As a result, the false
positive ration and false negative rate in anomaly detection of equipment are serious. The costs of operation and maintenance in the wind
power industry are high. To solve this problem, one kind of K-nearest neighbor fault detection method based on dynamic feature matrix is
proposed in this work. It constructs a dynamic feature matrix based on mutual information to describe the dynamic characteristics of wind
turbine. The weighted k-nearest neighbor fault detection method is introduced to address the influence of the characteristic contribution
and cumulative mutual information in dynamic feature matrix. The dynamic threshold can help reduce false alarm caused by the sudden
change of operation state. This paper takes examples of the common sensor faults and actuator faults in the SMW offshore benchmark of
National Renewable Energy Laboratory and the pitch system faults in SCADA system. The fault detection results of the proposed method
are compared with PCA, KPCA, FD-kNN and PC-kNN, respectively. Experimental results demonstrate that the proposed method can
accurately detect the fault information. Compared with other methods, it can achieve better fault detection results.
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Fig.1 Mutual information measurement of delay features
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Fig.2 The formation of dynamic feature matrix
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Fig.3 The flowchart of DFM-WENN fault detection scheme
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Table 1 NREL-5 MW offshore WT
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Fig.4 The location of sensors
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Table 2 The instruction of sensor fault generation
No. Mk & R SHE
Fault 1 MR HL RS LBifR2E  MX0.95

Fault 2 Jif i B {4 e B ¥ -0.5 m/s?, y 0.5 m/s?
Fault 3 At L% % 5 Hpifm2  w,x0.95

Fault 4 2832 ffy FEAL 1% Btk REFEB; M 1 deg

Fault 5 % ALRAGIERE  WhiWZE Pox1.1

Fault 6 G0 BARILRS  BUNMBEZE  o+BENLEM:

®3 PUTHRMEERIRSA

Table 3 The instruction of actuator fault generation
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Fig.5 Contribution rate of principal component features
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H#: DFM-WENN Xt 45 e e (4 46 25 SR 5 PCA (KPCA |
FD-ENN D) PCA-ENN R4 % b, Horb 4% 5005 19 (1%
SEFR 95% W EAR BE %t PCA 5 KPCA [R5k Q 48

TR T et FEXT A SO ARG, A
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5 TR X H B A5 R B T R R X LSRR 6
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Table 4 The Weights of DFM-WEKNN

(1) x(=1)  xy (1) x(1=2)  x5(r)  w3(i=1)  wg()  xg(i=1) xs(e)  xs(i=1)  xg(1) xg(i=1) x5(2) wx,(e=1) x,(1=2)
W, 0.28 0.28 0.18 0.18 0.12 0.12 0.11 0.11 0.11 0.11 0.10 0.10 0.09 0.09 0.09
W, 0.35 0.08 0.11 0.5 1 0.25 1.18 0.45 0.45 1.18 0.4 0.8 0.22 1.22 0.22
W 0.09 0.02 0.02 0.09 0.12 0.03 0.13 0.05 0.05 0.13 0.04 0.08 0.02 0.11 0.02

x5 HIERHREMLE
Table 5 The comparison of alarm failure rate
PCA KPCA
No. FD-ENN PC-ENN DFM-WENN
Q T Q T
e 1 72.29 84. 86 44.31 4.29 3.37 1.52 0
Tk 2 38.82 96.29 39.23 10. 74 8. 62 8.85 3.72
P 3 91. 86 100 29.00 5.25 3.83 1.52 1.07
e 4 64.71 0 19.79 0 0 1.1 0
s 5 89.29 95. 00 45.36 15.25 14.02 8. 87 3.22
e 6 51.00 99. 57 67. 64 16. 05 0 0 0
e p 7 35.43 99.71 61.03 25.93 11. 62 9.27 2.65
W 8 53. 14 98. 20 47.49 9.93 5. 60 6.17 1.07
Tk pE 9 82.43 92.29 61.17 16.97 3.62 1.77 0.53
s 10 95. 86 55. 86 44. 84 4.25 5.86 3.76 0
T E 67. 48 82.17 45.98 10. 87 5.65 4.28 1.23
xR 6 BIERMEITLL
Table 6 The comparison of false alarm rate
PCA KPCA
No. FD-ENN PC-kNN DFM-WENN
Q T2 Q T
R 1 15. 00 3.00 3.39 3.51 3.73 1.58 0. 65
e 2 13.45 2.52 7.28 3.09 5.65 3.27 0
W 3 0.62 15.82 2.56 9.92 8.87 5.51 0.07
ik s 4 0 12. 46 16. 65 12. 84 0 3.09 0. 64
e pE 5 25. 80 19.90 15.92 25.39 2.56 3.99 1.52
s 6 12. 00 0 15.35 0 7.07 2.76 0
i 7 5.20 28.40 41. 80 32.60 6.52 4.32 0. 87
W 8 24.00 2.59 20. 69 6.38 6.26 7.81 0
e 9 30. 80 27.40 13.38 46.24 4.03 3.51 1.25
s 10 20. 40 0 15. 49 3.84 3.25 4.78 0
SR 14.72 18.29 15.25 14.38 4.79 4.06 0. 50

APUL ARSI AR H A9 DEM-WANN 8 s I 77 7 5 KPCA
RSN 77 35 LR A 2 5 T AN )l B A 00 77 9
FALE, TR 25 R AR T A58 o DA SO HY Y 3l 2SR AR
HEREFAL S AL ENN 77 1% BE A% 5 A 200 5 B e K
SIEH BRI B

M 6 X IE B RE AR (IR R R GE T Al L, AR ST
$2 1 DFM-WENN X 1F 5 Fc4i 10 U0 A 805 i FG
JE X 10 A B A5 8) TERMRAIRIR K, XEH T
1% 45 e (8% =X 1 B0 152 e 7 i B BE AR 408 11 25 25040 1
SRR PR B 00 RN, MK T B Y S8 A P,
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( supervisory control and data acquisition, SCADA ) %
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GEH LIS R G R AR A R . SR R AR AR
HELE IR BV 2 K GWT7/1 500 kW ) 1 3K A
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Fig.8 Relationship between wind speed and power
in SCADA data
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Table 7 The monitoring variables related to pitch system in SCADA

No AR No. AR No. AR
1 3%z3 6 3w A AL HLI 11 PLE LAY
2 PIES 7 EGVE SR NER 12 SHIRIL AL
3 S LML 8 2SR 13 TR S
4 TSR ML 9 SRR PLRL R 14 2HTUA R AR o
5 2R IR A ML 10 TR0 15 3HIUR T AS 1

MBI PRI 7 SALH T 2014 AR A1 2 %
RGO, MR W% 8 Fin ., [WFELL 1 YK/ min (1)
SRAEI AR 4 R G0 B 1 400 L FEAS 5 HUE IS 1Y
200 Z1REA 1 ] DEM-WANN J5 32 X 2 YR 0B 47 4
K25 550515 FD-ENN DL PCA-ENN S B AG I 7 32
PEATSE L, Horf B F SCADA 240K A RIS S 80h
AREC KA KL, AXGE TR 300 HAEA B B F
LUK 200 HREA I A%, 3 9 Ji /s o 3 Fhor vk xd

2 Yl R T AR S R R ST A R . 9 5 10 B
G390 3 TS BRI 7592 % 2 Aol e ) A 3 R X L
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Table 8 Fault description of pitch system

No. il e R KA TE]
R 1 ARAEA B LRI 2014 3710  23:29:00
Tk 2 AR LI 3 v 2014 5/18 16:11:00

x9 MERHRESREEI L

Table 9 The comparison of alarm failure rate and false alarm rate

TR FD-ENN PC-ENN DFM-WENN TR FD-kNN PC-kNN DFM-WENN
W 1 19.26 4.00 0 R 1 7.89 6. 60 2.11
HepE 2 25.36 17.27 0. 80 T 2 4.85 6.20 2.42
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Fig.10 Results comparison of fault 2 in pitch system
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