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Wind turbine pitch anomaly recognition system based on AdaBoost-SAMME
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2. University of International Business and Economics, Beijing 100029, China)

Abstract: To realize predictive maintenance of the pitch system in wind turbines, a design idea is presented whereby a
pitch anomaly recognition system can be developed on a wind turbines health management platform. In constructing the
model algorithm, the frequency domain characteristics of pitch velocity are suggested as classification features, and
precise characterization of abnormal symptoms is achieved. The pitch velocity is divided into three categories: high, low
and normal frequency with AdaBoost-SAMME as a classification algorithm. Comparing with five algorithms including an
artificial neural network, a support vector machine and a random forest, it is found that the AdaBoost-SAMME algorithm
is superior in accuracy, precision, recall and G-mean index although a serious disproportion exists in the number of
samples. In order to improve the self-learning ability of the recognition system, a new sample judgment method based on
Euclidean distance is proposed to automatically expand the training sample size. The application example demonstrates
that the pitch anomaly recognition system using the AdaBoost-SAMME algorithm possesses noticeable classifying quality
and stability. It solves the technical problem that for the general adaptive law of pitch velocity frequency domain
characteristics in different models is implicit, and a conventional logic judgment method cannot be used to identify a pitch
system abnormality. The system achieves the early warning function of identifying anomalies before faults. This can guide
field personnel to practice predictive maintenance and improve the reliability and utilization rate of wind turbines.
This work is supported by National Key Research and Development Program of China (No. 2016 YFB1000705).
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Fig. 1 Normal signal of pitch velocity
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Fig. 2 High frequency signal of pitch velocity
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Fig. 3 Low frequency signal of pitch velocity
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Fig. 4 Spectrum analysis chart of pitch velocity
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Fig. 5 Schematic diagram of health management
platform for wind turbines
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Fig. 6 Flow chart of pitch abnormal signal recognition
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Table 1 Basic situation of training samples and test samples
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Table 2 Example of training set samples

75 F1 Al F2 A2 F3 A3 B3l
1 2.490 538 0.037 760 0.042 730 0.025 842 1.214 748 0.025 598 1
2 1.550 482 0.156 791 3.082 652 0.033 152 0.549 383 0.029 444 1
3 0.689 781 0.034 638 0.036 626 0.025 374 1.342 937 0.009 560 1
4 0.708 094 0.067 542 0.195 336 0.013 333 2.545 477 0.011 812 1
N N N N N N N N
41 0.396 777 0.347 939 0.958 369 0.024 802 1.843 487 0.017 811 2
42 0.396 777 0.169 527 1.184 227 0.033 556 3.107 069 0.025 090 2
43 0.396 777 0.215 220 1.190 331 0.049 128 3.393 969 0.010 917 2
44 0.042 730 0.073 820 1.794 653 0.002 776 0.573 801 0.002 430 2
N N N N N N N N
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N N N N N N N N
1515 0.140 398 0.333914 0.714 199 0.074 055 1.263 582 0.019 120 3
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Table 4 Test result comparison of each algorithm

. i 145 E#
iz accuracy
precision recall G-mean precision recall G-mean precision recall G-mean
ANN 0.8704 0.666 7 04 0.516 4 0.546 7 0.854 2 0.683 4 0.956 2 0.887 5 0.9212
SVM 0.952 4 0.428 6 0.3 0.358 6 0.9756 0.8333 0.8333 0.960 6 0.990 6 0.990 6
Random Forest 0.936 5 0.3333 0.1 0.1826 0.807 7 0.8750 0.8407 0.962 8 0.9716 0.967 3
Bagging 0.9471 0.666 7 0.4 0.516 4 0.9070 0.8125 0.858 5 0.957 4 0.984 4 0.9708
AdaBoost.M1 0.9735 0.9000 0.9 0.9000 0.9756 0.8333 0.901 6 0.9755 0.996 9 0.986 1
AdaBoost-SAMME 0.9815 0.9000 0.9 0.9000 0.9773 0.895 8 0.9357 0.984 6 0.996 9 0.990 7
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Fig. 7 Classification comparison of each algorithm
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