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Abstract 
Aiming at the problems of randomness of training process and poor robustness of model 
in parametric modeling method, a nonparametric modeling method based on Pearson 
correlation coefficient (PCC) and nonlinear stateestimate technique (nset) algorithm is 
proposed to establish the normal behavior model of gearbox. Firstly, the PCC algorithm 
is used to determine the auxiliary variables, and then the NSET model is established 
through a large number of normal operation data; Finally, based on the health index 
constructed by residual, the fault early warning of wind turbine gearbox is realized. 
Taking a 2 MW wind turbine as an example, the results show that the fault early warning 
accuracy and ability of the model based on PCC and NSET are significantly enhanced. 
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1. Introduction 

The specific geographical environment in which the wind turbine works, such as variable wind speed 
and large regional temperature difference, leads to frequent unit faults, resulting in increased 
downtime and maintenance time and increased cost. According to the survey and statistics of wind 
turbine failure in China, the failure frequency of gearbox ranks fourth among all main equipment, 
second only to frequency converter, generator and pitch system, and its maintenance process is more 
complex, requiring relatively higher time and cost [1]. Therefore, it is very necessary to monitor the 
gearbox fault through effective methods, and then complete the fault early warning. 

The modeling methods of gearbox state variables are mainly divided into two categories: parametric 
and nonparametric. Parameter methods include artificial neural network [2], least squares support 
vector machine [3], deep learning [4], etc., but parameter training has uncertainty, poor generalization 
ability and low modeling accuracy, which brings some difficulties to its practical application. Nset is 
a data-driven nonparametric and nonlinear empirical modeling method proposed by singer [5]. The 
state model is established by using the data under normal working conditions of the equipment, and 
then the state of the equipment is estimated according to the residual between real-time data and 
historical data. This method has achieved a lot in the research of wind turbine fault early warning. 
Guo Peng and others [6-8] took the lead in introducing nset method into wind turbine fault early 
warning and put forward a more feasible algorithm setting strategy. Then, they studied the monitoring 
method of wind turbine tower vibration based on nset method, and carried out the monitoring research 
of wind turbine sensor based on neighbor model analysis in recent years, The normal measurement 
data of multi wind turbine anemometers and the nonlinear state estimation method are used to 
establish the horizontal neighbor ratio model of multiple anemometers. Yin Shi et al. [9] designed the 
fault early warning strategy of pitch system using nset algorithm. The main fault identification of 
wind turbine pitch control system based on nset can identify the main fault and secondary fault in 
multiple fault information, so as to guide the wind farm maintenance personnel to determine the 
maintenance sequence. 
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Aiming at the problem of gearbox fault early warning of wind turbine, this paper selects auxiliary 
variables through Pearson coefficient characteristics, and constructs nset model memory matrix by 
using full parameter equal interval division method. Finally, taking the SCADA data collected by a 
2MW wind turbine as an example, the working conditions before unit fault shutdown are tested. The 
early warning threshold is determined by the training set data, and the fault early warning of wind 
turbine gearbox is realized by constructing the health value index that can represent the health degree 
of gearbox.  

2. Algorithm basis  

2.1 PCC  

In statistics, the correlation analysis method is mainly used to calculate the correlation degree between 
the two variables and further judge the relationship between them. PCC was proposed by British 
scholar Carl Pearson [10] and analyzed through the relationship between covariance and standard 
deviation of two variables. Its calculation formula is 
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In the formula: ,a b are two variables; ab  is the Pearson correlation coefficient between variables 

a  and b ,and its value range is [- 1,1];  cov ,a b  is the covariance between variables a  and b ; 

a b 、  are the standard deviation of variables a  and variables  b respectively; m  is the number 
of samples. 

When 0ab  , variables a  were not related to variables b ; when 0 0.3ab  , variables a  

are weakly correlated with variables b ; when 0.3 0.6ab  , variables a  were moderately 

correlated with variables b ; when 0.6 1ab  ,variables a are strongly correlated with variables 

b ; when 1ab  , variables a  were completely related to variables b . 

2.2  NSET  

It is assumed that n operating parameters participate in the state variable modeling, and the 
corresponding measured value is recorded as the observation vector. During normal operation of the 
equipment, m observation vectors are sampled to construct memory matrix, as shown in equation (2). 
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The structure ofD is the memory and learning of the normal operation state of the equipment. 

The input of NSET is the observation vector 0X at a certain time, and the output eX is the estimated 

value of 0X . For any 0X , calculate a weight vector 1 2[ , , , ]TmW W W W  so that the output eX is 

equal to the product of the sum of the memory DmatrixW : 

1 1 2 2e m mX D W w X w X w X                             (3) 

The weight vector W is obtained by minimizing the residuals between 0X and eX [11]: 

                           1T T
OW D D D X


                             (4) 



International Core Journal of Engineering Volume 7 Issue 12, 2021
ISSN: 2414-1895 DOI: 10.6919/ICJE.202112_7(12).0052

 

396 

In the formula:   is a nonlinear operator, which is often selected as the Euclidean distance between 
two vectors. Different from the parameter method, the weight vector needs to be recalculated when 
NSET calculates the output. 

Replace equation (4) into equation (3), and the calculation formula is shown in equation (5). 

                             1T T
e oX D D D D X


                           (5) 

If the equipment operates normally, the state variable can be accurately reconstructed by the 
observation vector in the memory matrix, and the estimation accuracy is high, otherwise the accuracy 
is low. 

Output eX  is greatly affected by memory matrix D , so adding a new observation vector may 
improve the modeling accuracy, but it will lead to the following problems. 

1) Due to the weight vector W  needs to be calculated repeatedly, if the scale of D  is large, the 
calculation time of item T

oD X  in equation (5) will increase significantly, which will seriously 
affect the real-time performance of the algorithm on-line operation. 

2) The added observation vector may have high similarity with the existing data inD and have limited 
effect on improving the accuracy. At the same time, it will increase the similarity of each column of 
the matrix, resulting in the increase of the condition number of TD D  in equation (4), so that 

  1TD D


  can not be solved [12]. 

3) The added observation vector may have abnormal data or large noise, which will have a negative 
impact on the modeling accuracy. 

3. Fault early warning of wind turbine based on PCC and NSET 

3.1 Research object 

In order to verify the effectiveness and practicability of the method proposed in this paper, the 
operation data before gearbox failure of a wind farm in Fujian Province are studied. The basic 
information of the unit is as follows: 2 MW doubly fed wind turbine, the cut-in wind speed is 4m/s, 
the cut-out wind speed is 25m/s, the gearbox structure is secondary spiral gear and primary planetary 
gear, and the monitoring data sampling period of SCADA system is 10min. 

The unit was shut down due to gearbox failure at 10:20 on July 13, 2016. After maintenance, it 
returned to normal and put into operation again at 9:30 on July 18. The operation data before gearbox 
failure from 0:00 on January 1 to 10:20 on July 13, 2016 are derived from SCADA system. There are 
8 available operation parameters in the data, namely wind speed, generator speed, impeller speed, 
wind direction angle, ambient temperature, reactive power, active power and gearbox bearing 
temperature. 

3.2 Data preprocessing 

SCADA system records the parameters of various operating states of the unit, including unit fault 
data, power limitation data, shutdown data, etc. To screen characteristic variables, it must rely on the 
data under normal working conditions of the unit. Eliminate the data points with missing data, active 
power not greater than zero, wind speed less than cut-in wind speed or greater than cut-out wind 
speed, and get 14000 groups of data for experiment after removing abnormal data based on laida 
criterion. 

The experimental group took samples 1 ~ 5000 of the data as the training set and data 5001 ~ 14000 
as the verification set. This experiment is based on MATLAB 2019 (PC running on AMD ryzen 7 
4800h 16.0 GB RAM). 

After calculating the Pearson correlation coefficient between each variable and gearbox bearing 
temperature, it is found that there is a positive correlation between wind speed, generator speed, 
impeller speed and active power and gearbox bearing temperature, which can be used as state vector; 
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Although the ambient temperature has little correlation with the gearbox bearing temperature, because 
the change of ambient temperature has a great impact on the gearbox working environment, and there 
is a significant correlation between impeller speed and generator speed, they are also considered as 
state vectors. 

Based on the above, this paper selects five variables: wind speed, generator speed, ambient 
temperature, active power and gearbox bearing temperature as the state variables of the memory 
matrix. In order to avoid the influence of non-uniform dimensions, all parameters are normalized. 
The variation range of operating parameters and Pearson correlation coefficient are shown in Table 
1. 

Table 1. Variation range of operating parameters and Pearson coefficient 

Operating parameters Variation range PCC 
wind speed /(m·s-1) [4.00,14,09] 0.853 

Generator speed /(r·min-1) [1001.3,1687.2] 0.924 
Impeller speed /(r·min-1) [9.00,15.03] 0.931 
Wind direction angle /(°) [6.9,353.7] -0.144 
Ambient temperature /℃ [2.0,30.0] -0.214 

Reactive power /Var [-0.04,0.05] -0.11 
Active power /kW [50.7,2007.3] 0.834 

Gearbox bearing temperature /℃ [43.88,63.01] 1 

3.3 Fault early warning 

Based on the training set data, the memory matrix is constructed by the full parameter equal interval 
value method. The memory matrix has 4876 groups of history vectors. Based on the validation set 
data, the gearbox fault early warning is carried out, and the residual sequence shown in Figure 1 is 
obtained by comparing the residual between the predicted value and the actual value. 

 
Figure 1. Residual sequence 

It can be roughly seen in the figure that the residual began to increase significantly after 2700 sample 
points, but this is still not enough to visually indicate the health of the gearbox. Therefore, a health 
value index that can visually represent the state of the gearbox is constructed based on the residual 
and threshold: 
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In the formula:   is the residual;   is the early warning threshold, and the average residual value 
of the training set is ± 3 standard deviation; Since it describes the degree to which the equipment 
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deviates from the normal operation state, the unit of I  is percentage and the value range is greater 
than or equal to 0. 

If the residual sequence of the training set data is measured by the health value index, the results are 
shown in Figure 2: 

 
Figure 2. Health value 

It can be seen intuitively from Figure 2 that the health of the gearbox is less than 50% at about 2100 
sample points. This indicates that the gearbox has basically failed. 

4. Conclusion 

In this paper, the PCC algorithm is used to screen the auxiliary variables, the gearbox model under 
normal working conditions is established based on nset, and the health value index which can 
intuitively represent the running state of the equipment is constructed based on the actual residual 
sequence. The model is verified by the data of a 2MW wind farm. The results show that the model 
based on PCC and nset can well realize the fault early warning of wind turbine. 
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