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Abstract: According to the phenomenon that the dynamic characteristics of the wind 

turbine gearbox system will be different from the normal dynamic characteristics after 

the failure of the wind turbine gearbox system, a normal operation prediction model 

of the gearbox oil sump temperature is established. Based on the phenomenon that 

the deviation between the model prediction result and the actual result will become 

larger after the failure occurs, predicting faults can be achieved by using sliding 

window method. The gearbox faults of two wind turbines are used for verification, 

and the results show that the method can achieve the purpose of predicting faults. 

 

Keywords: Fault Diagnosis, Nonlinear Estimation, Wind Power Generation, Gear Box, 

Sliding Window. 

 

1. Introduction 

Due to the randomness of wind power, the failure probability of wind turbine is much 

higher than that of other generators, such as thermal power unit and solar thermal 

unit. However, once the wind turbine fails, it will cause great economic losses. One of 

the ways to avoid the occurrence of failure is to early warning the failure, so as to 

avoid the occurrence of major fault through operation and maintenance. Gearbox 

system is one of the important systems of wind turbine. It not only has a high failure 

rate, but also takes a lot of time and money to maintain after the failure. Therefore, it 

is of great significance to give early warning to the fault of gearbox system. In recent 

years, researchers have done a lot of research on wind turbine fault early warning. 

Zhao et al. [1] studied the predicting faults of wind turbine based on stackable self-

coding network. Wang et al. [2] introduced early fault detection of wind turbines based 

on operational condition clustering and optimized deep belt network modeling. Hen et 

al. [3] proposed a fault diagnosis methodology based on exquisitely designed deep 

neural networks. In this paper, the nonlinear state estimation (NSET) is used to 
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establish the prediction model and realize the predicting faults. 

 

2. Method 

2.1 NSET 

Nonlinear estimation is a nonparametric adaptive modeling method. Its modeling 

principle is as follows: 

Suppose that a system has n  interrelated measurable state variables 1 2{ , , , }nx x x , 

and write them in the form of column vectors, which are called state vectors, as follows: 

1 2[ , , ]T

nX x x x                                                  (1) 

( )X t  denotes the state vector composed of the n  interrelated measurable state 

variables of the model at time t , which is written as follows: 

1 2( ) [ ( ), ( ), ( )]T

nX t x t x t x t                                                   (2) 

The state vectors of several moments are collected and formed into a matrix. We call 

this matrix the process memory matrix. The form of process memory matrix D  is as 

follows: 
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            (3) 

                            

The process memory matrix is composed of m  state vectors. It should be noted that 

at these m  moments, the system needs to be in a normal working state, and these 

m  moments need to cover all the key states of the system during normal operation 

to ensure that D  can represent the entire process of normal operation of the system. 

Assuming that the input of NSET is the state vector obsX
 at a certain moment, the 

output of the model is the prediction vector estX
 of this input. For any obsX

, NEST 

generates an m-dimensional weight vector W: 

 1 2

T

mW w w w                                            (4) 

which makes 

     1 21 2est mX D W w X w X w X m                               (5) 

That is, the predictive output of the NSET model is a linear combination of m  

observation vectors in the process memory matrix. The method for determining the 

weight vector W  is as follows: 

At a certain moment, the residual of the input state vector obsX of the model and the 

output prediction vector estX is: 

obs est obsX X X D W                                                   (6) 
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Take the appropriate W  to minimize the residual, that is, find the minimum value of 
2 : 

* 2arg min arg min( ) ( )T

obs obs
W W

W X DW X DW                                 (7) 

Let: 

( ) ( )T

W obs obsE X DW X DW                                                  (8) 

Then: 

2 ( )TW
obs

E
D DW X

W


 


                                             (9) 

Let 0WE

W





; then we can get: 

1( ) ( )T T

obsW D D D X                                                    (10) 

From equation (10), we can see that if W exists, TD D  must be reversible. This 

requires that there is no correlation between the data, but it is difficult to guarantee 

that there is no correlation in the data of most systems such as actual wind power 

systems. 

To solve this problem, a nonlinear operator   is used instead of the traditional dot 

product method. 

That is, the Euclidean distance between two vectors is selected as the nonlinear 

operator. 
1

obs( ) ( )T TW D D D X                                           (11) 

2

1

( , ) ( )
n

i i

i

X Y x y


                                            (12) 

Substituting equation (11) into equation (5), we can get: 
1

est ( ) ( )T T

obsX D D D D X                                                 (13) 

 

2.2 Process memory matrix 

Constructing an appropriate process memory matrix is the core of the entire modeling 

process. In order to make the constructed process memory matrix suitable, it needs 

to meet the following requirements: 

a. It should cover a sufficiently long running time. 

b. Each of its state vectors should be taken from the state of the system during normal 

operation. 

c. Each state value in each of its state vectors should be taken from the same time in 

the system. 

According to the above requirements, here are several methods for constructing the 

process memory matrix: 

(1) Random structure 

Assume that the selected data set for the training model consists of M  pieces of data, 
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and each piece of data contains the value of each state at a certain time. N  pieces of 

data that are not repeated are randomly selected from the M  pieces of data to form 

a process memory matrix. 

(2) Isometric structure 

For the selected n  states 1 2{ , , , }nx x x  that constitute the state vector (assuming that 

the data has been normalized), according to the selected data set for the training 

model, each state is divided into h  parts according to the maximum and minimum 

data. For example, suppose that in the selected data set, the maximum value of state 

ix  is maxix , and the minimum value is minix . The j-th part after equally divided into h  

parts is: 

min max min( ) /ij i i ix x x x j h                                             (14) 

For each value ijx  of each selected state, traverse the data set used for training the 

model. If the data set used for training the model is at a certain time 0t , the error 

between the value of the state and the value of ijx  is less than our setting The 

allowable error   of the data set is added to the process memory matrix D  by adding 

the value of the selected state at time 0t  in the data set to the process memory matrix, 

and the construction of a usable process memory matrix is completed. 

(3) Another type of construction method 

Given one or more evaluation functions for evaluating the pros and cons of the process 

memory matrix, the genetic algorithm, particle swarm algorithm, etc. are used to 

search for the optimal process memory matrix. Literature [4] gives the memory matrix 

evaluation method of MSET, which can be used as a reference. 

2.3 Data preprocessing and principal component analysis 

Data preprocessing: 

According to the requirements of the process memory matrix, the vectors constituting 

a suitable state memory matrix should all be state vectors when the system is running 

normally. Therefore, after selecting the data set used to construct the state memory 

matrix, it is necessary to perform data processing on the data set to ensure that all 

data in the data set are data for the normal operation of the system. This article adopts 

the manual data preprocessing method: remove the data samples whose wind speed 

is less than the cut-in wind speed or greater than the cut-out wind speed. Data 

samples with generator active power less than or equal to zero should be eliminated. 

Eliminate data samples with obvious data abnormalities. In addition, the prediction 

vector is calculated by calculating the Euclidean distance between the input state 

vector and each state vector of the process memory matrix, and then a weighted sum. 

Since the dimensions of the selected state quantities are often inconsistent, in order 

to ensure that the Euclidean distance between different state quantities can be 
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correctly measured, the data must be normalized. 

Principal component analysis: 

The size of the process memory matrix is determined by the number of selected states 

and the number of selected state vectors. If the state memory matrix is too large, the 

speed of the program will become slow, which is not conducive to real-time fault 

warning; while the state memory matrix is too large, the accuracy of the built model 

will not meet the requirements, and the performance of early warning will Getting 

worse. In order to solve this problem, the principal component analysis method can 

be used to reduce the dimensions of the selected multiple states, which can reduce 

the number of states that constitute the process memory matrix while ensuring the 

amount of information. Principal component analysis is a widely used data 

dimensionality reduction algorithm. Its characteristic is to map the original N-

dimensional features to K-dimensional. This K-dimensional is a brand-new orthogonal 

feature, also called principal component, which is based on the original N-dimensional 

features. There are many ways to implement principal component analysis, such as 

principal component analysis algorithm based on eigenvalue decomposition covariance 

matrix, principal component analysis algorithm based on SVD decomposition 

covariance matrix, and so on. 

 

3. Result 

3.1 Case 1 

A wind turbine generator in China experienced a fault "Gearbox oil tank temperature 

is higher than the upper limit" at "2018/1/22 23:19:47" and continued until "2018/1/23 

8:14:55". It was found that the wind turbine unit did not experience any gearbox 

system failure in 2017. The SCADA historical operation data of the unit from 2017 to 

before the failure is now collected to predict the failure. The forecasting steps are as 

follows: 

(1) Data preprocessing to obtain training data samples 

This article first selects wind speed, active power, generator speed, oil tank 

temperature, outside temperature of nacelle, and gear high-speed shaft drive end 

bearing temperature as raw data samples for training, and then performs data 

preprocessing and principal component analysis. The results are as follows: 

Table 1 Three Scheme comparing 

Numble Principal component contribution ratio 

1 59.10 

2 24.63 

3 11.04 

4 3.36 
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5 1.08 

6 0.79 

 

Table 2 Principal component coefficient 

Each column is the mapping coefficient of a principal component 

0.484 -0.215 0.213 -0.500 0.221 -0.612 

0.495 -0.208 0.148 -0.349 -0.238 0.715 

0.481 -0.009 0.332 0.684 -0.388 -0.200 

0.431 0.438 -0.133 0.233 0.712 0.208 

0.193 0.719 -0.329 -0.286 -0.481 -0.156 

-0.258 0.449 0.835 -0.157 0.064 0.081 

 

It can be seen from Table 1 that the cumulative contribution rate of the first four 

principal components reaches 98.13%. Therefore, the first four principal components 

and early warning targets are selected as the training data samples. 

(2) Obtain the process memory matrix from the training data sample 

This article adopts the method of equidistant construction to obtain the process 

memory matrix. 

(3) Predict fault with the data samples before the failure. 

Make the difference between the predicted value and the actual value, and draw a 

residual diagram. 

The comparison between the predicted curve of the gearbox oil tank temperature and 

the actual curve is shown in Figure 1. Figure 2 is a partial display of Figure 1. The 

residual diagram of the training data and the prediction data is shown in Figure 3. 

 

Fig. 1 Comparison of predicted curve and actual curve of gearbox oil tank 

temperature 
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Fig. 2 The enlarged part of Figure 1 

 

Fig. 3 The residual diagram of Case 1 

 

3.2 Case 2 

A wind turbine in China experienced a fault "Gearbox oil sump temperature is higher 

than the upper limit" at "2017/10/28 12:38:53" and continued until "2017/10/28 

14:39:54”. It was found that the wind turbine unit had no gearbox system failure 

during the period from 2017-03-31 07:22 to 2017-10-28 12:37:00. The historical 

SCADA operation data of this unit during this period are now collected to predict the 

failure. 

The comparison between the predicted curve and the actual curve of the gearbox oil 

sump temperature is shown in Figure 4. Figure 5 is a partial display of Figure 4. The 

residual diagram of the training data and the prediction data is shown in Figure 6. 
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Fig. 3 Comparison of predicted curve and actual curve of gearbox oil sump 

temperature 

 

Fig. 4 The enlarged part of Figure 3 

 

3.3 Sliding window method to handle residuals 

In Figure 3.4.7.8, the two horizontal lines are the high and low warning thresholds of 

the residuals. The warning value corresponding to the horizontal line corresponds to 

the 99.7% statistical confidence interval of the average value of the residual curve, 

that is, 3  .   is the average value of the residual curve, and   is the standard 

deviation of the residual curve. 

However, it is found that such a threshold is not appropriate for early warning. Even 

in the variance graph of the training data in normal operation, there are many samples 

that occasionally exceed the threshold, but they are scattered. In the variance graph 

of the test data before the failure, the threshold will be continuously exceeded after 

the time when the failure occurs. Therefore, the sliding window method is used to 

process the residuals, so that the early warning can be correct. 

This paper uses two sliding window methods to process the residual image. One is to 
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calculate the average value of the data in the window to compare with the threshold 

to give an early warning; the other is to calculate the ratio of the number of samples 

exceeding the threshold to the total number of samples in the data in the window as 

the early warning data, passing a new threshold Compare with new warning data for 

warning. 

For case 1, Figure 5 is the result of processing the residuals of the training data using 

two sliding window methods, and Figure 6 is the result of processing the residuals of 

the prediction data: 

 

Fig. 5 The result of the sliding window method for the residuals of the training data 

in Case 1 

 

Fig. 6 The result of the sliding window method for the residuals of the prediction 

data in Case 1 

It can be seen from Figure 5 and Figure 6 that the dual sliding window method 

effectively overcomes the problem of difficulty in early warning caused by accidental 

excess of the residual error. But the second sliding window method, that is, the ratio 

of the number of samples exceeding the threshold to the total number of samples in 



Volume 7 Issue 10 2020 
 

   10 

the data in the window is calculated as the method of early warning data is obviously 

better. With reference to Fig. 1, from the upper curve of Fig. 6, it can be found that 

the first sliding window method cannot solve the short-term huge sudden change of 

some data. 

For Case 2, Figure 7 is the result of processing the residuals of the training data using 

two sliding window methods, and Figure 8 is the result of processing the residuals of 

the prediction data: 

 

Fig. 7 The result of the sliding window method for the residuals of the training data 

in Case 2 

 

Fig. 8 The result of the sliding window method for the residuals of the prediction 

data in Case 2 
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4. Conclusion 

A method for early warning of wind turbine gearbox system failure is studied. The test 

and verification of the gearbox system failures of two different wind turbines shows 

the availability of this method. This method is based on a nonlinear state estimation 

modeling method, through preprocessing and principal component analysis of the 

historical SCADA data of wind turbines, constructing a state memory matrix, and then 

predicting the data that requires early warning. Finally, the residual data is obtained, 

and the residuals are processed through two different sliding window methods, and 

finally the data that can be correctly warned is obtained. Experiments show that the 

ratio of the number of samples exceeding the threshold to the total number of samples 

in the data in the calculation window performs better as an early warning data method. 
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