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Abstract 

Gearboxes are the core components of wind turbines and have high maintenance and 
transportation costs. Therefore, the predictability of potential failures of gearboxes has 
become an urgent need for wind farms. This paper proposes a gearbox fault early 
warning method based on Mahalanobis distance to improve NSET: first we need to 
preprocess the SCADA data, and eliminate abnormal and missing points, and then we 
need to use the Pearson correlation coefficient to select the input parameters, and then 
according to the method of equidistant sampling constructs a memory matrix, and uses 
Mahalanobis distance to eliminate redundant data in the constructed memory matrix to 
obtain a more accurate memory matrix, thus realizing the optimization of the algorithm. 
Take a 2MW wind turbine unit as an example to carry out a verification test. The results 
show that the optimized algorithm memory matrix becomes smaller, the running speed 
becomes faster, and the prediction accuracy is also improved. The gearbox fault can be 
warned in advance, achieving real-time online the purpose of condition monitoring. 
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1. Introduction 

In my country, wind energy is mainly concentrated in the central and western regions or mountainous 

areas with relatively poor terrain. Due to the high transportation costs and maintenance costs, it is 

difficult to install wind turbines [1]. The gearbox is the core component of the wind turbine. If the 

gearbox fails, it is easy to cause damage to the internal structure. People need to shut down for 

maintenance, and the failure maintenance time is long and the workload is large. Therefore, the 

predictability of potential failures of units has become an urgent need for wind farms. There are 

various data sources for wind turbine failure early warning. The monitoring and data acquisition 

system (SCADA) originally equipped in the power plant produces a large amount of valuable 

operating status data every day. Mining early failure information from SCADA data has gradually 

become a major research hotspot. 

Non-linear state estimation (NSET) is a data-driven non-parametric, non-linear empirical modeling 

method proposed by Singer et al. This algorithm uses the data of the equipment under normal 

operating conditions to establish a state model, and then estimates the equipment state based on the 

residuals between real-time data and historical data. Peng Guo [2][3] and others took the lead in using 

nonlinear state estimation methods to model and warn wind turbine gearboxes, and then carried out 

fault warning research on wind turbine tower vibration based on this method. Although this method 

has obvious physical meaning, simple method and high modeling accuracy, it also has obvious 

drawbacks. The non-linear state estimation algorithm has a relatively large dependence on the 
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memory matrix, and the memory matrix must contain as much working condition information as 

possible without redundancy, so the selection of the memory matrix becomes particularly important.  

The commonly used method for selecting the memory matrix is mainly equidistant sampling, but this 

method is prone to omission of key data, and it is prone to redundancy in the acquisition process. 

Aiming at the problem of memory matrix redundancy, Dazhong Li [4] et al. proposed a method of 

constructing a reduced process memory matrix using similarity analysis, which greatly reduces the 

redundancy of the memory matrix and shortens the modeling time. Tingting Yang [5] et al. selected 

the observation state according to the probability density corresponding to the 2 norm, which not only 

avoided the problem of missing key working conditions in isometric sampling, but also avoided the 

addition of too many states to the process memory matrix, resulting in "overtraining" Case.  

In order to solve the problem of equidistant sampling of memory matrix, this paper proposes a method 

based on Mahalanobis distance to optimize fixed step to construct process memory matrix: After 

using equidistant sampling to select the memory matrix, we need to calculate the difference between 

the sample data Mahalanobis distance. If the Mahalanobis distance is large, it proves that the 

correlation between the two sets of data is relatively large, and only one set is retained. Otherwise, it 

is proved that the two sets of data are relatively small and both remain. 

2. Algorithm Basis 

2.1 Nonlinear State Estimation 

The parameters needed for NSET modeling include the overall system observation matrix P, training 

matrix K, process memory matrix D, observation matrix obsX  and predictive output matrix estX [7]. 

Suppose the overall observation matrix 
n bP 

 of the system is in the form of equation (1), where n 

represents the state of time, and b represents the number of observed variables at each time. 
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The row vector of the matrix is all the observation values of a given parameter iX  in a certain 

observation period, which can be expressed as, 

1 2[ ( ), ( ), , ( )]i i i i bX x t x t x t= L                           (2) 

The column vector of the matrix is the observed value of all the observed parameters of jt  at a certain 

time, which can be expressed as, 

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

j j j b jX t x t x t x t= L                         (3) 

Select a period of time parameters without failure from the overall observation matrix P and record 

it as the historical observation matrix K. 
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Select part of the data from the training matrix K as the memory matrix D. The memory matrix should 

contain as much as possible the various states of the system's normal operation. 
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For any input observation vector obsX , the NEST model generates a corresponding weight vector W 

with the same dimension as obsX  so that 

estX D W=                                  (6) 

Among them, 

1 2[ , , , ]mW w w w= L                              (7) 

Suppose the residual error of the observation matrix and the state estimation matrix is  . If the 

similarity is to be maximized, the residual   shall be the smallest, 

min min(| |) min(| |)obs est obsX X X D W = − = −                   (8) 

The residual is minimized, and the weight vector is obtained as follows: 
1( ) ( )T T

obsW D D D X−=                              (9) 

If W exists, the matrix TD D  must be reversible, that is, there is no correlation between the data, but 

the actual wind turbine data are related to each other. Therefore, the non-linear operator   is used 

to replace the original matrix multiplication. There are many methods of nonlinear operation. This 

article chooses the Eucliden distance between two vectors as the nonlinear operator, as follows 

2

1

( , ) ( )
n

i i
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 = −                           (10) 

It can be seen from the above formula that the Euclidean distance between two vectors is proportional 

to the similarity, the closer the distance, the greater the similarity. Then the current state estimation 

matrix of the system can be written as 
1

est ( ) ( )T T

obsX D D D D X−=                           (11) 

The above formula is the calculation formula of the final predicted output matrix of the NSET model. 

2.2 Mahalanobis Distance 

The Mahalanobis distance is proposed by the Indian statistician P.C. Mahalanobis[8], which 

represents the covariance distance of the data. It is an effective method to calculate the similarity of 

two unknown sample sets, and it is defined as follows: 

Suppose x is the n-dimensional observation vector of the population G, the mean vector of the 

population G is μ, and the covariance matrix E, then the Mahalanobis distance between the n-

dimensional observation vector x and the population G is: 

TxExGxd )()(),( 1  −−= −                         (12) 

The basic principle of Mahalanobis distance: firstly, calculate the center extremum of various types 

of known samples; then calculate the center distance between any observation vector and each class; 

finally, take the class with the smallest distance as the attribution class. If the Mahalanobis distance 

between the observed vector and the population is small, it means that the correlation between the 

observed vector and the population is high. If a certain historical data cannot better represent the 

normal state of the wind turbine, the overall characteristics of the data and historical data are 

significantly different, and the Mahalanobis distance between these data and the data sample set will 

be too large. 
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3. Gearbox Temperature Warning Based on Improved NSET 

3.1 Algorithm Flow 

The core of the NSET algorithm is the selection of the memory matrix, and the current state is 

estimated through the memory matrix. If the input observation vector is close to a vector in the 

memory matrix, the estimated value under the normal state can be output, and the residual error of 

the system output will be relatively small at this time. If the input observation vector is not close to 

any vector in the memory matrix or even not in the memory matrix, the state estimate calculated by 

the model deviates from the normal data, resulting in a relatively large residual error. When the 

residual error exceeds a certain threshold, it an alarm will occur to achieve the effect of early warning. 

The algorithm flow chart is as follows: 

 

Figure 1. Flow chart of NSET algorithm 

 

3.2 Mahalanobis Distance Optimized Memory Matrix 

The choice of memory matrix directly determines the accuracy of model prediction. The memory 

matrix is required to contain the data of all states during the normal operation of the wind turbine, but 

the data of the repeated or similar states in the training matrix should be removed. If the number of 

states in the memory matrix is relatively small, the running speed will be very fast, but some key 

information will be missed, resulting in a decrease in prediction accuracy; if the memory matrix 

contains too many states, it will be affected by small fluctuations. The noise is amplified and the 

prediction efficiency is greatly reduced. 

At present, the most commonly used method is the method of equidistant sampling. The main idea is 

to first select the maximum and minimum values of each type of element, and then set the fixed step 

length of each type of element. Starting from the minimum value of the element, go down according 

to the step length, and set a minimum A positive number δ, the data that fluctuates in the δ range in 

each step will be added to the memory matrix. The process is as follows: 

Get SCADA data

Data preprocessing

Select training data

Optimize memory 
matrix

Build a memory 
matrix

Select observation 
vector

Correlation 
coefficient method 

to select parameters

Output prediction 
vector

Calculate residual
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Figure 2. Construction method of isometric sampling memory matrix 

 

This method covers all states as much as possible, but it cannot avoid that similar states are added to 

the memory matrix, which will cause redundancy. Therefore, this paper introduces Mahalanobis 

distance to optimize the selection of memory matrix. The definition of Mahalanobis distance and how 

to judge it has been described above, so we need to set the maximum Mahalanobis distance value 

from the vector in the memory matrix to the sample set, which can not only remove some redundant 

data, but also ensure The amount of data in the memory matrix. If we set the maximum Mahalanobis 

distance from the observation vector in the memory matrix to the historical data sample set as dm, 

the structure diagram of the memory matrix optimized based on the Mahalanobis distance is shown 

below. 

 

Figure 3. The method of constructing optimized memory matrix 
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3.3 Early Warning Design Based on Shewhart Control Chart 

The Shewhart control chart was first proposed by Dr. Walter Shewhart of Bell Laboratories in the 

United States in 1924. It is an important tool for quality management. Quality fluctuations have a 

certain degree of chance. In order to distinguish whether the quality fluctuations are caused by 

accident or by the system, Dr. Shewhart used mathematical statistics to invent a graph with control 

limits to judge whether the production process is under control. 

 

Figure 4. Schematic diagram of Shewhart control 

 

When using the Shewhart control chart, we divide all the data into different groups according to a 

certain length of time or quantity. This group is called a subgroup. Using the relevant knowledge of 

mathematical statistics, we can calculate the relevant characteristic values such as the mean and 

standard deviation of each subgroup. The Shewhart control chart is a two-dimensional coordinate 

system composed of group numbers and subgroup characteristic values. The coordinate system has 

upper and lower control lines, center lines, self-group numbers and some observation vectors. The 

distribution center μ of the actual distribution of the quality characteristic value is used as the control 

center line, μ+3σ is used as the upper control limit (UCL), and μ-3σ is used as the lower control limit 

(LCL). According to the 3σ criterion, the probability that the value is distributed in (μ-3σ, μ+3σ) is 

0.9974, that is to say, if the system is in a normal operating state, there is a 99.7% probability that the 

quality characteristic value will appear in the control The upper and lower bounds of the graph only 

have a probability of 3‰ to appear outside the ±3σ area. Once such a small probability event occurs, 

we can consider that there is an abnormality in the production process to achieve the effect of early 

warning. 

In the actual generation process, the quality characteristics have strong autocorrelation. The residual 

value between the predicted value and the actual value obtained under the prediction model is the 

result of the combined effect of many random factors, and its autocorrelation is very small, can be 

regarded as an independent identically distributed sequence. According to the central extreme value 

theorem, the residual value can be regarded as approximately obeying normal distribution in theory. 

The mean μ and standard deviation σ of the data population cannot be calculated, so the sample mean 

X and the sample standard deviation S need to be used for calculation. The calculation formula is as 

follows: 
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According to the sample mean X and the sample standard deviation S, the alarm threshold is set as 

follows: 

3W X S=                                  (14) 

After the alarm threshold is set, combined with the residual sequence predicted by the model, the 

gearbox failure can be preliminarily warned. 
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4. Case Analysis 

4.1  Data Source and Processing 

The data source is the actual wind farm SCADA data of a wind farm in Zhangjiakou, Hebei from 

February 2017 to January 2018. The cut-in wind speed of the unit is 3m/s, the rated power is 2MW, 

and the sampling period of the SCADA system is 1min. The unit was shut down for maintenance on 

January 22, 2018 due to excessive gearbox oil temperature. 

4.1.1 Abnormal Data Screening  

First, extract all the data from February 2017 to before the failure, artificially remove data points that 

are missing parameters, active power is less than or equal to zero, and wind speed is less than the cut-

in wind speed. The remaining data is denoised, and finally 300,000 sets of data are left. Among them, 

1-150000 sets of data are taken as the training set of the model for training the model. Take 150001-

165000 sets of data as the validation set of the model to calculate the early warning threshold. Take 

165001-300000 sets of data as the test set of the model for the gearbox failure early warning test. 

4.1.2 Selection of Input Parameters 

First, we choose the output parameter as the gearbox oil temperature, and the input parameters should 

directly or indirectly have some influence on the gearbox oil temperature. Therefore, we choose 

Pearson's correlation coefficient to select variables, and choose variables with correlation coefficients 

greater than 0.5 as input parameters. As shown in the following table: 

 

Table 1. Correlation coefficients of input parameters 

Operating parameters Correlation coefficient 

Generator speed 0.5363 

Inlet pressure of gear box oil circuit -0.5491 

Bearing temperature of drive end of high speed shaft of gearbox 0.6953 

Gearbox high speed shaft non-driving end bearing temperature 0.7767 

Gearbox oil sump temperature 1 

 

In addition, active power and wind speed also have a certain impact on the gearbox oil temperature, 

so adding these two factors, a total of six input parameters are: power, wind speed, generator speed, 

gearbox oil inlet oil pressure , Gearbox high-speed shaft drive end bearing temperature and gearbox 

high-speed shaft non-drive end bearing temperature and an output parameter: gearbox oil pool 

temperature. 

4.1.3 Data Normalization 

The units of each factor of the data collected by the SCADA system are different. In order to avoid 

the influence of different dimensions on the prediction of the model, all data will be normalized with 

the mean value, the formula is as follows: 

a

x x
x



−
=                                 (15) 

Where x  and   are the mean and variance of the data, and 
ax  is the normalized data. 

4.2 Gearbox Oil Temperature Failure Test 

A total of 150,000 sets of data in the normalized training set are used for model training. Due to the 

limited calculation matrix, all data training will exceed the calculation dimension. Therefore, a total 

of 15,000 sets of data are trained at an interval of ten seconds. The memory matrix is selected 

according to the method of equidistant sampling, divided into 300 parts from the maximum value to 

the minimum value, and selected according to the process shown in Figure 2. The memory matrix 
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obtained contains a total of 6626 sets of data. The distance method filters these vectors, and the finally 

selected memory matrix contains 6291 sets of data. The training results are shown in the figure below:  

 

Figure 5. The predicted and actual values of the gearbox temperature in the training set 

 

Figure 6. The residual temperature of the gearbox in the training set 

 

It can be seen from the above two figures that the predicted value of the gearbox temperature in the 

training set basically coincides with the actual value, and the residual values are basically within the 

upper and lower control limits. At this time, the residual mean value is 0.0023, the standard deviation 

is 0.1310, and there is no residual. For data with a difference of more than 5°C, it can be said that the 

training effect is already very good. The validation set results are as follows: 
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Figure 7. Verification set gearbox temperature predicted and actual values 

 

Figure 8. Verification set gearbox temperature residual 

 

By estimating the state of the validation set, we can get that the mean of the validation set residuals 

is 0.0218 and the standard deviation is 0.1473. Therefore, it can be calculated according to the 

principle of Hugh's Hart control chart above. The control center line of the control chart is 0.0218, 

the upper control limit is 0.46372, and the lower control limit is -0.42014. Therefore, the early 

warning threshold should be set to [-0.42014, 0.46372]. The prediction set is shown in the figure 

below: 
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Figure 9. Predicted and actual values of the predicted gearbox temperature 

 

Figure 10. Residual error of the predicted gearbox temperature 

 

As can be seen from the above figure, the first 4000 sample data predict the gearbox temperature 

more accurately. After this time, the actual temperature began to change, slightly higher than the 

predicted value, and the residual value exceeding the upper limit of control became more and more. 

If the temperature is abnormal at this time, it should be checked in time. In the 9000th sample data, 

the maximum residual error is close to 5°C, which proves that the temperature is already very high 

and it is close to the point of failure. At about the 13000th sample, the minimum residual error has 

exceeded the upper limit of control, and there is a continuous upward trend. The maximum residual 

error has exceeded 5°C, indicating that the gearbox has failed at this time and should be shut down 

immediately for maintenance. 
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The information contained in the residual graph is confusing, so we use the sliding window method 

to further analyze the residual characteristics. We set the window length to 201, and calculate the 

average value of the residuals in the window and the percentage of over-threshold data respectively. 

The result is shown below: 

 

Figure 11. Sliding window of residual mean value 

 

Figure 12. Sliding window of residual exceeding threshold percentage 

 

As can be seen from the above figure, the mean value of the residual error in the sliding window starts 

to suddenly increase at the 4000th sample, and then continues to increase, and the percentage of data 

exceeding the threshold is also getting higher and higher. In the following data, there may even be a 

ratio of 1 situation. 

The comparison between traditional NSET and improved NSET is shown in the following table: 
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Table 2. Comparison of models before and after improvements 

 
Memory matrix 

size 

operation 

hours 

Noise 

amount 

The percentage of residual error 

greater than 5°C 

Traditional NSET 6626 52s more 0.0370 

Improved NSET 6291 44s less 0.2047 

 

It can be seen from the above table that after the improvement, the scale of the memory matrix 

becomes smaller, the running time becomes shorter, and the amount of noise is also reduced. The 

percentage of residuals greater than 5°C in the total residuals has increased from 0.0370 to 0.2047, 

indicating the abnormal part The difference between the actual value and the predicted value becomes 

larger, which means that the prediction accuracy has been improved, which makes the early warning 

effect more significant. 

5. Conclusion 

This paper proposes a wind turbine gearbox early warning model based on Mahalanobis distance to 

improve nonlinear state estimation. Through the analysis and processing of the SCADA data 

generated by the actual operation of the power plant, the training set, verification set and test set 

required by the model are obtained. The method of constructing the memory matrix with equidistant 

sampling will have problems such as redundancy. Therefore, we propose a method of using 

Mahalanobis distance to eliminate the vectors in the memory matrix that are more similar to the 

sample population and obtain a new memory matrix. When the gearbox is abnormal, the actual 

gearbox temperature will generally rise and deviate from the normal state. At this time, the residual 

value will change. After the residual value exceeds the alarm threshold, the model will warn of the 

failure. Experiments show that compared with the traditional method, this optimization method 

speeds up the operation, reduces the noise, and improves the accuracy of the prediction. It can detect 

abnormalities in time or even earlier, which verifies the effectiveness of the method. 
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