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Abstract: Wind energy is becoming an essential source of power for countries which have the1

aim to reduce greenhouse gases emission and mitigate the effects of global warming. The Wind2

Turbines (WTs) installed around the globe is increasing significantly every year. The dramatic3

increase in wind power has encountered quite a few challenges, among which the major issues are4

availability and reliability. The unexpected failure in WTs Gearbox (GB) ultimately increases the5

Operation and Maintenance (O&M) cost. The identification of faults in the earlier stages before it6

turns to catastrophic damage to other components of WT is curcial. This research deals with the7

prediction of WT failures by using a Supervisory Control and Data Acquisition (SCADA) system.8

The main aim is to forecast the temperature of the WTs GB to predict impending overheating of the9

GB at an early stage. The earlier prediction will help to optimize the maintenance period and to10

save maintenance expenses and, even more important, to generate warnings in due time to avoid11

major damages or even technical disasters. In the proposed method we compared six different12

machine learning (ML) models based on error and accuracy of prediction. The bagging regressor13

is the best ML model, which results in the mean square error of 0.33 and R2 of 99.8 on training14

data. The bagging regressor is then used to predict the fault in the WT GB, which detected the15

anomalous behavior of WT GB 59 days earlier than the actual failure. This model also detects the16

extremely unusual behavior of the GB 9 days earlier than a complete failure.17

Keywords: Wind turbine; Renewable energy; Wind energy; Machine learning; Prediction algo-18

rithm; Gearbox19

1. Introduction20

1.1. Background21

Renewable energy use is on the rise around the world. Renewable energy is the22

energy that is obtained from the inexhaustible natural source. This alternative source23

of power includes wind, solar, geothermal, tidal, hydroelectric, and biofuels [1]. The24

rapid growth in population and economic expansion imposes higher renewable energy25

demand [2]. The higher demand for renewable energy leads the researcher, economist,26

and environmentalists to contribute to this field. On the other hand, global warming27

is a crucial challenge for the world. The greenhouse gas emission is rapidly increasing28

due to the drastic increase in population and industrialization. Many countries around29

the globe are in the transition of renewable energy from fossil fuels in order to combat30

climate change. According to the International Renewable Energy Agency (IRENA),31

in the year 2016, solar and wind energy received 94 percent of the total investment in32

renewable energy [3].33
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1.2. Wind Energy34

Wind energy is the conversion of the movement in the air to electrical energy35

with the help of the WTs. The wind moves around the earth due to the pressure and36

temperature difference. The wind energy is produced either in offshore (at sea) or37

onshore (on sea). Wind power has been expanding by leaps and bounds in the last , 2038

years over the world [4]. According to the Global Wind Energy Council (GWEC) global39

wind statistics 2019 the installed wind power is around 651 GW by the end of 2019 [5].40

The global cumulative wind power installing increased exponentially from the year 200141

to 2019 as shown in Figure 1.42

Figure 1. Historical development in wind energy installation [This figure was made in Excel using
data from reference [4]

43

Wind Turbine (WT) is a sophisticated electrical-mechanical system. As compared to44

traditional turbines that are used in power plants WTs are more prone to failure due to45

harsh operating conditions. The faults in WTs include a long term or temporary faults46

depend on severity. The GB expected lifetime is usually 20 years but due to harsh47

conditions, it fails earlier and downtime is higher as compared to other subsystems. The48

earlier failure in GB cost wind energy high maintenance cost.49

1.3. Challenges50

The number of WTs installed all over the world is increasing day by day and the51

numbers are expected to by 2,02,1000 by 20501 [6]. The rapid expansion of wind energy52

has been encountering many challenges among these; the major challenges are the high53

maintenance cost and poor reliability. The reliability of WT is susceptible to the failure54

of its subsystems and degradation.55

The undesirable GB reliability is a great challenge to the utilization of wind power more56

efficiently. The unplanned operation and maintenance have a great impact on the cost57

of wind power. Table 1 shows the replacement cost of different subsystems in WT in58

Demark [6]. The GB cost of replacement is more than twice of that of the blade or59

generator.60

Table 1: Subsystem replacement cost of a wind turbine [6]

Name of Subsystem Cost (DKK)
Gearbox 3,937,000
Generator 3,937,000
Blade 1,968,000

1.4. Literature Review61

Reliability is paramount in smooth production of wind energy. This development62

in WTs results in heavier and larger structures, which also affect the failure rate of WTs.63

1 These numbers are inferred based on the predicted global installation capacity of wind power and the average rated power per WT
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These failure rates vary for the same size WTs between the onshore and offshore farms64

[7].65

Figure 2 shows the failure rates of different subassemblies and its downtime after failure.66

The results in Figure 2 show that the lower the subassembly’s reliability, the longer is the67

downtime of the corresponding sub-assemblies [8].

Figure 2. Wind turbine different sub-assemblies downtime and failure rates [8]
68

WTs GBs are designed according to standards of International Electrotechnical Commis-69

sion (IEC) for twenty years of a lifetime, but most of the WTs GB do not meet this design70

lifetime. The wind industries are very concerned with the reliability of GB because of the71

share almost 13% of total WT cost, and the replacement cost is very high as compared to72

other components. The authors in [9] pointed out that in terms of WT availability, GB73

alone shares one-third of the total loss.74

The operating conditions of WT are frequently changing in order to meet the grid75

condition which effects the WT GB reliability. The GBs in WTs suffer severe transient76

conditions during the low and high ride through, start, and shutdown [10]. The wind77

industry nowadays uses various condition monitoring (CM) techniques. These tech-78

niques include oil monitoring [11,12] acoustic monitoring [13,14] thermal monitoring79

[15,16], eddy current monitoring [17], and SCADA data analysis [18,19]. Among these80

mentioned CM techniques electrical parameter, temperature and vibration monitoring is81

a commonly used method for the health monitoring of WTs.82

The artificial intelligence-based CM has recently emerged for fault diagnosis in WTs.83

Researchers mostly used Artificial Neural Network (ANN) as an effective tool in com-84

plicated WTs fault pattern recognition. The authors in [20] used Back Propagation (BP)85

ANN to detect four different faults in WTs GB. The results of this paper are satisfying but86

completely ignore the drawbacks of BP neural networks. References [21,22] used data87

mining and fuzzy algorithms approach to detect the fault in WTs GB and blade. The88

SCADA based data mining and multi-agent techniques are also widely used techniques.89

In these techniques the SCADA data is used to predict the health status of WTs using90

different data mining algorithms and agents [23,24]. These algorithms are boosting91

wrapper with genetic search, tree algorithm and wrapper with best-first search .92

The regression-based model predicts the dependent variable or output based on the93

inputs when we assumed the machine or component working in its reasonable condition.94

Figure 3 [25] show the distribution of failure rates in three stages in which represents95

the Weibull distribution. The normal behavior modeling based on regression can be96

defined in various complexity levels. For example, the modeling of the output power of97

WT using the wind speeds. In this case, the whole WT is considered a black box. So this98

prediction depends on the wind speed, which may not be the same in another location.99

The authors in [26] made a comparison of two unsupervised methods Gaussian Mixture100

Model and Self Organizing Maps with a regression-based model. The results of this101
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Figure 3. Machinery failure rate with time [25]

study revealed that the GMMs model is more suitable for prediction. Laouti et al [27]102

used SVMs for fault detection in the WTs blades using a radial basis kernel. They trained103

their model using the data acquired from different sensors on WTs. The authors in [28]104

done a comparison of autoregressive NN, regression, and NNs to detect the WT bearing105

temperature using the SCADA data. The results of this comparison study show that the106

NN approach is best among these three. Wang et al. [29] designed a regression-based107

deep neural network using SCADA data. They evaluate the accuracy of the model using108

the standard deviation of the absolute error (SDAPE) and mean absolute percentage109

error (MAPE). They used the data from 6 different wind farms, and the deep NNs gave110

a MAPE between 2.9 and 14.25. Orzco et al. [30] used an extensive SCADA data of 614111

WTs from 6 different wind farms to build a regression model. The model learns the112

relation between independent variables such as power output and outdoor temperature113

and dependent variable the temperature of the components. The multiple design type114

of regression models like the random forest, linear regression, and they evaluate these115

models using root mean squared error.116

Verma et al. [31] used the data collected from SCADA to detect the failure in the genera-117

tor brush using classification. They used different techniques for parameter selection118

like the wrapper method, boosting tree, and chi-square filter. The result of this study119

shows that the classification accuracy increases from 82.1% to 97.1% using the boosting120

model. They predicated the brush failure 12 hours ahead.121

Abdullah et al.[32] used 64 channel wind farm data collected from 48 WTs over 12122

months to detect the abnormalities in different operations. They used decision trees to123

detect faults. The authors selected the features manually and did not use any dimension124

reduction techniques. They used bootstrap sampling to train the CART tree. The results125

of this study show that the proposed method is easy to interpret the faults in wind farms.126

1.5. Novelty of this research127

The aim of this research was to explore and investigate the application of machine128

learning (ML) models for WT gearbox condition monitoring based on SCADA data.129

While doing so, different ML models were taken into account to select the best model130

based on performance. The particular focus while selecting these models was to choose131

the model with minimum error and few false alarms. The main objective of this study is132

to apply advance fault detection technologies. The fault in WT GB will be detected based133

on the novel ML algorithms using the GB temperature data collected from SCADA.134

This paper consists of 4 sections. Section 1 briefly describes the background, motivation,135

challenges and briefly summarizes the research published for the fault detection of136

WT GB from the existing literature. Section 2 describes the methodology and all the137

approaches used to predict the fault in the WT GB. Section 3 summarizes the results138

obtain from the analyze of SCADA data for fault prediction. Section 4 contains the139

contribution and conclusion of this work. This chapter further highlights the future140

work suggestion.141
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2. Methodology142

This section discusses methodology utilized in this study. The complete flow143

diagram of the methodology of this work is shown in Figure 4.144

Figure 4. Methodology of this study

Firstly the SCADA data is collected from wind farm then the data is preprocessed145

before further analysis. The useful features are extracted for analysis before the ML146

model selection. A comparison of different ML models is done to select the best ML147

model for fault prediction using the collected historical SCADA data. After the selection148

of the best model, the faulty turbine data is given as input to detect the fault in the WTs.149

Once the fault is detected the failure is predicted and the time between the detection and150

actual failure is calculated.151

2.1. Wind turbine SCADA data collection152

Supervisory Control and Data Acquisition (SCADA) system is a basic tool in the153

WT to control and monitor different parameters. It collects all the information about WT154

in a single point of control. The SCADA system usually collects the data from the wind155

farms in 10 minutes interval in order to reduce the bandwidth of data [18]. All most all156

the modern wind farms have the SCADA systems which were used to record different157

important parameters.158

The WT SCADA data for this study was collected from the onshore wind farm La159

Haute Borne-Vaudeville-le-Haut in France. This wind farm consists of four WTs [33].160

The Senvion company manufactures all 4 WTs. The technology of these WTs is highly161

reliable and well equipped with DC pitch system and doubly-fed induction generator162

frequency converter. The nominal output power of each turbine is 2 MW. The technical163

details of this turbine are shown in Table 2.164

Table 2: Technical details of wind turbines

Nominal power 2050 kW
Cut-in wind speed 3.5 m/s
Cut-out wind speed 25 m/s
Nominal wind speed 14.5 m/s
Operating temperature range -20C to +35C
Rotor diameter 82 m
Rotor area 5281 m2

Rotor blade length 40 m
Nominal frequency 50/60 Hz
Hub height 80 m
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The collected parameters are classified into performance parameter (rotor speed,165

power, generator speed, etc.), controllable parameters (torque and pitch angle, etc.)166

and non-controllable parameters (temperature and wind speed, etc.). The SCADA167

system record the average, standard deviation maximum and minimum values of all168

parameters. The historical SCADA data from the year 2014-2018 was collected consist of169

34 parameters which were recorded on 10 minutes interval.170

2.2. Data preprocessing171

Data pre-processing is crucial in ML because "Better data beats fancier algorithms".172

The SCADA data used for this study have extensive amount of WT parameters. The173

dataset contain different outliers for example, mismatch in time and date stamp, negative174

power values, abnormal wind speed, pitch angle mismatch and out of range values.175

Data processing is a technique which mostly uses in ML to convert the data into desired176

and meaningful.177

2.2.1. SCADA data rescaling178

The collected SCADA has different parameters of varying scales. The different
scaled data is very difficult to visualization and this degrades the ML predictive per-
formance as well as slow down the prediction. The data is rescaled using Python to
the same scale. The parameters are rescaled in the range of 0 to 1 and this is called
normalization. The data is rescaled using the MinMaxScaler class from scikit-learn. The
rescaled value is calculated using the following equation

W ′ =
w−min(w)

max(w)−min(w)
(1)

Where W’ is rescaled value and w is the original value,max(w) is the maximum value in179

features and min(w) is the minimum value in features.180

2.2.2. Missing SCADA Values181

The collected SCADA WT data contain some missing values. The reason behind this182

is the sensor failure, corrupt data, and incomplete extraction. Null values are one of the183

significant challenges in data science while predicting the output. In this research work,184

the Python SciKit Learn libraries used to remove the missing value from the collected185

data. The rows with null values are removed as our dataset has enough parameters for186

analysis. Deleting the null values will reduce the bias from our prediction. The removal187

of missing data will increase the accuracy of the model.188

2.3. Feature Selection189

Feature selection is the method to reduce the number of input parameters while190

developing a ML predictive model. The feature selection process is critical because it191

will improve the efficiency of the model. In this study, we use the Recursive feature192

elimination (RFE) method to choose the most desirable input to predict the output of193

GB temperature. RFE aims to eliminate the attributes that are not dependent on each194

other, and are linear correlation between them [34]. RFE is not a deterministic process to195

specify precisely which features should be acquired for the learning process. In other196

words, each time we run this method, different outcomes may be observed.197

The flow chart of RFE method is illustrated in Figure 5. Firstly the features are198

selected after that based on the training results the importance of every feature is199

determined. The features with less contribution are removed and then again the model200

accuracy is calculated. These steps are repeated until we get the best model.This will201

continue until the maximum number of folds is reached.202
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Figure 5. Recursive Feature Elimination flow chart

2.4. The proposed method for gearbox fault detection203

The main theme behind this research work is to predict the GB fault using the GB204

temperature data. The SCADA data is collected from 4 different WTs in the same wind205

farm. After the preprocessing of data, we got 169322 samples. The data is divided into206

training and test data. The workflow of fault prediction in the GB is shown in Figure 6.207

Figure 6. Gearbox fault prediction work flow
208

2.4.1. Machine learning model selection209

The ML model selection is one of the toughness jobs in predicting GB temperature.210

In this study, we compare the different ML models on the basis of the performance as211

shown in Figure 7. The main points we consider during our predictive model selection212

are:213

1. The selected model should better predict the future values (unseen values) of WT GB214

temperature.215

2. The selected model should be a minimum error while predicting the future value of216

GB temperature.217

3. The selected model should take minimum computation time while predicting future218

value.219
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Figure 7. Machine learning model selection

2.4.2. Training model220

The ML training model is shown in Figure 8. Firstly we feed the input parameters,221

which consist of 26 variables. These variable includes wind speed, rotor speed, power,222

generator speed, etc. as shown in Figure 8. The WT GB is predicted based on these input223

variables.

Figure 8. Machine learning model selection
224

2.4.3. Machine learning Algorithms225

In this research work, we used six different ML algorithms. The algorithms are226

compared for the SCADA data based on the predicted error. The ML models used in227

this study are the following:228

Random Forest:229

The random forest algorithm is a supervised learning algorithm that is made up of230

different decision trees. The accuracy of the model will vary on the number of trees [35].231

The random forest algorithm works by constructing different trees, and the pre-232

dicted output is the mean of all decision trees. The main advantage of random forest233

over other model is that it prevents overfitting problem in ML because it randomly234

selects a sample from the data set and generate an output.235

Linear Regression:236

The linear regression is a supervised ML algorithm that predicts the targeted output237

based on the input variables. This model is mostly used to find the linear relation238

between the inputs and output variables. Mathematically speaking the concept behind239

linear regression is the straight-line equation :240

y = mx + c (2)

Where y is the targeted output , x is the input parameters , m is the slope of linear241

line and c is y intercept242
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K-Nearest Neighbor:
The K-Nearest Neighbor is a simple ML algorithm which predicts the targeted output
based on the distance functions. The distance function for continuous value are :

Minkowski = [
k

∑
i=1

(|xi − yi|)q]
1
q (3)

Euclidean =

√√√√ k

∑
i=1

(xi − yi)2 (4)

Manhattan =
k

∑
i=1
|xi − yi| (5)

243

Multilayer perceptron : The multilayer perceptron is a neural network algorithm, which244

consists of many sample layers. The layers are the input layer, hidden layer, and output245

layer [36]. This algorithm mostly use in finding the non-linear relationship between the246

inputs and target output [37]. The input layer consists of the input parameter like wind247

speed, rotor speed, and outdoor temperature, etc. The hidden layer consists of different248

neurons that help in training the neural network. The output layer consists of the WT249

GB temperature.250

251

In this research for the training of a multilayer perceptron error backpropagation252

algorithm is used. In this algorithm, the output and actual output is compared until253

we got the least error [38]. To transfer the input k j into the output oj the log sigmoid254

function is used which is represented as follow:255

256

f (k j) =
1

(1 + exp(−k j))
(6)

Adaptive Boosting algorithm: Adaptive Boosting is a meta ML algorithm that257

is combined with different types of other algorithms to boost performance. In this258

algorithm, the data output of other weaker algorithms is merged to one weighted sum,259

which is then boosted output. The AdaBoost (Adaptive Boosting ) algorithm is very260

sensitive to outliers and the data with noise [39]. The advantage of this algorithm over261

others is that it is less susceptible to overfitting problems. The AdaBoost algorithm,262

unlike other NN and SVMs, select only the features that improve the accuracy of the263

model [40].264

Bagging algorithm : The bagging algorithm in ML is an ensemble algorithm which265

is proposed by Breiman [41]. The bagging algorithm uses the technique known as boot-266

strap which is a statistical method to predict the output base on the average estimation267

of input sample data [42]. The flow diagram of this regressor is shown in Figure 9. The268

main advantage of this algorithm over other discuss algorithms it reduces the variance269

which helps to minimize the overfitting problem .270

2.4.4. Machine learning model comparison and evaluation271

In this work to compare and validate the above mentioned machine-learning algo-272

rithms following metrics are used:273

274
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Figure 9. Bagging algorithm flow chart

Coefficient of determination:
The coefficient of determination (R2) metric measures how good the algorithm to the
regression of the equation by calculating the relationship between the input parameters
and targeted variables. This metric is also called fitting degree of regression as well .
Mathematically this is expressed as:

R2 = 1− ∑K
m=1(Gbtp(m)− Gbta(m))2

∑K
m=1 Gbta(m)− Gbt′a(m))2

(7)

where Gbtp is gearbox predicted temperature, Gbta is gearbox actual temperature, K275

show the number of datapoints which is K=1,2,3........m and Gbt′a is the mean actual276

gearbox temperature.277

The maximum value of R2 is 1. If the value is closer to 1 the model is good and
fitting to the regression line to the targeted variable [43]. If the value is less (less than 0.5)
the model is not good for this data.

Mean Square Error :
The mean square error (MSE) estimated the average square difference between the
actual value and predicted value. The MSE measures the quality of the regression ML
algorithm. The value closer to zero is better. If the predicted GB temperature is Gbtp(m)
and actual GB temperature is Gbta(m) and total data samples are K mathematically MSE
is expressed as:

MSE =
1
K

K

∑
m=1

((Gbta(m)− Gbtp(m))2 (8)

Mean Absolute Error :
The mean square error which denoted as MAE. The MAE calculate the average between
the absolute actual value and the absolute predicted value. Mathematically this error is
represented as :

MAE =
1
K

K

∑
m=1
|Gbtp(m)− Gbta(m)| (9)

278

Where Gbtp(m) is the predicted gearbox temperature, Gbta(m) is actual gearbox temper-279

ature and K is total data samples.280

3. Results and Discussion281

The first objective is to deal with the SCADA data of WT and to remove the unnec-282

essary information which is not necessary for health assessment of GB of the WT. The283
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second objective is to the selection of ML model and train model using the healthy WT284

GB temperature data. The most accurate model is selected based on the results. The third285

one is to early predict the GB temperature of the in the unhealthy data of the second WT.286

3.0.1. Removal of missing values287

The SCADA dataset contain lot of missing value which are not recorded. We first288

plot the missing value as show in Figure 10. After complete analysis we remove that289

row which contain more than one missing values. We did not replace the not a number290

(NaN) values with any statistical approach like mean, mode etc because it can effected291

negatively on our ML model

Figure 10. Missing values in SCADA data
292

3.1. Feature selection293

The feature selection is done using the correlation statistics as shown in Figure 11.294

The highly related input variables to the targeted output (Gearbox output temperature)295

are selected.The value of correlation is represented in the range of 0 to 1. The input296

variables with a value of less than 0.5 are removed and greater than 0.5 is selected.

Figure 11. Pearson correlation heatmap
297

3.2. Machine learning model training298

After the SCADA data preprocessing and feature selection the training of the ML299

model is done using six different regressors which are further described in the following300

sections.301
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3.2.1. Extra tree regressor302

The first regressor we used to train the WT SCADA data is an extra-tree regressor.303

The MSE, MAE and R2 reported were 0.86, 0.79 and 43.01% respectively. The time taken304

by this regressor was 55.95 seconds. As the dataset we used in this study is big which305

contain almost 200000 samples which is hard to visualize for better visualization Figure306

12 show the prediction of GB temperature for 3 days.

Figure 12. Wind turbine gearbox temperature prediction using extra tree regressor for 3 days
307

3.2.2. Random forest regressor308

The second algorithm we try for our collected SCADA data was a random forest309

regressor which uses the average value of sub samples as explained in methodology.310

The MSE, MAE and R2 reported were 0.39, 0.44 and 99.6% respectively. The time taken311

by this regressor was 42.95 seconds. Figure 13 represents the prediction with 3 days312

of data only. Compare to the previous model the prediction accuracy reported for this313

model is high.

Figure 13. Wind turbine gearbox temperature prediction using random forest regressor for 3 days
314

3.2.3. KNeighbors regressor315

KNeighbors regressor predicts the targeted output by interpolation with nearest316

neighbors in the training data which is explained in section 2. The MSE, MAE and R2
317

reported were 22.54, 2.92 and 82.05% respectively. The time taken by this regressor was318

19.93 seconds.Compare to the previous models the prediction accuracy of this model is319

less and the error is high. The time taken by this model is less than the previous. Figure320

14 represents the better visualization of the prediction with 3 days of data only.321

3.2.4. AdaBoost regressor322

The AdaBoost regressor is a meta-predictive algorithm which predicts the targeted323

output using decision tree regression as explained in methodology. The MSE, MAE and324

R2 reported were 2.25, 1.12 and 98.2% respectively. The time taken by this regressor was325

47.95 seconds. Figure 15 represents the better visualization of the prediction with 3 days326

of data only.327
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Figure 14. Wind turbine gearbox temperature prediction using KNeighbors regressor for 3 days

Figure 15. Wind turbine gearbox temperature prediction using adaBoost regressor for 3 days

3.2.5. Multi-layer perceptron regressor.328

The multi-layer perceptron (MLP) regressor optimizes the squared loss using gradi-329

ent descent as explained in section 2. The MSE, MAE and R2 reported were 41.1, 4.96330

and 73.31% respectively. The time taken by this regressor was 49.95 seconds. The output331

is further visualized in Figure 16 for 3 days. The prediction error for this model is very332

high as compared to previous models.

Figure 16. Wind turbine gearbox temperature prediction using multi-layer perceptron regressor
for 3 days

333

3.2.6. Bagging regressor334

The bagging regressor is an ensemble that predicts the output GB temperature335

based on aggregate the average of individuals as explained in the previous section. The336

MSE, MAE and R2 reported were 0.33, 0.44 and 98.5 respectively. The time taken by this337

regressor was 31.77 seconds.Compare to the previous models the prediction accuracy of338

these models. Figure 17 represents the better visualization of the prediction with 3 days339

of data only.340
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Figure 17. Wind turbine gearbox temperature prediction using bagging regressor for 3 days

3.3. Machine learning model comparison and evaluation341

The above-discussed ML model is further compared on the basis of errors and342

accuracy. The models are further evaluated using backward and recursive feature343

elimination techniques, these results are tabulated in Table 3. After running a backward344

elimination algorithm, we remove [Ws avg, Nac avg, Ws1 avg]. As a result, the accuracy345

slightly improves in some cases and recursive feature elimination technique algorithm,346

[Gost avg, P avg, Rm avg, Ds avg, ’Cm avg’, ’DCs avg’, ’Gb1t avg’] are the features that347

we decide to remove, based on the observed outcomes in each fold.348

The results is further evaluated without removing any feature from the dataset. Table 3349

indicates that bagging regressor is better than other models because it offers less error350

and the accuracy of prediction is high as compared to other models. Considering these351

factors we select the bagging regressor as the most suitable ML model for the output352

gearbox temperature prediction.

Table 3: Comparison of different feature elimination techniques on ML models

Model Backward Elimination Recursive Feature Elimination Without data manipulation
MSE MAE R2 Time(s) MSE MAE R2 Time(s) MSE MAE R2 Time(s)

Bagging 0.36 0.44 99.7 81.77 0.65 0.62 99.4 41.77 0.33 0.44 99.8 31.77
Random fores 0.38 0.44 99.7 35.95 0.7 0.64 99.3 35.95 0.39 0.44 99.6 42.95

Adaboost regressor 2.45 1.26 98.07 43.95 1.95 1.1 98.4 33.95 2.25 1.12 98.2 47.95
K-Neighbors 6.14 1.86 95.01 48.95 3.14 1.16 97.05 14.95 22.54 2.92 82.05 19.95

Extra tree regressor 0.38 0.4 38.01 40.95 0.76 0.69 66.01 48.95 0.86 0.79 43.01 55.95
MLP regressor 46.61 5.01 64.31 15.95 1.161 0.96 98.31 19.95 41.1 4.96 73.31 49.95

353

3.3.1. Validation354

The results obtained from the ML models are further validated by dividing the355

dataset in train, test and validate data as explained in methodology.The data is split in356

80,10,10 percent respectively. The results obtained for the validation are shown in Table357

4.358

Table 4: Validation results using holdout method

Model MSE MAE R2

(%)
Time
(sec)

Bagging 0.36 0.47 99.4 34.87
Random forest 0.42 0.45 99.1 45.95

Adaboost regressor 5.25 2.12 94.22 45.15
K-Neighbors 19.54 3.12 84.14 29.35

Extra tree regressor 0.93 0.91 48.21 66.34
MLP regressor 39.23 7.63 86.42 35.53

359
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3.4. Fault detection of wind turbine gearbox using best model360

Once the normal behavior of the WT GB is trained by using the best-performed361

training algorithm, the fault in the GB is now detected by comparing the actual and362

predicted temperature. Figure 18 shows the change in temperature of GB for 3 month363

period which eventually fails after 76 days. Figure 19 shows the difference between

Figure 18. Fault detection of WT gearbox for 3 months
364

predicted and actual GB temperatures in these 3 months. The first noticeable change from365

the predicted model occurs at point 1 label in Figure 19, shows that the GB performance366

has deviated from normal behavior. The frequency of this deviation is increased further367

in point 2 and the temperature difference is 15°C and lasted for a long time. Point 3 in Fig368

19 shows that the turbine is completely failed at point 3 due to the overheating of the GB.369

This shows that using this model we detect the anomalous behavior of WT GB at point 1370

which can be used as an early warning point. Point 2 in this method can be used as an371

acute warning point (alarm) as the anomalous behavior frequency is increased. When372

we calculate the difference in time between our warning at point 1 and the complete373

failure of the WT at point 3 it is 59 days which means we detect this fault 59 days earlier374

and we can fix this fault to avoid the failure at point 3. The extremely unusual behavior375

of the GB is model at point 2 is 9 days earlier than actual failure, we can stop the WT at376

point 2 and do the minor repair at this point to avoid the complete failure in point 3.377

Figure 19. Difference between actual and prediction gearbox temperature for 3 months
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4. Conclusion and Future Work378

The wind industry is past few years experiences significant growth and will con-379

tinue to play a significant role in providing energy to households and industries.However,380

the wind industry faces higher challenges in terms of reliability and availability. Un-381

expected failure in wind turbine causes unscheduled maintenance, which increases382

operational and maintenance costs. These unexpected failures can be detected by effi-383

cient failure detection methods, which can help in improving WT reliability, availability,384

power performance, and reduction in operational and maintenance costs.385

The collected SCADA dataset for this research contains different outliers so the SCADA386

data is pre-processed using Python.The features were selected from the dataset to reduce387

the number of input parameters while developing a ML predictive model. The feature388

selection process is critical because it will improve the efficiency of the model as well as389

reduce the computation time of the model.390

Six different ML algorithms were trained and compared base on mean square error391

and coefficient of determination . Considering these evaluation metrics, we select the392

bagging regressor as the most suitable ML model for the output GB temperature pre-393

diction and we used to predict the failure in our faulty WT. The bagging method is394

further validate based on the validation data. By implementing the proposed method395

to predict the fault in the faulty we detect the anomalous behavior of WT GB 59 days396

earlier which considered as an early warning point. The extremely unusual behavior of397

the GB is model 9 days earlier than actual failure, we can stop the WT 9 days earlier and398

do the minor repair at this point to avoid the complete failure.399

This research work can be further extended to other subsystems in the WT such as400

power converters, tower, main bearing, blade. Experimental verification of the proposed401

health monitoring of WT GB should be conducted402
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