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Abstract  9 

Offshore wind is a rapidly maturing renewable energy that has presented a large growth over the last decade. This increase in 10 

offshore wind capacity has led to the need for more effective monitoring strategies, as currently, Operation and Maintenance 11 

(O&M) costs make up to 30% of the overall cost of energy. This study presented a novel data-driven approach to condition 12 

monitoring systems by utilizing the existing Supervisory Control And Data Acquisition (SCADA) system and integrating a 13 

wide range of machine learning and data mining techniques namely: data pre-processing & re-sampling, anomalies detection 14 

& treatment, feature engineering, and hyperparameter optimization, to design a Normal Behaviour Model of the generator for 15 

fault detection purposes. An ensemble model of the Extreme Gradient Boosting (XGBoost) framework was successfully 16 

developed and critically compared with a Long Short-Term Memory (LSTM) deep learning neural network. The results showed 17 

that, in terms of temperature prediction, the proposed methodology captures a high level of accuracy at low computational 18 

costs. Moreover, it can be concluded that XGBoost outperformed LSTM in predictive accuracy whilst requiring smaller training 19 

times and showcasing a smaller sensitivity to noise that existed in the SCADA database. 20 
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Nomenclature:  25 

Latin symbols 26 

𝑠(𝑥, 𝑛)    Anomaly Score  27 

ℎ(𝑥)     Path Length  28 

𝐸(ℎ(𝑥))    Mean Path Length  29 

𝑐(𝑛)    Average Path Length of Unsuccessful Binary Search 30 

𝑛      Number of Tests 31 

 𝑟     Correlation Coefficient 32 

𝑥𝑎𝑣𝑒      Mean Value of Feature 𝑥 33 

𝑦𝑎𝑣𝑒      Mean Value of Feature 𝑦 34 

𝐼(𝑋 ; 𝑌)     Mutual Information Score  35 

𝐻(𝑋)    Entropy Score 36 

𝐻(𝑋 | 𝑌)   Conditional Entropy Score 37 

𝑃      Wind Power 38 

𝑅     Air Density 39 

𝐶𝑝     Coefficient of Power 40 

𝑣     Wind Speed 41 

𝑙(𝑦𝑖 , 𝑦�̂�)    Loss Function 42 

𝑦�̂�     Prediction Value 43 

𝑦𝑖      Target Value  44 

𝛺(𝑓)    Regularization Term 45 

𝑇     Number of Leaves 46 

𝑤     Vector Score of Leaf 47 

𝐿(𝑡)     Objective Function 48 

𝑔𝑖     First Order Derivative of Loss Function  49 

ℎ𝑖     Second Order Derivative of Loss Function  50 

𝑓𝑡     Forget Gate 51 

𝑖𝑡     Input Gate 52 
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 𝑜𝑡     Output Gate 53 

𝑤𝑥     Neural Network Weights 54 

𝑏𝑥     Neural Network Bias  55 

ℎ𝑡−1    Output of Previous Node 56 

𝑥𝑡     LSTM Input Value  57 

𝐶𝑡     LSTM Cell State Value 58 

𝐶�̃�      LSTM Cell State Candidate Value 59 

𝑅(𝑥)    ReLU Output  60 

Greek symbols 61 

𝜌      Air density 62 

𝜎      Activation function 63 

𝛾     Complexity of leaf 64 

 𝜆     Scaling parameter 65 

 𝛿     Hubber loss hyperparameter 66 

 67 
 68 
  69 
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ABBREVIATION:  70 

ADAM    Adaptive Moment Estimation 71 

ANFIS    Adaptive Neruo-Fuzzy Inference System 72 

CM     Condition Monitoring 73 

LSTM     Long Short-Term Memory 74 

MAE    Mean Absolute Error 75 

MSE    Mean Square Error 76 

NADAM   Nesterov-Accelerated Adaptive Moment Estimation 77 

NAG    Nesterov-Accelerated Gradient 78 

O&M    Operation and Maintenance  79 

ReLU    Rectifier Linear Unit 80 

RMSprop   Root Mean Square Propagation  81 

RNN    Recurrent Neural Network 82 

SCADA    Supervisory Control And Data Acquisition 83 

SGD    Stochastic Gradient Descent 84 

SVM    Support Vector Machine 85 

XGBoost   Extreme Grading Boosting 86 

 87 

  88 
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1. Introduction 89 

Over the past few decades, international organizations have placed a growing emphasis on the sustainable development of 90 

low-carbon emission sources to de-carbonize the global energy system, which has been identified to be the largest contributor 91 

to greenhouse gas emissions [1]. That is especially true for the global offshore wind market, which has grown on average by 92 

24% every year since 2013 - bringing the total installed offshore wind power to 29.1 GW and accounting for 5% of today’s 93 

global wind capacity [2]. This increase in offshore wind capacity has led to the need for more effective Operation and 94 

Maintenance (O&M) procedures. Offshore turbines operate in harsh wind and weather conditions [3], making access to 95 

maintenance or unscheduled repairs expensive and weather dependant [4]. As such, O&M costs for offshore turbines can make 96 

up to 30% of the overall cost of energy production [5]. Hence, having a robust and reliable monitoring strategy is vital for 97 

reducing the overall cost of energy and the optimization of offshore wind farms. Although such systems can be expensive to 98 

implement, by leveraging the existing sensor and data streams, their functionality can be captured with relatively low capital 99 

investment [6]. 100 

1.1 Literature Review 101 

Recently, several investigations have reviewed which subsystem is the largest contributor to O&M costs for offshore wind 102 

turbine. Carroll et al. [5] demonstrated that the generator and the pitch subsystems are the leading contributors to offshore 103 

turbine system failures. As can be seen in Fig.1a, the generator and pitch subsystems are responsible for approximately the 104 

same percentages of failure incidents (~12%). However, as identified by Zhao et al. [7] in 2017, the turbine downtime caused 105 

by generator related faults is equivalent to three times downtime caused by the pitch subsystem (Fig.1b). Consequently, the 106 

energy production loss due to the generator fault is also tripled. Moreover, using the data provided by Carroll et al. [5], the 107 

average repair cost of a generator fault is calculated to be ~1.7 times higher than the cases for pitch. Therefore, for conciseness 108 

reasons, we consider the generator is the largest contributor to O&M costs, which is further employed as the target mechanical 109 

component of fault detection in the current study. 110 

Condition monitoring (CM) and fault diagnosis have an efficient contribution on cost reductions of offshore wind turbine 111 

systems. On account for high maintainence costs, monitoring generator temperature is more significant for effective CM for 112 

offshore wind turbines compared with their onshore counperpart. One of the major concerns on the generator failure lies in its 113 

over temperature. For example, Khaled et al. [8] proposed a Multiple Linear Regression Model (MLRM) to monitor wind 114 

turbine generator temperature based on the historical generator temperature data. It claimed that the generator temperature is 115 

one of the most effective variable for power generations. Similarly, Zhao et al. [7] developed a diagnosis model for wind turbine 116 
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generator based on temperature changes. The proposed model has a 94% accuracy on generator fault disgnosis while at the 117 

same maintaining low cost compared with purpose-built CM systems. 118 

  119 

Fig. 1 – Comparisons of generator and pitch subsystems in terms of O&M costs. 120 

In most applications of fault destection, the fundamental concept remains the same, identifying anomalous behaviour by 121 

looking at the turbine’s performance data. Meanwhile, there have been many implementations of the turbine’s Supervisory 122 

Control And Data Acquisition (SCADA) system for fault prediction and diagnosis. One advantage of a SCADA system-based 123 

CM over purpose-designed CM system is that there is no additional cost [7]. Physical degradation is expected prior to a 124 

component failure, and this degradation leads to a deviation in performance. By implementing trending methods, we could 125 

identify anomalies in the turbine performance. Several studies have investigated this methodology. For example, Butler et al. 126 

[9] introduced Gaussian process models of the power curve to form a residual, displaying performance degradation and leading 127 

to a paramount bearing failure. Performance deviation was detected prior to a major component failure, however, manual 128 

interpretation was required. Furthermore, due to limited training and failure data, subtler changes in performances, relating to 129 

less severe faults, could not be detected. Chen et al. [10] proposed a novel approach for fault prediction and diagnosis combining 130 

both SCADA signals and alarms. In this study, an Adaptive Neruo-Fuzzy Inference System (ANFIS) classifier was used to 131 

make accurate predictions for the pitch subsystem, with a prominent prognosis window, while also incorporating the use of 132 

alarm analysis to identify the root causes of the fault. 133 
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Specific investigations focused on fault detection for the generator of offshore wind turbines is, however, relatively limited. 134 

In the study by Zhao et al. [7], SCADA data was used to train a Support Vector Machine (SVM) classifier and identify generator 135 

faults in two wind farms. Generator failures were predicted with 80% accuracy and diagnosed with 94% accuracy. The 136 

experimental process also showed that generator faults can be detected by monitoring their temperature. This claim is supported 137 

by further research work by Qui et al. [11], where the temperature deviation was used to predict a major generator ventilation 138 

system failure. A data-driven approach to fault detection was implemented by Kusiak et al. [12], where a neural network was 139 

used to design a normal behaviour model for detecting generator bearing anomalies and thus identify faults. The results showed 140 

a 97% success rate of fault prediction with a time-horizon of one and a half hours. 141 

1.2 Objective and Methodology 142 

This study aims at enabling early fault detection in the operation of offshore wind turbines by utilizing the existing SCADA 143 

system to implement a CM strategy. A predictive model of the generator, called the Normal behaviour model, was established 144 

by using the SCADA database recorded from a 7MW demonstration offshore wind turbine. The Extreme Gradient Boosting 145 

(XGBoost) framework was selected to design the predictive model because of its robustness and computational efficiency as 146 

well as its ability to work with time-series data. Then, a Long Short-Term Memory (LSTM) neural network was used to 147 

critically compare their performances. By comparing measured data and model predictions, deviations in performance were 148 

identified thus indicating abnormal behaviour of the turbine. This was achieved by processing the raw SCADA database to 149 

remove noise and extracting the necessary parameters to be used to capture the underlying patterns of the database and predict 150 

the model output. A flowchart of the applied methodology is presented in Fig.2. 151 
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  152 

Fig. 2 - Methodology flowchart of the current paper. 153 

 154 
1.3 Contribution and Paper Organization 155 

The current paper focuses on three aspects to fill the knowledge gaps in previous studies: 156 

▪ Firstly, the current investigation of fault detection for the generator was using field-measured SCADA database 157 

gathered from an offshore wind turbine in Scotland. The SCADA datasets were employed to train the predictive 158 

model and to provide failure data, which further verified the model’s performance. 159 
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▪ Secondly, although the study focuses on generator temperature variations to identify faults, twenty-five different input 160 

parameters are included during the predictions, making it possible to also detect failures in the generator subsystems 161 

that induce other abnormal symptoms, apart from excessive heating.  162 

▪ Finally, an ensemble model was implemented based on the XGBoost framework, which was critically compared with 163 

an LSTM deep learning neural network. XGBoost, a state-of-the-art machine learning implementation of gradient 164 

boosting, can be used for time-series forecasting and was specifically developed to be flexible and computationally 165 

efficient. It has shown great predictive performance and robustness in short-term forecasting. However, its 166 

implementation in the offshore wind industry is still very limited. On the other hand, LSTM is a notable type of deep 167 

learning Recurrent Neural Network (RNN), which is capable of modelling long-term time sequences, such as the 168 

historic SCADA data used in this study. 169 

The rest of this paper is organized as follows: Section 2 provided a detailed description of the target turbine and collected 170 

data, including the necessary pre-processing steps followed. Section 3 outlined the used methodology of feature extraction 171 

developed to select the optimal subset of features in designed the predictive models. Section 4 presented the theoretical 172 

background of XGBoost and LSTM to develop the predictive models, highlighting how they were implemented and optimized 173 

for this study. Section 5 presented the simulated results and key observations of the built predictive models, including an in-174 

depth comparison of them. Section 6 concluded this study by summarizing key observations and contributions, whilst also 175 

provided recommendations for future work. 176 

2. SCADA Data Pre-processing 177 

2.1 Target Wind Turbine 178 

The wind turbine investigated in this study is a 7MW offshore demonstration turbine, located in Levenmouth, Scotland. 179 

The turbine outline is shown in Fig. 3, and the key subsystems include - Rotor and Pitch, Hydraulics, Gearbox, Generator, 180 

Yaw, Converter, Transformer, and Control System. Each subsystem contains multiple sensors, which are utilized by the 181 

SCADA system for monitoring and data collection. There are over a hundred sensors in total, collecting information every 182 

second – including encoders, anemometers, temperature, and pressure instruments.  183 

 184 

 185 
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  186 

Fig. 3 - Levenmouth Demonstration Turbine Subsystem Outline. 187 

2.2 Data Description 188 

The SCADA database provided around 574 parameters monitored and recorded by the turbine, including electrical, 189 

pressure, and temperature readings, as well as atmospheric measurements from the ‘met mast’ and substation. Approximately 190 

two years’ worth of historical SCADA data was obtained. This database was split into two datasets; the first dataset (03/2017 191 

~ 11/2017) was used to train and evaluate the ‘Normal Behaviour’ model while the second one (05/2018 ~ 04 /2019) was 192 

employed for fault detection purposes. 193 

2.3 Obvious Outlier Removal 194 

Before using the SCADA data to train the Normal behaviour model, the data would be processed in a way that noise is 195 

filtered out and any outliers are removed [13]. This ensures that the training data represents an accurate description of the 196 

turbine performance under normal operating conditions.  197 

First, the raw data was examined, and obvious errors were identified and removed, along with their associated parameters 198 

under the same time series. The active power’s raw histogram was inspected, and all negative values identified were removed. 199 

These measurements (highlighted in Fig. 4) hold no practical applications for the model since 'sign' changes in power indicate 200 

that the generator's energy flow is reversed [14], i.e. it is absorbing electrical energy instead of producing it, an invalid situation 201 

under standard operating conditions. Likewise, negative wind speed values were also removed, as they also hold no practical 202 

meaning. Such negative values are the result of sensor degradation since wind speeds are considered positive when the wind 203 
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direction is ignored. Similarly, any power values equalling to zero were also removed when the wind speed is higher than the 204 

turbine 'cut-in speed'. The specified turbine cut-in speed of 3.5ms-1 defines the threshold point at which the blades begin to 205 

rotate, resulting in power production. Therefore, the above observations are the result of turbine downtime which are unwanted 206 

in the ‘Normal Behaviour’ model. Highlights of removed values are shown in Fig 5. By removing the obvious outliers, the 207 

parameter’s natural distributions can be captured.  208 

 209 

Fig. 4 - Histogram of raw active power. 210 
 211 

 212 
  213 

Fig. 5 - Power curve highlighting the zero power values. 214 
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2.4 Data Re-sampling 215 

For better capturing the underlying patterns in the presented SCADA database, a smoothing technique was needed. Due to 216 

the stochastic nature of wind turbulence, measurements taken by the turbine’s anemometers are frequently not coherent with 217 

the actual wind speed impacting the rotor blades. This results in a miss correlation between the measured wind speed and the 218 

output power and is shown by scattering of the points in the power curve (Fig. 6a). This effect can be minimized by resampling 219 

the data over an appropriate period. By consolidating the data into larger time intervals, using the mean value, the introduced 220 

fine-scaled variations are removed. In this investigation, the datasets were resampled into 10-minute intervals, as suggested by 221 

the International Standard for ‘Power Performance Measurements of Electricity Producing Wind Turbines’ (IEC 61400-12-1) 222 

[15]. The turbine’s power curve, before and after smoothing is shown in Fig. 6. Fig.6a presents the power curve constructed 223 

from the original 1-sec SCADA data, with certain noise apparent, resulting in a deformed power curve. Fig.6b shows the 224 

power-curve constructed from the 10-min resampled from the raw SCADA datasets. The result is a smoother, sigmoid shaped 225 

power curve, which better resembles the expected curve and thus, the normal operating conditions. However, due to the non-226 

linear, multi-disciplinary dynamics of offshore wind turbine systems, there is still a certain degree of scattering present and 227 

further treatment is required.  228 

 229 

Fig. 6 - Power curve - (a) before resampling (b) after resampling. 230 
 231 
2.5 Anomaly Detection and Treatment 232 
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The scattering identified in Fig.6b is due to outliers presented in the SCADA database. Outliers are rare but extreme 233 

values that deviate from normal observations, representing measurement variations and recorded errors in the database. 234 

Various outlier detection techniques have been presented in previous studies. In the research work presented in 2020 by Lin 235 

et al. [13], the Elliptic Envelope and Isolation Forest detection techniques were compared using a similar SCADA database, 236 

obtained from the same turbine. Isolation Forest showed a better predictive performance when tested with a deep learning 237 

neural network, making it a more effective and robust method compared to ‘Elliptic Envelope’ or other similar ‘Gaussian-238 

based’ detection methods. Isolation Forest, unlike other popular detection techniques, works by identifying anomalies instead 239 

of profiling normal data points of a given dataset. It builds an ensemble of decision trees and calculates an anomaly score (see 240 

Eq. (1)) to rank observations. In each decision tree, separations are created randomly, by first selecting a random observation, 241 

followed by picking a random split value between the minimum and the maximum values of the selected observations. This 242 

process is repeated until the chosen observation is isolated. Since anomalies are generally less frequent and significantly 243 

different in values compared to normal observations, they tend to lie further away in the parameter space and consequently 244 

require fewer splits to isolate them. This is highlighted in Fig. 7, where two observations were chosen. By observing the data 245 

distribution, it is clear that the first observation is an outlier (Fig.7 a) and the second is a normal observation (Fig.7 b). Then, 246 

by inspecting the splits required to isolate each observation, we can judge that the outlier requires fewer splits to be isolated.247 

 248 

Fig. 7 - Isolation Forest Outlier Detection - (a) Anomalous Observation, (b) Normal Observation [16]. 249 
 250 

In this work, each point is assigned an anomaly score of 1 for normal points and −1 for outliers and the anomaly score of 251 

the observation 𝑥 is defined by: 252 

 
𝑠(𝑥, 𝑛) = 2

−
𝐸(ℎ(𝑥))

𝑐(𝑛)  (1) 
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 253 

Where 𝑠(𝑥, 𝑛) is the anomaly score, ℎ(𝑥) is the path length of the observation 𝑥, 𝐸(ℎ(𝑥)) is the average ℎ(𝑥) from a 254 

collection of isolation trees, 𝑐(𝑛) is the average path length of unsuccessful binary search, and 𝑛 is the number of external 255 

nodes [17].  256 

When implementing Isolation Forest, the ‘contamination ratio’ needs to be specified, since it defines the portion of outliers 257 

in the database. The contamination ratio was selected through trial and error, by comparing the effects of different 258 

contamination ratios (0 ~ 7%) on the power curve, which has a predetermined shape. The results of the iterative process are 259 

shown in Fig. 8. The contamination ratio of 4% (highlighted by the red frame in Fig. 8) was selected to be the most suitable 260 

value for this study, which removed noise disturbances without sacrificing important operational data whilst also implementing 261 

the restrictions placed by the cut-in and cut-off wind speeds of the turbine.  262 

 263 

Fig. 8 - Dataset outlier fraction iterated in Isolation Forest. 264 
 265 
3. Feature Engineering 266 

Feature selection is the process of selecting a subset of relevant parameters that contribute the most to the predicted output. 267 

This is a vital step in the model design, as irrelevant or redundant parameters can negatively affect the model’s performance . 268 

For this study, a combination of manual and numerical feature selection methods was used. 269 

3.1 Remove Unwanted Features 270 



15 

 

Firstly, the available SCADA parameters were filtered by ‘type of measurement’; so that only ‘Physical Quantities’ i.e. 271 

sensor measurements were considered. This step removed unwanted parameters from the database, such as Command lines, 272 

and reduced its size to 188 parameters. Following, a correlation matrix was constructed to quantify variable dependency. The 273 

correlation matrix is a table that expresses how parameters are related to each other. The correlation coefficients, shown in Eq. 274 

(2), can be negative or positive, indicating a proportional or inversely proportional relationship to the target variable. The 275 

correlation matrix was used to identify and remove duplicate parameters from the database.  276 

 
𝑟 =  

∑(𝑥𝑖 − 𝑥𝑎𝑣𝑒)(𝑦𝑖 − 𝑦𝑎𝑣𝑒)

√(∑(𝑥𝑖 − 𝑥𝑎𝑣𝑒)2 ∑((𝑦𝑖 − 𝑦𝑎𝑣𝑒)2)) 
 (2) 

 277 

Where 𝑟 is the correlation coefficient, xi is the value of the 𝑥-feature, 𝑥𝑎𝑣𝑒  is the mean value of the 𝑥-feature, 𝑦𝑖is the value 278 

and 𝑦𝑎𝑣𝑒is the mean value of the 𝑦-feature. 279 

A heatmap of the correlation matrix was constructed to visualize the information presented. Fig. 9 highlights a snippet of 280 

the heat map. The correlation matrix is symmetric, so the graph was simplified by removing data above the leading diagonal. 281 

If a pair has a correlation coefficient larger than 0.95, then each of the parameters is compared against the target output 282 

(Generator Temperature) and the variable that has the smallest correlation coefficient is removed. This process is highlighted 283 

in Fig. 9. Three pairs of highly correlated parameters were identified, and variables ‘2nd Anemometer Windspeed’, ‘Primary 284 

Grid Reactive Power’, and ‘Primary Grid Active Power’ were removed as duplicates. The same procedure was applied to the 285 

entire correlation matrix and 88 parameters were further removed using this method.   286 
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 287 

Fig. 9- Heat map of correlation matrix snippet - (a) before and (b) after. 288 

3.2 Select K-Best Features 289 

For the last step, a univariate parameter selection technique was used to further reduce the number of input parameters. 290 

Univariate selection is a form of statistical analysis that is used to select the features that have the strongest influence on the 291 

target variable. Each parameter is compared to the target output, independently, to identify and quantify the statistical 292 

relationship between the two. This was applied using the ‘Select-K-Best’ class provided by the ‘Sklearn’ library using ‘mutual-293 

info regression’ as a scoring function. Mutual Information Eq. (3) is a measure of dependency between two variables, based 294 

on entropy estimation from k-nearest neighbour distances [18]. It has a non-negative value, with larger scores indicating higher 295 

dependency and a zero-value indicating the two variables are independent. 296 

 𝐼(𝑋 ; 𝑌) = 𝐻(𝑋) − 𝐻(𝑋 | 𝑌) (3) 

Where 𝐼(𝑋 ; 𝑌)  is the Mutual Information for feature 𝑋  and target 𝑌 , 𝐻(𝑋)  is the entropy for 𝑋 , and 𝐻(𝑋 | 𝑌) is the 297 

conditional entropy for 𝑋 given 𝑌. 298 

The best 25 parameters were finally selected, and Fig. 10 highlights the Mutual Information score of each parameter, 299 

ranked in terms of importance. The optimal number of parameters selected was identified through trial and error by calculating 300 

and comparing the model’s MSE on a held-out validation dataset for a range of parameters. Besides, Table 1 outlines the 301 

selected features and their corresponding names in the SCADA database. 302 
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  303 
 304 

Fig. 10 - Mutual Information Score. 305 
 306 

 307 
Table 1 - Selected features. 308 

Selected Features SCADA Parameters 

Active Power (kW)  Power_kW 

Current 2 (Arms) Current2_Arms 

Voltage 2 (Vrms) Volts2_Vrms 

Gearbox Temperature (oC) GearBoxTemperature_DegC 

Generator Total Export Power (kWh) TotalExport_kWh 

Gearbox Bearing Lube Pressure (bar) GBoxDistPres3 

Gearbox Filter Pressure (bar) GBoxFilterPres3 

Gearbox Main Shaft Bearing Temperature 2 (oC) GBoxOpShaftBearingTemp2 

Gearbox Main Shaft Bearing Temperature 1 (oC) GBoxOpShaftBearingTemp1 

Gearbox 3rd Stage Bearing Temperature (oC) GBox3rdStageBearingTemp1 

Gearbox External Heater Temperature (oC) GBoxExtnlHeatertemp 

Gearbox Distribution Temperature 2 (oC) GBoxDisttemp2 

Gearbox Tank Temperature 2 (oC) GBoxTanktemp2 

Main Bearing Temperature 2 (oC) MainBearingtemp2 

Gearbox Dist. Main Bearing Pressure (bar) GBoxDistMainBearingSpPres 

Gearbox OP Bearing Lube Pressure (bar) GBoxDistOpBearingLubePres 

Generator Internal Air Mid Temperature 1 (oC) GenInternalAirMidtemp1 

Generator He Water Outlet Temperature (oC) GenHeWaterOutlettemp 

Generator Bearing Temperature (oC) GenBearingtemp1 

Generator Stator Temperature (oC) GenStatortemp2 

Generator Internal Air Mid Temperature 2 (oC) GenInternalAirMidtemp2 

IGCT Temperature (As % of 125 oC) SubPcsPrivIgctTemp 

Filter Reactor Temperature (As % of 150 oC) SubPcsPrivFilterRctrTemp 

Generator Speed (ms-1) SubPcsPrivRefGenSpeedInching 

Windspeed (ms-1) WindSpeed_mps 

Generator Temperature (oC) GeneratorTemperature_DegC 

 309 
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The amount of power generated by wind turbines is proportional to the wind speed cubed, as shown in Eq. (4).  310 

 𝑃 =
1

2
𝜌𝜋𝑅2𝐶𝑝𝑣3 (4) 

where 𝑃 is the wind power generated (W), 𝜌 and 𝑅 are the air density (kg/m3) and rotor radius (m) respectively, 𝐶𝑝 is the 311 

coefficient of power, and 𝑣 is the wind speed (m/s) [19]. 312 

The power generated, also known as ‘Active’ power, is a clear indicator of the turbine’s performance. It can be used to 313 

indicate whether the turbine is operational, and any miscorrelation between the wind speed and the active power indicates 314 

degradation and plausible faults. On the other hand, Hamid et al. [20] investigated the failure modes of permanent magnet 315 

generators and identified that 40% of the failures reported were related to the bearings, 38% to the stator, and 10% to the 316 

generator rotor. Bearing faults are typically caused by a misalignment in the drive train, which increases abnormal loading and 317 

decreases bearing life expectancy. Vibrations are also introduced onto the rotating shaft, resulting in a torque ripple [21]. 318 

Typically, mechanical sensors measuring the shaft’s torque and vibrations are used for monitoring. However, such sensors are 319 

not available in the current turbine’s SCADA system. Instead, the used approach is monitoring the bearing’s performance 320 

directly. Bearing wear introduced by increased friction, excessive lubrication, or misalignment will cause the bearing’s 321 

temperature to increase. Therefore, by monitoring the bearing’s temperature and its lubrication levels pressure, excessive wear 322 

can be identified early. 323 

Stator and rotor faults usually occur due to high electric and thermal stresses that introduce asymmetry in the generator. 324 

By monitoring the RMS voltage and current of the generator monitored, electrical asymmetry introduced during operation due 325 

to a generator fault could be detected early. A range of additional temperature measurements is also used to assist in predicting 326 

the generator temperature. These include the ‘Gearbox Temperature’, ‘Generator Internal Air Temperature’, ‘Generator Stator 327 

Temperature’ and so forth (outlined in Table 1), where any changes made in the generator temperature will be reflected by 328 

these parameters. This is further highlighted in Fig. 10, where the temperature measurements are shown to be the top 10 most 329 

significant parameters in the model prediction, having the highest Mutual Information Scores. 330 

4. Normal Behaviour Model 331 

To monitor wind turbine performance, a normal behaviour model is developed to predict the turbine’s behaviour. By 332 

comparing the actual observations with the model predictions, any signal deviations caused by component degradation can be 333 

identified. In this study, the XGBoost was selected for designing the predictive model. It was chosen due to its robustness and 334 

computational efficiency as well as its ability to work with time-series data. An LSTM neural network was also used to critically 335 

compare its predictive performance. 336 
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4.1 Extreme Gradient Boost (XGBoost)  337 

XGBoost is an ensemble machine-learning algorithm, developed in 2016 by Chen and Guestrin for regression and 338 

classification tasks [22]. It offers an advanced implementation of the gradient boosting framework, designed for computational 339 

efficiency, and greater model flexibility in supervised learning. Similarly, to gradient boosting, XGBoost combines the 340 

predictive power of multiple learners into a single model in an iterative fashion. Decision trees are used as base learners, and 341 

at each iteration, the error calculated is used to correct the previous predictor (learner) while the change in model performance 342 

is evaluated using the objective function. However, expanding on the principles of gradient boosting, the XGBoost objective 343 

function, defined by Eq. (5), includes additional regularization to prevent overfitting, which is a significant problem for 344 

ensemble models. The extra regularization term penalizes the complexity of the model, improving the model’s generalization 345 

ability and preventing overfitting. Additionally, while gradient boosting uses the loss function of the base models to minimize 346 

the error of the overall model, XGBoost uses the first and second-order partial derivative approximations to get information 347 

about the direction of gradients and thus minimize the loss function more efficiently. Quicker model exploration is also possible 348 

due to the introduction of distributed and parallel computing that ensures faster learning. 349 

 𝐿(𝑡) =  ∑ 𝑙(𝑦𝑖 , 𝑦�̂�)

𝑖

+ ∑ 𝛺(𝑓𝑘)

𝑘

 (5) 

Where 𝑙(𝑦𝑖 , 𝑦�̂�) is a differentiable loss function measuring the difference between the prediction 𝑦�̂� and the target 𝑦𝑖 , and 350 

𝛺(𝑓) is defined by Eq. (6), which represents the regularization that penalizes the complexity of the model, leading to simpler 351 

predictive functions. 352 

 𝛺(𝑓) = 𝛾𝑇 +
1

2
𝜆‖𝑤‖2 (6) 

𝑇 is the number of leaves in a decision tree, 𝛾 and 𝑤 are the complexity and vector scores of each leaf, respectively, and 𝜆 353 

is a parameter to scale the severity of the penalty. 354 

However, since Eq. (5) contains functions as parameters, traditional optimization methods cannot be used to optimize the 355 

objective function. Instead, the model needs to be trained in an additive manner and to do so, the second-order Taylor 356 

approximation is used. To apply the Taylor approximation, the objective function had to be re-written as follows: 357 

 𝐿(𝑡) = ∑ 𝑙( 𝑦𝑖 , 𝑦�̂�
𝑡−1 + 𝑓𝑡(𝑥𝑖)) +   𝛺(𝑓𝑡)

𝑛

𝑖=1

  (7) 

Where 𝑓𝑡 is a function representing the tree structure of the ensemble model at iteration, 𝑡 and 𝑦�̂�
𝑡−1

 is the prediction of the 358 

𝑖-th instance at the previous iteration (𝑡 − 1). 359 
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Then, by applying the second-order Taylor approximation and removing the constant terms, the objective function is 360 

simplified to a simple sum of quadratic functions (Eq.8), with one variable, that can be easily minimized using a greedy 361 

algorithm.  362 

 𝐿(𝑡) ≅ ∑ [𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)] + 𝛺(𝑓𝑡)

𝑛

𝑖=1

 (8) 

Where 𝑔𝑖 and ℎ𝑖 are the first and second-order derivatives of the loss function.  363 

For this work, the MSE, given by Eq. (9), was used for the loss function. Therefore, 𝑔𝑖 and ℎ𝑖 are the first and second-364 

order derivatives of the MSE loss function. MSE was preferred due to its sensitivity to larger errors, i.e. turbine anomalous 365 

behaviour that we aim to detect [23]. 366 

 𝑀𝑆𝐸 =
1

𝑛
 ∑(𝑦𝑖 − 𝑦�̂�)

2

𝑛

𝑖=1

  (9) 

Where 𝑛 is the number of data points, 𝑦𝑖 is the observed value, and 𝑦�̂� is the predicted value. 367 

Model configuration and optimization are also vital steps in the design process of machine learning models [24]. Usually, 368 

each parameter that needs to be determined is represented by a list of values, and combinations of the set of parameters are 369 

tested by the model metrics to identify the best combination. The key to the overall success of the process lies in identifying a 370 

balance point between under-fitting and over-fitting the model by using a validation dataset. However, because of the 371 

XGBoost’s built-in regularization, the hyperparameter optimization can be performed intuitively through trial-and-error. In this 372 

study, the XGBoost model was trained using the selected parameters and a 10-fold cross-validation procedure was applied. Its 373 

performance was evaluated on a held-out test dataset extracted from the treated database to validate its predictive accuracy, 374 

before using for fault detection. 375 

4.2 Long Short-Term Memory 376 

LSTM is a special kind of Recurrent Neural Network (RNN), capable of learning both long and short-term dependencies 377 

[25]. Like most recurrent networks, LSTM has a chain-like structure [26], but the repeated module has a unique architecture 378 

(see Fig. 11). The addition of a second data line (cell state), and three ‘control gates’ to the standard RNN structure, allow the 379 

network to access information from any time step – creating a memory system. The structure of an LSTM node is shown in 380 

Fig. 13 and the value of each neuron is defined by the following equations (see Eq. (10) ~ (15)): 381 

 𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (10) 

 𝑖𝑡 =  𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (11) 
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 𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (12) 

 𝐶�̃� = tanh (𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (13) 

 𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶�̃� (14) 

 ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝐶𝑡) (15) 

Where 𝑓𝑡 is the forget gate, 𝑖𝑡 is the input gate, 𝑜𝑡 is the output gate, 𝜎  is the sigmoid function, 𝑊𝑥 and 𝑏𝑥are the weights 382 

and biases of the respective gate’s neurons, ℎ𝑡−1 is the output of the previous node (at timestamp 𝑡 − 1), and 𝑥𝑡 , 𝐶𝑡 , 𝐶�̃� are the 383 

input value, the cell state, and the cell state candidate values at the current timestamp, respectively.  384 

 385 

Fig. 11 - LSTM modular structure. 386 
 387 

The gates, composed of a sigmoid function and bitwise multiplier, present a method of selectively letting information 388 

through. Each gate has a different function. The ‘forget gate’ selects the information that will be removed from the cell sta te. 389 

The ‘input gate’ picks which of the cell state candidate values need to be updated. The ‘output gate’ creates the node’s output 390 

by choosing the information of interest from the updated cell state. 391 

Regarding model design and hyper-parameter optimization, a ‘Random Search’ tuning technique was used to iterate over 392 

a dynamic model and identify the hyper-parameter combination that optimizes it. ‘Random Search’ optimization sets up a grid 393 

of hyper-parameter values and selects random combinations to train and evaluate the model. This method is preferable for large 394 

data sets since it allows the user to define the number of parameter combinations that are attempted. The hyper-parameters 395 

tunning space is shown in Table 2. 396 

Table 2 - LSTM hyper-parameter tuning. 397 

Hyper-parameters Random Search Tuning Space 

Number of Hidden LSTM Layers 5,6,7,8,9,10 

Number of Neurons per Hidden Layer From 32 to 256 in steps of 16. 

Activation Function of Output Layer ReLU, Sigmoid, Tanh 

Loss Function MAE, MSE, Huber Loss 
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Optimizer ADAM, Adadelta, SGD, RMSprop, NADAM 

Batch-size From 32 to 256 in steps of 32. 

Number of Epochs From 0 to 250 in steps of 1. 

 398 

Through ‘Random Search’, the optimal function was found to be the Rectified Linear Unit (ReLU). ReLU is a piece-wise 399 

linear function for values higher than zero, but non-linear for negative values, where the outputs are always set to zero. 400 

Therefore, it has the desirable properties of a linear function, while also allowing complex relations in the data to be learned. 401 

ReLU is expressed by Eq. (16), where 𝑅(𝑥) is the function’s output, and 𝑥 is the input.  402 

 𝑅(𝑥) = max (0, 𝑥) (16) 

Regarding the loss function, Hubel Loss was identified as the most suitable option. It offers a combination of both Mean 403 

Square Error (MSE) and Mean Absolute Error (MAE) properties, as it is quadratic when the error is small but linear otherwise 404 

(see Eq. (17)). This piece-wise definition allows it to be more robust to outliers compared to MSE while simultaneously solving 405 

the MAE's training problem of continuously creating large gradients that can lead to missing minima [27]. 406 

 𝐻𝑢𝑏𝑒𝑟 𝐿𝑜𝑠𝑠 = {

1

2
 (𝑌𝑖 − 𝑌�̂�)

2
, |𝑌𝑖 − 𝑌�̂� | ≤ 𝛿 

𝛿|𝑌𝑖 − 𝑌�̂� | −
1

2
𝛿2 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (17) 

 407 

where 𝑌𝑖 is the observed value, 𝑌�̂� is the predicted value, and 𝛿 defines the shifting range between MAE and MSE; in this 408 

work, 𝛿 is defined as 1.0. 409 

Regarding the optimizers tested, Nesterov-Accelerated Adaptive Moment Estimation (NADAM) was considered to be the 410 

best choice. It incorporates Nesterov-Accelerated Gradient (NAG) characteristics into the Adaptive Moment Estimation 411 

(ADAM) optimizer for improved performance. ADAM is a Stochastic Gradient Descent (SGD) method that computes 412 

individual dynamic learning rates for different parameters and is itself a combination of Root Mean Square Propagation 413 

(RMSprop) and Momentum. RMSprop works on the derivative of the error function and is based on Adadelta. The complete 414 

set of hyperparameters chosen, including the model structure and kernel hyperparameters, are shown in Table 3 and Table 4, 415 

respectively. These were used for developing a nine-layer sequential model, with eight hidden LSTM layers and a dense output 416 

layer. 417 

Table 3 - LSTM hyper-parameters. 418 

Hyper-parameters  Optimal Values 

Number of Hidden LSTM Layers 8 

Activation Function of Output Layer ReLU 
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Loss Function Huber 

Optimizer NADAM 

Batch Size 32 

Number of Epochs 225 

 419 

Table 4 - LSTM Model Hidden Layers Configuration 420 
 421 

 422 

 423 

 424 

 425 

Similarly, to the XGBoost model, the LSTM model was trained using the selected parameters and a cross-validation 426 

procedure was applied to prevent overfitting. Its performance was evaluated on a held-out testing dataset to ensure smooth 427 

operation so that it could be used to critically compare with the XGBoost model’s performance. 428 

4.3 Generator Fault Detection 429 

For the generator fault detection, the model output is directly compared to the measured temperature to determine whether 430 

an anomaly is present, and the difference between the two signals is calculated to quantify the error. If the error value between 431 

the predicted and the observed values exceeds a certain threshold, for a continuous number of instances, then this would flag 432 

an anomaly.  433 

 To determine the model threshold and evaluate the model’s fault detection accuracy, failure-related data is required. In this 434 

paper, the initial plan was to use the turbine’s Alarm system to label the historic SCADA data and provide both stoppage and 435 

failure information in the testing database. However, after analyzing the Alarm data provided by the target offshore wind 436 

turbine, it was observed that throughout the two years’ worth of historical SCADA data, there were no triggered instances of 437 

generator-related faults. Therefore, the available Alarm data could not be used. In the current study, hybrid faults are introduced 438 

into the database to replicate generator ‘shutdown’ faults. To generate these faults, a similar procedure to the one proposed by 439 

Zhang et al. [28] was used. The 12-month database was divided into four 3-month interval sections and a few generator 440 

temperature values in each section were upscaled to indicate miscorrelated or excessive heating. Under this condition, the 441 

identical data processing applied to the first training database needed to be also applied to the second fault detection dataset. 442 

Fig. 12 presents the processed 12-month fault detection database in 3-month segments, highlighting the hybrid fault incidents. 443 

Hidden Layers Number of Neurons 

LSTM Layer 1 128 

LSTM Layer 2 128 

LSTM Layer 3 320 

LSTM Layer 4 176 

LSTM Layer 5 144 

LSTM Layer 6 112 

LSTM Layer 7 96 

LSTM Layer 8 304 
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As can be seen, each subplot contains a 3-month section and at each section, a random group of temperature readings are 444 

upscaled to exceed the normal operating temperature. 445 

 446 

Fig. 12 - Hybrid generator faults. 447 
 448 
5. Results and Discussions 449 

5.1 XGBoost Model 450 

5.1.1 Model Performance on Test Dataset 451 

 XGBoost’s predictive performance evaluated on the testing dataset is shown in Fig. 13. The first subplot presents the 452 

observed temperature readings and predicted values, while the second one highlights the residual error between the two signals. 453 

It can be noted that the predicted signal and the observed measurements have a great match, and as such, the residual error is 454 

relatively small. Therefore, the developed predictive model can be used for fault detection purposes.  455 
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 456 

Fig. 13 - XGBoost model on testing datasets. 457 
 458 
5.1.2 Fault Detection of XGBoost 459 

Each 3-month section of the database was fed into the XGBoost model and the results are shown below in Fig. 14, which 460 

presented the comparison between observed and predicted values. Meanwhile, Fig. 15 displayed the residual error, i.e. the 461 

difference between the two signals. The two graphs above clearly demonstrated that under normal operating conditions the 462 

predicted output closely resembles the given input, with small deviations. However, when the turbine displays abnormal 463 

behaviour, due to the introduction of the hybrid faults, the difference between the two signals increases drastically, designating 464 

an obvious error. 465 
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 466 

Fig. 14 - Comparisons of observed and predicted values in the XGBoost model. 467 
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 468 
 469 

Fig. 15 – Detected generator temperature errors in the XGBoost model highlighting the faults identified. 470 

5.2 LSTM Model 471 

5.2.1 Model Performance on Test Dataset  472 
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Comparison of the loss function profiles for the training and cross-validation data are presented in Fig. 16. The loss function 473 

has an exponential decrease and stagnates around 200 epoch, whilst the validation loss is varying around 10-5, as shown. 474 

 475 

Fig. 16 - Loss function profile in LSTM. 476 
 477 

Similarly to the XGBoost model, LSTM’s performance evaluated on the testing dataset is presented in Fig. 17. In the first 478 

subplot, the predicted and observed readings are compared, whilst the second subplot highlights the difference between the two 479 

signals. The observed and predicted signals have a great match and the residual error is relatively small. Therefore, the LSTM 480 

model can be used to critically compare the XGBoost model’s performance for fault detection. 481 
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 482 

Fig. 17 – Evaluation of the LSTM model on test datasets. 483 
 484 
5.2.2 Fault Detection of LSTM 485 

The same fault detection evaluation that was carried out using the XGBoost model was again applied to the LSTM model. 486 

Fig. 18 shows the comparison between the observed and the predicted values and Fig. 19 presents the residual error. In a similar 487 

manner to the XGBoost model, the predicted signal of the LSTM model closely matches the actual observations, and the hybrid 488 

faults are identified.  489 
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 490 

Fig. 18 - Comparisons between observed and predicted values in LSTM models. 491 
 492 
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 493 
 494 

Fig. 19– Detected generator temperature error in LSTM models. 495 
 496 

By closely investigating the performance of the two models through Fig. 16 ~ 19, it can be seen that the XGBoost model 497 

provided a higher accuracy. The resulting predictive signal matches closer to the actual temperature readings, and the resulting 498 

error signal is smaller. This is further emphasised by comparing the Mean Absolute Error (MAE) of each model, as presented 499 

in Table 5. It is also worth noting, by examining each subplot separately, we can see the predicted signal of the first subplot 500 

better matches the observed temperature readings when compared to the last two subplots. That is because the last two sections 501 

contain instances of larger temperature readings that result in a small signal shift in the predicted signal and a larger error 502 

variation. Therefore, it can be concluded that the XGBoost model is more robust to temperature variations and shows superior 503 

predictive performance. 504 

Table 5 - Mean absolute error in XGBoost and LSTM models 505 

MAE LSTM XGBoost 

Section 1 (05/2018 ~ 08/2018) 0.93 0.25 

Section 2 (08/2018 ~ 11/2018) 2.72 0.27 
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Section 3 (11/2018 ~ 02/2019) 3.49 0.37 

Section 4 (02/2018 ~ 05/2019) 3.84 0.33 

 506 
Concerning training time, it was observed that the XGBoost model greatly outperformed the LSTM model. The training 507 

of the LSTM model took approximately 1.5 hours, due to its complex internal structure and the high number of tuning 508 

parameters. Specifically, the high number of epochs used and the small batch-size required for accurate predictions lead to a 509 

longer training time. Contrary, the XGBoost model only required approximately 35 seconds for training, a considerably shorter 510 

time, making the XGBoost model significantly more efficient. Both machine learning models were trained using python 3.8.3 511 

and the computer set-up details used are presented in Table 6. 512 

Table 6 - Detailed set-up of the used computer. 513 

Operating System Microsoft Windows 10 Home 

System Type X64-based PC 

Processor Intel(r) Core(tm) i7-6700hq CPU @ 2.60ghz 

GPU GeForce GTX-960M 

RAM 15.83 GB 

 514 

 515 
5.3 XGBoost vs. LSTM 516 

The ‘Normal Behaviour’ model designed and captured the generator’s behaviour under normal operating conditions. As 517 

such we can conclude that pre-processing of the data was effective in improving the model performance. Re-sampling the high-518 

frequency dataset into 10-minute intervals removed noise disturbances and the application of Isolation Forest also removed 519 

erroneous measurements. Accurate predictions with relatively small errors were made using both algorithms, indicating the 520 

selected features were utilized successfully in predicting the generator’s temperature. Therefore, the adopted feature selection 521 

methodology effectively identified the features that contribute the most to the predicted output. The XGBoost model, however, 522 

was shown to outperform the LSTM model in both accuracy and computational efficiency. XGBoost develops the foundations 523 

of gradient boosting by introducing newton boosting to improve predictive accuracy and adding regularization to deal with over-524 

fitting – the major shortcoming of gradient boosting. At the same time, the recursive partitioning of the data, utilized by the 525 

ensemble tree-based model leads to shorter training times. When applied to fault detection, the normal behaviour model 526 

performed remarkably well. Deviations in performance, presented by the hybrid faults, caused the difference between the two 527 

signals (predicted and observed) to increase, allowing for successful fault detections. 528 

6. Conclusions 529 

The key focus of this study was to detect and predict potential operational faults of offshore wind turbines to further reduce 530 

O&M costs. The used historical SCADA data were collected from a 7MW offshore wind turbine, located in Levenmouth, 531 

Scotland. A wide range of machine learning and data mining techniques were utilized to build an optimized normal behaviour 532 
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model, using both LSTM deep learning neural networks and XGBoost ensemble models. The predicted outputs from the models 533 

were then compared with the field measurements to determine whether an anomaly was present. This was achieved by designing 534 

and following several stages: initial processing of the raw SCADA database was conducted to reduce noise, followed by the 535 

feature selection process which identified the subset of SCADA parameters that contribute the most to the predictive output; 536 

additionally, as part of the design process for the LSTM network, hyper-parameter tuning was required, which was performed 537 

via a combination of manual and random search tuning.  538 

In summary, the approach developed in this study has the advantage of high predictive accuracy, whilst retaining low 539 

computational costs. Although both models performed well, it can be concluded that the XGBoost model outperformed the 540 

LSTM model implementation in both accuracy and computational efficiency. It had a smaller average error and required a 541 

significantly shorter training time. XGBoost was built on the fundamentals of the Gradient Boosting frame by introducing 542 

Newton Boosting to improve predictive accuracy and adding extra regularization to deal with over-fitting. At the same time, the 543 

recursive partitioning of the data and parallel processing, utilized by the ensemble tree-based model leads to shorter training 544 

times. Overall, the adopted methodology successfully utilized the existing SCADA system to develop a more effective 545 

monitoring strategy for the generator of an offshore wind turbine and could further reduce O&M costs. The methodology is 546 

independent of the wind turbine properties and as such can be applied to different types of wind turbines and farms.  547 
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