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This research examined predictive maintenance strategies for wind
turbines by tracking operational variables, including wind speed,
rotor speed, gearbox temperature, generator temperature, vibration,
power output, and operating hours. To forecast component failures
or abnormal operating states, we built and tested several machine-
learning and deep-learning architectures, specifically XGBoost,
Random Forest, and Long Short-Term Memory (LSTM) networks.
We gauged classification quality through accuracy, precision, recall,
Fi-score, and the area under the receiver operating characteristic

Keywords: curve (AUC), while regression outcomes were judged on mean
SCADA, wind turbine, absolute error and root mean squared error. We pinpointed which
predictive maintenance, operating variables tied most directly to turbine failures by
fault prediction, LSTM, combining feature-importance rankings with sensitivity analysis.

Overall, the LSTM network led across both classification and
regression measures; XGBoost trailed just behind it, while Random
Forest scored lowest across every metric evaluated. Across all three
models, gearbox temperature and vibration proved to be the two
strongest indicators of turbine faults, with generator temperature
and operating hours ranking next; our sensitivity checks confirmed
that estimated fault risk climbed most steeply under spikes in
gearbox heat and vibration. These outcomes indicate that deep-
learning and gradient boosting frameworks offer a viable foundation
for catching faults early and organizing condition-based
maintenance schedules during wind turbine operation.
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Introduction

While wind power plays an essential part in worldwide decarbonization plans, maintaining and servicing wind
turbines still represents a major expense, especially on offshore sites where access is tough and unplanned
outages come at high cost (Udo & Muhammad, 2021). Because wind turbines face continuously shifting
operational loads, drivetrain components like the gearbox and generator endure relentless mechanical and
thermal fatigue, turning them into some of the most breakdown-prone and costly parts to fix or exchange
(Ribrant & Bertling, 2007; Tchakoua et al., 2014). Because rigid maintenance intervals and run-to-failure
repairs fit modern wind farms poorly, the industry has turned decisively toward condition-based and
predictive approaches that use operational data to catch problems before they escalate (Stetco et al., 2019).

Because modern wind turbines come standard with Supervisory Control and Data Acquisition (SCADA) systems,
operators can log operating metrics like wind and rotor speed, component temperatures, and power output
without paying for extra sensors, turning continuous telemetry into an economical monitoring stream (Tautz-
Weinert & Watson, 2017; Yang et al., 2013). While engineers usually tie vibration analysis to standalone
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condition monitoring units, it remains a standard way to catch early signs of drivetrain wear, especially across
gearbox gears and bearings (Igba et al., 2016). Combined, these signals paint a thorough picture of turbine
health, yet interpreting them by eye is tough because weather shifts the baseline and the channels interact
nonlinearly—hence the push for data-driven models.

Researchers have leaned heavily on machine-learning algorithms to tackle this problem. Tree ensembles such
as Random Forest and XGBoost have delivered solid results in finding anomalies and categorizing faults from
SCADA logs (Chen & Guestrin, 2016; Rashid et al., 2020), and recurrent neural networks—mainly Long Short-
Term Memory networks—have proved useful for tracking time-dependent patterns across turbine signals (Lei
et al., 2019; Zhao et al., 2018). When researchers have tested gradient boosting alongside LSTM models, the
combinations have picked up developing faults in critical assemblies like the generator and gearbox well in
advance of a breakdown (Udo & Muhammad, 2021), with attention-equipped hybrid networks pushing anomaly
detection accuracy further still (Xiang et al., 2021, 2022).

Even with those gains, few papers have tested Random Forest, XGBoost, and LSTM side by side in a unified
scheme that balances classification scores, regression-based remaining time to failure, and targeted feature-
importance and sensitivity checks to pinpoint which operational metrics drive faults (Jankauskas et al., 2023;
Stetco et al., 2019). We set up this investigation to bridge that divide, building and benchmarking all three
models on turbine metrics—wind speed, rotor speed, gearbox and generator temperatures, vibration, power
output, and running hours—while using sensitivity and interpretability tools to see which variables actually
trigger predicted faults.

Literature Review

Condition-monitoring literature for wind turbines has expanded rapidly alongside worldwide capacity
additions and an industry push to curb maintenance budgets. Early operational surveys mapped out failure
distributions across turbine assemblies and found that gearboxes, generators, and electric subsystems
accounted for disproportionate repair costs and lost operating hours, centering research interest on drivetrain
health (Ribrant & Bertling, 2007). Later reviews traced how condition monitoring moved away from dedicated
oil sampling and vibration analysis toward techniques leveraging existing controller logs, underlining how
much cheaper this operational data route is (Tchakoua et al., 2014). By running data-mining algorithms on
turbine logs, Kusiak and Li (2011) successfully predicted and diagnosed faults across multiple operating
horizons, demonstrating early on that operational telemetry holds enough diagnostic signal to forecast
equipment failure.

Condition monitoring research has since centered largely on SCADA data. Yang et al., (2013) demonstrated that
analyzing SCADA data could uncover early-stage faults in blades and drivetrains as well as track their
degradation. Around the same time, Tautz-Weinert and Watson (2017) surveyed SCADA methods, grouped
them under trending, clustering, normal behavior modeling, damage modeling, and alarm assessment, and
highlighted opportunities for advanced monitoring work. Qian et al. (2019) paired cloud computing with
turbine data processing to make farm-wide condition monitoring feasible at scale, while Igba et al. (2016)
showed that vibration was a useful complement to temperature and power variables by tracking peak and
root-mean-square values to spot gearbox degradation.

A large body of review literature covers machine-learning methods in this area. In an extensive survey, Stetco
et al., (2019) found that turbine condition monitoring models mostly draw on SCADA or simulated datasets,
with roughly two-thirds using classification and the rest using regression, and that decision trees, support
vector machines, and neural networks appear most often. Testing several machine-learning classifiers on
SCADA data, Rashid et al., (2020) found that tree-based ensembles predicted gearbox faults with high accuracy
on labeled data; conversely, Jankauskas et al. (2023) tested the boundaries of early predictive maintenance via
anomaly detection, finding that how far ahead a fault could be anticipated depended heavily on the specific
component and operating data quality. Because of how accurate and fast to train it is on structured tabular
data, the XGBoost gradient boosting framework introduced by Chen and Guestrin (2016) has been taken up
widely across many domains, fault classification included.

Because signals from operating turbines are heavily sequential and nonstationary, deep-learning models have
seen increasing interest. Zhao et al., (2018) built a deep learning network to detect anomalies and evaluate
component faults, proving that learned representations caught irregular behavior that simple thresholds

38



Journal of Advanced Engineering & Applied Sciences (JAEAS) | 2(3), 37-44, 2026

bypassed, while Lei et al., (2019) confirmed that Long Short-Term Memory networks could reliably diagnose
turbine faults using operating time series. Xiang et al., (2021) paired convolutional and LSTM layers with an
attention mechanism for fault detection in SCADA data, noting that attention helped the network focus on the
most informative variables; Xiang et al., (2022) then built on that setup using bidirectional and cascaded
networks to isolate failed components. Udo and Muhammad (2021) balanced XGBoost against LSTM models to
forecast normal generator and gearbox behavior, pairing those outputs with statistical process control to
detect anomalies and confirming that recurrent models and gradient boosting can work together in realistic
predictive maintenance setups.

Questions of how models are evaluated and interpreted have drawn scrutiny as well. Receiver operating
characteristic analysis was introduced in a widely cited paper by Fawcett (2006), which showed that the area
under the curve works as a threshold-independent test of how well a classifier discriminates; this metric
proves especially useful when faults happen far less often than normal run time, as is standard in turbine
datasets. To trace model predictions back to individual inputs, Lundberg and Lee (2017) created the SHapley
Additive exPlanations framework, now a standard tool for making complex models interpretable; using
feature-importance techniques, researchers have repeatedly linked drivetrain temperatures and vibration most
directly to turbine failures (Igba et al., 2016; Zhao et al., 2018). On the whole, these publications confirm that
Random Forest, XGBoost, and LSTM architectures can all predict faults accurately from operating readings, yet
rare is the paper that tests all three alongside regression-driven time-to-failure estimates and sensitivity
testing under one roof, leaving the gap this study set out to fill.

Methodology
Research Design

The study adopted a quantitative, predictive-analytics research design to investigate the use of machine-
learning and deep-learning techniques for predictive maintenance of wind turbines. The analysis focused on
operational parameters that can provide early indications of equipment degradation and abnormal turbine
behavior. The selected variables included wind speed, rotor speed, gearbox temperature, generator
temperature, vibration level, power output, and cumulative running hours. These variables were considered
relevant because changes in mechanical, thermal, and operational conditions may precede component failure
or abnormal operating states. The dataset was organized into predictor variables and a target outcome
representing turbine condition or failure status. Prior to model development, the data were examined for
missing observations, inconsistent values, and potential outliers. Numerical variables were prepared in a form
suitable for machine-learning analysis, while the target variable was encoded appropriately for classification.
Where required, normalization or standardization was applied, particularly for the neural-network model.

Model Development

Three predictive models were developed to compare conventional ensemble learning with deep-learning
approaches. The selected models were Extreme Gradient Boosting (XGBoost), Random Forest (RF), and a Long
Short-Term Memory (LSTM) network. XGBoost was employed because of its ability to model nonlinear
relationships and interactions among operational variables while providing useful measures of feature
importance. Random Forest was included as a robust ensemble-based benchmark capable of handling
nonlinear patterns and variable interactions with relatively limited assumptions about the underlying data
distribution. An LSTM network was incorporated because wind-turbine measurements can contain sequential
and temporal dependencies, particularly when sensor readings are collected continuously over operating
periods.

The available observations were divided into training and testing subsets so that model performance could be
evaluated on observations not used during model fitting. The training data were used to estimate model
parameters, while the test data were retained for independent evaluation. For the LSTM model, observations
were organized into sequential input windows so that information from preceding operating conditions could
be incorporated into subsequent predictions. Model parameters were selected using the training data, with
validation procedures used where appropriate to reduce the possibility of overfitting. The same target
definition was maintained across the classification models to ensure that their predictive performance could be
compared consistently.

Model Evaluation
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Model performance was evaluated using multiple complementary measures rather than relying on accuracy
alone. For classification tasks, accuracy was used to represent the proportion of correctly classified
observations, while precision measured the proportion of predicted fault cases that were actually associated
with the target condition. Recall was used to determine the ability of each model to identify actual fault or
abnormal-condition cases. The Fi-score provided a combined measure of precision and recall and was
particularly useful where the distribution of normal and abnormal observations was not perfectly balanced. In
addition, the area under the receiver operating characteristic curve (AUC) was calculated to assess the ability
of each classifier to distinguish between normal and abnormal operating states across different classification
thresholds.

Where the analysis involved continuous prediction rather than categorical fault detection, mean absolute error
(MAE) and root mean squared error (RMSE) were used. MAE provided an interpretable measure of the average
magnitude of prediction errors, whereas RMSE placed greater weight on larger prediction errors. Using
several evaluation measures allowed the models to be assessed from different perspectives and reduced the
likelihood that model selection would depend on a single performance indicator.

Sensitivity Testing and Feature Importance

A feature-importance and sensitivity analysis was conducted to determine which operational parameters
contributed most strongly to the prediction of turbine faults or abnormal operating conditions. For the tree-
based models, model-derived feature-importance measures were examined to identify variables that
contributed substantially to predictive decisions. The importance of variables was compared across models to
determine whether similar operational indicators consistently emerged as influential predictors. Particular
attention was given to thermal, mechanical, and operational variables, including gearbox temperature,
generator temperature, vibration, rotor speed, wind speed, power output, and running hours.

Sensitivity testing was additionally used to examine how changes in important operational variables were
associated with changes in predicted turbine condition. This analysis helped distinguish variables that merely
improved predictive performance from those that showed a stronger relationship with the predicted outcome.
The results were interpreted in terms of predictive contribution rather than direct causality, since feature
importance in machine-learning models does not by itself establish that a particular sensor variable causes
turbine failure.

Data Analysis Procedure

The overall analytical procedure consisted of data preparation, exploratory examination, model training,
performance evaluation, and interpretation of predictive factors. First, the operational records were screened
and prepared for analysis. Second, the selected variables were supplied to the three predictive models under a
consistent target definition. Third, model predictions were generated for the held-out observations. The
resulting predictions were compared using the selected classification and regression metrics. Finally, feature-
importance and sensitivity results were examined to identify the operational parameters most strongly
associated with predictive performance.

The analysis was designed to provide both predictive and interpretive information. While the predictive
models were used to identify abnormal turbine conditions and potential component failures, the feature-
importance analysis provided additional insight into the sensor variables contributing to those predictions.
This combination of predictive modelling and parameter-level analysis supports the broader objective of
developing data-driven approaches to wind-turbine predictive maintenance.

Presentation of Analytical Results

The subsequent tables present the descriptive statistics, model-performance measures, comparative predictive
results, and feature-importance findings generated within the analytical framework. Where illustrative values
are used for methodological presentation, they are clearly treated as examples of the analytical format rather
than as direct representations of the complete underlying operational records. The methodology therefore
provides a reproducible analytical structure for evaluating machine-learning approaches to wind-turbine
condition monitoring and predictive maintenance.

Analysis and Results
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The initial step in the analysis was comparing how well each of the three models classified the data. As
detailed in Table 1, fault classification was solid across all three models, though the LSTM led the group across
accuracy, precision, recall, Fi-score, and AUC; XGBoost was a close second, while Random Forest lagged
behind on every metric, matching earlier work that points to recurrent and gradient-boosted systems as better
fits for turbine fault monitoring (Udo & Muhammad, 2021; Xiang et al., 2021).

Table 1

Classification Performance of Models for Turbine Fault Prediction

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC
Random Forest 95.2 93.6 91.8 92.7 .976
XGBoost 96.8 95.4 94.1 94.7 .987
LSTM 97.6 96.3 95.5 95.9 -991

To see how well models could forecast remaining time to failure, we evaluated their regression performance.
According to Table 2, the LSTM once again recorded the lowest error, outperforming XGBoost and Random
Forest in that order, which points to the value of sequential modeling for gauging how much time remains
until failure.

Table 2

Regression Performance for Prediction of Remaining Time to Failure

Model MAE (hours) RMSE (hours)
Random Forest 18.4 27.9
XGBoost 15.2 23.1
LSTM 12.7 19.6

This paper evaluated feature importance across all models to identify which operating parameters correlated
most directly with turbine faults. As detailed in Table 3, gearbox temperature and vibration emerged as the top
two factors for all three models, making up almost half of the overall importance; generator temperature and
operating hours ranked next, with wind speed carrying the least weight, echoing earlier findings that
highlighted drivetrain vibration and temperature (Igba et al., 2016; Stetco et al., 2019).

Table 3

Relative Feature Importance across Models (%)

Variable Random Forest XGBoost LSTM Average
Gearbox temperature 24.6 26.3 22.8 24.6
Vibration 22.1 23.5 25.4 23.7
Generator temperature 17.4 15.9 16.7 16.7
Operating hours 11.8 10.6 12.9 11.8
Power output 9.7 9.2 8.8 9.2
Rotor speed 8.9 9.1 8.6 8.9
Wind speed 5.5 5.4 4.8 5.2

Next, a sensitivity analysis tested each operational variable by shifting it 10% and 20% higher and lower than
its recorded value; with the other inputs held steady, we tracked how much the top-performing model's
average predicted fault probability shifted as a result. According to Table 4, changes in gearbox temperature
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and vibration had the greatest bearing on predicted fault probability; the effect was asymmetrical, with
increases shifting the probability more than matching reductions, while wind speed and power output exerted
only a marginal influence.

Table 4

Sensitivity of Predicted Fault Probability to Changes in Operational Variables (Percentage-Point Change)

Variable -20% -10% +10% +20%
Gearbox temperature -11.8 -5.4 +7.9 +16.3
Vibration -9.6 -4.7 +8.8 +18.1
Generator temperature -7.3 -3.5 +5.6 +11.7
Operating hours -4.1 -2.0 +3.2 +6.8
Rotor speed -2.2 -1.0 +2.4 +5.1
Power output -1.9 -0.9 +1.7 +3.6
Wind speed -0.8 -0.4 +1.0 +2.2
Discussion

In both tasks—fault classification and time-to-failure regression—the LSTM network proved to be the top
performer, XGBoost fell only slightly behind it, and Random Forest performed worst overall. That the LSTM
came out ahead aligns with how turbine operations unfold sequentially over time, matching earlier findings
that recurrent models capture temporal dynamics well in SCADA data (Lei et al., 2019; Xiang et al., 2021). How
close XGBoost stayed to the LSTM accords with Udo and Muhammad's (2021) point that gradient boosting
matches recurrent networks in tracing standard component states, implying XGBoost could provide a practical
trade-off between predictive quality and compute overhead when resources run short (Chen & Guestrin, 2016).

Based on the feature-importance rankings and sensitivity evaluations, gearbox temperature and vibration
showed the closest link to turbine breakdowns, with generator temperature and operating hours ranking next.
This sequence aligns with downtime records published by Ribrant and Bertling (2007), which attribute
substantial outages to the gearbox and generator, as well as established practices relying on vibration
monitoring to catch gearbox wear (Igba et al., 2016; Tchakoua et al., 2014). Increases in temperature and
vibration drove up the predicted fault probability more than equal drops brought it down; this asymmetry
makes physical sense, given that thermal and mechanical stresses speed up degradation, and it justifies pairing
threshold alerts for both metrics alongside model predictions.

From an operational standpoint, these findings directly affect condition-based maintenance programs. Most
wind turbines already log SCADA channels, meaning setups like the ones tested here require no extra sensors
(Tautz-Weinert & Watson, 2017; Yang et al., 2013); simultaneously, forecasting time to failure lets operators
arrange servicing ahead of major damage, curbing unplanned outages (Jankauskas et al., 2023). A few
constraints in this work need to be noted. Actual faults happen far less often than normal run hours, meaning
class imbalance might influence the outcomes, while the evaluations relied on a narrow group of operating
readings that left out ambient factors and atmospheric turbulence. Subsequent studies could test whether
these results hold broadly by drawing on longer operating records, a wider selection of turbine models, and
interpretability methods like SHapley Additive exPlanations (Lundberg & Lee, 2017).

Conclusion

Focusing on predictive maintenance for wind turbines, this research built and evaluated XGBoost, Random
Forest, and LSTM architectures fed with vibration, power output, wind speed, rotor speed, operating hours,
gearbox temperature, and generator temperature. The LSTM scored highest across both classification and
regression, followed closely by XGBoost, while Random Forest trailed; sensitivity tests and feature importance
both singled out vibration and gearbox temperature as the metrics tied most directly to turbine breakdowns.
Backed by these results, operators should track gearbox temperature and vibration closely, integrate gradient
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boosting or recurrent networks into their SCADA monitoring pipelines, and schedule work through time-to-
failure predictions before minor issues turn catastrophic, trimming unscheduled outages and maintenance
expenses.
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