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Abstract  
 

This paper describes a machine learning framework for gearbox health assessment in wind turbines, built around 
gearbox oil pump pressure rather than the thermal signals that dominate the existing literature. A Random Forest 
Normal Behavior Model (NBM) is used based on a healthy operational baseline to predict expected lubrication 
pressure, and the residual between predicted and actual values is smoothed over a 30-day rolling window to filter out 
operational variability and expose structural drift. The model was chosen after benchmarking against XGBoost and 
Support Vector Regression. 
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1. Introduction 
Wind energy now accounts for a significant share of electricity production in many countries. As turbine fleets age, 
operation and maintenance (O&M) costs keep growing. Among turbine components, the gearbox is one of the costliest 
to maintain (Aafif et al. (2024)). 
 
Industry data put the gearbox failure rate at about 0.154 events per turbine per year, with an average downtime of 14 
to 15 days and repair costs that can exceed $250,000 per event (Sheng 2013, Dao et al. 2019). Most of these failures 
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originate from the bearings, and they are typically preceded by a gradual temperature rise. Aafif et al. (2022) showed 
that in practice, gearbox condition is monitored through temperature: when a threshold is exceeded, production is 
reduced to let the gearbox cool before resuming normal operation. Detecting this rise early enough is what makes 
thermal monitoring useful. 
 
SCADA systems record operational data at 10-minute intervals on virtually all modern turbines. The data is already 
there, collected continuously at no additional cost. Several studies have used it to develop data-driven fault detection 
models, with results generally showing that deviations from normal thermal behavior can be caught well before a 
failure occurs (Jankauskas et al. 2023, Leahy et al. 2019, Jiang et al. 2022). 
 
Most SCADA-based condition monitoring works use thermal signals; lubrication pressure has received little attention. 
A Random Forest regression model is trained on a baseline corresponding to a healthy state to capture normal 
lubrication system behavior, and the residual between observed and predicted pressure is smoothed over a 30-day 
rolling window. 
 
The main contributions of this work are: (i) a multi-year SCADA harmonization procedure addressing inter-annual 
parameter inconsistencies across six annual datasets; (ii) a physics-informed zero-pressure artifact removal step 
specific to the lubrication circuit and (iii) a Random Forest-based normal behavior model for gear oil pump pressure. 
 
2. Literature Review 
Condition monitoring of wind turbine gearboxes using SCADA data has been extensively studied over the past decade. 
Tautz-Weinert and Watson (2017), Pandit et al. (2023), and Pandit and Wang (2024) all point to Normal Behavior 
Modeling (NBM) as the prevailing approach: train a model on healthy operation data, then monitor the residual 
between predicted and actual measurements over time. When that residual drifts persistently, the component is no 
longer behaving as the model expects. 
 
Within this NBM framework, the choice of monitored signal has been almost uniformly restricted to thermal variables. 
Early contributions such as Wilkinson et al. (2014) used polynomial regression on gearbox and generator temperatures 
and demonstrated fault detection between one month and two years in advance. Bangalore and Tjernberg (2020) 
applied Support Vector Regression to gearbox bearing temperatures, using Mahalanobis distance for anomaly scoring. 
Yuan et al. (2019) took a stacking ensemble approach, combining Random Forest, Gradient Boosted Decision Trees, 
and XGBoost to model gearbox oil temperature, with Mahalanobis distance replacing the direct residual as the 
deviation metric. More recent work has moved toward deep learning: Oliveira-Filho et al. (2025) applied 
autoencoders, LSTMs, and variational autoencoders to SCADA temperature time series, while Puruncajas et al. (2025) 
used artificial neural networks to detect bearing temperature anomalies across a multi-turbine wind farm. Across all 
these works, the monitored signal is a temperature, and the output is either a binary alarm or a residual trend without 
normalization into a bounded health indicator. 
 
The treatment of gearbox pressure signals in this context is notably absent. To the best of our knowledge, the only 
directly adjacent work is Zeng et al. (2020), who applied Sparse Bayesian Learning to model the differential pressure 
across the gearbox oil filter and used hypothesis testing to flag anomalies. However, that work monitors pressure 
difference across a filter rather than absolute pump pressure. It targets a distinct physical failure mode related to filter 
clogging, and produces a probabilistic alarm flag rather than a continuous health index. Milani et al. (2025) included 
pressure signals as one of several SCADA variables in a generative model for synthetic data augmentation, but 
pressure there plays no role as a health indicator. 
 
Gear oil pump pressure reflects the mechanical state of the lubrication system directly. Yet no prior work has applied 
a Normal Behavior Modeling framework to this signal to extract a load-decoupled degradation indicator. The present 
work addresses this gap: a Random Forest model is trained on a healthy operational baseline to predict expected 
lubrication pressure from eight operational and environmental inputs, and the residual between predicted and actual 
values is smoothed over a 30-day rolling window to isolate structural drift from operational variability, using only 
standard SCADA instrumentation. 
 
 
 



Proceedings of the 16th International Conference on Industrial Engineering and Operations Management 
Ankara, Türkiye, June 23-25, 2026 

© IEOM Society International 

 
3. Data Aggregation and Harmonization 
3.1  Data Description 
The study is based on multi-year SCADA data collected from a single wind turbine. The dataset comes from the 
Penmanshiel Wind Farm SCADA system in the United Kingdom, a publicly available resource (Plumley (2022)). 
Measurements were recorded every 10 minutes between June 2016 and June 2021, giving roughly 263,340 records 
across 300 operational channels. Six annual datasets were initially available, each corresponding to a different 
observation period. Because the recorded parameters slightly differed from one year to another, a harmonization step 
was first conducted. 
 
To keep only the variables that were shared across all datasets, a column intersection procedure was used. By doing 
this, temporal consistency was guaranteed, and structural biases that might result from parameters that only appeared 
in particular years were avoided. The resulting unified dataset contains a stable set of operational, thermal, electrical, 
and drivetrain-related variables spanning the full analysis horizon. 
 
3.2 Missing Values 
To guarantee data quality, columns containing more than 70% missing values were removed before any modeling 
step, in line with standard preprocessing practice (Chesterman et al., 2023; Pandit et al., 2023). Missing entries were 
defined as NaN (Not a Number) values, empty cells, or zero placeholders when physically implausible. 
 
A year-by-year breakdown of gear oil pump pressure (Table 1) revealed a sharp discontinuity in the raw signal. In 
2016 and 2017, mean pressure sits around 5 bar and never exceeds 13 bar. From 2018 onward it rises to 342 bar, 
stabilizing around 540 to 560 bar through 2021. A difference of two orders of magnitude rules out degradation or 
seasonality as explanations. The most likely cause is a sensor configuration change or a different physical quantity 
being logged in the early years, consistent with the inter-annual parameter mismatches found during the harmonization 
step and with data quality issues documented for publicly available SCADA datasets (Leahy et al., 2019). Records 
from 2016 and 2017 were therefore excluded entirely. 
 

Table 1: Gear oil pump pressure descriptive statistics by year (raw dataset) 
 

Year Count Mean (bar) Std (bar) Min (bar) Median (bar) Max (bar) 
2016 28,943 5.1 2.0 0.0 5.3 12.7 
2017 52,394 5.7 1.6 0.0 5.7 9.4 
2018 52,456 342.7 289.6 0.1 466.8 888.1 
2019 52,174 549.3 175.6 0.1 549.1 1140.2 
2020 49,604 562.8 175.5 2.8 558.6 1029.2 
2021 26,063 541.8 187.0 0.6 541.6 955.4 

 
Within the 2018 to 2021 period, residual near-zero readings were also removed. Sensors during turbine standstill 
frequently record default rather than operational values, and filtering these periods out is standard practice in SCADA-
based condition monitoring (Letzgus, 2020; Tautz-Weinert and Watson, 2017). A 50 bar threshold was applied on 
physical grounds: a running turbine cannot sustain lubrication pressure below that level. The valid operational dataset 
after filtering comprises 156,567 records spanning April 2018 to June 2021. 
 
4. Construction of the Normal Behavior Model (NBM) 
4.1 Normal Behavior Modeling 
Raw condition indicators obtained from SCADA systems, such as gear oil pump pressure, are intrinsically coupled 
with operational and environmental variables. In wind turbines, lubrication pressure does not evolve independently; 
it varies with wind speed, rotor speed, electrical loading, and thermal conditions. Consequently, direct monitoring of 
raw pressure values does not allow a clear distinction between variations induced by operating conditions and those 
resulting from mechanical degradation. 
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For example, an increase in wind speed leads to increased mechanical loading, which may cause a rise in pressure. 
Without correcting for this load dependence, such variation could be incorrectly interpreted as degradation. Therefore, 
a separation between operational variability and structural deterioration is required. 
 
To address this issue, a normal behavior modeling framework was adopted, consistent with established practice in 
SCADA-based wind turbine condition monitoring (Chesterman et al., 2023; Wilkinson et al., 2014). 
 
Let: 

𝑌𝑌(𝑡𝑡) = Gear oil pump pressure at time 𝑡𝑡 
𝑋𝑋(𝑡𝑡) = Vector of operational and environmental variables at time 𝑡𝑡 

 
The pressure signal can be conceptually decomposed as: 

𝑌𝑌(𝑡𝑡) = 𝑓𝑓(𝑋𝑋(𝑡𝑡)) + 𝛿𝛿(𝑡𝑡) Eq (1) 
where: 

𝑓𝑓(𝑋𝑋(𝑡𝑡)) represents the expected healthy behavior of the gearbox under given operating conditions, 
𝛿𝛿(𝑡𝑡) captures abnormal deviations attributable to degradation or mechanical anomalies. 

 
The objective is to estimate 𝑓𝑓(⋅) so that the degradation component 𝛿𝛿(𝑡𝑡) can be isolated. 
 
4.2  Baseline Selection and Model Training 
The training baseline was the first 20% of the cleaned records in chronological order, covering April 2018 to December 
2018 (31,313 records at 10-minute intervals). In practice, identifying a verified fault-free baseline from operational 
SCADA data is rarely possible: real machines carry no label indicating whether a given record reflects healthy 
operation or not (Chesterman et al., 2023; Letzgus, 2020). The operational logbook (Plumley, 2022) shows the turbine 
ran at full performance for 60.1% of the baseline period. The remainder is accounted for by environmental standstill, 
technical standby, and routine maintenance visits. Nothing in the logbook points to lubrication system degradation 
during this window. Five hydraulic oil flushing operations were recorded as technical standby reflecting scheduled 
circuit maintenance. The one gearbox speed warning in November 2018 is a transient sensor event with no connection 
to lubrication pressure. Taken together, the logbook provides no grounds to suspect the baseline is contaminated by 
progressive lubrication circuit deterioration. 
 
The eight input variables were wind speed, electrical power, rotor speed, generator RPM, ambient temperature, nacelle 
temperature, drivetrain acceleration, and grid current, selected for physical relevance and confirmed through 
correlation analysis against gearbox pressure. 
 
Three candidate models were evaluated on the baseline dataset: Random Forest, XGBoost, and Support Vector 
Regression.  
 
Random Forest achieved the highest R² of 0.79 with a MAE of 52 bar, marginally outperforming XGBoost (R² = 0.79, 
MAE = 52.73 bar) and substantially outperforming SVR (R² = -0.34), which failed to generalize due to the high 
dimensionality and variance of the SCADA pressure signal. Random Forest was therefore selected as the normal 
behavior model. Although an R² of 0.79 indicates that approximately 21% of the pressure variance remains 
unexplained, this residual uncertainty is attributable to sensor noise and short-term mechanical dynamics that no 10-
minute averaged SCADA variable can fully capture. For the purpose of health index construction, this level of fitness 
is sufficient: the model successfully removes the dominant operational component from the pressure signal. The 
remaining unexplained variance is subsequently attenuated by the 30-day rolling mean smoothing applied to the 
residual in the following section. 
 
Random Forest was configured with 100 estimators, a maximum tree depth of 20, and a minimum of 30 samples per 
leaf.  
 
The trained model provides an estimate of expected healthy pressure: 

𝑌𝑌�(𝑡𝑡) = 𝑓𝑓(𝑋𝑋(𝑡𝑡)) Eq (2) 
 
where 𝑌𝑌�(𝑡𝑡) denotes the predicted pressure under healthy conditions. 
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Figure 1 compares the raw gear oil pump pressure with the Random Forest model's predictions. The predicted signal 
tracks the measured values closely while smoothing out spikes and sensor artifacts. The fit confirms that the eight 
input variables carry enough information to reconstruct expected pressure 𝑌𝑌�(𝑡𝑡) under normal operating conditions. 
 

 
Figure 1: Raw gear oil pump pressure (Figure 1-a) and Random Forest predicted healthy pressure (Figure 1-b) over 

the full observation period 
 

4.3  Residual Construction and Degradation Signal 
Once the model was trained, predictions were generated for the entire dataset (including post-baseline periods) (Figure 
1-b). For each timestamp, the degradation signal was defined as the residual: 

𝑟𝑟(𝑡𝑡) = 𝑌𝑌(𝑡𝑡) − 𝑌𝑌�(𝑡𝑡) Eq (3) 
 
This residual quantifies the deviation of actual pressure from expected healthy behavior after accounting for 
operational influence. 
 
If the gearbox remains healthy, the residual should fluctuate around zero with no trend. Conversely, a persistent drift 
in residual magnitude indicates progressive degradation. 
 
Figure 2 shows the raw residual signal after subtracting the model prediction from the actual pressure. The residual 
fluctuates around zero, confirming that the normal behavior model has successfully removed the operational 
component. However, the high-frequency noise makes it impossible to identify any degradation trend directly. 
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Figure 2: Residual Signal Representing Gearbox Degradation Indicator 

 
4.4 Long-Term Residual Smoothing  
SCADA data exhibit high-frequency variability due to rapid fluctuations in load and environmental conditions. To 
isolate structural degradation from short-term operational noise, a rolling average was applied to the residual signal 
((Qiu et al., 2012; Wilkinson et al., 2014)). 
 
A 30-day rolling average was computed: 

𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ(𝑡𝑡) =
1
𝑊𝑊

� 𝑟𝑟(𝑖𝑖)
𝑡𝑡

𝑖𝑖=𝑡𝑡−𝑊𝑊+1

 Eq (4) 

 
where 𝑊𝑊corresponds to a 30-day window (approximately 4320 samples for 10-minute spaced SCADA data). 
 
This smoothing window was selected based on the assumption that mechanical degradation evolves at a slower time 
scale than operational fluctuations. The objective was to extract progressive structural drift rather than short-term 
anomalies. 

 
Figure 3: Smoothed Residual Signal Representing Gearbox Degradation Indicator 
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Figure 3 shows the smoothed residual over the full observation period. While the rolling mean successfully suppresses 
short-term noise and exposes structural drift, the resulting signal remains expressed in physical units of pressure and 
its magnitude depends on the residual variance of the specific turbine and operating regime.  
 
6. Conclusion 
This paper described a machine learning framework for gearbox health assessment in a wind turbine, using gear oil 
pump pressure drawn from a raw dataset spanning six years of SCADA data, of which three years of valid operational 
records were retained after physics-informed artifact removal. A Random Forest model was trained on a healthy 
baseline to relate eight operational and environmental inputs to expected lubrication pressure under normal conditions. 
It outperformed XGBoost and Support Vector Regression, reaching an R² of 0.79. The residual between predicted and 
actual pressure was smoothed with a 30-day rolling mean, yielding a clean degradation signal. 
 
The construction of a normalized, bounded Gearbox Health Index from this smoothed residual is the subject of 
ongoing work.  
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