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ABSTRACT

Accurate diagnosis of wind turbine aging from SCADA data
is essential for reliable long-term operation, yet conventional
wind-speed-binning methods often fail to capture the nonlin-
ear and condition-dependent nature of power degradation. To
address this issue, this study proposes a probabilistic baseline
learning framework for SCADA-based wind turbine aging
diagnosis and multi-scale degradation analysis. A two-stage
mean—variance XGBoost model with uncertainty calibration
is developed to estimate both the healthy-reference power
output and its predictive uncertainty under varying operating
conditions. The deviation between measured power and the
probabilistic healthy baseline is then used to quantify degrada-
tion across temporal, wind-speed, directional, and joint wind-
speed—direction dimensions. The results show that turbine
aging is cumulative but strongly condition-dependent, with the
most severe degradation concentrated in specific operating sec-
tors rather than uniformly distributed across all inflow states.
Furthermore, some directional degradation hotspots appear
to correspond to potential upstream turbine positions, sug-
gesting a possible wake-related contribution, although further
verification is still required. More importantly, the proposed
framework not only improves aging diagnosis accuracy, but
also provides wind farm operators with interpretable informa-
tion on the conditions under which degradation is most severe,
thereby supporting targeted inspection, maintenance planning,
and future evaluation of wake-aware mitigation strategies such
as active wake steering.
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unrestricted use, distribution, and reproduction in any medium, provided the
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1. INTRODUCTION

With the continued expansion of wind energy deployment, an
increasing number of wind turbines are entering long-term ser-
vice, making aging-related performance degradation a growing
concern for wind farm operation and asset management. Even
in the absence of severe faults, gradual deterioration in aerody-
namic efficiency, drivetrain behavior, or control performance
can still lead to persistent power loss over time (Astolfi, Pandit,
Celesti, Lombardi, & Terzi, 2022; S. Wang, Vidal, & Pozo,
2026). Such losses are economically significant because they
accumulate throughout the service life of a turbine and directly
affect energy yield, maintenance planning, and lifetime ex-
tension decisions. An analysis of long-term data from 282
wind farms in the United Kingdom reported an average annual
reduction in energy production of 1.6 + 0.2% associated with
turbine aging (Staffell & Green, 2014). Reliable wind turbine
aging diagnosis is therefore essential not only for quantifying
long-term energy loss, but also for supporting condition-aware
maintenance, operational optimization, and long-term asset
management.

Existing wind turbine aging diagnosis methods are often based
on aggregated indicators or conventional wind-speed-binned
power curve analysis (Kim & Kim, 2025). Although such
approaches are intuitive and easy to implement, they are typi-
cally built on deterministic comparisons and simplified oper-
ating assumptions, which limits their ability to characterize
the nonlinear and condition-dependent nature of turbine degra-
dation. In practice, performance deterioration does not occur
uniformly across all inflow states, but is often concentrated in
specific wind-speed ranges, directional sectors, or operating
environments. Turbine power output is influenced not only by



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

wind speed, but also by short-term fluctuations, thermal con-
ditions, directional inflow, and possible wake-related effects.
Under these circumstances, deterministic baselines may con-
found true aging-related deviations with normal environmental
and operational variability, thereby falsely attributing noise-
induced fluctuations to degradation (Mathew, Kandukuri, &
Omlin, 2022; Ulmer, Jarlskog, Pizza, Manninen, & Goren Hu-
ber, 2020; Singh, 2024). As a result, traditional methods pro-
vide limited information about predictive reliability and are
insufficient for reliable condition-dependent aging diagnosis.
These limitations motivate the development of an uncertainty-
aware framework capable of separating persistent degradation
signals from expected variability under diverse operating con-
ditions.

To address this challenge, this study proposes a probabilistic
baseline learning framework for SCADA-based wind turbine
aging diagnosis and multi-scale degradation analysis. Instead
of relying on deterministic baseline comparison, the proposed
method formulates aging diagnosis as a deviation-learning task
relative to a healthy operational reference. Specifically, a two-
stage mean—variance XGBoost model is developed to estimate
the healthy-reference power output and its input-dependent
predictive uncertainty using multi-source SCADA and ERAS
variables (Q. Wang et al., 2024; Q. Wang, Yao, & Hou, 2025;
Astolfi, Castellani, Lombardi, & Terzi, 2021). Based on the de-
viation between measured power and the probabilistic healthy
baseline, turbine degradation is further quantified across tem-
poral, wind-speed, directional, and joint wind-speed—direction
perspectives. The main contributions of this study are three-
fold. First, a probabilistic healthy-baseline framework is es-
tablished for wind turbine aging diagnosis. Second, input-
dependent predictive uncertainty is explicitly incorporated to
reduce false aging indications caused by environmental and
operational variability. Third, a multidimensional degrada-
tion analysis strategy is developed to characterize long-term
performance deterioration under diverse operating conditions.
The present study shows that turbine aging is cumulative yet
highly condition-dependent, highlighting the importance of
uncertainty-aware and multidimensional diagnosis for reliable
identification of wind turbine aging.

2. METHODOLOGY
2.1. Problem formulation

The objective of this study is to assess wind turbine aging
by constructing a probabilistic healthy baseline model using
historical operational and environmental data collected during
an early-stage healthy baseline period. The baseline model is
trained to learn the relationship between turbine operating con-
ditions, inflow-related features, and the corresponding healthy
power output, while also quantifying predictive uncertainty.
The trained model is then applied to later operating periods
to estimate the power output expected under the healthy base-

line condition. Deviations between the measured power and
the predicted healthy baseline are interpreted as degradation
signals and used to characterize aging-related performance
loss. These deviations are further analyzed across multiple
dimensions, including temporal evolution, wind-speed depen-
dence, directional variation, and joint wind-speed—direction
conditions, so as to identify the operating regimes in which
turbine aging is most pronounced.

2.2. Brief description of the dataset

This study is based on the Hill of Towie Wind Farm Open
Dataset, which contains high-resolution 10-minute Supervi-
sory Control and Data Acquisition (SCADA) records col-
lected from 21 Siemens SWT-2.3-VS-82 onshore wind tur-
bines (Clerc & Lingkan, 2025). Covering the period from
January 2016 to August 2024, the dataset provides a rich basis
for long-term degradation analysis and counterfactual perfor-
mance assessment. As illustrated in Fig. 1, the turbines are
distributed across the wind farm with distinct spatial arrange-
ments, which is important for understanding heterogeneous
operating conditions and potential wake interactions.

The dataset can be broadly divided into three components:
(i) turbine-level operational measurements, including active
power output, nacelle-measured wind speed, and related statis-
tical descriptors; (ii) turbine metadata, including geographic
coordinates and technical specifications; and (iii) maintenance
and retrofit records, including downtime events and efficiency-
improvement interventions.

To mitigate the limitations of turbine-local SCADA signals,
which may be affected by local control strategies, wake-induced
flow distortion, and sensor uncertainty, the internal measure-
ments are further complemented by ERAS reanalysis data.
These external atmospheric variables provide a more stable
mesoscale meteorological background, including ambient tem-
perature, relative humidity, surface pressure, and wind infor-
mation at 10 m and 100 m heights. By integrating turbine-level
observations with reanalysis-based environmental descriptors,
the dataset supports a more robust reconstruction of healthy
operational baselines under varying atmospheric conditions.

This multi-source data foundation is particularly valuable for
separating environmentally driven power fluctuations from
structural or operational aging effects. As a result, it enables a
more reliable quantification of long-term degradation patterns
and provides a stronger basis for subsequent upgrade-effect
evaluation.

2.3. Data processing and feature selection

The raw SCADA records are first subjected to a structured
quality-control pipeline to ensure that the model training is
based on valid and physically meaningful operating data. Sam-
ples flagged as invalid by the turbine-specific indicator “is_valid”



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

Longitude (°)
3.06

-3.09 -3.08 -3.07 -

1000 - F57.515
©
w @@ ®

-3.05 -3.04

— F57.510 .~
: | © 0 ® °"3
§ 01 @ @ @ @ L 57.505 %
> =
-500 @ @
L 57.500

o 0% o
-1000 1 @

21000 500 0 500 1000 1500 2000
X coord (m)

Figure 1. Spatial layout of the 21 wind turbines in the Hill of
Towie wind farm.

are removed first, followed by observations with missing tar-
get power. To avoid contamination from non-steady opera-
tional states, shutdown-related records are then excluded using
the shutdown-duration signal, together with a short temporal
padding window before and after each shutdown event.

After this initial screening, physically implausible observa-
tions are further filtered in the wind speed—power domain.
Only samples within the effective operating wind speed range
are retained, and records with nonpositive power output un-
der normal generating wind speeds are removed. To further
enhance data reliability, a robust median absolute deviation
filtering procedure is applied within wind-speed bins rather
than over the full dataset. When a blade-pitch variable is avail-
able, the pitch is screened first to eliminate locally inconsistent
control responses under comparable inflow conditions. The
same bin-wise MAD criterion is then applied to turbine power
so that abnormal local deviations can be suppressed while
preserving the dominant operational distribution. After outlier
removal, a small number of remaining missing feature values
are smoothed using rolling-window averaging, and directional
variables are transformed into sine and cosine components for
subsequent modeling. The effectiveness of the overall clean-
ing procedure is illustrated by the comparison before and after
cleaning in Fig. 2.

After data cleaning, feature selection is conducted using a
two-stage screening strategy. An XGBoost pretraining step is
first employed to rank candidate SCADA variables according
to their contribution to turbine power prediction. The most
informative variables are then further examined using Pear-
son correlation analysis, through which highly correlated and
therefore redundant descriptors are removed. This process
yields a compact but information-rich feature subset that cap-
tures inflow intensity, short-term variability, environmental
condition, and turbine orientation.

The final variables retained include mean wind speed, stan-
dard deviation of wind speed, ambient temperature, nacelle
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Figure 2. Comparison Before and After Data Cleaning

position, and ERAS5 wind direction. Since directional measure-
ments are periodic and discontinuous at 0° and 360°, nacelle
position and wind direction are transformed into sine and
cosine components prior to model training. This treatment pre-
serves directional continuity and improves numerical stability
in nonlinear regression. Consequently, the baseline model is
trained using mean wind speed, wind speed standard deviation,
ambient temperature, and the sine-cosine encodings of nacelle
position and wind direction.

To ensure numerical completeness after the cleaning stage,
residual missing values in the retained predictors are smoothed
using rolling-window averaging and then filled when neces-
sary. Compared with conventional wind-speed-only inputs
used in bin-based power-curve methods, this selected feature
set provides a more comprehensive description of the turbine
power response under varying inflow, thermal, and directional
conditions. Such a representation is better suited to capturing
nonlinear operational behavior and therefore provides a more
reliable baseline for subsequent degradation quantification and
uncertainty-aware performance assessment.
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2.4. Uncertainty-aware XGBoost baseline model

To construct a reliable baseline for turbine power prediction
together with predictive uncertainty, a two-stage XGBoost-
based mean—variance learning framework is adopted. Instead
of using a single deterministic regressor, the model separately
characterizes the conditional mean response and the input-
dependent residual variance, thereby providing both point
prediction and uncertainty estimation.

In the first stage, an XGBoost regressor is trained to learn the
nonlinear mapping between the selected SCADA features and
turbine power output. Given an input vector x;, the predicted
power is expressed as

i = fu(xq), 9]

where f,,(-) denotes the mean model and fi; represents the
conditional mean prediction of turbine power. This component
serves as the baseline estimator of the normal operational
response.

In the second stage, another XGBoost regressor is introduced
to model the heteroscedastic uncertainty associated with the
first-stage prediction. Based on the estimated mean response,
the squared residual of each sample is defined as

2 = (yi — ju)?, )

where y; is the observed turbine power. To stabilize the vari-
ance learning process and avoid numerical issues caused by
extremely small residuals, the logarithm of the squared resid-
ual is used as the learning target:

z; = log (Tf + 6) , €)]

where ¢ is a small positive constant for numerical stability.
The second-stage model, denoted by f,(+), is therefore trained
to approximate this log-variance-related quantity. The output
of the second-stage model represents the logarithm of the
conditional residual variance. Therefore, the sample-specific
predictive standard deviation, denoted by &;, can be recovered
by exponentiating the predicted log-variance and then taking
the square root:

o; = \Vexp (fo(xi))- 4

Here, 6; quantifies the input-dependent spread of the predic-
tion residual around the mean estimate /i;, and is used as a
measure of local predictive uncertainty under the operating
condition x;.

With both the conditional mean and the predictive standard
deviation available, the turbine power output is approximated
by a Gaussian predictive distribution,

yi ~ N ({1, 67) %)

which allows the model to represent not only the expected

power response but also its local uncertainty level under dif-
ferent operating conditions.

To improve the reliability of interval estimation, the predicted
standard deviation is further calibrated using a scaling factor
o

cal

&i :a&i. (6)

The factor « is determined on a calibration set by matching
the empirical coverage of the prediction intervals to the target
confidence level. Specifically, « is adjusted such that the pro-
portion of calibration samples falling within the nominal inter-
val is as close as possible to the desired coverage. To account
for differences in operating characteristics and uncertainty
patterns, « is calibrated separately for each turbine or experi-
mental case rather than being fixed globally. This calibration
step compensates for possible under- or over-estimation of
the raw predictive uncertainty and improves the reliability of
interval estimation.

Based on the calibrated uncertainty, a two-sided (1 — ) pre-
diction interval can be constructed as

[f1i = 215265, fii + 21-5265"] @)

where 3 denotes the significance level and z; _g/5 is the corre-
sponding standard normal quantile. In this study, 3 = 0.05 is
used, corresponding to a 95% prediction interval with zg 975 =
1.96.

This dual-regressor structure enables the model to capture
both the central nonlinear power-conversion relationship and
the input-dependent uncertainty of the residuals. Compared
with a conventional single-output regression model, it pro-
vides a more informative baseline for subsequent degradation
diagnosis and uncertainty-aware performance assessment.

2.5. Experimental setup and model configuration

The dataset is partitioned chronologically to ensure consistent
baseline construction and unbiased model evaluation. Al-
though records are available from 2016, 2017 was selected
as the healthy-reference period based on data completeness,
cleaned sample availability, intra-annual power-curve stabil-
ity, and inspection of the publicly available alarm and up-
grade records. According to the dataset documentation, the
documented performance-upgrade interventions, including
AeroUp and TuneUp, occurred after 2021 rather than during
2017. The 2017 alarm-log records were also inspected to-
gether with the available alarm-code dictionary. For alarm
codes with available descriptions, the dominant interpretable
records were mainly associated with environmental or opera-
tional states, such as generator cut-in/cut-out, low-wind avail-
ability, high-wind shutdown, icing-related stops, and pitch-
lubrication events. Because not all internal SCADA event
codes are mapped to textual descriptions in the public alarm-
code dictionary, unmapped records were further examined in



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

terms of duration, recurrence, and turbine-level concentration
rather than being assigned unsupported physical meanings. Af-
ter invalid and shutdown-related records were excluded during
data cleaning, the cleaned 2017 SCADA samples were consid-
ered suitable for learning an operationally representative early
healthy baseline power response. Data from the first quarter
of 2018 are used as the validation set, the second quarter of
2018 as the uncertainty-calibration set, and the second half of
2018 as the test set.

Table 1. Hyperparameter settings of the XGBoost mean and
variance models

Branch Hyperparameter ~ Value
n_estimators 40000
learning_rate 0.0005

Mean prediction max_depth 6
subsample 0.8

colsample_bytree 0.8

n_estimators 3000

learning_rate 0.01
Variance prediction max_depth 4

subsample 0.8

colsample_bytree 0.8

The hyperparameter values used in the final experiments are
selected through preliminary grid-search trials prior to formal
evaluation. The detailed configurations of the XGBoost mean
and variance models are listed in Table 1.

Both branches are implemented using XGBoost regressors.
To avoid excessive complexity in residual modeling, the vari-
ance branch is configured more conservatively than the mean
branch, enabling it to capture the dominant heteroscedastic
pattern while maintaining stability.

A 95% confidence level is adopted for uncertainty quantifica-
tion, corresponding to z = 1.96. Moreover, a small constant
£ = 1075 is used to ensure numerical stability in logarithmic
and variance-related operations. The random seed is fixed at
42 in all experiments for reproducibility.

2.6. Evaluation metrics

The predictive performance of the baseline model is evaluated
using the coefficient of determination (R?), mean absolute
error (MAE), and normalized mean bias error (NMBE). R?
reflects the goodness of fit between predicted and observed
power outputs, MAE measures the average absolute prediction
error, and NMBE quantifies the average signed bias relative
to the mean observed power. Together, these metrics provide
complementary information on fitting accuracy, error magni-
tude, and systematic bias.

- ®)

1 n
MAE — — —_—
- ; lyi — Uil )
NMBE = 2=i=1 Wi =8 1000/ (10)
nj

Here, y; and ¢; denote the observed and predicted power out-
puts, respectively, ¥ is the mean observed power, and n is the
sample size. The reliability of the 95% confidence interval is
additionally assessed by examining whether the observed val-
ues are generally covered by the calibrated predictive bounds.

3. RESULTS AND DISCUSSION

3.1. Model performance

Table 2. Prediction performance of the baseline model for
turbines T1, T10, and T18.

Training set  Validation set  Test set
R2 0.999 0.995 0.997
Tl  MAE 12.09 24.59 19.36
NMBE(%) 0.00 0.64 0.84
R2 0.999 0.997 0.997
T10 MAE 10.13 26.38 15.11
NMBE(%) 0.00 0.79 0.21
R2 0.999 0.996 0.997
T18 MAE 11.10 30.37 14.73
NMBE(%) 0.00 1.10 1.30

Table 2 summarizes the predictive performance of the proba-
bilistic baseline model for three representative turbines, T1,
T10, and T18, which are located in different spatial regions of
the wind farm and therefore reflect different inflow and wake-
interaction conditions. The model achieves high accuracy
across the training, validation, and test sets, with R? values
above 0.995 for all three turbines during validation and testing.
The test MAE remains within approximately 15-19 kW, which
is small relative to the rated turbine power, while the NMBE
values remain close to zero or within a limited positive range.
These results indicate that the learned baseline can reproduce
the normal power response with limited systematic bias.

It should be noted that the validation MAE is higher than the
training MAE, indicating a moderate generalization gap be-
tween the 2017 baseline-training period and the subsequent
2018 validation period. This gap may be partly attributed
to temporal distribution shifts, including seasonal variabil-
ity, inflow-condition differences, and changes in operating
regimes, rather than model overfitting alone. Importantly, the
validation and test R? values remain consistently high, and
the test MAE is comparable to or lower than the validation
MAE for the selected turbines. This suggests that the model
retains reasonable out-of-sample generalization capability and
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does not exhibit strong systematic bias in the healthy-baseline
prediction.

To reduce the risk of overfitting, the XGBoost models were
configured with moderate tree depth, subsampling, and column
subsampling, and the hyperparameters were selected based on
validation performance. Future implementations may further
incorporate early stopping or stronger regularization to reduce
this generalization gap, although the present validation and
test results indicate that the current baseline is sufficiently
accurate for degradation analysis.

Fig. 3 presents the temporal comparison between the measured
power output and the model-predicted baseline power during
the evaluation period. The predicted power closely follows the
temporal fluctuations of the actual turbine output, indicating
that the proposed XGBoost-based baseline model effectively
captures the nonlinear relationship between environmental
variables and turbine power generation.

The 95% confidence interval further demonstrates the robust-
ness of the uncertainty estimation. Most observed power val-
ues fall within the predicted confidence bounds, indicating that
the model provides reliable probabilistic predictions of the ex-
pected power production under healthy operating conditions.
Minor deviations are observed during periods of rapid power
variation, which may be associated with transient atmospheric
turbulence or short-term control adjustments. Overall, the
strong agreement between the predicted and measured power
confirms that the model can serve as a credible reference base-
line for subsequent degradation analysis.

Fig. 4 presents the semiannual decline rates of T1, T10, and
T18 together with their corresponding uncertainty bounds.
These three turbines are selected as representative cases be-
cause they occupy different spatial regions of the wind farm
(Fig. 1), including the farm boundary (T1), the central turbine
cluster (T10), and the opposite downstream side (T18). This
selection captures different wake interaction environments and
reduces spatial bias, providing a more representative view of
long-term turbine degradation across the farm.

The results reveal a persistent deterioration in turbine per-
formance over time, as reflected by the progressively more
negative decline rates of all three units. This trend indicates
that the power response of the turbines gradually departs from
the earlier healthy-reference state during long-term operation.

From 2019-H1 to 2022-H1, the degradation trajectories of the
three turbines remain relatively smooth and gradual, suggest-
ing a progressive aging process rather than abrupt performance
loss. During this period, T10 exhibits the mildest deterioration,
with decline rates remaining approximately within —0.5% to
—2.5%. T18 shows a slightly stronger but still moderate de-
cline, generally varying from about —1.3% to —2.6%. By
contrast, T1 experiences the most evident degradation be-
fore 2022-H2, with the decline rate decreasing from roughly

—1.4% to about —3.7%. Despite these inter-turbine differ-
ences, all three units show a consistent long-term downward
tendency before 2022-H2, indicating that the baseline model
captures the gradual performance loss reasonably well during
this stage.

After 2022-H2, the decline rates become markedly more neg-
ative, especially for T1 and T18. T1 drops rapidly to nearly
—9% in 2022-H2 and reaches about —10% around 2023-H1,
before partially recovering, but still remaining at approxi-
mately —8% to —9% thereafter. T18 also shows a pronounced
deterioration after 2022-H2, with the decline rate falling to
around —5% to —6% and fluctuating within this range in the
later period. T10 remains comparatively stable until 2022-H2,
but subsequently decreases to roughly —7% around 2023-H2
and then recovers slightly to approximately —5.5% by 2024-
H2. The more pronounced deviation observed after 2022-H2
may indicate a stronger shift in operating conditions relative to
the baseline period. In addition to cumulative aging, it should
be noted that the turbine underwent an upgrade in September,
which may have further altered its operating characteristics
and contributed to the observed mismatch.

The uncertainty bounds are generally narrow in the earlier
periods, but become wider in several later half-year intervals,
implying increased variability once turbine operation departs
further from the original healthy baseline. Overall, these re-
sults suggest that long-term degradation is cumulative but
strongly turbine-dependent, and that later-stage performance
evolution may become increasingly nonlinear and unstable.

It should be noted that Fig. 4 is intended to provide a full-
period overview of the semiannual performance evolution
up to 2024, including both pre- and post-upgrade operating
periods. By contrast, the subsequent wind-speed-dependent,
directional, and joint wind-speed—direction analyses are re-
stricted to the pre-upgrade period ending in 2022-H1. This
restriction is adopted because the post-2022-H2 records may
be affected by upgrade-related or control-induced changes in
turbine operation, which could confound gradual aging-related
degradation with retrofit-induced changes in the turbine power
response.

3.2. Wind-speed-dependent degradation characteristics

Fig. 5 compares the annual wind speed—power curves of tur-
bine T1 relative to the 2017 healthy baseline for the pre-
upgrade period from 2018 to 2022-H1. This period is selected
to isolate wind-speed-dependent aging signatures before pos-
sible upgrade-related changes in turbine operation occurred
after 2022-H2. Including the post-upgrade records in the
same wind-speed-binned comparison could confound grad-
ual aging-related degradation with retrofit- or control-induced
changes in the turbine power response. Overall, the curves
shift downward progressively in later years, indicating gradual
performance deterioration over time.
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Figure 4. Semiannual performance decline rate with 95%
confidence intervals from 2019 to 2024.

Fig. 6 further quantifies this pattern by showing the absolute
and relative power decline with respect to the 2017 baseline.
The largest losses occur in the partial-load regime, especially
between 6 and 10 m/s, where the decline in 2021 and 2022-
HI1 reaches approximately 40—60 kW in several wind-speed
bins, corresponding to about 1.5%-2.5% of rated power. This
confirms that the medium wind-speed region is the most sen-
sitive operating range for identifying long-term performance
deterioration. At higher wind speeds, particularly above about
12 m/s, the decline becomes smaller and more variable, while
the uncertainty bars become more pronounced. This behav-
ior is consistent with the transition to rated operation, where
pitch control increasingly constrains the output and reduces
the visibility of degradation in absolute power terms.

Taken together, these results show that turbine degradation is
strongly wind-speed dependent rather than uniform across the
operating range. Relative to the 2017 baseline, the medium
wind-speed region provides the clearest and most robust degra-
dation signature, while the later years exhibit systematically
larger power deficits, confirming the cumulative nature of
long-term performance loss.
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Figure 6. Absolute and relative power decline across different
wind speed bins from 2019 to 2022 H1.

3.3. Wind turbine degradation performance analysis

Following the wind-speed-dependent analysis, the directional
and joint wind-speed—direction degradation analyses are also
restricted to the pre-upgrade period ending in 2022-H1. This
restriction is intended to isolate direction-dependent aging sig-
natures before possible upgrade-related operational changes
occurred and to avoid attributing post-upgrade deviations
solely to natural degradation. The directional characteristics
of T1 performance degradation relative to the 2017 baseline
are illustrated in Fig. 7. For each operating year, the polar
curves quantify the direction-dependent performance change
with respect to the 2017 healthy reference.

Overall, the degradation is clearly direction-dependent rather
than uniformly distributed over all wind directions. The curves
for 2019 and 2020 remain relatively close to the baseline
over most sectors, indicating that the directional performance
loss is still limited during the earlier stage of operation. By
contrast, the 2021 and especially the 2022-H1 curves show
much stronger negative deviations in several directional sec-
tors, demonstrating that the departure from the 2017 reference
condition becomes increasingly pronounced over time.
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The most substantial reductions are concentrated in specific
inflow sectors rather than being evenly spread around the full
directional range. In particular, the largest negative devia-
tions appear in several sectors between approximately 0° and
135°, where the 2022-H1 curve drops well below those of the
earlier years. This result suggests that the turbine becomes in-
creasingly sensitive to certain directional inflow conditions as
degradation accumulates. Such sector-dependent deterioration
may be associated with persistent wake exposure, local terrain-
induced flow distortion, or direction-specific aerodynamic and
control-response deficiencies.

In contrast, the magnitude of the degradation remains compar-
atively moderate in some other sectors, particularly over parts
of the western and southwestern directional ranges, where the
annual curves remain closer to each other. This indicates that
the long-term performance loss is strongly modulated by the
local inflow environment and cannot be interpreted as a purely
time-driven uniform decline. Instead, the figure shows that
the directional operating conditions play an important role in
shaping how turbine degradation manifests itself.

Together, these results demonstrate that long term turbine
degradation has a clear directional signature when measured
against the 2017 baseline. The increasing spread and deepen-
ing negative deviation of the later-year curves, especially in
2022-H1, provide direct evidence that the turbine response un-
der certain inflow directions deteriorates more rapidly than un-
der others. This directional heterogeneity highlights the need
to incorporate wind-direction information into degradation
assessment rather than relying solely on direction-aggregated
performance indicators.

To investigate the coupled influence of wind speed and wind
direction on deterioration of turbine performance, a two di-
mensional joint analysis is conducted, as shown in Fig. 8. The
figure presents the distribution of absolute power loss in the
wind speed—direction domain, thereby providing a localized
view of how degradation varies under different inflow condi-
tions.

The results reveal that the degradation pattern is highly non-
uniform in the joint wind speed—direction space. Rather than
being evenly distributed, the absolute power loss is concen-
trated in several specific directional sectors and wind speed
intervals, indicating that turbine deterioration is strongly con-
dition dependent. In particular, the most pronounced losses are
observed in the medium-to-high wind speed range, especially
around approximately 9-13 m/s, and are mainly clustered in
directional sectors near 255°-300°. Within these regions, the
loss magnitude becomes substantially larger than that in the
surrounding bins, suggesting that the turbine experiences more
severe performance deterioration under these combined inflow
conditions.

By contrast, at low wind speeds, the absolute loss generally

2019 vs 2017
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— 2022 H1 vs 2017
00

90°

180°

Figure 7. Directional relative power change compared to the
2017 baseline.

remains relatively small and spatially smooth across most
directional sectors. This is expected because the available
aerodynamic power is limited in the low-wind regime and
therefore, even if degradation exists, its manifestation in abso-
lute power terms remains less pronounced. However, in the
medium wind speed region, the increased wind energy input
and the higher sensitivity of the turbine power response make
the degradation signature much more visible. The emergence
of localized loss clusters in this range suggests that long-term
performance decline is not governed solely by operational age,
but is also shaped by the interaction between inflow direction
and wind-speed-dependent aerodynamic response.

Another notable feature is the presence of several isolated bins
with exceptionally strong negative loss values in the higher
wind speed region. These localized anomalies imply that,
under certain directional inflow conditions, the turbine de-
parts much more severely from the healthy baseline than un-
der neighboring conditions. This behavior may reflect the
combined influence of wake exposure, directional turbulence,
terrain-induced flow distortion, or control-response deviations
that become more evident in specific operating regimes.

Figures 8 and 9 further extend the directional analysis by
resolving degradation simultaneously in the wind speed—wind
direction space.

Figure 8 shows the absolute loss change under different in-
flow combinations. The most pronounced absolute losses
are concentrated in a limited number of localized operating
regimes, particularly in the medium-to-high wind speed range
and within several directional sectors around 240°-300°. This
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suggests that the additional energy loss observed in 2022 H1 is
not uniformly distributed, but instead emerges under specific
wind speed—direction combinations where the turbine is more
susceptible to performance deterioration.

Fig. 9 presents the corresponding degradation in relative terms.
Compared with the absolute-loss map, the percentage-based
decline is more broadly distributed and is especially evident
in the low-wind regime, with stronger negative deviations ex-
tending across several sectors from approximately 0° to 135°.
This indicates that the relative degradation pattern becomes
more spatially extensive once the loss is normalized by the
expected baseline output, even if the largest absolute losses
remain localized.

The apparent differences between Figs. 7, 8, and 9 arise from
the different aggregation scales and response metrics used in
these visualizations. Fig. 7 aggregates degradation over all
wind-speed regimes within each directional sector and there-
fore reflects the overall directional tendency. Fig. 8, in contrast,
isolates localized hotspots in terms of absolute energy loss
under specific wind speed—direction combinations, which nat-
urally emphasizes medium-to-high wind speed regions where
the power magnitude is larger. Figure 9 further normalizes the
loss by the expected baseline output, making low-power oper-
ating states more sensitive in relative terms. Therefore, these
three figures should be viewed as complementary rather than
contradictory: Fig. 7 captures sector-level integrated degra-
dation, Fig. 8 highlights localized absolute-loss hotspots, and
Fig. 9 reveals condition-dependent relative deterioration that
can be obscured after aggregation.

To provide a more quantitative geometric interpretation of the
directional hotspots, the wind-farm layout and turbine coor-
dinates shown in Fig. 1 were used to calculate the bearing
angles from T1 to its neighboring turbines. The nearest tur-
bines around T1 are located at bearings of 337.2° for TO03,
144.4° for T02, 42.3° for T04, 93.7° for T0S, and 4.6° for TO7,
with corresponding distances of approximately 344.5-660.3
m. Several additional neighboring turbines also fall within
the 0°-135° directional range, including TOS at 42.3°, T06 at
82.9°, T09 at 13.9°, T10 at 54.3°, and T15 at 89.1°. This com-
parison with Figs. 7-9 indicates that the relative-loss hotspot
around 0°-135° is geometrically consistent with the bearings
of multiple potential upstream turbines, suggesting a possi-
ble wake-related contribution to this part of the directional
degradation pattern.

In contrast, the absolute-loss hotspot around 240°-300° is not
directly aligned with the nearest-neighbor bearings of T1 in
Fig. 1. This sector should therefore not be attributed solely to
neighboring-turbine wake effects, but may also reflect terrain-
induced inflow distortion, directional turbulence, wind-speed
distribution differences, or control-response variability. Over-
all, the geometric comparison provides indicative evidence
that wake interaction may contribute to part of the observed
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Figure 8. Wind Speed x Wind Direction Absolute Loss
Change (2022 H1 vs 2017).
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Figure 9. Wind Speed x Wind Direction Relative Loss Change
(2022 H1 vs 2017).

directional heterogeneity, while avoiding a definitive causal
interpretation.

4. CONCLUSION

This study proposes a probabilistic baseline learning frame-
work for SCADA-based wind turbine aging diagnosis and
multi-scale degradation analysis. By combining a two-stage
mean—variance XGBoost model with uncertainty calibration,
the framework provides both accurate healthy-baseline pre-
diction and confidence-aware degradation quantification, thus
improving the reliability of long-term aging assessment under
varying operating conditions.

The results show that turbine degradation is cumulative but
strongly condition-dependent. In addition to the long-term
temporal decline, the degradation patterns exhibit a clear de-
pendence on wind speed, wind direction, and their joint combi-
nations, with the most severe loss concentrated in directional
hotspots rather than uniformly distributed across all inflow
states. These findings demonstrate that multidimensional anal-
ysis is necessary to identify the specific conditions under which
turbine aging becomes more pronounced.

More importantly, the proposed framework does not simply
improve the accuracy of the aging diagnosis. By pinpointing
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the wind-direction sectors and wind-speed—direction regimes
associated with the most severe degradation for specific tur-
bines, it can provide wind farm operators with interpretable
information for targeted inspection, maintenance planning,
and condition-aware operational decision-making. In this
sense, the framework offers not only diagnostic value, but also
practical insight that may help to prolong turbine service life.

Furthermore, when interpreted together with the wind farm
layout, some degradation hot-spots appear to correspond to
potential upstream turbine directions, suggesting a possible
wake-related contribution. Although this observation does not
constitute definitive causal evidence, it indicates that the diag-
nosed high-risk sectors may provide a useful basis for future
evaluation of wake-aware mitigation strategies, such as active
wake steering, to reduce long-term downstream performance
loss.
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