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Abstract
Wind farms generate large-scale operational time series from turbine speed, blade pitch angle, generator temperature, gearbox
vibration, nacelle direction, wind speed, power output, and converter status. These signals are strongly affected by wind
variability, wake interaction, seasonal weather, turbine aging, and control strategy changes, making anomaly detection under non-
stationary conditions challenging. This study proposes a multi-turbine dependency reconstruction method for non-stationary wind
farm operation anomaly detection. The method constructs a turbine dependency graph using spatial layout, wake influence, wind-
direction alignment, and lagged power correlation. A temporal reconstruction network is then used to learn normal multi-turbine
operating patterns under changing wind regimes. An adaptive residual envelope is introduced to detect abnormal deviation
without using a fixed global threshold. Experiments are conducted on a wind farm dataset containing 132 turbines, 48 SCADA
variables, and 5-minute observations collected over 32 months. The dataset includes 54 million operational records and 1,860
maintenance-confirmed abnormal events, including gearbox overheating, pitch-control failure, yaw misalignment, converter
instability, and abnormal power curve deviation. The proposed method reduces median detection delay from 9.3 hours to 2.4
hours compared with an isolated-turbine LSTM baseline. False alerts decrease to 1.7 events per turbine per month. The Matthews
correlation coefficient reaches 0.902 under seasonal wind-regime changes, while residual-envelope drift remains below 0.27
standard units across winter and summer conditions. Online inference processes 18,600 SCADA points per second, and one farm-
level daily assessment completes in 5.9 minutes. The results demonstrate that multi-turbine dependency reconstruction can
improve abnormal operation detection in non-stationary wind farm time series.

Keywords: Wind farm monitoring; non-stationary time series; operation anomaly detection; multi-turbine dependency; SCADA data;
residual reconstruction; renewable energy systems.
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Introduction
Wind farms have become an important component of renewable-
energy systems, making reliable turbine monitoring essential for
stable power generation, operational safety, and timely
maintenance. Modern wind turbines continuously generate
supervisory control and data acquisition data covering rotor speed,
blade pitch angle, generator temperature, gearbox vibration, nacelle
direction, wind speed, active power output, and converter status.
These measurements jointly reflect turbine health, environmental
conditions, and control-system behavior. Recent studies have
applied autoencoders, recurrent neural networks, ensemble learning,
and probabilistic models to identify turbine faults, performance
degradation, and abnormal operating states [1,2]. These data-driven
approaches reduce dependence on manually defined fault rules and
provide a practical basis for condition monitoring in large wind
farms [3,4]. Wind turbine SCADA data are inherently multivariate,
and faults often influence several variables simultaneously. For
example, gearbox degradation may gradually affect vibration,
temperature, rotational speed, and power conversion efficiency,
while converter abnormalities may produce coordinated changes in
electrical output and control-related signals. Fine-grained
multivariate anomaly detection based on causal inference has
shown that directional dependencies among variables can help
distinguish directly affected measurements from secondary or
coincidental deviations [5]. This perspective is particularly relevant
to wind turbine monitoring because abnormal behavior may be
weak in individual SCADA variables but more evident in changes
to their dependency structure. Probabilistic and uncertainty-aware
approaches have also been developed to improve fault identification
under noisy and incomplete operating data [6,7].

Despite these advances, anomaly detection in wind farms
remains challenging because turbine signals are strongly affected by
non-stationary environmental and operational conditions [8,9].
Wind speed, wind direction, turbulence intensity, air density,
seasonal weather, turbine aging, and control-strategy updates can
continuously alter the statistical distributions of SCADA variables
[10]. A level of generator temperature or power fluctuation that is
normal under one wind regime may appear abnormal under another.
Fixed thresholds and globally trained reconstruction models may
therefore generate excessive false alarms during normal changes in
wind conditions [11,12]. Conversely, early-stage faults may remain
undetected when their deviations are small, persistent, and partially
masked by natural wind variability. Many existing methods also
analyze turbines as independent monitoring units [13,14]. This
treatment overlooks the fact that turbines within the same wind
farm operate under spatially and aerodynamically related conditions
[15,16]. Farm layout, prevailing wind direction, terrain, wake
propagation, and turbine spacing create dependencies in power
output and operating behavior. An upstream turbine may reduce the
effective wind speed and increase turbulence for downstream
turbines, causing delayed and direction-dependent changes in their
SCADA signals [17,18]. Consequently, a deviation observed in one
turbine cannot always be interpreted correctly without considering
neighboring turbines and the current wind field. Independent-
turbine models may incorrectly classify farm-wide wind-regime
transitions as equipment faults or fail to recognize localized
anomalies that disrupt the expected relationship among turbines
[19,20]. Another limitation concerns the use of static turbine
relationships. Wake influence changes with wind direction and
operating state, while lagged power correlations may vary across
seasons, control modes, and maintenance periods [21,22]. A
dependency model constructed from long-term average correlations
may therefore be unable to represent the current spatial interaction
among turbines. Effective farm-level anomaly detection requires a
dynamic representation that integrates physical layout, wake effects,
wind-direction alignment, and data-derived temporal correlations
[23,24]. It must also distinguish short disturbances from persistent
degradation and adapt its decision boundary to different wind
regimes without relying on a single global anomaly threshold.

To address these limitations, this study aims to develop a multi-
turbine dependency reconstruction method for anomaly detection in

non-stationary wind farm environments. The proposed method
constructs a turbine dependency graph by integrating farm layout,
wake influence, wind-direction alignment, and lagged power
correlation, allowing inter-turbine relationships to vary with
operating conditions. A temporal reconstruction network is used to
learn normal multivariate patterns across connected turbines under
changing wind regimes. An adaptive residual envelope is further
introduced to estimate regime-dependent anomaly boundaries and
identify weak but persistent deviations without using a fixed global
threshold. The method is evaluated using SCADA data from 132
turbines, including 48 monitored variables, approximately 54
million timestamped records, and 1,860 maintenance-confirmed
abnormal events collected over 32 months. Detection delay, false
alert volume, fault-event coverage, and computational efficiency are
jointly examined to assess both detection performance and practical
deployment capability. By combining dynamic inter-turbine
dependency modeling with adaptive residual evaluation, this study
seeks to improve the separation of genuine equipment abnormalities
from normal wind-induced variations, reduce unnecessary
maintenance alerts, and support scalable farm-level condition
monitoring and preventive maintenance.

Materials and Methods
2.1 Study samples and wind farm description
SCADA data were collected from a wind farm with 132 turbines.
Each turbine recorded 48 variables, including turbine speed, blade
pitch, generator temperature, gearbox vibration, nacelle direction,
wind speed, power output, and converter status. Measurements were
taken every 5 minutes over 32 months, yielding 54 million records.
The farm included upstream, middle, and downstream turbines
under varying wake conditions. The dataset contained 1,860
confirmed abnormal events, such as gearbox overheating, pitch-
control failure, yaw misalignment, converter instability, and
abnormal power curves. Data covered winter and summer, low and
high wind, and different turbine ages.

2.2 Experimental design and control groups
The test group used the multi-turbine dependency reconstruction
model, which combines spatial layout, wake influence, wind-
direction alignment, and lagged power correlation. Two control
groups were included. The first used isolated-turbine LSTMs
analyzing each turbine separately. The second used a static
correlation-based reconstruction method without updating turbine
dependencies for changing wind conditions. All models were
trained on normal operating periods and tested on periods with
seasonal wind changes and confirmed abnormal events. This design
tests whether incorporating turbine links, wake effects, and wind-
regime adaptation improves anomaly detection.

2.3 Measurement methods and quality control
SCADA variables were collected by turbine control systems and
reviewed before analysis. Duplicate timestamps, invalid values, and
records during planned shutdowns were removed. Wind speed and
power values outside operating limits were flagged. Short missing
gaps (<3 records) were filled using linear interpolation; longer gaps
were excluded. Maintenance logs, alarms, and inspection reports
verified abnormal events. Grid curtailment and control actions were
also checked to avoid false labeling. All turbines were time-aligned
for consistent farm-level analysis.

2.4 Data processing and model formulation
Variables were aligned by turbine and timestamp. Each variable was
normalized using training period statistics:

where x
i,k,t

 is the raw measurement, μ
i,k

 and σ
i,k

 are the
mean and standard deviation, and ϵ avoids division by zero. The
turbine dependency graph was constructed using turbine distance,
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wind-direction alignment, wake relation, and lagged power
correlation. The anomaly score for turbine i at time t was:

where K is the number of SCADA variables, w
k
 is the

variable weight, and x̂ '
i,k,t is the reconstructed value. An event

was recorded if S
i,t

 exceeded the adaptive residual envelope for a
continuous period.

2.5 Evaluation protocol and implementation
The dataset was divided into training, validation, and testing sets by
time to prevent information leakage. Training learned normal
turbine behavior, validation tuned the residual envelope, and testing
evaluated event-level detection. Metrics included median detection
delay, false alerts per turbine per month, Matthews correlation
coefficient, residual-envelope drift, online inference speed, and
daily farm-level assessment time. All control methods used the
same periods. The proposed method processed 18,600 SCADA
points per second, and a daily farm assessment completed in 5.9
minutes, demonstrating suitability for large wind farm monitoring.

Results and Discussion
3.1 Overall anomaly detection performance
The multi-turbine dependency reconstruction method improved
anomaly detection under changing wind farm conditions. Compared
with the isolated-turbine LSTM baseline, the median detection
delay decreased from 9.3 h to 2.4 h. This shows that the method can
report faults earlier, including gearbox overheating, pitch-control
failure, yaw misalignment, converter instability, and abnormal
power curve changes [25,26]. The false alert rate decreased to 1.7
events per turbine per month, which helps reduce unnecessary
maintenance checks. The Matthews correlation coefficient reached
0.902 under seasonal wind-regime changes, indicating stable
detection performance. In contrast, fixed thresholds and single-
turbine models often fail to capture wake effects and farm-level
operating changes. Fig. 1 shows a representative SCADA-based
wind turbine anomaly detection framework with feature extraction
and structured analysis.

Fig. 1. Framework for detecting wind turbine anomalies from SCADA data.

3.2 Effect of multi-turbine dependency reconstruction
The turbine dependency graph improved the detection of faults
involving several turbines. In wind farms, wake effects and wind-
direction changes often cause downstream turbines to show delayed
or coupled deviations. Isolated-turbine methods may miss these
patterns because they analyze each turbine separately. The proposed
method uses spatial layout, wake influence, wind-direction
alignment, and lagged power correlation to describe turbine links.
This helps separate true abnormal operation from normal wind
variation. Compared with static correlation reconstruction, the
proposed method better reflects physical relations among turbines
[27,28]. It also improves detection of fault propagation across the
farm.

3.3 Robustness under changing wind regimes
The adaptive residual envelope improved stability under different
wind conditions. SCADA signals such as power output, vibration,
generator temperature, and pitch angle vary with wind speed,
turbulence, season, and control actions. These changes may occur
during normal operation and should not always be treated as faults.
Fixed thresholds are sensitive to such changes and may cause many
false alerts. The adaptive envelope adjusts to recent operating states

and reduces errors caused by normal regime shifts. Residual-
envelope drift remained below 0.27 standard units across winter and
summer conditions. Fig. 2 illustrates a SCADA-based anomaly
detection workflow with preprocessing, feature extraction, and
model evaluation, supporting the need for structured analysis in
non-stationary turbine data.

Fig. 2. Workflow for SCADA data cleaning, feature extraction, and fault
evaluation.

3.4 Comparison with existing methods and practical
value
Compared with isolated machine learning models and static
reconstruction methods, the proposed method provides faster
detection, fewer false alerts, and better farm-level fault monitoring.
Single-turbine models can capture local faults but often ignore wake
interaction and shared wind conditions. Static reconstruction
methods may also fail when wind regimes change. The proposed
method addresses these issues by combining turbine dependency
reconstruction with adaptive residual scoring. Online inference
processed 18,600 SCADA points per second, and one daily farm-
level assessment was completed in 5.9 min. This indicates that the
method is suitable for continuous wind farm monitoring. However,
the study used data from one wind farm only [29,30]. Future work
should test more farm layouts and include turbulence intensity,
atmospheric stability, and maintenance-cost data to improve fault
explanation and practical use.

Conclusion
The multi-turbine dependency reconstruction method offers a
practical way to detect abnormal wind farm operation under
changing wind conditions. It combines turbine layout, wake effects,
wind-direction links, lagged power correlation, and adaptive
residual limits. This allows the method to capture both single-
turbine faults and fault spread across the farm. The results show
shorter detection delays, fewer false alerts, stable MCC values, and
reliable residual changes across winter and summer regimes. The
main contribution is the move from isolated-turbine monitoring to
farm-level detection based on turbine links. This helps explain how
abnormal signals spread among turbines under shared wind
conditions. The method can support early fault warning,
maintenance planning, and continuous SCADA-based monitoring.
Limitations include testing on one wind farm and using mainly
SCADA records. Future studies should test different farm layouts
and include turbulence intensity, atmospheric stability, maintenance
cost, and inspection records to improve fault explanation and
practical use.
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