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Abstract:
In this study, a preprocessing approach is proposed to improve training accuracy and computational efficiency by

leveraging SCADA data@and integrating. machine learning algorithms with statistical techniques for unlabeled
data. The method reduces the training dataset substantially by partitioning the data into equal numbers of data
points and selecting representative samples based on quantiles. Using this strategy, the model requires only 0.2%
of the original dataset for training insthis study. Subsequently, abnormal data points are identified using a power
curve model using quantile thresholds. The proposed method is evaluated against DBSCAN and a KNN-based
model. Experimental results obtained from real-world wind farm data indicate that the proposed method
combined with KNN outperforms the DBSCAN" method. Specifically, both MAE and RMSE decreased by
approximately 15%, reflecting improved predictive accuracy=Computationally, the execution time of the proposed
approach was about 0.15 seconds, compared to 0.99 seconds for the DBSCAN method, corresponding to a runtime
reduction exceeding 50%. Moreover, unlike DBSCAN, which“requires precise parameter tuning or additional
constraints tailored to the power curve structure when dealing with dense or linear outliers, the proposed approach
is capable of automatically eliminating outlier data points from the.wind turbine power curve without the need

for predefined filters or explicit boundary definitions prior to the cleaning process.
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Introduction

Condition monitoring and abnormal data identification
function as a fundamental and essential protective layer,
preventing undesirable events, ensuring human safety,
and safeguarding the environment.

With the significant growth of renewable energy in
recent yearsy, condition monitoring has become
increasingly important in energy sector. In particular,
wind energy has gained significant attention as a source
of renewable energy, ‘due to its availability and low
environmental impact. Therefore, condition monitoring
and timely detection of abnormal data as potentially
faulty data, along with early alarms to operators, can help
reduce costs and enhance system reliability [Y ,] . The
power curve of wind turbines can serve as a pivotal key
indicator for detecting abnormalities. For instance, data
exhibiting a behavior that differs significantly from the
power curve data can be identified as.abnormal data.

In most studies on wind turbine condition menitoring
based on power curves, it is common to.apply filters
before the preprocessing step in order.to prepare high-
quality and clean data for model training. Recent
approaches combine statistics and machine~learning
(ML) to improve accuracy, but they usually involve
multiple complex preprocessing steps [3, 4]. Therefore,
this paper introduces a computationally efficient and
cost-effective method based on machine learning and
quantiles that identifies and removes abnormal data
without the need for manual filters during the
preprocessing step, with low dependence on the turbine’s
structural characteristics.

Methodology

The wind turbine power curve, which represents
the non-linear relationship between wind speed
and output power, is a key indicator in analyzing
the efficiency of wind energy systems. Equation
(Y) represents this relationship, where p is the
output power of the turbine.

=2 PAC. PV ™

Various methods have been proposed for modeling
Equation (V), such as parametric and non-parametric
approaches. Among these approaches, machine learning
methods are superior due to their capacity to accurately
approximate complex real-world systems with high
accuracy and operate as black-box models. In this study,
the K-Nearest Neighbors (KNN) algorithm is
implemented to learn the relationship. It estimates the
output using the k nearest observations within the feature
space.

The first step in preparing the data for the model
training involves cleaning the dataset by removing
outliers. A popular method is Density-Based Spatial
Clustering of Applications with Noise (DBSCAN).
Equation (Y) describes the main logic behind the
DBSCAN algorithm.

N, (p) ={qeD]|dist(p,q) < &} 49)

In Equation (), N represents the set of neighbors of
the point p, consisting of all g points with a distance
smaller than ¢. If the size of set N exceeds a specified
threshold (Minpts), point p is considered a normal point.
Otherwise, p is an outlier (Equation ().

IN, (p)|= Minpts ™)

Although DBSCAN can efficiently detect outliers, it
still requires additional predefined filters to remove some
initial data.

Subsequently, a KNN model is trained on the
preprocessed data, which uses a threshold to find any
significant deviation from the outliers-free power curve
(Equation (£), (°)). In these Equations, r is the residual
signal, x; represents the data point at time t, and o is the
standard deviation. If the residual values exceed the
acceptable bounds of the power curve, they can be
flagged as potential abnormal data.

I = x, —Predicted value )
Ir|=3x0o, )

One ofthe limitations of Equation (°) is the
assumption /that the residual signal is normally
distributed. /The real distribution of a wind turbine
residual signalsis notsexactly normal, and using a 3o
threshold can lead to false alarms, as the threshold
ignores other factors, such as'skewness.

The proposed. data-driven approach uses the actual
residual signal distribution to determine the appropriate
threshold and “avoids common simplifications, such as
assuming normality.

The proposed method has two main steps:

1) Selecting center points-and cleaning data using
quantile thresholds.

2) Defining threshold bounds /for detecting
abnormal data.

The initial stage involves data partitioning@according
to IEC standards and the selection of center points.
Overall, after selecting wind speed as the appropriate



feature using the correlation matrix, centers can be
selected. A key indicator for the selection is mean value
within each bin. While the mean value is heavily
sensitive to outliers, quantiles might provide a better
solution, as they are more robust and allow focusing on
specific parts of the data distribution, particularly the
higher values on the power curve that indicate stable and
optimal turbine performance. This provides a more
accurate'representation of the turbine’s maximum power
and actual operating conditions. Therefore, the wind
speed data is dividedsinto bins with approximately equal
sample counts in‘each interval, in order to examine the
power curve’ behavior uniformly. Subsequently, the
median pointsiare chosensas selected data points.

Using the preprocessed.data, a . KNN model is trained.
Then, the real-time data is compared with the model
prediction, and if the difference.is significant, the data is
flagged as abnormal data and potentially. faulty data.
Equation (1) shows the threshold relationship where r is
the residual and Qs are random thresholds for the left and
right side of the residual signal“which cansbe selected
based on the SCADA data structure.

et = Qrp. [ = Qo ®)

In summary, the data is cleaned and the residual
signal is stored. This cleaning is performed using binning
and quantile thresholding. Then, the ML model is trained
on this cleaned data. Given the residual signal and the
local quantile threshold (for each interval), abnormal
conditions are identified.

IResults

The experimental results are based on a dataset collected
from a real wind turbine located in Turkey. In the first
step, outliers in the raw dataset are removed with both
DBSCAN and the proposed algorithms to enable
performance comparison.
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Figure 1. Time and MAE decrease chart

Although the full dataset is available, only 100 centers
of the power curve are selected using the proposed
method to train the model. After training, the proposed
method demonstrates higher accuracy and shorter
execution time than DBSCAN method (Figure 1).

Finally, local quantile-based thresholds are applied to
detect the abnormalities (Figure 2).
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Figure 2. Power curve and abnormal data

Conclusion

This study introduces a framework for cleaning wind
turbine power curve data and detecting abnormalities.
The proposed preprocessing step involves segmenting
wind speed into bins and selecting the median of each bin
as a center point to train the model, which effectively
reduces computational load while preserving the
accuracy of power curve modeling. For abnormal data
detection, the method employs local quantile thresholds
for each bin instead of a global 3¢ threshold, thereby
removing the assumption of normality. Experimental
results demonstrate that this framework efficiently
removes outliers, reduces execution time, and provides a
more accurate power curve model compared to the
DBSCAN method, without requiring additional filters.
Future research directions include integrating this
framework with more advanced algorithms, utilizing
environmental data, and employing multi-input power
curves:
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Wind Speed vs. Power Curve (DBSCAN)
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Wind Speed vs. Power Curve (DBSCAN)
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Results and ranking based on overall performance
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