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Abstract: Early fault detection plays a crucial role in the field of predictive maintenance for wind tur-
bines, yet the comparison of different algorithms poses a difficult task because domain-specific public
datasets are scarce. Many comparisons of different approaches either use benchmarks composed of
data from many different domains, inaccessible data, or one of the few publicly available datasets
that lack detailed information about the faults. Moreover, many publications highlight a couple of
case studies where fault detection was successful. With this paper, we publish a high quality dataset
that contains data from 36 wind turbines across 3 different wind farms as well as the most detailed
fault information of any public wind turbine dataset as far as we know. The new dataset contains
89 years worth of real-world operating data of wind turbines, distributed across 44 labeled time
frames for anomalies that led up to faults, as well as 51 time series representing normal behavior.
Additionally, the quality of training data is ensured by turbine-status-based labels for each data point.
Furthermore, we propose a new scoring method, called CARE (Coverage, Accuracy, Reliability and
Earliness), which takes advantage of the information depth that is present in the dataset to identify
good early fault detection models for wind turbines. This score considers the anomaly detection
performance, the ability to recognize normal behavior properly, and the capability to raise as few
false alarms as possible while simultaneously detecting anomalies early.

Dataset: https://doi.org/10.5281/zenodo.14006163 (accessed on 29 October 2024).
Dataset License: CC BY-SA 4.0 International.

Keywords: dataset; early fault detection; wind turbines; predictive maintenance; anomaly detection;

condition monitoring

1. Introduction

Wind energy plays a crucial role in the transition to renewable energy, but monitoring
and maintaining wind farms and turbines is a costly challenge. These wind farms are
often located in regions with challenging weather conditions, leading to complex operating
conditions and increased risk of unexpected failures and downtime. Over the past decade,
various approaches for condition monitoring, many of which focus on early fault detection
using SCADA data, have been investigated [1-3].

A common method to detect component failures early is AD, which identifies outliers
or other anomalous patterns in the data. In the context of WT, most AD techniques utilize
data from the SCADA system, failure logs, vibration data, and occasionally status and
maintenance logs [4]. This paper specifically focuses on AD models used for early fault
detection based on SCADA data that are validated using additional failure information.

While there have been several benchmarks [5,6], reviews [7], and comparisons [8] of
general AD-algorithms, most of them use data from a wide variety of domains like space-
craft, medical applications, and IT-related data. However, efforts on wind-energy-specific
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AD or early fault detection are usually based on non-public inaccessible data. For example,
refs. [9,10] use inaccessible data from wind farms that are located in China, and [11-13] use
data from anonymized offshore wind farms. These are five recently published examples
that lack the ability for meaningful comparisons between the proposed fault detection
algorithms. Also, inaccessible data prevent reproducibility of presented results. Some
studies have used public wind energy datasets (for example, [4,14-20]), but they lack com-
prehensive information about anomalies or component faults. The lack of extensive public
datasets with both SCADA time series and failure information is a significant limitation
in the field of WT SCADA data analysis. To enable meaningful comparisons between
early fault detection models in the wind energy domain, new public benchmark datasets
are necessary.

The main contribution of our work is the publication of the most extensive WT SCADA
dataset! for early fault detection yet. This includes high dimensional data from multiple
wind farms, information about the WT status at all times, labeled anomalies with annotated
starts and ends, and additional fault descriptions. Because the data stem from real-world
operating wind farms, they had to be anonymized with the focus on minimizing the loss
of useful information and maximizing the meaningfulness of this dataset for early fault
detection and predictive maintenance.

In addition to the dataset, we also provide a sophisticated score, the CARE score, for
evaluating early fault detection algorithms on this and similar datasets. This score takes
into account four key aspects of a high-quality early fault detection model for predictive
maintenance. In combination with the dataset, this score provides the possibility to compare
a variety of different early fault detection algorithms, from unsupervised to semi-supervised
techniques, designed for the use case of predictive maintenance in WT.

The content of this paper is divided into the following sections. First, we give an
overview of the related work in Section 2. After that, we introduce the dataset in Section 3.1
by giving information about the layout, the requirements we set for the quality of the
data, the labeling process, and the anonymization actions that were taken. Following this,
we provide our scoring idea together with a test evaluation of a few selected basic AD
strategies and an early fault detection model in Sections 3.2 and 4. Finally, a summary
concludes this work in Section 5.

2. Related Work

In the field of AD benchmark data, many studies focus on dataset compositions from
various different domains and use cases. Many benchmark datasets also include a mix
of artificial data and data from real-world applications. While [5,7,21,22] study a wide
spectrum of different AD algorithms for a broad collection of data types, there are also
several AD benchmarks that focus on time series data. One example of such benchmarks is
the widely used and cited Numenta benchmark [6], which provides a collection of datasets.
A more recent and more comprehensive evaluation of AD in time series is found in [8],
where over 71 algorithms were evaluated on more than 900 time series.

In the scope of early failure detection for WT, the time series datasets mentioned
above are usually too broad to be used for evaluation in this specific context. Also, many
are either univariate or synthetic time series and therefore not applicable to early failure
detection in SCADA data. Unfortunately, most domain-specific evaluations are conducted
on inaccessible data that were provided only for the research in which they are used. As
mentioned in the introduction, there are plenty of examples of studies that use such datasets.

There are only a handful of open datasets containing WT SCADA data. The studies [23,24]
give an overview about existing datasets for WT. Additionally, the Git-repository [25]
summarizes some currently existing datasets, although some of the listed datasets, such as
the SCADA data of the ENGIE wind farm “La Haute Borne”, are not available anymore.
The most relevant public dataset in the context of early fault detection is provided by the
EDP open data platform [26], since it is, as far as the authors know, the only one containing
information about WT faults in addition to the SCADA data. The faults are provided
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in the form of a start timestamp for some turbine faults. This dataset was used in the
fault detection challenge “hack the wind” [27] hosted by EDP, which is mentioned and
evaluated together with the “WeDoWind”-challenge [28] in [19,20]. These challenges focus
in particular on the evaluation of AD algorithms based on maintenance cost and potential
savings that could be achieved through predictive maintenance. Furthermore, several
studies on fault detection have used these data [4,15,17,18]. Although the EDP dataset
is widely used, its level of detail regarding the fault information is small, especially in
comparison to the inaccessible datasets mentioned before.

The lack of publicly available SCADA datasets of WT is also acknowledged in [3],
which highlights that it is a constraint in the progress of WT SCADA applications. Ad-
ditionally, the absence of publicly available datasets containing real-world anomalies is
recognized as a significant obstacle in the development of AD in general, as it may not
adequately reflect the performance of methods in real-world applications [7,22].

There is not only a need for additional domain specific public datasets; the data quality
and the level of detail also plays an important role. As pointed out by [29], many AD
benchmark datasets suffer from flaws that limit their significance. The main flaws are defined
as the flaws of “Triviality”, “Unrealistic Anomaly Density”, “Mislabeled Ground Truth”,
and the “Run-to-Failure Bias”. In the case of publicly available wind SCADA datasets, one
common issue is the absence of labels, particularly regarding fault information.

Considering the flaws in datasets, scoring for AD algorithms poses a difficult challenge.
Many studies utilize standard classification metrics, such as accuracy, precision, recall, or
the AUC of the ROC [5,11,13,30].

While it is possible to evaluate AD algorithms using the AUC-ROC score for all
possible thresholds, for most practical applications, it is much more useful to have a high
F-score, or a related score. In [31], several variants of F-scores are compared. The standard
pointwise F-score is the simplest, but for most use cases, the interest lies in detecting
anomaly events, i.e., a continuous set of anomalous time points, rather than individual
time points. A composite F-score is introduced, a modification of the classic F-score that
takes into account anomaly events through event-wise recall.

Another approach, presented in [32], modifies the classic AUC-ROC metric by gen-
eralizing the concept of the ROC to the preceding-window-ROC, thereby adjusting the
measure to better fit AD evaluations on time series data from an event-based perspective.

Finally, the Numenta Benchmark [6] defines a score that is supposed to measure the
performance of more general AD models for time series data across different domains. The

o

score is based on five key aspects of a good AD model: “detection of all anomalies”, “early
detection of anomalies”, “no false alarms”, “uses only real time data”, and “automation
across all different datasets”.

Based on the provided overview of related work, this paper contributes to the progress
of early failure detection for predictive maintenance on WT by introducing a new public
dataset that offers more detailed information about turbine faults and associated anomalies.
Furthermore, the new dataset addresses the flaws identified by [29], although the potential
for mislabeled ground truth cannot be completely eliminated in this context, as the start
of anomalous behavior is often unclear. The flaw of triviality is tackled by the inclusion
of complex anomalies from real-world WT based on feedback of the wind farm operators.
Additionally, the proposed CARE score, which differs from standard classification metrics,
draws inspiration from the first three key aspects of the Numenta score and the composite
F-score from [31], while distinct adaptions and further developments have been made to
better fit the specific use case of early failure detection for predictive maintenance on WT.

3. Materials and Methods
3.1. Data

In this section, we describe the new dataset provided with this paper. First, we discuss
the requirements for a good dataset for early failure detection in WT in Section 3.1.1.
Then, we provide an overview of the data published in Section 3.1.2, including general
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statistics such as the number of anomalous events and features, as well as data quality.
In Section 3.1.3, we explain the process of labeling each time series and datapoint, and in
Section 3.1.4, the anonymization process is described.

3.1.1. Data Requirements

During the process of selecting data for this benchmark dataset, seven requirements
were defined to ensure the quality and significance of comparisons of algorithms for early
failure detection in WT. The requirements are as follows:

1.  The dataset must contain as many anomaly events as possible.

2. The dataset must contain different wind farms.

3.  The dataset must contain different fault types.

4. The dataset must be balanced, i.e., contain enough prediction data representing
normal behavior.

5. Every sub-dataset must contain enough normal behavior data in the intended training
time frame. If at least 2/3 of the training data are normal behavior data, we define the
sub-dataset to be sufficient.

6.  Every sub-dataset must contain at least one whole year worth of data, in order to be
able to learn seasonality-related effects.

7. Every anomaly must have an assigned start timestamp. The anomaly end is the start
of a turbine fault.

While requirements 1 to 3 are necessary to test the generalization ability of early failure
detection algorithms, requirement 4 enables tests for the ability to learn normal behavior effec-
tively. This is particularly important for the evaluation of NBM. Additionally, requirements 5
and 6 ensure the quality of the training data, to guarantee an NBM can be trained. Finally,
requirement 7 allows for the evaluation of early failure detection models using classification
measures. These requirements ensure that the dataset is of high quality, comprehensive,
and balanced to train a proper NBM, with detailed labels to validate the model. All these
properties are also relevant for the definition of the score introduced in Section 3.2.1.

3.1.2. Dataset

The data consist of 95 datasets, containing 89 years of SCADA time series distributed
across 36 different WT from the three wind farms A, B, and C. The data for wind farm A is
based on the earlier mentioned EDP data [26] and consists of five WT of an onshore wind
farm in Portugal. From these data, 22 datasets were selected to be included in this data
collection. The other two wind farms are offshore wind farms located in Germany. All three
datasets were anonymized as described in Section 3.1.4. The overall dataset is balanced, as
44 out the 95 datasets contain a labeled anomaly event and the other 51 datasets represent
normal behavior. Each dataset is provided in form of a csv file, with columns defining the
features and rows representing the data points of the time series.

The datasets consist of SCADA time series data for each turbine, with a resolution of
10 min. Each dataset includes one year worth of data for training a model, as well as 4 to
98 days of prediction data.

The prediction data are divided into an event time frame, with varying amounts of
padding data before and after the event. This padding is used to prevent guessing the
event label (“anomaly” or “normal”) based on the amount of prediction data.

The number of features in the datasets varies depending on the wind farm. Wind
farm A has 86 features, wind farm B has 257 features, and wind farm C has 957 features. In
addition to the sensor data features, each time series includes five descriptive features: a
row ID and a timestamp, an asset ID that identifies the WT, a “train_test” column indicating
whether the row belongs to the training or prediction data, and a status ID indicating the
turbine status at the timestamp.

The remaining features represent sensor measurements. For each sensor, the 10-min
average value is available. Some sensors also have additional information in the form of
10-min minimum, maximum, and standard deviation values. The original sensor names
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have been replaced in order to anonymize the data, as described in Section 3.1.4. Only
features that describe power, reactive power, or wind speed are recognizable by their name.
To accommodate for the loss in information, additional descriptions are provided for every
sensor. These descriptions include a brief text, the unit of the sensor, as well as Boolean
indicators that imply whether the sensor represents a regular sensor signal, a counter, or
an angle. The most important statistics of the data are summarized in Table 1. The rows
“Anomaly events” and “Normal behavior” describe the number of datasets containing an
anomaly event and without anomalies, respectively.

Regarding the data quality, there are two challenges. The data for wind farm B and C
were provided by the operator, with 0 values replacing all missing values, so large amounts
of consecutive 0 values must be treated with caution. Second, note that the status values
for wind farms B and C may be inconsistent; often the status is only logged when it
changes, which may fail if there is a brief communication error. Also, the status values for
wind farm A were derived based on the EDP fault logbook, which only contained start
timestamps of the faults (see Section 3.1.3). It is therefore advisable to check the power and
wind speed values in addition to the status values to determine whether the turbine has
indeed been operating normally.

Table 1. Summary of the dataset.

Wind Farm A Wind Farm B Wind Farm C Overall
Turbines 5 9 22 36
Datasets 22 15 58 95
Anomaly events 11 6 27 44
lﬁﬁ;ﬁﬂ 11 9 31 51
Features 86 257 957 -
Sensors 54 63 238 -

3.1.3. Data Labeling

The data are labeled on two levels. The first level are the so-called event labels. If a
dataset contains an anomaly event inside the prediction time frame, the dataset is labeled
as an anomaly. If this is not the case, it is labeled as normal. The anomaly labels have
been determined either based on direct feedback by the wind farm operators or based on
documented faults in the form of service reports and fault logbooks. The normal labels
have been determined by a combination of feedback of the wind farm operators, manual
inspection of the data, and expert knowledge.

For wind farm A, all anomaly event starts were defined based on the available EDP
fault logbook, which only defines start timestamps for each fault. Since no further infor-
mation is available, analysis of the data before every fault was used to determine possible
event starts. The “true” anomaly event starts for wind farm A can differ from the set ones.

For wind farms B and C, all starts of the anomaly events were defined based on
data analysis, feedback of the wind farm operator, service report documents, and expert
knowledge. While the true starts of the anomaly events could potentially differ from the set
ones in some cases, it is highly unlikely that the defined events start too early. If anything,
anomaly event start could be earlier than defined.

The second level of labeling assigns a label to each timestamp of every dataset. These
labels are called status IDs. For wind farms B and C, they are derived from the original
operating modes that were provided by the wind farm operators in combination with
service report information. For wind farm A, this information was not provided. In this
case, the status IDs were based on the fault information from the logbook provided by
EDP. For each turbine fault, the preceding 14 days were marked with the status ID 4 (fault),
and the 3 days after the fault timestamp were marked with the status ID 3 (service mode).
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The time ranges around the turbine fault were set with the aim in mind to reduce the
risk of including anomalous behavior in the training data. As no information is available
on the duration of anomalies before and after the given faults, the time ranges were
chosen conservatively.

The status labels can be used to infer whether a given data point represents normal
WT behavior. The status IDs, their description, and whether we consider the status normal
are found in Table 2.

Table 2. Status descriptions.

Status ID Description Considered Normal
0 Normal operation without limitations True
1 Derated power generation with a power restriction False
2 Asset is idling and waits to operate again True
3 Asset is in service mode/service team is at the site False
4 Asset is down due a fault or other reasons False
5 Other operational states for example system test, False

setup, ice build-up, or emergeny power

3.1.4. Anonymization

Due to confidentiality reasons, the data of wind farms B and C were anonymized.
The anonymization includes the removal of all information that can directly identify the
wind farms, such as the name of the wind farm, the original names of each WT, the turbine
type, and the location. The wind farm names were replaced with the generic names “Wind
Farm A”, “Wind Farm B”, and “Wind Farm C” while the WT names were replaced by
randomized asset IDs. However, the asset IDs were assigned in a way that makes it still
possible to link different datasets that belong to the same WT.

Additionally, the timestamps of each dataset were shifted by a number of years so that
datasets start within the year 2022. This anonymization of the recording year maintains the
consistency of seasonal data, but it also distorts the temporal order of the datasets.

Names of the original SCADA features were replaced by a numeration of the features.
Only features that describe power, reactive power, or wind speed are recognizable by their
name. Additionally, power and reactive power features have been scaled with the rated
power of the turbine. This way; it is still possible to clean and analyze the data using the
power curve of the WT.

All status information was aggregated from the original status data of the WT, and
the name of each status condition was replaced by a number in combination with a brief
description. Wind farms B and C contain detailed status information while wind farm A
only contains status information that indicate turbine faults.

3.2. Anomaly Detection Evaluation

Evaluation of early failure detection algorithms poses a difficult task. On one hand,
the perfect early failure detection should detect all anomalies as soon as possible, without
any false alarms; on the other hand, labeling of anomalies and finding proper start and end
times of anomaly events cannot be done perfectly.

Although the ground truth of every AD evaluation is almost certainly flawed [29],
standard classification metrics, like the F-score, accuracy, and precision, are often used to
measure the performance of AD algorithms to compare them with other algorithms or to
show their overall performance [33]. The F-score, in particular, is widely used, but it cannot
be applied to evaluate the performance of AD on normal data since true negatives are not
considered in the F-score. This is one of the reasons why metrics like the F-score are not
suitable for a complete evaluation of early fault detection models.
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To tackle these problems, we introduce the CARE score in Section 3.2.1 to evaluate
models on the dataset described in Section 3.1. The score is composed from four sub-scores,
each evaluating a key aspect of a good early failure detection model. In addition to that,
we conduct a test evaluation Section 4 to showcase the CARE score and dataset.

3.2.1. The CARE Score

In the context of early fault detection for predictive maintenance the performance
of models is often difficult to assess. To address this, we introduce the CARE score for
evaluating early fault detection algorithms in an operational predictive maintenance setting.
Expanding upon the first three criteria of the Numenta score [6], the CARE score focuses
on four key aspects that a good early fault detection model should excel in, which are:

1.  Coverage: Detection of as many correct anomalies as possible;
2. Accuracy: Recognition of normal behavior;

3. Reliability: Few false alarm events;

4.  Earliness: Detection of anomalies before faults become critical.

The CARE score consists of four sub-scores, each representing one of the four aspects
mentioned above. The first and fourth sub-scores measure the pointwise classification
performance of an algorithm on datasets where anomaly events are present. The second sub-
score considers the model’s performance on datasets without any anomalous data, i.e., its
ability to recognize normal behavior accordingly. The third sub-score assesses classification
performance on aggregated events, by applying an eventwise classification measure.

3.2.2. Score Definition
Coverage

In order to measure the coverage—i.e., the classification performance on a time series
with anomalies—the Fg-score as described by [34] is used. At first, the prediction time
frame of a given anomaly event dataset is filtered. All data points with an abnormal
status ID according to Table 2 are ignored. This is important because these data points
are usually very easy to detect. Moreover, the wind farm operator is already informed
about the abnormal behavior through the status ID. Thus, these data points are irrelevant
in the context of predictive maintenance and they would dilute the score. Now, let g be the
ground truth of all data points with a normal status ID within the prediction time frame
and p is the corresponding prediction of an early fault detection model. The Fg-score is
then defined as

(1+p%) -tp(g p)
1+p%-tp(g,p) + B> fru(gp)+ frigp)

where tp(g, p) is the number of true positives based on g and p, fn(g, p) is the number
of false negatives, and fp(g, p) is the number of false positives. In this case, a value of
B = % is chosen to give more weight to precision than recall, thereby penalizing excessive
false positives.

Fg(g p) = ( (1)

Accuracy

To measure the performance on datasets that exclusively contain normal behavior, the
Acc as described by [35] is used. Since there are no true positives for the prediction time
frames of those datasets, Fg from Equation (1) would always be 0. With the same reasoning
as in the Section Coverage, only data points with a normal status ID are relevant. Let g
be the ground truth of all data points with a normal status ID within the prediction time
frame, and p is the corresponding prediction. Then Acc is calculated as

_ tn(g p)
Acclg p) = fr(g p)+tn(gp) (2)
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where tn(g, p) is the number of true negatives based on g as well as p, and fp(g, p) is
the number of false positives. Note that, in contrast to the standard accuracy, there are
no true positives and false negatives, since only datasets containing normal behavior are
considered and data points with an abnormal status ID are excluded.

Reliability

False alarms on an event basis are taken into account by the event based Fg-score (EFg).
First, each time series prediction needs to be classified as either “anomaly event detected”
or “normal behavior”. For this, we first calculate the maximum “criticality”, which is a
counter-like measure. Given the prediction timestamps #4, ..., fy, the status information
St € {0,1} where 1 corresponds to a normal status and 0 to an abnormal status, and the
prediction p;; € {0,1} where 1 represents a detected anomaly and 0 no detected anomaly
fori =1,..., N, the criticality is computed by Algorithm 1.

Algorithm 1 Criticality Algorithm

crit +[0,0,...,0] € NN+
fori € {1,...,N} do
if sy, = O then
if pt, = 1 then
critli] < critli—1]+1
else
crit[i] < max{crit[i —1] — 1,0}
end if
else
crit[i] < crit[i — 1]
end if
end for
crit < crit[1: N]

After calculating the criticality for the entire prediction time frame, the maximum
criticality is compared to a threshold t., which we set to 72. The idea behind this threshold is
that, in order to reach a criticality of 72, the algorithm must either detect at least 72 anomalies
in a row, which equates to 12 h of consecutive anomalies, or even more anomalies in the
case of non-consecutive detected anomalies. Setting the threshold at 72 was found to be
the most appropriate for all 95 time series in this dataset and generally depends on the
length of the time series and the use-case specific definitions of detected anomaly events.
For shorter events, a lower threshold is more appropriate.

If the threshold is exceeded, the prediction is counted as a detected anomaly event
(i.e., an alarm was raised). If the maximum criticality is below 72, the prediction is counted
as a normal event prediction (i.e., no alarm). These event prediction labels are then com-
pared to the true dataset labels and the Fg-score is calculated as defined in Equation (1),

where 8 = 1 is usually chosen to penalize false positives further.

Earliness

Similar to the Fg-score, the second sub-score—the WS—is also only applied to anomaly
events. As a modified version of the weighted score defined in the Numenta benchmark [6],
this score weights detected anomalies during the beginning of defined anomaly events
higher than detected anomalies at the end of the event time frame. However, instead
of discarding additional detected anomalies within the event time frame, all detected
anomalies will be considered with positive weights. The piecewise linear function shown
in Figure 1 is used to weight the predicted timestamps. In the first half of the event, all
detected anomalies are assigned a weight of 1. In the second half of the event, the weights
decrease linearly to 0, as the detected anomalies become less important to the wind farm
operator the closer they are to the actual turbine fault.
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Figure 1. Weight function of the weighted score (WS) for early anomaly detection.

In order to apply this weighting function to anomaly events of different lengths,
the length of each event is used to convert the event timestamps to the relative position
in the interval [0, 1], where 0 corresponds to the beginning of the anomaly event and 1
corresponds to the end of the event, i.e., the start of a downtime or a fault as detected by
other systems. Let the consecutive timestamps of an anomaly eventabe t; < t) < --- <ty
while p, == (pt,, ..., pty) € {0,1}N denotes the corresponding prediction, where 1 marks
a detected anomaly and 0 means no detected anomaly. The WS of this anomaly event is
then calculated as

M
_ Zi:l We; - Pt

WS(pa) = 3
(pa) S 3)

where wy, € [0, 1] is the weight for the timestamp ¢;.

CARE

Finally, the CARE score is calculated by combining the four sub-scores. This is done
by calculating the event based score EFg and the averages Fg, WS, and Acc. Here, Fg is

the arithmetic mean over all Fﬂ—scores of datasets containing an anomaly event, WS is

the arithmetic mean over all WS of datasets containing an anomaly event, and Acc is the
average over all Acc of datasets representing normal behavior.

The final CARE score takes two special cases into account. If no anomaly events were
detected at all, the CARE score will be 0. Also, if Acc falls below 0.5, the predictions are
worse than uniformly distributed random predictions. In this case, the final score will be
equal to Acc. Outside of these two special cases, the CARE score is defined by a weighted
average WA of all sub-scores:

WA = ——
21‘21 Wi

where we choose wy = wy = w3 = 1 and w4 = 2 in order to weight the normal datasets to
the same degree as datasets containing an anomaly event, and § = %

(aJll‘T; + wr WS + CU3EF13 + (Ahlﬂ), 4)
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To summarize, the CARE score is defined by

0, if no anomalies were detected
CARE = { Acc, if Acc <05 (5)
WA, else.

3.3. Comparison to Other Scoring Methods

The CARE score combines classic and advanced scoring methods to enhance early
fault detection in predictive maintenance, focusing on anomaly detection while minimizing
false alarms. Contrary to measures like the AUC-ROC, all four sub-scores considered are
threshold-specific performance measures. This is a property that makes comparisons of
algorithms for the sake of early fault detection less significant, but in exchange it raises
the significance of the score in a real-world operative predictive maintenance setting. As
mentioned in [31], operators of wind farms and other assets are primarily interested in
accurately detecting anomalies while minimizing false alarms. Additionally, this enables
comparison of the same NBM with different threshold methods. In this subsection, the
CARE score is compared to known scores suited to anomaly detection models and specific
early fault detection models.

3.3.1. Fﬁ—Score

While the Fg-score (Equation (1)) is well suited for the pointwise evaluation of anomaly
detection models regarding their ability to detect anomalies within a dataset, it is not
able to express the ability to classify normal behavior in datasets where the number of
anomalies is minimal or even absent. Since the ability to correctly recognize normal
behavior over potentially long periods of time is a required property for reliable early fault
detection models, the Fﬁ—score on its own is not sufficient for the evaluation of early fault
detection models.

3.3.2. Acc-Score

In contrast to the Fg-score, the Acc-score (Equation (2)) also considers the number
of true negatives for the evaluation, which empowers it to correctly evaluate the afore-
mentioned long periods of normal behavior in a meaningful way. However, the Acc score
is inferior to the Fg-score when it comes to the task of assessing the anomaly detection
performance, since the latter takes into account true positives and allows for use-case
dependent weighting of precision and recall. Consequently, the accuracy of an early fault
detection model is not sufficient for evaluation in itself.

3.3.3. Composite F-Score

In the context of early fault detection, a good pointwise classification is mandatory,
but the ability to detect events is comparably meaningful. Scores such as the composite
F-score proposed in [31] aim to combine pointwise and eventwise evaluations, which is
an idea that the CARE score also builds upon. However, the composite F-score, simlarly
to the classic F-score, cannot express the ability to accurately recognize normal behavior.
Therefore, it is not comprehensive enough to evaluate early fault detection models.

As a combination of the classic Fg-score, the Acc-score, and the eventwise Fg-score, the
CARE score reflects on the ability to detect anomalies and the ability to recognize normal
behavior in a pointwise manner, as well as on the event level. This makes the CARE score
more effective in assessing early fault detection model performances than the other scores.

3.3.4. Numenta Score

To conclude the comparison of the CARE score to other scoring methods, the Numenta
score [6] must be mentioned as well. Since this score also inspired the creation of the
CARE score by incorporating an earliness reward, it addresses the evaluation of early fault
detection algorithms in a different way than classic classification scores. Nevertheless, the
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Numenta score may yield a high positive value when only a single timestamp is flagged
as an anomaly, when it is an early detection. In such a situation, the context of the entire
event is overlooked. In contrast, the CARE score would assign a lower value to such cases,
reflecting its emphasis on recognizing the full scope of the event rather than relying solely
on isolated detections.

3.3.5. Score Modification

In some cases, it is beneficial to adapt the CARE score for different use cases. As the
challenges [27,28] show, maintenance costs for different turbine faults are often considered
when assessing the performance of early fault detection models. The CARE score can be
adjusted to take such costs into account by replacing I-Tﬁ and WS by weighted averages.

Letay, ..., ay be all datasets containing anomaly events and w = (wy, ..., wy) be the
cost-based importance weights of each anomaly. The weighted averages are then defined by

__ 1 N
Fg = (‘J"F(g 1/Pi> (6)
B Zi:1wiizzl i B\&a a
- N
WSw = w; - WS(pg;), (7)
Yz wi g l ’

where g,. is the ground truth for the prediction time frame of dataset 4; and p,, is the
corresponding model prediction. Additionally, the weights in Equation (4) can be altered
to better suit the use case.

For the following mini-benchmark section, no further modification of weights are
made, since the necessary information about maintenance costs for each fault in the dataset
are not available for wind farms B and C.

4. Results

For the purpose of using the dataset for benchmarks of algorithms for fault detection
in WT, and showcasing the newly defined CARE score, python implementations of an
NBM based on an AE approach and a simple isolation forest approach are compared to the

vou

trivial strategies “all anomaly”, “all normal”, and “random”.

4.1. Simple Approaches

While “all anomaly” just classifies every timestamp as an anomaly and “all normal”
does the opposite, “random” assigns the prediction for every timestamp independently
based on a 50/50 probability. The slightly more complex isolation forest approach uses the
implementation from the python package “sklearn” [36] with “n_estimators” = 100 and
“contamination” = 0.09, as well as a principal component analysis in order to reduce the
dimensionality of the input data, such that 99% of the variance is kept. All hyperparameters
were selected by manual tests.

4.2. Autoencoder Approach

The AE NBM is a more sophisticated early fault detection approach. The model used
is a further developed version of the AD procedure described in [37]. This model consists
of an AE model trained on data representing normal behavior and a calibrated threshold to
detect anomalies. The AE models for each wind farm contain three to five hidden layers
and are optimized using the Adam algorithm. The hyperparameters, such as the number
of units in the hidden layers, the learning rate, and the amount of noise to regularize the
AE, were adjusted using the python package “Optuna” [38]. An overview of the model
hyperparameters for the baseline models is provided in Table 3. The AE is trained on 75%
of the normal training data, while 25% of the data are randomly selected for validation.
The training lasts at most 200 epochs with an early stopping option, which is triggered
if the L2-norm of the reconstruction error on the validation data does not decrease for
3 consecutive epochs. Based on a calibrated threshold, predicted timestamps are assigned
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the label “anomaly” if the L2-norm of the corresponding reconstruction error exceeds the
threshold; otherwise, they will receive the label “normal”.

The calibration of the threshold differs depending on the wind farm. For wind farms A
and B, an adaptive threshold is used, inspired by the work in [30,39]. Here, a NN regression
model is used to learn the mapping of the AE input data to the L2-norm of RE. The NN
consists of 3 layers with around 20 to 40 units in the hidden layer, ReLU activations and
the Adam algorithm is used for optimization. For training, the same data that the AE is
validated on is used, i.e., the part of the validation data representing normal behavior. The
training lasts, at most, 300 epochs, with the same early stopping mechanism as in the AE
training. During prediction, the new input data are evaluated by the NN and provide
an expected RE €. This expected RE is increased by adding the sensitivity parameter
v € [0,00] and then compared to the actual RE of the AE model. While parameter -y has to
be optimized for each wind farm separately, values from the interval [0.2,0.4] seem to be a
good fit for the provided datasets. If the actual RE is larger than € + v, the corresponding
timestamp is detected as an “anomaly”. For the determination of the optimal number of
units in the hidden layer of the NN and the value for v, a hyperparameter optimization
with “Optuna” is used. The final hyperparameter values of the thresholds used for this
evaluation can be found in Table 3.

For wind farm C, a fixed threshold is calibrated. For this, the L2-norm of the recon-
struction errors (anomaly score) of all AE validation data is computed. Afterwards, the
constant threshold is selected by iterating over the calculated anomaly score values and
choosing the value that maximizes the F j-score based the ground truth defined by the

normal behavior labels, which can be derived from the status IDs as shown in Table 2.

Table 3. Hyperparameters of the autoencoder-base anomaly detection model.

Wind Farm A Wind Farm B Wind Farm C
Number of units in hidden layers 44,25,4,25,44 40, 15, 40 133, 83, 20, 83, 133
Learning rate 0.0018 0.003 0.0056

Noise 0.06 0 0
Batch size 64 64 64

Threshold adaptive adaptive max. F 1-score
Threshold NN hidden layers 23 36 -
0% 0.344 0.234 -

Finally, the AE NBM is supplemented with an additional data filter. In order to remove
potentially implausible data from the training data of the AE, a status based on wind speed
and power enhances the normal behavior labels given by the turbine operational status
from Table 2. For the determination of the new status information, timestamps are marked
as not normal if the wind speed is within the normal operation range of the WT and the
power is close or equal to 0.

4.3. Scoring of the Approaches

At first, the four sub-scores of the CARE score are evaluated for all five approaches.
The results are visualized in Figure 2. While “all anomaly” obviously performs well in
detecting anomalies, it, of course, has the worst possible accuracy on normal data. The
opposite is, of course, the case for “all normal”. The isolation forest behaves similar to “all
anomaly”, since it detects a lot of anomalies but performed very poorly in recognizing
normal behavior. Finally, the AE approach has a high accuracy on normal data and a good
performance on the event based F% -score, but it suffers a little bit from an overall low

number of detected anomalies.
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Figure 2. Sub-scores of CARE score over all 95 sub-datasets for a few selected approaches.

When it comes to the final CARE score shown in Figure 3, the trivial strategies “all
anomaly” and “all normal” both get the score 0 because they run into the special cases
described at the end of Section 3.2.1. The strategy “random” gets the CARE score of 0.5 and
sets the lower bound to beat for good any anomaly detection algorithms. The isolation forest
approach does not outperform that threshold since it is not able to recognize normal behavior
appropriately with the chosen parameter configuration. With a score of 0.66, the AE approach
represents a good anomaly detector since it is able to detect anomalies while also recognizing
normal behavior very well and having a good classification performance on aggregated events.

CARE-Score

Autoencoder

Isolation Forest

rancom R

All Normal -

All Anomaly

0.0 0.2 0.4 0.6 0.8 1.0

Figure 3. CARE score evaluation over all 95 sub-datasets for a few selected approaches.

5. Discussion

In order to give a complete overview about the published dataset, the inherent limi-
tations of the dataset are discussed within this section. Although the dataset is the most
detailed and extensive benchmark dataset for early fault detection on wind turbines yet,
there are some limitations to the usage.
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Since the dataset contains many different types of WT failures with a relatively low
number of examples per type, it is best suited for the evaluation of NBM in the context of
early fault detection. Direct classification algorithms and failure specific approaches are not
favored by the the low number of examples for each failure type within the dataset.

Another limiting factor for the significance of the dataset are the derived anomaly and
failure labels. As the provided dataset stems from real-world data, the labeled failures may
be incorrect in some cases. Due to the largely unknown build-up time of wind turbine
failures and environmental influences, the start of anomalies cannot always be determined
with certainty. To counteract this possible issue and to ensure the quality of the dataset,
the probability of label errors was reduced as much as possible by considering different
sources of information and feedback from the wind farm operators during the labeling
process, as described in Section 3.1.3.

6. Conclusions

With the purpose of reducing the limitations that come with the lack of public data
for WT AD benchmarks, a new dataset was published. Composed out of multiple WT
across three wind farms, the dataset shows greater detail in anomaly labels and additional
information than datasets that are currently available. By formulating requirements for
benchmark datasets for early fault detection in WT, the data quality and the ability to test
for generalization of early fault detection models were ensured. The balanced nature of the
dataset, with similar amounts of anomalous data and examples of normal behavior, allows
for more detailed and meaningful comparison studies of early fault detection algorithms.

Furthermore, we proposed an evaluation method, the CARE score, that fully uses the
informational depth the dataset provided. By considering the four key aspects of a good
early fault detection model—detecting many anomalies, early detection, few false alarms,
and correct recognition of normal behavior—the CARE score provides a measure for the
all-around performance of a good early fault detection model for predictive maintenance
on WT.

To demonstrate the combination of dataset and CARE score, a test evaluation was con-
ducted. A sophisticated early fault detection algorithm was compared to the popular and
simpler isolation forest and three trivial strategies. This evaluation shows the importance
of not neglecting normal behavior recognition while trying to detect as many anomalies as
possible, as it was the case for the isolation forest approach.

As a subject for future research, the provided dataset and scoring method can be used to
compare a wide range of WT early fault detection models on an equal and transparent basis in
order to push the progress in this field further and find good early fault detection algorithms.

To further enhance the development of benchmark datasets in the field of WT early
fault detection, the authors strongly encourage others to share their data. Increasing the
availability of high-quality benchmark datasets will facilitate more comprehensive and
rigorous evaluations of early fault detection models in this domain.
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Abbreviations

The following abbreviations are used in this manuscript:

WT wind turbine

AD anomaly detection

ML machine learning

MSE mean square error

NBM normal behavior model

SCADA  Supervisory Control and Data Acquisition
WS weighted score

Acc accuracy score

O&M Operation & Maintenance
CARE Coverage Accuracy Reliability Earliness

NN neural network

AE autoencoder

RE reconstruction error

AUC area under the curve

ROC receiver operating characteristic curve

Note

1

The data can be found on “Zenodo”: https://doi.org/10.5281/zenodo.14006163 (accessed on 29 October 2024).
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