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Abstract. Maintenance data of wind turbines is an important information source for
calculating key performance indicators. Also, it can be used for developing models for early fault
detection. Both activities aim for supporting informed decisions in operation and maintenance.
However, such data is rarely available in a structured and standardized format which hinders
the interoperability of different enterprises. Consequently, maintenance information is often
unused or only usable with considerable personnel effort. To digitalize wind farm maintenance,
a digitalization workflow is developed and presented in this paper. The workflow consists of the
steps optical character recognition, information extraction and text classification. The workflow
is applied on real-world wind turbine service reports and invoices. First results for each step
show good performance metrics and potential for further real-world application of the proposed
method.

1. Introduction

Up to 30% of the Levelized Cost of Energy (LCOE) of Wind Turbines (WTs) are driven by
the cost of Operation and Maintenance (O&M) [1]. In order to further decrease this share
and to be able to perform informed and strategic decisions in the maintenance of WTs,
Key Performance Indicators (KPIs) based on maintenance information are crucial. Modern
enterprises are embedded in a fast-paced environment which is dependent on data. In order to
use this data and to ensure interoperability of different enterprises, a common structure and
standards are necessary. Even though there are already standards and guidelines available for
the communication of maintenance data and to classify affected components of a WT during a
maintenance measure, such as Reference Designation System for Power Plants® (RDS-PP®) [2]
or Reference Designation System for Power Systems (RDS-PS) [3], they have only been applied to
a limited extent to date. This results in a variety of maintenance reports and formats and hinders
communication between enterprises. Consequently, maintenance information is heterogeneous,
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unstructured and rarely standardized. Since utilization of maintenance information is only
possible with considerable personnel effort, KPI-driven maintenance optimization or developing
models for early fault detection is hindered and scarce within the wind energy domain.

Even if standards are implemented at some point, historical data can not be used for further
analysis or reliability KPI calculation yet.

To be able to use historical data and to speed up the usage of standards in the maintenance
of WTs, a workflow for digitalization of maintenance information (digitalization workflow) (see
Figure 1) is proposed. The digitalization workflow consists of the three steps optical character
recognition, information extraction and text classification. To validate the workflow, real-world
WT service reports and invoices are used.

The outline of the paper is as follows: After the introduction (Section 1) the state of the art
on digitalization methods including optical character recognition, information extraction and
classification is presented in Section 2. Furthermore, an overview of the challenges with current
maintenance data of WTs and of available standards is given. In Section 3 the methods used for
comparing WT service reports and for implementing the digitalization workflow are outlined.
Also, the data set utilized for validating the digitalization workflow is described. Afterwards,
the results for the aforementioned methods are presented and briefly discussed (Section 4). In
Section 5 the findings of the paper are summarized and an outlook is given.

2. State of the Art on Digitalization Methods and Existing Standards

After describing the current situation on how maintenance information is recorded and stored
within the wind industry, different approaches for digitalizing data are reviewed. Afterwards,
the following sub-chapters revise the state of the art of the individual steps of the proposed
digitalization workflow.

2.1. State of the Art on Recording Maintenance Information

Maintenance information are available in numerous maintenance documents. File formats
can vary from documents which are structured already (Excel, CSV) to scans of letters in
pdf or image format. Dependent on the document type, the depth of information about
the maintenance measure differs: While maintenance reports or turbine logs can provide
detailed failure and measure descriptions, invoices often give limited technical insights. A large
heterogeneity of documents complicates the data processing and not from all documents the
same information content can be extracted. Moreover, even within one type of document
the depth of information can vary significantly. This is mainly related to data sovereignty:
Dependent on which Service Enterprise (SE) is performing the maintenance service at the WT
and which documentation has been agreed on, the information content differs substantially. A
reduced information content hampers labeling the maintenance measure and the related W'T
component. Standardization of different document types and their content is crucial to evaluate
and communicate the data in an automated manner. As the majority of maintenance information
is described in free text, text classification is required to label the affected component consistently
and to make the information comparable (cf. [4]).

2.2. State of Research on Approaches for Digitalization of Maintenance Information

Recommendations on how to collect data for the purpose of reliability assessment are summarized
in [5]. However real-world data is often not collected according to this recommendation.
Therefore, solutions to make use of this data are necessary. Approaches that aim to extract
knowledge from natural language in maintenance data of different domains are summarized
under the term Technical Language Processing [6]. Discovering KPIs from natural language in
maintenance work orders is shown in [7]. Gao et al. focus on the extraction of performance
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metrics, e.g. mean time to failure, and therefore implement a pipeline for machine reading of
unstructured maintenance work orders [8].

Approaches that are specific to the wind energy domain can be seen in [9, 10, 11]. Blanco-M. et
al. show a text mining approach to asses the failure condition of WTs by using the maintenance
history [9]. A domain ontology for wind energy is presented in [12]. Other methods combine WT
sensor data and maintenance reports for the purpose of predictive maintenance [11]. Further
approaches focus on textual information of accidents at WTs to generate knowledge [13, 14].
However, none of the before mentioned approaches consider domain standards like RDS-PP
[2] or RDS-PS [3] for describing the affected components in a uniform manner.

2.8. Optical Character Recognition

Optical Character Recognition (OCR) is a well researched field for more than six decades [15, 16].
Several reviews and books within this domain are available [16, 17]. An evaluation of the
performance metrics of various OCR approaches is provided in [18]. Different OCR tools such
as ABBYY FineReader [19], OmniPage [20] or Tesseract [21] exist. A comparison of Tesseract
to other tools is shown in [22].

2.4. Information Extraction

Information extraction aims at creating a structured representation of selected information out
of text [23]. Information extraction is a major task in computer linguistics that is subdivided
in several areas, e.g. template filling, named entity recognition, identification of relations and
event detection [24, 25]. An overview of the domain-specific information extraction is given in
[23, 26]. The various applications are shown in [27].

Approaches to extract content and to derive relations out of PDF documents are shown in
[28, 29].

2.5. Classification

Classification in the machine learning sense is the task to automatically assign categories to
data points. Depending on the task, it can be distinguished between assigning one class to a
data point (multi-class) and assigning several classes (multi-label). The domain standard that is
considered in this work, RDS-PP®, contains a number of categories up to the four-digit range.
Thus, relevant classification methods need to be able to tackle this amount of categories. Two
types of classification models are suitable. First, Support Vector Machine (SVM) is an one-vs-all
approach that uses one classifier for each class [30, 31]. Originally intended to perform binary
classification (assigning one out of two classes) the SVM can be employed for multi-label as well.
Second, word embedding approaches map high dimensional and sparse co-occurrence matrices
based on the words that occur in the training data to a low dimensional latent vector space [32].
Most current approaches make use of this method. Language models such as BERT and other
transformer variants [33, 34, 35] use pre-trained models and fine-tune on given data. They can
be used, among other applications, to perform classification tasks.

3. Methodology

In this section the methodology for each step within the digitalization workflow and the data
sets used for validation are described. First, it is explained how wind turbine service reports
are compared (Subsection 3.1). Second, the data sets used for validating the different steps of
the proposed digitalization workflow (Subsection 3.2) are described. Third, an overview of the
implementation of the digitalization workflow is given (Subsection 3.3).
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3.1. Comparison of existing Field Data: Wind Turbine Service Reports

An overview of initiatives that collected maintenance data of WTs for the purpose of reliability
studies is shown in [36, 37, 38]. Acquisition of data but especially evaluation is most efficient
if same formats and structures are used. This can be the case for maintenance data being
collected and structured by initiatives or for maintenance data recorded by the same SEs. As
stated before, in real world a variety of different templates is used. In order to understand which
information content is available and needs to be considered within the digitalization workflow,
several service reports of WT's are compared and the available information content provided by
different SEs is clustered into categories such as site name, WT-type or the text description of
the maintenance measure (TDoMM).

The data set for this comparison consists of five different types of service reports which have
been recorded by five different SEs.

3.2. Data Sets used for the Validation of the Digitalization Workflow

Two different data sets are used to evaluate the steps of the digitalization workflow.

The first data set ”invoices” is used for the validation of the steps OCR and information extrac-
tion. It consists of 152 invoices that have been issued by one SE to an operator of WTs. The
invoices are available as scanned images. For the purpose of enterprise resource planning (ERP)
the relevant information of the invoices, such as the issued date, the invoice number and the
invoice total, are currently transferred manually into the ERP system. Next to the invoices,
this information is also available. Therefore, the manually inserted information from the ERP
system can be used as a ground truth to evaluate the performance of the first two steps of the
digitalization workflow.

The second data set ”service reports” is used for the steps of information extraction and
classification. It comprises of 4000 offshore WT service reports covering 240 operational turbine
years. The service reports are provided in PDF format and contain the date of the measure, the
number of technicians, the working hours, the materials used as well as the TDoMM. Initially,
the TDoMM is not labeled with a domain standard such as RDS-PP®. As a first step, the
labeling according to RDS-PP® is performed manually by a domain expert. Each TDoMM is
labeled with one or more RDS-PP® component categories depending on how many measures are
undertaken at different WT components. Once all available TDoMMs within the WT service
reports are labeled according to RDS-PP®, a basis for training and testing the classifier is
available.

3.8. Digitalization Workflow

The digitalization workflow, depicted in Figure 1, consists of the three steps: OCR, information
extraction and text classification. The different steps of the digitalization workflow are theoret-
ically described in Lutz et al. [4] and are briefly outlined again.

At different stages of the digitalization workflow, structured information can be archived.
This can be the case following the steps of OCR and information extraction or after the
classification step, which even allows for structured and standardized information being stored.
Since archiving can be easily automated, this step is illustrated in Figure 1 as part of the
digitalization workflow but is not explained in the following.

If maintenance information is present in the form of pictures or scans, at first it is necessary to
apply OCR. By doing so, scans are converted, the output thereafter is machine-readable text.
Next to providing semi-structured files like .csv or .txt, the output of the OCR can serve as
input for the step of information extraction. The purpose of information extraction is to convert
multiple different files into one common structure where in same columns same information
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Figure 1: Overview of the proposed digitalization workflow

categories can be found, e.g. the date of the maintenance measure or the TDoMM. Thus, many
different service reports can be converted into a single tabular form, e.g. a spread sheet. With
the aforementioned steps, structured information is available. Since some information categories,
such as the TDoMM, are often given as free-text information, those information still need to be
standardized utilizing predefined categories. By using text classification methods, this text can
be classified into categories which are given by a domain standard (e.g. RDS-PP® [2], RDS-
PS [3] or State-Event-Cause-Code (ZEUS) [39]). This results in structured and standardized
maintenance information being available and usable for further analyses.

3.8.1. Optical Character Recognition

Maintenance data can be available in different formats. If data is available as scanned images
or pictures, information can neither be extracted nor can the content of the data be searched.
To be able to access the information, OCR is applied which converts images into text. The
text can then be searched and further used. The OCR output can be used as input for the
next digitalization workflow step. As stated in Section 2, OCR is a well researched domain.
Therefore, OCR can easily be implemented into the digitalization workflow. In this work the
authors use the OCR open source engine Tesseract [21] as it provides a good performance in
comparison to other tools [22].

3.8.2. Information Extraction

Besides the output of the OCR, semi-structured files like .csv, .pdf or .txt can be used as
input for the step of information extraction. In comparison to the definition of information
extraction within the field of computer linguistics (see Section 2), information extraction within
the proposed digitalization workflow has the purpose of converting multiple different single files
into one common structure in which same information categories can be found in same columns,
e.g. the date of the maintenance measure or the TDoMM.

Information extraction within the proposed workflow comprises of the sub-steps template filling
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and text pre-processing. The sub-step of text pre-processing is similar as outlined in [40]. Within
the sub-step of template filling each part of the text is assigned to an information category
which allows for transferring information in the same structure. With the aforementioned sub-
steps, structured information is available. However, some information categories still need to
be standardized, for instance the TDoMM. This can be achieved by using text classification
methods, which are described in the next Section.

3.8.8. Classification

The data basis used for the classification is the data set ”service reports” containing around
4000 service reports of WTs which are manually labeled according to RDS-PP® by a domain
expert. RDS-PP® ig hierarchically structured (see Appendix, Figure 4). An example for a
possible classification of the TDoMM in WT service reports to RDS-PP® is given in Table 3 in
the Appendix. By analyzing the data set it is found that on RDS-PP® level two, around 55%
of all service reports are represented by only three RDS-PP® labels (see Figure 2). Therefore,
the data set is imbalanced.

0.5

0.4 1

0.3 1

0.2 1 18.8% 18.7% 17.8%

0.1 1

5.9% 5.8%
20 3T% 309 2.0% 2.0%

0.0 -

MDY MSE MDA XMMI1l MUD MDK MDL CKJ WBAIl CKA

Figure 2: Distribution of the ten most frequent RDS-PP® labels on level 2 within the data set
”service reports”

While on RDS-PP® level one, 16 different categories are theoretically available, on level two 62
RDS-PP® categories can be used. Therefore, typical classifier choices are established methods
such as SVM [30] and transformer variants such as BERT [33]. Transformer variants require
a large corpus of domain-specific text which is not available for WTs. Consequently, SVM is
used as classification method. Within the data set each TDoMM is labeled with one or more
RDS-PP® components, which makes it a multi-label classification.

In general, the text classification consists of four steps:

e Text cleaning: E.g. removing special characters and lowercasing

e Vectorization: Each report is represented by a vector
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e Training: Splitting the data in train and test set and training a classifier on the train set
to learn a mapping from text to RDS-PP® label(s)

e Evaluation: Test the classifier on the remaining test set

Each TDoMM is transformed with TF-IDF (term frequency-inverse document frequency) [40]
which assigns a value of information content to each word. This results in low values for frequent
words, e.g. "the”, and high values for relatively infrequent words, e.g. "nacelle”.

In particular, for each RDS-PP® level one SVM is trained such that performance metrics for
each level can be compared. In addition, one classifier is trained which is referred to as final. For
the final classifier all given labels on all respective levels are used for training and prediction. This
classifier allows for labeling all TDoMMs without knowing which RDS-PP® level is searched
for and primarily serves as a reference point for now.

Evaluation is performed with Fl-scores. F1 is calculated from recall and precision as follows

precision x recall 2x TP

F = 2 =
! X precision +recall 2 x TP +FP +FN

Herein, TP, FP and FN refer to true positives, false positives and false negatives, respectively.
F1 is a metric that is more robust towards class imbalance. Thus, it is the preferred choice over
other metrics such as accuracy. A distinction can be made between micro F1 which takes label
frequencies into account and macro F1 that treats all labels equally.

4. Results and Discussion

4.1. Comparison of existing Field Data: Wind Turbine Service-Reports

Different service reports of five SEs are compared. Results can be seen in Table 1. It can be
noticed that some information categories are available in all service reports, e.g. the type and
the identifier of the WT, the date and the TDoMM. However, the description of the TDoMM
is not documented in a standardized way, for instance by using RDS-PP® [2], RDS-PS [3] or
ZEUS [39]. Instead, free text is used. Different information categories can be seen in service
reports of different SEs. Also the type of documentation format varies. The service reports are
available as scanned images, Word documents, XML or PDF-files.

The results of this comparison (see Table 1) support the assumption that maintenance data
provided by different SEs differ significantly regarding the structure and information content.
Furthermore, standards for classifying maintenance activities are rarely used. This raises the
challenge as well as the demand of an automated digitalization workflow.
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Table 1: Available information categories in service reports of different SEs
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4.2. Digitalization Workflow
In the following sections results for the different steps of the digitalization workflow are
presented.

4.2.1. Optical Character Recognition

OCR is conducted on the first data set ”invoices”. As described in Section 3.2, 152 invoices are
available as scanned images. After using OCR all invoices are converted to machine-readable
text. Since an automated evaluation of the feasibility of this process is only possible after the
step of information extraction, results are described in the following Section 4.2.2.

4.2.2. Information Extraction

After the step of OCR the data set ”invoices” is further processed using the step of information
extraction. As a result, all invoices are stored in the same structured format. This allows for
comparing and validating the extracted information categories with the ground truth data ex-
ported from the ERP-system (see Section 3.2). The results can be seen in Table 2.

Table 2: Results of OCR and information extraction for the first data set ”invoices”

‘ Number of invoices evaluated ‘ 152 ‘

| Share of correct entries [%] | 94.5 |

Next to the number of invoices evaluated, the share of correct entries is shown. One entry is
defined as the content of a certain information category in one invoice such as the issuing date
of the invoice or the amount of cost stated in the invoice. Out of all available entries being
extracted a share of 94.5% is similar as listed in the ground truth and is therefore evaluated as
”correct”.

Furthermore, information extraction is performed on the data set ”service reports”. All different
information categories in the W'T service reports of the SE could be extracted and summarized
in a common table. The content of each report is represented in a row of that common table.
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Same information categories are found in same columns. No ground truth data is available to
validate automatically if all data is extracted correctly. Nevertheless, after carefully comparing
the content of many service reports with the structured result manually, the authors believe that
all service reports are extracted correctly.

4.2.8. Classification

For the TDoMMs of the data set ”service reports” single-label and multi-label classifiers for
different RDS-PP® levels are trained and tested. Classification results are depicted in Figure 3.
Each level represents a level in the RDS-PP® hierarchy. Figure 3(a) and (b) show results for
multi-label and Figure 3(c) and (d) for single-label classification. Figure 3(a) and (c) refer to
micro F1 while Figure 3(b) and (d) depict macro Fl-scores. In both cases, multi-label and
single-label, macro F1-scores are lower than micro F1-scores. This can be explained by the label
imbalance in the data set, i.e. that some labels occur more frequently than others (also see

1.0 0.92 1.0
0087 0.84 0.83
0.8 0.74 0.8
0.68 0.67 0.65
0.6 0.6
0.45
0.4 - 0.4 -
0.29 0.3 (.28

0.2 0.2 4

1 2 3 4 5 Final 1 2 3 4 5 Final
Level Level
(a) Micro Fl-scores multi-label (b) Macro Fl-scores multi-label
1.0 0.93 087 1.0
- 0.85
0.8 - 081 o 77 0.79 0.8 0.75
0.68
i 4 0.58
0.6 0.6 0.56 0.52
0.45
0.4 0.4
0.2 4 0.2

Figure 3: Micro and macro Fl-scores of single-label and multi-label classifiers for different

1 2 3 4 5

Level

(¢) Micro Fl-scores single-label

RDS-PP® levels

Final

1 2 3

4

5

Level

(d) Macro Fl-scores single-label

Final



WindEurope Annual Event 2022 10P Publishing
Journal of Physics: Conference Series 2257 (2022) 012004 doi:10.1088/1742-6596/2257/1/012004

Figure 2). As a result, infrequent labels cannot be captured well by the classifier and the micro
F1-scores are higher than the macro Fl-scores. In the multi-label as well as in the single-label
setting it can be seen that with ascending levels (from one to five) Fl-scores decrease. This is
expected since the number of data points that belong to a certain level decrease from level one
to level five, while, at the same time, the level of annotation detail is increasing. Only classifier
results for level five show outliers in this descending trend. Even though more RDS-PP® labels
are theoretically available for labeling the TDoMM in WT service reports, only 16 different labels
are used for level five within the data set. In comparison, over 70 labels are used for labeling
on level four as information depth is rarely precise enough to label until level five. Therefore,
the actual label space in level five is smaller than e.g. for level four leading to better classifier
performance for level five. Inspecting the macro F1l-scores, the results show higher scores for
the single-label than for the multi-label setting. This can be explained by the fact that the
single-label setting reduces the problem to predicting only one affected WT component because
multi-label cases are not included in the training and test set. This effect cannot be observed
when comparing the micro Fl-scores which needs to be analyzed further.

Overall, the results indicate that a classification system can provide decision support in the
annotation process and for certain RDS-PP® levels an automatic labeling procedure is possible.

5. Conclusion & Outlook

WTT service reports are often heterogeneous. Their information content and information depth
vary. Also, no uniform structure or standards are used for documentation. Data preprocessing as
well as determining the maintained component are therefore essential steps for enabling further
analyses. At the same time, these steps can only be performed manually so far, thus are time-
consuming, and often require the knowledge of a domain expert.

The present paper proposes a digitalization workflow for maintenance information of WTs
including the steps of OCR, information extraction and classifcation. Since OCR and
information extraction show good results with an accuracy of around 95% or above depending
on the data set evaluated, the focus lies on classification of maintained components according to
the standard RDS-PP®. The process uses a SVM for text classification on a real world data set.
First classification results look promising with micro F1-scores showing high values. However, as
not every component is maintained in the same frequency, the RDS-PP® label distribution in
the data set is imbalanced. Thus, higher represented labels are captured better by the classifier.
A lower macro F1-score is therefore seen. Beside the label distribution, investigations show that
the level depth of assigned RDS-PP® labels also has an impact on the classification performance.
The digitalization workflow allows utilizing operational knowledge which was not accessible in
the past. Furthermore, the results indicate that automated digitalization of maintenance reports
of WTs is possible and the usage of standards can be accelerated. Thereafter, KPIs can be
calculated automatically which supports data-driven decision making.

Further analyses and uncertainty evaluations for different data sets are planned to drive decisions
for productive use. Also, classification for other guidelines and standards, e.g. ZEUS or RDS-PS,
will be tested. The comparison of different classifiers and associated insights will be utilized to
develop classifiers further considering application-specific requirements.
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7. Appendix
7.1. Structure of RDS-PP®

Level

0 =G Energy Conversion
Level . .
1 =MD Wind Turbine =MS
System Transmission
Level =MDA =MDK =MDL =MSC =MSE =MSS
2 Rotor System  Drive Train System Yaw System Generamr S\\«mhmg Converter System Compensation System
Level =MDK10 =MDK20 =MDL10 =MDL20 =MSS10
3 RotorBearing  Speed Conversion Yaw Drive System Yaw Brake System Compensation System
System \ \
Level =MDK20 =MDL10 =MDL10 =MSS10
4 TLOO1 MZ010 MZ020 CAO001
Speed Conversion Yaw Drive 1 Yaw Drive 2 Capacitor Bank 1
Level =MDK20 =MDK20 =MDL10 =MDL10 =MSS10
5 TLOO1-aalnn TLOO1-aa2nn MZ010 MA001 MZ010 QLO01 CA001-CA001
Planetary Stage 1 Planetary Stage 2 Yaw Motor 1 Electrical Brake Yaw Capacitor 1 Bank 1
Drive 1
Level =MDL10
6 MZ010-MA001 MB0O1

Yaw Motor 1 - Stator

Figure 4: Overview of the hierarchical structure of RDS-PP® [2, 4]

7.2. Exemplary classification
An example for a possible classification of the TDoMM in WT service reports to RDS-PP® is
given in Table 3.

Table 3: Example for the classification of the TDoMM according to RDS-PP®

Measure 1 Measure 2
TDoMM Inspection of surface damage | Failure due to icing at the
at azimuth system. rotor blade one. WT shut
down.
RDS-PP® Label | Yaw System Rotor Blade System 1
RDS-PP® ID =MDL =MDA11
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