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Abstract 
The growing interest around offshore wind power, providing at the same time better wind conditions and 
fewer visual or environmental impacts, has lead many energy suppliers to consider the installation of 
offshore wind farms. However, the marine environment makes the installation and maintenance of wind 
turbines much more complicated, raising the capital and operation costs to an undesirable level and 
preventing the fast progression of this technology worldwide. Availability of offshore wind turbines varies 
between 65 and 90% depending on location, whereas onshore turbines range between 95 and 98% in 
most cases.  

In 2009, the ETI launched a research project aiming to improve economical efficiency of offshore wind 
farms by increasing their availability and decreasing their maintenance costs (partly through replacing 
corrective maintenance by preventive maintenance). This project named “Inflow” involves the 
development of a condition monitoring system, a system designed to monitor the state of different wind 
turbine components, and to analyze this data in order to determine the wind turbines overall condition at 
any given time, as well as its potential system ailments 

 

This paper describes two different approaches to perform the condition monitoring of offshore wind 
farms, the first one involves thresholds-based analysis, while the other involves pattern recognition.  
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1 Project Context 

1.1 The Energy Technology Institute (ETI) 
In order to encourage the development of low-carbon energy technologies, the government of the United 
Kingdom, in association with global industrial companies, decided to create the Energy Technology 
Institute (ETI). This public-private partnership involves major contributors such as EDF Energy, Eon, 
Caterpillar, Shell, BP, and Rolls-Royce, willing to invest on large scale engineering projects likely to 
improve the UK energy system and its economy. 

 

1.2 The Condition Monitoring (CM) Project: InFlow 
The growing interest around offshore wind power, providing at the same time better wind conditions and 
fewer visual or environmental impacts, has lead many energy suppliers to consider the installation of 
offshore wind farms. However, the marine environment makes the installation and maintenance of wind 
turbines much more complicated, raising the capital and operation costs to an undesirable level and 
preventing the fast progression of this technology worldwide. Availability of offshore wind turbines varies 
between 65 and 90% depending on location, whereas onshore turbines range between 95 and 98% in 
most cases.  

In 2009, the ETI launched a research project aiming to improve economical efficiency of offshore wind 
farms by increasing their availability and decreasing their maintenance costs (partly through replacing 
corrective maintenance by preventive maintenance). This project named “Inflow” involves the 
development of a condition monitoring system, a system designed to monitor the state of different wind 
turbine components, and to analyze this data in order to determine the wind turbines overall condition at 
any given time, as well as its potential system ailments. 
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2 Introduction 
The aim of the inflow project is to mitigate some of the barriers to the wider commercial deployment of 
offshore wind turbines. The project’s output can thus be described as an advanced sensor system and real-
time software analysis package, also called Condition Monitoring System (CMS), and capable of 
performing predictive maintenance. 

 

The CMS consists of a series of sensors collecting physical data from the functional subsystems of the 
wind turbine and transferring them to a centralised node for processing. The purpose of the entire system 
is to predict when critical equipment will fail and manage the required workflow to continuously improve 
reliability and availability of the wind turbine. 

 The CMS breaks down into three basic steps while monitoring the turbine functional subsystems: 

1. Detecting a symptom outside the turbine’s expected range of operation (or “healthy range”). 

2. Diagnosing the root fault (type and location) responsible for the observed symptom. 

3. Forecasting the remaining useful life of the component given the diagnosed fault (prognosis) 

 

This document aims at reviewing the main characteristics of the inflow system as well as assessing the 
performance of the algorithms used in the analytical unit. An additional study including the financial 
aspects of the system and its impact on the economy of offshore wind farms will be carried out and 
included in a dedicated section of the document. Finally, a last section focuses on the possibility to 
perform condition monitoring on offshore wind turbines using a pattern recognition software 

 

 

3 Preliminary works 

3.1 Choice of relevant fault modes 
The condition monitoring system aims at detecting faults or failures in the wind turbine in order to 
decrease its maintenance and repair cost. However, and given the high number of components in the 
system, it is not possible to detect all faults using a limited number of sensors. It is therefore important to 
focus on the most relevant faults, according to the following criteria:  

• Detection ability: Faults must be detectable using simple and proven instrumentation 

• Early detection possibility: It must be possible to detect faults sufficiently early to plan and 
organize maintenance. Faults which cannot be detected before critical stage are of no interest in 
the condition monitoring approach. 

• Potential reduction in maintenance cost: The early detection of the considered faults should 
lead to a significant reduction of maintenance cost (preventing for example neighbouring 
components from being affected by the failure). As a result, failures should be considered hand in 
hand with their consequences. Some failures will lead to long downtimes, expensive repairs and 
must be prevented from happening while other failures will not be as detrimental to the system’s 
economy and/or can be handled quickly and easily. These are of minor importance in a condition 
monitoring system. 
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3.1.1 Prioritization of monitored areas 

The turbine’s subsystems are classified in accordance with their risk’s priority: a concept combining the 
impact of a failure and its likelihood for a given subsystem. As a result, a table showing the subsystems to 
monitor in priority, e.g the ones that are likely to cause maximum downtime in case of failure:  

Turbine  Sub-
Assembly  

Risk Impact  

(downtime) 

Likelihood 
(failure rate per 
annum) 

Risk Priority 
(product) 

Rotor Blade Failure - needs 
replacement 

Very High 
(>120hrs) 

Moderate (>0.1) High 

Air Brake Failure Very Low 
(<30hrs) 

Very Low (<0.05) Low 

Mechanical Brake Failure Very Low 
(<30hrs) 

Moderate (>0.1) Low 

Main 
Shaft/Bearing 

Failure High (>60hrs) Low (>0.05) Moderate 

Gearbox Failure Very high 
(>120hrs) 

Moderate (>0.1) High 

Generator Failure Very high 
(>120hrs) 

Moderate (>0.1) High 

Yaw System Failure Low (<30hrs) Moderate (>0.1) Low 

Electronic Control Failure Low (>30 hrs) High (>0.4) Moderate 

Hydraulics Failure Very Low 
(<30hrs) 

Moderate (>0.1) Low 

Grid/Electrical 
System 

Failure Very High 
(>120hrs)  

Very High (>0.5) Very High 
(assumed to 
include trips) 

Mech./Pitch 
Control System 

Failure Very Low 
(<30hrs) 

Moderate (>0.1) Low 

Table 1: Fault classification 

 

3.2 Preliminary studies 

3.2.1 Considerations on the rotor 

The size increase in wind power systems over the past decades lead to a greater focus on vibration 
problems of the structure and in particular the rotor-blades system which size and flexibility leads to high 
amplitude vibrations.  

The good balance of the rotor is important to ensure a safe as well as an economic operation of the 
turbine and a good structural health preventing from early fatigue of the components, all the more so as 
loads are transmitted directly from the rotor to the drivetrain and generator, and can thus damage other 
functional subsystems. As a result, One of the purposes of monitoring the loads on the blades is that 
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knowing the loads going on the blades, one can deduce the loads going into the main shaft, on the 
gearbox and on the nacelle structure. 

 

Two types of rotor imbalances exist:  

-‐ Mass imbalances : they are the result of an inhomogeneous mass distribution across the blades 
such as manufacturing inaccuracies 

-‐ Aerodynamic imbalance, which result from an uneven load on the blades, due for example to an 
uneven pitch angle between the three blades. 

 

The literature states of analytic reconstruction methods making it possible to detect and localize mass and 
aerodynamic imbalances by monitoring the vibrations at the top of the tower [1] with success in certain 
cases. A more accurate and certain method involves installing sets of strain sensors around the blades’ 
circumference to observe bending moments and conclude on the loads occurring on each blade at all 
times. 
 

The monitoring of the blades is a complex problem, and raises several questions as on how it should be 
performed. The literature review has shown that there are no published records of work concerning the 
health monitoring of wind turbine blades in service.  

Full-scale testing of large blades is made very difficult by the size of the blades nowadays in use (50 to 
80m), and usually results in costly operations that manufacturers are not eager to publish and share with 
their competitors. Published results of the static testing of turbine blades reveal the following hot spots as 
primary locations for damages: 

• At distances between 30%–35% and at 70% of the chord length from the blade root  

• The root of the blade  
• Buckling of the blade skin at the maximum chord section  
• Upper spar cap/flange of the spar (37.5% and 72% of chord length from the root)  
• On a 34 m blade, the 0-13 m segment was found to be the most critical region for damage 

initiation and is also where final failure occurred  
 

A finite element modeling work was carried out at the University of Southampton in order to determine 
the effects of various types of blade damage on the strain distribution in the turbine blade and on the 
dynamic response of the blade under operating conditions. Static analyses at four blade orientations were 
performed. Modal analyses were also performed to determine the natural frequencies and mode shapes of 
the blade. Pre stress effects (that is, the effects on the natural frequencies and mode shapes of the service 
loads, including the self-weight of the blade, the centrifugal forces caused by blade rotation and the 
aerodynamic loads induced by the incident wind) were included in the modal analyses. 

The results of this study are confidential, and were used to determine the position of the FBG sensors 
inside the turbine blades 
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4 System Presentation 
The exact configurations and final industrial product that will be produced being confidential information, 
the following section gives a general picture of the sensors that were installed in the test turbines. The 
configuration that was installed on this turbine can be considered as the “full-set”, exhaustive 
configuration. The customers will then be able to choose which module they find relevant and want to be 
installed on their turbines when they acquire the product. 

The CMS consists of a set of electronic devices that are installed on a regular wind turbine in addition to 
the existing SCADA monitoring system. Two types of components constitute the CMS: 

• Sensors 
• Computational units (computers) 

 

These components are assigned and located into different subsystems of the CMS, each subsystem 
corresponds to a functional subsystem of the turbine to monitor: 

• Rotor and blades (strain gauges) 
• Drivetrain (accelerometers, temperature sensors, oil particle counter) 
• Generator (accelerometers, current and voltage transducers, temperature sensors) 
• Tower and foundations (strain gauges) 

 
 

4.1 Rotor and Blades monitoring 

4.1.1 Rotor monitoring system 

In order to monitor blade behaviour, a number of optical fibre Bragg gratings (FBG) are installed in the 
blade.  
 

 
 
 

 

 

Figure 1: Fibre Bragg gratings in the blades 
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Sensors 

FBG sensor patches 
 

Ouputs 

Rotor Mass 

Blade mass 

Ice Mass 

RPM 

Mass imbalance 

Aerodynamic imbalance 

Rotor bending moment 

Edge-wise and flap-wise bending moments 

Lightning detection 
 

Table 2: RMS/OEM signals summary 

4.1.2 Strain analysis.  

Strain in the blades is measured via wavelength using optical FBG sensors; it can stream data at regular 
intervals or can present data on request using a polling mechanism.  

 

Assuming that the blade is a beam having its bending moments distributed all along its length, the 
relationship between deflection and strain is derived from arbitrary beam bending and moment theory: 

𝑑!𝑦
𝑑𝑥! !

= −
𝑀!

𝐸𝐼 !
=
𝜀!
ℎ!

 

Where: 

-y is the deflection at point i 

-M the bending moment 

-E the young modulus 

-I the second moment of area 

-ε the strain measured 

-h the height from the measurement point to the neutral axis 

 

The bending moment can therefore be calculated using:  

𝑀! = −
𝜀! ∙ 𝐸𝐼 !

ℎ!
 

 

 

 

 



-12- 
 

 

4.2 Generator monitoring 
The generator is monitored using accelerometers, temperature adhesive pads, and a 3-coils current 
transducer measuring the three phase current exiting the stator cabinet. 

 

Sensors 

Accelerometers 

Current transducer 

Voltage transducer 

Temperature sensor 
 

Ouputs 

Vibration spectrum (frequency, amplitude, 
peaks) 

Output power characteristics (harmony peaks, 
frequency…) 

Temperatures (average over 10s) 
 

Table 3: Generator signals summary 

 

4.2.1 Vibrations 

A number of accelerometers are fitted to the turbine – they are situated on the main bearing, on the 
gearbox and on the generator. 

4.2.2 Temperature 

The generator is monitored by adhesive pads placed on the gearbox and generator. 

 

4.2.3 Current 

The current exiting the generator is measured using a current transducer. 

 

4.3 Gearbox monitoring 
The gearbox monitoring set consists of accelerometers, temperature sensors and a proximity probe 
associated to a speed encoder to measure the shaft’s rotational speed. 

 

Each accelerometer in the CMS has an associated set of fault frequencies. When triggered, the signal from 
each accelerometer is buffered for an amount of time (nominally 4s). This happens approximately once 
every minute. The buffered signal is then analyzed and an appropriate frequency spectrum is produced. 
This spectrum is used to calculate the output parameter for each fault frequency associated with each 
accelerometer. 
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Sensors 

Accelerometers 

Proximity probe 

Speed sensor (speed encoder) 

Temperature sensor 

Oil particle counter 
 

Ouputs 

Vibration spectrum (frequency, amplitude, 
peaks) 

Mean orbit of the shaft/ misalignment (from 
proximity probe) 

Temperatures (average over 10s) 

Count of particles (ferrous/non-ferrous) 

HSS rpm (mean and standard deviation) 
 

Table 4: Drivetrain signals summary 

4.3.1 Vibrations 

A number of accelerometers are fitted to the drivetrain  

 

4.3.2 Temperature 

Hose clips and adhesive pads are used to monitor the drive train temperature. 

 

4.4 Tower Monitoring 
The bending of the tower is monitored using FBGs installed around the circumference of the tower.  
 
A tower analysis hardware is installed in the turbine nacelle.  
 

Sensors 

Signals from the tower FBG sensor patches 
 

Ouputs 

Vertical shear 

Tower torque 

Upper and lower tower twist 

Upper and lower tower natural frequency 

nod 

sway 
 

Table 5: Tower signals summary 

 

4.5 Data analysis units 
The CMS implies the installation of two computational units called recovery nodes. One is embedded in 
the nacelle and is called the “turbine recovery unit”, while the other is in the control center onshore.  

The recovery unit is the central processing unit for the turbine level condition monitoring system. The 
data from the rotor, tower, gearbox and generator’s monitoring systems all feed into the recovery unit. 
The recovery unit has a network connection with the substation located at the site onshore. 
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The embedded recovery unit has two functions: 

1. Store a copy of raw data locally, which can thereafter be accessed by other subsystems of the 
CMS. This enables subsystems to exchange data with one-another. 

2. Collect data from the monitoring subsystems, perform condition monitoring on these data, 
supply data to the onshore recovery unit and supply instant condition data or raw data to the 
graphical user interface on-demand. 

The data from the turbine recovery unit are subsequently sent away via Ethernet to the onshore recovery 
unit, consisting of a more powerful server that can carry out further data treatment (vibration processing, 
for example) that requires more complex computation than the embedded unit can achieve. 

 

The FLOW server is the central data-gathering unit for the condition monitoring of the entire wind farm.  
Data from each instrumented turbine is collected and stored on the FLOW server. The FLOW server has 
an external network connection to enable remote monitoring and access to the condition monitoring 
system. It is located in the control room onshore. 

 

 

4.5.1 Health indexes 

In order to optimize information obtained from vibration data, special indicators called “health indexes” 
have been developed and are calculated in the recovery center. Each health index targets a specific 
component, based on a single channel of vibrations coming from one of the accelerometers monitoring 
this component.  It is built-up from the signal, adding the energy of all frequencies that are relevant to that 
component. 

ℎ!!"#$"%&%'! = 𝑓
!,!"#$%#&'(#)  !"  !"#$%$&#

(𝜈) 

Any increase in energy at any frequency that relates to a fault on a specific component causes the 
corresponding health index to increase 

Component type Frequencies 

Bearing Inner race, outer race, roller fault frequency, cage 
frequency 

Gear Set Gear mesh frequency 

Gear Gear mesh frequency, single tooth meshing 
frequency 

Shaft Shaft rotational frequency 

Generator Line frequency 

 

A damage model also exists to characterize the expected level of damage of a given component. The 
damage indicator is an instant value based on the input loads the component (gear, bearing, shaft) 
undergoes at a given time. A derived parameter, called accumulated damage, is a sum of all the instant 
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damages that occurred on the component throughout its life, and reflects the component damage status 
from the beginning of operation up to now. 

 

 

4.6 Summary 
 

 

 
 

 

Figure 2: System architecture overview 

 

5 Fault detection 

5.1 Parameters and contraints 
A fault is diagnosed based on the parameters monitored by the CMS (such as vibrations, 
temperatures and strains) and constraints set by the user. The constraints represent arbitrary values 
resulting from research and experience feedback from the industry. They may be adjusted during 
operation for a more accurate detection. 

 

 

OFFSHORE WIND 
FARM 

ONSHORE CONTROL 
CENTER 
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5.2 Fault logic 
The role of the recovery system is to analyze the measured signals and to detect a process anomaly, also 
called fault. A fault corresponds to a deviation of any system parameter from an acceptable range.  

The recovery unit applies the following logic: 

 

 

 

 

Figure 3: Fault logic 

 

 

1. Monitoring stage: The physical values of the parameters observed using the CMS sensors in all 
subsystems are recorded. This operation occurs continuously. Data is sent to the recovery node as 
it is collected 

2. Detection stage: In the recovery unit, data from all subsystems are continuously tested and 
submitted to the fault logic. The fault logic consists of 2 methods to detect anomalies: 

• Checking Thresholds: in the recovery unit, parameter observations are compared against 
the constraints. Whenever the measurement exceeds the threshold, a symptom has occurred. 
The constraint thresholds are always related to a parameter, which could be an observed 
parameter obtained directly from a sensor, or a derived parameter calculated inside the 
recovery node. 

• Residual calculation: The recovery unit compares quantities generated by two different 
parts and which are supposed to follow identical behaviours. The differences in results are 
called “residuals” and indicate symptoms within the system. 

 
3. Diagnosis stage: If the previous step results in an anomaly (detection of a symptom), the 

recovery unit triggers the diagnosis stage. This stage includes the verification of temporal and 
topological aspects of the monitored parameters in order to facilitate the diagnosis: 
 
• Temporal correlator: Every symptom detected from the turbine as a whole is considered. A 

time window of one hour is used to determine the possible correlation of symptoms 

1 2 3 
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occurring in different parts of the turbine. When two symptoms are detected within the 
temporal window, they are assumed part of the same fault mode.  

• Topological correlator: Order and interrelationships between components are explained in 
a relational model stored in the recovery unit. It includes information such as: which element 
is part of which subsystem, which element has a relation to one another and which element is 
dependent on one another. When a symptom is detected by the recovery unit, the diagnosis 
stage performs a test of the faulty area of the turbine in order to determine the root cause. 
This research is based on the sequential analysis of signals from components located where 
the symptom was recorded and on a topological logic defined in the Relational Model. At 
runtime, the Relational Model is updated with status reports from each system due to the 
continuous monitoring of the parameters by the Recovery System. Each time a status changes 
the whole network is reclassified and problems identified. The element involved in the root 
of the problem will then present the following aspects:  

 Is faulty 
 Does not rely on a faulty component 

The list of possible faulty parts is then generated (refer to the GUI section for further information 
about visualization of fault modes) 
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5.3 Faults considered during the project 
This table summarizes all the fault modes supported by the first version of the CMS, sorted by subsystems 
in which they might occur. These faults do not represent the totality of those that can occur in a wind 
turbine. However, they satisfy a compromise between their ease of detection and the significant part they 
play in the turbine lifecycle (in terms of failure costs and probability).  

Rotor Drivetrain Generator Tower 

Absolute Gross blade 
damage 

Gradual mass increase 

Aerodynamic imbalance 

Rotor mass imbalance 

Ice detection 

Aerodynamic blade 
damage 

 

Drivetrain bearing fault 

Drivetrain gear mesh 
fault 

Drivetrain gear tooth 
fault mode 

Drivetrain shaft fault 
mode 

Drivetrain fault mode 

 

Generator bearing fault 
mode 

Generator brush 

Generator fault mode 

 

Foundation scour 

 

Table 6: Faults considered 

5.4 Data fusion and diagnosis 
The data-fusion method provides learning and reasoning functionalities that can characterize and predict 
the machine or system states based on the acquired data. 

 

A data-fusion process requires a consistency of measurement units and coordinate systems across the data 
values that need to be combined. This operation of “normalization” of the data is used to put the sensor 
data streams on a common time and unit grid. This process is a part of the data processing”, which takes 
place in the recovery unit. 
 

5.4.1 Combining information 

The condition-monitoring module receives information from all levels of the system (system, subsystem, 
and component). Its role is to combine information in order to diagnose and come up with a result 
concerning the global state of the turbine. 

The combination of data can be done in the following ways.. All of them imply observing and deciding 
which observable parameter can reflect a given phenomenon. For example, both vibrations and 
temperature on the gearbox casing can reveal a fault in the gearbox mechanism (gear pitting for example). 
Although vibrations and temperature are both indirect parameters, they are indicators of the estimate (the 
estimate being the pitting phenomenon in this example). Therefore the CMS could use data from 
appropriate sensor sets on this part of the turbine. 

Since both observables are indirect observables (i.e they do not directly give a value quantifying the 
estimate (extent of the pitting, size of the pits, rather a value concerning vibration or temperature in the 
gearbox), the outputs of the sensors need to be pre-processed (converted) using a relationship in order to 
obtain a representation of the estimate, quantity of interest here. 
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5.4.2 Mathematical construction of the estimator  

If V is the vibration, and T the temperature, and that they are both related to the pitting phenomenon, we 
can state:  

𝑃! = 𝐾! ∙ 𝑉!!   

𝑃! = 𝐾! ∙ 𝑇!!   

 

And, if pitting estimator is a function of vibrations and temperature:  

 𝑃 = 𝐹(𝑃!,𝑃!) 

The key is then to form a mathematical expression of the above relation, using for example a weighted 
linear combination:  

𝑃 = 𝐴 ∙ 𝑃! + 𝐵 ∙ 𝑃! 

And conclude on the value of A and B, evaluating them for example when the variance of P is minimal. 

5.4.3 The association problem 

Some of the observations or measures can present multiple causes. For example, the fault : “gradual blade 
mass increase” could be associated not only to ice forming on the blades, but also to salt accumulating on 
the blades over time. This complexity is handled by the process of associating an observation with a 
failure mode. The strength of an association rule is evaluated by the level of support, or confidence, which 
is usually determined from domain knowledge and the modelling of specific sensor-to-phenomena 
relationships. 
Determining the associations and correlating multiple sources of data is one of the initial steps of a data-
fusion problem. 
 

 
Figure 4: The association problem: associating observations with phenomena 

 

Once the association and the correlation between the multiple sources of data is done, the following steps 
can be accomplished: 

• Model generation: determining all the data-to-phenomenon possibilities 

• Model evaluation: determining the strength of the relationship 

• Model selection: determining the optimal sensor data-to-phenomenon association considering 
the ambiguities. 

 

Blade gradual 
mass increase 

Salt 
accumulation support=0.7 

Ice 
accumulation Support=0.3 
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5.4.4  Fuzzy logic in data fusion 

Another approach considers using concepts of fuzzy logic. The fuzzy process starts with the fuzzification 
of the observables, that is to say the creation of membership functions for each observable (a non-
Boolean function enabling other states than “true” or “false”). For example, the particle measure in 
lubrification oil in the gearbox would, in Boolean terms, follow the following binary rule: 

 

Measurement range (particles concentration) Gearbox condition (fuzzy set) 

<1µg/dm3 OK 

>1µg/ dm3 Alarm 

 

The membership function in fuzzy logic could follow a continuous distribution: 

 

 

Measurement range (particles concentration) Gearbox condition (fuzzy set) 

<0.5µg/dm3 OK 

0.5< - <0.75 µg/dm3 Warning level 1 

0.75< - <1 µg/dm3 Warning level 2 

>1µg/ dm3 Alarm 

 

The fuzzy set reflects the possibility of failure based on the measurement. The failure mode being 
estimated (gear pitting) is also represented by a fuzzy set (for example: minimum, moderate, and 
maximum) 

Fuzzy rules are then designed to relate the observable to a failure mode 

For example: IF particles concentration is OK, THEN gearbox pitting is MINIMUM. 

Once every failure mode has been related to each relevant observable it depends on, defuzzification can 
be carried out to transform the fuzzy rules stated above into numeric values representing “Gearbox 
pitting”. Once each observable value has been maps to the fuzzy sets of failure mode and related to the 
corresponding numeric values, a data fusion technique (an artificial intelligence approach such as neural 
networks) can be used to fuse the individual “refined” observables into a combined estimate of “gearbox 
pitting”. 

 

5.4.5 Holistic approach: higher level fusion 

The estimation method explained above is carried out at the component level. Similar techniques can be 
applied to estimate condition at higher levels in the faults tree (subsystem, system levels), fusing 
estimations of two different components for example (estimations being themselves fused information 

O
K 

W1 W2 A 
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from lower-level sensors). 

The holistic approach consists in considering the different aspects and parameters of the wind turbine as a 
whole. A blade fault can create non design loads to be transmitted via the driveshaft to the drivetrain. 
These loads can lead to significant damage in the drivetrain. The FLOW system is designed to detect 
several types of blade faults and then correlate these with any of the health indicators or fault indicators in 
the drivetrain. For example: a pitch system failure can lead to aerodynamic imbalance in the rotor, which 
can trigger increased wear on a bearing. The system will flag these faults and correlate them, as well as any 
other fault that could subsequently appear as a consequence (gear mesh, gear tooth). 

Absolute gross blade damage 

Gradual blade mass increase 

Aerodynamic imbalance fault 

Rotor mass imbalance fault 

Ice detection 

Aerodynamic blade damage 
 

 Drivetrain bearing fault mode 

Gear mesh fault mode 

Gear tooth fault mode 

Shaft fault mode 
 

 

As an output, a ranked list of candidates with associated certainties is provided according to the strength 
of support from different diagnostics. 

Fusing conclusions from different diagnoses is a major asset of the FLOW system, making it possible to 
confirm a diagnostic using different paths, and thus making it more robust against noisy or unreliable 
sensors. 

 

6 Graphic user interface (GUI) 
Once the instrumentation has been implemented in the turbines, the end-user can visualize the system 
status and operation data of each turbine, using a computer connected to the onshore recovery center via 
an IP protocol. The GUI has been developed to summarize the system’s health information and display 
potential alarms or warning to the control engineer that will finally conclude on the necessity of a 
maintenance intervention. 

At any level, positioning the mouse over a part of the displayed system will show the number of ongoing 
alarms and warnings inside the part. This is an efficient and simple way to have a quick overview of the 
farm health’s status and to navigate between the subsystems  

7 InFlow system cost benefits 
An offshore maintenance operation requires special resources that contribute to a significant part of the 
maintenance cost. The replacement parts need to be transported at sea on dedicated vessels, requiring 
sometimes costly embedded structures like cranes. In any case, the cost highly depends on the time during 
which the vessel is rented by the operator. These vessels present limited operation ranges regarding 
weather conditions, especially regarding wind and waves, two physical parameters supposed to be high on 
a wind farm site. As a result, vessels remain sometimes stuck by the coast for several days before they can 
leave, rising the overall cost of operation. Planned maintenance can be performed on an appropriate day 
and therefore limit the likelihood of additional costs related to vessel limitations.  
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Figure 5: Wind turbine downtime decomposition 

 

The InFlow project system is expected to bring up the following improvements:  

• Components life extension (the system can extend the lifetime of particular parts by detecting 
failures on neighbour components) 

• Allowance of maintenance planning, thereby reducing the cost and mobilisation time of resources 
(key value offshore, where maintenance requires large costly vessels, and where maintenance is 
not always possible due to weather conditions) 

• Increase of the energy yield (increase of the turbine availability) 

• Resource savings for the operator 

The following section of the document is a summary of an economical study whose aim is to assess the 
financial benefits of the inflow system as opposed to a basic CMS. 

The study is based on the differences of net revenues generated by A) a wind turbine endowed with a 
basic CMS and B) A wind turbine endowed with the InFlow system, all other parameters being equal. 

The comparison revolves around two axes:  

-The availability of the wind turbine, which should increase with the use of InFlow, and which should 
thus increase the capacity factor and the net revenue. 

-The cost of maintenance operations, which should decrease with InFlow, the system making it 
possible to plan the maintenance. 

 

These questions require several models and assumptions that will be discussed in the following sections. 

7.1 Siting assumptions 
The economical efficiency of a wind turbine greatly depends on the weather conditions on site. Two 
factors are mainly responsible for this:  

• The electricity generated by the wind turbine depends above all on the wind conditions on 
site 

• The maintenance vessels’ ability to join and perform maintenance on the farm depends on 
the conditions (vessels are bounded by limits in terms of wave height and wind speeds within 
which they can navigate). It is thus important for the accuracy of our model to include these 
elements in the study.  
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7.1.1 Wind and waves model 

A Weibull distribution for the wind and waves conditions is created for the site where the turbines are to 
be installed. This distribution represents the weather conditions on site and will be use to determine the 
number of weather days, during which maintenance is not possible because of weather conditions. 

The Weibull parameters used are from [2]. 

 Wind 
offshore 

Waves 

Location 0 0.325 

Shape 2 1.777 

Scale 10.155 1.569 

Mean value 9 m/s 1.72 

 

7.1.2 Weather days delay 

For a given fault that requires action on site, we need to know the average waiting time induced by 
weather delay. This time represents the average time span during which vessel and crew are ready to 
perform maintenance/repair, but must wait for more favourable weather before leaving the shore. 

Each vessel has its own range of operation regarding wind and wave height. The different characteristics 
are summarized in the following table: 

  Zodiac/MOB Helicopter Fast 
operation 
Vessel 

Crane 
Vessel 

Jack up 

Speed (km/h) 25 250 20 12 7,5 
Positionning time 
(hrs) 

0 0 0,1 1 3 

Travel time (hrs), 
one way 

0,8 0,1 1,0 1,7 2,7 

Travel time (hrs), 
return 

1,6 0,2 2,0 3,3 5,3 

Operation cost 
(€/time unit) 

1000 5000 20000 85000 120000 

Fixed cost 
(mobilisation) 

0 1000 10000 310000 520000 

Hs limit (waves, m) 1,4 100 1,5 2 1,7 
Vs limit (wind, 
m/s) 

14 15 8 10 10 

Time unit (base 
time upon which 
vessel is rented) 
(hrs) 

24 8 24 24 24 

 
 

The following assumptions are made:  
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• Weather is uniform everywhere on the wind farm, and all the way to the shore 

• Weather only changes on a daily basis, and remains then constant throughout the entire day and 
over the whole time required to perform the operation. Weather changes happening during 
maintenance are not considered. 

• The weather days induced by wind and those induced by wave height are squared. That is to say 
only the parameter inducing the highest number of weather days throughout the year is 
considered. 

• Weather conditions follow a Bernoulli scheme of parameter p where p is the probability that the 
weather will not comply with the considered means of transportation’s operation range. P is 
calculated for each vessel, and depends on its operation range as well as on the weather model 
(Weibull distribution). 

 

The probability p is calculated according to the following formula: 

𝑃 𝑤𝑒𝑎𝑡ℎ𝑒𝑟  𝑑𝑎𝑦 !"#$ = 𝑃 𝑋!"#$ > 𝑋!"#!!"#"$ = 𝑊(𝑥)
!!

!"#$_!"#$_!"#"$

𝑑𝑥 

 

𝑃 𝑤𝑒𝑎𝑡ℎ𝑒𝑟  𝑑𝑎𝑦 _𝑤𝑎𝑣𝑒𝑠 = 𝑃 𝑋_𝑤𝑎𝑣𝑒𝑠 > 𝑋_𝑏𝑜𝑎𝑡_𝑙𝑖𝑚𝑖𝑡 = 𝑊(𝑥)
!!

!"#$_!"#$_!"#"$

𝑑𝑥 

Based on these assumptions, the average waiting period once a fault has been detected can be calculated. 
For a Bernoulli scheme of parameter p, the average number of trials before success is given by 1/(1-p). 
Therefore, considering our model where each day can be seen as a trial, the average number of hours 
induced by weather delays is given by:  

𝐷!"#$!!" ℎ𝑜𝑢𝑟𝑠 =   
1

1 − 𝑝
∙ 24 

 

 

7.2 Assumptions regarding the reliability of the turbine’s 
parts 

The reliability of wind turbines is an intricate problem that can find as many different answers as sources 
when it comes to assessing the failure rate of a given wind turbine. A reason for this complexity is that 
most turbines nowadays installed are the state of the art of a still evolving technology, and have not been 
in operation for a sufficient amount of time in order to have reliable feedback and conclude on average 
specificities of a turbine lifecycle. In addition to this relative inexperience, turbines come in different sizes 
and configurations from different manufacturers, and are installed on sites undergoing different external 
factors, making questionable the comparison of turbines from a same power range alone. 

The numbers used in the following question are taken from  [4], concerning equivalent sized turbines 
(2MW), for lack of more recent numbers. 
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7.2.1 Failure rate 

Failures are divided into three failure classes: 

 

Minor Minor failure requiring small or 
no parts for repair (<15kg) 

 
 

Moderate Moderate failure requiring parts 
that can be lifted with the 
internal crane (<1ton) 

 

 

Major Major failure requiring parts 
that necessitate an external 
crane to be lifted up in the 
turbine (>1ton) 

  
 

An approximate value of the failure rate for each failure class and for each subsystem of the turbine is 
established, accordingly (example given here for the rotor subsystem): 

System Subsystem Failure type Failure rate 
(fail/yr) 

Rotor Blades Minor 0,055 

Moderate 0,009 
Major 0,003 

Pitch 
 

Minor 0,0468 
Moderate 0,0214 
Major 0 

Hub Minor 0,05 
Moderate 0,05 
Major 0,005 
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7.3 Detection rate 
For each subsystem, and for each class of fault, a detection rate is determined. This value illustrates the 
fact that the inflow system will not be able to detect all the failures occurring on the subsystem. As a 
result, the system will only be able to detect a certain amount of faults, and this property is taken into 
account in the financial study. The figures are taken from a research project carried out at Strathclyde 
University, and reflect a rough estimate of the capability of the system which is difficult to predict in the 
development phase. 

 

Subsystem Failure 
type 

Failure rate 
(fail/yr) 

inFlow Detection rate 
(%) 

Blades Minor 0,055 30% 
 

The time T within which the fault can be detected here is not considered, as none of the historical data 
available when the study was made mentioned it. IT is assumed to be sufficient to change or maintain the 
component before it fails. Figures are from [5]. 

7.4 Assumptions about maintenance/repair cost 
 

7.4.1 Labour 

 

Labour cost essentially implies the wage of workers that are to perform the maintenance/repair task. An 
average wage of 22€/hr is assumed. The cost of the crew operating the vessel is already included in the 
boat renting fee. The number of workers performing the task is assumed to be 2 for a minor failure, 4 for 
a moderate failure, and 6 for a major failure. The working time includes the weather delay, the boat ride to 
and back from the wind turbine, and the actual time required to perform the task once on site. Figures are 
from [5] 

7.4.2 Vessels 

 

This table is used to calculate the travel time to the farm, and the mobilisation cost of each vessel. It is 
important to notice that vessels are rented for minimal uncompressible periods called vessel time units. 
Therefore, even if a task requires 3 hours to be performed, the vessel will be rented for a minimal period 
of 24 hours (crane, jack up) or less (8 hours for a helicopter). Mobilisation time includes weather delay, 
boat ride both ways and the operational time on site.  

The study includes different combinations of vessel to perform maintenance. As minor failures can be 
performed both with a small zodiac boat or a helicopter, both options are considered. Same goes for 
Major failures which can be treated with a crane vessel or a jack up. Figures are from [3] 
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Table 7: vessel mobilisation and operation costs 

  Zodiac/MOB Helicopter Fast 
operation 
Vessel 

Crane 
Vessel 

Jack up 

Speed (km/h) 25 250 20 12 7,5 
Positionning time 
(hrs) 

0 0 0,1 1 3 

Travel time (hrs), 
one way 

0,8 0,1 1,0 1,7 2,7 

Travel time (hrs), 
return 

1,6 0,2 2,0 3,3 5,3 

Operation cost 
(€/time unit) 

1000 5000 20000 85000 120000 

Fixed cost 
(mobilisation) 

0 1000 10000 310000 520000 

Hs limit (waves, m) 1,4 100 1,5 2 1,7 
Vs limit (wind, 
m/s) 

14 15 8 10 10 

Time unit (base 
time upon which 
vessel is rented) 
(hrs) 

24 8 24 24 24 

 

7.4.3 Parts cost 

The replacement of large parts of the turbine can lead to considerably higher maintenance cost 
throughout the turbine lifetime. Major failures imply the replacement of the part considered. An 
approximation of the parts cost for a 2MW turbine is made interpolating the curve of the part for 
different sizes of wind turbines found in the following table (figures are from [6]): 
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Table 8: Part costs inventory depending on turbine capacity 

Rating	   kW	   750	   1500	   3000	   5000	   2000	  
Rotor	  

€	  
82842	   201218	   591783	   1206817	   309635	  

Blades	  
€	  

52092	   120161	   355606	   736497	   184412	  

Hub	  
€	  

17561	   52195	   173169	   349021	   87820	  

Pitch	  mechanism	  and	  bearings	  
€	  

13171	   28943	   62926	   121300	   39947	  

Drivetrain,	  nacelle	  
€	  

207828	   457556	   1042266	   2011606	   639353	  

LSS	  
€	  

6856	   16260	   45691	   98292	   24700	  

Bearings	  
€	  

3085	   10000	   33658	   82763	   16489	  

GBX	  
€	  

52764	   122763	   290404	   566661	   174276	  

Mechanical	  brake	  
€	  

1211	   2439	   4878	   8049	   3254	  

Generator	  
€	  

39593	   79268	   158535	   264225	   105716	  

Variable	  speed	  elec	  
€	  

40813	   81707	   163413	   272355	   108968	  

Yaw	  drive	  and	  bearings	  
€	  

4228	   9756	   22927	   89186	   9594	  

Main	  frame	  
€	  

17398	   51951	   156177	   352517	   81828	  

El	  connections	  
€	  

24390	   48780	   97560	   162600	   65040	  

Hydraulic	  system	  
€	  

2683	   5488	   10976	   18293	   7337	  

nacelle	  cover	  
€	  

14553	   29187	   57886	   96422	   38916	  

Control,	  safety	  system	  
€	  

8130	   8293	   8537	   8780	   8383	  

 

 

 

7.5 Financial assumptions 
The following assumptions are made concerning the project economics:  

• The inflow system is assumed to represent a X fixed acquisition cost, (confidential) and a 15% 
yearly additional cost for MCO. 

• The turbine produces an average 9.63MWh/day (figure from existing turbine in Aumelas). 
Electricity is sold at a price of 0.1€/kWh 

• A loan with 3% interest rate covers the capital cost for the wind turbine and the CMS. 

• The only downtime considered is the one due to maintenance or repair. 

 

 

 

 



-29- 
 

7.6 Results 
The model leads to the following results:  

CMS basic CMS inFlow 
Detection rate 0% 10% 20% 30% 50% 100% 
Total Capital Cost (turbine + 
installation), including CMS 

2 922 773 € 2 922 773 € + X€ CMS 

Additional cost MCO (€/yr) 0 € 0.15*X € 
Downtime (hrs/yr) 102,1 92,9 83,6 74,4 55,9 9,8 
Yearly average O&M Cost 173 335 € 167 852 € 162 369 € 156 887 € 145 921 € 118 508 € 
Yearly electricity sale 
revenues  351 400 € 351 770 € 352 141 € 352 511 € 353 251 € 355 103 € 
Payback time (years) 22 22 21 20 19 16 

Tableau 9: Financial aspects of inflow compared to a basic CMS 

 

We can see that the inflow system brings up rather small differences in terms of electricity generated, as 
the different downtimes are rather small over a year. Nonetheless, it provides considerably smaller 
operation and maintenance costs, this difference being mainly due to the vessel rental costs which, in case 
of unplanned maintenance, can see their already consequent value double or triple (N.B : a large vessel 
costs about 100k€/time unit). 
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Tableau 10: 25 years financial planning 

 
Basic CMS inFlow 

Detection 
rate 0% 10% 20% 30% 50% 100% 

Year 0 -2 922 773 € -2 942 773 € -2 942 773 € -2 942 773 € -2 942 773 € -2 942 773 € 
1 -2 832 390 € -2 850 137 € -2 844 285 € -2 838 432 € -2 826 726 € -2 797 461 € 
2 -2 739 297 € -2 754 723 € -2 742 842 € -2 730 960 € -2 707 198 € -2 647 790 € 
3 -2 643 410 € -2 656 447 € -2 638 356 € -2 620 265 € -2 584 083 € -2 493 629 € 
4 -2 544 647 € -2 555 222 € -2 530 735 € -2 506 249 € -2 457 276 € -2 334 844 € 
5 -2 442 921 € -2 450 960 € -2 419 886 € -2 388 812 € -2 326 664 € -2 171 294 € 
6 -2 338 143 € -2 343 570 € -2 305 711 € -2 267 852 € -2 192 134 € -2 002 839 € 
7 -2 230 222 € -2 232 959 € -2 188 111 € -2 143 264 € -2 053 568 € -1 829 329 € 
8 -2 119 063 € -2 119 030 € -2 066 983 € -2 014 937 € -1 910 845 € -1 650 614 € 
9 -2 004 570 € -2 001 682 € -1 942 222 € -1 882 761 € -1 763 840 € -1 466 538 € 

10 -1 886 641 € -1 880 814 € -1 813 717 € -1 746 620 € -1 612 426 € -1 276 940 € 
11 -1 765 175 € -1 756 320 € -1 681 357 € -1 606 394 € -1 456 468 € -1 081 653 € 
12 -1 640 065 € -1 628 092 € -1 545 027 € -1 461 962 € -1 295 832 € -880 508 € 
13 -1 511 202 € -1 496 016 € -1 404 606 € -1 313 197 € -1 130 377 € -673 329 € 
14 -1 378 472 € -1 359 978 € -1 259 973 € -1 159 968 € -959 959 € -459 934 € 
15 -1 241 761 € -1 219 859 € -1 111 001 € -1 002 143 € -784 427 € -240 138 € 
16 -1 100 948 € -1 075 537 € -957 560 € -839 583 € -603 630 € -13 747 € 
17 -955 911 € -926 884 € -799 516 € -672 147 € -417 409 € 219 435 € 
18 -806 523 € -773 773 € -636 730 € -499 687 € -225 601 € 453 030 € 
19 -652 654 € -616 067 € -469 060 € -322 053 € -28 039 € 686 624 € 
20 -494 168 € -453 631 € -296 361 € -139 091 € 175 450 € 920 219 € 
21 -330 927 € -286 322 € -118 480 € 49 361 € 379 780 € 1 153 814 € 
22 -162 790 € -113 993 € 64 736 € 241 985 € 584 110 € 1 387 408 € 
23 10 392 € 63 506 € 251 508 € 434 609 € 788 440 € 1 621 003 € 
24 188 457 € 244 424 € 438 279 € 627 233 € 992 770 € 1 854 597 € 
25 366 523 € 425 342 € 625 050 € 819 857 € 1 197 100 € 2 088 192 € 

 

 

7.7  Sensitivity analysis 

7.7.1 Annual net result of a wind turbine: Sensitivity 

In order to test the sensitivity of the results, curves showing the yearly net result in € for a 2MW machine 
endowed with a 30% detection rate inflow system are shown on the same graph. Each curve represents 
the variation of the corresponding parameter in the range [80%, 120%].
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This graph shows that for a wind turbine endowed with inflow (30% detection rate assumed), the most 
crucial quantities from an economical point of view are: 

• The power produced  

• The cost of transportation means to the wind farm (vessels mobilisation and operation cost) 

• The weather conditions and/or the possibility for these transportation means to reach the farm 
in difficult weather 

7.7.2 Benefit of the inflow system compared to basic CMS 
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This graph shows the benefit of the inflow system (with an assumed 30% detection rate) compared to a 
basic CMS, in terms of annual profit, expressed in % gained compared to the basic CMS profit results.  

• We can see that the weather conditions are an essential parameter to look at in the perspective of 
installing a CMS. With the model described in section 1.4.1, the inflow system with a 30% 
detection rate brings an average +8% benefits compared to a basic CMS. However, if the 
weather conditions get worse by 20%, the benefit of the inflow system compared to a regular 
CMS would rise up to 16%. 

• The second parameter to look at is the amount of electricity produced. We can see that when the 
amount of power generated becomes lower than the one assumed in 1.4.1 (i.e 3514 MWh/yr), the 
benefit of inflow can vary from +8 to +14% compared to a regular CMS. 

• Last relevant parameter seems to be the vessels’ mobilisation and operation costs: The higher 
these costs become, the greatest benefit is taken from the capavility of the inflow system to 
perform preventive maintenance. 

8 Cluster analysis applied to predictive maintenance 

8.1 A multidimensional approach 
 

An approach to monitoring the condition of power systems is to compare physical parameters of the 
system with constraints, to ensure that none of the physical values of the system leaves its normal range of 
operation. This approach, although adapted to simple systems governed by a limited number of 
parameters, and undergoing few different modes of operation, shows limited success when it comes to 
monitoring complex systems with various modes of operation and dealing with a large number of 
fluctuating parameters. Difficult weather conditions on offshore wind sites, and fluctuating wind speeds, 
directions, and temperatures create a broad variety of working modes for the wind turbines, making them 
hard to monitor based on single parameters analysis. 

Pattern recognition softwares follow the evolution of multidimensional systems by representing their 
parameters in a geometrical multidimensional space, gathering all working points in different clusters, and 
identifying each cluster as a specific operating mode. Parameters are thus considered as a whole, and the 
evolution of a single parameter cannot determine per se the condition of the entire turbine.  As a result of 
this system: a parameter can exceed a given threshold in a given operating mode A, and trigger an alarm, 
while the same parameter exceeding the same value in another operating mode will be considered normal.  

 

  

8.2 Instep PRiSM 
PRiSM is an analysis software that provides a quantitative comparison between current and historical data, 
alerting users to anomalies that are outside of normal operating regimes of a monitored system. It is based 
on pattern recognition of operating regimes, and currently used in the exploitation of nuclear power 
plants. The aim of the following section is to evaluate the possibility to apply pattern recognition to the 
surveillance of wind power systems, using PRiSM. Such an analysis was already carried out in the past at 
EDF R&D, but the limited number of sensors, and especially of accelerometers in the tested wind 
turbines, did not permit to forecast any kind of failure. The extra sensors installed in pilot wind turbines in 
Aumelas in the context of the inflow project will make it possible to perform another analysis with 
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extended data for PRiSM to work on, and possibly provide more convincing results. 

 

8.3 Data acquisition 
Sensor data are fetched directly from the ETI servers, but are not aligned on a common base time. A 
realignment of these data on a temporal grid is therefore required before starting the analysis with PRiSM, 
so that operating regimes can be constructed properly. 

 

8.4 Models definition  

8.4.1 Rotor 

The rotor model should include the following quantities : 

sensor parameter location 

SC
A

D
A

 

Nacelle position* SCADA 

Outdoor temperature * 

Wind speed* 

Wind direction* 

Generator speed* 

FB
G

s 
 

bending moments edgewise (1 per blade) blades  

bending moments flapwise (1 per blade) blades  

mass period Blades 

rotational frequency 

input thrust 

input torque 

static rotor mass 

turbine nod Tower 

turbine twist 
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8.4.2 Generator 

sensor parameter location 

SC
A

D
A

 

Active power* SCADA 

Reactive power* 

Generator speed* 

Grid voltage* 

Current* 

Generator bearing temperature* 

stator winding temperature* 

A
cc

el
er

om
et

er
s 

 Kurtosis onfidential 

RMS 

3-
ph

as
e 

cu
rr

en
t c

la
m

p Phase Current Generator stator cabinet exit 
cables 

 cl
am

p Ground RMS current Confidential 

T
he

rm
oc

ou
pl

es
/a

dh
es

iv
e 

pa
ds

 

Oil temperature Confidential 

Generator temperatures Confidential 

Cooling in/out temperatures Confidential 

 

8.4.3 Gearbox 

sensor Parameter location 

SC
A

D
A

 

Generator speed* SCADA 

Temperature gear bearings* 

Oil sump temperature* 

rotor bearing temperature* 

A
cc

el
er

om
et

er
s 

 

Kurtosis Confidential 

RMS 

T
he

rm
o

co
u

pl
es

  Gearbox temperatures Confidential 
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Confidential 

Confidential 

Confidential 

Confidential 

 

8.5 Correlation analysis 
Once the data for the different models have been acquired and cleaned in the software, correlation 

analysis between the different parameters of a same model is performed to conclude on the relevancy of 
each parameter in the given model. 

The correlation table for the rotor model taken as an example has 19 parameters and is thus a 19x19 wide 
double entry table. Each cell indicates the correlation coefficient between the two parameters at the table’s 
entries. An example is given below: 

 

 

 

The high number of parameters makes the table hard to read. In order to facilitate the table’s reading, the 
background of each cell is coloured depending on the correlation coefficient. A red amber, yellow and 
green code is used according to the following scheme: 
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Correlation 
coefficient 

Colour 

<50% Red 

50<…<70% Amber 

70<…<90% Yellow 

>90% Green 
 

 

 

1: Rotor bending moments edgewise (x3 blades) and flapwise (x3 blades) 

2: Rotor rotational frequency 

3: Rotor input forces (torque, thrust) 

4: Rotor static mass 

5: Turbine nod, turbine twist 

6: Data from SCADA (Outdoor temperature, wind speed, generator speed etc…) 

 

Looking at the correlation map, we can first state from the mostly red background that most parameters 
have a correlation coefficient smaller than 50%. However, two blocks of interrelated parameters can be 
identified. These blocks have been marked A and B on the correlation map. Block A corresponds to the 
rotor bending moments, rotational frequency and the input forces, which show a correlation greater than 
70% in most cases, depending on the parameters considered. Block B corresponds to the SCADA data, 
which shows a minimum correlation of 50% between its parameters. 

8.6 Monitoring principle 
 

The surveillance is based on the comparison of freshly acquired data with historical data reflecting a 
healthy state of the system in the past also called “learning period”. The analysis breaks down into 4 steps:  

 

8.6.1 Clusters construction for the training period 

The monitoring system follows and records the evolution of N physical parameters characterizing the 
state of the system or one of its subsystems across time. A first analysis consists in plotting those data 
points for the training period in an N-dimensional space, each point representing the state of the system at 
a given time of the training period (time at which its coordinates, the physical values of the system were 
recorded). Points which are geometrically closer to each other than a certain value set by the user are 
considered part of the same group also called “cluster”. Different operating modes characterized by 
different physical parameters will thus give rise to different clusters. 

A 

B 
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For each new point recorded and added in the model, the geometrical distance from the point to the 
existing clusters is calculated according to this 2-dimensionnal example:  

 

 

 

If the distance to the nearest cluster is smaller than the reference specified by the user, the cluster will 
grow and include this new point. If the distance is greater than this reference, a new cluster will be created 
around this point. 

 

8.6.2 Model deployment 

Once the clusters reflecting the operation under a healthy period are constructed, the model can be 
“deployed” and serve as a future reference to be compared with newly acquired data during real-time 
monitoring. 

 

8.6.3 Real-time monitoring 

During real-time monitoring, data from the wind-turbine sensors are retrieved and analyzed as they are 
recorded. The analysis software compares the measured signals with their expected values as observed 
during the training period. For each new point recorded, the system calculates the distance to the nearest 
cluster. This distance is called residual error and indicates how far from the recorded model the system 
currently works. The sum of all these residual errors for the N parameters monitored is called the overall 
model residual and is used as a primary indicator of the system’s deviation from its normal operation 
range. 
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8.6.4 Measured signal compared to predicted signal 

 

The predicted signal is a combination of the actual signal and the upper and lower bounds of the nearest 
cluster. Its purpose is to provide an easy way to quantify how much a signal has deviated from the model. 
The predicted signal depends on the measured signal, and is calculated according to these rules: 

Measured Signal Predicted Signal 

Above the upper boundary 
of the nearest cluster 

Equal to the upper 
boundary of the nearest 
cluster 

Within a cluster Equal to the measured 
signal 

Below the lower boundary 
of the nearest cluster 

Equal to the lower 
boundary of the nearest 
cluster 

 

The predicted signal can be trended along with the input signal. Any difference between the two values 
indicates that the signal is operating outside the model. 

 

8.7 Application 
 

In this example, we review the possibility to monitor the generator of a wind turbine installed in Aumelas 
in the south of France. We know that this turbine underwent a severe generator failure around March 
2012, which necessitated replacing the entire generator. The aim of the study is to establish whether this 
failure could have been detected before it occurred if pattern recognition had been used.  

 

8.7.1 Importation settings 

11 months of data acquired between the 1st of November 2011 and the 1st of October 2012 are imported 
in the software for analysis. All the parameters listed in II.C.3.b are present. 

 

8.7.2 Clustering parameters 

A number of parameters describing how the clusters will be constructed need to be specified by the user 
before the model creation can start. They include the following concepts: 

• Max Interpolation 

Maximum interpolation determines how much an individual cluster can expand in any single dimension to 
accommodate new data points from the training set. Increasing this value will result in fewer overall clusters 
and model that is more tolerant of differences between individual signals if both signal still fall within 
normal operational ranges. This value is set to 2% in our study. 

• Initial Tolerance 
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Initial tolerance determines how wide a cluster is when it is initially created. This parameter controls a 
models tolerance for “noise” since it allows for clusters to be wider that the data they contain. This value 
is here set to 1% in our study. 

• Extrapolation Percentage 

The extrapolation percentage specifies how much a cluster should expand past a data value when that 
cluster expands to encompass the new point. This value is a measure of tolerance for uncertainty in the 
signal value. This value is set to 5% in our study. 

 

8.7.3 Training period 

The training period is selected. Looking at the history of the turbine’s operation, it appears that no sign of 
fault or dysfunction was detected during the period between the 1st of November 2011 and the 1st of 
January 2012. This period can thus be defined as the training period, as it is sufficiently long to include a 
wide range of operational profiles while reflecting a good turbine condition. 

 

8.7.4 Clusters construction 

Once the data has been imported, and the training period defined, the construction of the clusters can 
begin. Based on the training period defined above, the software created an operational model of 2718 
clusters representing the 2718 different working modes the turbine underwent during the two months of 
the training period. 

 

Figure 6: Representation of the main working mode of the wind turbine gathering 8.78% of the 
operating points 
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Figure 7: Overall model residual: total deviation-Generator 

 

 

 

The graph of the total deviation represents the overall model residual for the system running outside the 
training period (here from the 1st of January 2012 till July 2012. The part after July was removed due to 
inconsistent data from the CMS after this period. 

 

5% 

10% 

15% 
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Looking at this graph, showing the representation of the current produced in the generator as a function 
of the acceleration measured by acc7 (set on the side of the generator), for three different periods, we 
observe that each period: A (from November till January, in green), B (January to april, in red), and C 
(april till july, in blue) have different pattern for that correlation. We know that A corresponds to the time 
just before the generator failure occurred, while B represents the points right after the generator was 
replaced, and C after a few months of operation with the new generator. 

9 Conclusion 
This paper contains three main parts. The first two parts are describing the principle and assessing the 
potential benefit of the inflow system compared to a basic SCADA-based surveillance system.  

The inflow system is a condition monitoring system based on the surveillance of single parameters 
supported by a holistic logic in order to detect and diagnose faults in wind turbines providing the user 
with a list of possible ailing parts in the system. Given that the detection rate of the inflow system cannot 
be established with certainty during development stage, it is hard to accurately value the benefit such a 
system could bring in comparison with a traditional one. However, it appears that assuming an average 
30% detection rate, the system would increase the annual net result of the turbine by 8%. 

The last part of the document reviews the possibility to apply pattern recognition and clustering analysis 
to wind turbines endowed with strain and vibration sensors. It appears that on the particular example 
studied, this method does not provide convincing results, and wouldn’t have permitted to detect the 
failure that occurred on the generator in March 2012. The high variability and fluctuating parameters of a 
wind power system gives a high number of clusters and despite the 3 months of training data provided, 
the overall model residual fluctuates outside reasonable ranges all along the tested period. 

 

A 

B 

C 



-42- 
 

10 Bibliography 
[1]: Mass and Aerodynamic Imbalance Estimates of Wind Turbines, energies ISSN 1996-1073, Jenny 
Niebsch, Ronny Ramlau and Thien T. Nguyen  
 
[2]: MetOcean 
 
[3]: DIWET 5 - Offshore wind turbines Operation and Maintenance state of the art 
and possible O&M scenario (EDF R&D) based on [ECUME] Documentation de l'outil ECUME V5 
d'évaluation des coûts de maintenance pour un parc éolien en mer, Annick Fassi, 2009 
 
[4] : WindStats Newsletters 1998  –2001, Vorlaget Vistoft,  Denmark, ISSN 0903-5648. 
 
[5]: ETI-inFLOW Condition Monitoring, Cost-Benefit Estimation, Inputs. Dr. Julian Feuchtwang, 
University of Strathclyde. 
 
[6]: Malcolm DJ & Hansen AC, WindPACT Turbine Rotor Design Study, NREL subcontract report 
NREL-SR-500-32495 rev April 2006 

 
 


