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Abstract. Intelligent wind park monitoring systems may allow cutting the levelized cost of 
wind-generated electricity by deploying maintenance personnel more efficiently. The non-
contacting passive radar technology and advanced sensing technologies on the plant side offer 
significant potential for such monitoring systems. The goal of the 3-year-long project 
ISO.Wind is to identify the most cost-efficient sensing technologies to detect maintenance-
relevant damages and to use them for a wind park monitoring system. For this purpose a 
commercial 3MW wind turbine is instrumented with strain gauges following IEC standard 
61400-13 and a network of accelerometers.  It is also monitored by passive radar technology. A 
learning algorithm is developed and fed with available data from the sensor systems and 
operational data from the instrumented wind turbine. The algorithm is capable of detecting 
operational patterns and damage cases of the wind turbine. A graphic user interface illustrates 
these conditions in a comprehensible way. First field measurements show the suitability of the 
passive radar technology to detect the damage-relevant dynamics of the instrumented wind 
turbine. Validated simulations of typical damage cases prove that both instrumentation on the 
plant side and the passive radar sensing technology allow reliable damage detection for the 
examined wind turbine.

1.  Introduction 
In 2015 operational expenditures, covering turbine operation and maintenance, made up 24% of the 
levelized cost of electricity (LCOE) for a 2MW land-based wind turbine and 27% for a bottom-fixed 
offshore wind turbine [1]. Unscheduled maintenance work causes two thirds of these operational 
expenditures or more [1,2]. Advanced wind turbine monitoring systems that allow a more targeted and 
well-anticipated deployment of maintenance personnel may thus help drastically cutting operational 
expenditures and the LCOE accordingly.    
Several recent studies assessed the potential of various sensing technologies for the use in monitoring 
systems for the purpose of damage detection on wind turbines. Among the proposed sensing 
technologies for damage detection are the visualization and analysis of surface temperature 
distributions on rotor blades [3] and the analysis of the signal of an acoustic source installed inside 
wind turbine blades by a learning algorithm to detect material damages [4]. Other groups employed 
thin film sensor networks to detect blade damages [5] or used emitted radar-waves to detect damages 
inside the glass fiber composite structures [6].
For composite materials [7], the wind turbine tower [8] and the rotor [9] several studies show that 
there is an impact of material damages on the dynamic behavior of those components. Other works 



showed the potential of monitoring a turbine’s dynamic behavior to detect specific damage events [10] 
and the potential of radar systems for noncontact structural health monitoring [11]. 
The overall goal of the 3-year-long research project ISO.Wind (May 2016 – April 2019) is to develop 
a cost-effective monitoring system for damage detection in wind parks that combines the benefits of 
the most suitable sensing technologies. A focal point of this project is to assess the suitability of non-
invasive passive radar systems [12] for application in wind park monitoring.
The structure of this paper is as follows. Next, the remote passive radar sensing technology and the 
installed plant-sided instrumentation are described. A proof of correlation demonstrates the 
consistency between the passive radar sensors and the plant-sided instrumentation. Section 3 illustrates 
the wind park monitoring system and the operation principle of the damage detection based on the 
acquired measurement data. In the final section, validated simulations show the impact of defined 
damage cases on the dynamic behavior of the wind turbine. The simulations demonstrate the 
detectability of damage cases by the monitoring system on the basis of a varied dynamic wind turbine 
behavior.

2.  Sensing technologies for wind turbine damage detection
A modern 3MW wind turbine is instrumented in Northern Germany to assess the suitability of the 
remote passive radar sensing technology and the advanced plant-sided instrumentation for their 
application in a wind park monitoring system for damage detection.

2.1.  Remote passive radar sensing technology
The so-called passive radar technology developed by the Fraunhofer-Institute FHR does not require 
any kind of installations on the monitored wind turbine itself. Instead, only several receiving radar 
units are distributed within the wind farm for this technology (Figure 1b), since the technology relies 
on the European DVB-T radio standard as a radar wave source. If such radar technology should prove 
suitable, it could provide a very cost-effective way of monitoring the operation of wind turbines in 
wind farms.
Passive bistatic radars (PBR) represent a class of bistatic radar systems that operates without dedicated 
emissions of an electromagnetic signal. Instead, they exploit radio transmissions emitted by other 
sources and other purposes to perform the task of target detection and localization. 
Such signals of opportunity include FM radio broadcast, Digital Audio Broadcast (DAB), Digital 
Video Broadcast (DVB-T), satellites and Global System for Mobile communications (GSM) base 
stations [13], [14], [15], [16], [17].
The principle of operation of a PBR is based on cross-correlating a reference channel containing the 
transmitted direct signal with a surveillance channel containing the reflections from the environment. 
A generic bistatic radar geometry is sketched in Figure 1a. In a typical operational scenario a PBR 
receiver measures the time difference of arrival (TDOA) between the direct signal and the reflected 
echoes as well as the Doppler-shift. 

(a) (b)

Figure 1. Bistatic radar geometry with wind turbine as target (a). PBR sensor PARASOL mounted to 
the side of a wind turbine tower (b).



Wind turbines represent physically large structures with sizable rotating blades that reflect a 
substantial portion of the transmitted signal to the receiver. The received signal echoes vary with the 
rotation of the blades caused by the Doppler effect. The influence on the operation of radars have been 
reported and investigated in a variety of studies [18],[19],[20]. Signal processing techniques such as 
short time Fourier transformations (STFT) proved to be well suited to analyze these kinds of transient 
signals, while the signal periodicity could be extracted through cepstral analyses [21].
In order to resolve the much more subtle signal components modulated by the vibrations of a wind 
turbine’s stationary components, signal-processing schemes were employed that permitted the 
coherent integration of the received signals over much higher integration times. This allowed 
improving the frequency resolution in the base band region from 1Hz down to 0.0648Hz in order to 
resolve the structure’s natural frequencies. 
While signal processing allows for high resolution in the frequency domain, echoes separation in the 
range domain is dependent on the bandwidth of the signal of opportunity. Even relatively high 
bandwidth transmission standards such as DVB-T offer only a radial range resolution in the order of 
101m. Resolving point-scattering from different structural components of a wind turbine is therefore 
limited to the separation of signals originating from the tower (including the nacelle) and from the 
turbine blades. 
The results presented in this paper were obtained with data provided by a PBR, which is currently 
being developed at Fraunhofer-Institute FHR. The so called PARASOL sensor is a two channel 
passive radar system that operates in the ultra-high frequency (UHF) region ranging from 450 MHz to 
850 MHz in order to exploit the transmissions of the German DVB-T broadcasting network. 
At this frequency range, Rayleigh scattering applies (particle size of precipitation is small compared to 
the wavelength). Attenuation effects are therefore expected to be below 10-2dB/km and meteorological 
conditions can be considered negligible [22].
Figure 1b shows the antenna system of a PARASOL sensor covered with a transparent radome
mounted to the side of a wind turbine tower at a height of 8m and a distance of 4,9km from the 
instrumented wind turbine. . A raid storage cluster allows the recording of the wind turbine echo 
returns for multiple months.
A DVB-T transmitter near the town of Bredstedt was used as illuminator of opportunity, which is 
located at a distance of 3.8km from the PARASOL sensor. The horizontally polarized signal is 
transmitted at a center frequency of 514MHz and the effective radiate power directed at sensor is listed 
as 50kW. 

2.2.  Plant-sided sensing technology
The sensing technologies that are installed on the mechanical structure of the wind turbine (at several 
tower sections, the nacelle and all 3 blades) by the Fraunhofer-Institutes LBF and IWES cover 
comprehensive strain gauge installations following IEC standard 61400-13, the application of sensor 
networks of accelerometers and the use of sensors to detect additional operational parameters of the 
wind turbine.
Aside from covering IEC standard 61400-13, modal parameters of the wind turbines structure are
identified automatically and continuously for the purpose of this project. To accomplish this a 
monitoring system based on distributed vibration measurements has been installed. The data 
acquisition unit consists of a smart sensor network with five sensor nodes and 20 measurement 
channels. Such systems can use sensitive IEPE-sensors in a laboratory-grade or MEMS-sensors as 
low-cost alternative for long term installations. Minimum cabling esnures the monitoring system is 
simple to install on large structures and acquires data during the wind turbine’s operation. Using the 
Random Decrement Method, the vibrations signals sampled at 100 Hz at the sensor nodes are 
transformed into signatures packages with a data compression of factor 50 or more [23]. Each of these 
packages contains information about the structural behavior of the wind turbine during one hour and 
the packages are transferred from the wind turbine to the research institutes using mobile remote 
access to the smart sensor network. Details about the smart sensor network, the Random Decrement 



Method for data acquisition and Operational Modal Analysis for the extraction of modal parameters 
can be found in [24]. Using a batch processing, several features are extracted from the signatures 
packages. Those incorporate e.g. different mode shapes of the wind turbine’s tower, corresponding 
modal frequencies, spectra of singular values and counts of trigger events. Those features are the 
information that is uploaded to the database for the wind park monitoring system as described below.
The Fraunhofer-Institute IWES’s system is designed to measure loads, accelerations, operational and 
meteorological parameters. Tower bending moments are measured using full-bridge strain gauges at 
the bottom, the middle and the top of the tower in two perpendicular directions. All three rotor blades 
are instrumented with two full-bridges to measure the bending moments at the blade root in edge- and 
flapwise direction.
The yaw position of the nacelle is monitored with a rotary encoder. The blade pitch is measured using 
a laser distance sensor at the pitch hydraulic cylinder of one rotor blade. The rotor azimuth is 
measured with a MEMS-inclinometer. All signals are measured at a sampling rate 50 Hz and stored 
locally.. The data is downloaded frequently using a modem.
To measure wind speed and direction, air temperature, air pressure and humidity a Gallion-LiDAR 
was used for a measurement period of several months. Thereafter a nacelle mounted cup anemometer 
was used to measure wind speed. During a parallel measurement phase of the cup anemometer and the 
LiDAR a database to create a nacelle transfer function (NTF) was generated. After completion of the 
NTF the LiDAR was uninstalled. The yaw position of the nacelle was used as wind direction, air 
pressure and temperature were retrieved from a nearby public weather station.
The overall uncertainty including all parts of the measurement chain added up to an overall 
uncertainty below 5% according to an uncertainty analysis following the GUM guideline.

2.3.  Proof of correlation between passive radar and plant-sided instrumentation
Both the passive radar system and the plant-sided instrumentation permanently monitored the dynamic 
behavior of the instrumented wind turbine during the period from 21st to 28th of November 2017. The 
measurement data acquired during this time period allows assessing the correlation between both 
sensing technologies. To demonstrate the capability of a sensing technology to capture both the plant’s 
mode of operation and its dynamic behavior, it needs to be able to capture the rotor rotational 
frequency P and the first eigen frequency of the wind turbine with sufficient precision. 
Figure 2 shows a time series of the detected rotor rotational frequencies. As can be seen in Figure 2,
both the passive radar sensing technology (by use of turbine’s radar reflection signal) and the plant-
sided instrumentation (via an inclinometer installed close to the rotor’s rotational axis) reliably capture 
the rotor rotational frequency P and thus the turbine’s mode of operation. 



Figure 2. Time series of measured rotor rotational speed for plant-sided instrumentation (red) and 
passive radar system (blue)

The time series in Figure 3 over several days shows that the passive radar sensing technology (by use 
of turbine’s radar reflection signal) and the plant-sided instrumentation (via strain-gauges installed at 
various tower sections) consistently detect the dominant plant’s eigen frequency at approximately 0.24 
Hz. The error in the detected frequency between both sensing technologies is 0.8%. 
Above findings show that the passive radar sensing technology reliably detects a wind turbine’s mode 
of operation and its dynamic behavior. The accuracy with respect to the detected frequency is 
sufficient for the detection of relevant damage cases, as will be shown in section 4 of this work.

Figure 3. Time series of acquired plant’s eigen frequency measured with passive radar (blue) and 
plant-sided instrumentation (red)

3.  Wind park monitoring system for damage detection
For the supervision of the wind turbines, a data-driven condition-monitoring system is proposed. The 
basic idea is to use historic process data (e.g. passive radar, strain gauges, acceleration sensors or 



SCADA data) representing the normal state of the turbine, train a mathematical model and in a 
subsequent step compare the model with real-time data. If there is a relevant deviation between model 
and measurement data, this indicates a possible damage. The proposed algorithm covers several steps, 
which are sketched in Figure 5 and described in the following section.

Figure 4. Workflow of the data-driven condition-monitoring system

3.1.  Algorithm for the wind park monitoring system
It is assumed that with is the time series of a process variable with the mean
value and standard deviation . Hence, the set of all process variables is described as

with the set of process variables resulting in the matrix . The

normalization of each variable is then carried out as .

Principal Component analysis (PCA): The PCA (Figure 5) is used for dimensionality reduction of the 
initial data set. Calculating the principal components is carried out by computing the eigenvectors of 
the covariance matrix . Next, the eigenvalues of the covariance matrix are determined and 
sorted in descending order, resulting in the diagonal matrix . Finally, the corresponding
eigenvectors are calculated and summarized in columns, giving the matrix . is
subsequently used to perform the linear transformation , while contains the PCs.
Gaussian Mixture Models (GMM): A GMM (Figure 5) is a parametric statistical model, which 
assumes that the data originates from several Gaussian sources. In detail, a GMM is defined as

with being the number of density components, , with and , the mixture 
weightings and the individual Gaussian distributions with being the mean vector and 

the covariance matrix. The log-probability, which is used as index for the anomaly detection for one
sample is then determined as

with . Training the GMM with measurement data means estimating the weightings , the mean
value and the covariance which is done following an Expectation Maximization (EM) algorithm
(Figure 5).

3.2.  Operation principle of damage detection
The operating principle is exemplary shown on the structural health monitoring of a rotor blade. As 
input data, the FFTs of the edgewise blade bending moment, shown in Figure 5 upper left plot, are 
used for anomaly detection. Following the algorithmic work flow, the first two principal components 
are determined from the FFTs and used as training data for the GMMs. This results in the process map 
and trajectory shown in Figure 5 upper right. The trained GMM is visualized in terms of isobars, while 
the trajectory close to a dark blue area, indicates a normal state and a drift into the direction of yellow 
isobars means that the trained GMM differs from the measurements and hence indicates a possible 
damage. Finally, this result can be quantified by the calculation of the logarithmic probability , which 
is shown in the lower subplot in Figure 5 on the right. A value close to zero means that the system is 
running in normal state, while large negative values indicate an anomaly. During the investigated time 
period the wind turbine ran normal, meaning that no anomaly was detected by the system.



Figure 6. Simulated change of the 
natural frequency depending on the 
amount of failed screws

Figure 5. Results of the monitoring system. Left upper plot: FFTs of the blade bending moment 
edgewise. Right upper subplot: First two principal components with GMM. Bottom: Resulting 

anomaly index of the proposed monitoring system.

4.  Predicted detectability of damage cases 

4.1.  Damage of tower segments
The steel tower of the reference turbine has a total height of 
90m and consists of five segments, joined via flange 
connections. Due to alternating stresses, certain screws of 
the flange connection might fracture or become loose, 
resulting in reduced stiffness of the flange connection. This 
will have an influence on the natural frequencies of the 
tower. The change could be measured by the passive radar 
and detected by the data-driven wind park monitoring 
system. To quantify the influence of failed screws onto the 
natural frequency, a detailed FE-model of the tower was set
up. The stiffening effect of the flange connections was 
considered as well as the thickness variation along the 
tower height. The first flange connections were modelled 
with 100 preloaded flexible screws and contact 
interactions at the surfaces. The tower head mass was represented as a point mass and the soil stiffness 
was reduced by a rotational spring. Gradually adjacent screws were removed from the flange and the 
natural frequency was determined. Figure 6 displays the reduction of the first natural tower frequency 
in relation to the amount of failed screws.



Figure 7. Simulated change of the 
natural frequency depending on the 
amount of failed piles

Figure 8. Simulated change of the 
natural frequency of the blade 
depending on the ice mass

Figure 9. Simulated change of the 
natural frequency of the blade 
depending on the relative crack length

4.2.  Damage of tower foundation
Depending on the soil condition, a different foundation is 
used. The reference turbine is mounted on a piled foundation. 
Softening of the soil or damages of the foundation can lead 
to a reduction of the foundation stiffness and therefore to a 
decrease in the natural frequency of the tower. In case the 
natural frequency matches the rotation frequency of the rotor, 
resonance will occur, which can damage the whole turbine.
To analyse the effect of failed piles the rotational stiffness of 
the foundation and soil is distributed along 22 translational 
springs, representing the piles. Figure 7 shows the reduction 
of the first natural frequency of the tower depending on the 
number of damaged piles.

4.3.  Contamination and icing of blades

Under certain conditions ice can attach to the blades. Falling
ice is a high security risk. Therefore, a reliable detection of
attached ice is required to reliably shutdown the turbine in 
case of icing. Additionally, an unequal ice distribution will 
create a dynamic unbalance, leading to higher loads on the 
turbine and its components. Attached ice changes the mass 
distribution of the blade and therefore the natural frequency 
of the blade. To quantify the influence, a detailed FE-Model 
of the NREL 61.5 meter reference blade was generated. The 
ice is modelled as an additional layer located irregularly on 

the leading edge. Figure 8 shows the reduction of the edge-
and flapwise first natural frequency of the blade depending 
on the mass of the ice. Both bending modes are affected 
equally.

4.4.  Damage of individual rotor blades
Due to fatigue, wear or lightning strikes, cracks can occur 
on the surface of the blade or its inner supporting 
structure. These cracks grow and can lead to fatal failures. 
Therefore, damaged blades must be detected and repaired 
or replaced. Cracks reduce the local stiffness of the blade 
and subsequently have an influence on certain natural 
frequencies of the blade. A crack in the spar caps, 
perpendicular to the fiber direction, was introduced into 
FE-model of section 4.3. Figure 9 shows the reduction of 
the first edge- and flapwise natural frequency with respect 
to the relative crack length (crack length/ belt wide). It can 
be observed that the influence on the flapwise mode is higher 
due to the fact that the stiffness of the spar caps is higher in 
flap-wise direction.



5.  Conclusions
A novel monitoring system for wind farms that relies on passive radar technology is developed. This 
passive radar technology does not require any instrumentation on the monitored wind turbine. It was 
found that the dynamic behavior and operational patterns of the wind turbine can be captured with the 
used passive radar sensing technology. Furthermore, the captured dynamics of the wind turbine can be 
used in a monitoring system to detect several types of damage events.

6.  References
[1] Mone C, Hand M, Bolinger M, Rand J, Heimller D and Ho J 2017 2015 Cost of Wind Energy 

Review, NREL Technical Report NREL/TP-6A20-66861
[2] Engels W, Obdam T and Savenije F 2009 Current developments in wind – 2009, ECN Report 

ECN-E–09-96
[3] Ramirez I S, Muñoz C Q G and Marquez F P G 2016 A Condition Monitoring System for 

Blades of Wind Turbine Maintenance Management Proceedings of the Tenth International 
Conference on Management Science and Engineering Management 502 3-11

[4] Regan T, Beale C and Inalpolat M 2017 Wind Turbine Blade Damage Detection Using 
Supervised Machine Learning Algorithms J. Vib. Acoust 139(6) 061010

[5] Downey A, Laflamme S, Ubertini F, Sauder H and Sarkar 2017 Experimental Study of Thin 
Film Sensor Networks for Wind Turbine Blade Damage Detection AIP Conference 
Proceedings 1806 070002

[6] Jiménez A A, Muñoz C Q G and Márquez F P G Machine Learning for Wind Turbine Blades 
Maintenance Management

[7] Moll J, Arnold P, Mälzer M, Krozer V, Pozdniakov D, Salman R, Rediske S, Scholz M, 
Friedmann H and Nuber A 2017 Radar-based structural health monitoring of wind turbine 
blades: The case of damage detection Structural Health Monitoring 1-8

[8] Kim W, Yi J H, Kim J-T and Park J-H 2017 Vibration-based Structural Health Assessment of a 
Wind Turbine Tower Using a Wind Turbine Model Procedia Engineering 188 333-339

[9] Tcherniak D 2016 Rotor anisotropy as a blade damage indicator for wind turbine structural 
health monitoring system Mech. Sys. Sig. Proc. 74 183-198

[10] Ou Y, Chatzi E N, Dertimanis V K, and Spiridonakos M D 2017 Vibration-based experimental 
damage detection of a small-scale wind turbine blade Structural Health Monitoring 16(1) 
79-96

[11] Muñoz-Ferreras J-M, Peng Z, Tang Y, Gómez-García R, Liang D and Li C 2016 A step forward 
towards radar sensor networks for structural health monitoring for wind turbines, IEEE Rad.  
Wirel. Symp.

[12] Kuschel H, Heckenbach J and Ummenhofer M 2017 Passive radar collision warning system 
PARASOL IEEE Aero. Elec. Sys. Mag. 32 2 40-52

[13] Malanowski M, Mazurek G, Kulpa K, and Misiurewicz J 2007 FM based PCL radar 
demonstrator Int. Radar Symp. 431–5.

[14] Poullin D 2005 Passive detection using digital broadcasters (DAB, DVB) with COFDM 
modulation. IEE Proceedings Radar, Sonar and Navigation 152 3 143–52

[15] Glende M, Heckenbach J, Kuschel H, Müller S, Schell J, and Schumacher C 2007 Experimental 
passive radar systems using digital illuminators (DAB/DVB-T) Int. Radar Symp. 7

[16] Raout J 2008 Sea target detection using passive DVB-T based radar Int. Radar Symp. 695–700
[17] Petri D, Berizzi F, Martorella M, Daile Mese E, and Capria A 2010 A software defined UMTS 

passive radar demonstrator Int. Radar Symp. 1–4
[18] Kuschel H, Heckenbach J, and Ummenhofer M 2015 Mitigation of rotor blade-flash masking in 

passive radar collision warning system parasol IEEE Radar Conf. 185–90



[19] Fioranelli F, Ritchie M, Balleri A, and Griffiths H 2017 Practical investigation of multiband 
mono- and bistatic radar signatures of wind turbines IET Radar, Sonar Navigation 11 6 909–
21.

[20] Uysal F, Pillai U, Selesnick I, and Himed B 2014 Signal decomposition for wind turbine clutter 
mitigation IEEE Radar Conference, 60–3

[21] Chen V 2011 The Micro-Doppler Effect in Radar (Norwood MA: Artech House)
[22] M. Skolnik 1981 Introduction to Radar Systems ed 2 (New York: McGraw Hill)
[23] Kloepfer J, Koch M, Bartel T and Friedmann A 2017 Industrial IoT: Potenziale für die 

dezentrale Schwingungsdiagnose Smarte Strukturen und Systeme ed M Wiedemann and T 
Melz (Braunschweig: Shaker Verlag GmbH)

[24] Siebel T, Friedmann A, Strobel W, Guse M and Hartmann A 2016 Longtime monitoring with 
smart sensor networks: the case of the Zwartewaterbrug Life-Cycle of Engineering Systems: 
Emphasis on Sustainable Civil Infrastructure Ed J Bakker, D M Frangopol and K van 
Breugel (London: Taylor & Francis Group) 1773-9

Acknowledgments
The authors gratefully acknowledge the ongoing technical support of the team 
from Dirkshof / EED GmbH & Co. KG in Reußenköge, Germany. This project 
is funded by the Federal Ministery for Economic Affairs and Energy on the 
basis of a decision of the German Bundestag.


