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Abstract

Wind turbine installations in extreme conditions like cold climate have increased over the
last few years and expected to grow in future in North America, Europe, and Asia regions
due to good wind resources and land availability. Their installed capacity could reach
186 GW by the end of 2020. The cold climate sites impose the risk of ice accumulation
on turbines during the winter due to the humidity at low temperatures. Since the
atmospheric and operating conditions of the wind turbine leading to blade icing vary
stochastically in space and time, the resulting ice accumulation is completely random, it
is even different for turbines within the same site. Ice accumulation alters aerofoil shapes
of the blade, affecting their aeroelastic behavior. The icing severity at different locations
of the blade and their non-uniform distribution on blades have a distinct influence on
turbine power output and vibrations. The current thesis proposes a methodology to
investigate such behavior of wind turbines by considering the structural and aerodynamic
property changes in the blade due to icing. An automated procedure is used to scale
simulated/measured ice shape on aerofoil sections of the blade according to a specified
ice mass distribution. The aeroelastic behavior of the blades is simulated considering the
static aerodynamic coefficients of the iced aerofoil sections. The proposed methodology
is demonstrated on the National Renewable Energy Laboratory (NREL) 5 MW baseline
wind turbine model. The method can be leveraged to analyze the influence of icing on
any wind turbine model.

De/Anti-icing systems are installed on the turbines to mitigate the risks associated
with icing. It is essential to detect icing at the early stage and initiate these systems to
avoid production losses and limit the risks associated with ice throw. Ice accumulation
increases blade mass, due to that, natural frequencies of the blade reduce differently
according to the spatial distribution of ice mass along the blade length. A detection tech-
nique is proposed in this thesis to characterize ice mass distribution on the blades based
on its natural frequencies. The detection technique is validated using experiments on a
small-scale cantilever beam and 1-kW wind turbine blade set-ups and its effectiveness is
also verified on large-scale wind turbine blades using numerical models. The proposed
technique has the potential for detecting ice masses on large wind turbines operating in
cold climate as it requires only first few natural frequencies of the blade. These natural
frequencies are usually excited by the turbulent wind in operation/standstill conditions
and they can be estimated from the vibration measurements of the blade.
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Chapter 1

Introduction

1.1 Background

Wind turbine installations in the northeastern and the mid-Atlantic US, Canada, and
Northern Europe are increasing due to good wind resources and land availability. These
places have sub-zero temperatures with humid weather conditions in the winters that
lead to atmospheric icing of structures. The weather conditions where wind turbines are
exposed to either atmospheric icing or low temperatures outside the design limits of the
wind turbines are referred to as cold climate [1]. The global wind energy installations in
cold climate regions reached a capacity of 127 GW at the end of 2015 and the forecast is
that it would reach a capacity of 186 GW by the end of 2020 [2]. This indicates that the
stimulus for further development of wind power projects and technology in cold climate
areas is strong. In the cold climate regions, available wind power is approximately
10% higher than in other regions due to increased air density at lower temperatures
[3]. Wind turbine components exposed to the lower temperatures undergo changes in
their material properties and geometrical dimensions which degrades its performance
and causes damages. Humidity along with lower temperatures increases the risks of
ice accumulation on wind turbine components. Icing and low ambient temperatures
pose special challenges for wind energy projects. The icing of wind turbine rotor blades
reduces energy yield, increases vibrations, noise and safety risk due to potential ice
throw. Appropriate materials need to be considered in the design of wind turbines
operating in low temperatures. Turbine manufacturers developed technical solutions
for low-temperature operation of their standard turbines to meet the demand for cold
climate installations. The literature related to wind turbine icing is discussed in the
following section.

1.2 Literature

Wind turbines installed in cold climates are prone to ice accumulation in the winters
that often leads to a disruption in their power production. Ice accumulates on the wind

1



Chapter 1. Introduction

turbine components when the moisture content of the air comes in contact with their
cold surface. Two types of atmospheric icing occur on wind turbines: precipitation
and in-cloud icing. Precipitation icing results from the freezing of rain or snow upon
contact with a surface, while in-cloud icing results from the deposition of cloud droplets
and water vapor onto a surface. In-cloud icing occurs if the height of the cloud base
is less than the site’s elevation and at the same time temperature is below 0◦C. This
type of icing is highly possible with the current multi-megawatt sized turbines as their
tip heights almost reach 200 m [1]. Precipitation icing can cause much higher ice
accumulation rates than in-cloud icing and thus possibly result in greater damage [4].
The form of icing is further classified as rime, glaze ice and wet snow. The supercooled
liquid droplets in the air freeze immediately upon hitting a cold surface and forms rime
ice. Depending on the size of these droplets, soft and hard rime ice are formed. It
accretes only on the windward side of the blade’s aerofoil section at temperatures up
to -20◦C. Glaze ice is formed either by the freezing rain or wet in-cloud icing. This ice
forms a smooth and transparent layer on the surface and it is hard to remove this type
of ice due to its strong adhesion onto the surface. The water droplets in the air do not
freeze immediately after hitting the surface, instead they flow around the surface and
freeze on the leeward side of the aerofoil sections. This ice forms when the temperatures
are close to 0◦C. Wet snow generally adheres to the surface at temperatures between 0
and 3◦C.

The icing severity varies with the geographical location of the site and depends
on the atmospheric conditions at the site that favors ice accretion. Wind energy sites
are classified based on the duration of icing events as given in Table 1 which gives a
first indication of the severity of icing and its consequences at a given site [5]. The
planning of a wind farm at cold climate site needs a proper evaluation in terms of the
possible icing conditions and estimated losses due to that. This can be assessed through
meteorological modelling of the site location and wind measurements at the site. Icing
maps of many countries are created in several studies [6] and used to compare icing
severity, duration or losses incurred due to icing at several sites during the planning
phase of a project. These icing maps are generated based on the temperature and
humidity parameters from Weather Research and Forecasting (WRF) simulations or
meteorological measurements combined with an icing model. Further details about the
available references on this topic can be found in [7]. The design and commissioning of
wind turbines for cold climate sites need to consider several measures. Germanischer
Lloyd released recommended practices for these in 2016 [8] and defined minimum
requirements for a safe, reliable and durable operation of wind turbines in extreme
temperatures. They defined guidelines for the consideration of low temperature and
ice formation in the loads calculation for turbine components and support structure,
and measures needed for turbine operation in the cold climate (like heating of turbine
components, wind measurement sensors) etc. Turbine manufacturers offer special
packages for cold weather sites that generally include [9]:

• special alloys for the driveshafts, tower, hub and mainframes
• heated anemometry
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1.2. Literature

Table 1: IEA Ice classification [5]

IEA ice class
Meteorological icing ∗ Instrumental icing ∗∗ Production loss

% of year % of year % of annual production
5 >10 >20 >20
4 5-10 10-30 10-25
3 3-5 6-15 3-12
2 0.5-3 1-9 0.5-5
1 0-0.5 <1.5 0-0.5

∗ The period during which the meteorological conditions for ice accretion are favorable
∗∗ The period during which the ice remains at a structure and/or an instrument or a wind turbine is
disturbed by ice

• low-temperature lubricants
• ice detectors
• heated components (nacelle, yaw drive and pitch motors, gearbox, controller

cabinets etc.)

1.2.1 Ice accretion models and experiments

Ice accumulation on the wind turbine blades depends on its operating conditions
(ambient temperature, moisture content of the air, turbine speed, wind speed and the
span of icing event) and geometric parameters (radial location, thickness and chord
length of the aerofoils). These operating conditions vary stochastically in space and
time, so they are different for turbines even within the same site. Therefore, the shape,
size and location of the ice accumulation along the blade will be different. This fact is
also complemented by different ice fragments collected around a wind farm in [10].
Simulation tools like LEWICE, TURBICE, FENSAP-ICE etc. predict atmospheric icing
on the blades using Multi-physics analysis involving heat transfer and Computational
fluid dynamics (CFD) approach. A short review of the available simulation tools can
be found in [7]. These tools require wind speed, ambient temperature, liquid water
content (LWC), median volume diameter (MVD) or droplet size and duration of the icing
event as an input for prediction. Several researchers predicted the ice shapes for specific
values of these input parameters and validated with the cold wind tunnel experiments.
These ice shapes are used to evaluate their aerodynamic performance and to estimate
production losses and loads. These state-of-the-art fluid-structure interaction simulation
tools are an alternative for expensive icing wind tunnels or field experiments.

The aerodynamic coefficients of aerofoils with artificial ice profiles were measured in
a wind tunnel [11] and also a method proposed to transfer this information for aerofoils
used on wind turbines. Homola [12] determined the effects of turbine size, droplet
size, radial location of the blade and temperature on the icing using TURBICE tool. The
author found out that the ice shapes were dissimilar for different sized turbines and
horn-shaped glaze ice resulted in greater penalties in the power performance. Hudecz
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Chapter 1. Introduction

et al. [13] simulated ice accretion on a NACA-64618 aerofoil using 2D ice accretion
code TURBICE and compared with the ice shapes produced in a climatic wind tunnel.
They produced glaze, rime and mixed ice by controlling the conditions in the climatic
wind tunnel. Lamraoui et al. [14] investigated which of the following parameters are
critical for power production loss: freezing fraction, liquid water content, temperature
and critical part of the blade length that control the ice accretion and type of ice. They
identified icing in outer 20% of the blade and a freezing fraction of 0.88 as critical for
power production loss due to the associated highest degradation of aerodynamics in
this region. Etemaddar et al. [15] investigated the influence of eight atmospheric and
system parameters on ice accretion using LEWICE tool considering 24 hours of icing
event with time-varying wind speed and icing conditions. They observed that the ice
mass increases with the increase in LWC, MVD and wind speed, whereas it decreases
with blade thickness. The shape of the ice is mainly dependant on the temperature and
the angle of attack. Pedersen and Sorensen [16] presented a concept using the CFD to
model ice accretion by a Eulerian multi-phase model and analyzed their aerodynamic
performance. They demonstrated their approach on a NACA-64618 aerofoil under rime
ice accretion conditions lasting for 20 min. Ice accretion on the aerofoil’s leading edge
increased with an increase in wind speed [17]. In addition, the droplet impingement
point affects both the ice formation shape and its extent for different attack angles. They
observed a larger ice mass accumulation at the blade tip aerofoil, which experienced the
highest relative wind speed. Simulations performed by Hu et al. [18] predict a linearly
increasing ice mass distribution from the blade root to blade tip. The blade icing will
be severe for higher wind speed, low pitch angle, higher LWC, larger MVD for water
droplets and lower temperature.

Similar to these, more simplified and less accurate models defined using empirical
formulas for estimating ice accretion are useful for creating icing maps and making
forecasts. The Makkonen model is most commonly used and referred in the ISO 12494
standard [19]. It is based on three ratios: collision efficiency, sticking efficiency and
accretion efficiency. These models are often coupled with numerical weather prediction
(NWP) models to provide a risk estimate under different meteorological conditions [7].

1.2.2 Influence of icing on turbine behavior

The following problems are directly related to icing and cold climate: measurement
errors, aerodynamic performance degradation, power losses, structural issues, noise
issues and safety hazards.

• Measurement errors: Wind turbine operation is controlled by the real-time
measurement sensors for wind speed, direction, temperature and vibrations etc.
Icing conditions challenge the successful operation of these sensors which could
lead to wrong pitch and yaw control of the turbine. These sensor systems are
generally heated to serve their purpose for cold climate sites.

• Turbine performance degradation: Aerofoil shapes of the turbine blade are al-
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1.2. Literature

tered due to icing which affects their aerodynamic behavior. Typical lift curve
variations with different leading-edge ice accumulations [20] are shown in Figure
1(a). Icing decreases the aerodynamic lift forces of the aerofoils while simultane-
ously increasing the drag forces [7, 13, 17, 20, 21]. As a result, power production
from wind turbines is reduced and a typical power curve with icing [22] is shown
in Figure 1(b). Icing losses range from 3.5-15% of annual energy production (AEP)
[23]. Ten wind farms located in five areas across Sweden were studied in [24] and
estimated annual production losses due to icing are shown in Figure 1(c). They
used reanalysis wind data instead of onsite measurements which introduced a
large error in their methodology. Due to this (oversight), they estimated a negative
production loss in some wind farms. Otherwise, their method captures the trend
of higher losses in the north part of Sweden in comparison to the southern areas.
Higher cut-in wind speed is needed to produce power from wind turbines with
icing. Lehtomäki et al. [25] developed a standardized method to calculate power
losses of a wind turbine due to icing using the standard SCADA data. The turbine
pitch angle is more sensitive to the blade icing than the rotor speed and iced
rotors speed decrease with increasing thickness of the ice [26]. Zanon et al. [27]
identified a decrease in the rotational speed during the icing event resulted in an
improvement of up to 6% when the full operation is restored with respect to the
baseline control strategy.

• Structural issues & loads: Ice accumulation on the blades is not uniform and
its distribution changes under different stages of icing and ice shedding during
operation (shown in Figure 2(a)) [20]. Ice accumulation on the blades reduces its
natural frequencies and these can be extracted from the vibration measurements
of the blades. Alsabagh et al. [28] investigated the influence of ice mass on
the blade’s natural frequencies. A typical trend of the variations in these natural
frequencies with the ice growth [29] is shown in Figure 2(b). Icing causes mass
and aerodynamic imbalances in the rotating blades which increases loading in
the mechanical components like towers, bearings, gearboxes, etc. reduces their
lifespan and increases the risks of failure. Icing also causes an increase in nacelle
vibration accelerations [30]. Nacelle lateral movement is caused by both mass and
aerodynamic imbalances whereas nacelle downward movement is caused only by
the aerodynamic imbalance. Increased vibrations also reduce the fatigue life of
the tower and other structural components. Aerodynamic property changes in the
aerofoil due to icing contribute more to the fatigue life than the ice mass changes
[31]. Low-temperature effects on oil viscosity and dimensional changes in the
components can also lead to failures in the mechanical components like bearings,
gearboxes etc.

Mayr et al. [32] identified that damage equivalent loads (calculated for fatigue
life predictions) of the turbine do not change with symmetrical ice mass distri-
bution, whereas they increase with the mass imbalance created in the rotor due
to asymmetrical ice mass distribution on the blades. So, load cases considering
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Chapter 1. Introduction

(a) Variation in lift curves with
icing [20]

(b) Typical power curve of a turbine’s summer vs. winter production
[22]

(c) A case study on production losses of ten wind farms in
Sweden [24]

Figure 1: Icing effects on aerodynamics and turbine power output
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1.2. Literature

(a) Ice accretion under different stages of
icing [20]

(b) Influence of icing on natural frequencies of the blade
[29]

Figure 2: Ice accretion and its influence on the blade’s natural frequencies

“ice formation on all rotor blades" and “ice formation on all blades except one"
needs to be investigated considering mass distribution on the leading edge [33].
Effects of icing on turbine behavior are different for below and above rated wind
speed [15]. The rotor power and thrust loads of iced turbine are lower than
that of the clean rotor at below rated wind speeds. The rated power is shifted to
higher wind speed and above rated rotor speed the thrust of the iced rotor is much
larger than the clean rotor. Simulations in [18] showed a decrease in blade root
edgewise and flapwise moments due to icing. Whereas the tower’s base fore-aft
moments are decreased for symmetrical icing and side-to-side moments increased
for asymmetrical icing of the blades. It is also possible to reduce the thrust in the
case of blade icing in above rated wind speed by modifying the pitch actuator
controller [15]. A method was also proposed in [34] to estimate ice accumulation
and resulting changes in the fatigue loads from the standard measurement data
prior to turbine installation. Their fatigue load calculations showed no change for
symmetrical icing of the blades, whereas asymmetrical icing of the blades increase
the hub and tower’s top forces as well as its base bending moment.

Rissanen et al. [21] observed that the side-to-side loads and vibrations were
predominant due to the imbalance in ice mass and low aerodynamic damping.
They stated that the net effect of icing on a tower or a blade’s root lifetime is small
due to the following reasons:

– Ice on the blades decreases aerofoil lift and increases drag which results in
decreased power production and rotation speed, as a result, turbine lifetime
increases

– In an extreme case, the turbine cannot rotate at all with ice on the blades
and so fatigue loads are very low compared to even rotating ice-free turbine
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Chapter 1. Introduction

• Ice throw & Safety: More ice accumulates near the blade tip and if ice detaches
from this location of the blade, it will travel with high initial velocity for farther
distances depending on the rotor azimuth, rotor speed, the local radius and wind
speed. Ice thrown from wind turbines could reach a distance proportional to
the rotor diameter and it could pose a large risk for the habitants near wind
farm. Reasons for ice shedding include: increase in ambient temperatures, wind
speeds and solar radiation as well as the gravitational and mechanical forces of
the rotating blades. The bending of blades (from loaded to unloaded positions)
after a restart allows the ice to separate and hence results in ice shedding [35].
Ice thrown from one blade can also damage other blades of the turbine or nearby
turbines. The risks associated with the ice throw results in turbine shutdowns
amongst wind farm operators, who in turn incur large production losses. More
information on this topic can be found in [10, 35]. Ice fragments thrown out of the
turbine were collected in [36] to create a mapping of possible ice throw. The areas
in the vicinity of the tower and right underneath the blades are dangerous for
ice-fall when the blade heating process is initiated [36]. Risks associated with ice
shedding and ice throw around wind turbines and suggested actions to mitigate
these risks are discussed in [37]. They are

– Turbine siting: A risk assessment need to be carried out by professional
consultants to determine safe distance from turbine which has the least
probability of ice throw risk or follows the below guideline derived from the
WECO project [20]
Safe distance = 1.5*(hub height + rotor diameter)

– Use physical and visual warnings at the site
– Shutdown the turbine whenever ice is detected from any of the following in-

dicators: visual inspection, ice sensor warning, rotor imbalance, anemometer
icing

– Restricting personnel access while ice is present on the turbine

• Noise issues: Wind turbine blades produce noise due to the interaction of the
turbulent boundary layer and the trailing edge (TE) of the aerofoil, periodic vortex
shedding and flow separation in the stall [38, 39]. Ice accretion on wind turbines
(rotor blades) lead to higher noise emission levels [40, 41]. Higher levels of noise
may be caused by very small amounts of ice accretion [39]. This noise is one of
the barriers which leads to shutdowns in the view of the health of the public living
around the wind farms.

1.2.3 Ice detection

The reliable ice detection is an essential requirement for the safe operation of wind
turbines in cold climates. Ice detectors are used for turbine and ice protection systems
control purposes. These ice detectors are either placed on nacelles or blades. For a safe
and optimized performance of wind turbines, ice needs to be detected at the earliest
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1.2. Literature

possibility. These detectors are also used for detecting ice-free condition of the blades
so that turbine operation can be resumed. The efficiency and effectiveness of the ice
removal systems (discussed in the next section) depends on the accuracy and early
detection capability of these systems. The icing of structures is generally expressed in
the following terminology [7]:

• Meteorological icing: Period during which atmospheric conditions favor ice accre-
tion
• Instrumental icing: Period during which ice is present on the structure or measur-

ing instruments
• Rotor icing: Duration of ice presence on wind turbine blades. It is not equivalent

to instrumental icing due to the differences in size, shape, flow velocity and
vibrations. Rotor icing is different for turbines at standstill and in operation
• Incubation: Time difference between the start of meteorological icing and start of

instrumental icing
• Accretion: Period of ice growth
• Persistence: Period of ice remains persistent (no growth, no ablation)
• Ablation: Period during which ice detaches from the blades due to melting, erosion,

sublimation and shedding

Different ice detectors are available in the market which can detect above icing
types exclusively. For example, rotor icing can be detected by power curve analysis
and webcam images of the blades. Ice detectors can be broadly classified into nacelle
or mast based systems and rotor based systems. Nacelle based systems detect icing
using two approaches [42]: indirect and direct approach. In the indirect approach,
weather conditions such as temperature, humidity etc. are measured to predict icing
events. In the direct approach, the sensors measure properties such as mass, capacitance,
conductivity, inductance, impedance, ultrasonic, infrared, load-cell, resonances etc. of
the instruments used in the detectors which change due to icing. The nacelle based
systems detect icing conditions only at the nacelle’s position. They are not representative
of real icing conditions since they cannot detect in-cloud icing with the cloud heights
being well over the nacelle’s elevation. Rotor based systems detects the presence of
icing on the blades themselves and thus more appropriate in this regard. These systems
are either based on the rotor power or the sensors installed on the blades. A detailed
review of ice detection systems and further information can be found in [7, 42, 43].

Different ice detectors installed on a turbine and a meteorological weather station
in the close proximity were tested and their effectiveness compared with the turbine
power production in [36]. A webcam installed on the nacelle also used to monitor blade
icing in that study. Seifert [38] used digital camera images and noise measurements to
detect icing of the blades. Homola [12] analyzed the power loss of turbines in a wind
park due to icing using the information of ice sensors and web cameras. Tsiapoki et al.
[44] applied a three-tier structural health monitoring framework on the experimental
data of a 34 m wind turbine blade for detecting damages and ice. They employed
vibration-based damage features in decision making. They identified significant changes
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Chapter 1. Introduction

in the modal properties of the blade due to added masses in the experiment than that
in the additional features from structural dynamics derived in the study. Stotsky and
Egardt [45] proposed a sensor-less technique using generator speed-measurements for
detecting icing and ice-shedding events. A least-square estimate of the lumped inertia
of the turbine and generator is expressed in terms of the actual generator speed and a
model defined using one-mass lumped model of the drive train. Any deviations in the
estimated inertia of the turbine over time used to identify icing and ice-shedding events.
Davis et al. [46] identified icing events in a wind park by deviations from idealized
power curve and measured temperatures. They developed a model to approximate the
ice mass accumulated on a wind turbine under in-cloud icing conditions. Below rated
wind speed, power and shaft speed consistency can be used for ice detection, whereas
above the rated wind speed, thrust is a more reliable signal for ice detection [15].
Skrimpas et al. [30] used nacelle vibrations along with the power performance analysis
to consistently detect blade icing. Shoja et al. [47] proposed to use guided waves for
detecting ice along the blades and they validated their approach using experiments in a
cold climate laboratory. Their method works on the reflections of the acoustic waves at
the locations where ice is present. Hugues-Salas et al. [48] proposed an ice detection
method using the typical sensors available to a turbine controller. They also identified
an optimum controller using the measured rotor, generator and wind speeds and they
showed its effectiveness on the operational data of 3 projects.

Colone et al. [49] proposed a method to detect ice mass based on the natural
frequencies of the blade which are identified from the operational modal analysis. They
validated their method experimentally on a full-scale wind turbine blade in a test set-up
by imitating ice mass with sandbags. Shu et al. [26] used three HD cameras installed
at different heights on the tower to monitor icing of the blades. Hansen et al. [50]
investigated the effectiveness of a modal driven damage detection, localization and
quantification technique for ice detection on a wind turbine blade using experiments
on a fixed test rig. Their technique is based on the sensitivities of modeshapes and
frequencies due to the local changes in the mass of the blade due to icing. These
sensitivities are calculated using the FEM model of the blade. They used sandbags on
a 50 m long wind turbine blade in the tests to mimic ice mass. The effectiveness of a
vibration-based automatic ice detection technique at several sites in Sweden is discussed
in [51]. They identified different icing conditions on turbines in a wind park using the
ice indicators of the IDD.Blade, in such cases, single ice detection systems on one turbine
or atmospheric monitoring systems are not representative for all other turbines. Jolin
et al. [52] investigated the correlation between ice accretion on the nacelle mounted
sensor and ice mass estimated using the blade mounted sensor. They estimated ice mass
accumulated on a cylinder placed on the nacelle using webcam images and compared
with the ice mass estimated on the blades from the fos4X ice detector. Ice accretion on
an operating wind turbine with a blade length of 40 m was found to be 0.5-10 times
faster on the blade than on the nacelle.
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1.2.4 Ice protection systems (IPS)

Ice protection systems for wind turbines are useful in mitigating ice build-up and their
subsequent removal to minimize losses and safety risks associated with the ice-fall. They
are broadly classified into two types: passive and active systems. Passive systems use
blade coatings to passively resist ice adhesion strength onto the blade surface. Other
passive systems use black paint on the blades (heats the blade during daylight) and
turbine shutdown to prevent ice accumulation. Active systems are further classified into
anti and de-icing systems. Anti-icing systems prevent ice formation on blades while the
turbine is in operation. Whereas the de-icing systems remove ice formed on the blades
after turbine shutdown using external heat. These additional systems based on external
heat sources or electrical heating increase the cost of wind turbines and require external
power for their functioning. IPS consume less than 1% annual energy production (AEP)
[7]. Power consumption for heating can range from 200 to 300 kW per turbine for
temperatures below -20 degree C. In exceptional cases, manual de-icing using ropes and
hot liquid spray from helicopter or drones used for de-icing the blades. Most of these
ice protection systems are initiated or controlled using power curve based ice detection
techniques or dedicated ice detectors placed on the nacelle or blade or a combination of
these. A short review of these ice protection systems of different OEMs can be found in
[53].

Some simulation models are used to identify the location of ice accretion on an
aerofoil and heat required to prevent such ice from forming on the aerofoil by enabling
blade heating or other ice removal design solutions [7]. Electro-thermal anti/de-icing
systems have been developed to eliminate ice accretion on wind turbine blades. Shu
et al. [54] identified ambient temperature and wind speed are the two main drivers
in determining threshold de-icing heat flux of these systems. The duration and power
supplied to the systems used for ice removal need to be optimized for faster restoration
of the turbine at a minimum cost. Shu et al. [55] investigated dynamic de-icing process
on a wind turbine blade to find the actuation duration needed for de-icing.

During operation, for pitch controlled turbines at idling and standstill, it is sufficient
to heat the area around the stagnation point of the aerofoil alone [38]. In practice,
heating elements are mounted at the blade’s leading edge. Karlsson [56] carried out
a benchmark analysis on wind turbine ice protection systems (IPS) of different OEM
installed at 4 sites in Nordics and Central EU to evaluate the amount of production
recovered by IPS. Two sites out of the 4 showed a gain of production above 40% due
to IPS and the other two sites experienced light icing conditions during the evaluation
period, so IPS are not turned on.

1.3 Wind power in Sweden

Wind energy’s share in the energy production of Sweden steadily increasing over the
years and by the end of 2017 wind turbines produced a power equivalent to 11% of
the total power production [57]. The installed capacity of wind turbines in the four
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electricity areas within Sweden is shown in Figure 3(a). Most of the wind turbines are
installed in the densely populated southern Sweden, which comprises 41% of Sweden’s
total area, whereas few wind turbines are installed in the Northern Sweden where
approximately 12% of total Sweden’s population lives [58]. Due to the space constraint
in southern Sweden, new wind farms are planned in northern Sweden, which has
abundant land and good wind resources. The Swedish Wind Energy Association’s
(SWEA) forecast on wind turbine installations [59] is shown in Figure 3(b), it is clear
that future installations will take place in northern Sweden. The information on in-cloud
icing severities and the locations of wind turbines across Sweden are shown in Figure
4. Severe icing conditions exist in the northern Sweden area than that in southern
Sweden. So, wind turbines installed in northern Sweden are exposed to the risks of ice
accumulation on wind turbine components and more than 70% of wind turbines here
are operating under cold climate conditions [60]. To remove ice on the wind turbines
installed in the cold climate regions, the manufactures are using hot-air based systems
or carbon heating mats installed on the blades to remove icing. Most of these systems
are tested on wind farms in Sweden [53] as these have the ideal icing conditions for
longer duration in the year. The Swedish Energy Agency is supporting the research
programs for investigating wind power development in the cold climate. The current
thesis work is carried out as a part of the project on “Wind power in cold climates"
funded by the Swedish Energy Agency.
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1.3. Wind power in Sweden

Figure 3: (a) Wind power in Sweden, Swedish Energy Agency statistics [57], (b) SWEA
Statistics & Forecast for the year end of 2022 [59]
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Figure 4: (a) Icing atlas [61], (b) Geographical distribution of wind turbines in Sweden [62]

1.4 Research objectives and approaches

The literature related to the studies of wind turbine icing and their influences on
the turbine dynamic behavior is reviewed in the earlier sections. Many researchers
considered icing in a few sections of the blade, mostly in the outer part of the blade.
Icing changes structural and aerodynamic properties of the blade. The knowledge
about the influence of these changes at different locations on the blade and asymmetric
distribution on the blades and their influence on turbine dynamic behavior is still not
matured. To improve the knowledge on these, many simulations considering structural,
aerodynamic and control behavior of the turbine needs to be carried out. The first
objective of the current thesis is formulated to propose a methodology to simulate the
dynamic behavior of wind turbine with iced blades consisting of the following steps:

• Derive a simple approach to parameterize ice shapes (either simulated or physical)
and scale it to add the desired quantity of ice mass on any aerofoil
• Automate 2-D computational fluid dynamic (CFD) analysis of iced aerofoil sections

to estimate the aerodynamic behavior over a range of angle of attack
• Analyze the aeroelastic behavior of the wind turbine with iced blades considering

structural and aerodynamic property changes due to icing

The ice accumulation on wind turbine blades changes its natural frequencies and
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few systems available in the market are monitoring these frequencies to detect icing.
These systems indicate the state of icing as ice-free, non-critical or critical. They cannot
identify the location and quantity of ice mass. This information if available can be useful
to estimate the loads and the fatigue life of components, optimize the heat required for
anti and de-icing of the blades, initiate and monitor de-icing process remotely etc. This
has motivated the author to conduct research to determine the location and quantity
of ice mass accumulated on wind turbine blades using natural frequencies and it is
considered as a second objective for the current thesis.

The current thesis focuses on the following two objectives:

1. Propose a methodology to simulate the dynamic behavior of the wind turbine with
iced blades

2. Propose a technique to identify the location and quantity of ice mass accumulated
on wind turbine blades based on its natural frequencies

1.5 Structure of the thesis

The current thesis is divided into two parts. Part I gives an overview of the motiva-
tion and background of the work, theory, a short summary of the results along with
discussions and conclusions.

Chapter 1 gives background, discusses literature related to the topic and presents
objectives of the thesis.

Chapter 2 explains the aeroelastic changes in the blades due to icing and how they
are considered in the simulations carried out for the thesis.

Chapter 3 presents the details of the experimental set-ups used in the thesis and
discusses the theory of modal analyses carried out to identify the natural frequencies of
the structures used in the experiments.

Chapter 4 gives a summary of the main results of the thesis subsequently followed
by a brief discussion.

Chapter 5 consists conclusions of the thesis and Chapter 6 discusses future directions
on this topic.

Part II consists of the five research articles published in the peer-reviewed interna-
tional conferences and journals.
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Chapter 2

Aeroelastic changes in the wind
turbine blades due to icing

2.1 Introduction

Wind turbines consist of stationary and rotating substructures which are coupled and
interact with each other. Wind turbine components are large in size and manufactured in
different materials. Major subsystems of the wind turbine structures are: tower, blades,
hub, nacelle and drive train. The aerodynamic forces generated by the wind blowing
over aerofoil sections of the blade drive the turbine rotor. Wind velocity increases with
height, so more energy can be produced if blades are mounted at higher level above
the ground. Wind turbine blades are mounted on a tubular tower made of steel or a
concrete structure or sometimes a combination of both. The tower is a tall structure
which should withstand wind loads, support weights of the nacelle, blades and loads
from other subsystems. The hub is a joint that connects turbine blades to the rotating
shaft and transfers energy to the generator. The nacelle is a stationary part which
encloses generator and other systems. Drive train consists of a gearbox connecting low-
speed hub shaft and high-speed generator shaft supported on bearings. Wind turbine
operation is controlled by the control system to optimize power output below rated wind
speeds and limit loads acting on the turbine at above rated wind speeds. In order to
perform dynamic analysis of the wind turbines, detailed structural model needed along
with loads predicted from the aerodynamic analysis of the blades and control behavior.
Dynamic changes in the wind and rotational effects force flexible blades to vibrate.
Rotation and vibrations of the blades change the effective wind speed that influences
generated aerodynamic loads. Thus the structural and aerodynamic analyses of the
wind turbine are coupled to each other, dynamic behavior of the wind turbine structures
can be accurately predicted considering this coupling. Icing changes structural and
aerodynamic properties of the blades, as a result, turbine dynamic behavior changes.
This chapter outlines these changes and the procedure to account these in the aeroelastic
simulations is explained briefly.
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Chapter 2. Aeroelastic changes in the wind turbine blades due to icing

Table 2: Comparison of icing simulation parameters used in [63, 64].

Parameter Run 308 in [63] Simulation 6 in [64]

Aerofoil NACA 0012 NACA 63415
Chord (m) 0.55 0.2

Angle of attack (◦) 4.0 9.0
LWC (g/m3) 1.0 0.48
MVD (µm) 20.0 27.6
Vrel (m/s) 102.8 55.0

Reynolds number 4.14 × 106 7.33 × 105

Temperature (◦C) −11.11 −5.7
Time (min) 3.85 19.6

2.2 Ice shapes and ice mass distribution

A detailed review of possible ways to estimate the changes in the aerofoil shapes
due to atmospheric icing is discussed in the last chapter. Ice shapes on real turbines
can have a random shape due to the nature of randomness in the atmospheric and
operating conditions that lead to icing. The shape of accumulated ice depends on several
parameters (refer Table 2), two ice shapes predicted in the literature using simulations
are shown in Figure 5. The ice shape obtained in these studies can be very different if
any parameter given in Table 2 is changed.

It is possible to simulate ice shapes on an aerofoil using the tools like LEWICE,
TURBICE, FENSAP-ICE, but even to use such tools, parameters described in Table 2
needs to be known corresponding to the wind turbine site. Most of these parameters
vary stochastically. An alternative approach is proposed in this thesis, where some ice
shapes from simulations/experiments in the literature approximately replicated using a
parametric model described in Paper E in Part II of the thesis. In order to understand the
influence of icing on wind turbine aeroelastic behavior, multiple simulations need to be
run by varying location, quantity and shape of the ice profiles. The proposed parametric
model offers the flexibility to create and scale ice shapes by changing parameters in
the model. Ice was accreted on the windward side of the aerofoil’s leading edge in the
form of a wedge shape in Figure 5 (a)&(b), simplification of such ice shape using the
proposed parametric model on a NACA 64618 aerofoil is shown in Figure 5 (c).

Ice accumulation on the wind turbine blades is not same across blade length. Blade
accumulates more ice away from the blade root as it sweeps through a larger area
in rotation and collects more ice. Also, the relative velocity of the wind is higher in
the outer part of the blade. Three different guidelines are available in literature for
the ice mass calculation: ISO 12494:2001 [19], Germanischer Lloyd (GL) [33] and
VTT [21] formulas. Rissanen et al. [21] used these three formulas to calculate the ice
mass distribution on a 2.05 MW wind turbine blade as shown in Figure 6(a). These
guidelines calculate maximum ice mass accumulation possible on the blades based on
its dimensions and the span of icing events. The formula proposed in ISO 12494:2001
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Figure 5: Ice shapes on the aerofoil sections (a) simulated in [63], (b) simulated in [64],
(c) curve fitted in this work

estimates ice mass based on the duration of icing event, chord length of the aerofoils
and wind speed. This guideline estimates higher ice mass for longer icing events and
also blade root accumulates more ice mass due to its larger width. Wind turbine’s
loads and vibrations are influenced by blade icing. GL [33] proposed a guideline to
certify wind turbines for cold-climate operation. This guideline estimates maximum
ice mass distribution possible on the blade that can be used to calculate turbine loads
under different load cycles. Turbines accumulate ice mass lower than this limit, but it
is used for the certification of turbines under cold-climate operation. In reality, outer
length of the blade i.e., near the tip accumulate more ice mass as this part of the blade
sweeps more area in rotation and also the relative velocity of the wind is higher at these
locations. This type of ice mass distribution is modelled by the GL guideline and it
defines a linearly increasing mass distribution starting from zero at the blade root till a
value of µE at half-length of the blade. Thereafter, it is constant towards the blade tip as
shown in Figure 6(a). The formula for calculating the value of µE is as follows [33]:

µE = ρEkcmin (cmin + cmax) (1)

where ρE is the ice mass density (700 kg/m3); k = 0.00675 + 0.3e
−0.32 R

R1 , R is the rotor
radius expressed in m, R1 = 1 m; cmax, cmin are the maximum and minimum chord
lengths of the blade expressed in m.

In the current thesis, ice shapes on different aerofoils used in the blades are created
using the parametric model described in Paper E and scaled according to a specific ice
mass distribution guideline (refer to Paper B & E).

19



Chapter 2. Aeroelastic changes in the wind turbine blades due to icing

0 0.2 0.4 0.6 0.8 1

Rotor r/R [-]

0

2

4

6

8

10

12

14

16

18

20

Ic
e

 m
a

s
s
 d

e
n

s
it
y
 [

k
g

/m
]

  50% GL ice mass (300 kg)

  GL ice mass (600 kg)

  ISO 12494 (300 kg)

  Linear (300 kg)

(a)

0 10 20 30 40 50 60

Radius (m)

0

200

400

600

800

B
la

d
e

 m
a

s
s
 d

e
n

s
it
y
 (

k
g

/m
)

Without ice

With ice (GL)

(b)

Figure 6: (a) Ice mass distributions according to three different guidelines on a 2 MW wind
turbine blade [21], (b) NREL 5 MW wind turbine blade mass with ice mass distribution
defined by GL guideline
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2.3 Wind turbine blade structural modelling

Wind turbine blades are long and slender structures fabricated using composite materials.
These blades are hollow structures with the outer geometry formed by two shells (suction
and pressure side) and supported by shear webs to sustain the loads acting on the blade.
These are increasingly becoming flexible with the increase in rotor diameter. The blade
cross-sections are twisted and tapered along the length to optimize the aerodynamic
loads acting on the blade. As the length of the blades is relatively larger than the
cross-section dimensions, they are widely modelled using beam theories. The stiffness
properties of the blade’s cross-sections can be derived using analytical or finite element
approaches [65]. These properties are used to derive finite element structural matrices
and refer [66] for more details on this topic. The axial, lateral and torsional vibrations
of the blades are coupled due to the twisting of cross-sections, aerodynamic force
coupling and anisotropic composite material couplings. Due to the large deformations
and rotations of the cross-sections of the blades, their behavior is non-linear and the
tools like BeamDyn [67] used in the FAST (aeroelastic computer-aided engineering tool)
model such behavior.

A linear finite element model of the wind turbine blade is derived in the Paper B in
Part II using the coupled partial differential equations governing axial, bending (flapwise
and edgewise) and torsional vibrations (refer Figure 7). This model is used to calculate
natural frequencies of the blade. The mass properties of the blade changes due to ice
accumulation and in the current thesis, the ice mass is assumed as a point mass located
at the leading edge of the blade cross-section. The blade’s sectional properties such as
mass density, polar mass moment of inertia, and centre of mass are recalculated with
ice mass (e.g. refer Figure 6(b)). These modified properties are used in the generalized
sectional mass matrix (see Equation 3.9 in [67]) in the finite element model to calculate
natural frequencies of the iced blade.

Figure 7: Schematic diagram of the wind turbine blade with vibrations degrees of freedom
(DOF)
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Chapter 2. Aeroelastic changes in the wind turbine blades due to icing

2.4 Aerodynamics of wind turbine blades

Wind blowing over the aerofoil sections of the blade produces lift, drag and moment
loads as shown in Figure 8. These loads depend on the aerofoil shape and dimensions,
air density, wind velocity, the angle between the aerofoil chord and wind velocity.
These aerodynamic loads can be calculated by solving flow field around the aerofoil
using simple panel methods (e.g. QBlade [68], JAVAFOIL [69]) or more detailed CFD
simulations. These loads are expressed in terms of the non-dimensional coefficients
which depend on the angle of attack for a unit chord length of the given aerofoil shape.

L, D, M   lift, drag forces and moment

V
w    velocity of the wind 

    angle of attack

if    inflow angle 
M

V

Figure 8: Aerodynamic forces acting on an aerofoil

The aerofoil shapes of the blade are optimized for maximizing power output and
minimizing axial thrust over the operating wind speed range of the turbine. Atmospheric
icing modifies the shapes of these aerofoils (refer Figure 5) which changes their aerody-
namic behavior. The static aerodynamic forces of clean and iced aerofoils used in the
Paper B in this thesis are calculated using JAVAFOIL [69] whereas they are calculated
using CFD simulations in Paper E. The CFD simulations are carried out by Tabatabaei
[70] where the aerodynamic behavior of the aerofoil sections was simulated using an
automated 2-D CFD-RANS analysis system.

Wind turbine blades are made of several aerofoil shapes which are twisted and
tapered along the length to generate maximum power over a range of wind speeds.
Wind enters these aerofoil sections with a relative velocity which is a resultant of the
wind velocity and linear velocity (tangential) of that section (refer Figure 9(a)). The
vortex system of a wind turbine induces an axial velocity component opposite to the
direction of the wind and a tangential velocity component opposite to the rotation of
the rotor blades. The induced velocity in the axial direction is specified through the
axial induction factor a as aVw, where Vw is the undisturbed wind speed. The tangential
induced velocity in the rotor plane is approximately rΩa′, where a′ is the tangential
induction factor, Ω is the angular velocity of the rotor and r is the radial distance
of the aerofoil section from the rotational axis. The resultant velocities in the axial
and circumferential directions with these factors are shown in Figure 9. Aerodynamic
loads considering these factors can be predicted either using a simple blade element
momentum (BEM) theory [71] or a detailed CFD (Computational fluid dynamics) model.
Blade element momentum method couples momentum theory with the local events
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Vw    wind velocity

r     tangential velocity of the blade section

V
rel0

    relative velocity of the wind 

a, a'    axial and circumferential induction factors

    pitch angle + twist angle of the section 

0    angle of attack

if0
    inflow angle 

V1 , V2   blade vibration velocities

φ    blade torsional vibrations

V
rel 

   relative velocity of the wind 

α    angle of attack

θif    inflow angle 

(a)

(b)

Figure 9: Velocity triangle drawn at the blade aerofoil section (a) without and (b) with blade
vibrations

taking place at the radial sections of the blade. Blade element theory assumes that the
blade is divided into small elements that are independent of surrounding elements and
work aerodynamically as two-dimensional aerofoils whose aerodynamic forces can be
calculated based on the local flow conditions. These elemental forces are integrated
along the span of the blade to calculate the total forces and moments exerted on the
turbine. The other half of BEM, the momentum theory, assumes that the loss of pressure
or momentum in the rotor plane is caused by the work done by the airflow passing
through the rotor plane of the blade elements. Using the momentum theory, one can
calculate the induced velocities from the momentum lost in the flow in the axial and
tangential directions. These induced velocities affect the inflow in the rotor plane and
therefore also affect the forces calculated by the blade element theory. This coupling
of two theories ties together blade element momentum theory and sets up an iterative
process to determine the aerodynamic forces and also the induced velocities near the
rotor [72].

2.5 Aeroelastic coupling

Blade element momentum (BEM) theory is generally used for calculating aerodynamic
loads (shown in Figure 8) acting on the blade [71]. These loads change with the angle
of attack and relative velocity of the wind on the aerofoil section (see Figure 9(a)).
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Chapter 2. Aeroelastic changes in the wind turbine blades due to icing

Blade vibrates due to the loads generated by the rotational motion and aerodynamics.
The blade vibration velocities change the relative velocity of wind entering the blade
section and inflow angle as shown in Figure 9(b) (refer Paper B for the expressions
of V1, V2 in terms of the blade vibrations). The aerodynamic loads (lift, drag and
moments) additionally depend on the blade vibrations that couple structural and
aerodynamic behaviors of the blade. These loads are used to define the generalized
forces corresponding to blade vibrations. Aeroelastic partial differential equations
are derived after introducing generalized forces in the structural equations which are
discretized and analyzed using the finite element method (FEM). The derivation of
partial differential equations governing aeroelastic behavior of the wind turbine blade
vibrations is explained in detail in Paper B.

2.6 Wind turbine control

Wind turbine rotors produce maximum power at a specific tip speed ratio (ratio of
the tip speed and wind speed). Wind turbines generally operate at a range of wind
speeds. Energy extraction by the wind turbine can be enhanced by the varying the
rotational speed so that the optimum tip speed ratio is maintained over the operating
range of wind speeds. Due to this reason, the current large MW-scale wind turbines
operate with variable speeds. These variable speed wind turbines use a control system
with an objective to optimize power output and limit the turbine operation within the
designed speed limits. The operating range of wind speeds is divided into three regions:
1, 2 and 3 as shown in Figure 10. Wind speed in Region 1 is below the cut-in wind
speed of the turbine and turbines operate only if the wind speed is above the cut-in
wind speed. The Region 2 cover wind speeds between cut-in and rated wind speeds
and Region 3 cover speeds above rated wind speed but below cut-off wind speed. In
Region-2, the rotor speed is controlled by the generator torque to capture maximum
power by maintaining the optimum tip speed ratio. So, the rotor speed increases in
proportion to the increase in wind speed. The difference between the aerodynamic
torque and the applied generator torque controls the rotor speed. The rotor accelerates
if the generator torque is lower, in the other cases it decelerates. The generator torque
control is only active below rated wind speed where the pitch angle of blades is not
changed. In Region-3, the generator torque is kept constant while blades are pitched to
limit the power output to its rated power.
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cut-in Rated cut-off

Figure 10: Operating regions of a wind turbine for control
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Chapter 3

Experimental modal analysis
and added mass detection

3.1 Introduction

Wind turbine blade natural frequencies reduce with ice accumulation. Few ice detection
systems are available in the market that monitors these frequencies to detect icing on
the blades. These systems can only identify if ice is present on the blades or not and
cannot determine the quantity and the location of the icing. A method to estimate
such information is investigated in the current thesis. To validate the proposed method,
experiments are conducted on a cantilever beam and small scale wind turbine blade
set-ups. Added masses are placed at different locations on these beams and modal
analysis conducted in the respective cases to identify their natural frequencies. These
frequencies are used to identify the location and the quantity of the added masses.
Description of the experimental set-ups and instruments used for the modal analysis are
presented in this chapter. The theory of experimental and operational modal analysis
used for identifying natural frequencies are also described briefly.

3.2 Cantilever beam Experimental Modal Analysis

3.2.1 Experimental set-up

A steel cantilever beam as shown in Figure 11 is fabricated with the dimensions
0.45x0.02x0.005 m (length, width and thickness). An experimental modal analysis
is carried out using an impact hammer for exciting beam vibrations in the flap direction
and vibration accelerations measured using a single axis accelerometer. The details of
instruments used in the experimental modal analysis are given in Table 3.

27



Chapter 3. Experimental modal analysis and added mass detection

Figure 11: Cantilever beam experimental modal analysis set-up

Table 3: Modal analysis setup details.

Impact hammer Bruel & Kjaer Type 8206
Accelerometer Bruel & Kjaer Type 4507

Data acquisition card NI 9234
Modal analysis software DEWESoftTMFRF

3.2.2 Experimental modal analysis

The equations of motion governing vibration behavior of the cantilever beam after
discretization using the finite elements can be represented using the following equation:

[M ] {ẍ (t)}+ [D] {ẋ (t)}+ [K] {x (t)} = {f (t)} (2)

where M ,D,K represent mass, damping and stiffness properties of the structure;
ẍ(t),ẋ(t),x(t) represent time varying vibration accelerations, velocity and displacements
of the structure; f(t) represent time varying excitation to the structure.

A transfer function as expressed in the Equation 3 is calculated in this thesis using
time domain impact testing to identify resonance frequencies of the test structure. This
transfer function is called as accelerance Frequeny Response Function (FRF).

H(ω) =
Ẍ (ω)

F (ω)
(3)

where Ẍ(ω) and F (ω) are the Fourier transforms of measured vibration accelerations
and impact force at the frequency ω and H represents the FRF.

Vibration accelerations of the beam after a hammer impact are measured using
the data acquisition system. The data acquisition software calculates the accelerance
FRF, this function for the case without added mass on the cantilever beam is shown
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Figure 12: Accelerance FRF of the cantilever beam

in Figure 12. Three vibration modes can be identified from the FRF plot by picking
the peaks, but these frequency values are not precise and depend on the signal length
(number of data points) used in the FRF calculation. The FRF near resonance is mainly
dominated by that particular vibration mode. The Nyquist plot (real vs imaginary part)
of the receptance FRF traces a perfect circle (refer [73] for more details) when only
structural damping is present in the system. In such cases, the natural frequencies of
the modes can be accurately estimated by fitting a circle to the measured FRF. The
estimated natural frequencies of the three vibration modes for the current set-up (using
the circle fit method in the DEWESoftTMFRF [74]) are shown in Figure 13. The
measurement data used for natural frequency estimation in Figures 12&13 correspond
to same case (without any added mass on the cantilever beam). This approach is used
for estimating natural frequencies of the cantilever beam with different added masses at
different locations of the beam.
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Figure 13: Circle fit method application to the three resonances of the cantilever beam

3.2.3 Added mass detection

The cantilever beam shown in Figure 11 is modelled using finite element method (FEM)
and equations of motion governing its vibration behavior are derived. A modal analysis
is carried out on the experimental set-up to identify its natural frequencies. The finite
stiffness of the support at the fixed end is estimated using these natural frequencies in
a model updating method (refer Paper C in Part II of this thesis) and used in the FEM
model. The cantilever beam length is divided into three zones (refer Figure 14) where
different added masses are considered along these zones in the FEM model to create a
data set of the natural frequencies using eigen value analysis. A maximum of 10% of the
beam mass is considered as a possible added mass in each zone. The natural frequencies
of the beam change differently with the location and quantity of added mass in these
zones (refer to Table 4). The two possibilities of no added mass and mass m in each
zone in Figure 14 generated seven possible combinations of added masses in the three
zones. If n added mass values are considered (in the range of 0− 10% of the mass of
the beam) in each zone, then (n3 − 1) combinations of added masses are possible in
the three zones. A data set of the natural frequencies using the updated FEM model of
the beam with n = 7 is created i.e. 342 combinations of added masses are used in the
three zones. This data set is used to train an Artificial Neural Network (ANN) model in
MATLAB with natural frequencies as input variables and corresponding added masses
used in the eigen-value analysis as output variables. The ANN model fits a nonlinear
mapping function between these inputs and outputs. A procedure to fit the ANN model
in MATLAB is explained in detail in the Paper C&D in Part II of this thesis. This ANN
model can be used to estimate added masses for any given input of natural frequencies
of the beam (either calculated using FEM model or identified from experiments with
any arbitrary added masses along the beam).
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3.3. Wind turbine blade Operational Modal Analysis

Figure 14: Cantilever beam with two possibilities of added mass in three zones defined on the
beam

Table 4: Natural frequencies of the beam calculated using FEM model

Vibration
mode

natural Frequency (Hz)

Added Mass 27 g
in Zone 1

Added Mass 27 g
in Zone 2

Added Mass 27 g
in Zone 3

1st Bending 20.24 19.86 18.58
2nd Bending 123.64 118.00 122.52
3rd Bending 333.85 340.73 337.96

3.3 Wind turbine blade Operational Modal Analysis

3.3.1 Experimental set-up

A 1-kW wind turbine blade as shown in Figure 15 is considered in this study and its
root is rigidly fixed to a stationary support. Geometric details of the blade are: 0.97
m length, 1.263 kg mass, maximum and minimum chord lengths are 0.11 and 0.055
m respectively. Four uni-axial accelerometers (Bruel & Kjær Type 4507) are placed on
the blade to measure vibration accelerations in the flapwise direction using a National
Instruments NI-9234 data acquisition card along with the DEWESoft7 data acquisition
software.

Two operational modal analysis (OMA) methods: Frequency Domain Decomposition
method and Stochastic Subspace Identification methods are used to identify natural
frequencies of the blade. These methods are described briefly in the following text.
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Chapter 3. Experimental modal analysis and added mass detection

Figure 15: Wind turbine blade operational modal analysis set-up

Operational modal analysis identifies modal properties of a structure based on
vibration data collected when the structure is subjected to its operating conditions e.g.
bridges subjected to ambient excitation. These excitations are not measured in the OMA
and the modal parameters are identified only using the measured vibrations. These
methods are also known as output-only modal identification techniques. The modal
properties can be identified using frequency or time-domain methods and the most
commonly used techniques in these two categories are applied here to identify modal
frequencies of the blade.

3.3.2 Frequency Domain Decomposition (FDD) method

Frequency Domain Decomposition method is a simple and powerful technique used for
operational modal analysis in the frequency domain methods. This method is described
in detail in the reference [75] and it is briefly described here.

The vibration response x(t) of any structure can be expressed in terms of the modal
co-ordinates q1(t), q2(t), ... and its mode shapes ϕ1, ϕ2, ... as follows:

x(t) = ϕ1q1(t) + ϕ2q2(t) + ...

= Φq(t)
(4)

The covariance matrix of the vibration responses Cxx can be expressed as

Cxx(τ) = E
{
x(t+ τ)x(t)T

}
(5)
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3.3. Wind turbine blade Operational Modal Analysis

Equation 5 after substituting Equation 4 changes to

Cxx(τ) = E
{
Φq(t)q(t)HΦH

}

= ΦCqq(τ)ΦH
(6)

The covariance matrix of the vibration responses Cxx is related to the covariance
matrix of the modal co-ordinates Cqq through mode shape matrix Φ. The H in the above
equation refers to the Hermitian transpose operator.

Equation 6 is converted to the frequency domain by applying a Fourier transform as
follows:

Gxx(ω) = ΦGqq(ω)ΦH (7)

where Gxx(ω) and Gqq(ω) are the power spectral density (PSD) matrices of the
vibration responses and modal coordinates at the frequency ω.

If the modal coordinates are uncorrelated, then the PSD matrix Gqq(ω) is diago-
nal. If the mode shapes are orthogonal, then Equation 7 represents singular value
decomposition (SVD) of the PSD matrix of the vibration responses as given in Equation
8.

Gxx(ω) = U(ω) [σi] U(ω)H (8)

where U is a matrix of singular vectors and the matrix [σi] is a diagonal matrix of
the singular values.

These singular values are the estimates of the auto spectral densities of the single-
degree-of-freedom systems, whereas singular vectors are estimates of the structural
mode shapes. The PSD matrix at any frequency is mainly dominated by the vibration
modes around that frequency. Near the resonance frequencies of the structure, the SVD
of the PSD matrix will return a predominant singular value signifying a single vibration
mode contributed to the PSD matrix at that frequency and the corresponding mode
shape is characterized by its singular vector. Vibration modes can be identified at the
peaks in the first singular value plot over the frequency axis. An open-source MATLAB
code written by Cheynet [76] is used here for modal parameter identification using the
FDD. An automated procedure is implemented in that code to identify the peaks in the
first singular value plot.

3.3.3 Stochastic Subspace Identification (SSI) method

Subspace identification methods estimate the state-space model of a system from the
input/output data and refer [77] for more details on its theory. Equations of motion of
the vibrating structure given in Equation 2 can be represented in a state-space form as:

ẏ(t) = Acx(t) +Bf(t)

x(t) = Cy(t)
(9)
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Chapter 3. Experimental modal analysis and added mass detection

where Ac =

[
0 I

−M−1K −M−1D

]
and B =

{
0

M−1

}
are the continuous-time state

and input matrices; C is the output matrix.
The general solution to the above state-space equation can be expressed as a sum of

the homogeneous and particular solution as given in Equation 10.

y(t) = exp(Act)y(0) +

∫ t

0

exp(Ac(t− τ))Bf(τ)dτ (10)

In the OMA, input forces are not measured and the structure is subjected to operating
conditions which is implicitly modelled by process noise and measurement noise. In
such cases, the general solution only consists of a homogeneous solution. It can be
expressed in the discrete form as

yk = exp(Ack∆t)y0

= Ak
dy0,where Ad = exp(Ac∆t)

xk = CAk
dy0

(11)

Using Equation 11, a vector of response at future time steps can be expressed as





xk
xk+1

...
xk+j





=




C
CAd

...
CAj

d


 yk

= Γyk

(12)

where Γ is called the observability matrix that contains information of the system
matrices A and C.

If the matrix Γ is known, the modal properties of the system can be calculated.
Subspace methods estimate the observability matrix using measured responses and it is
briefly explained below.

The first step in the SSI method is to form the block Hankel matrix from the measured
vibration responses xk with N number of data points and 2s number of block rows as

H =




x1 x2 . . . xN−2s+1

x2 x3 . . . xN−2s+2
...

...
...

xs xs+1 . . . xN−s
xs+1 xs+2 . . . xN−s+1

xs+2 xs+3 . . . xN−s+2
...

...
...

x2s x2s+1 . . . xN




=

[
Hp

Hf

]
(13)
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3.3. Wind turbine blade Operational Modal Analysis

The block Hankel matrix H is split into two block Hankel matrices Hp and Hf which
are usually referred to as the past and the future responses in the SSI theory. A projection
matrix is calculated using these matrices (refer [77])

O = HfH
T
p (HpH

T
p )−1Hp (14)

It is assumed that the signals used in block Hankel matrices are zero mean Gaussian
signals, then the projection is a conditional mean of the observed random signals, that
means projection is the same as a random decrement signature.

Using Equation 12, the projection matrix can be expressed as

O = ΓX (15)

where Γ is the observability matrix and X is a matrix containing the initial conditions
of the free decays in the projection matrix. The Γ and X are estimated by taking SVD of
the projection matrix

O = USV T (16)

The diagonal matrix S is restricted to first n singular values and restricted SVD
matrices Un, Sn, Vn are used to estimate the Γ and X matrices as

Γ̂ = Un

√
Sn

X̂ =
√
SnV

T
n

(17)

The state matrix Ad and output matrix C are found from the observability matrix
estimate which are used to identify natural frequencies and mode shapes of the structure
corresponding to the measured signals. Refer [77] for more details on the procedure
to calculate these modal parameters. An open-source Structural Modal Identification
Toolsuite (SMIT) written by Chang et al. [78] is used in the current thesis. That
tool-suite consists of five different time-domain-based output only system identification
algorithms (their theoretical background is presented in Chang and Pakzad [79]). In
this thesis, subspace state space system identification (N4SID-OO) algorithm available
in that tool-suite is chosen for extracting modal parameters of the blade.

3.3.4 Comparison of modal properties identified from the FDD and
SSI methods

The wind turbine blade is excited in two different ways. In the first method, the blade is
excited with a low-pass filtered (up to 200 Hz, as first three flapwise modes of the blade
are within this frequency range) Gaussian white noise force using a vibration shaker
(TIRAvib S-50018) as shown in Figure 15, and its vibration accelerations are measured
using four accelerometers with a sampling frequency of 2048 Hz for 200 s. The measured
signals are used to identify modal properties using the FDD method. In the second
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Chapter 3. Experimental modal analysis and added mass detection

method, the blade is excited with an impact hammer and its free vibration responses
are measured. Impact hammer is only used to excite free vibrations of the blade, and its
forces are not measured. After an impact hit on the blade, the data acquisition system
is triggered to acquire free vibration responses with a sampling frequency of 2048 Hz
for 6 s (free vibration responses are decaying within this duration). These signals are
used for identifying modal properties using the SSI method. A sample of the measured
signals with these two excitations can be found in Paper D in Part II of this thesis.

The natural frequencies identified using both modal identification methods are
compared in Table 5 and their mode shapes are plotted in Figure 16. The modal
parameters identified using two modal identification methods matches very well with
each other. The difference between these identified frequencies is marginal and the
mode shapes are only deviating at the location of sensor 2 in second and third modes.
The author is only interested in the natural frequencies of the blade, mode shapes
are extracted for confirming those frequencies correspond to the first three vibration
modes of the blade. One of these two identification methods can be used for further
experiments with ice on the blade, the author chose time-domain based SSI method
compared to the other method as it is more convenient and quicker to measure free
vibration responses (for a duration of 6 s only) of the blade.

Table 5: Comparison of natural frequencies of the wind turbine blade identified using FDD and
SSI modal identification methods

Mode
Natural frequency (Hz)
FDD SSI

1st Flapwise 10.16 10.1698
2nd Flapwise 46.13 46.1688
3rd Flapwise 126.1 125.9600

3.3.5 Ice mass detection

In the earlier section, a FEM model of the cantilever beam is used to create the data
set required for training the neural network model. But, such a numerical model is
not readily available for wind turbine blades due to the restriction of the proprietary
information of the blade manufacturers. An alternative method to create the data
set of natural frequencies with different added masses is demonstrated in the current
subsection using operational modal analysis on a small scale wind turbine blade. The
blade length is divided into three zones as shown in Figure 17 and its natural frequencies
identified using operational modal analysis considering 40 and 80 g of ice mass in each
zone separately. These ice masses are not naturally formed on the blade, instead, ice
formed during the winter season is collected and placed on the upper side of the blade’s
flapwise surface.

A quadratic polynomial as shown in Figure 18 is fitted separately between the natural
frequency of the iced blade and respective ice masses (0, 40, and 80 g) used in a specific
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Figure 16: Comparison of mode shapes identified using FDD and SSI modal identification
methods

zone. In total, nine polynomials are fitted between three natural frequencies of the
iced blade and respective ice masses used in the three zones. These polynomials can be
expressed in the form of Equation 18.

f
Mj

i = AijMj
2 +BijMj + f 0

i (18)

where fMj

i refers to the ith flapwise natural frequency of the blade corresponding to
the cases of ice mass values M = 0, 40, 80 g in jth zone; Aij and Bij are the coefficients
of quadratic polynomial fitted between natural frequencies fMj

i and ice mass Mj; f 0
i

refers to the ith flapwise natural frequency of the blade without any ice mass.
Natural frequencies of the blade with ice masses m1,m2,m3 in the three zones

respectively are approximated using Equation 19 using a linear superposition of the
reduction in natural frequencies when those ice masses are present individually on the
blade. The validity of this approximation is verified by conducting an operational modal
analysis of the blade considering 40 g ice mass in all three zones (refer Paper D in Part
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Chapter 3. Experimental modal analysis and added mass detection

Figure 17: Definition of three zones along the blade length

Figure 18: Quadratic polynomial curve fit for the ith natural frequency with ice mass in jth zone

II for more details).
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(19)

where




f1
f2
f3





(m1,m2,m3)

refers to the first three flapwise natural frequencies of the

blade with the ice masses m1,m2,m3 together in the Zones 1,2,3 respectively and


4f1
4f2
4f3





(m1,0,0)

,




4f1
4f2
4f3





(0,m2,0)

,




4f1
4f2
4f3





(0,0,m3)

refers to the reduction in first three flap-

wise natural frequencies of the blade when ice masses m1,m2,m3 are exclusively present
in only one of the three zones.

A valid forward relation between ice masses (as independent variables) and natural
frequencies (as dependent variables) of the 1-kW wind turbine blade is identified using
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3.3. Wind turbine blade Operational Modal Analysis

operational modal analyses with ice masses. This relation is used to create the data
set required for training the neural network model. An inverse relation between ice
masses (as dependent variables) and natural frequencies (as independent variables)
is established using the ANN model which expresses that relation explicitly, so it is
straightforward to use that relationship for detecting ice masses for any new input of
natural frequencies of the iced blade.
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Chapter 4

Results & Discussion

4.1 Introduction

The main results of the simulations and experiments carried out in this thesis for
analyzing changes in wind turbine dynamic behavior due to icing are discussed in
this chapter. Initially, the results of the ice detection technique based on the natural
frequency changes are presented. It is followed by the results of the simulations carried
out on a large scale wind turbine blade considering aeroelastic changes in the blade (as
discussed in Chapter 2).

4.2 Ice detection based on the changes in natural fre-
quencies

Ice accumulation on the blades changes its natural frequencies and this behavior can
be used to detect icing. Multiple systems are available in the market and detect icing
based on this working principle. These systems can only identify the existence of ice
on the blades and cannot locate or quantify the ice mass. A technique to estimate
such information is proposed in the current thesis. Added masses are used on a simple
cantilever beam and small scale wind turbine blade to demonstrate the effectiveness
of the proposed technique. The main results of the study are briefly explained in the
following subsections followed by an extension of the technique on a large scale wind
turbine blade using eigen-value analysis of its numerical model.

4.2.1 Cantilever beam experiment

The ANN model fitted in Section 3.2 is used here to estimate added masses corresponding
to natural frequencies identified from the experimental modal analysis with added
masses (14 test cases considering different combinations of added masses 11 and 27 g
in the three zones) on the cantilever beam (refer Paper C in Part II for more details).
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Chapter 4. Results & Discussion

A weighted average percentage error is defined (refer Equation 20) in terms of the
actual masses used in the experiment and those estimated from the ANN model. This
value calculated for the 14 test cases is shown in Figure 19. Added mass in the case
of experiments increases mass and stiffness properties of the beam locally, both these
have a distinct influence on its natural frequencies. The reduction in frequency values
due to the increase in mass in the experiments is higher than the increase in frequency
values due to the local changes in stiffness. As a net effect, the natural frequencies
estimated in the experimental added mass cases are higher than those calculated from
the eigen-value analysis (that only considered mass changes in the beam). ANNs are
generally used to predict the output of a function for a given input when it is trained
with a dataset generated from a similar function. The network in the current case is
trained with a dataset generated from a model where the influence of added mass is only
considered on its mass properties. But, it is tested with natural frequencies estimated
from experiments where the added mass influences both mass and structural properties
of the beam, which means those frequencies correspond to a different function. In
such cases, the neural network identifies added masses with an error. The proposed
technique is only able to roughly estimate (with a mean WAPE of 30.68% using the
fitted ANN model) the added mass, and the error in identified masses is higher when
the quantity of the added mass on the beam is smaller (refer to Test Case 2 in Figure 19
where added masses 11 g is considered in the Zone 2).

WAPEi =

∑3
k=1

∣∣mik
actual −mik

identified

∣∣
∑3

k=1m
ik
actual

(20)

where i refers to the test case number; k refers to the zone number; mactual, midentified

refer to added masses actually used in the experiment and the value identified by the
neural network model, respectively.

Figure 19: Weighted absolute percentage error (WAPE) calculated for the fourteen test cases

4.2.2 Small scale wind turbine blade experiment

The ANN model fitted for wind turbine blade frequencies in Section 3.3 is tested here
for 18 test cases of ice masses (randomly chosen between 0 and 80 g in all three zones,
refer Paper D in Part II for more details) placed along the blade (refer Figure 20). First
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4.2. Ice detection based on the changes in natural frequencies

Figure 20: An example of the ice mass distributions used in the test cases

Figure 21: Weighted absolute percentage error (WAPE) calculated for the eighteen test cases

three flapwise natural frequencies in these cases are identified from the operational
modal analysis. These ice masses are distributed randomly (i.e. their linear mass density
varies randomly) along the length of the zones. As the actual ice mass values used in the
experiment and the corresponding identified mass values in all 18 test cases are known,
the error metric WAPE as defined in the Equation 20 is calculated for these test cases
and shown in Figure 21. This error is sensitive to the location and quantity of ice mass.
The mean value of WAPE for all 18 cases is found to be 17.53%. Ice masses in the test
case 4 are identified with a maximum WAPE value of 55.6%, where only 10 g of ice
mass is considered in Zone 2 in the experiment. It can be observed that the WAPE
value is higher in test cases where smaller ice masses are considered on the blade and
it decreases with increasing ice mass values. The randomness in the way ice mass is
distributed in the experiments resulted in randomness in the WAPE values of 18 test
cases. The proposed ice mass detection algorithm is able to approximately identify ice
masses in the three zones defined on the blade based on its first three flapwise natural
frequencies. Its application to a large wind turbine blade is demonstrated in the next
section.
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4.2.3 Ice detection on a large wind turbine blade: Using a numeri-
cal model

The proposed detection technique is approximately able to identify ice masses on a
1-kW wind turbine blade, the same technique is used here for detecting ice masses on
the NREL 5-MW wind turbine blade. The first three natural frequencies of the blade are
calculated using FEM model by considering two different mass values in the three zones
defined on the blade as shown in Figure 22. These frequencies are used to express the
relation between natural frequencies and ice masses similar to Equation 19 and used
to create the data set required for training the neural network model. The ANN model
fitted using this data set is tested in six test cases as shown in Figure 23 where ice mass
is distributed randomly along the blade. The natural frequencies in these test cases are
calculated using FEM model of the blade and given as an input to the neural network
model to estimate ice masses. These masses are identified with a mean WAPE value of
14.77% in six test cases as shown in Table 6.

Figure 22: Ice masses considered in different zones along the NREL 5-MW wind turbine blade
length
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4.2. Ice detection based on the changes in natural frequencies

Figure 23: Ice mass distributions considered along the NREL 5-MW wind turbine blade in the
six test cases

Table 6: Ice masses identified in the test cases

Test case no. Ice mass location
Ice mass (kg)

WAPE
Actual Identified

1
Zone 1 78 95

15.56%Zone 2 50 56
Zone 3 48 44

2
Zone 1 155 144

10.59%Zone 2 100 115
Zone 3 96 84

3
Zone 1 223 212

16.71%Zone 2 157 209
Zone 3 148 124

4
Zone 1 315 273

13.95%Zone 2 197 226
Zone 3 193 166

5
Zone 1 376 299

20.79%Zone 2 252 318
Zone 3 253 213

6
Zone 1 464 468

11.01%Zone 2 300 363
Zone 3 293 243
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4.3 Influence of icing on wind turbine dynamics: Simu-
lations

The results of aeroelastic simulations carried out on the NREL 5 MW wind turbine model
with an ice shape (refer Figure 5 (c)) distributed according to the GL guideline are
discussed below. The current discussion is based on the simulations carried at wind
speeds between cut-in and rated speeds with a specific ice shape.

• Aerodynamics: At high angles of attack, the flow separates near the trailing edge
of a clean aerofoil, whereas it can happen at low angles of attack in the case of
icing. These vortices change the pressure distribution and subsequently affects the
aerodynamic loads. As a net effect, icing increases the drag forces and pitching
moment and reduces the lift forces.

• Power and loads: The generator power, rotor torque and aerodynamic loads
are decreased due to the changes in aerodynamic behavior of the blades with
icing. The iced turbine rotates at lower rotational speeds in the Region 2 wind
speed operating range (refer Figure 10), as a result, the angle of attack increases.
However, the effect of this increase on the aerodynamic loads is compensated
by the reduction in the resultant wind speed on the aerofoil sections in the case
of light icing. But, the lift forces are reduced and drag forces are increased
significantly at the increased angle of attack in the case of severe icing. The outer
third of the blade produces 50% of the total power and severe icing in this region
reduced turbine power output by 38%. Loads acting on the blades decrease with
icing due to the changes in aerodynamics and the rotor speed.

• Modal behavior: The structural changes in the iced blade i.e. increase in mass,
reduces its natural frequencies. Whereas, the aerodynamic changes in the blade
due to icing has negligible influence on the natural frequencies but reduces its
damping factor. The flapwise vibration modes of the blade are more damped
than the edgewise modes. These natural frequencies are excited by the turbulent
wind both in operation and standstill conditions and also these frequencies can
be extracted from the vibration measurements of the blade. The first flapwise
vibration mode is usually highly damped and it cannot be identified from the
vibrations in the case of clean blades. However, severe icing in the outer third of
the blade reduced its damping factors (values drop to 1/3rd of the clean blade
case), due to that the first flapwise vibration mode can be identified from the
vibrations of the iced turbine.

• Asymmetrical icing of the blades: The nature of ice accumulation on the wind
turbine blades is not uniform due to the randomness in the atmospheric conditions
that favor icing. As a result, ice accumulates non-uniformly and differently on
all three blades which induce both structural and aerodynamic imbalances in the
rotor. Due to this, the loads and vibrations of the stationary turbine structure
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4.3. Influence of icing on wind turbine dynamics: Simulations

(tower and nacelle) and drive train increase in comparison to uniform ice on all
blades. The structural imbalance in the rotor induces low-frequency oscillations
(synchronous to the rotational speed of the turbine) in the tower side-to-side
direction, whereas, the aerodynamic imbalance induces low-frequency oscillations
in the tower fore-aft direction.
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Chapter 5

Conclusions

The current thesis proposes a methodology to analyze aeroelastic behavior of the wind
turbines considering icing on the blades. This method can be adapted to any wind
turbine model as the ice shapes (simulated/measured) can be scaled and distributed
according to a specific ice mass distribution guideline on the aerofoil sections of the
blade. The static aerodynamic coefficients of these aerofoil sections are used to simulate
the aeroelastic behavior of the wind turbines. The outer third of the blade is critical
for icing as severe icing in this part can significantly reduce turbine power output and
aerodynamic loads acting on the blades. The tower or nacelle structure also experience
lower loads/vibrations if ice mass is uniform on all blades, otherwise, low-frequency
oscillations are induced due to the structural or aerodynamic imbalances. Due to these
effects, the tower or nacelle vibrations monitoring along with the power curve analysis
can reliably detect icing of the blades.

The natural frequencies of the blade reduce due to the structural mass property
changes in the blade with icing, whereas, the associated aerodynamic property changes
in the blade reduce damping factors. The natural frequencies reduce differently depend-
ing on the location and the quantity of ice mass. A detection technique is proposed
in this thesis to characterise ice mass distribution (location and quantity of ice mass)
on the blades based on its natural frequencies. Such information can be useful for the
remote operation of de-icing systems and their optimization, assessing ice throw and
blade loads, analyzing fatigue life of the components and better design of the blade
heating system for cold climate operation. The ice detection technique is validated
using experiments on a small scale 1-kW wind turbine blade and also demonstrated its
effectiveness on large scale wind turbines using numerical models. The ice detection
technique proposed in this thesis has the potential to use on real wind turbines, however,
it needs to be verified/tuned by performing experiments on large scale wind turbine
blades.
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Future works

• Simulate ice shapes using the tools like LEWICE, TURBICE etc. on multiple aerofoil
sections of the blade and investigate their influence on the aeroelastic behavior of
the wind turbines

• Investigate the aeroelastic behavior of the wind turbines by analyzing three di-
mensional aerodynamics flow on the iced blades

• Optimization of the generator controller for cold climate operation and fatigue life
prediction of the turbine components using the proposed methodology

• Hybrid approaches for ice detection using the influences of icing on the aeroelastic
behavior by analyzing data from different sensors used in the turbine e.g. any com-
bination of power curve, rotor speed, nacelle vibrations, pitch angle, temperature
sensors, generator torque controller, strain gauges etc.

• Investigate the proposed ice mass detection technique on a large scale wind turbine
blade test rig using added masses like sandbags used in the references [49, 50]

• Investigate techniques for characterizing ice mass distribution on turbine blades in
operation using SCADA data and ice detection sensors based on natural frequencies
and web cameras
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Chapter 7

Summary of appended papers

Paper A

Aeroelastic equations of motion of a rigid wind turbine model with 13 degrees of
freedom (DOF) considering tower and blade vibrations are derived. The aeroelastic
coupling is modelled through the definition of resultant velocity of the wind and the
angle of attack on the aerofoil sections in terms of blade vibrations, rotor and wind
speeds. The derived equations are used to compute aeroelastic natural frequencies and
damping factors for the fundamental vibration modes of the NREL 5 MW wind turbine
model. This model was able to capture rotational and aerodynamic influences of the
rotating blades except at higher wind speeds due to the inaccurate estimation of the
aerodynamic coupling with rigid beam approximation. This simple model enables to
understand the influence of changes in geometry parameters and operating conditions
on vibration behavior with less computational effort and easier interpretation.

Paper A was written under the supervision of Dr. Jean-Claude Luneno, Prof. Jan-
Olov Aidanpää and Prof. Michel Cervantes. The author derived the model, performed
calculations and written the paper.

Paper B

Wind turbine blade is modelled using linear flexible beam theory and the aeroelastic par-
tial differential equations governing its vibration behavior are derived. The aerodynamic
model considers flexible blade vibrations and Beddoes-Leishman unsteady attached
aerodynamic flow model. Two different ice shapes are considered and scaled along the
blade according to the GL guideline. The static aerodynamic coefficients of the aerofoils
are calculated using the tool JavaFoil (panel code) which is simple but less accurate
when compared to CFD simulations. As this tool is used for analyzing the aerodynamic
behavior of both clean and iced aerofoils, the qualitative difference between them is
still assumed to be true. The aeroelastic natural frequencies and damping factors are
calculated considering both structural and aerodynamic changes in the blade. The
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natural frequencies decreased with ice mass and damping factors reduced more with
the ice shape which resulted in a large drop in the power output.

Paper B was written under the supervision of Dr. Jean-Claude Luneno and Prof.
Jan-Olov Aidanpää. The author derived the model, performed calculations and written
the paper.

Paper C

Paper C proposes a method to detect added mass on a simple cantilever beam based
on its distinct behavior on the natural frequencies with respect to the location and the
quantity of added mass. A neural network model is trained using the natural frequencies
of the beam calculated (using a FEM model of the beam) with various quantities of
added masses at different locations along the beam. Different added masses are placed
on a cantilever beam set-up and experimental modal analysis carried out to identify its
natural frequencies. These are given as an input to the trained neural network model
to estimate the added masses used in the experiments which are compared against the
actual masses used in the experiments. Later the technique is demonstrated on the
Tjaereborg 2 MW wind turbine model using eigen-value analysis.

Paper C was written under the supervision of Dr. Jean-Claude Luneno and Prof.
Jan-Olov Aidanpää. The author proposed the technique, performed calculations, carried
out experiments and written the paper.

Paper D

Paper D extends the technique proposed in Paper C to eliminate the need of a numerical
model to calculate the database required for training the neural network model. Relation
to the natural frequencies in terms of the added masses is derived using experiments.
This relation is used to create the database of natural frequencies of the beam for
various added masses at different locations along the beam. This database is used
to train the neural network model and later used to identify added masses for the
natural frequencies estimated from the experiments. In this paper, natural ice collected
during the winter is used as an added mass on a 1-kW wind turbine blade to validate
the proposed technique. The validity of this technique is also demonstrated on the
NREL 5 MW wind turbine blade using eigen-value analysis of its numerical model.

Paper D was written under the supervision of Dr. Jean-Claude Luneno and Prof.
Jan-Olov Aidanpää. The author proposed the technique, performed calculations, carried
out experiments and written the paper.
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Paper E

Paper E proposes a methodology to investigate the aeroelastic behavior of the wind
turbine blades with icing by automating the ice shape creation at several sections along
the blade and their 2D CFD analysis to predict aerodynamic behavior. A parametric
model is proposed to approximately replicate ice shape either predicted/measured
which can be added to any aerofoil shape and scaled for a given mass value. The
aerodynamic behavior of the clean and iced aerofoil sections are analyzed using the CFD
simulations. The 2D aerodynamic coefficients are used in the aeroelastic simulation tool
FAST to simulate the dynamic behavior of the wind turbine. The proposed methodology
demonstrated on the NREL 5 MW wind turbine model and analyzed the influence of
icing on its power, loads and modal behavior.

Paper E was written in cooperation with Narges Tabatabaei under the supervision of
Prof. Michel Cervantes and Prof. Jan-Olov Aidanpää. The author derived parametric
model for the ice shape creation, performed aeroelastic simulations using the FAST tool
and written major part of the paper.
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Aeroelastic Simulations of Wind Turbine
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Abstract 
The vibration behavior of wind turbine substructures is mainly dominated by their first few 
vibration modes because wind turbines operate at low rotational speeds. In this study, 13 
degrees of freedom (DOF) model of a wind turbine is derived considering fundamental 
vibration modes of the tower and blades which are modelled as rigid beams with torsional 
springs attached at their root. Linear equations of motion (EOM) governing the structural 
behavior of wind turbines are derived by assuming small amplitude vibrations. This model is 
used to study the coupling between the structural and aerodynamic behavior of NREL 5 MW 
model wind turbine. Aeroelastic natural frequencies of the current model are compared with 
the results obtained from the finite element model of this wind turbine. Quasi-steady 
aerodynamic loads are calculated considering wind velocity changes due to height and tower 
shadow effects. In this study, vibration responses are simulated at various wind velocities. 
The derived 13 DOF simplified model of the wind turbine enables to simulate the influence of 
change in parameters and operating conditions on vibration behavior with less computational 
effort. Besides that, the results of the simplified models can be interpreted with much ease. 
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INTRODUCTION 

 
Wind turbine structures consist of both rotating and non-
rotating substructures manufactured in different materials. In 
order to perform a dynamic analysis of wind turbines, 
detailed structural model along with loads predicted from the 
aerodynamic analysis of the blades are needed. Dynamic 
changes in the wind and rotational effects force flexible 
blades to vibrate. Rotation and vibrations of the blades 
change the effective wind velocity generating aerodynamic 
loads. Thus the structural and aerodynamic analyses of the 
wind turbine are coupled to each other, dynamic behavior of 
the wind turbine structures can be accurately predicted 
considering this coupling. Finite element methods (FEM) can 
be used to model structural behavior and computational fluid 
dynamics (CFD) techniques are used for predicting 
aerodynamic loads. Coupled structural and aerodynamic 
analysis using detailed FEM and CFD models is 
computationally expensive for parametric studies in the 
design stage. To determine the influence of this coupling on 
the vibration behavior, simple models for structural and 
aerodynamic calculations are used in this study.   

In literature, rigid and flexible beam models are used to 
analyze the dynamics of the isolated rotating blades 
considering pitch, flap, and lead-lag vibrations. Chopra [1,2] 
considered rigid wind turbine blades with root hinges and 
analyzed its linear and nonlinear dynamic behavior with and 
without external loadings. Kim and Lee [3] considered a 
simple structural model for wind turbine with only 10 degrees 
of freedom (DOF). They analyzed the effect of asymmetry in 
the blade stiffnesses on the system stability over a range of 

rotational speeds. Ramakrishnan and Feeny [4] modeled wind 
turbine blade as a non-linear flexible beam and reduced its 
equation of motion to a nonlinear Mathieu equation to study 
super-harmonic resonances. Wind turbine blades are made of 
aerofoil cross sections which are twisted and tapered along 
the blade length. The vibration behavior in bending and torsion 
are therefore coupled. Kim and Lee [5] derived the equations 
of motion for coupled flapping, lead-lag and torsional 
vibrations of pre-twisted wind turbine blades. They calculated 
modal frequencies of the blade using the assumed 
modeshape method.  

Fundamental vibration modes of all the substructures 
contribute more to the dynamic response of the wind turbine 
than the other higher frequency vibration modes because wind 
turbines operate at low rotational speeds. In this study, 13 
DOF model of the wind turbine structure is derived considering 
fundamental vibration modes of all the substructures. Tower 
and blades are modeled as rigid beams with equivalent 
inertias and supported by springs at their roots. This 
configuration duplicates first bending vibration modes of the 
substructures through the deformation of the torsional spring 
(as shown in Fig. 1). Lagrange’s equations are used to derive 
the equations of motion (EOM) for a three blade horizontal 
axis wind turbine. MATLAB symbolic math toolbox is used to 
derive the EOM. Turbine components like the hub and nacelle 
are assumed to be rigid bodies. Tower and blades kinetic 
energies are calculated considering their distributed mass 
properties. Small amplitude vibrations are assumed for all the 
DOF and EOM are linearized by retaining only the first order 
terms. Structural modeling of the wind turbine stationary and 



rotating substructures together will yield coupled nonlinear 
differential equations with periodic coefficients irrespective of 
the type of the reference coordinate frame. Periodic 
coefficients of the linear differential equations for symmetric 
blades can be eliminated by using multi-blade coordinate 
transformation [3,6] and eigenvalue analysis can be used to 
calculate natural frequencies of the structure. MBC 
transformation models collective blades motion in the 
stationary frame of reference. For symmetric blades, MBC 
transformation yields constant coefficients in the EOM if the 
gravity effect of the rotating blades is ignored. The influence 
of the gravity on natural frequencies can be ignored [5]. 
Blade element momentum (BEM) theory [7] is used for 
calculating quasi-steady aerodynamic loads acting on the 
blades. Wind shear is modeled using wind profile power law 
using mean wind velocity at nacelle height. Tower shadow is 
modeled using potential theory of flow around a cylinder for 
calculating wind velocity near the tower [7]. NREL 5 MW 
model wind turbine data [8,9] is considered as an example 
for this study. Aeroelastic natural frequencies of this 13 DOF 
rigid beam model in the operating wind velocity range of 3-25 
m/s are compared with the results predicted from the FEM 
model of this wind turbine [10]. Vibration responses of the 13 
DOF model are simulated at various wind velocities using the 
operating parameters like rotating speeds, pitch angles of the 
NREL 5 MW model wind turbine [8] and considering 
aerodynamic coupling with structural behavior. In this study, 
variations in the wind velocity due to wind shear and tower 
shadow are only considered. Thus the spectral vibration 
responses of the 13 DOF model consist of frequencies 1P, 
3P (P refers to the rotational frequency) and their harmonics.  

 
 

Figure 1. Wind turbine: (a) geometric model,  
(b) flexible beam model, (c) rigid beam model 

  
1. STRUCTURAL MODEL 
 
Geometric model of the wind turbine with the considered 
degrees of freedom of the substructures is shown in Fig. 
2(a). Reference coordinate system OXYZ is fixed at the base 
of the tower which is used to derive the EOM. The tower can 
oscillate about X and Y axes at the origin O with DOF’s α 
and β respectively, which are known as tower fore-aft and 
side-to-side vibrations. Hub and nacelle are considered as 
two rigid masses with their center of gravity (C.G.) locations 
C and B at distances lh and ln respectively from the yaw axis 
(point A). These two bodies are fixed on top of the tower and 
can rotate relative to the tower about the yaw axis with a 
DOFγ . The nacelle is a stationary part which encloses the 
generator and other systems. The generator has both 

stationary and rotating parts. The generator rotor is connected 
to the hub through a gearbox. In this model, inertias of the 
generator rotor and the hub are lumped to a single inertia and 
attached to an equivalent drive shaft. Torsional vibration of the 
equivalent drive shaft is denoted asψ . Blade vibrates with in-
plane (lead-lag), out-of-plane (flap) and torsional 
DOF iii ,, εϕθ (i refers to the blade number) respectively. 
These motions are defined about a local coordinate system 
xbiybizbi fixed at the root of the blade as shown in Fig. 2(a). 
Position vectors are defined initially and then energy 
equations for all the substructures are obtained to derive the 
EOM using Lagrange’s equations. Kinetic energy is denoted 
by KE and potential energy is denoted by PE.  
 

       
                   (a)                                                   (b) 

Figure 2. (a) Geometric model of the wind turbine structure 
with the considered DOF in the model, (b) Hub and nacelle 

local coordinate systems in which inertia of masses are defined 
 

1.1 Tower: 
As the tower cross section changes along the length, kinetic 
energy of a small element of length dy located at a distance y 
from the origin O along the axis Y is defined initially and it is 
integrated over the full length of the tower to calculate total 
kinetic energy of the tower. Position vector of a small element 
of length dy is defined below.  
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where TX(α) and TZ(β) are the transformation matrices about 
X and Z axis (given in Appendix).  

Kinetic, potential energies of the tower and generalized 
dissipative forces due to damping are given below.     
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where KEtower and PEtower are the kinetic and potential 
energies of the tower; L is the length of the tower; Qα and 
Qβ are the generalized forces; ρAtower is mass per unit length 
of the tower; 

( )Ytowerq is the Y coordinate of the position 

vector of the tower; g is acceleration due to gravity; Kα, Kβ 

and Cα, Cβ are stiffness, damping coefficients of the springs 
and dampers restricting tower vibrations α, β. 
 

1.2 Hub and Nacelle: 
A hub is a joint that connects turbine blades to the rotating 
shaft and transfers energy to the generator through the 
gearbox. In this model, hub rotating on the low speed shaft 
and generator rotating on the high speed shaft are modeled 
as a single inertia. This equivalent inertia mass rotates with 
an angular velocity of ω and undergoes torsional 
oscillations on an equivalent drive shaft whose torsional 
stiffness and damping coefficients are known. As this 
equivalent inertia mass is located on top of the tower, 
gyroscopic moments are generated in the system due to the 
change in orientation of its angular velocity vector due to the 
tower vibrations and yaw motion. Rotational kinetic energy 
of the equivalent inertia mass accounts for the gyroscopic 
moments which are calculated using inertia tensor defined 
about its C.G. and angular velocity vector defined in the 
local coordinate system R1:x1y1z1 as shown in Fig. 2(b). The 
order of rotations followed to get the position vector is 

( )ψωγβα +t,,,  respectively and the same rotation order is 
used to transform the velocity vectors γβα  ,,   into the 
R1:x1y1z1 coordinate system. Position, angular velocity 
vectors, energy expressions of the rigid hub and nacelle 
masses and generalized dissipative forces due to damping 
are given in Eq. (3) & (4). 
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where hq , nq and hΩ


, nΩ


are the position, angular velocity 
vectors of the hub and nacelle masses mh, mn respectively; 
TY(γ) and TZ(ωt+ψ) are the transformation matrices about Y 
and Z axis (given in Appendix); KEhub, KEnacelle, PEhub, PEnacelle 
are the kinetic and potential energies of the hub and nacelle 
masses; IDh, IDn are transverse mass moment of inertias of 
the hub and nacelle masses about the local coordinate 
system defined at their mass centers (shown in Fig. 2(b)) 
parallel to OXYZ coordinate system; IP1 is the sum of hub 
and generator polar moment of inertias about the low speed 
shaft  

LSSGenh IP,IP ; IPn is the nacelle polar moment of inertia; 

L1 is the distance of hub rotational axis above the ground 
along the tower centerline; 

( ) ( )YY nh q,q  are the Y coordinates of 

the position vectors of the hub and nacelle C.G.; Kγ and Cγ 
are stiffness and damping coefficients of the springs and 
dampers of the yaw actuation system which control relative 
position of the rigid hub and nacelle mass assembly with 
respect to tower; Kψ and Cψ are stiffness and damping 
coefficients of the equivalent drive shaft. 
 

1.3 Blades: 
Blade in-plane (lead-lag) vibrations defined about zbi axis of 
the rotating coordinate system placed at the root of the blade 
are denoted by iθ , out-of-plane (flap) vibrations defined 

about ybi axis are denoted by iϕ  and torsional vibrations 

defined about xbi axis are denoted by iε  (refer Fig. 2(a)), 
where i = 1,2,3 denote the blade number. The kinetic energy 
of the blade is obtained by integrating the kinetic energy of a 
small element of length dr located at a radial distance of r 
from the blade root, over the full length of the blade (lb). 
Position vector of the small element dr is given below.   
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where ( ) ( ) ( )iXiYiZ T,T,T εϕθ  are the transformation matrices 
given in the Appendix; (r,cgy,cgz) are the coordinates of the 
C.G. of the blade section in local coordinate system xbiybizbi.  
Energy expressions for the ith blade are given below. 
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where iiiii bbbbb Q,Q,Q,PE,KE
εϕθ  are the kinetic, potential 

energies and generalized forces of the ith blade; ρAblade is 
the mass per unit length of the blade;  

( )Yibq is the Y 

coordinate of the position vector of the ith blade;  

iii
K,K,K εϕθ and iii

C,C,C εϕθ are stiffness, damping 
coefficients of the springs and dampers restricting ith blade 
in-plane, out-of-plane, torsional vibrations iii ,, εϕθ . 

Total kinetic and potential energies of the system are 
obtained by summing up individual contributions from all the 
substructures. 
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Equations of motion are derived from the total energy 
expressions of the system using Lagrange’s equations 
given in Eq. (8) for all the generalized coordinates. 
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where jq  generalized coordinates iii ,,,,,, εϕθψγβα   

                  (i =1,2,3) 
 

Equations of motion obtained from the Eq. (8) are 
coupled nonlinear differential equations in the generalized 
coordinates. In the current work, small amplitude vibrations 
are assumed and linear EOM are obtained after retaining 
first order terms. Linear EOM in the matrix form is given in 
Eq. (9) and whose matrices contain periodic terms.  

                               
{ } { } { } { })()()()()()()( tftqtKtqtCtqtM =++ ωωω       (9) 

 
where M(ωt), C(ωt), K(ωt) are the system matrices,  

{ } [ ] T,,,,,,,,,,,,(t)q 321321321 εεεϕϕϕθθθψγβα= and 

{f(t)} is the force vector 
 

Rotating blade’s DOF are transformed into multi blade 
coordinates [6] using the transformation matrix given in Eq. 
(10).  
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and I4 is a 4x4 identity matrix which retains first four non-
rotating DOF as it is in the final transformed coordinate 
vector. 321 ,, ξξξ are the instantaneous azimuthal positions of 
the blades with respect to a fixed reference. The blades are 
placed symmetrically around the circumference of the hub.  

The relationship between{ })(tq  and multi-blade 
coordinate’s vector { })(tqB  is given in Eq. (11). 
 

                     { } { })t(qT)t(q B=                            (11) 
 

where 
{ } [ ] T

scscscB ,,,,,,,,,,,,(t)q εεεϕϕϕθθθψγβα 000=   
 

Difference between { })(tq  and { })(tqB  is only in the 
blades in-plane, out-of-plane and torsional vibrations. 
Subscripts 0, c, s refer to collective, progressive and 
regressive modes of the blade assembly which can excite 
tower vibration modes. In collective mode, the vibrations of 
the blades are in phase with each other, whereas in the 
progressive and regressive modes, phase difference exists 
between blade vibrations as defined in the matrix TB(ωt). 
Detailed explanation of these coordinates and MBC 
transformations are given in [6]. The EOM obtained after 
MBC transformation in the matrix form are given in Eq. (12). 
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Gravity effect changes stiffness over the azimuthal 
rotation of the blade [5] which makes KB matrix still periodic in 
time even after MBC transformation. Neglecting gravity term 
makes the system matrices time invariant for symmetric 
blades, and therefore eigenvalue analysis can be used to 
calculate natural frequencies. However, for asymmetric 
blades, time invariant system matrices cannot be obtained 
using MBC transformation even after neglecting gravity 
terms.  

Data required to simulate the derived 13 DOF model are 
computed from the structural details of NREL 5 MW model 
wind turbine. The inertia properties of all the subsystems can 
be calculated from the data given in [8,9]. Fundamental 
vibration modes of all the subsystems obtained from the FEM 



analysis of this wind turbine structure are also reported in 
these references. Using the natural frequencies and inertia 
properties reported in [8,9], unknown equivalent spring 
stiffness coefficients for vibration DOF α, β, iii ,, εϕθ  are 
calculated.  

 
2. AERODYNAMIC MODEL 
 
Beam element momentum (BEM) theory [7] is used to 
calculate aerodynamic loads considering wind shear and 
tower shadow effects. Wind shear is modeled using wind 
profile power law using mean wind velocity at nacelle height 
and a parameter of 0.2 for the amount of shear. Tower 
shadow is modeled using potential theory of flow around a 
cylinder [7]. The tower diameter variation along its height is 
also taken into account in the calculation of the wind velocity 
near the tower. Prandtl’s tip loss factor and Glauert 
corrections are considered in the BEM theory used in this 
study. Aerodynamic loads are calculated at the aerodynamic 
center of the aerofoil sections of the blade. Velocity triangle 
without and with considering blade vibrations are shown in 
Fig. 3. 
 

     
 

    
Figure 3. Velocity triangle at the blade section (a) without and 

(b) with considering blade vibrations 
 

Expressions for the inflow angle, angle of attack 
without considering blade vibrations are given in Eq. (13) & 
(14). 
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where,
00 aoaif ,ΘΘ are the inflow angle and angle of attack, 

ignoring the blade vibrations; tp+Θ is the sum of blade pitch 

and section twist angles; Vw and ω are the wind velocity and 
rotational frequency of the blade; r is the radial distance of 

the blade section from the hub center; a and a’ are the axial 
and tangential induction factors.  
 Blade vibration velocities change the relative velocity of 
wind entering the blade section as shown in Fig. 3(b). As the 
structural model of the blade is built with respect to pitch axis, 
due to the offset between aerodynamic center and pitch axis, 
both the inflow angle and the angle of attack (AOA) depend 
on torsional vibrations. Expressions for the inflow angle, angle 
of attack considering blade vibrations are given in Eq. (15) & 
(16).  
 

  ( )
( ) 









++
+−

=Θ −

2

11

1
1

V'ar
VaV

tan w
if ω

                      (15) 

where, 
( )

( ) iitpACi

iitpACi

sinarV

cosarV

εεθ

εεϕ





+Θ−=

+Θ+−=

+

+

2

1  
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where, aoaif ,ΘΘ  are the inflow angle and angle of attack 

considering blade vibrations; iii ,, εϕθ  are the velocities of the 
ith blade in-plane, out-of-plane and torsional vibrations; iε is 
the ith blade torsional vibration; aAC is the distance between 
the aerodynamic center (A.C.) and pitch axis (P.A.) (shown in 
Fig. 3) of the blade section. 
 Change in the AOA due to blade vibrations can be 
approximated according to Eq. (17).  
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 Lift, drag and pitching moment coefficients at aoaΘ  can 
be expanded using Taylor series expansion about the 

0aoaΘ  
as given in Eq. (18).  
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where, CL, CD, CM are the lift, drag and moment coefficients of 
the aerofoil; CL’, CD’, CM’ are the slopes of the lift, drag and 
moment coefficient curves.   
 

 Aerodynamic loads considering these coefficients are 
expressed in Eq. (19)-(21) where, if written in matrix form the 
coefficients of the variables iiii ,,, εεϕθ  can be separated into 
matrices CAero and KAero which are known as aerodynamic 
damping and stiffness matrices. 
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The aerodynamic loads in Eq. (19)-(21) are introduced 
in the structural model given in Eq. (9) and the EOM 
considering structural and aerodynamic coupling is given in 
Eq. (22). Aeroelastic natural frequencies can be calculated 
by transforming { })(tq  in Eq. (22) to multi-blade 
coordinates{ })(tqB  and using the eigenvalue analysis of 
the system. 
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3. RESULTS AND DISCUSSION 
 

Data of the model wind turbine [8] are inserted into the 
system of Eq. (12) and eigenvalues are obtained at zero 
speed and by ignoring gravity terms. Natural frequencies of 
the present 13 DOF model are compared with the values 
predicted using FAST (aeroelastic simulation tool) [8] in 
Table 1. As FAST doesn’t model blade torsional vibrations 
its natural frequency in the current rigid beam model is 
compared with the frequency value predicted in [5] where 
blade is modeled using FEM. Natural frequencies calculated 
using these two models (FEM vs. 13 DOF model) at zero 
speed match well and thus this 13 DOF model can be 
considered as a good representation of dynamic behavior of 
the wind turbine structure in the low frequency vibration 
modes.  
 NREL 5 MW wind turbine operates over a wind velocity 
range of 3-25 m/s and its rotational speed increases from 
7.35 rpm at a wind velocity of 3 m/s to 12.1 rpm at a wind 
velocity of 11.4 m/s and operates at this rotational speed till 
25 m/s wind velocity by changing pitch angle of the blades 
[8]. Natural frequencies of the 13 DOF model considering 
only the rotational speed variation with wind velocities 
between 3-25 m/s are shown in Fig. 4. Natural frequencies 
of the blade DOF change till 11.4 m/s wind velocity due to 
increase in rotational speed and thereafter remains constant 
as there is no change in the rotational speed. Aerodynamic 
loads calculated for mean wind velocities in the range 
between 3-25 m/s at the nacelle are used to determine 
aeroelastic natural frequencies of this model which are 
plotted in Fig. 5. Differences in the natural frequencies in 
Fig. 4 & 5 are only due to the aerodynamic coupling 
considered in the latter case. 
 Aeroelastic natural frequencies calculated using the 
FEM model of this wind turbine are reported in Ref. [10] 
which are shown in Fig. 6. All vibration modes except tower 
bending modes change with an increase in wind velocity. 
Lag modes in Fig. 5 & 6 follow the same trend with 
increasing wind velocities. Flap modes decrease with an 
increase in wind velocity in Fig. 6, whereas in Fig. 5, only the 
collective and regressive flap modes are  decreasing  with  

Table 1. Comparison of natural frequencies 
 

Mode 

Natural frequency 
(Hz) 

FEM 
13 DOF 
Model 

Tower fore-aft (α) 0.3240 * 0.3237 
Tower side-to-side (β) 0.3120 * 0.3291 

Yaw motion (γ) - 6.8346 
Drivetrain torsion (ψ) 0.6205 * 0.6099 

Blade regressive lead-lag (θs) 1.0793 * 1.1170 
Blade progressive lead-lag (θc) 1.0898 * 1.1399 
Blade collective lead-lag (θ0) - 3.7978 

Blade regressive flap (φs) 0.6664 * 0.6399 
Blade progressive flap (φc) 0.6675 * 0.6542 
Blade collective flap (φ0) 0.6993 * 0.6879 

Blade regressive torsion (εs) - 5.5705 
Blade progressive torsion (εc) - 5.5738 

Blade collective torsion (ε0) 5.6 ~ 5.5708 

* From Ref.[8], ~ From Ref.[5] 
 

 
Figure 4. Natural frequencies variation considering rotational 

speed changes with wind velocities using 13 DOF model 
 

increase in wind velocity. Aeroelastic flap modes will be 
accurately predicted by flexible beam models which captures 
aerodynamic coupling accurately. Differences in the 
aeroelastic natural frequencies reported in Fig. 5 and Fig. 6 
arise due to simplification of flexible structure with rigid beam 
model and can be attributed to two reasons: centrifugal 
stiffening and aerodynamic loads. The rigid beam model 



doesn’t account for centrifugal stiffening of the rotating beam 
in bending. In the current model, wind turbine blades are 
assumed as rigid beams with torsional spring attached at the 
blade root. If the blade is modeled as flexible, lower part of 
the blade vibrates with high amplitudes as it experiences 
higher loads and also it is less stiff when compared to the 
blade geometry near the root. So, rigid beam approximation 
for the blade doesn’t take this into account. 
 

 

 Figure 5. Natural frequencies variation considering 
aerodynamic coupling and rotational speed changes at 

various wind velocities using 13 DOF model 
 

Wind turbine substructures experience periodic loads 
due to gravity, wind shear and tower shadow effects 
(ignoring turbulences and wind gusts). For a wind turbine 
with three blades, tower experiences loads with frequency 
equal to three times the rotational speed (denoted by 3P) 
due to the tower shadow effect. Structural loads (due to 
gravity and rotational effects) and aerodynamic loads 
exciting in-plane and out-of-plane vibrations of one blade 
over one full revolution for a wind velocity of 3 m/s are shown 
in Fig. 7. Structural loads in case of the blade in-plane 
vibrations are mainly produced by gravity effect and in case 
of out-of plane vibrations are mainly due to the rotational 
effects. Structural loads due to gravity dominate 
aerodynamic loads in case of blade in-plane vibrations, 
whereas aerodynamic loads are dominant in the case of out-
of-plane blade vibrations. Tower shadow creates a sharp 
change in the aerodynamic loads whenever the blades come 
in front of the tower and in Fig. 7(b)&(d) the blade comes in 
front of the tower at an azimuthal position of 270 ̊. 

 

  
                

Figure 6. Natural frequencies variation considering 
aerodynamic coupling with FEM model of the  

NREL 5 MW model wind turbine [10] 
 

 
 

Figure 7. (a) & (b) Loads exciting blade in-plane vibrations,  
(c) & (d) loads exciting blade out-of-plane vibrations 

 
As the tower and blades DOF are coupled in the EOM, 

loads exciting rotating blades will excite tower vibrations also. 
Tower fore-aft vibrations are excited by thrust forces acting  on  
the  blades and side-to-side vibrations are excitedby tangential 
forces acting on the blades. Structural loads generated due to 
gravity and rotation don’t excite tower vibrations in case of 
symmetrical blades, as the summation of forces of the three 
blades becomes zero. Fast Fourier transforms (FFT) of the 



vibration responses at various wind velocities are shown in 
Fig. 8. Tower vibrations in Fig. 8(a)&(b) consist of 3P 
frequency and its harmonics which are excited by the tower 
shadow effect. Blade vibrations in Fig. 8(c)&(d) show 
dominant 1P frequency component and its harmonics. The 
synchronous component of the vibrations (1P) is excited by 
periodic loads (both structural and aerodynamic) shown in 
Fig. 7 and the harmonics of 1P are excited by sharp change 
in loads caused by the tower shadow effect. Blade’s in-plane 
vibrations are mainly excited by periodic loads due to gravity 
whose magnitude is constant for all the wind velocities, thus 
the amplitude of the 1P frequency component in the in-plane 
blade vibrations at different wind velocities remains same. In 
the Fig. 8(d), the magnitude of the 1P frequency component 
of the blade out-of-plane vibrations increases with an 
increase in wind velocity due to two reasons: increasing 
structural loads due to increase in rotational speed and 
increasing aerodynamic loads due to wind shear at high wind 
velocities. Consideration of aerodynamic coupling in the 
model only changes damping and stiffness matrices as given 
in Eq. (22). So, structure vibrates with the same frequencies 
(harmonics of the rotational speed) when aerodynamic 
coupling is considered in the model. Some of the vibration 
frequencies (harmonics of the rotational speed) are close to 
the aeroelastic natural frequencies of the substructures and 
excite resonances. However, these resonances are highly 
damped and due to that their vibration amplitudes are less 
dominant than the amplitudes of 1P vibration frequencies. 

 

 

 
 
 

 
 

 
 
 

 
 

Figure 8. (a) Tower top fore-aft vibrations, (b) Tower top side-
to-side vibrations, (c) Blade tip in-plane vibrations,       

(d) Blade tip out-of-plane vibrations 
 
SUMMARY & CONCLUSIONS 
The dynamics of the large wind turbine structure like NREL 5 
MW model wind turbine are simulated by reducing it to a 13 
DOF model. Natural frequencies and vibration responses at 
various wind velocities are predicted considering aerodynamic 
coupling with the structural behavior. Aeroelastic natural 
frequencies of the current and FEM models for increasing 
wind velocities follow the same trend (except progressive flap 
and drivetrain torsion) with an offset in the predicted values. 
This offset is due to the lack of the centrifugal stiffness effect 
created by the rotating beam in bending and inaccurate 
estimation of the aerodynamic coupling with rigid beam 
approximation. Using this model, the dynamics of the wind 
turbine can be simulated with less computational effort at the 
cost of accuracy. This model can be further improved by 
considering modal functions instead of the rigid beam 
approximation to represent flexible beam vibrations, wherein 
centrifugal stiffening and the appropriate aerodynamic 
coupling will be included in the model, which improves 
accuracy without increasing the number of DOF in the model.   
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APPENDIX: Transformation matrices 
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Abstract: Wind turbines installed in cold climate sites accumulate ice on their structures. Icing of the
rotor blades reduces turbine power output and increases loads, vibrations, noise, and safety risks due
to the potential ice throw. Ice accumulation increases the mass distribution of the blade, while changes
in the aerofoil shapes affect its aerodynamic behavior. Thus, the structural and aerodynamic changes
due to icing affect the modal behavior of wind turbine blades. In this study, aeroelastic equations of
the wind turbine blade vibrations are derived to analyze modal behavior of the Tjaereborg 2 MW
wind turbine blade with ice. Structural vibrations of the blade are coupled with a Beddoes-Leishman
unsteady attached flow aerodynamics model and the resulting aeroelastic equations are analyzed
using the finite element method (FEM). A linearly increasing ice mass distribution is considered
from the blade root to half-length and thereafter constant ice mass distribution to the blade tip,
as defined by Germanischer Lloyd (GL) for the certification of wind turbines. Both structural and
aerodynamic properties of the iced blades are evaluated and used to determine their influence on
aeroelastic natural frequencies and damping factors. Blade natural frequencies reduce with ice mass
and the amount of reduction in frequencies depends on how the ice mass is distributed along the
blade length; but the reduction in damping factors depends on the ice shape. The variations in the
natural frequencies of the iced blades with wind velocities are negligible; however, the damping
factors change with wind velocity and become negative at some wind velocities. This study shows
that the aerodynamic changes in the iced blade can cause violent vibrations within the operating
wind velocity range of this turbine.

Keywords: wind turbine blade; icing; natural frequency; damping

1. Introduction

Wind turbines are increasingly installed in the northeastern and the mid-Atlantic US, Canada,
and Northern Europe due to good wind resources and land availability. In these locations, humidity,
along with low temperatures in the winters, increases the risks of ice accumulation on wind turbine
components. Icing of wind turbine rotor blades reduces the lift force and increases drag force acting
on the aerofoil sections of the blade [1,2], which causes a reduction in the turbine power output.
The power curve of a typical wind turbine [2] with icing is shown in Figure 1, where the impact
of icing on power production is clearly visible. In addition to that nacelle vibration amplitudes
increase during icing conditions, so icing can be detected more reliably using power curve analysis
along with measuring nacelle vibrations [3]. Icing causes mass and aerodynamic imbalances in the
rotating blades which increases loading in the mechanical components like blades, towers, bearings,
gearboxes, etc. Increased vibrations reduce the fatigue life of the tower and blades; aerodynamic
property changes in the aerofoil due to icing contribute more to the fatigue life than the ice mass
changes [4]. Etemaddar et al. [5] investigated the effects of atmospheric ice accumulation on the
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aerodynamic performance and structural response of wind turbines and they predicted that the
relative change in mean value is bigger than the change in standard deviation for most of the response
quantities (rotor speed, torque, power, thrust and structural loads) of the iced blade.
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Figure 1. Wind turbine power curve in summer and winter operating conditions [2].

Icing on wind turbines introduces additional complexity into the dynamic analysis of the system,
as ice accumulation on the blades is not uniform and its distribution changes under different stages of
icing and ice shedding during operation. Ice mass on the blade reduces its natural frequencies and
raises the risks of resonance. This shift in natural frequencies can be used to detect ice and monitor its
growth on the wind turbine blades both in operating and standstill conditions [6–8]. Lorenzo et al. [9]
investigated the influence of ice mass on the natural frequencies of the National Renewable Energy
Laboratory (NREL) 5 MW wind turbine by extracting modal parameters through operational modal
analysis. Alsabagh et al. [10] considered different ice mass distributions, as defined in the ISO 12494
Standard, on a multi-megawatt wind turbine. They analyzed the influences of ice mass on natural
frequencies and dynamic magnification factors (ratio of the dynamic deflection to static deflection),
by considering only the mass changes in the blade. As icing causes structural and aerodynamic changes
in the blade, it is important to investigate their influence on the modal damping along with the natural
frequencies as aerodynamic loads on the blade contribute to the modal damping. The shape of ice
accumulated on the blade depends on many parameters, which vary stochastically in space and time.
Instead of predicting ice shapes on the turbine blade, this study considers two different ice shapes
predicted on a National Advisory Committee for Aeronautics (NACA) 0012 aerofoil in [11] which
are replicated on the Tjaereborg 2 MW wind turbine blade aerofoils to investigate their influence
on the modal behavior of the blade. These two ice shapes are approximated using discrete Fourier
sine series whose coefficients can be scaled to add any desired amount of ice on the leading edge
of aerofoil sections. Structural and aerofoil details of this wind turbine blade are reported in [12,13],
which is a constant speed pitch controlled turbine. Wind turbine blades are made of aerofoil cross
sections which are twisted and tapered along the blade length. The vibration behavior in bending and
torsion are therefore coupled. Kim and Lee [14] analyzed wind turbine blade modal characteristics
using the assumed modes method, which is computationally efficient and accurate. In this study,
partial differential equations governing blade in-plane (edgewise), out-of-plane (flapwise), axial and
torsional vibrations are derived using Hamilton’s principle, which are then analyzed using finite
element method (FEM). Beddoes-Leishman unsteady attached flow aerodynamic model is used
together with the FEM model of the blade. Static aerodynamic coefficients (lift, drag and pitching
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moment) of the aerofoils are calculated using the JavaFoil [15] program. Two different ice shapes with
two different ice mass distributions are considered in this study and their influences on the blade’s
structural and aerodynamic properties are evaluated. Natural frequencies and damping factors of the
iced blades are determined using eigenvalue analysis of the aeroelastic equations of motion.

2. Structural Model

Partial differential equations governing the blade vibrations are derived in this section based
on the derivation in [14]. A rotating coordinate system OXYZ fixed at the hub center, as shown in
Figure 2, is considered to derive governing equations of the wind turbine blade vibrations. Pitch axis
of the blade (assumed to pass through quarter chord points of the aerofoil sections) coincides with the
x-axis of the coordinate system. Blade vibrations degrees of freedom (DOF) in axial (u), chordwise (v),
flapwise (w) and torsional (φ) motions are considered in this study.
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Figure 2. Schematic diagram of the wind turbine blade with vibrations degrees of freedom (DOF).

The position vector of the center of gravity (G) of an aerofoil section at a distance x from the blade
root, assuming small torsional vibrations (φ) is given in Equation (1), and its velocity and angular
velocity vectors are given in Equations (2) and (3), which are used to determine the kinetic energy of
the blade.
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where h is the hub radius; eη, eξ are the distances from the pitch axis to the center of gravity along
the chord line and perpendicular to the chord line, respectively; θ is the sum of blade twist and pitch
angles; Ω is the blade angular velocity; and (·) refers to the temporal differentiation.

The equations of kinetic energy, strain energy and potential energy (due to the centrifugal and
gravitational forces) of the whole blade are given in Equations (4)–(6).

T =
1
2

lw

0

(
ρA|

→
VG|2 + JP|

→
ω|2

)
dx (4)

ΠE =
1
2

lw

0

(
EA

(
u′
)2

+ EIY (w′′ )2 + EIZ (v′′ )2 + 2 EIYZ (w′′ ) (v′′ ) + GJ
(
φ′
)2
)

dx (5)
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ΠC+G =
1
2

lw

0

Fax

((
w′
)2

+
(
v′
)2
)

dx +
lw

0

ρAg sin (Ωt) (v− (eηsinθ+ eξcosθ) φ) dx (6)

where Fax = ρAΩ2
{

h (l − x) + 1
2
(
l2 − x2)}+ ρAg (l − x) cos (Ωt); Fax is the axial force acting on the

blade section which is at a distance of x from the blade root; T, ΠE, ΠC+G are the blade’s kinetic energy,
strain energy and potential energy (due to centrifugal and gravity forces), respectively; ρA, JP are the
mass density and polar mass moment of inertia of the blade section about the pitch axis, respectively;
l is the blade length; EIY, EIZ, EIYZ are the blade flexural rigidities and GJ is the torsional rigidity of the
blade; g is the acceleration due to gravity; and (′) refers to the spatial differentiation with respect to x.

Work done by the generalized forces fu, fv, fw, fφ corresponding to the u, v, w, φ degrees of
freedom is given below.

WE = fu u + fv v + fw w + fφφ (7)

Linear partial differential equations governing the vibration behavior of wind turbine blade are
derived using the Hamilton’s principle given in Equation (8) by assuming small amplitude vibrations.
The resulting equations are given in Appendix.

δ

t2w

t1

[T − (ΠE + ΠC+G) + WE] dt = 0 (8)

3. Aerodynamic Model

Blade element momentum (BEM) theory [16] is used to calculate the aerodynamic loads
considering Prandtl’s tip loss factor and Glauert corrections. The wind enters aerofoil sections of
the blade with a relative velocity, which is a resultant of its tangential velocity due to rotation and
wind velocity. Velocity triangles without and with considering blade vibrations are shown in Figure 3.
Expressions for the inflow angle and angle of attack (AOA) without considering blade vibrations are
given in Equations (9) and (10).

θi f 0
= tan−1

(
Vw (1− a)
rΩ (1 + a′)

)
(9)

α0 = θi f0 − θ (10)

where θi f 0
,α0 are the inflow angle and angle of attack, respectively, ignoring the blade vibrations; θ is

the sum of blade pitch angle and aerofoil section twist angle; Vw and Ω are the wind velocity and
blade angular velocity, respectively; r is the radial distance of the blade section from the hub center
along the pitch axis; and a and a′ are the axial and tangential induction factors, respectively.

Energies 2016, 9, 862  4 of 14 

            2 2 2 2

0

1
2

2

l

E Y Z YZEA u EI w EI v EI w v GJ dx              (5) 

         2 2

η ξ
0 0

1 ρ sin sin cosθ
2

l l

C G axF w v dx Ag t v e e dx              (6) 

where         2 2 21ρ ρ cos
2axF A h l x l x Ag l x t

         
 

;  Fax  is  the  axial  force  acting  on  the  blade 

section which  is at a distance of x  from  the blade root; T, ΠE, ΠC+G are  the blade’s kinetic energy, 

strain energy and potential energy (due to centrifugal and gravity forces), respectively; ρA, JP are the 

mass  density  and  polar  mass  moment  of  inertia  of  the  blade  section  about  the  pitch  axis, 

respectively; l is the blade length; EIY, EIZ, EIYZ are the blade flexural rigidities and GJ is the torsional 

rigidity of the blade; g is the acceleration due to gravity; and (’) refers to the spatial differentiation 

with respect to x. 

Work done  by  the  generalized  forces  fu,  fv,  fw,  fφ  corresponding  to  the  u, v, w, φ degrees  of 

freedom is given below. 

E u v wW f u f v f w f       (7) 

Linear partial differential equations governing the vibration behavior of wind turbine blade are 

derived using the Hamilton’s principle given in Equation (8) by assuming small amplitude vibrations. 

The resulting equations are given in Appendix. 

 
2

1

0
t

E C G E

t

T W dt          (8) 

3. Aerodynamic Model 

Blade  element  momentum  (BEM)  theory  [16]  is  used  to  calculate  the  aerodynamic  loads 

considering Prandtl’s tip loss factor and Glauert corrections. The wind enters aerofoil sections of the 

blade with a relative velocity, which is a resultant of its tangential velocity due to rotation and wind 

velocity. Velocity  triangles without and with considering blade vibrations are shown  in Figure 3. 

Expressions for the inflow angle and angle of attack (AOA) without considering blade vibrations are 

given in Equations (9) and (10). 

 
 0

1 1
tan

1 '
w

if

V a

r a

 

      
  (9) 

0
0 θ θif    

(10) 

where 
0

0θ ,αif   are the inflow angle and angle of attack, respectively, ignoring the blade vibrations; θ 

is the sum of blade pitch angle and aerofoil section twist angle; Vw and Ω are the wind velocity and 

blade angular velocity, respectively; r is the radial distance of the blade section from the hub center 

along the pitch axis; and a and a’ are the axial and tangential induction factors, respectively. 
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Blade vibration velocities change the relative velocity of wind entering the blade section and
inflow angle as shown in Figure 3b. As the blade vibrations DOF are defined about the pitch axis,
both the inflow angle and the AOA evaluated at the 3/4 chord point now depend on the torsional
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vibrations. Expressions for the inflow angle, angle of attack considering blade vibrations are given in
Equations (11) and (12).

θi f = tan−1
(

Vw (1− a) + V1

rΩ (1 + a′) + V2

)
(11)

α = θi f − (θ+φ) (12)

where V1 =
.

w− (1/2− εea) bhccos (θ)
.
φ ; V2 =

.
v+(1/2− εea) bhcsin (θ)

.
φ; θi f , α are the inflow angle

and angle of attack considering blade vibrations, respectively;
.
v,

.
w,

.
φ are the velocities of the blade

edgewise, flapwise and torsional vibrations, respectively; φ refers to the blade torsional vibrations;
bhc is the half chord length of the aerofoil; and εea =

ε−bhc
bhc

, ε is the distance between pitch axis and the
midpoint of the chord.

Change in the AOA due to blade vibrations can be approximated [17] according to Equation (13).

∆α = α− α0 ≈
r Ω (1 + a′)

V2
rel0

V1 −
Vw (1− a)

V2
rel0

V2 −φ (13)

Lift, drag and pitching moment coefficients at the angle of attack α can be approximated using
first-order Taylor series expansion about α0 as given in Equation (14).

CL (α) ≈ CL (α0) + C′L (α0) ∆α

CD (α) ≈ CD (α0) + C′D (α0) ∆α

CM (α) ≈ CM (α0) + C′M (α0) ∆α
(14)

where CL, CD, CM are the lift, drag and moment coefficients of the aerofoil, respectively; and CL
′,

CD
′, CM

′ are the slopes of the lift, drag and moment coefficient curves. The approximation of these
coefficients about α0 for small ∆α values will have an error of less than one percent.

The total lift force generated by wind blowing over the blade consists of circulatory and
non-circulatory (virtual or added mass) contributions, which are given in Equations (15) and (16).
Circulatory lift accounts for the unsteady time lag effects caused by the vorticity shed into
the wake [18,19].

Lnc =
(
πρa b2

hc

) ..
w +

(
πρa b3

hc εea

) ..
φ+

(
−πρa b2

hc Vrel0

) .
φ (15)

Lcirc = ρa bhc V2
rel0 CL (α0) + ρa bhc V2

rel0 C′L (α0) αe f f (16)

Lift = Lnc + Lcirc (17)

where αe f f = (∆α) φ0 + z1 + z2; φ0 is the value of Wagner’s indicial function φ (τ) ≈ 1− A1e−b1τ −
A2e−b2τ at t = 0, where τ = Vrel0 t/bhc, A1, A2, b1, b2 are the parameters of two exponential time-lag
terms; z1, z2 refer to additional state variables that describe time lag effects of the wake; ρa refers to the
mass density of the air; and Vrel0 is the resultant of velocity components Vw(1 − a) and rΩ(1 + a′).

Total drag force of the blade consists of two parts: static and induced drag [18], which are given
in Equations (18) and (19).

Dstatic = ρa bhc V2
rel0 CD (α0) + ρa bhc V2

rel0 C′D (α0) αe f f (18)

Dinduced = ρa bhc V2
rel0 CL (α0)

(
−αe f f

)
(19)

Drag = Dstatic + Dinduced (20)
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Total pitching moment loads acting on the blade consist of circulatory and non-circulatory
contributions [18] similar to the lift force and they are given in Equations (21) and (22).

Mnc =
(
πρa b3

hc εea

) ..
w +

(
πρa b4

hc

(
1
8
+ ε2

ea

))
..
φ +

(
πρa b3

hc Vrel0

(
1
2
− εea

))
.
φ (21)

Mcirc = 2ρa b2
hc V2

rel0 CM (α0) + 2ρa b2
hc V2

rel0 C′M (α0) αe f f (22)

Moment = Mnc + Mcirc (23)

The z1, z2 terms are additional state variables that describe time lag effects of the wake and they
are computed from the first order differential equations [18]:

.
z1 +

Vrel0
bhc

b1 z1 −
Vrel0
bhc

b1 A1 ∆α = 0

.
z2 +

Vrel0
bhc

b2 z2 −
Vrel0
bhc

b2 A2 ∆α = 0
(24)

The coefficients of exponential terms in the Wagner’s function are given in [20] to approximate
the response of a flat plate. The same values are used in this study, they are given as follows A1 = 0.165;
A2 = 0.335; b1 = 0.0455; b2 = 0.3.

The generalized forces corresponding to the blade vibrations u, v, w, φ are given in Equation (25)
in terms of aerodynamic loads defined above.

fu = 0

fv = (Li f t) sin
(
θi f0

)
− (Drag) cos

(
θi f0

)

fw = − (Li f t) cos
(
θi f0

)
− (Drag) sin

(
θi f0

)

fφ = −Moment

(25)

4. Leading Edge Ice Shapes

Two types of icing occur in wind turbines: glaze and rime ice. Glaze ice is caused by freezing
rain or wet in-cloud icing, and normally causes smooth evenly distributed ice accretion. Rime forms
through the deposition of super-cooled fog or cloud droplets and is the most common form of in-cloud
icing. Rime tends to form vanes on the windward side of the blades. Icing of the blade depends on
the geometric parameters (thickness, chord length and the radial location of the aerofoil section) and
site-specific operating conditions (ambient temperature, moisture content of the air, wind velocity
and the duration of icing event). Most of these parameters vary stochastically in space and time.
Multi-physics analyses involving heat transfer and computational fluid dynamics (CFD) approach are
used in the tools LEWICE [21], TURBICE [1], FENSAP-ICE [11] to predict atmospheric icing on wind
turbine blades. The inputs to these tools are wind velocity, ambient temperature, liquid water content
(LWC), median volume diameter (MVD), or droplet size and duration of the icing event. All these
parameters are different for different wind turbine sites and they even change for turbines within the
site. In this study, instead of predicting ice shapes using these parameters, two ice shapes predicted
in [11] are considered. These two shapes, Ice shapes 1 and 2 (shown in Figure 4a) are approximately
replicated using a discrete Fourier sine series on the current Tjaereborg wind turbine blade’s aerofoil
in Figure 4b.
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Figure 4. (a) Ice shapes predicted in [11]; and (b) Ice shapes replicated using discrete Fourier sine series.
(The left figure refers to Ice shape 1 and right figure refers to Ice shape 2).

5. Ice Mass Distribution

Ice accumulation on the wind turbine blades is not same across the blade length. The ice
accumulation on wind turbines depends on many parameters and it increases with the duration of
icing event. Ice on the blades causes more loads and vibrations in the turbine. In order to certify wind
turbines and their components for cold climate operation, Germanischer Lloyd (GL) [22] proposed
a guideline that defines the maximum ice mass distribution on the blade to calculate loads acting on
the turbine in various design load cases. The actual ice mass may be lower than this limit, but the
turbines are certified for loads corresponding to this mass limit. More ice accumulates near the blade
tip as air enters here with higher relative velocity. Also, this portion of the blade sweeps more area
in rotation compared to the portion of the blade near the root. GL ice mass distribution is defined
by modeling this nature of ice accumulation, so this guideline is more applicable in the absence of
global design guidelines for calculating wind turbine loads in cold climate. In the GL guideline, ice
mass density linearly increases from zero at the blade root to a value of µE until the half-blade length;
thereafter, mass density is constant towards the tip as shown in Figure 5a. The value of µE is calculated
as follows [22]:

µE = ρE k cmin (cmax + cmin) (26)

where ρE is the ice density (700 kg/m3); k = 0.00675 + 0.3e(−0.32 R
R1

); R is the rotor radius in meter
unit, R1 = 1 m; and cmax, cmin are the maximum and minimum chord lengths of the blade in meter
unit, respectively.

For the current Tjaereborg wind turbine blade, the value of µE is 19.19 kg/m, which corresponds
to an ice mass of 417 kg (about 5% of blade mass). In this study, two ice mass distributions 50% and
100% of µE value are considered along the blade and the case of 100% GL ice mass distribution with
Ice shape 2 is shown in Figure 5b.
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Figure 5. (a) Germanischer Lloyd (GL) ice mass distribution; and (b) 100% GL ice mass distribution on
the Tjaereborg turbine blade with Ice shape 2.

6. Results and Discussion

Blade structural and aerodynamic models described in the previous sections are used to model
Tjaereborg 2 MW wind turbine blade vibrations. Details about the structural and aerofoil sections of
the blade are reported in [12,13]. Static aerodynamic coefficients (CL, CD, CM) of the blade’s aerofoil
sections are calculated using the JavaFoil [15] program. Aeroelastic partial differential equations
obtained after introducing generalized forces in the structural equations are analyzed using FEM.
Eigenvalue analysis is carried out to obtain natural frequencies and damping factors of the blade
vibration modes. The first few modal frequencies of the non-rotating blade without ice are given in
Table 1 and compared with the frequencies reported in [23] for checking the accuracy of the FEM
model of the structural vibrations. These frequencies are calculated by ignoring aerodynamic loads.
The current FEM model’s natural frequencies closely match with those reported in [23]. Aeroelastic
natural frequencies and modal damping factors of this blade without ice are calculated at the operating
wind velocities between 5 m/s and 25 m/s and shown in Figure 6. Natural frequencies slightly change
with wind velocities and these changes are not noticeable in the plot, whereas modal damping changes
are noticeable. The wind turbine operates at zero pitch angle from the cut-in to rated wind velocity,
where turbine power output increases from the minimum to its rated power and the angle of attack
(α0) steadily increases. Above the rated wind velocity, turbine blades are pitched to generate its rated
power, so the rate of change in the angle of attack with respect to wind velocity increases due to
pitching. This introduces different slopes of the aerodynamic coefficient curves, i.e., CL

′, CD
′, CM

′ in
Equations (16), (17) and (22). These will change aerodynamic damping in the aeroelastic equations
of motion, modal damping factors will thus have a sharp change just above the rated wind velocity.
Positive damping factors of the vibration modes in the operating wind velocity range with clean
aerofoils (Figure 6b) indicate the stable behavior of the blade vibrations.

Table 1. Modal frequencies of the stationary blade.

Vibration Mode
Natural Frequency (Hz)

FEM Model Reference [23]

1st Flapwise 1.19 1.17
1st Edgewise 2.34 2.30
2nd Flapwise 3.46 3.39
3rd Flapwise 7.26 -

2nd Edgewise 7.89 -
4th Flapwise 12.76 -
1st Torsion 14.44 -
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Figure 6. Aeroelastic (a) natural frequencies and (b) damping factors without ice on the blade.

Aerofoil sections near the blade root are larger in size, but accumulate less ice, whereas aerofoil
sections near the blade tip are smaller in size, but accumulate more ice, since they sweep through
a larger area in rotation. Thus the aerofoil shapes near the blade tip are more distorted with ice whose
aerodynamic behavior is most affected. Two different ice mass distributions 50% and 100% of the
GL ice mass limit with the ice shapes shown in Figure 4b are created on the blade and their static
aerodynamic coefficients (lift, drag and pitching moment) are determined using JavaFoil [15]. Lift and
drag coefficients of the iced NACA 4412 aerofoil used at the blade tip are compared with that of the
clean aerofoil in Figure 7. These coefficients of the iced aerofoil are obtained after normalizing with
the new chord length, which increases due to ice. Distortion in the aerofoil shape with ice reduces
the lift force and increases drag force on the aerofoil sections (Figure 7), which causes a drop in the
power output. The power curves predicted for the cases of the clean and iced blade are shown in
Figure 8. Wind turbines with iced blades would not be able to produce rated power at their rated wind
velocities. Iceshape 1 causes more drop in the power output compared to the Ice shape 2 for the same
amounts of ice mass. This indicates that the aerodynamic behavior of the blade with Ice shape 1 is
more deteriorated than with the Ice shape 2. Here, the blade with 100% GL ice mass defined by Ice
shape 1 is not able to produce rated power in its entire operating wind velocity range.

Energies 2016, 9, 862  9 of 14 

 

 
(a)  (b) 

Figure 6. Aeroelastic (a) natural frequencies and (b) damping factors without ice on the blade. 

Aerofoil sections near the blade root are larger in size, but accumulate less ice, whereas aerofoil 

sections near the blade tip are smaller in size, but accumulate more ice, since they sweep through a 

larger area in rotation. Thus the aerofoil shapes near the blade tip are more distorted with ice whose 

aerodynamic behavior is most affected. Two different ice mass distributions 50% and 100% of the GL 

ice mass  limit with  the  ice  shapes  shown  in  Figure  4b  are  created  on  the  blade  and  their  static 

aerodynamic coefficients (lift, drag and pitching moment) are determined using JavaFoil [15]. Lift 

and drag coefficients of the iced NACA 4412 aerofoil used at the blade tip are compared with that of 

the clean aerofoil in Figure 7. These coefficients of the iced aerofoil are obtained after normalizing 

with  the new  chord  length, which  increases due  to  ice. Distortion  in  the  aerofoil  shape with  ice 

reduces the lift force and increases drag force on the aerofoil sections (Figure 7), which causes a drop 

in the power output. The power curves predicted for the cases of the clean and iced blade are shown 

in Figure 8. Wind turbines with iced blades would not be able to produce rated power at their rated 

wind velocities. Iceshape 1 causes more drop in the power output compared to the Ice shape 2 for 

the same amounts of  ice mass. This indicates that the aerodynamic behavior of the blade with Ice 

shape 1  is more deteriorated  than with  the  Ice  shape  2. Here,  the blade with  100% GL  ice mass 

defined by Ice shape 1 is not able to produce rated power in its entire operating wind velocity range. 

 
(a) 

Figure 7. Cont.



Energies 2016, 9, 862 10 of 14
Energies 2016, 9, 862  10 of 14 

 
(b) 

 

Figure 7. (a) Lift and (b) drag coefficients of the clean and iced aerofoil NACA 4412 at the blade tip. 

 

Figure 8. Power curves of the turbine with clean and iced blades. 

Ice accumulation changes the aerodynamic behavior of the blade’s aerofoil sections, while its 

mass  introduces  changes  in  the  blade  structural  properties.  Both  structural  and  aerodynamic 

property changes in the blade due to ice will affect its modal behavior. Natural frequencies of the 

blade rotating at its rated speed considering only the structural changes due to ice are compared in 

Table 2 with the frequencies of the blade without ice. Blade natural frequencies reduce about 5%–6% 

with  50%  GL  ice mass  and  about  9%–11%  with  100%  GL  ice mass.  The  reduction  in  natural 

frequencies depends on how the ice mass is distributed along the blade. If aerodynamic changes are 

also considered along with the structural changes due to ice, natural frequency values don’t change 

significantly, but their damping factors vary significantly and can also  lead to unstable vibrations 

(damping  factors become negative). Aerodynamic  loads  contribute  to damping  in  the aeroelastic 

equations of motion of the blade, which are highly affected by ice on the blades and modal damping 

factors of  the blade change accordingly. Modal damping  factors considering  two  ice shapes with 

50% and 100% GL  ice mass distributions are shown  in Figure 9. Flapwise modes of  the blade are 

more damped when compared to the edgewise modes in the case of blade without ice (refer Figure 

6), but icing reduces damping factors of these flapwise modes. In the case of 100% GL ice mass with 

Ice shape 1, the damping factor of few modes becomes negative above 12 m/s wind velocity. In the 

case of Iceshape 2, the damping factor of few modes becomes negative over a small wind velocity 

range between 15 m/s and 17 m/s. Negative damping  factor at  these wind velocities would mean 

violent vibrations in the wind turbine blade if operated with ice. 

  

Figure 7. (a) Lift and (b) drag coefficients of the clean and iced aerofoil NACA 4412 at the blade tip.

Energies 2016, 9, 862  10 of 14 

 
(b) 

 

Figure 7. (a) Lift and (b) drag coefficients of the clean and iced aerofoil NACA 4412 at the blade tip. 

 

Figure 8. Power curves of the turbine with clean and iced blades. 

Ice accumulation changes the aerodynamic behavior of the blade’s aerofoil sections, while its 

mass  introduces  changes  in  the  blade  structural  properties.  Both  structural  and  aerodynamic 

property changes in the blade due to ice will affect its modal behavior. Natural frequencies of the 

blade rotating at its rated speed considering only the structural changes due to ice are compared in 

Table 2 with the frequencies of the blade without ice. Blade natural frequencies reduce about 5%–6% 

with  50%  GL  ice mass  and  about  9%–11%  with  100%  GL  ice mass.  The  reduction  in  natural 

frequencies depends on how the ice mass is distributed along the blade. If aerodynamic changes are 

also considered along with the structural changes due to ice, natural frequency values don’t change 

significantly, but their damping factors vary significantly and can also  lead to unstable vibrations 

(damping  factors become negative). Aerodynamic  loads  contribute  to damping  in  the aeroelastic 

equations of motion of the blade, which are highly affected by ice on the blades and modal damping 

factors of  the blade change accordingly. Modal damping  factors considering  two  ice shapes with 

50% and 100% GL  ice mass distributions are shown  in Figure 9. Flapwise modes of  the blade are 

more damped when compared to the edgewise modes in the case of blade without ice (refer Figure 

6), but icing reduces damping factors of these flapwise modes. In the case of 100% GL ice mass with 

Ice shape 1, the damping factor of few modes becomes negative above 12 m/s wind velocity. In the 

case of Iceshape 2, the damping factor of few modes becomes negative over a small wind velocity 

range between 15 m/s and 17 m/s. Negative damping  factor at  these wind velocities would mean 

violent vibrations in the wind turbine blade if operated with ice. 

  

Figure 8. Power curves of the turbine with clean and iced blades.

Ice accumulation changes the aerodynamic behavior of the blade’s aerofoil sections, while its
mass introduces changes in the blade structural properties. Both structural and aerodynamic property
changes in the blade due to ice will affect its modal behavior. Natural frequencies of the blade rotating
at its rated speed considering only the structural changes due to ice are compared in Table 2 with the
frequencies of the blade without ice. Blade natural frequencies reduce about 5%–6% with 50% GL ice
mass and about 9%–11% with 100% GL ice mass. The reduction in natural frequencies depends on
how the ice mass is distributed along the blade. If aerodynamic changes are also considered along
with the structural changes due to ice, natural frequency values don’t change significantly, but their
damping factors vary significantly and can also lead to unstable vibrations (damping factors become
negative). Aerodynamic loads contribute to damping in the aeroelastic equations of motion of the
blade, which are highly affected by ice on the blades and modal damping factors of the blade change
accordingly. Modal damping factors considering two ice shapes with 50% and 100% GL ice mass
distributions are shown in Figure 9. Flapwise modes of the blade are more damped when compared
to the edgewise modes in the case of blade without ice (refer Figure 6), but icing reduces damping
factors of these flapwise modes. In the case of 100% GL ice mass with Ice shape 1, the damping factor
of few modes becomes negative above 12 m/s wind velocity. In the case of Iceshape 2, the damping
factor of few modes becomes negative over a small wind velocity range between 15 m/s and 17 m/s.
Negative damping factor at these wind velocities would mean violent vibrations in the wind turbine
blade if operated with ice.
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Table 2. Effect of GL ice mass on the natural frequencies of the blade rotating at its rated speed
22.36 rpm.

Vibration Mode
Natural Frequency (Hz)

No Ice 50% GL Ice 100% GL Ice

1st Flapwise 1.35 1.27 1.20
1st Edgewise 2.39 2.26 2.14
2nd Flapwise 3.60 3.39 3.23
3rd Flapwise 7.39 7.02 6.71

2nd Edgewise 7.95 7.54 7.21
4th Flapwise 12.89 12.31 11.81
1st Torsion 14.44 13.59 12.86
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The GL guideline only specifies the ice mass distribution along the blade and does not specify
the ice shape. Either using simulation tools discussed in Section 4 or from the images of iced blades,
ice shapes on the blade can be obtained. These ice shapes can be replicated using the discrete Fourier
sine series and their coefficients can be scaled to have the desired amount of ice mass on the blade
as shown in this paper. In this paper, aerodynamic coefficients of the clean and iced aerofoils are
calculated using JavaFoil (panel code), which only approximately estimates their aerodynamic behavior.
The aerodynamic behavior of aerofoils is well predicted by panel codes in comparison to CFD at low
angles of attack only. Panel codes are not able to accurately predict aerodynamic behavior at high angles
of attack as the fluid flow separates from aerofoil surface, due to which lift force is over-predicted
and drag force is under-predicted. The flow separation could be an issue for the irregular shapes of
aerofoils in the case of rime ice, which can happen even at low angles of attack. JavaFoil over-predicts
the aerodynamic coefficient curves and their slopes [15]. We are not able to compare JavaFoil results of
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the iced aerofoils with other tools XFoil or XFLR5, as they did not converge for the distorted aerofoil
shapes with ice. The aerodynamic behavior can only be compared with CFD simulations of the iced
aerofoils and the authors plan this as a future work. In this paper, as we used JavaFoil for analyzing
the aerodynamic behavior of both clean and iced aerofoils, the qualitative difference between them is
still assumed to be true.

7. Summary and Conclusions

Partial differential equations governing the aeroelastic vibration behavior of the wind turbine
blade are derived, which are then used to analyze the Tjaereborg 2 MW wind turbine blade vibrations
using FEM. Two different ice shapes predicted in the literature are distributed according to GL
specification on the blade and their influence on the blade natural frequencies and damping factors are
investigated. Ice on the blade alters its structural properties (mass and inertia) and distortions in the
aerofoil shapes affect its aerodynamic behavior. The aeroelastic changes in the blade due to ice affect
its modal behavior as well as reducing turbine power output. Structural changes in the blade due to
ice reduce its natural frequencies, whereas modal damping factors reduce according to the changes in
aerodynamic behavior due to ice.

Out of the two ice shapes analyzed in this study, Ice shape 1 causes a greater drop in the power
output compared to Ice shape 2 for the same amounts of ice mass. Under severe icing conditions
(100% GL ice mass) with Ice shape 1, the damping factor of the first flap mode reduces more and
becomes negative within the operating wind velocity range of this turbine, indicating the unstable
vibration behavior of the blade. Ice leads to instability in the Tjaereborg wind turbine blade vibrations,
which are otherwise stable without ice. If a greater drop in the power output is observed, along with
reduction in blade natural frequencies during the turbine operation, it is required for safety to shut
down the turbine and remove ice by starting deicing systems. In this study, the influences of smooth
ice shapes on modal damping factors are investigated. However, a rough surface in the case of rime
ice will have a different aerodynamic behavior causing a drastic drop in the turbine power output and
modal damping. Thus, wind turbines for cold climates need to be robustly designed to withstand
blade icing by evaluating their designs with various ice shapes and ice masses so that the limits of
icing can be defined for the safe operation of the turbines.
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Appendix

Coupled partial differential equations governing wind turbine blade axial, edgewise, flapwise and
torsional vibrations are given below.
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Abbreviations

FEM Finite element method
DOF Degree of freedom
GL Germanischer Lloyd
BEM Blade element momentum theory
AOA Angle of attack
NREL National Renewable Energy Laboratory
NACA National Advisory Committee for Aeronautics

Nomenclature

G Aerofoil section’s center of gravity
GJ Torsional rigidity of the blade
T Total kinetic energy of the blade
a Axial induction factor
h Hub radius
l Length of the blade
r Radial position of the aerofoil section from hub axis
x Radial position of the aerofoil section from blade root
u Axial vibration DOF
v In-plane vibration DOF
w Out-of-plane vibration DOF
θ Sum of blade pitch and aerofoil section twist angles
φ Torsional vibration DOF
ε Distance between pitch axis and midpoint of the chord
Ω Rotational frequency of the blade
ρA Linear mass density of the blade
A1, A2, b1, b2 Parameters of two exponential time-lag terms in Wagner’s indicial function
CL,CD,CM Lift, drag and pitching moment coefficients
CL
′,CD

′,CM
′ Derivatives of the lift, drag and moment coefficient curves

EIY, EIZ, EIYZ Blade flexural rigidities
Fax Radial force acting on the blade section
JP Polar mass moment of inertia of the blade section
Vw Wind velocity
Vrel0, Vrel Relative velocities of the wind without and with considering blade vibrations
a′ Tangential induction factor
bhc Half chord length
fu, fv, fw, fφ Generalized forces acting on the blade in u, v, w, φ DOF
z1, z2 Additional state variables that describe time lag effects of the wake

eη, eξ
Distances from the pitch axis to the center of gravity along the chord line and
perpendicular to the chord line

ΠE, ΠC+G Blade’s strain energy and potential energy due to centrifugal and gravitational forces
θi f0 , θi f Inflow angles without and with considering blade vibrations
α0,α Angle of attacks without and with considering blade vibrations
φ0 The value of Wagner’s indicial function at t = 0
ρa Density of the air
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Abstract: Structures vibrate with their natural frequencies when disturbed from their equilibrium
position. These frequencies reduce when an additional mass accumulates on their structures, like
ice accumulation on wind turbines installed in cold climate sites. The added mass has two features:
the location and quantity of mass. Natural frequencies of the structure reduce differently depending
on these two features of the added mass. In this work, a technique based on an artificial neural
network (ANN) model is proposed to identify added mass by training the neural network with
a dataset of natural frequencies of the structure calculated using different quantities of the added
mass at different locations on the structure. The proposed method is demonstrated on a non-rotating
beam model fixed at one end. The length of the beam is divided into three zones in which different
added masses are considered, and its natural frequencies are calculated using a finite element model
of the beam. ANN is trained with this dataset of natural frequencies of the beam as an input and
corresponding added masses used in the calculations as an output. ANN approximates the non-linear
relationship between these inputs and outputs. An experimental setup of the cantilever beam is
fabricated, and experimental modal analysis is carried out considering a few added masses on the
beam. The frequencies estimated in the experiments are given as an input to the trained ANN
model, and the identified masses are compared against the actual masses used in the experiments.
These masses are identified with an error that varies with the location and the quantity of added mass.
The reason for these errors can be attributed to the unaccounted stiffness variation in the beam model
due to the added mass while generating the dataset for training the neural network. Therefore, the
added masses are roughly estimated. At the end of the paper, an application of the current technique
for detecting ice mass on a wind turbine blade is studied. A neural network model is designed and
trained with a dataset of natural frequencies calculated using the finite element model of the blade
considering different ice masses. The trained network model is tested to identify ice masses in four
test cases that considers random mass distributions along the blade. The neural network model is
able to roughly estimate ice masses, and the error reduces with increasing ice mass on the blade.

Keywords: artificial neural network; ice mass; detection; wind turbine blade; natural frequency

1. Introduction

Wind turbine installations in the northeastern and mid-Atlantic U.S., Canada, Northern Europe
and other high altitude areas are increasing due to good wind resources. Cold and humid weather
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conditions in these sites in winters increase the risk of ice accretion on wind turbines. Ice accumulates
on the wind turbine blades when moisture in the air impacts the cold surface of the blades. The amount
of ice accretion depends on various parameters, like ambient temperature, the moisture content of the
air, wind velocity and the duration of the icing event. The global wind energy installations in cold
climate regions reached a capacity of 127 GW at the end of 2015, and the forecast is that it would reach
a capacity of 186 GW by the end of 2020 [1]. Icing of the rotor blades results in reduced turbine power
output as icing reduces the lift force and increases the drag force [2,3]. Additionally, nacelle vibration
amplitudes increase during the icing conditions, so icing can be detected more reliably using the power
curve analysis along with nacelle vibration analysis [4]. Etemaddar et al. [5] investigated the effects
of atmospheric ice accumulation on the aerodynamic performance and structural response of a wind
turbine, and they predicted that the relative change in mean value is bigger than the change in standard
deviation for most of the response quantities (rotor speed, torque, power, thrust and structural loads)
of the iced blade. Alsabagh et al. [6] considered different ice mass distributions as defined in the ISO
12494:2001 standard on a multi megawatt wind turbine blade. They analyzed the influences of ice
mass on natural frequencies and dynamic magnification factors (ratio of the dynamic deflection to
static deflection), by considering only the mass changes in the blade. Gantasala et al. [7] analyzed the
modal behavior of a 2-MW wind turbine blade under icing conditions. Their analysis showed that the
aeroelastic damping factors of the vibration modes reduce when ice accumulates on the blade.

Icing causes measurement errors in the instruments, reduces turbine power output, increases
vibrations and loads in the mechanical components and increases the noise and safety risks of ice
shedding [8]. Turbine manufacturers are working on technologies to prevent ice formation on the
blades, known as anti-icing methods, and ice removal using hot air or heating resistance, known as
de-icing methods. For efficient operation of these systems, ice formation needs to be detected in the
early stages so that the losses due to blade icing can be minimized and also de-icing of the blades can
be performed with less external power. This requires a reliable technique to detect the location and
quantity of ice mass on the blades. An ideal de-icing system can be designed with such a technique to
automatically stop the turbine and remove ice once an icing event is detected, which will eliminate the
need of physical inspection by the turbine maintenance personnel.

Homola et al. [9] investigated 29 different ice sensors and concluded that no sensor performs
satisfactorily in different conditions arising in turbine operation. The ice detection sensors can be
broadly divided into nacelle- and blade-based systems, and some of these systems are evaluated in [10].
The main disadvantage with nacelle-based systems is that they detect ice based on the operating
conditions existing at the nacelle height. In the case of larger wind turbine blades, nacelle-based
systems cannot identify icing events caused when cloud heights are above or below the nacelle height.
Icing in the outer half of the blade reduces power output more, and this portion of the blade generally
accumulates more ice as it sweeps through a larger area in rotation and experiences wind at higher
relative velocity. Thus, ice detection using sensors installed on the blade near the tip region can reliably
and efficiently detect icing.

The increase in blade mass due to the ice accumulation reduces its natural frequencies depending
on the quantity of accumulated ice mass and its location along the blade. The ice detection systems,
like the BLADEControl system [11,12] and fos4blade IceDetection [10,13], Wolfel IDD.Blade [14], detect
ice based on the deviations in blade natural frequencies. These systems detect icing while the turbine
is in operation or at a standstill condition, which enables the automatic restart of the turbine once
the blades are ice-free after de-icing. These systems indicate the state of icing on the blades, such as
ice-free, non-critical ice and critical ice, but cannot identify the location and quantity of ice mass. As the
blade natural frequencies change differently with the location and quantity of ice mass, the authors
propose an artificial neural network (ANN) model that detects ice mass accumulated in different
zones defined along the blade based on its natural frequencies. The ANN can be used to estimate
or approximate functions that depend on multiple variables. Function approximation is the task of
learning or constructing a function that generates approximately the same outputs from input vectors
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as the process being modeled, based on available training data [15]. ANNs are widely used in many
areas for function approximation and pattern recognition. Their applications in wind energy are
mainly focused on wind power forecasting and wind speed prediction, wind turbine power control,
identification and evaluation of faults [16]. Khadiri-Yazami et al. [17] used ANN to detect icing events
solely from the meteorological data measured on a 200-m met-mast at an icing relevant site in Germany.
They trained the network with measured data of temperature, wind velocity, relative humidity and
the existence of liquid water content in the air as inputs and events like icing or no-icing using the data
from ice sensors as outputs. The trained network is able to detect icing events accurately for the inputs
of some data measured in the same site other than the data used to train the network. This application
belongs to the category of pattern recognition using ANN.

In this work, the ice mass detection technique based on a neural network model is demonstrated
on a non-rotating cantilever beam. The vibrations of the beam are modeled using the finite element
method (FEM), and its natural frequencies are calculated from the eigenvalue analysis of the resulting
equations of motion (EOM). The cantilever beam’s length is divided into three zones, and different
added masses are considered along these zones to calculate its natural frequencies using the FEM
model. The dataset of beam natural frequencies and corresponding added masses considered in the
calculations are used to train the ANN. Later, the trained neural network model is used to identify
added masses corresponding to natural frequencies estimated from experimental modal analysis of the
beam with some added masses. After that, a study is carried out using the current detection technique
to identify ice mass on a 2-MW wind turbine blade.

2. Experimental Setup and Modal Analysis

A cantilever beam as shown in Figure 1 is fabricated, whose dimensions and material properties
are given in Table 1. An experimental modal analysis is carried out using an impact hammer for
exciting beam vibrations in the flap direction and measuring beam vibration accelerations using
a single-axis accelerometer. The details of the instruments used in the experimental modal analysis are
given in Table 2.

Figure 1. Experimental modal analysis setup.
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Table 1. Details of the cantilever beam.

Dimensions

Length 0.45 m
Width 0.02 m

Thickness 0.005 m

Material Properties

Young’s modulus 2.07× 1011 N/m2

Density 7656 kg/m3

Table 2. Modal analysis setup details.

Impact hammer Bruel & Kjaer Type 8206
Accelerometer Bruel & Kjaer Type 4507

Data acquisition card NI 9234
Modal analysis software DEWESo f tTMFRF

The frequency response function (FRF) obtained from the experimental modal analysis of the
cantilever beam is shown in Figure 2, where three vibration modes of the beam are identified.
These vibration modes are well separated from one another. In the vicinity of each resonance, the FRF
is dominated by the contribution of that particular mode alone, and the contributions of other vibration
modes are negligible [18]. When structural damping only is present in the system, the receptance
FRF traces a perfect circle on the Nyquist plane, and modal parameters can be estimated with better
accuracy by fitting a circle to the measured FRF [18], as shown in the Figure 3, which is obtained using
DEWESo f tTMFRF [19] for the vibrations measured in the experimental modal analysis.

Figure 2. Accelerance frequency response function calculated in the experimental modal analysis of
the cantilever beam.



Energies 2017, 10, 184 5 of 21

Figure 3. Circle fit method application to the three resonances of the cantilever beam.

3. FEM Modeling of the Beam

The cantilever beam used in the experimental setup is modeled using Euler beam theory and
discretized into finite elements, as shown in the Figure 4. The beam vibrations in vertical plane,
i.e., out-of-plane or flap degree of freedom, are only considered in this study. Each element consists of
two nodes, and each node has two degrees of freedom. The governing partial differential equations of
the beam vibrations given in Equation (1) are analyzed using the finite element method (FEM), and the
system matrices of the elements are assembled in the global matrices.

Figure 4. FEM model of the cantilever beam.

∂2

∂x2

(
EI (x)

∂2w (x, t)
∂x2

)
+ ρA (x)

∂2w (x, t)
∂t2 = 0 (1)

where EI(x) and ρA(x) refer to the section stiffness and linear mass density of the beam, respectively;
x is the distance of the blade section from the fixed support defined along its length; t refers to the
time; w(x, t) refers to the flap vibrations of the beam.

The equations of motion (EOM) obtained from the algebraic equations after discretization are
given in Equation (2). One end of the beam is applied fixed boundary conditions in the FEM model.

[M] {ẅ}+ [K] {w} = {0} (2)

where [M], [K] refers to the global mass and stiffness matrices of the beam; ẅ, w refers to the
accelerations and displacements of the vibration degrees of freedom of the beam.

In the experimental setup shown in Figure 1, an accelerometer is placed on the beam at a distance
of 0.15 m from its fixed end. The mass of the accelerometer is about 5 g, which is considered as
a point mass in the cantilever beam FEM model. As the beam’s cross-section is uniform throughout
the length, analytical expressions exist for its natural frequencies if the mass of the accelerometer is
ignored. Natural frequencies obtained from the eigenvalue analysis of the EOM are compared with the
analytical values and the values estimated from experiments in the Table 3. The FEM model’s natural
frequencies slightly differ from that of the analytical values due to the mass of the accelerometer.
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The application of the fixed boundary condition at one end of the beam in the FEM model makes the
support infinitely stiff. However, the support used in the experimental setup will have finite stiffness,
which is why the frequencies measured in experiments are lower than those calculated using the FEM
model. The finite stiffness of the support can be determined using model updating methods [20].
In this study, the support is modeled as two springs with the stiffnesses k1, k2 as shown in the Figure 5.
These stiffness values are added to the global stiffness matrix at the corresponding nodal position in the
FEM model. The parameters k1, k2 are iteratively changed using Equation (3), until the beam natural
frequencies calculated from the FEM model closely match with those estimated from experiments.
For further details on Equation (3), refer to Sections 2.6 and 8.2 in [21]. The stiffness values of k1, k2

are found in the model updating process as 5.6995× 106 N/m and 8420 Nm/rad. After updating the
FEM model with these support stiffnesses, the natural frequencies closely matching with the values
estimated from experimental modal analysis as shown in Table 3.

Table 3. Natural frequencies of the cantilever beam.

Vibration Mode
Natural Frequency (Hz)

Analytical # FEM (before Updating) Experiment FEM (after Updating)

1st Bending 20.74 20.72 20.18 20.26
2nd Bending 129.97 128.68 125.47 125.43
3rd Bending 363.96 358.63 347.97 347.95

# The mass of the accelerometer is not considered.

Figure 5. (a) Cantilever beam with fixed end; (b) cantilever beam supported on two springs.
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where θj+1, θj are two column vectors of size 2× 1 consisting of k1, k2 values in the (j + 1)-th and j-th

iteration as their elements; [Sj] =
∂λj
∂θ is a 3× 2 matrix in the current case (three natural frequencies

are chosen to update the FEM model with two support stiffnesses);
∂λj
∂θ = φT

j
∂K
∂θ φj, where K is the

global stiffness matrix, λj and φj are the eigenvalues and mass normalized eigenvectors, respectively
calculated using the FEM model in the j-th iteration; zm, zj are two column vectors of size 3 × 1
consisting of the natural frequencies estimated from the experiments and eigenvalues of the beam
FEM model calculated in the j-th iteration, respectively.

4. Artificial Neural Network Model

ANN is a computing system developed using the analogy of biological neural networks that
contain a large number of interconnected neurons (nerve cells). The neuron is a small cell that receives
electrochemical stimuli (input) from sensory or other types of cells and responds by generating electrical
impulses, which will be transmitted to other neurons or effector cells. The same analogy is applied in
the ANN models, which use artificial neurons as computing elements for performing some simple
computations, and these neurons are interconnected with each other in the network. Each connection
within the network is associated with a weight, which either increases or decreases the input signals to
the neurons. The neuron behaves as an activation or mapping function (typically a nonlinear function)
producing an output corresponding to the input to the neuron. Neural networks can be used for several



Energies 2017, 10, 184 7 of 21

different kinds of tasks, such as classification, clustering, function approximation and optimization [15].
Each task requires a different kind of network and learning algorithm. The network receives input from
the neurons in the input layer, and the output of the network is given by the neurons in the output layer.
There may be one or more intermediate hidden layer. Neurons in the network are connected with each
other and associated with some weights. These weights are determined in the training process where
the relation between input and output variables is determined [16]. The backpropagation algorithm is
the most widely-used algorithm to determine the weights of the neurons organized in layers. In this
algorithm, the network signal travels in the forward direction, and the errors are propagated backward.
The algorithm is provided with a set of inputs and outputs; the error (difference between actual
and expected results) is calculated for each input and corresponding output. The backpropagation
algorithm is a generalization of the least mean square algorithm that modifies the network weights
to minimize the mean square error (mse) between the desired and actual outputs of the network.
The backpropagation algorithm uses supervised learning in which the network is trained using data
for which inputs, as well as desired outputs are known. Once trained, the network weights are frozen
and can be used to compute output values for new input samples.

A simple network with two neurons in a hidden layer is shown in Figure 6. The input to the
network is x, and the output from the network is y. The connections between neurons from the input to
the hidden layer are associated with weights w1, w2, and the neurons in the hidden layer are associated
with biases b1, b2. The neurons from the hidden to the output layer are associated with weights w3, w4,
and the neuron in the output layer is associated with bias b3. The weights of neurons either increase
or decrease their respective input signals to the neuron, whereas bias has the effect of increasing or
lowering the net input to the neuron. An input pattern is presented to the input layer neurons that pass
this onto the first hidden layer, and the neurons in the input layer do not perform any computations.
Each of the hidden layer neurons computes a sum of the weighted inputs and biases (vi, i = 1, 2),
passes this through its activation function and presents the result to the output layer. These will be
the inputs to the neuron in the output layer, which computes the weighted sum and then feeds to the
activation function, which will compute the output of the network (y). The backpropagation algorithm
determines the weights wi, i = 1, .., 4 and biases bi, i = 1, .., 3, such that the difference between the
network output (y) and the expected value of the training data is the minimum, which will be problem
specific. The network shown in Figure 6 is a simple network that maps the relation between x and
y using two neurons; in general, ANNs are used for function approximation for data with multiple
inputs and outputs. Such applications require multiple neurons organized in layers between the input
and output layers. The number of input and output neurons in the network is dictated by the problem
under consideration. There is no hard rule to follow for choosing the number of hidden layers, the
neurons in those layers and the number of samples required in the training dataset. These parameters
are determined by the trial and error method for the problem under consideration.

In the current work, ANN is used for function mapping between natural frequencies of the beam
and added masses (which have two features: the location and the quantity of mass). For this, the beam
is divided into three zones, and different added masses are considered with constant linear mass
densities (mass per unit length) in these zones, as shown in Figure 7. Natural frequencies of the beam
are calculated from the eigenvalue analysis of the EOM with added masses. The set of beam natural
frequencies and corresponding added masses in the three zones are considered as one sample in the
dataset. The natural frequencies calculated from the eigenvalue analysis of the EOM by considering
27 g of added mass on the beam in only one zone at a time are shown in Table 4, where each frequency
reduces differently with the location of added mass. This particular value of mass is chosen because
later in this work, a mass equal to this value was considered on the experimental setup shown in
Figure 1 and its natural frequencies estimated.
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Figure 6. A simple artificial neural network model.

Figure 7. Cantilever beam with two possibilities of added mass in three zones defined on the beam.

Table 4. Natural frequencies of the beam calculated with added mass of 27 g.

Vibration Mode
Natural Frequency (Hz)

Added Mass 27 g in Zone 1 Added Mass 27 g in Zone 2 Added Mass 27 g in Zone 3

1st Bending 20.24 19.86 18.58
2nd Bending 123.64 118.00 122.52
3rd Bending 333.85 340.73 337.96
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As discussed before, the network parameters need to be found by the trial and error method, which
makes the process of finding network parameters cumbersome. However, based on the training data
and the problem under consideration, these parameters can be chosen, which is outlined as follows.

• Number of outputs (no/p): This value is fixed at three in the current problem, which are the
added masses in the three zones divided on the blade, as shown in Figure 7. Increasing this
number makes the function approximation problem more complex, which requires more natural
frequencies as input to find a valid relation between the inputs and outputs of the network.

• Number of inputs (ni/p): For the current problem, natural frequencies of the beam are used as
an input to the network. We can choose any number of natural frequencies of the beam as inputs;
however, it would be advantageous if the added mass is detected with the minimum number of
frequencies. The minimum number of frequencies required to detect added masses in the three
zones is found in this study as three. It is not able to fit a valid model when the lower number of
frequencies is used as an input to the network. Thus, first three natural frequencies of the beam
are used as an input to the neural network.

• Number of hidden layers: Neural networks with one hidden layer and the sigmoid function
as an activation function can approximate continuous functions with arbitrary precision [15].
Therefore, only one hidden layer is chosen in this study.

• Number of neurons (nneu): When neural networks are used for classification tasks with
d-dimensional input data, neurons in the hidden layer function as hyperplanes that partition
d-dimensional space into various regions. For classifying d-dimensional input data into M clusters
using the single-layer network, the number of hidden layer neurons required is M [15]. If two
classes are defined for the added mass like light and heavy with respect to the mass of the beam
in each zone, then eight classes of combinations of added masses are possible in three zones.
If three classes are defined for the added masses like light, moderate and heavy in each zone,
then 27 classes of added masses are possible in three zones. Therefore, eight and 27 neurons are
considered in the hidden layer.

• Number of samples in the dataset used for training (nsample): A rule of thumb, obtained from
related statistical problems, is to have at least five- to ten-times as many training samples as the
number of weights and bias variables used in the network to be trained [15]. From the above
discussion, the number of inputs, the number of outputs and the number of hidden layers are fixed.
The number of neurons is only varied; accordingly, the number of weights and bias variables
used in the network will change. If nneu number of neurons is considered in the hidden layer,
then the number of weights and bias variables to be determined in the network training is given
by nvariables = (ni/p + 1)nneu + no/p(nneu + 1). In this study, the number of samples considered in
the training data is such that they are greater than five- and ten-times the number of variables to
be determined in the network. Each sample in the dataset consists of ni/p inputs and no/p outputs.

The training dataset should cover possible added mass values and their combinations in the
three zones for a better prediction of these added masses. In this study, 30% of the beam mass is
considered as the maximum possible added mass, which is further split into three parts for the three
zones. Therefore, a maximum of 10% of the beam mass is considered as a possible added mass in
each zone while generating the training dataset. The two possibilities of no added mass and some
mass value m in each zone in Figure 7 generated seven possible combinations of added masses in
three zones. If n added mass values are considered in the range of 0%–10% of beam mass in each zone,
then (n3 − 1) combinations of added masses are possible in the three zones. The smallest value of n is
chosen in such a way that it satisfies the criteria for the number of samples required in the dataset (i.e.,
greater than five- and ten-times the number of variables to be determined in the network).

Four neural network models considering different network parameters given in Table 5 are
designed using the MATLAB Neural Network Toolbox [22]. The design process is outlined in the
flowchart shown in Figure 8. While designing the network, the dataset given as an input to the
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network is divided into two sets: 80% for training and 20% for validating the neural network model.
The training set is used for computing the gradient (rate of change in mse with the variation of weights
and biases used in the network) and updating the network weights and biases. The error on the
validation set is monitored during the training process. The validation error normally decreases during
the initial phase of training, as does the training set error. However, when the network begins to
over-fit the data, the error on the validation set typically begins to rise. The network weights and
biases are saved at the minimum of the validation set error. The mean square error (mse) between
network output and actual output should be low for both sets of data (training and validation). In the
current work, added mass is the output of the network, so the unit of mse is kg2. A condition for
mse < ε with ε = 1× 10−10 is set for limiting the error below square of the 1% of the smallest added
mass value used in the dataset. If the error is not acceptable, then the neural network is not able to fit
a valid model for the dataset.

Table 5. Neural network model parameters.

Network Parameters
nsample ≥ 5(nvariables) nsample ≥ 10(nvariables)

Model 1 Model 2 Model 3 Model 4

Number of inputs (ni/p) 3 3 3 3
Number of outputs (no/p) 3 3 3 3
Number of hidden layers 1 1 1 1
Number of neurons (nneu) 8 27 8 27

Number of samples 342 999 728 2196in the dataset (nsample)

Figure 8. Flowchart for the neural network design.

The neural network model designed using the MATLAB toolbox [22] with parameters
corresponding to the Model 1 in Table 5 is shown in Figure 9. With the network parameters defined
in Table 5, four different neural network models satisfying the condition for mse < ε are designed.
These network models are given natural frequencies estimated from experiments as inputs in the next
section to identify added masses.



Energies 2017, 10, 184 11 of 21

Note: w and b refer to the weights and biases used in the network

Figure 9. Neural network model created in MATLAB with the parameters ni/p = 3, nneu = 8 and
no/p = 3.

5. Results and Discussion

Experimental modal analysis is carried out on the cantilever beam setup shown in Figure 1 by
placing different added masses in the three zones. These masses are attached to the beam using
adhesive while performing the experimental modal analysis. Fourteen test cases of added masses are
attached to the beam and estimated beam natural frequencies from the experimental modal analysis.
The first seven test cases consist of two possibilities of no added mass or 11 g of mass in each zone,
which generates seven possible combinations of added masses in three zones similar to those shown
in Figure 7. The remaining seven test cases consist of two possibilities of no added mass or 27 g of
mass in each zone. These added mass values are chosen such that they are less than the maximum
added mass value (10% of the beam mass in each zone) used in the dataset to train the network in the
last section. The natural frequencies estimated in the fourteen test cases are given as an input to the
four neural network models designed in the last section to identify added masses. As the actual added
mass values used in the experiment and the identified mass values in these cases are known, a metric
called the weighted absolute percentage error (WAPE), as defined in Equation (4), is calculated for
each test case. It is defined as the ratio of the sum of the absolute error in the identified masses in
each zone to the sum of actual added masses used in that test case. This WAPE is calculated for all
fourteen test cases, and the mean value of these errors for the identified masses by four neural network
models is compared in Table 6. This metric indicates the overall error in the identified mass values
in the fourteen test cases, and it does not change significantly for the four neural network models.
That means, increasing the number of neurons and the number of samples in the dataset offers no
improvement in the identified values when it is possible to design a neural network with the least
number of neurons and samples in the dataset satisfying the condition for mse. The added masses
identified in the fourteen test cases using the neural network Model 1 (refer to Table 5) are shown in
Figure 10. The WAPE calculated for the identified masses using the neural network Model 1 in each
test case is shown in the Figure 11. This error changes with respect to the location and decreases with
the increase in quantity of added mass.

WAPEi =
∑3

k=1

∣∣∣mik
actual −mik

identi f ied

∣∣∣
∑3

k=1 mik
actual

(4)

where i refers to the test case number; k refers to the zone number; mactual , midenti f ied refer to added
masses actually used in the experiment and the value identified by neural network model, respectively.
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Table 6. Mean of the error values calculated using Equation (4) for fourteen test cases. WAPE, weighted
absolute percentage error.

Neural Network Mean WAPE

Model 1 30.68%
Model 2 30.76%
Model 3 30.44%
Model 4 30.63%

Figure 10. Comparison of actual and identified added mass values using the neural network Model 1.

Figure 11. Weighted absolute percentage error (WAPE) calculated for the fourteen test cases using the
neural network Model 1.

The natural frequencies estimated from experimental modal analysis of the beam with added
masses corresponding to the Test Cases 8–10 are given in Table 7. It is clear from Tables 4 and 7 that the
natural frequencies calculated from the eigenvalue analysis of EOM and experimental modal analysis
are not the same. While calculating the eigenvalues, added mass is modeled by increasing the mass
density in the beam, whereas in the experiment, added mass introduces some damping due to the use
of adhesive and also increases the stiffness of the beam locally. The damping factors in Test Case 14
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(where 27 g is considered in all three zones) are identified using the circle fit method and shown in
Figure 12. Damping in the structure is very low in both cases of no added mass and with added
mass (refer to Figures 3 and 12), which can be neglected (the assumption of no damping in the FEM
model in Equation (2) is valid). It can be concluded that added mass in the case of experiments clearly
increases the stiffness of the beam locally, due to which the natural frequencies increase. The reduction
in frequency values with the increase in mass is higher than the increase in frequency values due to the
local changes in stiffness, as a net effect, the natural frequencies estimated in the experimental added
mass cases are higher than those calculated from the eigenvalue analysis. ANNs are generally used to
predict the output of a function for a given input when it is trained with a dataset generated from a
similar function. The network in the current case is trained with a dataset generated from a model
where the influence of added mass is only considered on its mass properties, but it is tested with
natural frequencies estimated from experiments where the added mass influences mass and structural
properties of the beam, which means those frequencies correspond to a different function. In such
cases, the neural network identifies added masses with an error. The proposed technique is only able
to roughly estimate (with a mean WAPE of 30.68% using the neural network Model 1) the added
mass, and the error in identified masses is higher when the quantity of the added mass on the beam is
smaller (refer to Test Cases 2 and 3 in Figure 11).

Table 7. Natural frequencies of the beam estimated from experimental modal analysis for the added
mass Cases 8–10.

Vibration Mode
Natural Frequency (Hz)

Added Mass 27 g in Zone 1 Added Mass 27 g in Zone 2 Added Mass 27 g in Zone 3

1st Bending 20.16 19.52 18.26
2nd Bending 123.59 118.90 122.97
3rd Bending 334.22 341.72 339.22

Figure 12. Natural frequencies and damping factors estimated from experiment using circle fit method
in the added mass Case 14.

6. Application of the Proposed Technique to Wind Turbine Blade Ice Detection

The detection technique discussed in previous sections has the potential to be used for
identifying ice mass accumulation on the wind turbine blades. There exist differences between the
non-rotating cantilever beam structure used in the earlier sections and a rotating wind turbine blade.
Therefore, the Tjaereborg 2 MW wind turbine blade is considered in this section to demonstrate the ice
mass detection technique. Details about the structural and airfoil sections of the blade are reported
in [23,24]. In this section, the proposed technique is used to detect average ice mass accumulated on
the blade (a typical mass distribution is shown in Figure 13a) by dividing its length into three zones,
as shown in the Figure 13b. The inner half of the blade is considered as Zone 1, and the outer half of
the blade is divided into two zones, Zones 2 and 3, which accumulate more ice than Zone 1. This is
due to the fact that the airfoil sections in this part of the blade sweep more area in the rotation and
also experience wind at higher relative velocity. The continuous ice mass distribution on the blade
is reduced to three ice masses, which are distributed with a constant linear mass density, as shown
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in Figure 13b. This is the simplest approximation that is possible to represent a continuous ice mass
distribution with minimum variables. This kind of approximation is also justified because de-icing
systems of the blade are generally targeted to remove ice in specific locations. In such cases, the
identification of ice mass in different zones makes it possible to remove ice effectively with minimum
external power by activating the de-icing system in that part of the blade alone.

(a) (b)

Figure 13. (a) A typical ice mass distribution on a wind turbine blade; (b) approximation of the
continuous ice mass distribution along the blade in terms of three mass variables.

In the following subsections, the modal behavior of the current wind turbine blade is investigated
to find natural frequencies of the blade that can be excited and also can be estimated from vibration
measurements. Following that, a dataset of those frequencies is generated considering various masses
in the three zones, and it is used to train a neural network model. Later, the trained network model is
tested with the frequencies corresponding to four random ice mass distributions on the blade, and the
identified ice masses are compared with the actual mass values used in those cases.

6.1. Modal Behavior of the Wind Turbine Blade

Aerodynamic loads generated by the wind blowing over the airfoil sections of the blade rotate
the turbine, and dynamic changes in the wind and rotational motion induce vibrations in the turbine.
The vibrations of the blade change the effective wind velocity, which influences the aerodynamic loads
generated on the turbine. Thus, the structural and aerodynamic behaviors of the blades are coupled.
Linear aeroelastic partial differential equations are derived in [7] considering this coupling between
the structural and aerodynamic behavior of a wind turbine blade. Those equations are analyzed in this
study using the finite element method (FEM) to calculate aeroelastic natural frequencies and damping
factors of the current wind turbine blade, which are shown in Figure 14 over its operating wind speed
range of 5–25 m/s. Aerodynamic loads modify the stiffness and damping in the aeroelastic equations
of motion of the blade [7], and these loads vary with the wind speed, so the modal damping factors
of the blade change accordingly. Natural frequencies slightly change with the wind velocities, and
these changes are not noticeable in Figure 14, whereas the modal damping changes are noticeable.
It can be observed that the flapwise modes are highly damped compared to the edgewise modes, and
especially, the first flapwise mode is the most damped mode; higher modes are comparatively less
damped. Therefore, any external disturbance whose frequency is close to the first flapwise mode
frequency will be dampened out quickly. The aeroelastic modal behavior of the blade is analyzed only
to find out the low damped modes of the blade.
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Figure 14. Aeroelastic natural frequencies and damping factors of the Tjaereborg 2-MW wind turbine
blade: (a) Flapwise vibration modes; (b) Edgewise vibration modes [7].

Due to the recent advancement in wireless sensor technology, it is now possible to measure
blade vibrations while in operation. Turbulent wind blowing over the rotor area can be regarded
as a random excitation to the wind turbine blade, which excites its natural frequencies. This is the
working principle of ice detection systems like BLADEControl [11,12], fos4blade IceDetection [13]
and Wolfel IDD.Blade [14]. These systems use an accelerometer installed on the blade to measure
vibration accelerations, and ice is detected based on the deviations in blade natural frequencies from
the vibration spectra [25]. These systems require a minimum wind speed of 2 m/s for ice detection [10].
A turbulent wind profile is generated using the QBlade software [26] over the rotor area of the current
2-MW wind turbine with a mean wind speed of 10 m/s at the nacelle height and a turbulence intensity
of 5%. It is used to simulate the vibration response of the blade by solving differential equations
obtained from the finite element solution of the aeroelastic equations derived in [7]. The wind speed
variation at nacelle height in the wind profile generated using QBlade software is shown in Figure 15a,
and its power spectral density (PSD) is shown in Figure 15b. The power density of the turbulent
wind speed is concentrated at low frequencies, and it decreases with increasing frequency, so the
probability of exciting the first few vibration modes is higher. The Fourier transform of the blade’s
edgewise vibration response at its tip location simulated using the turbulent wind profile is shown
in Figure 16. The vibration response spectrum consists of a dominant frequency corresponding to
the blade rotational frequency that is generally excited by the gravitational forces and wind shear,
whereas the turbulence in wind excites the blade edgewise vibration modes. From Figures 14 and 16,
it is clear that the first few edgewise vibration modes can be excited by the turbulent wind due to
their low damping, and also, these frequencies can be identified from the vibration measurements of
the blade. This is the reason for the use of edgewise vibration spectrum analysis in the ice detection
systems when the turbine is running and flapwise vibration spectrum analysis when the turbine is in
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the standstill condition [10]. The first three edgewise natural frequencies of the blade calculated from
the eigenvalue analysis of the structural (the blade is assumed to be rotating in still air) and aeroelastic
equations (evaluated at a wind velocity of 10 m/s) are compared with the frequencies estimated from
the turbulent wind excitation response in Table 8. The influence of aerodynamics on the edgewise
natural frequencies is found to be marginal, and thus, it is neglected in this study. The dataset required
to train the neural network is generated using the eigenvalue analysis of the structural equations of
the blade. As the detection technique requires a minimum of three natural frequencies as an input
to the network, first three edgewise natural frequencies of the blade are chosen as an input to the
neural network.

Figure 15. Turbulent wind profile generated using QBlade: (a) wind speed fluctuations at the nacelle
height; (b) PSD of the wind speed at nacelle height.

Figure 16. Fourier transform of the blade’s edgewise vibration displacement at the tip.

Table 8. Edgewise natural frequencies of the Tjaereborg 2-MW wind turbine blade.

Vibration Mode
Structural Aeroelastic Turbulent Wind Response

Frequency (Hz) Frequency (Hz) Rel. Diff * Frequency (Hz) Rel. Diff *

1st Edgewise 2.392 2.381 −0.47% 2.389 −0.12%
2nd Edgewise 7.952 7.932 −0.25% 7.930 −0.28%
3rd Edgewise 17.424 17.414 −0.06% 17.410 −0.08%

* Relative difference in the frequencies is calculated with respect to the structural frequencies.

6.2. Ice Accretion on the Blade

Ice formation on the blades depends on parameters like wind velocity, ambient temperature,
liquid water content, median volume diameter or droplet size and the duration of the icing event.
All of these parameters vary stochastically in space and time, and these parameters are different for
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different wind turbine sites and even change for turbines within the site. Ice accumulation on the wind
turbine blades is not the same across the blade length. The blade accumulates more ice away from the
root as it sweeps through a larger area in rotation and collects more ice. Ice on the blades causes more
loads and vibrations in the turbine. In order to certify wind turbines and the components for the cold
climate operation, Germanischer Lloyd (GL) [27] proposed a guideline that defines the maximum ice
mass distribution on the blade to calculate loads acting on the turbine in various design load cases.
The actual ice mass may be lower than this limit, but the turbines are certified for loads corresponding
to this mass limit. Using this guideline, the maximum ice mass accumulation on this turbine blade is
calculated to be 417 kg [7], which is distributed along the blade, as shown in the Figure 17. One third
of this ice mass, i.e., 139 kg, is defined as the maximum ice mass that can be accumulated in each zone
while generating the training dataset.

Figure 17. Germanischer Lloyd (GL) specification for ice mass on the Tjaereborg 2-MW wind
turbine blade.

6.3. Artificial Neural Network Model

An artificial neural network model with network parameters ni/p = 3, no/p = 3 and nneu = 27 is
designed using the MATLAB neural network toolbox [22]. In this network, the number of variables to
be determined in the training process is nvariables = 192. In this study, the number of samples in the
training data is chosen such that it is greater than five-times the number of variables to be determined
in the network. A dataset consisting of 999 samples (nsample = n3 − 1) is generated by considering
10 different ice masses between zero and a maximum value of 139 kg (one third of the maximum ice
mass limit defined by the GL specification) in each zone. These ice masses are distributed with constant
linear mass density along the length of the zones, and blade natural frequencies are calculated from
the eigenvalue analysis of the structural equations. Each sample in the dataset consists of three inputs
(the first three edgewise natural frequencies of the blade) and three outputs (ice masses in the three
zones). A condition for mse < ε is set while designing the neural network model, where ε is defined as
the square of the 1% of the smallest ice mass value used in the dataset. A neural network satisfying
the condition for mse is designed using the network parameters ni/p = 3, no/p = 3, nneu = 27 and
nsample = 999, and it is used to find average ice mass accumulated in the four test cases shown in
Figure 18. The first three edgewise natural frequencies of the blade corresponding to these cases are
given as an input to the trained neural network model, and the identified ice masses in these cases are
compared with actual masses in Table 9.

The ice mass in the four test cases is chosen in such a way that some part of it is distributed
according to the GL specification (i.e., linearly increasing from root to half blade length and thereafter
constant mass distribution), and the remaining part is distributed randomly along the blade length
resembling the realistic ice mass distributions on the blade. The ice mass in these cases is distributed in
a way different from the constant linear mass density distribution used to generate the training dataset.
When the natural frequencies of the blade corresponding to these test cases are given as an input
to the trained network, it will find equivalent cases of ice masses (distributed with constant linear
mass densities) that will reduce the natural frequencies in a similar way. Ice mass in the Zone 1 is
consistently over-predicted in the test cases. That means an ice mass distributed with constant linear
mass density in Zone 1 reduces the natural frequencies in a similar way as the case of a comparatively



Energies 2017, 10, 184 18 of 21

lower ice mass whose mass distribution increases linearly along the length of Zone 1. The error in
Zone 1 can be reduced by training the network with a dataset that considers an ice mass distribution
similar to the GL specification. In reality, the nature of ice mass distribution differs from site to site
based on the cloud heights, hub height, rotor diameter and operating conditions, so site-specific ice
mass distributions can be captured using automatic cameras installed on the nacelle or spinner [10].
A training dataset with similar ice mass distributions can be generated to improve the accuracy of ice
mass detection.

Figure 18. Ice mass distributions considered along the blade length in the four test cases.

Table 9. Ice masses identified in the test cases.

Test Case No. Location
Ice Mass (kg)

WAPE
Actual Identified

1
Zone 1 36 53

26.8%Zone 2 26 21
Zone 3 25 26

2
Zone 1 75 72

2.2%Zone 2 51 49
Zone 3 50 50

3
Zone 1 108 138

12.0%Zone 2 81 82
Zone 3 74 74

4
Zone 1 143 179

12.4%Zone 2 108 102
Zone 3 99 101

The technique proposed in this work requires first three edgewise natural frequencies of the blade
as an input to the network for the ice mass detection. The natural frequencies of the wind turbine
blade can be estimated from its vibration response due to ambient excitation (refer to Figure 16) or
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exciting the blade with some external excitation. The ambient excitation can only excite the first few
natural frequencies of the blade, and it is also not certain if it can excite the frequencies required in the
ice mass detection technique consistently all of the time. Ambient excitation has the drawback that
it is not a controllable excitation that can be relied on. The detection technique becomes robust and
reliable by using an external excitation system that can be controlled to excite blade natural frequencies.
Lauristen et al. [28] proposed to use a pitch actuation system for blade excitation (different excitation
signals like the frequency sweep of sinusoidal signals are possible) and to measure its vibration
response using accelerometers installed at different locations on the blade. Ice can be detected based on
the deviations in blade natural frequencies. The authors propose another idea to excite blade vibration
modes using an eccentric rotating mass (ERM) driven by a DC motor. The unbalance force generated
by the eccentric rotating mass varies with a frequency equal to the rotational frequency of the motor,
which can be varied to excite the blade vibration modes with the corresponding forcing frequency. It is
possible to excite higher modes of the blade. Spectrum analysis of the vibration response measured
on the blade using an accelerometer enables one to estimate the natural frequencies of the blade.
This is just an idea similar to the electromechanical actuator proposed in [29] for the structural health
monitoring of the blades and the dual de-icing system proposed in [30] that uses an ERM motor to
excite low frequency vibrations. The proposed idea of the authors is evaluated on the cantilever beam
experimental setup shown in Figure 19a, and a waterfall plot of the vibration response measured
using accelerometer is shown in Figure 19b. In this experimental setup, the speed of the ERM motor
is controlled using the pulse width modulation control in Arduino [31]. However, the feasibility
of a similar system for exciting wind turbine blade vibration modes while it is rotating needs to be
evaluated, and the authors are building a small scale-wind turbine experimental setup to evaluate
this idea.

Figure 19. (a) Experimental setup where an eccentric rotating mass (ERM) motor is used to excite beam
vibrations; (b) waterfall plot of the beam acceleration vibration response for a run-up and run-down
speed variation of the ERM motor.

7. Summary and Conclusions

The natural frequencies of a structure reduce differently with the location and quantity of added
mass. This behavior of the natural frequencies is used in the current study to train an artificial neural
network model that identifies added masses for any given set of natural frequencies. The proposed
technique is demonstrated on a non-rotating cantilever beam and a rotating wind turbine blade.
The added masses in both cases are roughly estimated by the neural network model, and it requires
a minimum of three natural frequencies as an input to the network to identify added masses in the
three zones defined on their structures. A dataset of natural frequencies is generated considering
different added masses at different locations on their structural models and used to train the network.
The trained network model in the case of the cantilever beam is tested with the natural frequencies
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estimated from experiments considering different added masses on the beam. The added mass is
modeled as an increase in the mass distribution of the structure while generating the training dataset.
However, the added mass in the experimental setup introduces changes in the mass and stiffness
properties of the structure. Due to this, the added mass values are identified with an error that changes
with the location and quantity of added mass. The neural network (Model 1) identifies added masses
in the fourteen test cases with a mean weighted absolute percentage error (WAPE) of 30.68%.

In the case of an application of this technique to wind turbine blade ice detection, natural
frequencies required in the detection technique can be excited by the turbulent wind and estimated
from the vibration measurements of the blade. The edgewise vibration modes of the blade are chosen
as an input to the network, as these are the least damped modes that can be easily excited. The dataset
required to train the network is generated using the finite element model of the blade considering
different ice masses in the three zones defined on the blade. These ice masses are distributed with
a constant linear mass density along the length of the zones. However, when the natural frequencies
calculated using random mass distributions along the blade length in the four test cases are given as
an input to the trained network model, it finds equivalent cases of ice masses (distributed with constant
linear mass density), which will reduce the natural frequencies in a similar way as the frequencies
corresponding to the test cases. Overall, the proposed technique predicts the ice mass distribution
along the blade approximately. The error in identified masses varies with the nature of the ice mass
distribution, and the maximum WAPE occurs in Test Case 1, which is calculated as 26.8%.
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Identification of ice mass accumulated 
on wind turbine blades using its natural 
frequencies

Sudhakar Gantasala, Jean-Claude Luneno and Jan-Olov Aidanpää

Abstract
This work demonstrates a technique to identify information about the ice mass accumulation on wind turbine blades using its natural 
frequencies, and these frequencies reduce differently depending on the spatial distribution of ice mass along the blade length. An 
explicit relation to the natural frequencies of a 1-kW wind turbine blade is defined in terms of the location and quantity of ice mass 
using experimental modal analyses. An artificial neural network model is trained with a data set (natural frequencies and ice masses) 
generated using that explicit relation. After training, this artificial neural network model is given an input of natural frequencies of 
the iced blade (identified from experimental modal analysis) corresponding to 18 test cases, and it identified ice masses’ location 
and quantity with a weighted average percentage error value of 17.53%. The proposed technique is also demonstrated on the NREL 
5-MW wind turbine blade data.

Keywords
Wind turbine blade, ice detection, natural frequency, experimental modal analysis, artificial neural network

Introduction

Wind turbines are increasingly installed in the northeastern and the mid-Atlantic United States, Canada, and Northern 
Europe due to good wind resources and land availability. In these regions, humidity along with low temperatures in the 
winter increases the risk of ice accumulation on wind turbine components. The global wind energy installations in cold cli-
mate regions reached a capacity of 127 GW at the end of 2015, and the forecast is that it would reach a capacity of 186 GW 
by the end of 2020 (Emerging from the Cold, 2016). Icing of the rotor blades results in reduced turbine power output as it 
reduces the lift force and increases the drag force acting on blade’s airfoil sections (Rindeskär, 2010; Turkia et al., 2013). 
Additionally, the nacelle vibration amplitudes increase during the icing conditions (Skrimpas et al., 2015), so icing can 
be more reliably detected using the power curve analysis along with nacelle vibration analysis. Etemaddar et al. (2014) 
investigated the effects of atmospheric ice accumulation on the aerodynamic performance and structural response of the 
wind turbines, and they predicted that the relative change in mean value is higher than the change in standard deviation for 
most of the response quantities (rotor speed, torque, power, thrust, and structural loads) of the iced blade. Gantasala et al. 
(2016) analyzed the modal behavior of a 2-MW wind turbine blade under icing conditions. Their analysis showed that 
the aeroelastic damping factors of the vibration modes reduce with ice accumulation on the blade. Rissanen et al. (2016) 
proposed simulation parameters for predicting the dynamic behavior of iced wind turbines to generate icing design load 
cases for the new IEC 61400-1 ed4.

Ice accumulation on the wind turbine blades is not uniform and its mass distribution changes under different stages 
of icing and ice shedding during operation. The natural frequencies of a blade reduce according to the quantity and loca-
tion of ice mass along its length. Lorenzo et al. (2013) investigated the influence of ice mass on the natural frequencies 
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of the NREL 5-MW turbine by extracting model parameters from the operational modal analysis. Alsabagh et al. (2015) 
considered different ice mass distributions as defined in the ISO 12494:2001 (2001) standard on a multi-megawatt wind 
turbine blade. They analyzed the influence of ice mass on natural frequencies and dynamic magnification factors (ratio 
of the dynamic deflection to static deflection), by considering only the mass changes in the blade. Wind turbines are usu-
ally exposed to turbulent wind conditions which will excite natural frequencies of the blade, and these frequencies can 
be extracted from the blade’s vibration measurements. The ice detection systems like BLADEcontrol (Brenner, 2016), 
fos4blade IceDetection (Cattin and Heikkilä, 2016; fos4X data sheet, n.d.), and Wolfel IDD.Blade (Wölfel, 2016) detect 
ice based on the deviations in blade’s natural frequencies. These systems can detect icing while the turbine is in opera-
tion or at a standstill condition, which enables automatic restart of the turbine once the blades are ice-free after de-icing. 
These systems indicate the state of icing on the blades such as ice-free, non-critical ice, and critical ice, but cannot identify 
the location and quantity of ice mass. The most widely used anti-icing and de-icing systems work on the basis of heat-
ing resistance or hot air blowing techniques (Ilinca, 2011). Both these systems require an external power source (with a 
capacity of 150–225 kW for a typical 3-MW range wind turbine (Nielsen, 2017; Roloff, 2017)) and consume 1%–4% of 
annual energy production, depending on the icing severity (Peltola et al., 2003). The required power to remove ice can be 
minimized if the location and quantity of ice mass are determined approximately so that the relevant energy needed at the 
appropriate locations of the blade can be supplied to remove ice. In addition to that, the de-icing process can be initiated 
and monitored remotely without the need of turbine maintenance personnel’s physical presence at the site. This has moti-
vated the authors to pursue an idea to determine the location and quantity of ice mass accumulated on wind turbine blades.

Fan and Qiao (2011) summarized various damage identification methods for beam- or plate-type structures that use 
different vibration features (natural frequency–based methods, mode shape–based methods, curvature mode shape–based 
methods, and methods using both mode shapes and frequencies). These methods rely on the effect of damage induced 
changes in the physical properties of the structure (mass, damping, and stiffness) on its modal properties. If the changes in 
physical properties are known, their effect on modal properties can be estimated using either mathematical models of the 
structural behavior (like finite element method (FEM) models) or experiments (like modal analysis), which is depicted as 
a forward problem in Figure 1(a). Damage identification methods rely on the inverse problems (as shown in Figure 1(b)) 
where the location and severity of a damage in the structure are determined based on its modal properties. The authors 
of this article used an artificial neural network (ANN) model in Gantasala et al. (2017) to solve such inverse problem 
for identifying added masses on a cantilever beam for any given set of natural frequencies of the corresponding beam. 
Initially, a data set of natural frequencies of the beam is created using its FEM model where different quantities of added 
masses are considered at different locations on the beam. A neural network model is trained with this data set consider-
ing natural frequencies of the beam as an input and corresponding added masses used in the calculations as an output. It 
approximates a nonlinear relationship between these inputs and outputs which can be used to identify added masses for 
any given set of natural frequencies of the beam consisting added masses. This method has a limitation that it requires 
an updated FEM model (eigenvalues of the FEM model closely match with those estimated from experimental modal 
analysis of the structure) to create the data set required for training the neural network. The requirement of an FEM model 
of the structure makes it practically difficult to use such technique for ice detection on wind turbine blades as its FEM 
model is a proprietary information of the manufacturer. In this work, the authors propose a new method to create the data 
set required for training the neural network. Experimental modal analyses (output only) are conducted on a small-scale 
wind turbine blade considering two different quantities of ice mass at three different locations along the blade (ice mass 
is considered in one location at a time). Later, the relations between natural frequencies of the wind turbine blade and the 
quantity of ice mass used in each location are obtained using polynomial fitting (natural frequencies are considered as 
dependent variables and ice masses are considered as independent variables). These relations are used to create a data set 
of blade’s natural frequencies considering different quantities of ice masses at three different locations along the blade. 
A neural network model is trained with that data set and used to identify ice masses for a given set of natural frequencies 
of the blade estimated from experiments (different ice masses are considered randomly along the three different locations 
defined on the blade). Those ice masses are compared with the actual ice masses considered in the experiments.

Experimental setup and modal analysis

A 1-kW wind turbine blade as shown in Figure 2 is considered in this study and its root is rigidly fixed to a stationary 
support. Geometric details of the blade are given in Table 1. Four uni-axial accelerometers (Bruel & Kjær Type 4507) are 
placed on the blade to measure vibration accelerations in the flapwise direction using a National Instruments NI-9234 data 
acquisition card along with the DEWESoft7 data acquisition software.

Two different output only modal identification techniques are used in this section to extract modal parameters of the 
blade from experimentally measured vibration accelerations (excitation forces are not measured). In the first method, the 
blade is excited with a low-pass filtered (up to 200 Hz, as first three flapwise modes of the blade are within this frequency 
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range) Gaussian white noise force using a vibration shaker (TIRAvib S-50018) as shown in Figure 2, and its vibration 
accelerations are measured using four accelerometers with a sampling frequency of 2048 Hz for 200 s. The measured 
signals for a short duration of 4 s are shown in Figure 3. Modal parameters of the blade (natural frequencies and mode 
shapes) are extracted using a frequency-domain decomposition (FDD) technique on the measured vibration accelerations. 
It identifies modal parameters in the frequency domain using a non-parametric model. The measured vibration signals are 
divided into segments to calculate power spectral density (PSD) estimates using Welch’s overlapped segment averaging 
estimator. The PSD matrix calculated at discrete frequencies within the sampling frequency is decomposed by means of a 
singular value decomposition (SVD). These singular values are the estimates of the auto spectral densities of the single-
degree-of-freedom (SDOF) systems, whereas singular vectors are estimates of the structural mode shapes. The PSD 

Figure 1. (a) Forward problem and (b) inverse problem.

Figure 2. Experimental modal analysis setup.

Table 1. Details of the 1-kW wind turbine blade.

Length (m) 0.97
Weight (kg) 1.263
Maximum chord length (m) 0.11
Minimum chord length (m) 0.055
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matrix at any frequency is mainly dominated by the vibration modes around that frequency. Near the resonance frequen-
cies of the structure, the SVD of the PSD matrix will return a predominant singular value signifying a single vibration 
mode contributes to the PSD matrix at that frequency and the corresponding mode shape is characterized by its singular 
vector. The authors used an open-source MATLAB code written by Cheynet (2016) for modal parameter identification 
using the FDD, and further theoretical details on the FDD technique can be found in Brincker et al. (2001). The singular 
values calculated in the current case for the PSD matrix at various frequencies are shown in Figure 4, where first three 
flapwise natural frequencies of the blade can be identified at the peaks in the first singular value.

In the second modal identification method, the blade is excited with an impact hammer and its free vibration 
responses are measured. Impact hammer is only used to excite free vibrations of the blade, and its forces are not meas-
ured. After an impact hit on the blade, data acquisition system is triggered to acquire free vibration responses with 
a sampling frequency of 2048 Hz for 6 s (free vibration responses are decaying within this duration). The measured 
vibration accelerations for a short duration are shown in Figure 5. These measured vibration accelerations are used in 
an open-source Structural Modal Identification Toolsuite (SMIT) written by Chang et al. (2012). That toolsuite con-
sists of five different time-domain-based output only system identification algorithms (their theoretical background 
is presented in Chang and Pakzad (2014)). In this study, subspace state space system identification (N4SID-OO) 
algorithm available in that toolsuite is chosen for extracting modal parameters of the blade. A state space model of 
certain order is assumed to model the vibration behavior of the test structure in the subspace method where it identi-
fies the state space matrices corresponding to the test structure based on its discrete time-sampled vibration signals. 
The measured vibration signals are arranged in the form of a Hankel matrix with an even number of rows, and it is 
further divided into two sub-matrices (consisting equal number of rows), where the upper sub-matrix is called as past 
output and the lower sub-matrix is called as future output. Using an SVD on the projection of row space of future 
outputs onto the row space of the past outputs, state space matrices corresponding to the test structure are obtained, 
from which modal parameters are extracted. This algorithm is not described here in detail as it is out of the scope of 
this article, more details on this algorithm can be found in Van Overschee and De Moor (1994).

A stability diagram is plotted in Figure 6 to identify true poles of the system for different model orders. Three dominant 
peaks can be identified at 10.1698, 46.1688, and 125.96 Hz in the PSD plot which matches with the stable poles (for all 
model orders above 10) identified in the subspace identification algorithm, and they correspond to the first three flapwise 
modes of the blade.

The natural frequencies identified using both modal identification methods are compared in Table 2, and their mode 
shapes are plotted in Figure 7. The modal parameters identified using two modal identification methods match very well 
with each other. The difference between these identified frequencies is marginal, and the mode shapes are only deviating 
at the location of sensor 2 in second and third modes. The authors are only interested in the natural frequencies of the 
blade, and mode shapes are extracted for confirming those frequencies correspond to first three vibration modes of the 

Figure 3. Vibration accelerations of the blade for a low-pass filtered Gaussian white noise excitation.
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Figure 4. Singular values of the PSD matrix.

Figure 5. Free vibration accelerations of the blade measured using four sensors.

Figure 6. Stability diagram for the modes of the system.
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blade. One of these two identification methods can be used for further experiments with ice on the blade, the authors chose 
time-domain-based modal identification technique compared to the other method as it is more convenient and quicker to 
measure free vibration responses (for a duration of 6 s only) of the blade.

Experimental modal analysis of the blade with ice mass

Three different zones of length 0.2 m are defined along the blade as shown in Figure 8, where two quantities of ice masses 
40 and 80 g are placed (randomly distributed) in each of these three zones separately (refer to Figure 9(a) to (c)). These ice 
masses are not naturally formed on the blade, instead ice formed during the winter season is collected and placed on the 
upper side of the blade’s flapwise surface. Experimental modal analysis is carried out in the six cases described before (two 
quantities of ice masses are considered in three zones), and the measured free vibration responses are used in the Subspace 
State Space System Identification (N4SID-OO) algorithm (Chang et al., 2012) to extract corresponding modal parameters 
of the blade. First three flapwise natural frequencies of the blade identified in these six cases are given in Table 3. These 
natural frequencies are reduced differently depending on the location and the quantity of ice mass. A quadratic polynomial 
as shown in Figure 10 is fitted separately between each one of the three natural frequencies of the iced blade corresponding 

Table 2. Comparison of natural frequencies of the 1-kW wind turbine blade identified using FDD and N4SID-OO modal 
identification methods.

Mode Natural frequency (Hz)

FDD N4SID-OO

1st flapwise 10.16 10.1698
2nd flapwise 46.13 46.1688
3rd flapwise 126.1 125.9600

FDD: frequency-domain decomposition.

Figure 7. Comparison of mode shapes identified using FDD and N4SID-OO modal identification methods.
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Figure 8. Definition of three zones along the blade length.

Figure 9. Ice masses considered along the blade in (a) Zone 1, (b) Zone 2, (c) Zone 3, and (d) Zones 1, 2, and 3.

to the cases of ice mass considered in a specific zone and respective ice masses (0, 40, and 80 g) used in that zone. In total, 
nine polynomials are fitted between three natural frequencies of the iced blade and respective ice masses used in the three 
zones. These polynomials can be expressed in the form of equation (1), and they can be used to interpolate natural frequen-
cies of the iced blade corresponding to any intermediate ice mass value between 0 and 80 g. The reduction in natural fre-
quencies of the blade for any ice mass value between 0 and 80 g in any one of the three zones exclusively can be calculated 
using the polynomial coefficients (their values in the current case are given in Appendix 1) given in equations (2) to (4)
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Table 3. Influence of ice mass on first three flapwise natural frequencies of the 1-kW wind turbine blade.

Reference ice 
mass case no.

Ice mass Natural frequency (Hz)

Location Value (g) Mode 1 Mode 2 Mode 3

Without ice mass 10.1698 46.1688 125.9600

1
Zone 1
Zone 2
Zone 3

40
0
0

10.1010 (−0.68%) 44.9420 (−2.66%) 125.0370 (−0.73%)

2
Zone 1
Zone 2
Zone 3

80
0
0

10.0650 (−1.03%) 43.6090 (−5.54%) 124.1370 (−1.45%)

3
Zone 1
Zone 2
Zone 3

0
40
0

 9.9540 (−2.12%) 45.2750 (−1.94%) 120.7140 (−4.16%)

4
Zone 1
Zone 2
Zone 3

0
80
0

 9.6640 (−4.97%) 44.4490 (−3.73%) 116.4130 (−7.58%)

5
Zone 1
Zone 2
Zone 3

0
0

40
 9.5570 (−6.03%) 45.5020 (−1.44%) 124.2480 (−1.36%)

6
Zone 1
Zone 2
Zone 3

0
0

80
   9.0038 (−11.47%) 45.0259 (−2.48%) 122.4027 (−2.82%)

The percentage change in the natural frequencies of the iced blade is calculated with respect to the case of without any ice mass on the blade.

Figure 10. Quadratic polynomial curve fit for the ith  natural frequency with ice mass in jth  zone.

 f A M B M fi

M
j

ij j ij j i= + +2 0  (1)

where fi

M
j  refers to the ith  flapwise natural frequency of the blade corresponding to the cases of ice mass values 

M = 0,40, 80and g  in jth  zone, Aij  and Bij  are the coefficients of quadratic polynomial fitted between natural frequen-

cies fi

M
j  and ice mass M j, fi

0  refers to the ith  flapwise natural frequency of the blade without any ice mass
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blade when ice masses m m m1 2 3, , and  are exclusively present in one of the three zones.
Using equations (2) to (4), the natural frequencies of blade with ice masses m m m1 2 3, , and  altogether in the 

Zones 1, 2, and 3, respectively, are approximated in equation (5) using a linear superposition of the reduction in 
natural frequencies when those ice masses are present individually on the blade. The validity of this approxima-
tion is verified by conducting an experimental modal analysis of the blade considering 40-g ice mass in all three 
zones as shown in Figure 9(d). The natural frequencies identified in this case using N4SID-OO system identifica-
tion algorithm on the vibration measurements of the blade are shown in Table 4 and also compared with the fre-
quency values calculated using equation (5) with the following ice mass values (in g) m m m1 2 3= 40, = 40, = 40and . 
The natural frequencies identified from experimental modal analysis approximately matches with those calculated 
using equation (5).
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( )
 refers to the first three flapwise natural frequencies of the blade with the ice masses m m m1 2 3, , and  

in the Zones 1, 2, and 3, respectively.
A valid forward relation between ice masses (as independent variables) and natural frequencies (as dependent vari-

ables) of the 1-kW wind turbine blade is defined in this section using experimental modal analyses with ice masses. 
So, first three natural frequencies of the iced blade can be determined using such relation without in need of a struc-
tural model like FEM when the quantities of ice masses are known. Similarly, an inverse relation with ice masses 
as the dependent variables and natural frequencies as the independent variables is required to find the quantities of 
ice masses whenever natural frequencies of the iced blade are known. It is difficult to express these inverse relations 
explicitly. However, optimization techniques can be used to serve the purpose of finding the quantities of ice masses 
which will reduce the natural frequencies in the similar way as that of measured frequencies of an iced blade. A cost 
function can be defined using the forward relation and target natural frequencies where ice masses are chosen as vari-
ables in the optimization techniques and tuned to match the frequencies calculated using the forward relation with 

Table 4. Comparison of natural frequencies of the blade with 40-g ice mass in all three zones calculated using equation (5) and 
identified from the experimental modal analysis.

Ice mass Flapwise mode Natural frequency (Hz)

Location Value (g) Experiment (Figure 9(d)) Using equation (5)

Zone 1 40 Mode 1 9.2580 9.2724
Zone 2 40 Mode 2 43.4300 43.3814
Zone 3 40 Mode 3 118.5000 118.0790
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target frequencies. This process needs to be repeated for every new set of target frequencies to find corresponding 
ice masses which makes it cumbersome to use for ice mass detection. Another viable option is to define the inverse 
relation between ice masses and natural frequencies using an artificial neural network (ANN) model which expresses 
that relation explicitly, so it is straightforward to use that relation later for detecting ice masses for any new input of 
natural frequencies of the iced blade.

ANN model

ANNs are inspired from the biological neural networks, where artificial nodes known as neurons are used as computational 
elements and connected together to form a network. The ANN can be used to estimate or approximate functions that depend 
on multiple variables. These networks receive input from the neurons in the input layer, and their output are given by the 
neurons in the output layer. There may be one or more intermediate hidden layers. The neuron behaves as an activation 
or mapping function (typically a nonlinear function) producing an output corresponding to the input to the neuron. The 
neurons in the network are connected with each other and associated with some weights and bias which either increase 
or decrease input signals to the neurons. These weights and bias are determined in the training process where the relation 
between input and output variables is established (Ata, 2015). The backpropagation algorithm is one of the most widely 
used algorithms to determine the weights and bias of the neurons organized in layers. In this algorithm, the network signal 
travels in the forward direction and the errors are propagated backward. This algorithm uses supervised learning in which 
the network is trained using data for which inputs as well as desired outputs are known. The backpropagation algorithm is a 
generalization of the least mean square algorithm that modifies network weights to minimize the mean square error ( )mse  
between the desired and actual outputs of the network. Once trained, the network weights are frozen and can be used to 
predict output values for any new input samples. The advantage of ANN is that it only needs inputs and outputs of the pro-
cess to approximate underlying complex nonlinear functions. Other conventional methods like regression analysis require 
an explicit function definition between the inputs and outputs, whereas the ANN does not require such function definition.

A simple network with two neurons in a hidden layer is shown in Figure 11. The input to the network is x  and output 
from the network is y. The connections between neurons from the input to hidden layer are associated with the weights 
w w1 2and , and the neurons in the hidden layer are associated with the biases b b1 2and . The neurons from hidden to out-
put layer are associated with the weights w w3 4and  and the neuron in the output layer is associated with a bias b3. The  
weights of neurons either increase or decrease input signals to the neuron whereas bias has the effect of increasing or lower-
ing the net input to the neuron. An input pattern is presented to the input layer neurons that pass them onto the hidden layer, 
and the neurons in the input layer do not perform any computations. Each of the hidden layer neurons computes a sum of the 
weighted inputs and biases ( )v ii , = 1,2 , passes them through their activation function, and presents the result to the output 
layer. These will be the inputs to neuron in the output layer which compute their weighted sum and then feed to the activation 
function to compute the output of the network ( )y . The backpropagation algorithm determines these weights w ii , 1, , 4=   

Figure 11. A simple artificial neural network model.
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and biases b ii , 1, ,3=   such that the difference between network output ( )y  and the expected value of training data is 
the minimum, which will be problem specific. The network shown in Figure 11 is a simple network that maps the relation 
between x  and y  using two neurons; in general, ANNs are used for function approximation for a data with multiple inputs 
and outputs. Such applications require multiple neurons organized in layers between the input and output layers. The number 
of input and output neurons in the network is dictated by the problem under consideration. There is no hard rule to follow for 
choosing the number of hidden layers, number of neurons in those layers and the number of samples required in the training 
data set. These parameters are determined by trial and error method for the problem under consideration.

In this study, a nonlinear function that considers natural frequencies of the iced blade as an input and the ice masses 
accumulated in the three zones defined on the blade in corresponding cases as an output is approximated using ANN. As 
discussed before, the network parameters need to be found by trial and error method, which makes the process of finding 
network parameters cumbersome. However, based on the training data and problem under consideration, these parameters 
can be chosen, which is outlined as follows:

•• Number of outputs ( )no p/ : this value is fixed at 3 in this study, which are the ice masses in the three zones defined 
on the blade as shown in Figure 8. Increasing this number further makes the function approximation problem more 
complex, which requires more natural frequencies as an input to find a valid relation between inputs and outputs 
of the neural network.

•• Number of inputs ( )ni p/ : for the current problem, natural frequencies of the blade are used as an input to the 
neural network. The accuracy and consistency of the ice mass detection are influenced by the number of natural 
frequencies used in the detection technique. While designing the neural network for the current problem, it is found 
that a minimum of three natural frequencies is required as an input to the network to establish a valid relation 
between inputs and outputs of the network. Also, the uncertainty associated with multiple possibilities (in contrast 
to local and global minima in the optimization techniques) of the ice mass combinations that have a similar reduc-
tion in blade natural frequencies is minimized when three frequencies are used as an input. So, first three flapwise 
natural frequencies of the blade are chosen as an input to the neural network.

•• Number of hidden layers ( )nhidden : neural networks with one hidden layer and sigmoid function as an activation 
function can approximate continuous functions with arbitrary precision (Mehrotra et al., 1996). So, one hidden 
layer of neurons is chosen in this study.

•• Number of neurons ( )nneu : when neural networks are used for classification tasks with d-dimensional input data, 
neurons in the hidden layer function as hyperplanes that partition d-dimensional space into various regions. For 
classifying d-dimensional input data into M  clusters using a single-layer network, a minimum of the M  number 
of hidden layer neurons is required (Mehrotra et al., 1996). If two classes are defined for the ice mass like light and 
heavy with respect to the mass of the blade in each zone, then eight classes of combinations of ice masses are pos-
sible in three zones. For such definition of ice mass classes, a minimum of eight neurons are required in the hidden 
layer to approximate the nonlinear function using ANN.

•• Number of samples in the data set used for training ( )nsample : a rule of thumb, obtained from related statisti-
cal problems, is to have at least 5–10 times as many training samples as the number of weights and bias variables 
used in the network to be trained (Mehrotra et al., 1996). If nneu  number of neurons are considered in the hid-
den layer, then the number of weights and bias variables to be determined in the training process are given by 
n n n n nvariables i p neu o p neu= + + +( 1) ( 1)/ / . In this study, the number of samples considered in the training data is such 
that they are greater than 5 or 10 times the number of variables to be determined in the network. Each sample in the 
data set consists of ni p/  inputs and no p/  outputs.

Gantasala et al. (2017) found nneu = 8  and nsample = 343  as suitable parameters for a similar problem, where a nonlin-
ear function is approximated for the data set consisting three inputs (first three natural frequencies of a cantilever beam) 
and three outputs (added masses at three different locations on the beam). Same values are used for nneu  and nsample  in this 
study, and a data set consisting 343 samples is created for training the neural network model. A total eight different cases 
are possible as shown in Figure 12 when two possibilities of ice mass (0 and some value m ) are chosen in each zone. So, 
seven values between 0 and 80 g are chosen in each of the three zones to create the required data set of 343 samples (equal 
to 73 ). For these ice mass values, natural frequencies of the blade are calculated using equation (5). A data set is created 
with the calculated natural frequencies and ice mass values used in the corresponding cases. A neural network model is 
designed using the MATLAB toolbox (MATLAB Neural Network Toolbox, n.d.) with the network parameters shown in 
Figure 13 by training with a data set of 343 samples considering first three flapwise natural frequencies of the iced blade 
as an input and corresponding ice masses used in the three zones as an output. An approximate inverse relation between 
these inputs and outputs is identified in the training process. The designed neural network model is given natural frequen-
cies of the iced blade identified from experimental modal analyses as an input in the next section to identify ice masses.
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Results and discussion

In this section, 18 cases of ice masses (randomly chosen between 0 and 80 g in all three zones) are considered along 
the length of the three zones defined on the 1-kW wind turbine blade, and its first three flapwise natural frequencies 
are identified from the experimental modal analysis. These ice masses are distributed randomly (i.e., linear mass 
density varies randomly) along the length of the zones. The natural frequencies identified in the above cases (given 
in Appendix 2) are given as an input to the neural network model designed in the last section, and the identified ice 
masses are compared against the actual ice mass values used in the experiments in Table 5. As the actual ice mass 
values used in the experiment and the corresponding identified mass values in all 18 test cases are known, an error 
metric called as weighted absolute percentage error ( )WAPE  as defined in equation (6) is calculated for each test 
case. It is defined as the ratio of the sum of the absolute error in the identified masses in each zone to the sum of actual 
ice masses used in that test case
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Figure 12. Different cases possible when two values are chosen for an ice mass in each one of the three zones.

Figure 13. Neural network designed using the MATLAB toolbox.
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where i  refers to the test case number; k  refers to the zone number; m mactual identifiedand  refers to ice masses actually used 
in the experiment and the values identified by neural network model, respectively.

The WAPE is calculated for all 18 test cases and shown in Figure 14. This error changes with respect to the location 
and the quantity of ice mass, and the mean value of WAPE for all 18 cases is found to be 17.53%. Ice masses in the test 
case 4 are identified with a maximum WAPE value of 55.6%, where only 10 g of ice mass is considered in Zone 2 in 
the experiment. It can be observed that the WAPE value is higher in test cases where smaller ice masses are considered 
on the blade and it decreases with increasing ice mass values. The randomness in the way ice masses are distributed in 
the experiments resulted randomness in the WAPE values of 18 test cases. The proposed ice mass detection algorithm 
is able to approximately identify ice masses in the three zones defined on the blade based on its first three flapwise 
natural frequencies. Its application to a large wind turbine blade is demonstrated in the next section.

Application of the proposed technique to detect ice masses on a multi-megawatt 
wind turbine blade

The detection technique proposed in the earlier sections is approximately able to identify ice masses on a 1-kW wind 
turbine blade, the same technique is used in this section for detecting ice masses on the NREL 5-MW wind turbine 

Table 5. Ice masses identified in the 18 test cases: 1-kW wind turbine blade.

Test case no. Actual ice mass values (g) Identified ice mass values (g)

Zone 1 Zone 2 Zone 3 Zone 1 Zone 2 Zone 3

1 0.0 0.0 15.0 0.0 0.0 18.5
2 0.0 0.0 30.0 0.0 0.0 32.1
3 0.0 0.0 48.0 0.0 0.0 45.7
4 0.0 10.0 0.0 0.4 8.5 3.7
5 0.0 25.0 20.0 0.0 19.5 22.6
6 0.0 36.0 0.0 0.0 31.6 5.0
7 0.0 36.0 15.0 0.0 29.3 21.8
8 10.0 0.0 30.0 10.5 0.0 32.8
9 10.0 15.0 30.0 8.1 8.7 33.9
10 12.0 0.0 0.0 15.0 0.0 0.0
11 12.0 0.0 26.0 11.0 0.0 25.8
12 12.0 22.0 0.0 12.2 17.8 3.0
13 15.0 25.0 20.0 17.2 19.6 23.0
14 25.0 0.0 0.0 28.0 0.0 0.0
15 25.0 0.0 48.0 21.3 0.0 45.4
16 25.0 32.0 0.0 17.9 31.9 4.6
17 25.0 32.0 48.0 18.6 29.6 47.7
18 40.0 40.0 40.0 40.3 35.4 42.9

Figure 14. Weighted absolute percentage error ( )WAPE  calculated for the 18 test cases.
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blade. In the case of 1-kW wind turbine blade, an explicit relation between natural frequencies and ice masses is 
defined using experimental modal analyses of the iced blade; here, in this section, such relation for the NREL 5-MW 
wind turbine blade is defined using an eigenvalue analysis of its FEM model with ice mass. The structural details of 
the NREL 5-MW wind turbine blade can be found in Jonkman et al. (2009). The length of the wind turbine blade is 
divided into three zones as shown in Figure 15. The inner half of the blade is considered as Zone 1 and the outer half 
of the blade is divided into two zones, Zones 2 and 3. Two quantities of ice masses 250 and 500 kg are considered 
with a constant linear mass density (mass per unit length) along the length of the three zones separately as shown in 
Figure 15, and eigenvalues of the blade (first three flapwise natural frequencies are of interest in this study) in the 
corresponding cases are calculated using the BModes tool (Bir, 2005). A quadratic polynomial is fitted separately 
between the ice masses (0, 250, and 500 kg) used in a particular zone and respective flapwise natural frequencies of 
the blade (one of the three flapwise natural frequencies is considered at a time). The polynomial fitted between third 
flapwise natural frequency of the iced blade when ice masses (0, 250, and 500 kg) are considered exclusively in Zone 
3 is shown in a figure in Appendix 3. This particular natural frequency calculated with different intermediate ice mass 
values between 0 and 500 kg in Zone 3 is also shown in the same figure in Appendix 3, these frequencies are follow-
ing the quadratic polynomial fitted before. This emphasizes that the natural frequencies of a wind turbine blade vary 
quadratically with the quantity of ice mass in a specific location (one of the three zones). So, the polynomial fitted 
in Appendix 3 can be used to calculate third flapwise natural frequency of the blade corresponding to any ice mass 
value between 0 and 500 kg in Zone 3. Similarly, polynomials are fitted for other two natural frequencies of the blade 
with respect to ice mass in Zone 3. Likewise, polynomials are fitted for ice masses in other two zones of the blade. 
Using these polynomial coefficients, an explicit relation like equation (5) is defined between natural frequencies of 
the 5-MW wind turbine blade and ice masses in the three zones ( )m m m1 2 3, , and . The validity of this relation for 
the NREL 5-MW wind turbine blade is verified using an eigenvalue analysis of its FEM model with ice masses in 
Appendix 4. Later, this explicit relation is used to create a data set of natural frequencies of the blade corresponding 
to different ice masses in the three zones.

Seven different ice mass values are considered in the range of 0–500 kg in each zone, which will generate 343 (equal 
to 73 ) combinations of ice masses in the three zones, and natural frequencies in all these cases are calculated using the 
explicit relation defined earlier to create the data set required for training a neural network model. An ANN model (with 
parameters n nneu hidden= 8 = 1and ) is trained with this data set considering first three flapwise natural frequencies of the 
iced blade as an input and three ice masses used in the corresponding cases as an output. ANN approximates a nonlinear 
relation between these inputs and outputs. Ice masses are identified for the six test cases shown in Figure 16 by giving 
natural frequencies of the blade (calculated using BModes tool) in the respective cases as an input to the trained neural 
network model. The ice masses identified from the neural network model are compared with actual ice mass values used 
in the test cases in Table 6. The detection technique proposed in this work is approximately able to identify ice masses 
on the 5-MW wind turbine blade based on its natural frequencies, and these ice masses are identified with a mean WAPE 
value of 14.77% in six test cases.

Figure 15. Division of the NREL 5-MW wind turbine blade length into different zones.
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Figure 16. Ice mass distributions considered along the NREL 5-MW wind turbine blade in the six test cases.

Table 6. Ice masses identified in the 6 test cases: NREL 5 MW wind turbine blade.

Test case no. Ice mass location Ice mass (kg) WAPE

Actual Identified

1
Zone 1
Zone 2
Zone 3

78
50
48

95
56
44

15.56%

2
Zone 1
Zone 2
Zone 3

155
100
96

144
115
84

10.59%

3
Zone 1
Zone 2
Zone 3

223
157
148

212
209
124

16.71%

4
Zone 1
Zone 2
Zone 3

315
197
193

273
226
166

13.95%

5
Zone 1
Zone 2
Zone 3

376
252
253

299
318
213

20.79%

6
Zone 1
Zone 2
Zone 3

464
300
293

468
363
243

11.01%

WAPE: weighted average percentage error.
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Summary and conclusion

Ice accumulation on a wind turbine blade reduces its natural frequencies differently depending on the location and the 
quantity of ice mass. In this work, a detection technique is proposed to identify ice masses on a blade based on its first 
few natural frequencies. The proposed technique is initially demonstrated on a small 1-kW wind turbine blade experi-
mental setup. Experimental modal analyses are carried out on that blade to determine the sensitivities of its natural 
frequencies to the quantity of ice mass and its location on the blade. An explicit relation to the natural frequencies of 
the blade is defined in terms of the location and quantity of ice masses using those sensitivities. Later, a data set of 
natural frequencies of the blade is created using that explicit relation considering different quantities of ice masses at 
different locations on the blade. An ANN model is trained with this data set where natural frequencies of the iced blade 
are used as an input and corresponding ice masses at different locations on the blade as an output of the neural network 
model. ANN approximates a nonlinear relation between these inputs and outputs in the training process. This model 
is able to approximately identify ice masses with a WAPE value of 17.53% (mean value) in the 18 test cases based on 
their natural frequencies.

The proposed technique can be applied to detect ice masses on large wind turbines operating in cold climate as it 
requires only first few natural frequencies of the blade, these frequencies are usually excited by the turbulent wind 
and can be estimated from the vibration measurements of the blade. The effectiveness of the proposed technique is 
demonstrated on the NREL 5-MW wind turbine blade where eigenvalue analysis of its FEM model is used to define 
an explicit relation between its natural frequencies and ice masses on the blade. A neural network model designed 
using that explicit relation is able to identify ice masses with a mean WAPE value of 14.77% in six test cases. This 
technique can be used to identify ice masses on a stationary wind turbine, which will allow to optimize and control the 
de-icing process remotely with the help of information on location and approximate quantities of ice masses present 
on the blade.
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Appendix 1: Values of the polynomial coefficients in equations (2) to (4) for the 
1-kW wind turbine blade
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Appendix 2: Natural frequencies of the iced 1-kW wind turbine blade identified in 
the 18 test cases

Test case no. Ice masses (g) Natural frequencies (Hz)

m m m1 2 3, , and Mode 1 Mode 2 Mode 3

1 (0, 0, 15) 9.89 45.97 125.30
2 (0, 0, 30) 9.69 45.71 125.10
3 (0, 0, 48) 9.48 45.55 124.10
4 (0, 10, 0) 10.07 45.89 124.60
5 (0, 25, 20) 9.73 45.41 122.40
6 (0, 36, 0) 9.93 45.46 121.60
7 (0, 36, 15) 9.69 45.24 121.20
8 (10, 0, 30) 9.67 45.42 125.10
9 (10, 15, 30) 9.59 45.15 123.10
10 (12, 0, 0) 10.15 45.74 125.70
11 (12, 0, 26) 9.75 45.42 124.80
12 (12, 22, 0) 10.01 45.34 123.10
13 (15, 25, 20) 9.68 44.80 121.90
14 (25, 0, 0) 10.13 45.37 125.60
15 (25, 0, 48) 9.44 44.80 123.60
16 (25, 32, 0) 9.90 44.83 121.10
17 (25, 32, 48) 9.26 44.17 119.50
18 (40, 40, 40) 9.26 43.43 118.50

m m m1 2 3, , and  refer to the ice masses considered in Zones 1, 2, and 3, respectively, in the test cases.
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Appendix 3: Quadratic polynomial fitted between third flapwise natural frequency 
of the iced NREL 5-MW wind turbine blade (when ice mass is only considered in 
Zone 3) and respective ice masses used in the Zone 3 

Appendix 4: Validation of the approximation used in equation (5) for the NREL 
5-MW wind turbine blade natural frequencies with ice masses m ,m , andm1 2 3  in 
Zones 1, 2, and 3, respectively 

Values of the polynomial coefficients in equations (2) to (4) corresponding to the NREL 5-MW wind turbine blade (with 
ice masses) natural frequencies are given below
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First three flapwise natural frequencies of the blade calculated using an eigenvalue analysis of its FEM model with ice 
masses (in kg) m m m1 2 3250 250 250= = =, , and  are compared with the frequencies calculated using equation (5) with 
above polynomial coefficients in the below table.

Flapwise mode Natural frequency (Hz)

Without ice mass With ice mass

Using FEM model Using FEM model Using equation (5)

Mode 1 0.6760 0.6240 0.6188 (−0.83%)
Mode 2 1.9463 1.8255 1.8185 (−0.38%)
Mode 3 4.5047 4.2457 4.2216 (−0.57%)

FEM: finite element method.

From the above table, it is clear that the natural frequencies of iced NREL 5-MW wind turbine blade can be approxi-
mately calculated using equation (5) with above polynomial coefficients for given quantities of ice masses ( , , )1 2 3m m mand .
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Abstract: Wind turbines installed in cold-climate regions are prone to the risks of ice accumulation
which affects their aeroelastic behavior. The studies carried out on this topic so far considered icing
in a few sections of the blade, mostly located in the outer part of the blade, and their influence
on the loads and power production of the turbine are only analyzed. The knowledge about the
influence of icing in different locations of the blade and asymmetrical icing of the blades on loads,
power, and vibration behavior of the turbine is still not matured. To improve this knowledge,
multiple simulation cases are needed to run with different ice accumulations on the blade considering
structural and aerodynamic property changes due to ice. Such simulations can be easily run by
automating the ice shape creation on aerofoil sections and two-dimensional (2-D) Computational
Fluid Dynamics (CFD) analysis of those sections. The current work proposes such methodology and
it is illustrated on the National Renewable Energy Laboratory (NREL) 5 MW baseline wind turbine
model. The influence of symmetrical icing in different locations of the blade and asymmetrical
icing of the blade assembly is analyzed on the turbine’s dynamic behavior using the aeroelastic
computer-aided engineering tool FAST. The outer third of the blade produces about 50% of the
turbine’s total power and severe icing in this part of the blade reduces power output and aeroelastic
damping of the blade’s flapwise vibration modes. The increase in blade mass due to ice reduces its
natural frequencies which can be extracted from the vibration responses of the turbine operating
under turbulent wind conditions. Symmetrical icing of the blades reduces loads acting on the turbine
components, whereas asymmetrical icing of the blades induces loads and vibrations in the tower,
hub, and nacelle assembly at a frequency synchronous to rotational speed of the turbine.

Keywords: wind turbine; icing; simulation; aeroelastic behavior; CFD

1. Introduction

Wind turbine installations in cold-climate regions are steadily increasing and their capacity will
reach 186 GW by the end of 2020 [1]. These places have sub-zero temperatures with humid weather
conditions in the winters leading to atmospheric icing of structures. Cold-climate regions will either
have weather conditions that favor atmospheric icing or low temperatures that are outside the design
limits of turbines [2]. The wind turbines in cold-climate sites can produce 10% more power than those
in the other regions as air density is higher at low temperatures [3]. Atmospheric icing of the structures
can be classified into two classes: precipitation and in-cloud icing. The freezing rain or snow in contact
with a surface forms the precipitation icing, while deposition of cloud droplets or water vapor onto
a surface forms the in-cloud icing. The wind turbine sites whose cloud base is at a lower height are
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more prone to the in-cloud icing. This type of icing is highly possible with the current multi-megawatt
sized turbines as their tip heights almost reach 200 m [2]. Higher ice accumulation rates are possible
in the case of precipitation icing which can result in a greater damage to turbines [4]. Wind turbine
projects in the cold-climate regions will have special challenges. Icing causes a reduction in turbine’s
power output, lifetime of turbines, increases vibrations, noise, and safety risk due to potential ice
throw. Appropriate materials need to be considered in the design of wind turbines operating in low
temperatures. The turbine manufacturers developed special technical solutions to handle challenges
emerged in the operation of wind turbines in cold climates.

Wind turbine components accumulate ice when moisture in the air impacts with their cold
surface. The lift force of the blade’s aerofoil section reduces and drag force increases due to icing [5,6],
which results in a reduction in the turbine power output. The structural and aerodynamic behavior of
a wind turbine is coupled as the rotational motion and vibrations of the blade change the effective
wind velocity on its aerofoil sections. Icing changes structural and aerodynamic properties of the blade,
aeroelastic behavior of the blades is thus affected. Icing increases the mass distribution of the blade
and irregular ice mass accumulation on the blades causes mass and aerodynamic imbalances in the
turbine structure. This increases vibrations in the turbine.

Several authors have recently investigated this topic to analyze some of the above-mentioned
effects of icing on wind turbine dynamic behavior. Hochart et al. [7] performed icing simulations
on a 0.2 m NACA 63415 aerofoil in a wind tunnel and accumulated ice loads were scaled up onto
a 1.8 MW wind turbine. They predicted a decrease in loads and rotor torque with icing of the blades
and suggested to install a de-icing system in the outer third of the blade to reduce costs for heating
and quickly restore the turbine’s operation. Yirtici et al. [8] predicted ice build-up on two different
aerofoil sections using a 2-D ice accretion prediction tool and validated it with experimental data of ice
shapes available in the literature. Homola et al. [9] investigated performance losses due to ice accretion
on the NREL 5 MW wind turbine model and simulated icing on five sections along the blade for 60
min under rime ice conditions. They analyzed the aerodynamic behavior of the clean and iced aerofoil
sections using CFD simulations and later calculated power output of the turbine using blade element
momentum (BEM) method. Hu et al. [10] predicted icing on two bladed NREL phase VI turbine (with
a rotor diameter of 10 m) using LEWICE ice accretion prediction tool and simulated loads acting on the
turbine structure with clean, symmetric, and asymmetric icing on the blades. They predicted a decrease
in rotor loads with symmetric icing but loads acting on the tower and nacelle assembly increased with
asymmetric icing on the blades. Etemaddar et al. [11] predicted ice accumulation and estimated the
influence of uniform icing in the outer third of the blades on aerodynamic and structural dynamic
behavior of the NREL 5 MW wind turbine. They predicted that the iced rotor produces rated power at
a wind speed higher than its rated wind speed, so power and rotor speed of the iced turbine can be used
for ice detection below the rated wind speed. Zanon et al. [12] investigated different control strategies
for an optimum performance of the turbine under icing conditions. They showed that turbine’s speed
reduction can decrease ice accumulation during an icing event, so performance after restoration to rated
rotational speed can be improved up to 6% by compromising on slight decrease in power production
during this time. Rissanen et al. [13] simulated dynamic behavior of the iced turbine and proposed
simulation parameters for defining new design load cases for cold-climate turbines. Han et al. [14]
quantitatively investigated the power performance of a large wind turbine with ice formation on
a blade tip (outer 30% of the blade length) aerofoil’s leading edge using CFD simulations. Shu et al. [15]
quantitatively analyzed ice distribution on a 300-kW wind turbine blade using image processing
methods and influence of icing on power performance at natural icing conditions. They observed
higher cut-in speed needed for turbine power generation and power production decrease at higher
wind speeds due to ice. Lamraoui et al. [16] identified crucial parameters such as freezing fraction,
liquid water content, temperature, and critical radial position on the blade that control the type of ice
accretion on wind turbine blades. They recommended outer 60% of the blade to be equipped with
an ice protection system to optimize power production under icing conditions.
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The studies carried out on this topic so far considered icing in a few sections of the blade, mostly
located in the outer part of the blade and their influence on the loads and power production of the
turbine are only analyzed. The knowledge about the influence of icing in different locations of the
blade and asymmetrical icing of the blades on loads, power, and vibration behavior of the turbine
is still not matured. To improve this knowledge, multiple simulation cases are needed to run with
different ice accumulations on the blade considering all the structural and aerodynamic property
changes due to ice. Such simulations can be easily run by automating the ice shape creation on aerofoil
sections and CFD aerodynamic analysis of those sections. Flow separation over the iced aerofoil
sections demands extra measures (elaborated in Section 3) in the CFD simulations to accurately predict
their aerodynamic behavior. With such measures, it is possible to study various iced aerofoil profiles
beside the multiplicity of the test cases by launching a modeling setup to implement 2-D CFD-RANS
(Reynolds-Averaged Navier–Stokes) simulations in these cases. The background and methodology
of the CFD simulations are further explained in Section 3. This study proposes such method to
simulate loads, power, and aeroelastic behavior of the wind turbine with iced blades. The NREL 5 MW
wind turbine model is used to illustrate the developed methodology. Initially, an ice shape is chosen
from the literature and ice mass is distributed using the Germanischer Lloyd (GL) specification [17]
along the blade length. An automated procedure is used to scale the chosen ice shape on various
aerofoil sections of the blade based on the quantity of ice mass to be distributed on those sections,
respectively. The aerodynamic behavior of these aerofoil sections is then simulated using an automated
2-D CFD-RANS analysis system. The evaluated aerodynamic coefficients (lift, drag and pitching
moment) of iced aerofoil sections are used in the FAST model to simulate the aeroelastic behavior of
the turbine at various wind velocities and icing scenarios on the blades. The influence of symmetrical
icing in different locations of the blade and asymmetrical icing of the blade assembly is analyzed on the
turbine dynamic behavior. These analyses along with the outlined automated procedure to create ice
shapes on aerofoils and analyze their aerodynamic behavior accurately using CFD-RANS simulations
comprises novelty of the current work.

The manuscript is divided into several sections. The motivation and related literature of the
subject are introduced in the Section 1. The methodology for leading-edge ice shape (experimental
or simulated) creation according to a given ice mass distribution is discussed in Section 2. The CFD
aerodynamic analysis procedure of the iced aerofoils is discussed in Section 3. The simulation results of
iced wind turbine’s dynamic analysis are discussed in Section 4 and the final conclusions are presented
in Section 5.

2. Leading Edge Ice Shapes

Wind turbines accumulate two types of icing: glaze and rime ice. Freezing rain or in-cloud icing
creates smooth evenly distributed glaze ice (along chordwise). Super-cooled fog or cloud droplets
form rime ice which is a most-common form of in-cloud icing. The rime ice accrete on the windward
side of blade’s leading edge in the form of a wedge-shape. Ice accumulation on the blades depend
on operating conditions of the turbine (ambient temperature, moisture content of the air, turbine
speed, wind speed and the span of icing event) and geometric parameters (radial location, thickness,
and chord length of aerofoils). The operating conditions of a turbine vary stochastically in space and
time. Tools such as LEWICE [18], TURBICE [5], FENSAP-ICE [19] predict atmospheric icing of the
blades using Multi-physics analysis involving heat transfer and CFD approach. These tools require
wind speed, ambient temperature, liquid water content (LWC), median volume diameter (MVD) or
droplet size and duration of the icing event as an input for prediction. These parameters change with
wind turbine sites and they will be different for turbines within the site. This fact is also complemented
by different ice fragments collected around a wind farm in [20]. Beaugendre et al. [19] predicted an ice
shape as shown in the Figure 1a on a NACA 0012 aerofoil using ambient conditions (which are closer
to the conditions that lead to glaze ice) given in Table 1 using FENSAP-ICE tool. Hochart et al. [7] used
ambient conditions given in Table 1 (correspond to a severe icing event in Quebec during the winter in
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2004–2005) in a wind tunnel and obtained ice shapes on a NACA 63415 aerofoil. The shape of accreted
rime ice in their study is shown in the Figure 1b. The ice shape obtained in these studies can be very
different if any of the parameters given in Table 1 is changed.

Table 1. Comparison of icing simulation parameters used in [7,19].

Parameter Run 308 in [19] Simulation 6 in [7]

Aerofoil NACA 0012 NACA 63415
Chord (m) 0.55 0.2

Angle of attack (◦) 4.0 9.0
LWC (g/m3) 1.0 0.48
MVD (µm) 20.0 27.6
Vrel (m/s) 102.8 55.0

Reynolds number 4.14 × 106 7.33 × 105

Temperature (◦C) −11.11 −5.7
Time (min) 3.85 19.6
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(a) NACA 0012 (b) NACA 63415 (c) NACA 64618

Figure 1. Ice shapes on the aerofoil sections (a) simulated in [19], (b) simulated in [7], (c) curve fitted in
this work.

In this study, instead of predicting ice shapes using these parameters, a parametric model is
developed to create a smoother ice shape as shown in the Figure 1c, approximately replicating the ice
shapes shown in Figure 1a,b. Two points A and B are defined on an aerofoil section as shown in the
Figure 2a and an initial curve with radial distances r0(θ) with origin at O (midpoint of the line joining
the points A and B) is defined for various points on the clean aerofoil section between the points A
and B. A new curve r(θ) for creating an ice shape on the aerofoil as shown in the Figure 2b is defined
using Equation (1) in terms of sinusoids.

r (θ) = r0 (θ) + f ∑
i
(±Ai) sin (iθ) , i ∈ Z (1)

where r(θ), r0(θ) defines the distance between origin O and points on the iced and clean aerofoils
between A and B respectively, θ is the angle made by the line joining a point (between A and B) on
the aerofoil section and origin O with respect to the line OB, f is a scaling factor used to distribute the
required quantity of ice mass on the aerofoil section, Ai represents the coefficient of the ith sinusoid.

The coefficients of the sinusoids are scaled according to an exponential curve defined by
Ai = e−k(i−1)/2 where k is chosen as a parameter. The order of sinusoids i and the value of k used in
the Ai function and scaling factor f are the three parameters to be identified for creating the required
ice shape on an aerofoil section. A value of 0.5 is chosen for k to make the process of finding i and f
further easier.

An ice shape is created on the NACA 64618 aerofoil (used on the NREL 5 MW wind turbine blade)
by considering four sinusoids (i = 1, 2, 3, 6) in Equation (1), which is found by trial and error method
to roughly replicate the ice accretion on the windward side of the aerofoil at leading edge as shown in
Figure 1a,b. The coefficients of these four sinusoids are scaled according to an exponential function
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as shown in the Figure 3. The scaling factor f is determined by minimizing a cost function defined
in MATLAB (8.3, MathWorks) using Equation (2) (product of the area of ice shape and its density is
equated to ice mass) for a desired quantity of ice mass to be distributed on that section.

π

∑
θ=0

1
2

{
r2 (θ)− r2

0 (θ)
}

∆θ =
mice
ρice

(2)

where mice, ρice are the ice mass (per unit length) to be distributed on the aerofoil section and density
of the ice respectively.

r (θ)

A

B

O

θ=0

θ=π

r0(θ)

A

B

O

Ice

(a) Clean aerofoil (b) Iced aerofoil

Point A: x/c=0.15 on upper surface
Point B: x/c=0.30 on lower surface
Point O: Mid-point of A and B
x X-coordinate of the aerofoil
c chord length of the aerofoil 

Figure 2. Parametric modeling of the ice shape on an aerofoil section.

The ice shape in Figure 3 is obtained with the values of mice = 40.7 kg/m, ρice = 700 kg/m3.
This parametric model can be used to replicate ice shapes measured directly on blades during the icing
events or ice pieces collected around the turbine (see [20] for different ice fragments collected around
a wind farm) due to ice shedding. A few ice shapes obtained using some ice accretion simulations in
the literature are replicated using the current parametric model in Appendix A.

The ice accumulation on wind turbines is influenced by many parameters (refer Table 1).
It increases for longer icing events and it is not uniform across the blade length. Three different
guidelines for the ice mass accumulation are defined in the literature: ISO 12494:2001 [21], GL [17] and
VTT [13] formulas. Rissanen et al. [13] used these three formulas to calculate ice mass distribution
on a 2.05 MW wind turbine blade. Based on the dimensions of turbine and span of icing events,
these guidelines calculate maximum ice mass accumulation possible. The formula proposed in ISO
12494:2001 estimates ice mass based on the duration of icing event, chord length of the aerofoils
and wind speed. This guideline estimates higher ice mass for longer icing events and blade root
accumulates more ice mass as per this guideline due to its larger chord length. Wind turbine’s loads
and vibrations are influenced by blade icing. GL [17] proposed a guideline to certify wind turbines for
cold-climate operation. This guideline estimates maximum ice mass distribution possible on the blade
that can be used to calculate turbine loads under different load cycles. Turbines accumulate ice mass
lower than this limit, but it is used for certification of turbines under cold-climate operation. In reality,
outer length of the blade i.e., near the tip accumulate more ice mass as this part of the blade sweeps
more area in rotation and relative velocity of the wind is higher at these locations. This type of ice mass
distribution is modeled by the GL guideline and it defines a linearly increasing i.e., mass distribution
starting from zero at the blade root till a value of µE at half length of the blade. Thereafter it is constant
towards the blade tip as shown in the Figure 4. The formula for calculating the value of µE is as
follows [17]:

µE = ρEkcmin (cmin + cmax) (3)
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where ρE is the ice mass density (700 kg/m3); k = 0.00675 + 0.3e−0.32 R
R1 , R is the rotor radius expressed

in m, R1 = 1 m; cmax, cmin are the maximum and minimum chord lengths of the blade expressed in m.

i

Ai
  2/1 ike

i Ai Sign
1 1.0000 +

2 0.7788 +

3 0.6065 -
6 0.2865 +

For k=0.5
NACA 64618

Figure 3. Parameters used for an ice shape creation on a NACA 64618 aerofoil section used in the
NREL 5 MW wind turbine blade.

The value of µE for the NREL 5 MW wind turbine blade is calculated as 40.7 kg/m which estimates
an ice mass of 1877 kg (it is equal to 10.58% of blade mass). Using this guideline, ice shapes are created
on several sections of the current NREL 5 MW wind turbine blade as shown in the Figure 4 using
the parametric model previously presented. This blade is described using 15 aerofoil sections with
different shapes and chord lengths as shown in the Figure 4 whose details can be found in [22] and also
given in the Table A1 in Appendix B. The aerodynamic behavior of these 15 aerofoil sections without
and with ice are analyzed using the CFD simulations described in the next section.

Figure 4. Ice shapes along the NREL 5 MW wind turbine blade distributed as per GL ice mass
specification: The blade length is divided into three zones and influence of icing in each of these zones
on the turbine power and vibrations is investigated later in Section 4.
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3. Aerodynamic Characterization of Iced Aerofoils

The performance loss due to icing can be studied through different approaches, such as
SCADA measurements, wind tunnel assessments, and numerical simulations. Experimental methods
are the most realistic but are expensive. Wind tunnel tests have the advantage of a controlled
environment, but problems are encountered in reproducing actual wind farm conditions and scaling
certain dimensions and operating parameters. “Numerical methods offer the advantages of low
cost and the ability to simulate realistic conditions, although efforts are still being made to develop
these methods” [23]. The accuracy of simple numerical methods, such as panel codes, decreases
for aerodynamic performance calculations of aerofoils, where thick trailing edges are considered.
Also, they are not applicable for relative thicknesses greater than 30% to 36% [24]. Furthermore,
these methods are not stable enough to work in the case of complicated ice profiles. CFD simulations
with the Reynolds-Averaged Navier–Stokes (RANS) model is an alternative. However, CFD simulations
accuracy depends on the quality of the grid system used for resolving the computational domain,
as well as the appropriateness of the turbulence model in capturing the relevant physics [25].
Simulation of air flow around aerofoils using CFD has been studied by several researchers [26–29].
It is a challenge for the CFD-RANS model to simulate flow over thick aerofoils. The wind turbine
blade region near the root is composed of thick aerofoil sections. The maximum relative thickness
affects flow regime over an aerofoil and its aerodynamic characteristics. The location and size of
the laminar separation bubbles are influenced by this parameter, as well as the transition. In the
case of thick aerofoils, a fully developed turbulent boundary layer on the aerofoil surface was not
found accurate enough to evaluate lift coefficient [24]. Due to the unavailability of experimental data
in most of the real icing conditions, the accuracy of CFD predictions cannot always be validated.
But there are some CFD studies [30–34] on iced aerofoils that have been validated with available
experimental data. Their results show that a high-quality mesh is necessary, especially in the case of
large horn ice shapes; as well as an appropriate turbulence model in addition to a transition model.
In 2018 [12], total power loss was calculated for an iced NREL 5 MW rotor. They calculated rotor
power using the BEM method in which 2-D aerofoil aerodynamic data were calculated using the
CFD-RANS simulations. The validation was based on the clean aerofoils and did not include the icing
results. Shu et al. [35] validated a 3-D CFD-RANS simulation on a 300-kW ice-contaminated wind
turbine against the experiments. They found the glaze-iced rotor numerical results more overrated
compared to the rime-iced one. They assumed a fully turbulent boundary layer skipping the laminar,
turbulent transition. In summary, if there are no large separated regions, then CFD can accurately
predict the loads, but it is also necessary for a CFD-RANS simulation to be reliable in the case of thicker
aerofoils or/and sharp glaze ice profiles in which there are large separation regions or/and flow is not
fully turbulent.

The mesh (spatial discretization) used in a CFD simulation should resolve the fluid domain
around the aerofoil. It enables the governing equations with a turbulence model to resolve all the
relevant physics with a minimum induced error. The task is challenging for the ice-contaminated
aerofoils because of the complex geometry and flow. Furthermore, over a blade consisting different
aerofoil geometries along the blade axis, ice profiles are thus different. An efficient mesh updating
method for this purpose is thus necessary. A method was presented in [25] to generate a high-quality
single- and multi-block structured grids for complicated 2-D ice profiles. The convergence was either
extremely slow or did not converge because the coupled solver implemented computations in only one
block at a time. In 2014 [36], a mesh morphing-based technique was described to effectively manage
ice accretion simulations through the CFD. However, the stability of the method was not guaranteed as
morphing typically introduces a degradation of the mesh quality. In 2016 [37], one CFD ice accretion
model was designed, in which an ice accretion process was combined with the aerodynamic analysis.
In this method, the mesh was updated by a node displacement vector at every time step.

With the above background, some improvements are necessary to improve CFD-RANS
simulations in the case of separated flows, such as flow over thick aerofoils and flow at high angles
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of attack. Iced aerofoils are also profiles prone to separation, which makes CFD-RANS simulations
challenging. The literature suggests modeling the boundary layer transition, using a proper turbulence
model, improving the mesh quality etc. are necessary to make the CFD-RANS simulations as accurate
as possible in such cases. The current study considers these measures to handle flow separation in the
case of thick and iced aerofoil sections and are explained in the following subsections.

For the present study, a script-based method is used to modify the aerofoil/ice profile while
preserving the mesh topology. Once the aerofoil profile is modified, only the node positions are
rearranged and updated. Large number of CFD simulations are required considering different sections
along the blade axis, range of angle of attack and ice profiles. The NREL 5 MW wind turbine blade
is divided into 15 aerofoil sections (shown in Figure 4); ice accretion is different on these sections
and require aerodynamic data on a range of angles of attack. Therefore, an automatic simulation is
necessary along with an automatic mesh updating method. The whole process of the CFD simulations
is controlled through a code developed in MATLAB. It consists of geometry update, mesh generation,
solver setup, solver operation, and post processing of results. This is the novelty of the current work
which launches a setup for the whole process of CFD-RANS simulations to analyze aerodynamic
behavior of a wide range of aerofoil profiles.

3.1. Approach and Methods

The NREL 5 MW wind turbine blade is constructed based on five “DU” aerofoils and one
“NACA64” aerofoil. The maximum relative thickness of the cross-sections ranges from 18% to 40%.
Design of the aerofoil profiles used in the blade are based on DU 99, DU 97, DU 91, DU 93 and NACA
64618 for which the experimental data are available in [38–41]. These aerofoils are finally named
DU40_A17, DU35_A17, DU30_A17, DU21_A17, NACA64_A17 after some modifications such as the
reduction in trailing edge thickness, aspect ratio, etc. [42]. Over 22% of the blade length, the maximum
relative thickness on the cross-sections is greater than 30%. Such a geometry limits the application
of aerodynamics modeling tools. The computational domain around the two-dimensional aerofoil
contains a multi-block structured grid which consists of an unstructured arrangement of 10 hexahedral
blocks. Each block contains a structured grid, created in the ICEM CFD (15.0, Ansys Inc., Canonsburg,
PA, USA) software. The multi-block topology employed for this work starts from a C-topology around
the aerofoil, see Figure 5. This arrangement helps to resolve the suction peak as well as the trailing
edge vortex shedding. Such topology avoids low-quality hexahedral cells around the extremely sharp
trailing edge geometry at the blade tip. The average y+ value on the blade is below 1 over the 0.5
million nodes of the mesh. Grid sensitivity study was implemented for the simulations of the basic
(ice-free) profiles. The results were validated against the experimental data. For the iced profiles,
the results stability was assessed with an emphasize on the worst cases, i.e., flow at high angle of attacks.
The fluid problem is solved with the finite volume technique using the CFD code ANSYS CFX (15.0,
Ansys Inc.) in which the set of equations is the Navier–Stokes equations in their conservation form [43].
The high-resolution advection scheme was selected for the spatial discretization. The temporal
discretization of the equations in transient cases were solved using the second order backward Euler
scheme. Considering the Reynolds-Averaged Naiver-Stokes equations, the turbulences were modeled
with an eddy-viscosity model. The Shear Stress Transport (SST) model with an automatic wall function
was activated to model the turbulent flow. The k-ω SST model is known to be an accurate turbulence
model for boundary layer detachment prediction [44,45]. In a steady-state simulation, CFD solver
applies a false time step as a mean of under-relaxing the equations, assuming that the equations iterate
towards the final steady-state solution. To provide enough relaxation for the non-linearities in the
equation, a small size of the physical time scale is applied, so that a converged steady-state solution
is obtained. In this way the solution has evolved with ’time’ to provide transient information on
a time-dependent phenomenon [43]. In this work, a sensitivity analysis was performed to ensure the
independence of the results from the size of physical time scale. Running the transient simulations in
a few random cases, similar load values were obtained. To reduce the computational time, steady-state
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simulations were implemented. “The adequate modeling of laminar/turbulent transition is important
for the correct prediction of wall-bounded flows as the transition substantially influences the skin
friction and therefore the energy losses” [46]. The separation point/line can change significantly
between laminar and turbulent flows. Therefore, the transition modeling affects the simulation of the
boundary layer separation. Some laminar/turbulent transition models are based on the intermittency
coefficient. Others are defined by a three-equation model with an extra equation for the energy
of non-turbulent fluctuations [46]. The transition model in this study is based on an experimental
correlation concept. It is called the “Gamma-Theta Model” which is the recommended transition
model for general-purpose applications [43]. The full model is based on two transport equations for
the intermittency and the transition onset. The criterion for this transition onset is defined in terms of
the momentum thickness Reynolds number.

The boundary conditions are set to be as followings which are also shown in Figure 5. The outlet
of the domain is defined as an “opening” type. which allows the flow to cross the boundary in either
direction. Domain inlet is described with a predefined axial velocity based on the required Reynolds
number at each cross section. Aerofoil is a “no slip wall”, surrounding borders are “opening” and the
span direction sides are set to be “symmetry” type.

Figure 5. The model domain, boundary conditions and the mesh configuration around the aerofoil.

3.2. Validation

Ruud van Rooij [42] provided 2-D measured coefficients for the DU-aerofoils for a Reynolds
number of 7 million. To ensure the validity of the employed CFD simulation method, the calculated
load coefficients are compared to the experimental data at the available range of angle of attack in
Figure 6. The reported experimental data were digitized from the corresponding reference. Regarding
the structural design of NREL rotor, radial sections near the tip are slender while they increase in
thickness at lower radius to finally become circular at the blade root. As previously mentioned,
more numerical considerations are necessary for thick clean aerofoils due to the more severe separation.
On the other hand, aerofoil sections at the higher radius are the critical sections in the case of icing
as they are prone to severe ice accretion compared to the root ones. Accordingly, two sample cases,
one near the tip and one near the root are shown in the Figure 6. The validation study is implemented
for all the profiles, not shown here. The CFD results are in good agreement with the measured ones for
the lift, drag and moment coefficients.
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Figure 6. The aerofoil data for DU 35 (left), and NACA 64 (right).

3.3. Output

The simulation on the lower radius sections shows that the flow is not fully turbulent on the blade.
Regarding Gamma-theta model, the transition points are shown in the Figure 7 (left). Neglecting the
laminarity of the flow near the leading edge, imposes a higher wall shear magnitude on these regions
(Figure 7-right). This higher wall shear stress leads to an earlier separation and a larger vortex near the
trailing edge. Consequently, the load coefficients are affected. Being validated by the experimental
data, the Gamma-theta model works as a reliable model to simulate the transition process in this study.

Figure 7. Flow streamlines and wall shear stress; with a fully turbulent boundary layer (right),
and laminar-turbulent boundary layer (left).

The flow visualization (Figure 8-top) demonstrates that icing effects are not limited to the
leading-edge region, though the glaze ice accretes on the leading edge. First, a small vortex is
trapped at the hinge of the upper horn. Downstream of the trapped vortex, the flow momentum is
low, and is prone to separation. For the clean aerofoil (Figure 8-bottom), this condition occurs near the
trailing edge, i.e., the flow momentum is sufficient to keep the flow attached up to the trailing edge.

The generated vortices affect the pressure distributions and consequently the aerodynamic forces
on the aerofoil. Figure 9 shows the pressure distribution on the aerofoil from the leading edge to the
trailing edge. The clean aerofoil is at a high angle of attack, as well as the glaze-iced one. Negative
values of the pressure define the conditions below the ambient pressure, which is known as “suction”.
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Figure 8. Streamlines over an iced blade aerofoil section (top) and the clean one (bottom). The section
is located at a distance of 30% of rotor radius from the blade tip (Sec 9).
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Figure 9. Ice profile effect on the pressure distribution (The X-Y scale is not 1:1).

Upper (leeward) surface: The separation leads to a decrease in suction on this side of the aerofoil.
While the flow passes the upper ice-horn from c to d in Figure 9, a noticeable reduction in the suction
pressure arises. As described in the Figure 8, there are two vortices: a small one at the hinge of the
horn, and a bigger one before the trailing edge. A reattached zone is found in the middle. The slope of
pressure variations in the attached region (d− e) is similar for the clean and iced profiles, because the
flow almost follows the curvature of the aerofoil in both clean and iced cases. In the second separated
region (from e to the trailing edge) flow does not follow the designed aerofoil curvature and the
pressure plots are so different, and they are crossing each other.

Lower (windward) surface: The different curvature of the ice from the leading edge to a, imposes
a longer route for the flow compared to the clean case. Consequently, the flow accelerates leading to
a lower pressure in this region. Since the flow is not separated, the pressure level recovers once the ice
profile ends at b. This process decreases part of the potential lift by a local decrease in the pressure of
the lower surface. Then from b to the trailing edge, the slope and the magnitude of pressure plots are
similar for the clean and iced ones.
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Altogether, the surface integration of the pressure distribution is less in the case of iced aerofoil.
Lift, drag and moment variations are plotted in a range of angle of attack for a random section (Section
9) in Figure 10. The general effects of icing are decrease in lift forces and increase in drag forces. For the
discussed ice profile, operating at a negative angle of attack can almost skip the effect of icing, while
with increasing the positive angle of attack, a substantial part of the performance is lost. This is due to
an earlier stall in the case of icing.
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Figure 10. Icing effect on the aerodynamic coefficients at Section 9.

4. Results and Discussion

To support concept studies for offshore wind technology, Jonkman et al. [22] developed
specifications for a multi-megawatt turbine and referred it as NREL offshore 5 MW baseline wind
turbine. The onshore version of this turbine is analyzed in this study using the FAST v8.16 [47] tool
to analyze its aeroelastic behavior. This tool consists of various sub-modules to model structural,
aerodynamic; control and electrical-drive dynamics and all these modules are coupled to each other.
The theory and implementation details of these modules in the FAST tool can be found in [47].
The NREL 5 MW wind turbine model with clean and iced blades is analyzed in this section considering
2-D static aerodynamic coefficients of their aerofoils calculated using the CFD simulations described in
the last section. These aerodynamic coefficients computed at limited angles of attack (−10◦ to 10◦) are
extrapolated for angles between −180◦ and 180◦ using Viterna’s extrapolation method [48] used in
the QBlade [49]. The blade’s sectional properties such as mass density, polar mass moment of inertia,
and center of mass are recalculated by assuming the ice mass is concentrated at a point on the leading
edge of the aerofoil sections. These modified properties are used in the generalized sectional mass
matrix (see Equation 3.9 in [50]) definition of the finite element model of the iced blade in FAST tool.

4.1. Effect of Icing on the Turbine Loads and Power

Initially, steady-state characteristics of the NREL 5 MW wind turbine model with clean and iced
blades are analyzed at wind velocities in the range 3–12 m/s. The mechanical power generated by the
turbine at these wind speeds is compared in Figure 11 and other steady-state characteristics (generator
power, rotor torque, rotor thrust) are compared in the Figure 12. Iced turbine simulations show that it
produces 38% less power compared to the clean blades case (averaged over the speed range 3–12 m/s)
considering ice mass distribution used in this study. The turbine’s speed and power output steadily
increase from the cut-in wind speed of 3 m/s till its rated wind speed of 11.4 m/s in the case of clean
blades. The angle of attack on aerofoil sections also steadily increases from cut-in to rated wind speed,
and thereafter reduces due to the pitching of the blade where the turbine’s power is limited to its
rated power. The ice accumulation on the aerofoil sections reduced lift forces and increased drag
forces. As a result, the generator power, rotor torque, and thrust loads are decreased in the case of
wind turbine with iced blades. Iced turbine produces rated power at a wind speed above its rated
wind speed, so turbine blades will not be pitched till that wind speed. As a result, the angle of attack
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on iced aerofoil sections of the blade increased even above the rated wind speed and their values
in this study are exceeding the range of angles (−10◦ to 10◦) evaluated by CFD. Due to the fact that
the simulations in this section are restricted till rated wind speed of the turbine. The generator torque
controller of a variable-speed wind turbine operating between cut-in and rated wind speeds finds
an optimum speed of the turbine that produces a maximum power. The NREL 5 MW wind turbine
controller finds lower rotational speed of the turbine as an optimum operating point in the case of iced
blades (refer Figure 12) in contrast to the clean blade’s case. These simulations considered uniform ice
on all three blades, which is highly unlikely. Any deviation from this assumption increases vibrations
and loads acting on the turbine stationary components.
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Figure 11. Comparison of the turbine’s mechanical power output simulated with clean and iced blades.
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Figure 12. Comparison of the steady-state characteristics of turbine simulated with clean and
iced blades.

In the current study, ice mass is distributed on the blade using the GL specification. According to
this specification, the larger aerofoil sections near the blade root accumulate less ice, whereas smaller
aerofoil sections near the blade tip accumulate more ice as they sweep through a larger area in rotation.
Thus, the aerofoil sections in the outer length of the blade are more distorted due to ice when compared
to those near the root. This type of ice mass distribution can be qualitatively described as light icing in
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Zone 1, moderate icing in Zone 2 and severe icing in Zone 3. The aerodynamic behavior of the aerofoil
sections along the three different zones of the blade (refer Figure 4) are changed differently due to ice.
The individual contribution from these three zones to the turbine power in the clean and iced blades
cases are shown in the Figure 13. The lengths of these three zones are approximately equal to 1/3rd of
the blade length. The rotor power is mainly produced from zones 2 and 3 in the case of clean blades.
As per the GL ice mass specification, the blade sections in Zone 3 are more distorted due to the ice
presence, so the power production from this part of the blade is mostly reduced. The power production
from zones 1 and 2 are not significantly changed due to ice. The angle of attack on the aerofoil sections
along the blade increases due to the reduction in rotor speed of the iced turbine. Also, the resultant
relative velocity of the wind at the aerofoil section is decreased. The reduction in lift forces due to
a lower relative velocity at sections in zones 1 and 2 is compensated by an increase of the lift forces due
to a higher angle of attack. As a result, the power production from zones 1 and 2 is not significantly
changed due to ice. However, the lift curves of the aerofoil sections in Zone 3 are significantly affected
as shown in the Figure 14 due to the ice and produces lower lift forces (in comparison to the clean
blade) even at an increased angle of attack.
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Figure 13. Contribution from different parts of the blade to turbine’s total mechanical power: Clean vs.
iced blades (refer Figure 4 for identifying spatial locations of zones 1–3 along the blade).

10

Angle of attack (AoA)

5-1

0.98

-0.5

00.89

0

0.77

Li
ft 

co
ef

fic
ie

nt
 (

C
L)

-50.64

0.5

0.51

1

0.38

Radial location of the aerofoil section (r/R)
-100.25

1.5

(a) Clean blade

V
w

 = 5 m/s

V
w

 = 8 m/s

V
w

 = 11 m/s

10

Angle of attack (AoA)

5-1

0.98

-0.5

00.89

0

0.77

Li
ft 

co
ef

fic
ie

nt
 (

C
L)

-50.64

0.5

0.51

1

0.38

Radial location of the aerofoil section (r/R)
-100.25

1.5

(b) Iced blade

V
w

 = 11 m/s

V
w

 = 8 m/s

V
w

 = 5 m/s

Figure 14. Steady-state operating points of different aerofoil sections of the clean and iced
turbine blades.



Energies 2019, 12, 2422 15 of 24

4.2. Effect of Icing on the Modal Behavior

The aeroelastic property changes in the blade due to ice affect its modal behavior (natural
frequencies and damping factors). The increase in blade mass due to ice accumulation reduces its
natural frequencies and the distortions in aerofoil shapes of the iced blade reduces its damping factors
as the aerodynamic loads contributing to damping in the structure are reduced. The influence of icing
on the modal behavior of the NREL 5 MW wind turbine blade is analyzed in this subsection using
eigenvalue analysis of the linearized representation of its aeroelastic model. The nonlinear model of
the turbine is linearized using the FAST linearization option about the turbine’s operating point in the
steady winds. More details on the linearization procedure in FAST can be found in [51]. As the turbine
structure consists of both rotating (blades) and non-rotating (tower) sub-components, the blade’s
vibration degrees of freedom (DOF) defined in the rotating frame of reference are transformed into
multi-blade coordinates (MBC) so that the equations of motion can be expressed in the stationary frame
of reference. MBC transforms the blade’s vibration modes to rotor assembly modes, known as collective,
progressive and regressive modes which couples the rotor to the remaining turbine structure [52].
Eigenvalue analysis of the linearized equations of motion in MBC are carried out with clean and iced
blades. The aeroelastic natural frequencies and damping factors of the turbine vibration modes are
plotted in Figure 15.

3 4 5 6 7 8 9 10 11 12

Wind speed (m/s)

0

0.5

1

1.5

2

2.5

3

N
a

tu
ra

l 
fr

e
q

u
e

n
c
y
 (

H
z
)

3 4 5 6 7 8 9 10 11 12

Wind speed (m/s)

0

0.5

1

1.5

2

2.5

3

N
a

tu
ra

l 
fr

e
q

u
e

n
c
y
 (

H
z
)

3 4 5 6 7 8 9 10 11 12

Wind speed (m/s)

0

10

20

30

40

50

60

70

80

D
a

m
p

in
g

 f
a

c
to

r 
(%

)

3 4 5 6 7 8 9 10 11 12

Wind speed (m/s)

0

5

10

15

20

25

D
a

m
p

in
g

 f
a

c
to

r 
(%

)

(a) With clean blades (b) With iced blades

Figure 15. Influence of icing on the modal behavior (aeroelastic natural frequencies and damping
factors) of the NREL 5 MW wind turbine blade. The Y-axis scale for the damping factor graphs
is different.

The aeroelastic natural frequencies of the iced blade are reduced due to an increase in its mass.
Also, the nature of variation (slope) in frequency values with respect to the wind speed has also
changed as the turbine operates at lower rotational speed with ice (refer rotor speed plot shown in
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Figure 12) and mass distribution of the blade changed due to ice. Flapwise vibration modes of the blade
are highly damped especially the first flapwise mode and edgewise vibration modes are relatively
lightly damped. The damping factors of iced blade’s flapwise vibration modes are approximately
dropped to 1/3rd of the corresponding values of the clean blade. The slopes of aerodynamic coefficient
curves (lift, drag and pitching moment coefficient curves plotted with respect to angles of attack) at
the turbine’s operating point dictate the damping in turbine’s structure [53]. These slopes are changed
due to ice (refer to iced aerofoil’s lift curves shown in Figure 14), as a result damping in the system is
reduced as shown in the Figure 15 (modal behavior plot). Therefore, the iced turbine blades vibrate
with higher amplitudes compared to the clean turbine, no ice, if similarly, excited. Severe icing on
the blades reduces the rotational speed of the turbine and aerodynamic loads acting on the blade.
The loads and vibrations of the remaining turbine structure (i.e., tower, hub, etc.) will also see a similar
effect due to ice if it is symmetrical on all three blades (this case is highly unlikely in reality). Otherwise,
the imbalance in structural mass or/and aerodynamic loads of the rotor due to icing can cause severe
vibrations in the turbine’s structure. One severe risk associated with iced turbine blades is the ice
throw which limits its operation, some countries have strict regulations to shut down the turbine once
icing is detected.

Ice accumulates on the blades non-uniformly, and also its distribution changes under different
stages of icing. Five different cases of the turbine model with clean and iced blades (full and partially
iced) are analyzed for investigating the effect of icing on the damping factors of the blades’ vibration
modes. These cases consider ice mass and aerofoil shapes as shown in the Figure 4. Among these,
three cases consider partial icing where ice is present in zones 1–3 exclusively (remaining part of the
blade is not iced). The turbine’s operating conditions (rotational speed) in these five cases will be
different and thus the angles of attack at the aerofoil sections along the blade will also be different. These
values at wind speeds of 6 and 10 m/s are shown in the Figure 16. In addition to that, the aerodynamic
coefficient curves of aerofoil section changes due to ice so the slopes of these curves at the turbine’s
operating conditions would be different. As a result, the modal damping factors of the blade’s vibration
modes change as shown in the Figure 17 with the nature of icing (full and partially iced scenarios).
The turbine power output in the case of fully iced blades (refer Figure 13) is dropped due to a lower
power production from Zone 3. The power production from the other two zones is not significantly
reduced due to the presence of ice. The power production with partial icing in only Zone 3 reduces
in a similar way as the fully iced blade case, it emphasizes that aerodynamic forces on the blades are
similar in those two cases. Due to the fact that similar reduction in the damping factors is observed in
both cases. Moderate ice in only Zone 2 does not reduce the turbine power output, but the damping
factors are marginally reduced as slopes of the aerodynamic curves at the increased angle of attack are
different (small change only) than those correspond to a clean blade. The aerodynamic behavior of the
blade with light icing in only Zone 1 is not changed significantly due to ice, as a result, the damping
factors in this case coincide with the clean blade’s case.

Wind turbines operate under turbulent wind conditions which excite lowest natural frequencies
of the blade. These frequencies can be extracted from the vibration measurements of the blade. These
frequencies reduce with ice accumulation. Few ice-detection systems are available in the market [54]
which monitor these frequencies to indicate the state of icing such as ice-free, non-critical, and critical
ice. In this study, the blade vibrations are simulated over a duration of 500 s using the FAST tool with
a turbulent wind profile over the rotor area with a mean wind speed of 8 m/s and a turbulent intensity
of 10% considering clean and iced blades. The blade vibration accelerations (defined in the rotating
frame of reference) at 6 different locations along the blade obtained from the simulations are used
in the frequency-domain decomposition (FDD) technique to extract modal frequencies of the blade.
The authors used an open-source MATLAB code [55] for modal parameter identification using the
FDD. Further theoretical details on the FDD technique can be found in [56]. First singular value of
the power spectral density (PSD) matrices at various frequencies calculated with simulated vibrations
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of the clean and iced blades are shown in the Figure 18, where natural frequencies of the blade are
identified at the peaks in those plots.
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Figure 16. Comparison of angles of attack on aerofoil sections of the clean and iced blades at wind
speeds (a) 6 m/s, (b) 10 m/s.
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Figure 17. Influence of icing in different locations of the blade on the damping factors of first collective
flapwise and edgewise vibration modes. The scale for the damping factor graphs is different.

The first flapwise vibration mode of the clean blade is highly damped, so it is not clearly identified
from the 1st singular value plot of the PSD matrix calculated using flapwise vibrations of the blade in
Figure 18 (top-left), whereas other higher modes can be easily identified as they are lightly damped.
As icing reduced the damping factor of the first flapwise mode (refer Figure 15), a peak appears at the
corresponding frequency in the 1st singular value plot of the PSD matrix in Figure 18 (bottom-left).
The edgewise vibration modes are lightly damped, so they can be identified as shown in the Figure 18
(right) by applying the FDD method on the edgewise vibrations of the blade. Two peaks appear on
either side of the first edgewise natural frequency of the blade at frequencies plus and minus of the
rotational frequency in Figure 18 (right). The equations of motion governing the vibration behavior of
the wind turbine structure are periodic due to the gravitational loads and wind shear. Time-periodic
systems will have periodic mode shapes at frequencies which are the sum of the principal modal
frequency plus or minus an integer multiple of the system frequency (here it is the rotational frequency
of the turbine) leading to multiple resonances for a single vibration mode [57]. Out of these infinite
harmonics, only a few of them will contribute to the vibration response [58]. The blade natural
frequencies in Figure 18 are reduced differently for the ice mass distribution considered along the
blade, this behavior changes for an ice mass distribution different from this. Gantasala et al. [59]
proposed a technique to characterize the ice mass accumulated on the blades based on such changes in
the natural frequencies with ice accumulation.
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Figure 18. Natural frequencies extracted using the FDD technique on vibration accelerations simulated
using clean and iced blades of the NREL 5 MW wind turbine model in the FAST tool. Note: ‘ f ’ refers
to the rotational frequency of the turbine, ‘ f n

i ’ refers to the ith natural frequency of the blade.

4.3. Asymmetrical Icing of the Blades

The results presented in the previous subsections are obtained considering uniform icing on all
three blades which is highly unlikely. The asymmetrical icing on the blades can induce structural
or/and aerodynamic imbalances in the rotor assembly. That means one blade may accumulate
more ice mass or/and aerofoil shapes of one blade are more distorted due to the presence of ice.
The dynamics of the wind turbine structure in such cases will be different when compared to the
cases of clean and uniformly iced blades. To investigate the individual influence of structural and
aerodynamic imbalances on the dynamic response of the turbine, ice induced changes in the structural
and aerodynamic properties at specific locations of one blade are not considered in the simulation
cases. Ice induced structural property changes in the Zone 2 region of one blade are not considered
(that means it accumulates 35% less ice than the other two blades) in a simulation case to introduce
structural imbalance in the rotor. Another case, where ice induced aerodynamic changes in the Zone 3
region of one blade are not considered in the model to simulate the influence of aerodynamic imbalance
in the rotor on its dynamic behavior.

In addition to the turbulent wind response simulations carried out in the previous subsection
with clean and uniformly iced blades, two simulations with iced blades considering structural and
aerodynamic imbalances as described before are carried out. The generator power output over the
simulated time in all these four cases and their power spectral densities (PSD) are shown in Figure 19.
The clean turbine produces maximum power out of the four cases compared in this figure and
the order of decreasing power output is followed by aerodynamic imbalance, structural imbalance,
and uniformly iced cases. Icing of the blades reduces loads and vibrations if it is uniform on all three
blades. However, structural and aerodynamic imbalances in the rotor assembly additionally induced
low frequency oscillations (corresponding to the rotational speed of the turbine) in the power output
(refer Figure 19-right). Similar behavior is observed in other dynamic parameters of the turbine (like
rotational speed, thrust, torque etc.) with these imbalances.
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Figure 19. Influence of symmetrical and asymmetrical icing of the blades on the generator power
output simulated using a turbulent wind profile over the rotor area.

Structural and aerodynamic imbalances are not severely affecting the dynamic behavior of the
blades. However, other structural components, tower, hub and nacelle assembly will experience
additional loads (when compared to uniform ice on all blades) and vibrations due to these imbalances.
The PSD of the loads acting on Yaw bearing and tower top vibration accelerations in the tower fore-aft
and side-to-side directions are shown in the Figure 20. The structural imbalance induces oscillations
with a frequency equal to the rotational speed of the turbine in the loads and vibrations of the tower in
side-to-side direction. The aerodynamic imbalance induces oscillations in the loads and vibrations of
the tower in the fore-aft direction. Due to the non-uniform ice accumulation on the wind turbine blades,
additional loads, and vibrations are generated on the rotor assembly and tower structure. The turbine
will be eventually shut down if these vibrations exceed a predefined threshold. These vibrations
can also be monitored along with the power output of the turbine to detect icing of the blades more
efficiently [60].
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5. Summary and Conclusions

In this paper, a parametric model is fitted to an ice shape and scaled to add ice mass on the NREL
5 MW wind turbine as defined by the GL limit. The aerodynamic behavior of 15 clean and iced aerofoil
sections is predicted using an automated CFD analysis at a few angles of attack between −10◦ and
10◦. The laminar to turbulent transition on the aerofoil, critical near the hub, was modeled in all the
simulations. The mesh near the tip is challenging to produce because of the ice shape. Ice profile
changes the pressure distribution on the aerofoil and leads to a loss in the lift force and an extra drag.
The reason is a large separation region over the blade and trapped vortices at the leading-edge ice.
The GL limit considers more ice mass in the outer half of the blade which consists aerofoil sections
with smaller chord length. Therefore, these aerofoil sections are more distorted due to ice. The last
third of the blade in the current case has a larger drop in the power output which otherwise produces
about 50% of the turbine’s power with clean blades. Icing reduces rotational speed and loads in the
turbine. The power output from the inner two third of the blade length (starting from the root) in
the current case did not reduce due to ice as the angle of attack in this part increased due to the low
rotational speed. The reduction in lift force due to a lower resultant wind speed is compensated by
an increase in the lift force by operating at a higher angle of attack.

Icing causes structural and aerodynamic property changes in the blade. The increase in blade
mass due to the ice accumulation reduces natural frequencies of the blade and aerodynamic penalties
due to the aerofoil shape distortion reduces aeroelastic damping in the blades. The influence of icing
in three different locations of the blade is investigated on the aeroelastic damping factors of the blade’s
vibration modes. Moderate icing in the middle third of the blade reduced these damping factors
slightly, whereas severe icing in the outer third of the blade reduced damping factors of flapwise
vibration modes by about 70%. Wind turbines usually operate under turbulent wind conditions
whose wide frequency spectrum may excite lowest natural frequencies of the blade. The vibration
accelerations of the blade simulated with a turbulent wind profile over the rotor area considering
clean and iced blades in the current study are used in an FDD technique to extract modal frequencies
of the blade. Vibration modal frequencies of the iced blade are reduced. These frequencies reduce
differently depending on the nature of the ice mass (quantity and location) along the blade length.
Therefore, these vibrations can be monitored to detect the presence of ice on individual blades in
contrast to other methods that use power curve, rotational speed, pitch angle deviations from the
reference values for ice detection on whole rotor.

Ice accumulation on the turbine blades is not uniform which can cause two types of imbalances
in the turbine operation: structural and aerodynamic. These two imbalances are simulated in the
current study by ignoring corresponding ice induced changes in a specific location of one blade. Icing
of the blades reduces loads and vibrations if it is uniform on all three blades. The structural imbalance
created by an asymmetrical ice mass on three blades causes additional loads and vibrations of the
tower (when compared to uniformly iced case) in side-to-side direction, whereas the asymmetrical
aerodynamic penalties in the rotor due to ice causes additional loads and vibration of the tower in the
fore-aft direction. The tower or nacelle vibrations can be monitored along with a power curve-based
analysis for an efficient and reliable ice detection.

The proposed methodology can be leveraged to analyze the influence of any ice shape, and ice
mass distribution on the dynamic behavior of any wind turbine model due to the automated nature of
ice shape scaling and CFD analysis of the iced aerofoil sections. The above conclusions are based on
the simulations performed on the turbine model between cut-in to rated wind speed range.
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Appendix A. Parametric Modeling of the Leading-Edge Ice Shapes Predicted in the Literature

Ice shapes from the simulations carried out in the literature are approximately replicated below
using the parametric model described in Section 2 of the current work. The original ice shapes are
shown in the top part of the Figure A1 and ice shapes obtained from the parametric model are shown
in the bottom part of the Figure A1. Replicated ice shapes will not exactly match due to the differences
in the aerofoil shapes used in the literature (top part of the figure) and the ones used in the parametric
model (bottom part of the figure).

(a) (b) (c)

Figure A1. (a) Brouwers [61]; (b) Jasinski et al. [62]; (c) Turkia et al. [5].

Appendix B. NREL 5 MW Model Wind Turbine Blade Data

Table A1. Aerofoil details of the blade.

Section Name Radius (m) Twist Angle (◦) Chord (m) Aerofoil Name

Section 1 11.75 13.308 4.557 DU40_A17
Section 2 15.85 11.480 4.652 DU35_A17
Section 3 19.95 10.162 4.458 DU35_A17
Section 4 24.05 9.011 4.249 DU30_A17
Section 5 28.15 7.795 4.007 DU25_A17
Section 6 32.25 6.544 3.748 DU25_A17
Section 7 36.35 5.361 3.502 DU21_A17
Section 8 40.45 4.188 3.256 DU21_A17
Section 9 44.55 3.125 3.010 NACA64_A17
Section 10 48.65 2.319 2.764 NACA64_A17
Section 11 52.75 1.526 2.518 NACA64_A17
Section 12 56.17 0.863 2.313 NACA64_A17
Section 13 58.90 0.370 2.086 NACA64_A17
Section 14 61.63 0.106 1.419 NACA64_A17
Section 15 63.00 0.106 1.419 NACA64_A17
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