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A B S T R A C T

The application of thermographic flow visualization on wind turbines in operation differs from the well-es-
tablished application in wind tunnel experiments. The necessary temperature difference between the rotor blade
and the flow only relies on the absorbed solar radiation, which often leads to a low signal-to-noise ratio.
Furthermore, a large distance of up to 400m exists between the rotor blade and the thermographic camera for
ground based measurements, mainly due to the height of the wind turbine. This results in a poor spatial re-
solution as well as a small numerical aperture, which means a small detectable radiant power further degrades
the signal-to-noise ratio. In order to determine the limits of measurability for the localization of the laminar-
turbulent transition, the fundamental effects on the measurement uncertainty are investigated. For this purpose,
the measurement uncertainty budgets for three signal processing algorithms are derived and validated with wind
tunnel experiments and field measurements on a 1.5MW wind turbine under sunny and cloudy weather con-
ditions. As a result, the achievable standard uncertainty of the laminar-turbulent transition position for a tem-
perature difference of 2 K amounts to 0.16 pixels in this case, which corresponds to 0.17% chord length. In
addition, the measurement uncertainty is currently not limited by the measurement system (detector noise and
fixed pattern noise of the camera), but by flow induced temperature fluctuations and fluctuations of the laminar-
turbulent transition position itself. Hence, the field measurements on wind turbines in operation are still limited
by the flow characteristics, i.e., the measurement object itself. Finally, one of the presented signal processing
methods allows a robust, automated flow characterization for wind turbines in operation with subpixel accuracy
in all of the presented measurements.

1. Introduction

In addition to numerical flow simulations and wind tunnel mea-
surements, flow measurements on wind turbines in real operation
conditions are essential for the development and the aerodynamic op-
timization of wind turbine rotor blades. For example, an early laminar-
turbulent transition in the boundary layer of a rotor blade causes an
increase in drag due to a higher skin friction [40], and an undesired and
unnoticed separation of the boundary layer results in a sudden decrease
in lift and a strong increase in pressure drag [18]. Both leads to a re-
duced performance of the wind turbine and, thus, reduces the energy
yield. Furthermore, flow separations induce unsteady loads and vibra-
tions [34], which negatively affect the durability of the whole wind
turbine and increase the acoustic emissions of the rotor blades [49]. For
this purpose, a contact-less and non-invasive measurement method for
the visualization and the characterization of the boundary layer flow on
wind turbine rotor blades in operation is required.

State-of-the-art methods for the boundary layer flow visualization
on wind turbine rotor blades in operation generally involve the pre-
paration of the rotor blade surface with tufts [45,48] or with an oil-
pigment solution [17,31]. For the visualization of regions with sepa-
rated flow so-called stall flags are used [8], which have to be mounted
on the rotor blade surface. In addition, surface pressure measurements
with pressure taps and microphones [4,2,39] or hot film measurements
[38] are possible, though these methods are invasive to the rotor blade
surface. The preparation of the rotor blade is time consuming and the
precise positioning of the equipment is a costly process, as a turbine
stop and the ascent by rope access technicians or the use of a work
platform is necessary. Furthermore, the aforementioned approaches are
invasive to the flow and, thus, have an influence on the boundary layer
to be measured.

In contrast, thermographic measurements enable a non-invasive and
fast measurement of the boundary layer state at the wind turbine in
operation [13,47]. Thermographic flow measurements are an
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established method for the visualization of different flow regimes in the
boundary layer in wind tunnel experiments. With the existence of an
initial temperature difference between the aerodynamic body and the
fluid, the surface temperature of the aerodynamic body depends on the
local heat transfer between the rotor blade and the flow, which is
proportional to the skin friction in different flow regimes [35,11,22].
Initially used in supersonic flows [46,7], with advances in the mea-
surement technology the thermographic flow visualization has also
proved to be a suitable tool in subsonic flows [3,43].

Typical wind tunnel applications are the localization of the laminar-
turbulent transition [21,25], the identification of laminar separation
bubbles [32,37] or the visualization of a turbulent separation
[22,20,14]. Recently, the automated detection of the laminar-turbulent
transition was proposed by Crawford et al. [10] and by Joseph et al.
[28] in order to gain also quantitative information, e.g., within long
lasting wind tunnel campaigns. To increase sensitivity, wherever ap-
plicable, the aerodynamic body is usually externally or internally he-
ated [6,5,11,12,1] or the fluid flow is cooled [21,23,42]. By that it is
possible to cause the necessary temperature difference between the
flow and the measured body surface. For the thermographic detection
of the laminar-turbulent transition, heating power levels between sev-
eral hundred [28] up to a few thousand [30,44] Wm−2 are reported.
Due to the thermal inertia of the surface, dynamic measurements are
particularly challenging and part of current research [19,36].

Examples for successful transfers of the thermographic flow visua-
lization from the laboratory to the area of operation can be found for in-
flight experiments within the space shuttle program and for aircraft
wings [33,9] as well as for measurements on rotating helicopter blades
[27,30] and on wind turbines in operation [15,47]. Published mea-
surements on wind turbines in operation have so far been primarily
qualitative in nature. In contrast to measurements in wind tunnel ex-
periments with controlled conditions, field measurements on wind
turbines in operation face a number of additional challenges. Without
the ability of an additional heating of the rotor blade surface, the
available thermal contrast between the rotor blade and the flow only
relies on the absorbed solar radiation, which leads to a low signal-to-
noise-ratio. In addition, the dimensions and especially the height of a
wind turbine lead to a large distance of up to 400m between the
thermographic camera and the rotor blade for ground based measure-
ments. The large distance generally results in a poor spatial resolution
and a small numerical aperture. Furthermore, the fast movement of the
rotor blade with maximum tip speeds between 80 and 90m s−1 [24,26]
aggravate the localization of the laminar-turbulent transition. Until
now, the limits of measurability for the thermographic localization of
the laminar-turbulent transition are not determined and the funda-
mental effects on the measurement uncertainty for field measurements
at wind turbines blades in operation are not identified. Furthermore
there is a need for a robust evaluation method for field measurements,
that is not dependent on a priori knowledge in terms of the position of
the laminar-turbulent transition.

For this reason, an advanced evaluation algorithm for the localiza-
tion of the laminar-turbulent transition in measurements on wind tur-
bines in operation is introduced. The robust algorithm enables the lo-
calization of the laminar-turbulent transition with subpixel accuracy,
even in ground based measurements on wind turbines in operation with
a large measuring distance. Beyond that, a fundamental study of the
achievable measurement uncertainty in field measurements is pre-
sented, e.g., the large distance and the low thermal contrast, are shown
and their influence discussed. The analytic derivation of the measure-
ment uncertainty is verified by Monte Carlo simulations and validated
by wind tunnel experiments as well as field measurements on a 1.5 MW
wind turbine for different weather conditions.

First the measurement approach is explained and three different
evaluation methods for the localization of the laminar-turbulent tran-
sition in thermographic images are presented in Section 2. The ex-
perimental setup for the conducted wind tunnel experiments on the one

hand and the conducted field measurements on the other hand is de-
scribed in Section 3. The estimation of the resulting measurement un-
certainty is derived in Section 4 and is validated by measurement re-
sults presented in Section 5. The article closes with conclusions and an
outlook in Section 6.

2. Measurement approach

With the objective of a fast and non-invasive visualization of the
boundary layer flow on wind turbine rotor blades, thermographic
measurements in wind tunnel experiments and fields measurements at
the wind turbine in operation were performed. In this section the
principle of the thermographic flow visualization is explained and de-
monstrated on a sample image. In addition three different evaluation
methods for the localization of the laminar-turbulent transition are
presented.

2.1. Principle

The underlying principle for the thermographic flow visualization is
that different flow regimes can be distinguished by their surface tem-
perature, that differs due to a change in the local heat transfer coeffi-
cient affected by the flow regime characteristics. Hence, the same
temperature difference between fluid and model surface will then cause
different surface temperatures. Fig. 1 shows an example for a thermo-
graphic image of a rotor blade segment of a wind turbine in operation.
Because of the absorbed solar radiation, the rotor blade surface is
warmer than the flow. Due to this temperature difference, the surface
areas with a laminar boundary layer flow are warmer than surface areas
with a turbulent boundary layer flow, due to a lower heat transfer
coefficient. Hence, the transition between the laminar and the turbulent
flow regimes can be identified by a steep change in temperature.

The temperature change in the transition region can be used for an
evaluation method for the localization of the laminar-turbulent transi-
tion. Crawford et al. [10] propose an extensive low pass filtering and
averaging followed by a Sobel edge detection for the localization of the
transition front. In Dollinger et al. [16] and Joseph et al. [28] an au-
tomated evaluation method in wind tunnel experiments based on the
gradient of the temperature profile in flow direction is presented. In
field measurements, the geometrical resolution is often low in the order
of >10 mm per pixel due to the large working distances. For that reason
an evaluation algorithm for the localization of the laminar-turbulent
transition with a subpixel accuracy is required. In this work the favored
signal processing method is based on the approximation of the tem-
perature profile with a Gaussian cumulative distribution function,
which results, as an interpolation is performed, in a subpixel accuracy.
In Fig. 2 the temperature profile T y( ) and its gradient T yd /d in flow
direction are shown for the position =x 500 pixel, cf. Fig. 1. The steep

Fig. 1. Example of a thermographic image of the surface of a wind turbine rotor
blade in operation. The relative flow direction is upwards and the laminar and
the turbulent flow regimes are indicated as well as the laminar-turbulent
transition. The two turbulence wedges are premature laminar-turbulent tran-
sitions due to contamination or imperfections on the rotor blade surface.
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change in temperature in the transition region results in a maximum of
the absolute temperature gradient.

2.2. Evaluation methods

For the localization of the laminar-turbulent transition, three dif-
ferent evaluation algorithms A, B and C are introduced and compared in
terms of achievable measurement uncertainty and the suitability for an
robust, automated signal processing method. The results of the three
approaches are indicated in Fig. 2.

Evaluation method A is based on a linear regression with the in-
dividual temperatures Ti at the discrete position yi in the a priori known
linear region of the laminar-turbulent transition. Using the regression
results ( ̂m as slope and ̂n as offset of the linear function) as well as an a
priori defined temperature threshold Tthreshold, the y-position of the
transition is obtained with the relation

̂
̂= −y T n
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whereas N is the number of measured temperature valuesTi in the linear
transition region yi. The simple implementation of this algorithm is
offset by the disadvantage of the manual determination of the position
of the transition region and the value of the temperature threshold. For
this reason a more robust evaluation method that can be used for an
automation of the localization of the laminar-turbulent transition is
presented with method B.

Method B is based on a nonlinear regression of the temperature gra-
dient of the measured temperature profile on the rotor blade surface by a

Gaussian probability density function (PDF) with a least squares method
(LSM). The temperature gradient Td is the temperature difference between
adjacent pixels with the width of one pixel yd . The function for the fit is
given by

̃′ = +∼ ∼∼ ⎜ ⎟−⎛

⎝
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⎠
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T a de ,
y b

c2

2

(4)

with the fit parameters ∼a for the maximum height,
∼b for the position of the

maximum height as the transition position, ̃c for the standard deviation
(transition width parameter), and

∼d for the offset of the Gaussian PDF. For
the localization of the laminar-turbulent transition, the position

∼b of the
maximum of the Gaussian PDF that marks the position of the highest
temperature gradient is defined as the laminar-turbulent transition position
∼ytr.

The third method C is based on the approximation of the measured
temperature profileTi with a Gaussian cumulative distribution function.
The Gaussian cumulative distribution function is the integrated
Gaussian probability density function. The model’s function is given by:
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The approximation parameters are, as in the case of the Gaussian
probability density function, the maximum height ̂a , the y-position of
the turning point ̂ =b ytr, the width, i.e. the standard deviation, ̂c and
the offset ̂d . The result of this approach is as the results of the other two
approaches depicted in Fig. 2. Analog to the approximation of the
Gaussian probability density function, the approximation parameter ̂b
can be assumed as the position of the laminar-turbulent transition ytr.

Method B and method C with the approximation of the temperature
gradient by the Gaussian PDF and the approximation of the temperature
profile by the Gaussian cumulative distribution function are advantageous,
because, except for the positions of the leading edge and the trailing edge
of the rotor blade, no additional information is required. Furthermore the
fit algorithms are self-centering at the position of the laminar-turbulent
transition. As a result both evaluating algorithm enable an robust, auto-
mated approach of the localization of the laminar-turbulent transition.

3. Experimental setup

Experimental measurements with a thermographic measurement
system were performed in wind tunnel experiments and in field mea-
surements on a wind turbine in operation. The thermographic mea-
surement system and both of the experimental setups are presented in
the following subsections.

3.1. Thermographic measurement system

A thermographic camera with a global shutter (snap-shot detector)
is used from the manufacturer InfraTec. The detector is a cooled InSb
focal plane array with a format of ×640 512 pixels (model ImageIR
8300). The pixel size in the sensor plane amounts to 15 μm. Full-frame
resolution images can be acquired at up to 100 Hz sampling frequency.
The camera is sensitive between 2 and 5 μm and the noise equivalent
temperature difference (NETD) is less than 25mK @ 30 °C. The dy-
namic range is 14 bit and the integration time for the acquisition of an
image can be set between 1 and 20,000 μs. The camera can be equipped
with different lenses to fit the specific requirements of the measuring
task. The camera is calibrated by the manufacturer in a standard cali-
bration routine with measurements of a black body radiator at different
temperatures. For the presented measurements a one point non-uni-
formity correction is performed before each of the measurements. The
presented temperatures are therefore relative temperatures, and do not
correspond to the absolute surface temperature of the rotor blade.

The thermographic images are acquired with the camera software
development kit (SDK) from the camera manufacturer. It provides an

Fig. 2. Temperature profile T y( ) and its gradient T yd /d in flow direction for the
position =x 500 pixel, cf. Fig. 1. Furthermore, the result of the linear regression of
the measured temperatures determined with method A, the non-linear regression
of the temperature gradient with a Gaussian probability density function as in
method B, and the nonlinear regression of the temperature profile with a Gaussian
cumulative distribution function, hereafter referred to as method C, are shown.
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interface to MATLAB, which is used for the subsequent processing of the
images, as described in Section 2.

3.2. Wind tunnel experiments

The wind tunnel experiments took place in Deutsche WindGuard’s
aero-acoustic wind tunnel in Bremerhaven, which is a closed-return
type. The wind tunnel provides laminar flows (turbulence intensity
<0.3%) at wind speeds of up to 100m s−1 and for models with 0.9m
chord, Reynolds numbers of up to ×6.0 106 can be achieved. The wind
tunnel is operated with a closed test section. The closed test section
allows testing of up to 0.9m chord models, therefore wind turbine
airfoil segments (2D) as well as winglets can be tested at or close to a
1:1 scale. In the measurements presented here, no additional heating is
installed for the wind tunnel experiments. The necessary temperature
difference for the thermographic flow visualization is only based on
friction in the wind tunnel system and the subsequent increase of the
flow temperature. For that reason, the reachable temperature difference
between the laminar and the turbulent boundary layer flow regimes are
relatively small (⩽ 1 K).

The aerodynamic airfoil model surface for the wind tunnel experi-
ments is made of glass-fiber reinforced plastic (GFRP) with a poly-
urethane top coat as it is typical for rotor blades of wind turbines. In
contrast to wind turbine rotor blades the inner structure of the aero-
dynamic model consists of a steel and aluminum frame. For the geo-
metry of the airfoil model, a rotor blade from a wind turbine of the
same type as the one presented in the field measurements, was geo-
metrically measured at 5 radial positions using a laser scanning device.
The resulting 2D geometry for the model is originally located at a radial
position of 30.15m and the total rotor radius amounts to 38.5 m. The
model is scaled down from 1266mm original chord-length to 800mm
to fit into the wind tunnel. The thickness relative to the chord-length of
the model is 17%. The model is mounted vertically between two
turntables in the wind tunnel.

For the wind tunnel measurements, the camera is equipped with a
12mm wide-angle lens with an angular aperture of ° × °44 36 . This re-
sults in an instantaneous field of view (IFOV) of 1.25 mrad for the given
detector size. The thermographic camera observes the airfoil model in
the wind tunnel test section through a CaF2 (calcium fluoride) window
with more than 90% transmission in the spectral sensitivity range of the
camera. With a viewing distance of approximately 1.375m between the
camera and the aerodynamic model in the test section follows that
1.7 mm in the frame of the measurement object are represented by one
pixel of the camera’s detector. This results in a lateral resolution of
0.2% relative to the chord-length of the airfoil model.

3.3. Field measurements

The field measurements were conducted on a wind turbine GE 1.5 sl
from the manufacturer General Electric. The wind turbine has a rated
power of 1.5 MW, and the rotor blades made by the supplier LM Wind
Power have a length of 37.3 m. The hub height of the wind turbine is
62 m. Fig. 3 shows the measurement setup for the field measurements in
a distance of 169m behind the wind turbine tower base on the suction
side of the rotor blades.

For the measurements on the wind turbine in operation, a 200mm
telephoto lens is used. The lens has an angular aperture of ° × °2.7 2.2 and
with the given detector size the instantaneous field of view (IFOV) results
in 0.08mrad. The thermographic field measurements are conducted with a
working distance of 180m for different environmental conditions resulting
in different temperature gradients between the laminar and the turbulent
flow regime. For the used 200mm infrared-telephoto lens, the distance to
the wind turbine rotor blade results in a spatial resolution of 14.4mm
corresponding to one pixel of the camera. The thermographic camera is
triggered by an optical trigger for the measurements with the wind turbine
in operation to enable the acquisition of an image every time one of the

blades is passing the camera’s field of view, which happens with a fre-
quency in the 0.5–1Hz range.

4. Measurement uncertainty estimation

In this section the achievable measurement uncertainty for the three
signal processing methods A, B and C, introduced in Section 2.2, is
estimated by Gaussian uncertainty propagations and verified by Monte
Carlo simulations.

For the uncertainty of each individual temperature Ti per pixel
measured with the thermographic camera, the detector noise and the
fixed pattern noise are considered. Both, detector and fixed pattern
noise were determined by a sequence of =L 500 measurements of a
homogeneously tempered surface in a climate chamber at 293.15 K.
The detector noise can be interpreted as the mean temporal noise of the
temperature measurements:
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with = ∑ =T T i[ ]yx L l
L

yx
1

1 for the average temperature in the measurement
sequence = …T l l L[ ], 1, ,yx for each pixel y x[ , ]. Whereas = …y M1, ,
stands for the image row and = …x N1, , for the image column. The
measurement of the detector noise results in =σ 0.033Tdetector K.

The fixed pattern noise within the image due to the non-uniformity
of the individual pixels can be quantified by a temporal averaging of the
measurement sequence and a subsequent evaluation of the spatial
noise:
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x
N

yx
1
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pattern noise measured after a non-uniformity correction is 0.009 K.
The combined measurement uncertainty of the temperature results in

= + =σ σ σ 0.034T T T
2 2

i i,detector pattern K at a temperature of 293.15 K.
As the measured temperatures Ti in the thermographic image differ

Fig. 3. Experimental setup for the field measurements at the wind turbine in
operation. In the foreground the thermographic camera, an optical trigger and
the laptop for the acquisition and evaluation of the images are shown. The wind
turbine GE 1.5 sl is in the background at a distance of 169m to the wind turbine
tower base (working distance between rotor blade and camera: 180m).
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in the range of a few Kelvin, the influence of the temperature-depen-
dent photon shot noise is of interest for a measurement uncertainty
estimation. According to Seitz [41] the photon statistics for multi-mode
thermal light can be described by a Poisson distribution. The variance
of the number Ni,photon of emitted photons is therefore given by the
mean number of photons:

= =σ N NVar( ) .N i i
2

,photon ,photoni,photon (8)

The mean number Ni,photon of emitted photons can be calculated by
applying Planck’s law with the specific parameters of the camera and
the measurement setup. The result is a function of the mean surface
temperature T and is given by

∫=
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λ e
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where h is the Planck constant, cn is the speed of light and k is the
Boltzmann constant. For the specific measurement arrangement, the
aperture angle α, the observed area Ad , the integration time td and the
detected wavelength range from λ1 to λ2 are inserted into Eq. (9). Ap-
plying an error propagation calculation to the inverse of the function g
from Eq. (9) and inserting Eq. (8) yields the measurement uncertainty
of each measured temperature value due to the photon shot noise:
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The uncertainty of the temperature due to photon shot noise is in
the range from 0.016 K to 0.008 K for measurement object surface
temperatures between 273.15 K and 333.15 K, which corresponds to the
calibration range of the presented camera. At 293.15 K the photon shot
noise is 0.012 K. The influence of the photon shot noise to the overall
uncertainty σTi of the temperature can be estimated by a calculation of
the remaining noise components by − =σ σ 0.032T T

2 2
i i,photon K. As a result,

the temperature uncertainty is not dominated by photon shot noise and
is therefore neglected in the following considerations.

4.1. Linear regression of the temperature profile (method A)

Inserting Eqs. (2) and (3) in Eq. (1) and applying an uncertainty
propagation results in the uncertainty of the transition position for the
evaluation method A:
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Due to the negligible influence of the photon shot noise, the same
value for the uncertainty σTi of each temperature value Ti is applied for
the uncertainty estimation. For this purpose the mean temperature of
the temperature profile is taken into account to calculate the shot noise
component. Fig. 4 shows the calculated uncertainty of the laminar-
turbulent transition position as a function of the total temperature
difference TΔ in the transition region for different temperature un-
certainties. The transition region is assumed to be 12 pixels wide,
whereas for the linear regression only the nearly linear part of 6 pixels
width is used, and the total temperature difference TΔ of the tem-
perature profile is varied between 0.1 K and 10 K. The solid line re-
presents the uncertainty of the position of the laminar-turbulent tran-
sition for an experimental setup for field measurements with a
measurement distance of 180m, a mean surface temperature of
293.15 K and the camera equipped with the telephoto lens as described
in Section 3. Furthermore, the result of a Monte Carlo simulation with
10,000 runs for each total temperature difference with a temperature
uncertainty =σ 0.034T K is shown in Fig. 4. At very low temperature
differences below 0.2 K the Monte Carlo simulation results begin to
differ from the estimation due to the non-linearity of the temperature

profile and the low signal-to-noise ratio. For temperature differences
⩾ 0.2 K the estimated measurement uncertainty is in a good agreement
with the simulations.

4.2. Approximation of the temperature gradient (method B)

In method B with the approximation of the temperature gradient by
a Gaussian PDF, the laminar-turbulent transition position ∼ytr is defined
as the maximum of the fit function that marks the position of the
highest temperature gradient. The uncertainty of the transition position
equals the uncertainty of the estimated model parameter

∼b :

= ∼
∼σ bVar( ) .ytr (12)

Therefore the measurement uncertainty can be determined by cal-
culating the covariance matrix of the estimator ̂ ̃= ∼ ∼ ∼′∼θ a b c d[ , , , ]T

T that is
based on the fit function ′∼T , cf. Eq. (4). As a result of an uncertainty
propagation calculation applied to the least squares estimator the
covariance matrix reads [29]:
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and C Td i is the covariance matrix of the temperature differences
= − −T T Td i i i 1 between adjacent pixels. Assuming that the uncertainty of

each temperature value amounts to σT , elementary calculations lead to
the covariance matrix
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Fig. 4. Calculated uncertainty of the transition position for method A as a
function of the total temperature difference TΔ in the transition region with an
assumed width of 12 pixels for different temperature uncertainties. For the
linear regression only the nearly linear part of the temperature profile is used,
which is 6 pixels wide. The solid line represents the calculation for the pre-
sented experimental setup for field measurements, which is verified by Monte
Carlo (MC) simulations indicated by white triangles.
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Note that the covariances between the temperature gradient values
are not taken into account for the non-weighted least squares estima-
tion, so that the resulting estimator is suboptimal according to the
Gauss-Markov theorem.

The result of the uncertainty estimation for the signal processing
method B with Gaussian fitting is shown in Fig. 5 for different tem-
perature uncertainties σT . As a result, the estimated measurement un-
certainties for method A and method B are indirectly proportional to
the total temperature difference of the temperature profile when the
transition width remains constant. In a similar manner to Fig. 4, the
solid line in Fig. 5 represents the uncertainty ∼σ ytr of the position of the
laminar-turbulent transition for the presented experimental setup for
the field measurements, and the results for the Monte Carlo simulation
are marked with white triangles. Again the transition region is assumed
to be 12 pixels (± c4~, cf. Eq. (4)) wide and the total temperature dif-
ference of the temperature profile is varied between 0.1 K and 10 K. The
results of the uncertainty propagation begin to differ from the Monte
Carlo simulation results for low total temperature differences below
0.4 K, which is due to the non-linearity of the temperature profile and
the low signal-to-noise ratio. However, for temperature differences
⩾ 0.4 K the uncertainty estimation is verified and thus applicable.

In comparison to the linear regression method A, the measurement
uncertainty of the laminar-turbulent transition is 60% higher with the
approximation of the temperature gradient method B. An uncertainty of
the temperature of 0.034 K at a total temperature difference of =TΔ 1 K
in the 12 pixel wide transition region results in an uncertainty of the
transition position of 0.081 pixels for the linear regression (method A)
and in 0.130 pixels for the approximation of the gradient by a Gaussian
PDF (method B). The worse performance of method B can be explained
by the non-consideration of the correlation of the adjacent temperature
gradients in the signal processing algorithm of the Gaussian fitting
(non-weighted least squares estimation). When using a weighted least
squares estimator, the achievable measurement uncertainty can be re-
duced to 0.091 pixels. Another way to overcome this disadvantage of
method B is to avoid the temperature gradient for the evaluation. For
this reason, a nonlinear approximation of the temperature profile is
proposed in the next subsection.

4.3. Approximation of the temperature profile (method C)

Method C is the approximation of the temperature profile with the
Gaussian cumulative distribution function, cf. Eq. (5). By that, the

calculation of the temperature gradient can be avoided and no covar-
iances between the adjacent values of the temperature gradient have to
be considered. However, the advantages of the approximation of the
Gaussian probability density function in terms of an automation of the
signal processing remain. Analog to the approximation of the Gaussian
PDF, the parameter ̂b of the fit function can be assumed as the position
of the laminar-turbulent transition ytr. The uncertainty of the position is
thus determined according to:

̂=σ bVar( ) .ytr (16)

This relationship again enables the estimation of the measurement
uncertainty of the position of the laminar-turbulent transition by cal-
culating the estimator’s covariance matrix [29]:

̂ ̂̂ ̂ ̂ ̂= − −θ θ H C HCov( , ) ( ) .T T T T T
T 1 1

i (17)

The Jacobian matrix of the approximation function is
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Due to the absence of covariance between the individual values of
the temperature profile, the covariance matrix CTi is a diagonal matrix
whose main diagonal is represented by the variance σT

2
i of the tem-

perature Ti:
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The result of the uncertainty estimation for the approximation of the
temperature profile with the Gaussian cumulative distribution function
is shown in Fig. 6. The width of the transition region, the underlying
uncertainty and the temperature difference TΔ do not differ from
Figs. 4 and 5. The estimated measurement uncertainty for the approx-
imation of the temperature profile by the Gaussian cumulative dis-
tribution function also shows the dependence ∼σy T

1
Δthreshold . For this

approach for =TΔ 0.1 K, the uncertainty estimation only deviate
slightly from the Monte Carlo simulations indicated by the white

Fig. 5. Calculated measurement uncertainty of the transition position for
method B as a function of the total temperature difference TΔ in the transition
region with an assumed width of 12 pixels ( ̃± c4 ) for different temperature
uncertainties. The solid line represents the calculation for the presented ex-
perimental setup for field measurements, which is verified by Monte Carlo (MC)
simulations indicated by white triangles.

Fig. 6. Calculated uncertainty of the transition position for the approximation
of the temperature profile method C as a function of the total temperature
difference TΔ in the transition region with an assumed width of 12 pixels
( ̂± c4 ) for different temperature uncertainties. The solid line represents the
calculation for the presented experimental setup for field measurements, which
is verified by Monte Carlo (MC) simulations indicated by white triangles.
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triangles. Therefore, this estimation can be considered as verified for
⩾TΔ 0.1 K.
A temperature difference of =TΔ 1 K and a transition region with a

width of 12 pixels results in a uncertainty of the transition position of
0.078 pixels for the given uncertainty of the temperature =σ 0.034T K.
Under the assumed conditions, this result is even better than the result
of the linear regression method A. However, in contrast to method A,
the approximation of the temperature gradient does not rely on a priori
knowledge as the position of the transition region or the temperature
threshold. Without the a priori knowledge, method A fails for an au-
tomated approach for the localization of the laminar-turbulent transi-
tion. The approximation of the temperature gradient also requires no a
priori knowledge, but results in a 67% higher measurement uncertainty
compared to method C. For this reason the approximation of the tem-
perature profile by a Gaussian cumulative distribution function with its
ability of a self-centering at the transition position and the low mea-
surement uncertainty is to favor for an robust, automated signal pro-
cessing algorithm.

5. Measurement results

For the validation of the measurement uncertainty estimation an
evaluation with all three signal processing algorithms is applied to wind
tunnel measurement data as well as to field measurements on the wind
turbine in operation at different environmental conditions.

5.1. Wind tunnel experiments

The wind tunnel experiment is conducted at a chord-Reynolds
number of ×3.0 106 which corresponds to a wind speed in the wind
tunnel test section of 56m s−1. Fig. 7(a) to Fig. 7(c) show the airfoil
model in the wind tunnel with an angle of attack of 5° and flow from
left to right evaluated with each of the three evaluation methods A, B
and C. The strong radial distortion as a consequence of the use of the
12mm wide-angle lens is corrected by a camera calibration according
to Zhang [50]. The measured total temperature difference TΔ between
the surface area with the laminar and the surface area with the tur-
bulent boundary layer is 0.6 K and the width of the transition region is
24 pixels. The applied linear regression of the temperature profile
method A is depicted in Fig. 7(a). Due to the constant temperature
threshold Tthreshold, a surface temperature drop at position =x 200
causes a systematic error, i.e. a shift in the transition position for

⩾x 200. For this reason, the quantification of the measured position
and the standard deviation of the laminar-turbulent transition position
is carried out for <x 200. The laminar-turbulent transition position
ythreshold is evaluated for 200 x-positions in the thermographic image
and results in 312.20 pixels in the image. The measured standard un-
certainty of the transition position is 0.58 pixels, which corresponds to
1.21mm on the airfoil model chord. The measurement uncertainty re-
lative to the chord-length c is ± 0.12%. Note that the systematic beha-
vior of the transition position along the x-axis is determined with a
parabolic regression and subtracted from the measured positions when
determining the standard deviation. The correction of the systematic
behavior is applied to all subsequent measurements. The measured
uncertainty is about a factor of 3 above the estimated measurement
uncertainty, that is 0.2 pixels. In addition to the remaining position
uncertainty of 0.09 pixels after the calibration, to some extent this can
be explained by local flow induced temperature fluctuations. The
measured standard deviation of the temperature in the region of the
laminar-turbulent transition is 0.07 K, which is significantly higher than
the noise sources considered in Section 4. An uncertainty propagation
with the higher temperature uncertainty leads to an estimated position
uncertainty of the laminar-turbulent transition of 0.41 pixels.

In contrast to method A, the approximation of the temperature
gradient by a Gaussian PDF is insensitive to the surface temperature
drop at position =x 200, which demonstrates the higher robustness of

this evaluation method, cf. Fig. 7(b). The mean position of the laminar-
turbulent transition is 315.43 pixels for method B. Under the prevailing
circumstances, the measured standard uncertainty of the transition
position ∼ytr with method B is 0.77 pixels or 1.30mm, respectively,
which is about a factor of 2.5 higher than the uncertainty estimation,
i.e., 0.32 pixels. The uncertainty propagation with the measured stan-
dard uncertainty of the temperature in the transition region (0.07 K)
results in 0.65 pixels.

As already expected by the measurement uncertainty estimation,
the approximation of the temperature profile by a Gaussian cumulative
distribution function combines the advantages of the two signal pro-
cessing approaches discussed above. The result of the third approach
method C is shown in Fig. 7(c). The measured position of the laminar-
turbulent transition is 315.63 pixels with a standard uncertainty of 0.56
pixels. Based on the measurement uncertainty estimation with a tem-
perature difference of =TΔ 0.6 K, the width of the transition area of 24
pixels and the uncertainty of the temperature =σ 0.034T K, a

Fig. 7. Thermographic measurement of the aerodynamic airfoil model in the
wind tunnel section evaluated with (a) the linear regression of the temperature
profile method A, (b) the approximation of the temperature gradient by a
Gaussian PDF method B and (c) the approximation of the temperature profile by
a Gaussian cumulative distribution function method C. The laminar-turbulent
transition position is evaluated for 200 x-positions in the thermographic image.
The transition position ythreshold evaluated with method A is ±312.20 0.58 pixels.
The transition position ∼ytr evaluated with method B is ±315.43 0.77 pixels. An
evaluation with method C results in a transition position of ±315.63 0.56 pixels.
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measurement uncertainty of the position of 0.19 pixels would have been
expected. However, the estimation does not take into account the in-
fluence of the calibration and the flow-induced temperature fluctua-
tions. The uncertainty propagation with the measured standard un-
certainty of 0.07 K results in an uncertainty of the transition position of
0.38 pixels.

For all three methods the assumed origin of the remaining differ-
ence between the measured and the estimated measurement un-
certainty are natural fluctuations of the laminar-turbulent transition
position due to the flow turbulence or imperfections of the airfoil sur-
face. Hence, the flow induced temperature fluctuations limit the
achievable measurement uncertainty. The results for all three signal
processing algorithms are summarized in Table 1.

With the knowledge of the airfoil model geometry, the angle of
attack and the angle of view of the camera, the position in the image
can be transformed to the position on the model surface relative to the
chord length, which results in for method C =y c/ 0.44tr .

5.2. Field measurements

The field measurements are performed at two different environ-
mental conditions, resulting in different temperature gradients between
the laminar and the turbulent boundary layer flow regime. The pre-
sented field measurements are both performed at 10 rpm of the rotor,
resulting in 0.5 Hz rotor blade pass frequency. In combination with the
chosen integration time of 1600 μs this causes a motion blur of 3.5
pixels at the radial position of the region of interest at =r 30.15 m. Due
to the motion blur, the transition region is wider, which is considered in
the uncertainty calculations.

Fig. 8 shows a thermographic measurement of the rotor blade of the
GE 1.5 sl wind turbine made with 5 individual thermographic images.
In this measurement situation, the direct solar radiation was heating the
rotor blade surface (sunny weather condition), resulting in a measured
temperature difference of =TΔ 2 K between the laminar and the tur-
bulent boundary layer flow regime. The radial rotor position is

indicated on the abscissa. Note that it appears as if the transition occurs
uniformly at about half the chord. This is due to the two-dimensional
imaging of the three-dimensional rotor blade. By considering the geo-
metry and the twist angle of the rotor blade, a significant variation of
the transition position can be observed. A strong radial gradient in
transition position can be noticed at the tip of the rotor blade. The 2D
airfoil section measured in the wind tunnel experiment is located at
30.15m. The thermographic image of the rotor blade area between the
rotor radius of 29 and 31m is depicted in Fig. 9. The results for all three
evaluation methods A to C are shown in individual subfigures. The
results of both evaluating methods for the evaluation of this field
measurement are shown in Table 2.

In contrast to the estimated uncertainty =σ 0.034T K of the tem-
perature due to detector noise and fixed pattern noise of the camera, the
standard deviation of the temperature in the region of the laminar-
turbulent transition is 0.09 K due to additional temperature fluctuations
induced by the flow. In combination with a real variation of the la-
minar-turbulent transition position due to locally different flow con-
ditions and surface imperfections of the rotor blade, the resulting
measurement uncertainty is not dominated by noise from the mea-
surement system but by the fluid flow, i.e., the measurement object
itself. As a result, the localization of the laminar-turbulent transition in
the thermographic flow visualization image is possible with a standard
uncertainty of 0.16 pixels, 0.21 pixels or 0.16 pixels with method A, B
and C, respectively. This corresponds to 0.18%, 0.24% and 0.18% of the
chord length of the rotor blade section.

Knowing the geometry of the rotor blade in the region of the eval-
uated section as well as the twist angle and the pitch angle of the blade
allows the projection and transformation of coordinates in order to
obtain the transition position on the rotor blade surface relative to the
chord length =y c/ 0.42tr . In comparison with the y c/tr -position in the
wind tunnel experiment ( =y c/ 0.44tr ), this result is in a good agree-
ment.

Fig. 10 shows the result for a field measurement with a measured
temperature difference of 1 K between the laminar and the turbulent
boundary layer flow regime. For this measurement day there was no
direct solar radiation but only indirect radiation through a cloud cover
(cloudy weather condition). Again the results for all three methods are
depicted in the subfigures Fig. 10(a)–(c). Because of a series of turbu-
lent wedges as a result of surface contamination or imperfections of the
rotor blade surface the radial position for the evaluation area is moved
to a nearby region without turbulence wedges. The obvious difference
of the laminar-turbulent transition position is due to the fact that the
thermographic image was taken with a 180° change in rotational angle
of the rotor with the rotor blade on its way up, which due to the blade
twist angle, pitch angle, and observer location, effectively changes the
viewing angle considerably. For presentation purposes the image is
rotated to match Figs. 8 and 9. The measurement uncertainty budged
for this measurement is shown in Table 3.

The standard uncertainty of the temperature in the region of the
transition is 0.04 K. However, the lower total temperature difference of

Table 1
Measurement uncertainty of the laminar-turbulent transition location in con-
sideration of different influences. The results refer to the wind tunnel mea-
surement shown in Fig. 10 with a measured temperature difference of

=TΔ 0.6 K between the laminar and the turbulent boundary layer flow regime
and a 24 pixels wide transition region.

influence uncertainty in pixel

method A method B method C
σythreshold

∼σ ytr σytr

noise of the IR camera 0.20 0.32 0.19
camera calibration 0.09 0.09 0.09
flow induced temperature fluctuations 0.35 0.56 0.32
fluctuations of the transition position 0.41 0.41 0.41

measured standard uncertainty 0.58 0.77 0.56

Fig. 8. Thermographic measurement of the suction side of the rotor blade of the GE 1.5 sl wind turbine. 5 individual images were taken from 180m working distance
and subsequently merged.
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the temperature profile leads to a slightly increased measurement un-
certainty of the laminar-turbulent transition position. The uncertainty
budget for all three evaluation methods is summarized in Table 3. As a
result the standard uncertainty of the measurement for the approx-
imation of the temperature profile by a Gaussian distribution function
(method C) amounts to 0.17 pixels, which corresponds to 0.19% of the
associated chord length c. The result for method A is also 0.17 pixel
(0.19% c) and the result for method B is 0.23 pixel (0.26% c), respec-
tively. Hence, the measurement uncertainty for the cloudy weather
condition ( =TΔ 1 K) is increased only by 6% (method C) compared to
the sunny weather condition ( =TΔ 2 K). This is due to lower flow in-
duced temperature fluctuations, which, due to the thermal inertia of the
rotor blade surface, are not as pronounced as at a lower temperature
difference.

6. Conclusions

Thermographic flow visualization measurements were performed in
order to develop an robust, automated signal processing algorithm for
the localization of the laminar-turbulent transition in field measure-
ments on wind turbines in operation. For three signal processing
methods, based on a linear regression of the transition region (method
A), an approximation of the temperature gradient by a Gaussian
probability density function (method B) and the approximation of the
temperature profile by a Gaussian cumulative distribution function, the
achievable measurement uncertainty is estimated with an uncertainty
propagation calculation verified by Monte Carlo simulations. A wind
tunnel experiment as well as field measurements of a 1.5MW wind
turbine were performed for the validation of the evaluation methods.

Fig. 9. Thermographic measurement of the
rotor blade section corresponding to the geo-
metry of the airfoil model measured in the
wind tunnel. The measured temperature dif-
ference between the flow regimes is 2 K (sunny
weather condition). The laminar-turbulent
transition position is evaluated for 67 y-posi-
tions in the thermographic image. (a) The
transition position evaluated with method A is

= ±y 109.88 0.16threshold pixels. (b) The transi-
tion position evaluated with method B is

= ±∼y 110.10 0.21tr pixels. (c) An evaluation
with method C results in a transition position of

= ±y 110.14 0.16tr pixels.

Table 2
Measurement uncertainty of the laminar-turbulent transition location in con-
sideration of different influences. The results refer to the field measurement
shown in Fig. 9 with a measured temperature difference of =TΔ 2 K (sunny
weather condition) between the laminar and the turbulent boundary layer flow
regime and a 12 pixels wide transition region.

influence uncertainty in pixel

method A method B method C
σythreshold

∼σ ytr σytr

noise of the IR camera 0.04 0.07 0.04
flow induced temperature fluctuations 0.10 0.16 0.09
fluctuations of the transition position 0.12 0.12 0.12

measured standard uncertainty 0.16 0.21 0.16

Fig. 10. Thermographic measurement of the rotor blade section at =r 30.15 m, corresponding to the geometry of the aerodynamic airfoil model measured in the wind
tunnel. The measured temperature difference between the flow regimes is 1 K (cloudy weather condition). The laminar-turbulent transition position is evaluated for
55 x-positions in the thermographic image. The transition position evaluated with method A is = ±y 121.83 0.17threshold pixels and the transition position evaluated
with method B is = ±∼y 121.39 0.23tr pixels. The approximation of the temperature profile with a Gaussian distribution function method C results in the transition
position = ±y 121.58 0.17tr pixels.

Table 3
Measurement uncertainty of the laminar-turbulent transition location in con-
sideration of different influences. The results refer to the field measurement
shown in Fig. 7 with a measured temperature difference of =TΔ 1 K (cloudy
weather condition) between the laminar and the turbulent boundary layer flow
regime and a 16 pixels wide transition region.

influence uncertainty in pixel

method A method B method C
σythreshold

∼σ ytr σytr

noise of the IR camera 0.10 0.15 0.09
flow induced temperature fluctuations 0.08 0.13 0.07
fluctuations of the transition position 0.12 0.12 0.12

measured standard uncertainty 0.17 0.23 0.17
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All methods enable a localization of the transition position with sub-
pixel accuracy for temperature differences ⩾ 1 K between the laminar
and the turbulent boundary layer flow regime.

Even though the estimated measurement uncertainty as well as the
measured standard uncertainty of an evaluation with the linear re-
gression method A are lower than for the non-weighted Gaussian fitting
method B, the method B is more suitable for an automated evaluation
algorithm. The application of method A requires the a priori knowledge
of the position of the transition region and a chosen temperature
threshold, whereas method B requires none. As a result, the signal
processing method B is more robust with respect to artifacts in the
thermographic images. Due to the non-consideration of the correlation
of the adjacent temperature gradient values in the signal processing
algorithm of the non-weighted least squares estimation, the measure-
ment uncertainty for method B is significantly higher than for the linear
regression method A. For this reason, the non-linear approximation of
the temperature profile with a Gaussian cumulative distribution func-
tion (method C) is proposed for the robust, automatic evaluation of the
transition position, as it combines the advantages of the other two al-
gorithms.

The evaluation of the field measurements show, that the laminar-
turbulent transition can be located from a working distance of 180m
with a standard uncertainty of 0.17% relative to the rotor blade chord
length, which here corresponds to 0.16 pixels. The temperature dif-
ference under sunny weather conditions was 2 K between the laminar
and the turbulent boundary layer flow regime. The measurement un-
certainty is not limited due to noise from the measurement system but
due to the measurement object, i.e., the boundary layer flow char-
acteristics. Additionally, the temperature difference between the flow
regimes in the transition region as well as the width of the transition
region affect the accuracy of the localization significantly.

Future investigations will involve the evaluation of thermographic
flow visualization measurements on wind turbine rotor blades in order
to study the influence of leading edge contamination and erosion (both
causing an early laminar-turbulent transition) on the performance of
the wind turbine.
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