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Abstract

In the Oxford Turbine Research Facility (OTRF), UK national engine-representative high-pressure turbine
test facility, an infrared thermography methodology has been developed to enable measurements of heat transfer
guantities on uncooled blade with a target velocity of 263.5 ms™. Previous studies [1] [2] demonstrated the
superiority of this infrared-based methodology over traditional heat transfer measurement techniques such as thin-
film heat flux gauges. Subsequent work investigated the effect of camera integration time, ranging from 20 to 1 ps,
on image quality and temperature measurement accuracy, identifying motion blur as a key limitation at longer
integration times [3]. However, the contribution of blur to the overall measurement uncertainty was not explicitly
quantified. This study presents the first efforts to develop a methodology to account for the effect of image blur into
the evaluation of temperature uncertainty.

1. Introduction

Blade heat transfer is a performance and life-critical aspect of high-pressure turbines, and accurate
experimental measurements under engine-representative rotating remain challenging, and conventional
techniques, such as thin-film gauges, are often limited. Infrared thermography has emerged as a key diagnostic
technique for measuring heat transfer on rotating turbine components under engine-representative conditions.

One of the main problems in the implementation of infrared thermography on moving targets is the
selection of the best camera integration time, defined as the time during which the sensing element of the detector
is capturing the incident spectral radiance. The integration time is inherently connected to image blur, as this is
defined as the displacement of the target moving at speed v during the integration time t;.. A sufficiently short
integration time is required to minimise motion blur in the image. However, in condition of low signal intensity the
use of a short integration time results in higher noise. In this particular scenario, the collected signal can be the
same level as the camera internal noise, makes it impossible to extrapolate any reliable information on temperature.
To summarise, image blur is directly related to target speed and integration time, whilst signal noise is a function of
temperature of the scene and integration time. To achieve accurate thermal measurements, the best experimental
conditions must be found studying the impact of camera integration time on blur and temperature error arising from
blur and noise.

Lazzi Gazzini et al. [4] in their study suggested using two datasets collected with two different integration
time settings, thus with two different levels of blur, into a single corrected temperature map. In doing so, the shortest
integration time image is used as geometrical reference. The authors observe that direct comparison of the two
integration time datasets is not possible, and a rescaling is applied to the shorter integration time frame to artificially
amplify the raw signal to match the same digital counts range as the longer integration time frame. The premises
to apply the rescaling is that the output signal of an infrared detector is proportional to the number of collected
photocarriers, which in turn depend on the incident spectral radiance integrated for one integration time. If the same
spectral radiance insist on the detector, the signal is directly proportional to the integration time [5].

Aim of this paper is to develop a model for a pre-test uncertainty analysis to make informed decisions on
the selection of the best integration time. Three complimentary approaches are used to infer the impact of blur on
temperature error. The first models blur in the x-direction as a convolution with a top-hat point spread function, pixel
sensitivity to motion blur and motion blur bias error. The second method applies a synthetic amplification to the
zero-blur signal and compares it with the blurred measurement, enabling post-test consideration on motion blur
errors. The third method evaluates motion blur sensitivity by analysing deviation from ideal linear detector
behaviour.

2. Experimental Conditions

A test campaign on the Oxford Turbine Research Facility (OTRF) implemented infrared thermography to
study the heat transfer of the blade tip in a high-pressure turbine rotating at nominal rotational speed of 8,500 rpm,
tangential velocity at the blade tip radius of 263.5 ms™. A description of the experimental setup used in this campaign
can be found in [3], while a schematic of the facility alongside with a representation of the IR thermography setup
are shown in Figure 1. The FLIR A6751 SLS LWIR camera was used for these experiments. The infrared camera
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integration time was varied during the test campaign to understand the impact of image blur on the measurement.
The shortest integration time test (1 pys) enabled to collect data with negligible blur (0.26 mm), whilst the longest
integration time test (20 us) led to data presenting a motion blur of 5.27 mm. Blur level in the images for all the
tested conditions are summarised in Table 1.

Despite achieving to freeze the image of the moving blade, the dataset at 1 us integration time presents
higher levels of noise. This is a direct consequence of the inherent performance limitation that infrared detectors
presents for low integration time applications and low operating temperature. On the other hand, longer integration
time settings present greater motion blur.
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Figure 1. (a) Schematic of OTRF, (b) Infrared thermography setup, showing a photograph and 3D model
of turbine working section (Adapted from [2])°

Table 1. Blur levels as a function of integration time at target speed of 263.5 ms-!

IT | us | 20 | 10 5 2 1

Blur | mm | 5.27 | 263 | 1.32 | 0.53 | 0.26
Blur | pixel 47.78 | 23.89 | 11.94 | 4.78 | 2.39

3. First method: motion blur error metrics

Consider a target moving with velocity v during a camera integration time t;.. The resulting motion blur

length is:
in space units, or
t.
L=v2 (2
Sp

in image pixels units, where s, is the space size represented by a single pixel. Motion blur acts as a convolution
with a motion point spread function (PSF), producing loss of spatial resolution and introducing uncertainty into the
measured pixel values. It is possible to define some error metrics to quantify this uncertainty.

3.1. Motion sensitivity error

With the optics alignment used for this campaign, the velocity vector has only a component on the x-axis.
Thus, motion blur is expected in the x-direction only. A metric to estimate how much a pixel value changes due to
the displacement of the image during the exposure is achieved though first-order derivative. For a small displacement
éx, the signal I can be approximated as

al
I(x+6x)zl(x)+6xa 3
Thus, giving the local intensity error eg,;,s
al
€sens = 0X a ©

For mation blur length L, the sensitivity to motion blur can be calculated as
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3.2. Blur bias error

Itis possible to model the motion blur appearing in the measurements as a convolution with a top-hat PSF.
With the motion blur in the -x direction, resulting in the image at the position x averaged with values coming from
positive x, corresponding to the target moving left, this can be written as

1 L
Iy = —f I(x + s)ds (6)
LJ,
Expanding using a Taylor series yields
s?2 s3
I(x+s) =1(x) +sL(x) + ?Ixx(x) + glxxx(x) + ™)
Solving the blur integral term-by-term leads to the blur bias error estimated as
L 2
epias = Ipur —1 :EIx +glxx+"' ®)

This model assumes small blur, which is congruent with the values in Table 1. This method provides a local
estimation of bias error.

The eg.ps is @ measure of how sensitive a pixel is to the displacement, while e,;,c measure the actual bias
introduced by averaging over a blur kernel. The results for three level of blur, specifically 0.53 mm, 1.32mm and 2.63
mm (corresponding to integration times of 2, 5, and 10 us respectively), are shown in Figure 2. The regions
presenting the highest sensitivity to blur appear on the blade tip edges, where the largest temperature gradients
are observed. In the same regions are found the largest bias errors, with values as high as 40K for the test case
with the largest motion blur (2.63mm).

Temperature, K €.ens = L., K €pias = (L/2).1,+ (L?/6).1,, , K
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Figure 2. From left to right: Temperature map, blur error sensitivity, and blur bias error. From top to
bottom: integration time of 2, 5, 10 ps.
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4. Second method: signal amplification

An infrared quantum detector converts the incident radiance on a pixel to electrons over a finite period of
time referred to as integration time. The raw electrical signal in voltage is proportional to the collected radiative
energy. This electrical signal is converted to digital counts and the relationship between the digital counts and
blackbody equivalent temperature is defined through radiometric calibration. The number of photogenerated

carriers are linearly proportional to the integration time and the photon flux density incident on detector focal plane
arrays [5].

Signal « ¢ X t;; €))
DC = gain X ¢ X t;; + offset (10)

Where ¢ is the incident radiance, t;; the integration time, and DC the digital counts. If the integration time
increases, whilst the incident radiance remains unchanged, it is theoretically possible to observe a linear relationship
between dataset collected at different integration times.

Measurements of the blade tip in the OTRF are available at five integration times of 1, 2, 5, 10, and 20 ps.
These datasets are a measurement of the same scene in the same temperature field. The 1 ps dataset presents
approximately no blur and can be used as the reference image. However, the signal level of the 1 ps is not the
same as the level of the others, and a direct comparison is not possible. Nevertheless, the same spectral radiance
insisted on the detector for all the test cases, which means the signal is directly proportional to the integration time.
If a relationship can be found between the reference signal at 1 s, with no blur, and the blurred signal, this can be
used to amplify the reference signal.

Defining a region of interest (ROI) encompassing the rotor blades as shown in Figure 3(a), let x be the raw
digital counts in the ROI measured at 1 us, and y; the raw digital counts within the same ROl measured at t;, €
{2,5,10,20} ps. The relationships y; = f(x) are found using a linear fitting, and these are depicted in Figure 3(b).
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Figure 3. (a) Region of interest used for the definition of the relationship between signals collected at
different integration times; (b) On the x-axis the reference signal recorded at 1 ps, and on the y-axis signals recorded
at t;; € {2,5,10,20} ps. Linear fittings are shown in solid red lines.

The block diagram shown in Figure 4(a) summarises the workflow for the computation of the motion blur
error maps. Following the right branch of the block diagram, the reference signal in raw digital counts is amplified
(scaled) using the correspondent relationship y; = m;x + g;. The blackbody equivalent calibration is then applied
to the scaled raw digital count signal, and a scaled blackbody equivalent temperature map is achieved. The
temperature scaled in this way is finally subtracted to the temperature calibrated from the blurred signal (left branch
of the block diagram). The complete analysis is shown in Figure 4b for the signal at t;; = 20 ps.
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Figure 4. (a) Block diagram followed for the computation of the motion blur error maps. (a) Complete
analysis applied to the t;; = 20 ps blurred signal.

Figure 5 shows the motion blur errors calculated for t;; € {2,5,10,20} ps. From left to right, the actual
blurred temperature, the scaled temperature, the motion blur error, and the spatial variation of these quantities over
the highlighted yellow line are shown. From top to bottom, the integration time increases from the shortest 2 us to
the longest 20 ps, corresponding to 0.5 mm to 5.3 mm blur respectively. The highest impact on error due to motion
blur can be found in the region with the largest temperature gradients, i.e. at the edges of the turbine blade tip. For
the largest blurred signal (20 ps), absolute errors of 30 K and 53 K are found at the suction surface of the left blade,
and at the pressure surface of the central blade respectively.
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Figure 5. Temperature signal from measurements at t;, ;, temperature measurement at t;, = 1 us scaled
to t;,;, motion blur error, line plot of these quantities over highlighted yellow line.
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5. Third method: detector linearity

A measure of motion blur error sensitivity was achieved by studying the residuals of the linear fit equations
y; = m;x + q; calculated in the previous section. These equations exhibited a progressive decrease of R? with
increased integration time, with the lowest value of 0.70 observed for the 20 pus integration time dataset. This
behaviour is consistent with the increased motion blur at longer integration times. The scaling equations, with
correspondent R? values are reported in Table 2Error! Reference source not found.. Consequently, an
investigation on the residuals can inform on the error sensitivity due to blur.

To identify the regions that most strongly contribute to the loss of linearity r, residuals were calculated and
the top 10% of pixels with the largest values were highlighted on the scatter plot and on the original region of
interest. In Figure 6 these pixels are shown for the 10 ps and 20 us cases. These pixels are clustered on the blade
tip region, and are those most sensitive to motion blur error. These results are in line with those found for e, with
the model in section 3.1.

Table 2. Scaling equations for signal at integration time 1 ps, with relative R? value

ticj y; = mix +q; R?
2 s y; = 1.55x — 301.97 0.99
5us y, = 2.83x — 994.57 0.96
10 ps vy; = 4.83x — 2041.53 0.86
20 pus yj = 7.24x — 3127.35 0.70

@ (b)
Figure 6. Pixels with residuals in the highest 10th percentile: (a) 10 us case, (b) 20 us case.

6. Conclusion

Three methods were presented to provide a multi-perspective assessment of motion blur effects on thermal
imaging of a target moving at 263.5 ms. The first method modelled motion blur and demonstrated that motion-
sensitivity is strongly governed by the local image thermal gradient, with largest values occurring at the blade tip
edges. As expected, sensitivity increases proportionally with blur length. The second method provided a direct,
measurement-based estimate of motion blur by comparing the blurred temperature fields with synthetic temperature
maps scaled from the temperature field from the 1 ps signal. Consistent with the physical blur model, the largest
errors occurred in regions of steep temperature gradients, particularly along the blade-tip edges. Lastly, the third
method showed that deviations from ideal linear detector behaviour provide a clear indicator of motion-blur
sensitivity.
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