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Results

An input power of 60, 220 and 450 mW was ap-
plied to the heaters, and the resistance of the
sensors (including the sensor directly next to the
heater THeater) was continuously monitored. The
temperature is calculated from the resistance ac-
cording to eq. (2), and the results are shown Fig.
2.

Fig. 2: Temperature response for 220 mW applied to
the heater.

The responses to a stepwise increase in the
heating temperature is shown in Fig. 3, with a
temperature of 70 to 230◦C. Both sensors detect
identical temperatures, confirming the robust-
ness and reliability of the measurement setup.

Fig. 3: Sensor response for step-wise increase of the
heater power.

The calculated thermal conductivities (λ) for
the measurements are shown in Fig. 4. The
values for λ changes slightly depending on the
temperature of the aerogel, which is a known oc-
currence. The objects thermal properties are re-
lated by the objects temperature [5].

Every manufactured sensor consists of a
heater and a thermistor. Therefore, it is possi-
ble to additionally measure the temperature with
the heater structures on the outer sides of the
aerogel blocks. This gives extra confirmation of
the temperature, as shown in Fig. 4. The cal-
culated values (with the heater structures) show
identical values, validating the determined ther-
mal conductivities.

Fig. 4: Thermal conductivity of aerogel samples at
different heating temperatures.

Conclusions and Outlook
This abstract presents a reliable method for de-
termining the thermal conductivity of samples
with extremely low values. The thermal losses
in the setup are minimized by placing the sen-
sor between two small aerogel blocks. This in-
hibits heat flow around the samples and also en-
sures that all heat goes in the aerogel (evenly
distributed in both samples). The measurement
setup features a total of five temperature sen-
sors, enabling for accurate temperature readings
and calculated thermal conductivities. The ther-
mal conductivities (0.015 - 0.024 m−1K−1) found
in this research can help further research to min-
imize heat losses in micro-chambers/reactors
and/or other insulation in microfluidic devices.
Future research will focus on integrating the
aerogels with IC technology to improve the con-
nections between the aerogel and the sensor.
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[3] Peter Böckh and Thomas Wetzel.
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Summary:
Dynamic measurements, particularly in thermometry, are crucial for capturing rapid variations in physical 
systems. However, such measurements face challenges due to noise, system distortions, and the in-
herent uncertainty of capturing time-dependent phenomena. This study presents a methodological ap-
proach to improve dynamic measurements through advanced signal processing and calibration model 
enhancement. By integrating Fourier transforms, dynamic Kalman filtering, and temperature correction 
models, the research aims to enhance precision while ensuring traceability. The results demonstrate 
the effectiveness of these approaches in providing reliable, accurate, and standardized measurements 
for industrial and scientific applications.
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Introduction 
Dynamic measurements are indispensable in 
fields like fluid dynamics, thermometry, and a-
coustics, where rapidly changing conditions de-
mand accurate and responsive measurement 
techniques. Traditional static calibration me-
thods, designed for steady-state scenarios, often 
fail to account for the transient and time-depen-
dent behaviors of dynamic systems. This limita-
tion necessitates the development of dynamic 
calibration methodologies, which incorporate 
sensor response times and temporal variations 
to ensure reliability and accuracy.
Key advancements include Monte Carlo simula-
tions for uncertainty evaluation (1), frequency 
response and impulse response testing to cha-
racterize system behavior (2) (3) (4), and real-
time data processing with compensation filters to 
manage large data volumes and correct distorti-
ons (5) (6).
These innovations, combined with fast-response 
sensors and adaptive signal processing techni-
ques, address critical challenges in capturing ac-
curate data in evolving conditions (7) (8). How-
ever, gaps in existing standards, such as the 
GUM (14) and VIM (15), highlight the need for 
greater emphasis on dynamic considerations, 
particularly in accounting for sensor response 
times, to improve replicability and precision in 
dynamic measurement systems.
In this study, calibration models are enhanced to 
better account for sensor response times and re-
duce uncertainties, enabling accurate measure-
ment of rapid changes. Advanced data 

processing methods, including adaptive and 
real-time algorithms, are employed to optimize 
noise reduction and manage system uncertainty. 

Methodology
Signal Processing 
A robust signal processing framework was de-
veloped to address the challenges of dynamic 
measurements. The first step involved applying 
Fourier transforms to filter out noise and recon-
struct the original signal. This technique effec-
tively isolated the relevant frequency compo-
nents, allowing for more accurate signal analy-
sis.
A dynamic Kalman filter has been used to esti-
mate the measurand by optimally balancing 
noise reduction and system uncertainty.

Figure 1 : application of Kalman filter on raw data of 
thermocouple type K.

Next, an inverse transfer function (Hinv(ω)) was 
designed to correct distortions introduced by the 
measurement system. By restoring the original 
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signal, this approach improved the fidelity of the 
measured data. Finally, a dynamic Kalman filter 
was employed to optimally balance noise reduc-
tion with system uncertainty. This adaptive filter-
ing technique allowed for real-time adjustments, 
ensuring the accuracy of the measurements un-
der varying conditions. 
Sensor temperature correction 
This phase assesses thermocouple response 
time to ensure accurate and reliable dynamic 
temperature measurements. The thermocouple 
operates on the Seebeck effect (20), here two 
different metals generate an electrical voltage at 
their junction, which is temperature-dependent 
(21). Thermocouple temperature readings often 
deviate from the actual surrounding tempera-
tures due to factors like radiation, convective 
heat transfer, and the thermocouple's response 
time. To account for these discrepancies, adjust-
ments are made to the measured temperature, 
as explained by Pitts et al. (22). The formula that 
relates the environmental temperature (Tg) to the 
measured temperature (Tj) incorporates these 
elements and is given by: 

𝑇𝑇𝑔𝑔 = 𝑇𝑇𝑗𝑗 + 𝜏𝜏
d𝑇𝑇𝑗𝑗
d𝑡𝑡 +

𝜖𝜖𝜖𝜖
ℎ𝑐𝑐𝑐𝑐𝑐𝑐

(𝑇𝑇𝑗𝑗4 − 𝑇𝑇𝑤𝑤4) 

Results and Discussion 
The study demonstrates the effectiveness of 
the proposed methodologies in enhancing dy-
namic measurements. 

Figure 2 : example of temperature correction for a thermo-
couple Type K at two different temperatures. 

Figure 3 : Sensor Response Times vs. Temperature 

The comparison of response time of different 
types of sensors like Pt100, TC type K and TC 
type T. It shows that Pt100 sensors have signifi-
cantly slower response times compared to Type 
K and T thermocouples, making them less suita-
ble for dynamic environments. In contrast, Type 
K and T thermocouples exhibit faster, consistent 
response times. Dynamic signal processing 
techniques reduced uncertainties, leading to 
more precise measurements. The temperature 
correction model addressed environmental and 
system-specific distortions, aligning measure-
ments with metrological standards. The study 
also emphasized the importance of uncertainty 
propagation, with noise, filtering, and modeling 
errors identified as key contributors. The meth-
odologies effectively minimized these uncertain-
ties. 
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signal, this approach improved the fidelity of the
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der varying conditions.
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the proposed methodologies in enhancing dy-
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Figure 3 : Sensor Response Times vs. Temperature

The comparison of response time of different
types of sensors like Pt100, TC type K and TC 
type T. It shows that Pt100 sensors have signifi-
cantly slower response times compared to Type
K and T thermocouples, making them less suita-
ble for dynamic environments. In contrast, Type 
K and T thermocouples exhibit faster, consistent 
response times. Dynamic signal processing
techniques reduced uncertainties, leading to
more precise measurements. The temperature
correction model addressed environmental and
system-specific distortions, aligning measure-
ments with metrological standards. The study
also emphasized the importance of uncertainty
propagation, with noise, filtering, and modeling 
errors identified as key contributors. The meth-
odologies effectively minimized these uncertain-
ties.
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