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Abstract

This thesis was conducted in cooperation with Vectoflow GmbH. It addresses the develop-
ment of an automated uncertainty analysis tool for pressure sensors, based on the DKD-R
6-1 guideline and ISO/IEC 17025. The goal was to extend an existing LabVIEW-based cal-
ibration routine by integrating a Python-based post-processing module, which is capable of
calculating all uncertainty contributions in compliance with DKD-R 6-1 requirements. The
tool processes raw calibration data and performs standardized uncertainty calculations for
both analog and digital sensors. It then outputs data and plots intended for certificate gen-
eration. A modular software architecture was implemented, tested extensively with unit
tests, and made callable from LabVIEW through a Python wrapper module. The result-
ing package replaces manual post-processing with an automated and traceable workflow.
This work forms the foundation for DAkkS-accredited calibrations at Vectoflow and opens
the possibility for future extensions, including fully automated certificate generation.
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Kurzfassung

Diese Bachelorarbeit wurde in Zusammenarbeit mit der Vectoflow GmbH durchgefihrt.
Ziel war die Entwicklung eines automatisierten Tools zur Unsicherheitsanalyse von Druck-
sensoren, basierend auf der Richtlinie DKD-R 6-1 sowie der Norm ISO/IEC 17025. Hierzu
wurde eine bestehende, auf LabVIEW basierende Kalibrierroutine um ein Python-Modul
zur Nachverarbeitung erweitert, das samtliche Unsicherheitsbeitrage normgerecht gemaf
DKD-R 6-1 berechnet. Das Tool verarbeitet Rohdaten aus Kalibrierungen und fihrt stan-
dardisierte Unsicherheitsanalysen sowohl fiir analoge als auch digitale Sensoren durch.
Die Ergebnisse werden anschlieBend in Form von Daten und Grafiken ausgegeben, die
zur Zertifikatserstellung verwendet werden kénnen. Die Software wurde modular aufge-
baut, durch Unit-Tests abgesichert und tber ein Python-Wrapper-Modul in LabVIEW inte-
grierbar gemacht. Das daraus entstandene Softwarepaket ersetzt die manuelle Nachver-
arbeitung durch einen automatisierten und nachvollziehbaren Workflow. Diese Arbeit
bildet die Grundlage fur DAkkS-akkreditierte Kalibrierungen bei Vectoflow und eréffnet
Perspektiven fir zukinftige Erweiterungen, wie etwa die vollautomatische Zertifikatser-
stellung.
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List of Abbreviations and Definitions

Abbreviation

Definition / Description

DKD-R 6-1

DAKKS

DUT

ISO/IEC 17025

Full Scale (FS)

DAQ

LabVIEW

Python

CSvV

CPC6050

RSS

Sl Units

GUM

German calibration guideline for pressure sensors, specifying pro-
cedures and uncertainty evaluation methods. Published by PTB,
used throughout this thesis.

Deutsche Akkreditierungsstelle — German national accreditation
body for calibration and testing.

Device Under Test — The sensor or system being calibrated.

International standard defining competence for testing and calibra-
tion laboratories.

Maximum measurement range of a sensor; used for relative uncer-
tainty or error expressions.

Data Acquisition System — Used for digitizing analog signals from
sensors.

Engineering software for automated data acquisition and control,
used in the calibration setup.

Programming language used for post-processing calibration data
and uncertainty evaluation.

Comma-Separated Values — File format for recording and process-
ing measurement data.

Precision pressure controller used as the reference standard in the
calibration setup.

Root-Sum-Square — Method for combining standard uncertainties
from independent sources.

International System of Units — Standard measurement units, e.g.,
Pascal (Pa), Volt (V).

Guide to the Expression of Uncertainty in Measurement — Interna-
tional reference for uncertainty analysis.
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List of Symbols

Symbol Description

Ap DUT reading deviation

PDisplay Displayed DUT reading

Davg Average DUT reading

op; Pressure error term

S Sensitivity (transfer coefficient)
Uoutput Output voltage

G Gain factor

Usupply Supply voltage

Dref Reference pressure

T j DUT measurement at level j, series m
im0 Zero reference value

P Mean up-sweep DUT value
Pyown.; Mean down-sweep DUT value
Prean.; Overall mean DUT value

l Number of up/down pairs

n Number of measurement series
a Half-width of uncertainty interval
u(z) Standard uncertainty

r Resolution

P Measured pressure

fo Zero-point deviation
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Symbol

Description

/
bip

down

>

S

»n o ow

U/

Repeatability (up series)

Repeatability (down series)

Maximum repeatability

Mean hysteresis at pressure level j
Relative uncertainty contribution
Combined uncertainty (digital)
Expanded uncertainty (digital)
Combined relative uncertainty (analog)
Expanded relative uncertainty (analog)
Sensitivity deviation

Mean sensitivity

Sensitivity at pressure level j
Uncertainty of sensitivity

Maximum error span

Coverage factor
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1. Introduction

Pressure measurement is critical for ensuring safety, performance, and regulatory compli-
ance across both industrial and scientific applications, particularly in fields like aerospace,
automotive, and process engineering. Accurate and reliable pressure data is essential
for optimizing processes, verifying structural integrity, and meeting strict regulatory stan-
dards. Due to these demands, precise and repeatable calibration of pressure sensors is
necessary to ensure traceable and trustworthy measurement results [1].

This thesis was conducted in collaboration with Vectoflow GmbH, which develops and
manufactures high-precision, 3D-printed flow measurement probes. These devices are
used in demanding aerodynamic environments where accurate and traceable pressure
measurements are required, particularly for product validation, safety, and certification.

To ensure reliable measurements, pressure sensors must be calibrated regularly against
known reference standards. Calibration not only enhances measurement accuracy but
also supports compliance with internationally recognized quality systems such as ISO/IEC
17025 [2] and country-wide standards like the DKD-R 6-1.

1.1. Problem Statement

The current Pressure Sensor Calibration setup at Vectoflow, consisting of a Mensor CPC6050
pressure controller and a LabVIEW-based calibration routine, offers limited flexibility and
does not fully comply with modern calibration standards. It supports only a subset of
sensor types and lacks essential features needed for traceable and standards-compliant
workflows. Specifically, it does not meet the documentation and uncertainty analysis re-
quirements set out by DKD-R 6-1 and ISO/IEC 17025. Furthermore, the lack of automa-
tion introduces the potential for human error and reduces overall efficiency, an increasingly
critical concern in high-precision environments.

A central limitation is the absence of uncertainty analysis in accordance with the DKD-R
6-1 guideline [3], which serves as the technical foundation for DAkkS-accredited pressure
calibrations in Germany. Currently, measurement data must be manually exported and
evaluated—a time-consuming, error-prone, and non-transparent process.

To address this, a Python-based post-processing tool will be developed. This tool will
read raw calibration data, compute uncertainty contributions according to DKD-R 6-1,
and calculate a complete uncertainty budget. It will be tightly integrated into the existing
LabVIEW calibration routine, enabling users to perform the entire process with minimal
manual effort.
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Once the uncertainty analysis is in place, the workflow will be expanded to include sensor-
specific calibration plots. These certificates will summarize all key results and ensure
full traceability in accordance with ISO/IEC 17025. Additionally, potential hardware or
procedural improvements may be investigated to further enhance measurement quality
and system reliability.
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1.2. Motivation

Pressure measurements are critical in many scientific and engineering domains. In high-
stakes industries such as aerospace, the need for accuracy, reliability, and traceability
continues to grow. It is no longer sufficient to achieve accuracy occasionally—pressure
data must be consistently reliable and fully traceable.

Calibration is, therefore, indispensable. However, in addition to accuracy, other factors
such as process efficiency, repeatability, and thorough documentation have become in-
creasingly important. Many calibration setups still rely on manual steps, which reduces
efficiency, introduces more opportunities for error, and limits scalability.

To overcome these challenges, many companies are now automating their calibration
processes. Automation improves data integrity, reduces human involvement, and supports
compliance with international standards.

This thesis builds on that trend. It aims to automate the existing calibration routine at
Vectoflow, which currently lacks an integrated uncertainty analysis, plot generation, or
automatic certificate creation. The goal is to integrate a Python-based post-processing
system with the existing LabVIEW calibration environment and bring the process into full
compliance with current norms.
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1.3. State of the Art

Various methods exist for calibrating pressure sensors, each offering distinct advantages
and limitations.

Deadweight Calibration is a primary method for generating pressure when known masses
are applied to a piston-cylinder system. This technique is highly accurate and directly
traceable to Sl units due to its reliance on physical constants (mass, gravity, and area).
However, it is relatively slow, sensitive to environmental conditions, and not easily auto-
mated [4].

Comparison Calibration is more practical for many industrial applications. In this method,
both the sensor under test and a reference sensor are exposed to the same pressure, and
their outputs are compared across a range of values. Digital devices such as the Men-
sor CPC6050 integrate both pressure control and high-precision reference measurement
capabilities, making this approach more suitable for automation [4].

No matter the calibration method, other critical factors must be taken into account, such as
Temperature Compensation. Pressure sensors often exhibit measurement drift due to
temperature variations. To correct this, many calibration systems implement temperature-
dependent correction models through hardware or software [5, p. 2].

Dwell time is also a critical factor in this analysis. Subsequent to a pressure change,
sensors must undergo a period of stabilization before accurate readings can be obtained.
Insufficient dwell time has been demonstrated to result in errors caused by hysteresis or
signal lag [6].

Lastly, automated uncertainty analysis has become increasingly standard. Modern cal-
ibration systems incorporate software that automatically calculates measurement uncer-
tainties, ensuring consistency, reducing human error, and saving time [7].

There are many standards and guidelines for pressure sensor calibration. Some of the
most prominent include the German "Deutscher Kalibrierdienst" (DKD) and the "National
Institute of Standards and Technology" (NIST) from the United States. While both stan-
dards aim for reliability and traceability, their methodologies differ. The DKD-R 6-1 offers a
structured form and formal methods, which include predefined calibration sequences, min-
imum dwell time, environmental correction, and a sensor-type-specific uncertainty bud-
get [3, p. 8-26]. In contrast, the NIST allows for more flexibility and permits laboratories to
adapt procedures as long as they comply with the "Guide to the Expression of Uncertainty
in Measurement" (GUM) principles [8, p. 14-18]. GUM provides a standardized method
for combining statistical and non-statistical uncertainty components [9]. Even though NIST
offers more procedural versatility, this thesis adopts the DKD-R 6-1 as the normative basis
due to its accuracy and traceability.
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While this thesis is based on the structured framework defined in DKD-R 6-1, current
research shows that alternative approaches to uncertainty evaluation are gaining impor-
tance. In particular, beyond traditional methods such as the root-sum-square (RSS) model
applied by DKD-R 6-1, recent research highlights the increasing relevance of Monte Carlo
methods (MCM). These stochastic approaches estimate uncertainty by repeatedly simu-
lating the measurement model with random input values. Smith et al. [10] have demon-
strated how Monte Carlo simulations can be integrated into Digital Calibration Certificates
(DCCs), thereby improving digital traceability, machine readability, and the transparency
of uncertainty reporting.

A further development in this context is the use of virtual experiments (VEs) as proposed
by Hughes et al. [11]. This JCGM 101-compliant method uses computational models to
simulate the whole measurement process, including its associated uncertainties. Unlike
strictly analytical methods, virtual experiments allow for more flexibility and better repre-
sentation of complex system behavior. These modern approaches do not replace classi-
cal frameworks such as DKD-R 6-1 but rather extend them and offer new possibilities for
uncertainty modeling, particularly in automated or simulation-based environments.

1. Introduction 5



1.4. Objectives

The primary objectives of this thesis are to:
Develop a Python-based post-processing tool to automate calibration data analysis and
measurement uncertainty calculation.
Generate plots for visualization and data analysis
Fully integrate this tool into the existing LabVIEW-based calibration workflow.
Prepare data for generating calibration certificates
Implement curve fit of the calibration and computation of sensor calibration coefficients
Improve the overall calibration process efficiency, accuracy, and traceability.

Ensure full compliance with relevant calibration standards, including ISO/IEC 17025
and DKD-R 6-1.

This approach is intended to enhance the calibration capabilities at Vectoflow, widen sup-
port for various sensor types, and improve the reliability and transparency of the measure-
ment process.
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2. Main

2.1. Theory

2.1.1. Calibration and Setup

Calibration is defined as the comparison of the pressure measurement of a device under
test (DUT) to a reference standard. In the scope of the thesis, the DUT will always be
a pressure sensor. The calibration procedures must adhere to national and international
standards to ensure measuring instruments remain within specified tolerances of their
manufacturer’s accuracy [1].

Figure 1 presents a simplified sketch of the existing setup and the contributors to the mea-
surement uncertainty. The calibration setup consists of the sensors, which are connected
to the MENSOR CPC 6050 with a tube system and are then pressurized by the refer-
ence device. Then, the measurements are recorded using the same reference device and
provided to the LabVIEW workflow.
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| Temperature | | Humidity |

Reference Ermr| | Hysteresis | | Zero Deviation

Reference device
CPC 6050 <::Tu be Ez.rstem::> Sensor-System

Repeatability | Reproduceability

¥

QOutput read into <—| _
LabVIEW Resolution

Figure 1 Calibration Setup with respective measurement uncertainty contributors. Marked in red
are environmental conditions, which do not contribute to the measurement uncertainty but need
to be stable for a successful calibration.

2.1.2. ISO/IEC 17025 and DKD-R 6-1 Guidelines

As the introduction mentions, some guidelines and requirements must be followed dur-
ing calibration to be considered traceable and reliable. One of those is the DKD-R 6-1
(Deutscher Kalibrierdienst), which is used as a guideline for DAKKS accreditation. Fur-
thermore, for the aerospace industry, the calibration process must adhere to the ISO/IEC
17025 norm. Which also has its own requirements for traceability and accuracy. In the
following section, the two guidelines shall be explained.

DKD-R 6-1: Within the scope of this thesis, the DKD-R 6-1 (2016) will be used as a
guideline, because the total calibration will be DAKKS accredited, for which the DKD-R 6-1
is used as a guideline. One of the main motivations for this was that the wind tunnels at
Vectoflow are already DAkkS-accredited.

Furthermore, the DKD-R 6-1 requires documenting the environmental conditions, i.e.,
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temperature during calibration, outside air pressure, and non-condensing humidity (un-
der 100%). The conditions needs to be recorded, but do not affect the calibration if stable.
However, the documentation of environmental conditions helps to assert whether a failed
calibration was due to unstable environmental conditions or not.

Different calibration sequences are also outlined in the following table 3.

Criteria Seq. A | Seq. B | Seq. C
Target uncertainty (% span) <01 |0.1-06| >0.6
Min. number of measurement points 9 9 5
Number of preloadings 3 2 1
Load change + wait time [s] > 30 > 30 > 30
Wait time at upper limit [min] 2 2 2
Measurement series (up) 2 2 1
Measurement series (down) 2 1 1

Table 3 Calibration Sequences according to DKD-R 6-1 p. 12 table 1 [3]

The different Sequence names refer to different measurement uncertainty levels, where
Sequence A is the most accurate and Sequence C the least accurate. Due to the various
criteria that need to be met for each Sequence class. In the scope of this thesis, Sequence
A will be used to get the most accurate calibration results.

Figure 2 illustrates the full calibration sequence structure, including preloadings, upward
and downward series, and the required dwell times.

Sequence A
1 max.
load

2 minutes
<>

t %

I— zero setting

~V

—— preloadings M1...M6: measurement series

Figure 2 Visualization of the calibration sequence A (p. 13 [3])
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The number of measurement points has to be equally distributed. As shown in Figure 2,
the pressure increases from the lowest pressure point to the highest during the upward
measurement series, and then decreases from the highest to the lowest pressure value
during the downward measurement series.

Preloadings refer to full-scale pressure cycles applied before the actual calibration to sta-
bilize sensor response. In the figure 2, these are visible at the beginning of the sequence.
Before starting the actual calibration, the DUT has to go through between 1 and 3 preload-
ings, depending on the sequence class. This ensures the repeatability and stability of the
measurements. Following the preloading, the reference reading is set to zero.

To ensure each measurement is stable and reliable, a waiting time of at least 30 seconds
must be observed after each pressure change. This allows the sensor to settle before a
value is recorded. In addition, when the maximum pressure is reached, the pressure must
be held for at least 2 minutes before continuing with the downward series. This helps to
account for pressure creep and ensures more consistent results (p. 12 [3]).

ISO/IEC 17025:

A fundamental requirement in calibration and metrology is compliance with ISO/IEC 17025,
the international standard for the competence of testing and calibration laboratories. This
standard provides a general framework to ensure the validity and traceability of measure-
ment results.

Key principles of ISO 17025 include:

Documenting and quantifying measurement uncertainty.
Ensuring traceability to national or international standards.
Maintaining environmental control during measurements.

Using traceable instruments.
In the context of this thesis, several measures were taken to align with ISO 17025:

All input quantities (e.g., pressure, voltage) are provided exclusively in Sl units (e.g.
Pascal, Volt), ensuring traceability.

The calibration setup relies on DAkkS-accredited equipment (e.g., pressure controller
CPC 6050).

Although environmental parameters such as temperature and humidity are not logged
dynamically in this setup, their stability was ensured during all calibration procedures.

These steps help meet the traceability, uncertainty evaluation, and documentation require-
ments outlined in ISO/IEC 17025 [2].
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2.1.3. Sensors and Hardware

The calibration setup used in this study is centered around the MENSOR CPC6050 Preci-
sion Pressure Controller, a high-accuracy instrument designed for calibrating low- and
medium-range pressure transducers. The CPC6050 allows for precise pressure gener-
ation and regulation, offering an accuracy up to +0.008% Full Scale. It is used as the
reference pressure generator throughout all calibration procedures.

Pressure Sensors

The calibrated sensor is called DUT (Device under Test). Two different types of pressure
sensors were considered for use: absolute and differential.

Absolute pressure sensors measure pressure in relation to a vacuum, while differential
pressure sensors measure the difference in pressure between two chambers. This differ-
ence makes differential pressure sensors unaffected by changes in atmospheric pressure
[12]. The created workflow is able to work with both sensors.

Two different types of pressure sensors will be used in the calibration setup. The main
difference lies in how the signal is put out. This also changes how the uncertainties are
calculated.

Analog sensors output a voltage, e.g. between 0 and 5 Volts, corresponding to a specific
reference pressure. For analog sensors, the uncertainty contributions are calculated us-
ing the product/quotient model (see equation 2.10), which uses relative uncertainty con-
tributions(W). Additionally, the data from an analog sensor must be read using a Data
Acquisition System (DAQ).

Digital sensors, on the other hand, output directly in a pressure unit, eg. Pascal. Since the
reference and DUT have the same unit, measurement uncertainty can then be calculated
using the absolute relative uncertainty contributions (U).

Analog Sensor Digital Sensor

Output Signal Signal is Voltage corresponding to | Signal is Pressure
pressure level

Uncertainty Calculation model Product/Quotient Model Sum/Difference Model
Uncertainty display Relative (W) Absolute (U)
DAQ required Yes No

Table 4 Analog and Digital Sensor comparison
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2.1.4. Statistical Fundamentals for Sensor Calibration

A clear understanding of key statistical concepts is essential for evaluating measurement
data and uncertainty in pressure sensor calibration. This section introduces the basic
statistical background used in the thesis.

1. Measurement Deviation
The measurement deviation quantifies how much the output of a sensor (Device Under
Test, or DUT) differs from a known reference (see DKD-R 6-1, p.19, eq.(8) [3]):

AIDZZDDUT_]DREF (21)

2. Confidence Intervals and Coverage Factor k.
To express how certain a result is, the measurement uncertainty U is multiplied by a
coverage factor k to get the expanded measurement uncertainty.

A common choice is k£ = 2, which corresponds to a 95% confidence level — meaning the
true value is expected to lie within U of the measured result in 95 out of 100 cases (see
DKD-R 6-1, p. 14 [3]).

3. Sensitivity.
Sensitivity is the ratio between signal change and pressure change. It describes how
strongly the sensor responds to pressure:

_ASignal
~ APressure

In this thesis, sensitivity is obtained via linear regression between reference pressures
and measured signals. The slope of this regression line represents the sensor’s sensitivity
(derived from DKD-R 6-1, p. 25 [3]).

(2.2)

4. Linear Regression.

Linear regression is a statistical method used to model the relationship between two vari-
ables by fitting a straight line to observed data. In the context of sensor calibration, it
quantifies how the output signal changes in response to variations in pressure.

The regression line is typically expressed as [13]:
Y=aX+0 (2.3)
where Y is the measured signal, X is the applied reference pressure, a is the slope

(sensitivity), and b is the offset (deviation).

The slope a indicates how much the signal changes per unit of pressure and is therefore
interpreted as the sensitivity of the sensor. A higher slope corresponds to a more re-
sponsive sensor. In this thesis, the sensitivity is determined by applying linear regression
to the measured DUT output versus the known reference pressure values.
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5. Type A and Type B Uncertainty.

Type A uncertainty comes from statistical calculations (e.g., standard deviation).

Type B uncertainty is based on manufacturer specs, calibration certificates, or assump-
tions (e.g., resolution, zero offset, hysteresis).

(see DKD-R 6-1, p. 16 [3])

6. Combined Uncertainty.

All relevant uncertainty sources — Type A and B — are combined using the root-sum-
square (RSS) method (derived from DKD-R 6-1, p. 14 [3]):

For digital sensors, the absolute uncertainty is calculated:

uc:\/u%—i—u%—i—---—ku% (2.4)

This yields the combined measurement uncertainty u., which is then expanded using the
coverage factor and is calculated in pressure units:

U=k u. (2.5)

For analog sensors, the relative uncertainty is calculated:

wc:\/w%+w§+---—l—w% (2.6)

This yields the combined relative measurement uncertainty w,, which is then expanded
using the coverage factor and is calculated in percent:

W=k -w, (2.7)
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2.2. Methodology

The following section will describe the methods used for the thesis.

2.2.1. Software Tools

Data acquisition is performed via LabVIEW, which directly interfaces with the DAQ system
and pressure controller. Data analysis and uncertainty evaluation are executed in Python
using custom scripts by DKD-R 6-1 guidelines.

LabVIEW:

The NI LabVIEW 2021 32-bit version is used as a program to record the calibration data
from the MENSOR CPC 6050. LabVIEW is a graphic programming environment that uses
visual blocks connected by wires and is widely used in engineering applications.

Python:

Python is used for reading data, uncertainty analysis, and plotting. The decision to use
Python in post-processing stems from the need for automation, which is easier to imple-
ment in Python. Moreover, Python offers greater user-friendliness than LabVIEW, as it is
more widely known at Vectoflow.

External Python libraries, such as numpy 1.26[14], pandas 1.5.3[15], matplotlib 3.7.1[16],
and the internal company library vector-read-write, were used. These older versions
were chosen to ensure compatibility with Python 3.9 (32-bit) and the vector-read-write
module.

The Python and library versions were explicitly selected for compatibility with the existing
LabVIEW setup. Additionally, the Python script was executed in a virtual environment
to manage these library dependencies and to isolate the Python tool from the system
environment.

IDE and GIT:

The integrated development environment (IDE) used for most software development was
Visual Studio Code, which supported efficient code editing and debugging. Version control
was managed with Git to track changes and roll back to previous working versions.

2.2.2. Data Processing

The target for the data processing was defined as using the Calibration Data for an au-
tomatic uncertainty calculation in Python. The data itself was given as a CSV file. The
dataset included units, values, and data types that were verified to be valid. Additionally,
the number of measurement series was confirmed to be four, consistent with Sequence A
from the DKD-R 6-1 guideline.

There were multiple solutions at hand to get the data. One used a Pandas Dataframe
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to read from the file, and the other used an internal tool in the company to get the data.
Furthermore, how to process the data had to be decided. Divide it into a measurement
series first, and then process it or read the sensor data at once.

The solution chosen at the end was to read the calibration data with the internal tool
and divide the Calibration data into sensors (Device under Test) and then further into
measurement series. The raw calibration data is given via I12C/SPI for a digital sensor in
Pascal or as a voltage for analog sensors. Both values are read into LabVIEW. Multiple
data points are measured per pressure level, and then those different measurement series
are exported into a comma-separated value file and saved locally. Then the CSV file is
read into the Python routine using an internal library. After that, the data is processed in
the uncertainty analysis Python package, and then the processed data is exported.

2.2.3. Uncertainty Analysis

The task was to read in calibration data from the calibration setup and automatically per-
form the uncertainty analysis, which includes uncertainty contributors and other related
values, to be calculated automatically and exported as a comma-separated values (CSV)
file. The package should be in Python and callable with a VI (function) in LabVIEW. So
the user only has to input the data for the calibration and where the user wants the data
exported.

Measurement uncertainties were evaluated in accordance with the procedure outlined in
the DKD-R 6-1 (p. 26 [3]).
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The following table 5 summarizes the contributing factors to the measurement uncer-

tainty.

Uncertainty
Contributor

Type

Explanation and Relevance

Reference Stan-
dard Uncertainty

From the DAKKS certificate of the reference device
(e.g., CPC6050). Represents the traceable uncer-
tainty of the calibration device. In this application,
given as 0.01% FS.

Resolution

Smallest detectable change in DUT output. Deter-
mined by output precision: In the existing routine
10-% = 0.000001.

Repeatability

Standard deviation of repeated measurements un-
der identical conditions. Reflects short-term noise.

Reproducibility

A/B

Variations across different setup environments (e.g.
location or mount changes). Reproducibility is irrel-
evant for the current setup, because the sensor is
not calibrated with multiple mounts.

Zero Offset

Deviation at zero pressure due to aging, initial er-
ror, or drift. Significant in absolute or low-pressure
Sensors.

Hysteresis

Difference in sensor output when approaching
pressure from increasing (upwards series) vs. de-
creasing (downwards series).

Table 5 Uncertainty Contributors in Pressure Sensor Calibration
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2.2.4. Calculations
In the following section, the calculations that were later implemented in Python shall be
described and explained.

Sum/Difference Model (e.g., pressure deviation)
The Sum/Difference Model applies to measurements of sensors with the same measure-
ment unit and reference unit. This is specifically the case for a digital sensor (see DKD-R
6-1, p.15, eq.(2) [3]):

N

Ap = Dbisplay — Pavg 1 Z opi (2.8)

=1

This simplifies to the following equation, as no correction term is applied:

Ap = Ppisplay — Pavg (2.9)

Product/Quotient Model (e.g., transfer coefficient)

The product model is used for analog sensors. The transfer coefficient S' is calculated by
dividing the measured output voltage by the product of the gain G, supply voltage Usyppiy,
and the applied reference pressure (derived from DKD-R 6-1, p.25, eq.(16) [3]):

UOutput
S = 210
G- USupply * Pref ( )

This simplifies to the following form because the measured output already includes G and
Usupply:

S = Uoutput (2.11)
Dret

Mean DUT value

Tm,; represents the DUT measurement at pressure level j for measurement series m, and
Tm, IS the reference value from the zero-point (which needs to be subtracted to get the
corrected mean value).

Then, the mean values are computed as follows (see DKD-R 6-1, p.32, eq.(28) [3]):

_ 1
Pipj =7 > (@myj — Tmo) (2.12)
m=1,3
_ 1
Pdown,j = 7 Z (xm,j - 3Cm71,0) (2.13)
m=2,4
_ P i + Piown.i
Proanj = w (2.14)

Here:
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[ = % is the number of up/down measurement pairs,

n is the total number of measurement series.

Uncertainty Rectangular Distribution

This formula calculates the standard uncertainty «(z) assuming a rectangular (uniform)
distribution, where all values within the interval [x_, 2. | are equally likely (see DKD-R 6-1,
p.17, Table 2 [3]):

a Ty — T
u(z) = 7 where a = —5 (2.15)
Uncertainty Normal Distribution
This equation calculates the standard uncertainty when the underlying distribution is as-
sumed to be normal, and « is the half-width of the confidence interval (see DKD-R 6-1,
p.17, Table 2 [3]):
(2.16)

u(zx) = g

Resolution

The resolution r is defined as the smallest change in a measurement that can be reli-
ably displayed. It is given as 10~¢ based on the raw calibration data. However, a case
distinction must be made between analog and digital sensors.

For digital sensors, the uncertainty contribution is calculated by dividing the resolution by
the square root of 3, assuming a rectangular distribution (see DKD-R 6-1, p.17, Table
2 [3]):

u(r) = 7 (2.17)

In the case of analog sensors, this uncertainty must be expressed relative to the mea-
sured pressure value of the device under test (DUT). The resulting relative uncertainty
contribution is given by (see DKD-R 6-1, p.27 [3]):

T

wir) = (2.18)

Zero Point Deviation

The zero deviation f; is defined as the maximum absolute difference between the up and
down series at the zero reference point, across all measurement cycles (see DKD-R 6-1,
p.29, eq.(24) [3]):

fo = max (|25 — 275 (2.19)

Repeatability
Repeatability " is calculated from two complete measurement cycles. It is defined as the
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maximum absolute difference between the corrected second and first measurement cycle
for both up and down series (see DKD-R 6-1, p.28, eq.(25) [3]):

bup = |(zms — 2m30) — (2wt — T )] (2.20)
bown = | (Tmas — Tma0) — (Tm2 — Tm1,0)] (2.21)
binex = max (b, Boun) (2.22)

Hysteresis
The hysteresis at each pressure point is the mean of the absolute differences between the
corrected up and down values over all cycles (see DKD-R 6-1, p.28, eq.(27) [3]):

1 n
hmean,j = E Z |<ZL"?3W“ - ‘T;IE) ‘ (2.23)
=1

Reproducibility

Reproducibility refers to variation between different mountings or repeated calibrations
of the same sensor. In this setup, reproducibility is not considered, since each DUT is
calibrated only once without repositioning.

Uncertainty Contributors

The values fy, h, and b/, are then further calculated into the uncertainty contributors
using coverage factor k£ = 2 and the square root of 3 as the dividing factor, resulting in the
following equation for digital sensors (see DKD-R 6-1, p.27 [3]):

u(z) = % : @)2 (2.24)

For analog sensors, the value is just divided by the measured pressure value of the DUT
(see DKD-R 6-1, p.27 [3]):
1 1 /N2
— — ., /= (= 2.25
we) =53 (2) (2.29)
Absolute Measurement Uncertainty

The absolute measurement uncertainty for digital sensors is calculated by combining all
uncertainty contributors:

wi = \Ju + 1+ u(fo)? + u(®)? + u(h)? (2.26)

Absolute Expanded Measurement Uncertainty

U=2 u (2.27)
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Relative Measurement Uncertainty
For analog sensors, the relative measurement uncertainty is computed instead:

wi = (w2 + wl+ w(fo)? + wl)? + w(h)? (2.28)

Relative Expanded Measurement Uncertainty

W =2 (2.29)

Delta Sensitivity
Deviation between one-point sensitivity S’ and the sensitivity measured at each pressure
level (derived from DKD-R 6-1, p.47, Table D3 [3]):

AS =8 -8, (2.30)

Single-Figure Sensitivity
Average of all sensitivities, where \S; is the sensitivity at one pressure level calculated as
DUT _value / Ref_value (derived from DKD-R 6-1, p.47, Table D3 [3]):

1 &
_ 2 . 2.31
S - ;:1 S; (2.31)

Uncertainty of Sensitivity U(S;)
The uncertainty of the sensitivity is calculated by multiplying the relative expanded mea-
surement uncertainty with the sensitivity per pressure level (derived from DKD-R 6-1, p.47,
Table D3 [3]):

U(Ss;) =W -|5j] (2.32)

Maximum Sensitivity Error Span U’
The maximum error span is then calculated by adding U(S;) and the deviation AS (de-
rived from DKD-R 6-1, p.47, Table D3 [3]):

U =|AS|+U(S;) (2.33)

2.2.5. Plotting and Curvefit
Curvefit

A linear curve fit was chosen to extract correlation coefficients and standard deviations.
This method was selected because it directly shows whether the calibration behaves lin-
early across different reference pressure levels. Ideally, the correlation coefficient R is 1.
As the value decreases, linearity worsens, indicating poorer sensor performance. This
makes the linear fit a simple and effective way to assess calibration quality.
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Plots

To support DKD-R 6-1-compliant calibration evaluation and internal quality assessment,
selected plots are generated within the uncertainty analysis package. These graphics
complement the numerical uncertainty analysis and make the calibration validation eas-
ier.

Linear Regression DUT/REF: Used to assess the linearity of the DUT response across
the pressure range. A linear curve fit provides insight into slope (sensitivity), offset, and
correlation. This enables both visual and numerical assessment of non-linear behaviour
in the sensors. This plot enables an easy check for the success of the calibration.

Measurement deviation with expanded measurement Uncertainty: Displays calcu-
lated deviation values and expanded measurement uncertainty for digital sensors. For
analog sensors, the sensitivity deviation and the uncertainty of the sensitivity are plot-
ted. This is essential to evaluate compliance with sensitivity and deviation tolerances
defined by DKD-R 6-1 guidance.

Measurement Deviation A P with Min—Max Scatter: Used to visualize individual devi-
ation series and highlight pressure point scatter. This helps identify repeatability issues
and assess conformance to full-scale deviation limits. This plot is required for internal
quality assessment.
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2.3.

Implementation

In the following section, the implementation shall be described with an emphasis on the
software and the testing thereof.

2.3.1. Input and Output variables
The flowchart figure 3 displays the inputs and outputs of the post-processing tool. The
Python uncertainty analysis package is connected to a LabVIEW interface with a wrapper
file in Python. Which, when called by LabVIEW, executes the uncertainty analysis with the
displayed inputs and outputs.

Path to calibration

v

data

Y

Path to wrapper.py

Path to Python.exe

Y

Path to export

Y

location [optional]

Tolerance-limit in
DUT/ Sensitvity unit

Full Scale pressure
Range [opfional]

‘ Error In from 3

LabVIEW

Python uncertainty analysis
package with LabVIEW Interface

EEE—

—

4>{Ermr Qut in LabVIEW

Figure 3 Inputs and Outputs

2. Main
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File Structure divided
into DUT (Sensor)

CSV file with
uncertainty paramters

Deviation Plot DKD
conform

Linear Regression
plot

Min/Max. Deviation
plot [optional]
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Inputs

As shown on the left side of the flowchart, several input parameters are given, where blue
stands for paths, yellow for floats, and red for error propagation:

Path to calibration data: This inputs the location of the CSV file that contains unpro-
cessed calibration data, including the reference pressures and the measurements of
the DUTS.

Path to wrapper.py: This points to the path of the wrapper.py file and runs it, connect-
ing the LabVIEW interface with the Python uncertainty analysis package.

Path to Python.exe: Required to run the Python.exe from the correct environment.

Path to export location (optional): Optional directory where all generated result files
are saved. If there is no input, a default preset path will be chosen.

Tolerance limit in DUT/Sensitivity unit: This float defines the acceptable deviation
range. Given either in Pascal for digital sensors or as Sensitivity (Volt/Pascal) for analog
Sensors.

Full-scale pressure range (optional): If specified, this value is used for the plot to get
the deviation as a percentage of the Full-Scale pressure range.

Error In from LabVIEW: Allows error propagation from earlier LabVIEW errors.

Together, these inputs provide all necessary information for calibrating the post-processing
tool.

Outputs

The right side of the flowchart shows the outputs of the Python uncertainty package:
File structure divided into DUTs: The results are grouped by DUT and stored in a
folder with the DUT number of the sensor.

CSV file with uncertainty parameters: A CSV result file is created for each DUT,
containing different uncertainty contributors and other related numerical outputs.

Deviation plots (DKD-R 6-1-compliant): Include sensitivity plots for analog sensors or
pressure deviation plots for digital DUTs, each with corresponding uncertainty bounds
and tolerance limits.

Linear regression plot: Shows the relationship between reference pressure and DUT
output, used internally for evaluating linear response characteristics.

2. Main 23



Optional min/max scatter plots: Visualize maximum measurement spread per pres-
sure level, provided full-scale pressure range is specified.

Error Out in LabVIEW: Return errors from earlier LabVIEW errors and any error that
might have occurred during the uncertainty analysis.

2.3.2. Software Architecture

Software is divided into three main parts. As shown in the figure 4 below, the program
consists of a LabVIEW function that can be connected to the existing LabVIEW calibration
routine. The LabVIEW function provides all inputs and calls the wrapper.py module, which
connects the uncertainty analysis package and the LabVIEW function, which calls the
uncertainty analysis package. The uncertainty analysis package does all the calculations
and generates all of the results.

LabVIEW VI Runsg uncertainty :
(Inputs file location | —_ 3N ol \weapperny | analysis package—> , oo ANy

of calibration data) | Unetion in wrapper in Python Analysis package

Figure 4 Flowchart of the software architecture with the three main components

Python Architecture

The task was to program a package in Python that calculates the different uncertainty
contributors, expanded relative and absolute uncertainty, and other related parameters to
automate the calibration. While being DKD-R 6-1 compliant in every module of the code,
for the calculations given by the DKD-R 6-1 earlier. Also, at the end, a Python package
should be created that can be exported and used on any computer.

A modular programming structure was implemented, where each uncertainty contributor
has its own module and follows a functional programming style with primarily encapsulated
functions. This design enhances maintainability and facilitates development, as errors in
one module do not affect the functionality of the entire tool.

A constants module was defined to allow easy modification of key variables. This module
utilized enum classes to store constants, such as the relative uncertainty from the ref-
erence device and the number of measurement series. Therefore, simplifying the code
structure.

Additionally, several helper functions were implemented. For example, one function iden-
tifies the zero index in the measurement series based on the reference pressure, which
is required for multiple subsequent calculations. Another function computes linear regres-
sion parameters used in sensitivity analysis.
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Each uncertainty contributor’s hysteresis, zero deviation, repeatability, and mean pressure
values were calculated to be fully compliant with DKD-R 6-1, in absolute values for digital
and as a percentage for analog sensors. The other uncertainty contributors, resolution
and reference device uncertainty, were calculated relatively for each pressure level, and
the expanded relative uncertainty was calculated from there in the uncertainty module of
the package.

The Python package structure is shown in figure 8:
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Figure 5 Schematic of the structure of the Uncertainty analysis package workflow.

IF Analog Sensor; Uncertainty rel W

After being read into the package, the raw calibration data is checked for completeness
and data integrity for both sensor types in the read_csv.py module. The data is divided by
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DUTs and measurement series, which are automatically detected. Afterwards, these mea-
surement series are called by multiple calculation modules. The module mean.py, which
calculates the zero-point corrected mean value across a DUT.The modules hysteresis.py,
repeatability.py, and zero_dev.py calculate the uncertainty contributors as mentioned in
equations 2.14-2.18. After the computation, these values and constant uncertainties from
constants.py are read into uncertainty.py and divided by distribution type (A factor of three
for a rectangular distribution, or two for a normal distribution). Following this, either the
relative measurement uncertainty contributors are calculated for analog sensors or the
absolute measurement uncertainty contributors are calculated for digital sensors. Then
the calculation is divided by sensor type. Analog Sensor data goes to the sensitivity.py
module, where the sensitivity parameters are calculated as mentioned in section 2.2.4
and then are provided to the output_export.py. The uncertainty parameters are recorded
in a CSV file in a company internal format for both sensor types. Additionally, the data also
goes to the plots_output.py module. This module generates the plots from the provided
data and outputs them as PNG files.

The documentation was built with the Sphinx library [17], which takes information from
docstrings written for every function. The docstrings are structured into inputs, outputs,
and datatypes, then written into an HTML file.

The build library in Python was used to export the package. That created a wheel that
another user can pip install and use via importing "pressure_sensor". Then, in Python,
call python wrapper.py ‘c:tocalibration_data.csv

The README file gives instructions on how to set up the Python package. Due to com-
patibility issues between the existing LabVIEW setup, Python version 3.9-32-bit must be
installed. The program can then be run using a local Venv (virtual environment). After-
wards, internal wheels can be installed for error handling, and a special layout for the CSV
file will be generated. Then the package uncertainty_analysis_python for both sensor
types can be installed.

An issue arose because the existing LabVIEW version was only compatible with Python
version 3.9.0, 32-bit. A wheel was created to make the package usable on another com-
puter, the paths and imports from local to global were changed, and Python was callable
from LabVIEW. To solve those issues, a Python module called wrapper made the package
callable from LabVIEW. Another issue was correctly importing and structuring the module
to be called on any computer, and installing the package. Therefore, the imports had to
be changed from absolute to relative imports, and the wrapper function was moved out of
the package to maintain user-friendliness.
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LabVIEW Architecture

A LabVIEW VI (Virtual Instrument) embedded in the existing calibration routine that calls
the Python-based uncertainty analysis tool was created.

Two implementation options were considered: a LabVIEW class or a LabVIEW VI (similar
function). The latter was chosen because the VI was simpler to implement and could
be easily integrated into the existing calibration workflow. The VI was packaged into a
LabVIEW library to protect the core logic. This ensures it can be reused independently
and prevents accidental modification by end users.

The VI serves as a modular wrapper that forwards all required parameters to a Python
method and executes the post-processing routine. Once called, the Python backend per-
forms the uncertainty calculation, generates result plots and tables, and stores them either
in a user-defined directory or a default location. The VI is designed for minimal user inter-
action and smooth automation within the LabVIEW-based calibration interface. Moreover,
LabVIEW also outputs a zero for success or an error if the calibration fails.

Some problems encountered include graphical programming in LabVIEW, which differs
significantly from traditional development environments. The main challenge was estab-
lishing a reliable connection between LabVIEW and Python using the wrapper.py module.
Special attention had to be paid to path formatting, interpreter compatibility, and system
execution handling.

2.3.3. Testing and Verification
A multi-layered testing approach was used to verify the functionality and correctness of
the software, including artificial calibration data, unit tests, and integration tests.

Synthetic calibration data

Two synthetic datasets were created since no real calibration datasets were available
during development. One dataset contained data for a single DUT to allow for faster
testing, while the second included multiple DUTs to verify the handling of multiple inputs.

The datasets were modified to have both valid and invalid data. Invalid entries, such as
missing headers or incorrect data types, were deliberately used to check the robustness
and error handling of the software.

Unit testing

Every function was tested independently to verify that all parts of the software tool work
correctly. The pytest [18] framework was used for these unit tests.
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Tests are based on manually created datasets that mimic valid calibration scenarios and
intentionally invalid inputs. The tests check each function’s robustness, including faulty
data such as missing values.

Example Test

The following unit test provides a simplified example that runs the function calculate_-
zero_deviation_multiple_cycles with simplified test data and uses assertions to check if
the output matches the expected results.

def test_single_cycle_correct_deviation():
# ref has zero at index 2
ref = np.array([5, 1, 0, 2])
up = np.array([10, 12, 20, 15])
down = np.array([8, 11, 25, 13])
matrix = np.column_stack((ref, up, down))

result = calculate_zero_deviation_multiple_cycles(matrix)

assert "fO_max" in result

assert '"cycles" in result

assert len(result["cycles"]) ==

assert result["fO_max"] == 5 # 25 - 20

Furthermore, an important technique called mocking was used to simulate external de-
pendencies, such as functions and inputs. Mocking allowed these tests to run indepen-
dently, making each function testable. Furthermore, many tests explicitly use assert state-
ments, simple checks verifying that the code output matches expected results.

Additionally, test coverage was measured using the coverage library [19] to identify any
untested parts of the code. In figure 6 below, an example output of a coverage report
is displayed, which shows which lines of code were covered by the tests. In the figure 6
below is an example output of a coverage test report.
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PS C:\Users\Raed\Thesis Raed\Pressure-Sensor-calibration> coverage report
Stmts i

src\pressur: .

src\pressure_sensor\constants.py

src\pressure_sensor\helpers.py
sor\hysteresis.py

201, 222, 246-247, 280-284, 296-305
105, 109-110, 140, 151-165, 213-214, 217-218, 226-227, 233-234, 313-314, 386-400, 412-420
src\pressur 50 | cs , 71, 78, 158, 173-193
src\pressure_sensor\rel_uncertainty.py 6 5 6, 115-116, 196-197, 221, 225-241
src\pressure_sensor\repeatability.py 6 73-92
ensor\sensitivity.py 6 101-136, 140
zero_dev.py 6 52-72

tests\test:hysteresis.py

tests\test_mean.py

tests\test output export.py
t_pl

_output.py

tests\test:repgatability.py
tests\test_sensitivity.py
tests\test wrapper.py

0

0-71, 115, 122-129

Figure 6 Coverage test report of uncertainty analysis package

This testing approach ensured the software handled errors gracefully and made the code
easier to develop and maintain. Through these tests, any errors introduced during changes
in the code could be identified and located more easily, saving time in debugging.

Integration Tests

Integration tests were performed to evaluate the Python-LabVIEW Software tool as a
whole. This means that the whole setup was called via LabVIEW. The synthetic calibration
data was processed, and the tool generated the uncertainty contributors and various plots.
This was done on the development device and a test rig computer to ensure consistency
in the results with different virtual environments.

2.4. Resulis

2.4.1. Automated Output and Workflow Integration

The developed software enables a fully automated calibration output process. Once ini-
tiated via a LabVIEW virtual instrument (VI) through a system call, the Python routine
autonomously performs all required calculations and data processing steps. For each
Device Under Test (DUT), a CSV file is generated that contains all relevant uncertainty
contributors, as well as regression results such as sensitivity and offset. In addition to nu-
merical output, the routine produces DKD-R 6-1-compliant result plots (e.g., linear curve
fit and deviation diagrams) in a PNG image format, which are saved alongside the data.
Each DUT has a separate folder containing one DUT.
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The system is designed to support multi-sensor calibration, allowing multiple DUTs with-
out additional user input. After the initial trigger, the routine runs entirely without human
interaction. The generated data is structured to meet the documentation requirements for
DAKKS calibration certificates.

2.4.2. Export files
The output CSV file contains all calculated uncertainty contributors and regression results
per pressure level.

Table 6 provides an overview of the column structure and their descriptions:

Table 6 CSV export column fields with their respective description.

Label [Unit] Description

Idx [-] Measurement index

REF [Pa] Nominal pressure from reference device
DUT [Pa] Output signal measured by DUT (Device Under Test)
AP [Pa] Difference between DUT and reference
U, [Pa] Uncertainty from resolution (absolute)
Uyrey [Pa] Uncertainty from reference device

Uyo [Pa] Uncertainty from zero offset deviation
Uy [Pa] Uncertainty from repeatability

Uy, [Pa] Uncertainty from hysteresis

Utot [Pa] Expanded total uncertainty

w? [Pa?] Variance of uncertainty

Sens. [Pa/Pa]  Regression slope

Offset [Pa] Regression offset
StdDev [Pa] Standard deviation of residuals
R[] Correlation coefficient (dimensionless)

An example output from a DUT calibrated against the reference device CPC6050 is shown
in Table 7.
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Table 7 Example Measurement Data: DUT 1, Reference Device CPC6050

ldx REF DUT AP U, Urey Uyo Uy Uy Utot u,v;-z Sens. Offset StdDev R
0 -1000.53 -1008.19 -7.66 1e-6 0.0001 0.2690 8.5566 4.4216 19.2706 92.8390 1.0032 -2.3074 1.7266 0.999998
1 -49943 -501.50 -2.07 1e-6 0.0001 0.2690 29910 24543 7.7568 15.0419 1.0032 -2.3074 1.7266 0.999998
2 0.50 -0.211  -0.711 - - - - - - — 1.0032 -2.3074 1.7266 0.999998
3 500.43 499.61 -0.816 1e-6 0.0001 0.2690 0.1100 0.2911 0.8228 0.1692 1.0032 -2.3074 1.7266 0.999998
4 1000.43 1000.16 -0.272 1e-6 0.0001 0.2690 0.1036 0.0283 0.5794 0.0839 1.0032 -2.3074 1.7266 0.999998

Measurements of reference values at five different pressure levels and the measured DUT
value are shown. The measurement uncertainty is absolute because the input is from a
digital sensor (from the DUT unit Pascal). For analog sensors, the output differs; instead
of absolute measurement uncertainties, the values are relative to the DUT output, and
sensitivities mentioned in the calculations section are displayed as well. Furthermore, the
expanded measurement uncertainty of the sensitivity and the sensitivity’s error span are

also shown.

The linear fit plot figure 7 displays the linear curve fit of the calibration data as DUT value
over reference pressure, as well as statistical parameters for the data. The higher the
correlation, the better the sensor, allowing for the assessment of sensor linearity visually
and numerically.
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DUT _1 Linear Fit with Sensitivity

1000 1 @ Measurement Data

—— Fit: y = 1.0032x + -2.3074
750
500 -

250 A

—250 A

Mean DUT Value [Pa]
o

—500 +

=750 A

—1000 4

sensitivity (a): 1.003208 Pa/Pa
offset (b): -2.307448 Pa
std_dev: 1.726610 Pa

correlation Coefficient r: 0.999998

—-1000 -750 -500 -250 0 250 500
Reference Pressure [Pa]

Figure 7 Linear curve fit plot of a digital sensor. The blue dots show the measurement data, while

the red line is the resulting linear curve fit. The fitting parameters and the correlation coefficient

can be seen in the table on the top right of the plot.

The figure 8 shows another plot that is generated. This plot is needed for the calibration
certificate and either displays expanded measurement uncertainty and deviation in Pascal

for digital sensors, as shown in the graphic below, or displays measurement uncertainty

of the sensitivity for analog sensors.
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DUT _1 - Measurement deviation AP with absolute uncertainty
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Figure 8 Example of a DKD-R 6-1 conform uncertainty deviation plot. That is generated by the
implemented tool. The blue dots show the average measurement deviation per pressure level,
while the black error bars show the expanded measurement uncertainty span. The red dashed
line shows the tolerance limit in Pascal.

The figure 9 shows the deviation and tolerance limit as a percentage of the sensor’s Full
Scale and plots every measurement point. Allowing for an assessment of whether any
measurement point or series had a significant deviation. Therefore, allowing an easy
visual quality assessment.
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DUT _1 - Individual AP Scatter with Min-Max Bars
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Figure 9 The plot shows the tolerance limit and deviation as a percentage of the sensor’s
full-scale range. The plotting of each measurement point and series allows for assessing the
quality of the calibration.
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3. Conclusion and Outlook

3.1. Conclusion and Critical Reflection

3.1.1. Conclusion

This thesis aimed to develop an automated software tool for the uncertainty evaluation of
pressure sensors in compliance with the DKD-R 6-1 guideline and ISO/IEC 17025, and to
compute calibration coefficients. The tool was implemented using Python for the backend
processing and LabVIEW for frontend interaction, enabling seamless integration into the
existing calibration routine at Vectoflow.

The resulting software tool successfully automates key steps in the uncertainty analysis
process, including repeatability, hysteresis, and zero deviation calculation. Eliminating
manual calculation steps significantly reduced time spent on calibration, increased the
consistency of the results, and improved traceability by eliminating human errors from the
uncertainty calculations.

3.1.2. Critical Reflection
However, some limitations need to be discussed to critically evaluate the scope and per-
formance of the developed software tool.

A central limitation lies in the uncertainty analysis framework itself. The tool was developed
strictly in compliance with the DKD-R 6-1 guideline, which mandates the use of determin-
istic methods such as the root-sum-square (RSS) model for combining uncertainties. As
a result, more advanced approaches such as Monte Carlo simulations (MCM), which are
gaining relevance in modern metrology, could not be implemented. Monte Carlo meth-
ods allow for more realistic modeling of uncertainty, especially in complex or non-linear
systems.

Another technical limitation was the existing LabVIEW infrastructure at Vectoflow. To en-
sure compatibility with the LabVIEW Python Node, the software had to be developed and
tested using Python version 3.9, 32-bit. This restricted the choice of external libraries and
required careful management of dependencies, particularly when packaging the software
for portability.

Additionally, although the tool was thoroughly tested using synthetic calibration data and
a comprehensive unit test suite, further testing is necessary to cover more edge cases.

3.2. Outlook

Figure 10 presents an overview of the complete calibration process.

3. Conclusion and Outlook 36



LabVIEW inputs :> Python Post )
Processing

Figure 10 The figure shows the end-to-end calibration sequence: existing components are
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marked in blue, implementations completed during this thesis are shown in green, and potential
future extensions are highlighted in red.
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The components marked in green were implemented as part of this thesis. Preexisting
modules are highlighted in blue. Components marked in red represent potential future
extensions.

An automatic generation of calibration certificates based on the Python post-processing
outputs will be created in the future. Since the current implementation already computes
all values required for certificate creation, this step could be realized by integrating a
LaTeX-based reporting system. The LaTeX script could be invoked directly from Python,
enabling fully automated, DKD-R 6-1-conform certificate generation. Once verified, this
would allow the complete calibration workflow to be DAkkS-accredited.

The tool's modular structure and consistent performance provide a solid foundation for
extensions, such as certificate or full workflow automation. These additions have the
potential to transform the system into a fully digitalized calibration solution for industrial
applications.
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