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Abstract. Industrial X-ray computed tomography is a technology that is able to
measure inner and outer features at once. This fact leads to an increasing interest for
the application in the context of dimensional metrology. In order to evaluate the
quality of a measurement, the task specific measurement uncertainty has to be
determined. Currently, VDI/VDE 2630 part 2.1 gives a guideline to determine the task
specific measurement uncertainty with a large number of experimental repetitions and
a calibrated workpiece. Thus, current research aims to determine this measurement
uncertainty numerically using simulations. To achieve this, all relevant factors
influencing a measurement and their impact on the specific measurand have to be
investigated.
One of these influencing factors is the image noise originating from different
sources within the measurement chain. In this contribution, we will analyse how
different noise levels, given as signal-to-noise ratios (SNR) at the maximum intensity
of a free beam, will influence the measured geometry of a scanned part. The local
statistical behaviour of the measured surface is determined from measurement
repetitions (simulations with aRTist 2.12 (BAM, Berlin)), followed by a dense
geometric sampling of each surface, using the discrete uncertainty framework
developed at FMT. This method allows us to make locally resolved statements about
the measurement uncertainty at arbitrary surface points without the need for specific
dimensional measurands and is therefore well suited for the evaluation of the
propagation of projection noise through the complete measurement chain.

Introduction
X-ray computed tomography (CT) is an imaging technique that is based on the measurement
of the interaction of radiation with matter [1]. Because it is able to detect inner and outer
features at once, this method is applied in non-destructive testing and in dimensional
metrology [2]. For an accurate and reliable measurement, the traceability to the meter (SI
unit of length) is an important key factor. To achieve this, the determination of the task1
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specific measurement uncertainty is essential [3]. Currently, one focus of research and of the
corresponding industry is the evaluation and determination of the task-specific measurement
uncertainty using simulation with the aim to apply this method in quality control for example
in the automotive industry [4,5]. VDI/VDE 2630 part 2.1 gives a guideline to evaluate the
task-specific measurement uncertainty by conducting repeated measurements of a calibrated
workpiece with a CT system [6]. However, in times of industry 4.0 and thus digitalisation,
the determination of the measurement uncertainty is aimed to be done by simulation as it is
time and cost effective. The guideline mentioned above describes the implementation of the
substitution method for CT measurements. The radiographic simulation can be used as one
solution for this substitution [6,7]. To achieve the application of simulation as a tool for
evaluating the measurement uncertainty, all influencing factors to a CT measurement and
their impact on the measurands have to be determined and evaluated [6].
Image noise is a well-known factor that has to be considered when determining the
measurement uncertainty [4]. According to [4] most research focuses on the topic of how
noise can be measured and how noise can be reduced (e.g. see [8–10]). However, some
studies have investigated in a first step to what extent noise contributes to the measurement
uncertainty. Müller et al. [11] investigated the influence of noise and resolution to
dimensional measurements. Matern [12] as well as Hiller and Kasperl [13] discussed the
influence of projection noise on dimensional measurands.
With this contribution we want to investigate how different projection noise levels influence
individual surface points through a complete measurement chain of a dimensional
measurement with a virtual copy of the CT system (used at the FMT) using the discrete
uncertainty framework developed at FMT. We also want to show to what extent the discrete
uncertainty of the surfaces of the simulated volumes deviate from the discrete uncertainty of
the surface of the volume measured with a comparable real CT system.
1. Method and Material
For this simulative study we varied both the signal-to-noise ratio (SNR) and the material of
the test specimen respectively. The SNR is given as a SNRmax to the simulation software at
the free-beam maximum grey level intensity (Imax = 60000, resolution 16 bit) at the detector.
The local SNR for each pixel scales according to [1] with the square root of the intensity.
This method was used as the intensity reaching the detector is not homogenously distributed
over each pixel for a cone beam CT. This implementation is typically for image noise [14]
and leads to a root-shaped curve without any additional constant noise factors. Figure 1
illustrates three possible ways to implement the SNR with regard to the increasing energy
density. The implementation of a realistic SNR curvature is difficult, as different noise
factors, like electrical noise or thermal noise have to be considered as well and leads thus to
different curvatures.

Figure 1: Schematic illustration of different approaches to implement a SNRmax 100 to a simulation software with regard
to the energy density.
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The power of the tube, the integration time and the detector response were arranged such that
the grey values reach a maximum of 60000 at a free beam. We simulated nine different
scenarios (3 different materials with 3 different SNRmax) and each scenario was repeatedly
measured 20 times. Every random generator of each simulation was initialised with a
different start value, so that the simulated grey value variations of each simulation are
different.
The parameters of the simulated CT system were leaned on the CT system Zeiss Metrotom
1500, available at FMT, so that we get a first idea to what extent we are able to simulate a
realistic CT scan. Table 1 gives an overview of the used parameters.
Table 1: Parameters used for the simulations

Geometry
Source-Detector
Distance (SDD)
Source-Object
Distance (SOD)
Test specimen:
Material

1375 mm

Detector
Size

270 mm

Pixel size
Projection noise

Multi-feature
specimen
Aluminium (Al,
ρ = 2.6989 g/cm3),
Titan (Ti,
ρ = 4.5 g/cm3),
Plastics (PE,
ρ = 0.95 g/cm3)

Source

2048 px x 2048 px
0.200 mm x 0.200 mm
SNR at Imax:
100, 300, 500

Polychromatic
X-ray spectrum

Al: 140 kVp / 60 µA,
Ti: 200 kVp / 180 µA,
PE: 100 kVp / 720 µA

Pre-filter
Spot-type

Cu: 0.25 mm
Gaussian distributed
with 𝜎 48.9 µm

Figure 2 shows the test specimen that we used for our investigation and a schematic image
of the scenery.

Figure 2: a) Test specimen and b) scenery of the experiments

Every scenario was formulated in a general description framework, the JSON file format
(JavaScript Object Notation), with which a full CT scan can be described. This secures the
reproducibility of the investigations and has the advantage to have a scenario description in
a human-readable and writable as well as a machine-readable and writeable format [15]. The
simulations were then carried out with the CT simulator aRTist 2.12 using a special parser,
which was developed for this file format. The flat field correction of the projections was done
with the CTSimU software toolbox [16] and the subsequent CT reconstruction of the
simulated scan was carried out with the software CERA 6.1.1 (Siemens Healthcare GmbH),
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using standard FDK reconstruction. The surface determination was done with VGStudio Max
3.5 (VGS) (Volume Graphics GmbH) using the ISO-50 local adaptive method. The
measurements were exported as triangles meshes (STL file format) using the “precise with
simplification” setting in VGS.
2. Determination of the discrete uncertainty of a surface from repeated measurements
Instead of evaluating dimensional measurands (e.g., based on Geometrical Product
Specification, GPS), the measurement uncertainty is determined for discrete surface points
with respect to the nominal geometry. Using a simulation environment offers the great
advantage, that systematic measurement errors can be calculated by comparison of the
measurement results with the nominal geometry, because the geometry of the object is part
of the input parameters into the simulation and therefore known beforehand. Of course, this
does not apply for real world measurements, due to deviations introduced by manufacturing.
Additionally, the relationship between the coordinate system of the input geometry and the
measurement system, respectively, is well known, because the placement of the measurement
object inside the measurement volume of the CT is part of the simulation input parameters.
The discrete measurement uncertainty determination1 follows these main steps:
I.
Convert the CAD model of the measurement object (STEP file format) into a triangle
mesh (STL file format), using commercial software (e.g., Inventor 2020). Use this
STL geometry as input parameter for the simulated measurements, such that each
input parameter combination (3x SNR, 3x material, see Table 1) is repeatedly
measured 20 times, resulting in 180 single measurements.
II. Alter the input triangle mesh, such that a homogeneous distribution of triangle edge
points represents its geometry. These points are called discrete (hence the name)
sampling points (SP) and each SP lies exactly on the original mesh (the represented
geometry remains perfectly identical at SP locations, only its structure is altered). We
created2 such a mesh offering a mean triangle edge length of 50 µm (Gaussian
distributed, approx. 6 million triangles).
III. Align the measurements with the nominal geometry. As mentioned above, within a
simulation environment, this step is trivial, but for real measurements, additional
effort is required by means of a registration routine.
IV.
Considering a measurement series consisting of 20 single measurements, determine
the 20 closest hit locations (HL) from each SP to each single measurement searching
in both directions of the vertex normal vector of SP. In other words, shoot a ray from
each SP in both directions of its vertex vector and find the closest intersection with
each targeted surface. Thus, each SP is now associated with 20 HL, from which 20
(signed3) distance values D can be computed. These intersection tests were performed
using GPU acceleration based on the parallel programming model CUDA.
V.
For each SP, calculate the systematic and random measurement errors, Msys and Mrnd,
as the mean value and the standard deviation of D, respectively. The expanded
measurement uncertainty associated with each SP is
𝑈

𝑘 𝑀

𝑀

,

using k = 2.

1

Related publications describing the method in more detail can be found [17–19].
Using own software in combination with the 3D Delaunay Triangulator TetGen [20].
3
The sign is dependent on the normal vector of SP.
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Figure 3: Visualisation of the random measurement error Mrnd (left) and the systematic measurement error Msys (right)
from 20 repeated measurements of “Al-100”. Colour map limits are the upper/lower 0.1 percentiles.

An example showing Mrnd and Msys for the configuration Material Aluminium and SNR 100
(“Al-100”) is given in Figure 3. As expected, sharp edges are rounded, leading to systematic
measurement errors. The random measurement error is mostly homogeneously distributed
over the complete surface.
3. Evaluation of results
In the following, statistical evaluations are used to compare the 9 different measurement
series. Furthermore, a “real” measurement series consisting of 20 measurement repetitions
of the manufactured object (Aluminium) was added (Zeiss Metrotom 1500, VAST scan,
1000 ms integration time, 2050 projections, 150 kVp). This measurement was compared
against a CMM (Coordinate Measurement Machine) reference measurement (Zeiss UPMC),
which was converted into a triangle mesh [21]. The coordinate transformation (registration)
aligning this measurement series with the associated CMM reference measurement was
performed considering all measurements at once (instead of individual registration) using
own registration algorithms4. The following figures show normalised histograms as
cumulative density function estimates. Thus, the x-value at y = 0.5 corresponds to the median
value of a curve. The curves are cut at their 2.5 and 97.5 percentile, respectively, in order to
increase clarity. Solid lines refer to the highest SNR (500), followed by dashed lines (lower
SNR - 300) and dotted lines (lowest SNR - 100).

4
This prevents the compensation of measurement drifts (which are therefore regarded as part in the observed
uncertainty) by the registration routine and can also reduce the method uncertainty of the registration algorithm.
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Figure 4: Comparison of the random measurement errors Mrnd for all SP showing 10 measurement series. Lower SNR
values consistently increase the observed Mrnd. Additionally, lower Mrnd are observed for more dense materials. The
results of the real measurement series lie in between the results of the virtual measurement series with Al SNR 100 and
300.

The cumulative density functions for the random measurement errors Mrnd (absolute values)
are presented in Figure 4. As expected, lower SNR values consistently increase the observed
Mrnd, as the image noise increases with lower SNR. More dense materials create higher
contrasts in the volume data and thus a better contrast-to-noise ratio (CNR). Therefore, the
Mrnd decreases with increasing density. Importantly in that context, the used virtual detector
does not require an optimal intensity window, in which it behaves linearly. The values for
the “real” measurement series lie in between the results of the virtual measurement series
with Al-SNR 100 and 300, but closer to the results of the Al-SNR 300.

Figure 5: Comparison of the systematic measurement error Msys for all SP showing 9 virtual measurement series and 1
real measurement series. Lower SNR values lead to increasing Msys. However, Msys behaves invariant with respect to the
SNR for the Ti series.

Figure 5 shows the cumulative density functions for the systematic measurement errors
(absolute values). As already seen for the Mrnd, the lower the SNR the higher the Msys.
However, Msys behaves invariantly for the measurements with Ti with nearly the same
systematic measurement error. One possible explanation of this behaviour could be the
density of this material and thus the higher achievable contrast in comparison to PE or Al. A
second assumption for this behaviour is due to the implementation of the SNR, as a freebeam SNRmax at Imax. This leads to the fact, that the SNR has less effect to simulations with
Ti than with PE. The “real” measurement series shows the highest Msys and has a higher Msys
6

compared to the counterpart virtual measurements. This difference can be explained due to a
high difference in the virtual copy of the CT system and the simulation of the SNR. In case
of the virtual measurements only the image noise is simulated. Within the real CT system
more factors influence the measurement. The expanded measurement uncertainty increases
with lower SNR and lower material density as illustrated in Figure 6. The highest difference
between the test series of one material is seen for PE. The test series for Ti has nearly no
difference between the different SNRs. The measurement series “Al-ZeissMetrotom”
conducted with a real test specimen made of Al shows the smallest incline but the highest
uncertainty. This is mainly due to the higher systematic measurement error.

Figure 6: Comparison of the expanded measurement uncertainty Uexp for all SP showing 9 virtual measurement series
and 1 real measurement series. Lowe SNR leads to increasing Uexp. The higher the density of the material the smaller
is the deviation between the Uexp of the different SNR.

4. Summary and Outlook
With this contribution, we investigated the influence of image noise on simulated volumes.
We therefore used the discrete uncertainty framework to investigate how the image noise
influences the surface of the volumes in comparison to the nominal geometry. We therefore
conducted a line of test scenarios with different SNRs and different materials of the test
specimen. In order to compare our virtual test setup with a real CT system available at our
institution, we also conducted one test series with the CT system Zeiss Metrotom and used
the same test specimen made out of Al.
The results have shown that the random and systematic measurement errors of the discrete
surface points increase as the SNR decreases, and thus the image noise increases. This
behaviour is due to the fact, that with decreasing SNR the standard deviation of the simulated
grey values of each pixel in the projections increases.
In case of the material Ti, indicate that all discrete surface points of volumes simulated with
different SNRs have the same systematic measurement error. This fact can be described as
the density of Ti leads to higher contrasts in the volume data and thus a better CNR.
The expanded measurement uncertainty for the 9 virtual measurement series, increases with
decreasing SNR. The deviation between one test series of the same material, but deviating
SNR, decreases with an increasing density of the material as the contrast on the projection
increases. The results of the virtual measurement series have shown, that we are able to
illustrate with the discrete uncertainty framework differences in the surfaces of the volumes
when different image noise levels and material densities exist.
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Comparing the results of the virtual measurements with Al and the test series with the CT
system Zeiss Metrotom show that the virtual copy of the CT system deviates. This deviation
can be explained through the implementation of the SNR and the idealised detector setup. In
our implementation, we scaled the SNR with the square root of the intensity and included no
other noise factors, like electrical noise, thermic noise or noise caused by the scintillator, as
they exist in reality. Further research should therefore deal with a close to realistic
implementation of the detector in the simulation and adding besides images noise, other noise
factors as mentioned above.
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