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Abstract

Long synonymous with medical imaging, x-ray computed tomography (CT) is proving its worth
in industrial applications such as material characterization, defect analysis, and dimensional
inspection e.g. of manufactured components. Since 2005, when the first purpose-built industrial
x-ray CT instrument was made commercially available, there have been significant efforts to
understand just how reliable x-ray CT dimensional measurements are. In metrology, the
ultimate measure of confidence is metrological traceability—a clearly-defined but often not
well-understood property of a measurement result. Metrological traceability places
measurements on a comparable scale and provides a quantitative indication of measurement
quality in the form of an uncertainty statement. From a practical perspective, achieving
traceability can be divided into two tasks: (a) ensuring traceability of the scale with which the
measurements are made and (b) assessing uncertainty in the resulting quantity assigned to the
measurand. Based on this breakdown of the traceability problem, we provide a high-level
discussion about traceability of x-ray CT dimensional measurements, review relevant work in
understanding x-ray CT measurement uncertainty, and propose a framework for model-based
uncertainty assessment per the Monte Carlo Simulation method and instrument scale calibration
as a unified approach to traceability.

Keywords: traceability, x-ray computed tomography, dimensional metrology,
uncertainty analysis

(Some figures may appear in colour only in the online journal)

1. Introduction of its dimensional, i.e. length-based, measurements. In dimen-
sional metrology, the tactile coordinate measuring machine
The advent of industrial x-ray computed tomography (CT) (CMM) is seen as a reliable workhorse due to its well-
brought about efforts to understand the accuracy and validity —understood operating principles and the well-established
uncertainty estimation procedures. However, CMMs are
limited by the need to physically probe the measured surface,
" Author to whom any correspondence should be addressed. making the technology unsuitable for non-destructively
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Figure 1. A typical industrial cone-beam x-ray CT instrument, comprising x-ray tube source, sample rotation stage, and x-ray detector.

measuring the complex internal geometries enabled by
advanced manufacturing techniques such as additive manu-
facturing (AM). Non-contact coordinate measuring systems
(CMSs), such as laser scanners, structured light scanners, and
photogrammetry, are also limited in this respect due to the need
for direct line of sight to the measured surface.

1.1. X-ray CT as a dimensional measuring instrument

X-ray CT employs the penetrative properties of x-rays to non-
destructively image inside the measured object. Tomographic
reconstruction—a core element of CT imaging technology—
generates an attenuation map of an object from a set of x-ray
transmission images, i.e. projections, at various perspective
angles of the object. Figure 1 illustrates a typical industrial
cone-beam x-ray CT instrument, comprising an x-ray tube
source, a sample rotation stage, and a flat-panel x-ray detector.
The geometrical configuration of these three components can
typically be adapted using dedicated guideways and motion
axes, for example to enable imaging objects of different shapes
and sizes. Two-dimensional (2D) projections of the object
are acquired at multiple angular positions of the sample rota-
tion stage as it performs a 360° rotation. A reconstruction
algorithm is then applied to the set of acquired projections to
provide a tomographic image of the measured object.

The goal of tomographic reconstruction is to populate
each voxel of the measurement volume with values related
to the x-ray attenuation incurred within the volumetric extent
of the voxel [1]. After acquiring the x-ray projections, the
recorded x-ray intensity in each pixel of the projections is
back projected as a linear trajectory from the corresponding
pixel position on the detector to the x-ray source focal spot
(figure 2). Each trajectory traces a straight path through the
three-dimensional (3D) measurement volume and intersects a
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—

voxels

detector

source measurement volume

Figure 2. The back-projection trajectory from each detector pixel to
the source focal spot intersects the measurement volume. The
attenuation gray value assigned to each voxel in the measurement
volume is determined from the collection of radiographic intensities
whose back projected trajectories intersect that voxel for all angular
positions of the volume.

series of voxels along that path. Attenuation values for each
voxel are calculated from the collection of x-ray intensities,
recorded from multiple perspectives of the measurement
volume as it is rotated about an axis of rotation and whose
back projected trajectories intersect that voxel over all angular
positions of the volume.

While the resulting volumetric attenuation maps provide
users with a visual representation of the measured object, addi-
tional steps are needed to extract dimensional information.
The attenuation map is converted to a 3D surface model by
image-processing operations such as edge-based segmentation
(also referred to as surface determination), in which material
interfaces are specified by a transition between high and low
intensities (large gray value gradients). Surface sampling can
then be applied to the surface model to extract a point cloud of
surface coordinates.
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Generally, a voxel is an abstraction in image processing
that defines a single entry in a regular 3D grid, on which
digital images are represented in computer memory. The grid
is inherently unitless. Hence, the voxel size must be assigned
based on some considerations. The voxel side lengths are
generally given by the quotient of the detector pixel size
and the magnification factor, i.e. the ratio of the source-to-
detector distance (SDD) and source-to-rotation axis distance
(SRD). This has two important implications. First, the instru-
ment scale depends on the measurement set-up. Second, the
transition from a discrete measurement model to continuous
space coordinates is obtained through high-order interpol-
ations during the surface extraction step, which potentially
enables measurements with an error much lower than the min-
imum scale interval, i.e. the voxel size.

From a measurement principle point of view, a CT meas-
uring instrument differs from traditional dimensional meas-
uring instruments as it relies on complex image processing
routines including tomographic reconstruction itself, correc-
tion procedures, and image segmentation. Also, CT recon-
struction relies on several approximations to make it practical.
While CT has shown significant potential for nondestructive
coordinate measurements of external and internal features, the
absence of metrological traceability of CT dimensional meas-
urements is an obstacle to the application of CT for critical
tasks in industry.

12. Metrological traceability

The concept of metrological traceability to the Systeme Inter-
national (SI) unit of length—the meter—provides consistency
of measurement results to a common reference and ensures
uniformity in the quantification of dimensional measurement
uncertainty, such that it can be compared across instruments
and between laboratories. Traceability establishes confidence
in the validity of a measurement result that has implications
beyond the laboratory or workshop making the measurements.
An integral element of quality management systems, dimen-
sional traceability promotes commerce by ensuring suppliers
meet customer demands with respect to geometric dimension-
ing and tolerancing (GD&T) of manufactured parts.

Metrological traceability was born out of the need to stand-
ardize industrial measurements, which coincided with the
introduction of interchangeable parts in the early 19th cen-
tury [2, 3]. The result was a transition from the manufac-
ture of complete products by highly skilled craftsmen to the
separate but parallel production of individual components by
relatively lower skilled machine operators. The final product
would then be assembled from the various components. This
paradigm shift in manufacturing presented a new challenge:
guaranteeing that any component chosen at random from its
batch conformed to specifications and fit in the final assembly.
To achieve this conformance, a system of quality control based
on uniform measurements needed to be established. In other
words, dimensional measurements across all manufacturing
processes had to be consistent, i.e. standardized, to some
common reference.

National Metrology Institute

Calibration laboratory

Industry

N 0 +

A
\ 4

T
Uncertainty

Figure 3. A traceability chain illustrates the calibration hierarchy
relating a measurement result or measurement standard to the
definition of the relevant SI unit.

As supply chains expanded beyond the physical confines
of a single factory and commerce became increasingly global,
there was a demand for international standardization of meas-
urements. In an 1875 treaty known as the Metre Conven-
tion, 17 nations agreed to establish the International Bureau of
Weights and Measures (BIPM, abbreviated from the French
equivalent)—an inter-governmental organization tasked with
defining and disseminating what would eventually become the
SI [4]. Today, SI traceability is a requirement for certification
of a manufacturer’s quality management system [5—8] and for
accreditation of testing and calibration laboratories [9, 10].

The International Vocabulary of Metrology (VIM [11])
defines metrological traceability as the ‘property of a meas-
urement result whereby the result can be related to a reference
through a documented unbroken chain of calibrations, each
contributing to the measurement uncertainty’. Uncertainty is a
quantitative indication of the quality of a given measurement
result with respect to a reference and is typically expressed as
a confidence interval with associated probability. The chain
of calibrations linking a measurement result to the relevant SI
unit is known as a traceability chain and is typically depicted as
a pyramid (figure 3), where the definition of the ST unit is at the
top and the measurement result is at the bottom [12]. Between
the definition of the SI unit and the measurement result are
intermediate layers corresponding to measurement standards,
i.e. physical embodiments of the ST unit, that ‘carry’ the trace-
ability from the top of the pyramid to the bottom. Traceability
from one layer is transferred to its lower neighbor by way of
calibration, which consists of determining the lower quantity
by comparison to the upper ‘reference’ quantity and assess-
ing uncertainty in the comparison. Uncertainty in the defin-
ition of the SI unit is zero since it is defined with respect
to a fundamental constant of nature. With each calibration
step, the uncertainty in the realization of the SI unit increases,
as denoted by the progressively increasing width of the pyr-
amid. The number of calibration steps between the meas-
urement result and the SI unit depends on the measurement
task.
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There has been significant progress towards establishing
traceability of x-ray CT dimensional measurements, as evid-
enced by the numerous journal articles and conference pro-
ceedings on uncertainty assessment (see e.g. Hiller et al [13]
for a fundamental overview and Villarraga-Gomez et al [14]
for a review of empirical approaches). Most of these pub-
lications, however, rely on the substitution method [15]—an
approach to uncertainty assessment that circumvents labori-
ous instrument characterization procedures through the use of
a calibrated reference object that meets strict similarity condi-
tions with respect to the workpiece. The substitution method is
time consuming and cannot be readily generalized to the wide
range of materials, shapes, and sizes of workpieces that can be
measured by x-ray CT. As a further testament to the dire state
of x-ray CT dimensional metrology, interlaboratory comparis-
ons exposed significant discrepancies in the way laboratories
assess uncertainty of dimensional measurements [16—20], with
uncertainties varying by as much as two orders of magnitude.
For example, the 95% expanded uncertainty in the x-ray CT
measurement of ruby sphere diameters in the idealized ‘CT
tetrahedron’ object [17] ranged from a minimum of approx-
imately 4 um to a maximum of approximately 160 wm, where
the average voxel size among all participants was approxim-
ately 40 um. The expanded uncertainty in the measurement
of center-to-center distances between the same ruby spheres
ranged from 1.6 um to 19.9 um [16].

Model-based methods per the Guide to the Expression
of Uncertainty in Measurement (GUM [21-23]) provide the
framework for unified uncertainty assessment and rely on the
presence of a measurement model, which can be an analyt-
ical function or a numerical simulation. The absence of an
analytical function fully describing the x-ray CT measure-
ment procedure means that uncertainty cannot be determined
per the law of propagation of uncertainty [21]. A promising
alternative is the numerical approach based on Monte Carlo
repeated trials of a simulated environment per supplement 1
to the GUM [22]. However, current commercially available
x-ray CT simulation software must be adapted to accommod-
ate the computational burden of performing the large number
of simulations expected to provide statistical significance of
estimated uncertainty values. Determining the most influential
input quantities, estimating their uncertainties, and finding the
minimum number of Monte Carlo trials are some of the most
fundamental aspects of uncertainty determination by computer
simulation. At present, there is limited information about the
sensitivity of uncertainty to the various input parameters and
there are no objective guidelines for instrument characteriza-
tion, which would provide uncertainty estimates for the input
quantities.

In section 2, we provide a simplified discussion on how
metrological traceability of x-ray CT dimensional measure-
ments can be established in practice. We describe the various
methods with which x-ray CT measurement uncertainty can
be assessed and introduce a categorization of these methods
based on how the SI is introduced in the measurement. A par-
ticular focus on the Monte Carlo simulation method [22] is
provided in section 3, together with a discussion on methods
to calibrate the instrument length scale, i.e. the voxel size, to

the meter. Furthermore, within section 3, we provide a discus-
sion on the implications of imaging artifacts on measurement
uncertainty and therefore to measurement traceability, pro-
pose the condition that traceability demands the suppression
of imaging artifacts to a level below instrument sensitivity, and
present the state of the art in artifact correction approaches. We
then synthesize all the presented information in a final discus-
sion section.

2. Traceability in practice

Traceability to the meter can be established by satisfying
two conditions: (a) having an Sl-traceable length scale, with
which the SI unit is introduced in the measurement, and (b)
assessing uncertainty in the measurement result due to all sig-
nificant influence quantities affecting the measurement res-
ult. It is important to note that simply introducing a calib-
rated object, such as a scale bar, in the measurement volume
is not enough to establish traceability. A description detail-
ing the transfer of traceability from the length scale to the
measurand and assessment of uncertainty in the measure-
ment result is needed and is not trivial. To clarify some
potential ambiguities in the VIM definition, ASME B89.7.5
[24] provides practical guidelines for demonstrating metro-
logical traceability of dimensional measurements to the SI
unit of length (see section 4). The realization of the length
scale, hence the introduction of the SI into the measure-
ment, depends on the method used to determine uncertainty.
In empirical approaches, the scale is given by the calibrated
dimensions of the dedicated reference object used for com-
parison. Model-based approaches, on the other hand, rely on
the scale provided by the voxel size, which can be calibrated
using dedicated procedures. In the following sub-sections, we
give brief overviews of some approaches to uncertainty eval-
uation that can be applied to x-ray CT dimensional meas-
urements and which could be used to establish metrological
traceability.

2.1. Empirical uncertainty assessment

2.1.1. Substitution method.  The substitution method for
assessing uncertainty is also known as the comparator
method—a reference to the way in which uncertainty is estim-
ated for comparator measurements. Comparators distinguish
themselves from other measuring instruments in that the meas-
urement scale is not provided by the instrument but by a sep-
arate calibrated reference object. Hence, the reference object
constitutes the traceable reference. The quantity assigned to
the workpiece is determined from the difference in instru-
ment reading when both reference object and workpiece are
measured. The instrument response is expected to be a lin-
ear function of the measurand. Hence, strict similarity condi-
tions in terms of both physical characteristics and measure-
ment conditions must be satisfied between reference object
and workpiece. The substitution method enables the same gen-
eral concept of assessing uncertainty to be applied to non-
comparator instruments.
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Guidelines for applying the substitution method to CMMs
are provided in ISO 15530-3 [25, 26]. The expanded uncer-
tainty in the measurement result (equation (1)) is given by
multiplying a coverage factor k by the standard uncertainty,
which is the summation in quadrature of the following uncer-
tainty contributors: uncertainty in the calibration of the refer-
ence object iUy ; variations in multiple measured values of the
reference object (and in some cases of the workpiece), while
varying measurement scenarios such as precise alignment, fix-
turing, time of day, and operator uj; variations between mul-
tiple workpieces (when applicable) uy; and uncertainty in any
corrected bias up, between the CT measurement of the refer-
ence object and its calibrated value. It is recommended that all
known bias effects should be corrected; however, in practice,
this is often impossible or economically inefficient. If bias can-
not be corrected, then, according to the 2004 version of ISO
15530-3 [25], its value b substitutes the up term in the quad-
rature sum. However, the most recent 2011 version of ISO
15530-3 [26] suggests correcting for any bias and assigning
an uncertainty uy, to the correction, following the recommend-
ation in [21]:

U:k-\/uzal—kug—&—ua—l—uﬁ. (1)

Guidelines for applying the substitution method to x-ray
CT measurements are provided in VDI/VDE 2630-2.1 [15],
which is closely based on ISO 15530-3. In VDI/VDE 2630-
2.1, an additional term, ugs;if, corresponding to uncertainty in
the calibrated dimensions of the reference object due to drifts,
is included in the quadrature sum (equation (2)):

U=k Juy + g+ 18+ 1+ @)

When determining task-specific uncertainty of x-ray CT
measurements, the reference objects are typically calibrated by
other CMSs. The substitution method can be arguably seen as
‘bypassing’ the need for a comprehensive metrological model
and associated characterization procedures (see section 2.2),
making it particularly attractive for complex measurement
techniques such as x-ray CT. In the literature, the substitu-
tion method is overwhelmingly represented among methods
used to assess measurement uncertainty; see, e.g. [14, 27-37].
However, the requirement for a separate calibrated reference
object can be time-consuming and expensive. X-ray CT is
the only industrial measurement technology capable of non-
destructive measurement of mechanically and optically inac-
cessible internal features. Performing reference measurements
on these features by a separate instrument therefore requires
either destruction of the reference object (see annex B in [15])
or innovative approaches such as designing assemblable ref-
erence objects, in both cases taking care that the strict sim-
ilarity conditions with the workpiece are preserved. Further-
more, uncertainty evaluated by the substitution method for the
CT measurement of a specific workpiece is not transferable
to dissimilar workpieces. The requirement in VDI/VDE 2630-
2.1 [15] for 20 repeat x-ray CT measurements of the refer-
ence object under varying conditions can also be considered

impractical due to the long acquisitions times and particu-
larly for one-off measurement tasks. The substitution method
is therefore not a universal solution to uncertainty assessment.

2.1.2. Multiple measurement strategies. ~ The multiple meas-
urement strategies method is primarily described in the context
of tactile CMM measurements. Given that formal guidelines
for applying this method are not yet available, we only dis-
cuss it in the interest of reviewing the relevant literature. This
method prescribes the measurement of the workpiece in mul-
tiple positions within the CMM working volume and varying
measurement parameters; e.g. point sampling strategy, scan-
ning speed, probing force, and environmental conditions; to
expose the various uncertainty contributors [38]. For each pos-
ition, the workpiece is measured multiple times. A critical con-
dition is that uncertainty contributors are independent of one
another in all measurements [39], which is unlikely to be sat-
isfiable in x-ray CT. The standard uncertainty is the quadrat-
ure sum of two components: a repeatability component given
by the dispersion of values from repeated measurements at
each position [40, 41], and a CMM instrument geometry error
component given by the dispersion of averages calculated at
each workpiece position. Traceability is established from the
determination of length and probing errors from the separate
measurement of calibrated length and form standards, respect-
ively [42], in three orthogonal positions [39]. Uncertainty from
length and probing error corrections, and thermal effects are
determined from expert knowledge [21]. Early work suggests
that this method was to be formalized as the sixth part of the
ISO 15530 series of standards and was referred to as ‘uncer-
tainty assessment using uncalibrated objects’ [38, 43, 44].
More recent works refer to this method as ‘use of multiple
measurement strategies’ and is under development by ISO TC
213 to be formalized as part 2 of ISO 15530 [40, 42, 45].

Zanini et al [46] apply the multiple measurement strategies
method [39] to determine the uncertainty in the CT measure-
ment of an AM lattice structure. The workpiece is scanned in
five orientations within the CT measurement volume. Zanini
et al claim that traceability to the meter is achieved by per-
forming separate CT measurements of a reference object com-
prising calibrated sphere-to-sphere center distances. The ref-
erence object was scanned in three different positions within
the measurement volume and with the same parameters used
in the CT measurement of the lattice structure. The multiple
strategies uncertainty is compared to uncertainty determined
using the substitution method [15]. It is shown that the multiple
strategies approach provides comparable uncertainty estimates
as the substitution method in the measurement of strut diamet-
ers, assuming bias is corrected in both cases. For this meas-
urement, the determined uncertainty in the measurement of
0.4 mm diameters was approximately 4 um, corresponding to
less than half the 9 um voxel size.

However, Zanini et al argue that, since the reference
object used in the substitution method has a significantly
smoother surface than the AM workpiece (a necessity for
low-uncertainty CMM calibration), a surface roughness factor
must be included in the corresponding uncertainty budget.
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Inclusion of this roughness factor increases the uncertainty
by the substitution method ten-fold to 45 um, or five voxels.
Zanini et al therefore suggest that the multiple strategies
method could be a promising alternative to the substitution
method for AM components, which typically exhibit relatively
rough surfaces. Zanini et al argue that the multiple measure-
ment strategies method, in its current implementation, could
lead to an overestimation of uncertainty and might be better
suited e.g. for determining a ‘worst case’ uncertainty estim-
ate for a given measurement task. However, the intricate rela-
tionship between workpiece orientation and the occurrence of
imaging artifacts constitutes a fundamental challenge in the
application of the multiple measurement strategy to determine
uncertainty in the measurement of workpieces that succumb to
significant artifacts, e.g. metal workpieces. Furthermore, the
multiple measurement strategies approach does not consider
systematic contributions to uncertainty that are common to all
measurement strategies, e.g. due to surface determination.

2.2. Model-based uncertainty assessment

Model-based methods are outlined in the GUM [21] and its
two supplements [22, 23]. A third supplement, tentatively
JCGM 103, is in preparation and will cover the develop-
ment and use of measurement models. As the name implies,
model-based methods rely on the existence of a measure-
ment model—whether an analytic function or a numer-
ical simulation—that describes the functional relationship f
between a set of N input quantities X;—; > ..y and the meas-
urement output Y, i.e. the measurement result:

Y=1(X1,X2,...,XN)- 3)
In x-ray CT, these input quantities include the geometrical
parameters of the instrument (see section 3.1), the imaging
unsharpness, focal spot drift, detector offset, flat field cor-
rections, Poisson noise, and surface threshold algorithm, for
example. When performing a real measurement, the exact val-
ues for the input quantities X; are not available; instead we can
derive estimates x;, e.g. from characterization procedures. Per-
forming an actual measurement therefore provides an estimate
y for the output Y:
C))

y :f(-xlaxZa cee ,XN) .

Uncertainty in the estimates of each input quantity u,,
determined from the characterization procedures, results in an
uncertainty u, in the estimate y:

yEu, =fx1 £uy,x0 Loy, .. xnTuy,). 5)

In the case that the measurement model has a closed-form
analytic expression and f'is continuous, real and differentiable
(analytically or numerically) to all arguments xj,xs,...,Xy
around its expectation X1, X, . ..,Xy, then following the law of
propagation of uncertainty [21] in each input u,, is propagated
to uncertainty in the output u, by employing the first order
Taylor expansion, shown in equation (6), which gives linear
approximation of f by taking partial derivatives with respect to

input
distributions
9x, (1) output
distribution
X1
D x, ) . 2
ax, (E2) — —» | simulation |[—» Ym-|¥ )
. ANJ gv(m)
Gy (&) repeat M times

Figure 4. The concept for uncertainty assessment by Monte Carlo
simulation. (1) The estimates x; assigned to each input X; for the
current Monte Carlo trial m = 1,2, ..., M are randomly sampled
from their respective distributions as defined by the PDF gy, (&;),
where &; is the set of possible values that can be assigned to X;. (2)
Executing the simulation for the current Monte Carlo trial provides
a corresponding output y,,, which is added to the population of
possible values 7 that can be assigned to Y. (3) A new Monte Carlo
trial m 4 1 is performed, where steps (1) and (2) are repeated for a
new set of randomly sampled input estimates. The result of
performing M repeated Monte Carlo trials of the simulation is a
PDF gy (n) of possible values 7 that can be attributed to the
measurement result Y.

each input quantity x; and determining correlation coefficients
r;; (in the case of correlated input quantities):

N 2 N—1 N
of of of
2 2 . A
uy = E ( xi) “x,-+2§ g Tij 0 xjux[ux/.. (6)

i=1 i=1 j=i+1

Equation (6) is only valid if f is nearly linear around
its estimates and input quantities are linearly correlated. If
this is not the case, higher order approximations can be
used; however, calculations can become cumbersome for mul-
tiple correlated input quantities. Therefore, this concise and
mathematically elegant method is often not applicable in
practice.

If the measurement model f does not lend itself to the law
of propagation of uncertainty, for example when fis a math-
ematically complicated numerical simulation, then the Monte
Carlo approach outlined in supplement 1 to the GUM [22]
provides a numerical alternative that can be applied to such
measurement models. The principle of estimating uncertainty
by Monte Carlo simulation is as follows (figure 4) [47]. A sim-
ulated environment that accurately replicates the real meas-
urement is repeatedly solved, each time randomly sampling
the simulation inputs x; from probability density functions
(PDFs) corresponding to the uncertainty in the inputs u,,. Input
probability distributions are determined from characterization
procedures, from instrument specifications, or from expert
knowledge. The repeated simulated measurements provide
a distribution of measurement results. The estimate y and
corresponding uncertainty u, are determined using suitable
statistical measures depending on the shape of the distribution.
For example, in the case of normally distributed measurement
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results, the estimate is given by the mean of the distribution
and its standard deviation is the measurement uncertainty to
a 68.27% confidence level. For non-Gaussian distributions,
quantiles can be used instead. In model-based methods, the
traceable reference is given by the calibrated instrument length
scale (section 3.1).

2.2.1. Procedure for uncertainty management (PUMA). The
PUMA described in ISO 14253-2 [48] is a simplified, iterative
approach to the GUM model-based methods. PUMA relies on
an ‘upper bound strategy’, i.e. overestimation of uncertainty
components at all levels, intended to avoid making wrong
decisions from the result of a measurement. Uncertainty in
the measurement result is given by the summation in quad-
rature of the identified uncertainty components. Any correl-
ation between uncertainty components is simplified to either
a perfect positive correlation, i.e. the correlation coefficient
p is 1, or a perfect negative correlation, i.e. p is —1. The
degree of overestimation is controlled by iteratively modifying
various aspects of the uncertainty budget until the estimated
uncertainty is equal to or below a user-specified target uncer-
tainty. In the first iteration, a ‘worst case’ estimate of each
uncertainty component is used to determine the most domin-
ant uncertainty components. Any subsequent iterations serve
to determine more accurate estimations of the dominant uncer-
tainty components to avoid unnecessary overestimations of the
uncertainty in the measurement result. Optionally, once the
dominant uncertainty components are identified, the measure-
ment procedure could be adapted to reduce the corresponding
sources of uncertainty.

ISO 14253-2 lists the following ten typical uncertainty
components: environment, reference element of measurement
equipment, measurement equipment, measurement setup,
software and calculations, metrologist, measuring object,
definition of the characteristic, measuring procedure, and
physical constants. The magnitude of each component can
be determined using repeated observations (‘Type A eval-
uation’), or from dedicated characterization procedures or
expert knowledge (‘Type B evaluation’). There are currently
no guidelines on how this approach can be applied nor
any peer-reviewed literature in which this method is applied
to x-ray CT measurements. Stolfi [19] applies the PUMA
method in the measurement of various dimensions on a work-
piece comprising an inner acrylonitrile butadiene styrene-
polycarbonate (ABS-PC) component and an outer polyoxy-
methylene component. The uncertainty budget in chapter 4 of
[19] comprised the summation in quadrature of the following
sources:

e uncertainty in the calibrated lengths used in voxel rescaling
(see section 3.1 or from the instrument maximum permiss-
ible error (MPE, for example per [49]) ug;

o standard deviation of multiple x-ray CT measurements up;

e uncertainty due to the resolution of the instrument u,, given
by the summation in quadrature of uncertainty due to focal
spot size ur and rotation stage eccentricities Uyec;

e uncertainty in the correction for thermal expansion of the
workpiece as a result of measuring at non-standard temper-
atures ut; and

e uncertainty due to noise Unpise-

The estimated uncertainties were consistently within a
quarter of the voxel size. Since this method has yet to be
applied to the CT measurement of metal parts, it is not clear
how it will succumb to the presence of severe beam harden-
ing and scatter-induced artifacts. Furthermore, uncertainties
determined using the PUMA method should be validated, for
example, by comparison to uncertainty estimated using the
substitution method.

3. Uncertainty through Monte Carlo simulation

Monte Carlo simulation is a promising approach to assess-
ing x-ray CT measurement uncertainty due to its applicab-
ility to any workpiece and any measurement environment.
This approach has been used to assess uncertainty in CMM
measurements [50]; the most notable examples are the vir-
tual CMM uncertainty evaluation software [51] and PUNDIT
software’ [52]. The x-ray CT simulation algorithms constitute
the full measurement process: projection acquisition, tomo-
graphic reconstruction, surface thresholding, and dimensional
analyses. A critical requirement for effective implementation
of the Monte Carlo simulation method is realistic replication
of the actual measurement procedure. In the case of projec-
tion acquisition, for example, this includes realistic modeling
of the focal spot size and drift, emitted spectrum and photon
flux, material workpiece, x-ray absorption and scatter effects,
and detector characteristics. Application of the Monte Carlo
simulation method to x-ray CT is still in its infancy and is lim-
ited to research environments. We describe the efforts towards
developing a Monte Carlo simulation approach. Due to the
scarcity of dedicated characterization procedures, the width of
the input uncertainty distributions is typically assigned exag-
gerated values, while the shape of the distribution is often uni-
form (rectangular). The choice in the shape of the input distri-
butions is consistent with JCGM 100 [21] and JCGM 101 [22],
which recommend using uniform distributions in the case that
knowledge of the actual distribution shape is unavailable. The
coordinate convention used below when describing the x-ray
CT instrument geometry deviates from the coordinate conven-
tion used in the various studies and is as follows: the Z axis is
the nominal magnification axis, the Y axis is parallel to the
axis of workpiece rotation, and the X axis follows the right-
hand rule.

In one of the earliest publications on the Monte Carlo sim-
ulation method applied to x-ray CT, Hiller ef al [13] cal-
culate uncertainty in the measurement of diameter and form
error of three cylindrical features on an alloyed steel ‘hollow

5 Commercial equipment, materials and software may be identified to
adequately specify certain procedures. In no case does such identification
imply recommendation or endorsement by the National Institute of Standards
and Technology, nor does it imply that the materials, equipment or software
identified are necessarily the best available for the purpose.
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Table 1. Varied input parameters and corresponding distributions in [13].

Category Parameter Distribution
X-ray tube Voltage (kV) Uniform: [198.0, 202.0]
Current (pLA) Uniform: [0.095, 0.105]

Target angle (*)

Focal spot size along X (1m)
Focal spot size along Y (pm)
Focal spot X position (pm)

Focal spot Y position (pm)

Focal spot drift along X (um s 1)
Focal spot drift along ¥ (um s~ 1)

Instrument geometry SRD (mm)

SDD (mm)

Detector X position (pm)
Detector Y position (pm)
Detector rotation about X (°)
Detector rotation about Y (°)
Detector rotation about Z (%)

Workpiece clamping X position (mm)
Y position (mm)
Z position (mmO

Rotation about Z (°)

Uniform: [10.0, 20.0]
Uniform: [51.3, 56.7]
Uniform: [47.5, 52.5]
Uniform: [2.3, 3.4]
Uniform: [1.6, 2.3]

Uniform: [4.9, 12] x 1073
Uniform: [3.2, 4.8] x1073
Uniform: [114.608, 115.298]
Uniform: [1524.052, 1554.841]
Uniform: [—40.0, 40.0]
Uniform: [—40.0, 40.0]
Uniform: [—0.5, 0.5]
Uniform: [—1.0, 1.0]
Uniform: [—0.1, 0.1]
Uniform: [—0.5, 0.5]
Uniform: [—0.5, 0.5]
Uniform: [—0.5, 0.5]
Uniform: [—1.5, 1.5]

cylinder’ workpiece. Fifty simulations are performed using the
Scorpius XLab simulation software [53], with each acquisi-
tion consisting of 800 projections. The following inputs to the
simulation are varied: focal spot size, shape, and drift in three
directions; tube voltage and current; target angle; detector pos-
itioning (translation and rotation); rotation axis longitudinal
(magnification) position; and workpiece positioning (table 1).
Prior to uncertainty estimation, the consistency between sim-
ulated and experimental projections and reconstruction was
verified with respect to total (geometric and detector) unsharp-
ness, noise, and non-linear transmission through a step wedge.
Through preliminary investigations, Hiller et al found that
the effects of scatter on image quality and dimensional meas-
urements were negligible; hence, scatter was not included in
the Monte Carlo simulation [54]. For each simulation, all
inputs are varied within uniform distributions. Hiller et al
observed that diameter measurement uncertainties scaled with
the size of the measured feature and corresponded to approx-
imately 1% of the measured length. This scaling error is attrib-
uted to the large uncertainty intervals in the rotation axis and
detector longitudinal positions: +345 um for a nominal SRD
of approximately 115 mm and approximately £15 mm for a
nominal SDD of approximately 1540 mm. Work by Ferrucci
et al [55] indicates that, through dedicated calibration proced-
ures and subsequent adjustment [56] or software correction
[57], the instrument geometrical parameters can be known to
residual uncertainties that are two to three orders of magnitude
smaller than the uncertainties used in [13]. It is important to
emphasize, however, that the work by Hiller er al [13] pred-
ates the work by Ferrucci et al [55] by several years. Hence,
in the absence of dedicated characterization procedures, it is
understandable that Hiller ef al would overestimate the uncer-
tainty contributions. Form error in Hiller e al [ 13] is defined as
the distance between maximum and minimum radial distances

from the axis of the fit cylinder. The measured form errors and
associated uncertainties were largest for the inner diameter,
possibly due to beam hardening artifacts. All form errors were
smaller than the 29.6 pm voxel size and uncertainties were
10%-20% of the voxel size.

Reiter et al [58] apply Monte Carlo simulation to determ-
ine uncertainty of measuring three diameters, two internal
diameters and one external diameter, on an aluminum alloy
workpiece in the presence of five categories of input uncer-
tainty: x-ray tube settings, workpiece positioning, rotation
axis magnification position, detector positioning, and image
noise. For each input category, 100 acquisitions comprising
600 projections each were simulated using in-house SimCT
software [59], where in each simulation the input parameter
values were randomly chosen from a corresponding probab-
ility distribution (table 2). Reiter et al [58] do not provide
insight into how the width and shape of the distributions were
determined. A further 100 acquisitions were simulated while
varying all input categories simultaneously. Each simulated
acquisition was reconstructed using a filtered back projection
(FBP) algorithm and dimensional measurements were per-
formed on the subsequently determined surface. The distribu-
tion of measured diameters from the series of simulations is
used to determine their uncertainty. Uncertainties calculated
from each individual category were summed in quadrature and
compared to the uncertainties calculated when all categories
were varied simultaneously. Reiter et al found that this quad-
rature sum agreed with the variation of all uncertainty categor-
ies for the two internal diameters, but did not agree for the
larger, external diameter. While Reiter et al do not provide
a possible explanation for this discrepancy, a cross-sectional
slice of the simulated, reconstructed workpiece (figure 2 in
[58]) reveals significantly elevated gray values near the outer
edge of the workpiece due to beam hardening. The presence
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Table 2. Varied input parameters and corresponding distributions in
[58].

Component Parameter Distribution
X-ray source  Voltage (kV) Uniform: [178.0, 182.0]
Current (1LA) Uniform: [147.0, 153.0]

Uniform: [—2.00, 2.00]
Uniform: [—2.00, 2.00]
Uniform: [—2.00, 2.00]
Uniform: [—1.00, 1.00]
Uniform: [—1.00, 1.00]
Uniform: [68.0, 72.0]
Normal: p = 150,

o =0.01

Workpiece X position (mm)
Y position (mm)
Z position (mm)
Rotation about X (°)
Rotation about Y (°)
Rotation about Z (%)

Rotation axis  Z position (mm)

Detector X position (mm) Uniform: [—0.20, 0.20]
Y position (mm) Uniform: [—0.20, 0.20]
Rotation about X (°)  Uniform: [—0.25, 0.25]
Rotation about Y (°)  Uniform: [—0.25, 0.25]
Rotation about Z (°)  Uniform: [—0.25, 0.25]
Noise Dark current Normal (parameters not

specified, see [58])
Normal (parameters not
specified, see [58])

Poisson (quantum)
noise

of strong artifacts could be the reason for this discrepancy. For
the chosen input uncertainty intervals distributions, detector
misalignments had the largest effect on diameter uncertainty.
Calculated uncertainties when all input categories were varied
ranged from approximately 2 um to 5 um, corresponding to
5%—12.5% of the 40 um voxel size. Performing 100 acquisi-
tions and reconstructions took 30 h.

Using a modified version [60] of the aRTist simulation
software [61] developed by the Bundesanstalt fiir Materi-
alforschung und -priifung (BAM), Helmecke et al [62] and
Wohlgemuth et al [63] perform 50 simulations, each compris-
ing 800-projection acquisitions, to determine the uncertainty
in the measurement of four cylindrical hole diameters and six
hole-to-hole center distances on an aluminum rotor head, and
the uncertainty in measuring 12 bi-directional lengths on a
polycarbonate LEGO connector. An initial set of 21 geomet-
rical parameters (table 3) are randomly sampled from uniform
distributions for each Monte Carlo trial. Then, for each pro-
jection in a Monte Carlo trial, additional perturbations to the
geometrical parameters are randomly sampled from smaller
uniform distributions. These smaller perturbations are applied
to the geometrical parameters of the previous projection in a
cumulative, random walk approach. The additional perturb-
ations are intended to mimic the effects of rotation stage
error motions, temperature variations, vibrations, and imper-
fect workpiece fixture [60]. Furthermore, the flat-field correc-
tion performed for each Monte Carlo trial is randomly sampled
from a set of 1000 flat-field images, which were generated by
superimposing different noise images on a noise-less flat-field
image.

Helmecke et al [62] and Wohlgemuth et al [63] assume
a normal distribution in the outputs and therefore use
the standard deviation as the estimate of uncertainty for
a 68.27% confidence interval. Uncertainties estimated for
similar features, e.g. diameters and hole-to-hole distances, in

Table 3. Varied parameters and corresponding distributions in [62]
and [63], as described in [60], where the distribution parameters are
not provided.

Component Parameter Distribution

Random walk from initial
and projection-wise
uniform distributions

Detector X position
Y position
Z position
Rotation about X
Rotation about Y
Rotation about Z
X position
Y position
Z position
Rotation about X
Rotation about Y
Rotation about Z
X position
Y position
Z position
Rotation about X
Rotation about Y
Rotation about Z
X position
Y position
Z position

Workpiece

Rotation axis

Source

the rotor head were averaged and compared to equivalent
uncertainties determined by the substitution method [15]. The
average numerically determined diameter measurement uncer-
tainty was 4.3 um, while the equivalent uncertainty determ-
ined by the substitution method was 4.2 pum. Meanwhile, the
average hole-to-hole distance uncertainties determined numer-
ically and by the substitution method were 3.1 pm and 3.4 pm,
respectively. Numerically determined uncertainties of bidirec-
tional lengths on the LEGO connector (approximately 40 pm—
65 um) were in general three times larger than experimentally
determined uncertainties (approximately 9 pm—-23 pm). Hel-
mecke et al suggest that this discrepancy is a result of overes-
timated imaging artifacts due to the higher attenuation fixture
holding the LEGO connector in the simulation. The voxel size
was 30 wm for both measurements.

Several conditions must be met to ensure robust estimation
of x-ray CT measurement uncertainty by the Monte Carlo
simulation method. The simulation model must incorporate
all significant influence factors and must accurately describe
the real x-ray CT instrument and the measurement conditions,
e.g. source spectrum, focal spot size and intensity distribu-
tion, object positioning, and detector characteristics such as
noise, efficiency, flat-field corrections. Studies should be con-
ducted to identify the largest uncertainty contributors so that
higher priority can be given to these factors. Furthermore,
characterization procedures should be developed to correctly
determine the probability distribution of each influence factor
[37, 64]. Simulated data should be validated against known
references to ensure correctness of the underlying model.
Validation can consist of ensuring that simulated projections
agree with experimentally acquired projections for the given
x-ray CT instrument, settings, and measurement task [13, 59,
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Figure 5. Current implementation of the Monte Carlo simulation method for assessing uncertainty of x-ray CT measurements consists of
performing post-reconstruction analyses on each Monte Carlo trial reconstructed dataset. A potential solution to this computationally
demanding approach is to represent the voxel-wise attenuation as gray value distributions, as defined by a central gray value (C), and lower
(L) and upper (U) gray value confidence limits. It is envisioned that applying gray value threshold to each gray value interval will provide

corresponding surface intervals.

65-68]. An additional validation can be performed by com-
paring reconstructed datasets [62, 63]. The simulation model
is then adapted to reduce any discrepancies between the two
datasets.

Furthermore, the number of Monte Carlo trials, i.e. repeated
simulations, should ensure statistical relevance of the output
distribution (see section 7.9 in [22]). The number of these tri-
als depends on the complexity of the simulation, e.g. num-
ber of input quantities and correlations between these. Section
7.2.1in JCGM 101 suggests that 10® Monte Carlo trials can be
expected to provide a 95% coverage interval in the model out-
put. However, the actual number of Monte Carlo trials needed
might differ. Section 7.9 of JCGM 101 provides an adapt-
ive implementation of the Monte Carlo simulation method in
which the number of repeated trials increases until the output
distribution stabilizes in a statistical sense [22].

Determining the appropriate number of Monte Carlo tri-
als for statistically robust uncertainty assessment in x-ray CT
measurements is a topic worthy of investigation. Hiller et al
[13] suggest that the number of Monte Carlo trials should be
larger than 200. A convergence study by Wohlgemuth et al
[69] found that, for a relatively simple measurement task, as
few as 100 Monte Carlo trials could provide uncertainty estim-
ates to within 20% of the uncertainty determined from 2500
trials; in this case, the uncertainty determined from 2500 tri-
als was used as an estimate for the ‘true’ uncertainty. Such
studies can inform improved strategies for sampling input
distributions to ensure that each uncertainty source is suf-
ficiently represented in a reduced number of Monte Carlo
trials.

Simulating polychromatic, megapixel acquisitions with
x-ray scatter and subsequent reconstruction currently takes
several hours depending on computational resources and the
complexity with which scatter is modeled, i.e. number of
photons, voxelization of the simulated object, and number of
scattering events per ray. Monte Carlo repetition of current
simulation software therefore presents a significant computa-
tional burden. Short of waiting on anticipated advancements in
processing power [70], research is needed to determine what

approximations can be made to the simulation without signi-
ficantly decreasing its fidelity to real measurements. Levine
et al [71], for example, suggest that inelastic (Compton) scat-
ter, due to its larger scattering angles and resulting low spatial
frequency profile on the detector, can be sufficiently represen-
ted by reduced sampling along the scattering angles, indicat-
ing significant potential for computational savings in analyt-
ical scatter estimation [72]. Similar studies should be applied
to determine what approximations can be made in modelling
scatter by stochastic radiation transport. It is also possible that
fewer Monte Carlo trials will provide similar distributions in
the measurement result.

Currently, the pipeline for determining uncertainty intervals
from the Monte Carlo simulation method consists of perform-
ing the post-reconstruction analyses, e.g. surface determina-
tion and geometry fitting or nominal-actual comparison, for
each Monte Carlo trial. Processing each individual simulated
dataset is an unreasonably inefficient approach, both in terms
of the requirements for data storage and data processing. Mur-
alikrishnan et al [ 73, 74] presented a computationally efficient
single point ray tracing method that can be used to determ-
ine the contribution of geometrical instrument errors to errors
in the x-ray CT measurement of point-to-point distance meas-
urements for simple geometrical features, e.g. spheres. Such
a method could be useful in determining uncertainty due to
instrument misalignments in a separate but parallel step, redu-
cing the number of parameters that are varied in the full Monte
Carlo approach. Research is needed, however, to determine
the implication of parameter correlations in the separation of
uncertainty estimations.

Alternatively, uncertainty assessment by Monte Carlo sim-
ulation could benefit from a modified format for representing
uncertainty in the reconstructed gray values. A possible con-
ceptualization consists of describing each voxel by a distri-
bution of gray values, whereby gray value uncertainty inter-
vals could be defined by voxel-wise central gray values (C),
and lower (L) and upper (U) gray value confidence limits—
reducing the data requirement to three volumetric datasets
(figure 5). It is then envisioned that applying a gray value
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Figure 6. Left: The geometry of an aligned x-ray CT instrument for a given sample rotation stage position can be fully described by two
parameters: SRD and SDD. Right: The geometry of a misaligned x-ray CT instrument for a given sample rotation stage position can be fully
described by seven parameters: the 3D position of the detector geometrical center (xp,yp,zp), three rotation angles (6, ¢, n) describing the
orientation of the detector, and the longitudinal position of the sample stage axis of rotation zgr.

threshold to each dataset would provide corresponding surface
intervals.

3.1. Calibration of the instrument length scale

The length scale in x-ray CT is given by the side lengths of
each voxel in the measurement volume. In this discussion, we
assume isotropic voxels, although this is not always the case.
The voxel side lengths are generally given by the quotient of
the pixel size and the magnification factor, i.e. the ratio of
SDD and SRD. While this is a widely accepted rule, the voxel
size can be defined differently. In an aligned instrument, an
error in the voxel size can be attributed to errors in SRD and
SDD (figure 6, left). Hence, the scale can be calibrated prior
to reconstruction by calibrating these two distances, or post-
reconstruction by rescaling the voxel size. lllemann et al [75]
propose using two projections of a printed circuit board (PCB)
with a regular grid of circular holes, the positions of which
were calibrated by vision based CMM, to estimate the effect-
ive magnification factor at the stage position. The alignment of
the axis of rotation with respect to the detector is determined
from geometric analyses performed on the trapezoidal distor-
tions of the projected hole grid. Tilts and offsets of the stage
axis of rotation are separated from tilts and offsets of the PCB
by acquiring two projections of the PCB at 180° angular dis-
placements of the stage. The effective magnification factor,
and hence the voxel size, is determined from the ratio of pro-
jected hole positions to calibrated hole positions.

In some studies, the scale is calibrated post-reconstruction
from CT measurements of a calibrated object, the projections
of which are acquired at the unchanged position of the sample
stage (see e.g. [76], where the reference object is scanned
simultaneously with the test object). Alternatively, the calib-
rated features can also be embedded in the test object itself. A
voxel rescaling factor is determined from a linear fit of the CT
measurements to their calibrated values. Kati¢ et al [77] com-
pare the use of calibrated features on the test object to using

a separate calibrated reference object to calibrate the voxel
size. While the experimental results do not provide a clear
delineation between the two approaches, Kati¢ et al provide
a meaningful discussion on how shape deviations in the refer-
ence features used to calibrate the voxel size will render one
approach more suitable than the other. Namely, if the reference
features on the test object can be manufactured to high pre-
cision, i.e. small form deviations, then their CMM-calibrated
values are expected to provide a more robust calibration of
the voxel size, in addition to avoiding the need for an addi-
tional acquisition of the separate reference object. Whereas,
because of the limited sampling rate of CMMs, large shape
deviations in the reference features will result in less reliable
calibration measurements. The effectiveness of voxel rescal-
ing, however, is limited by the fact that it is performed on
data that is reconstructed from an erroneous back-projection
geometry [78].

Instrument misalignments are inevitable and contribute to
errors in CT measurements. Mismatching ray-voxel inter-
sections due to geometrical misalignments during the back-
projection step contribute to loss of contrast in reconstructed
edges. When these misalignments are severe, a single object is
reconstructed as two partially overlapping objects, each indi-
vidually having a lower material attenuation value than the
overlapping section. The amount of overlap decreases with
increasing misalignments. Kumar et al [79] evaluate the sens-
itivity of length measurements on a ball bar to Z positioning
errors in source, sample stage axis of rotation, and detector.
Length measurement errors were more sensitive to position-
ing errors of source and rotation axis than to positioning errors
of the detector, particularly at high magnification positions.
This can be explained by the fact that, at high magnifications,
SRD is much smaller than SDD. Hence, errors in SRD, i.e. in
source and rotation axis positions, have a significantly larger
effect than the same errors in SDD, i.e. in source and detector
positions. Ferrucci et al [80] carried out sensitivity studies in
the presence of detector angular misalignments and found that
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in-plane detector rotation (skew) and detector rotation about a
vertical axis (slant) had a stronger effect on the form of recon-
structed spheres than detector rotation about a horizontal axis
(tilt); skew had the strongest effect in this regard. Ferrucci et al
observed that detector tilt had the strongest effect on sphere
positioning errors, followed by detector slant, and then skew.
These observations are experimentally validated by Aloisi et al
[81, 82]. Furthermore, Ametova et al have developed a geo-
metrical error model that can be used to determine the effects
of instrument misalignments on dimensional measurements in
the reconstructed volume [83].

In the case that the detector is aligned with respect to the
magnification axis, i.e. the ray intersecting the detector at its
geometrical center is orthogonal to the detector plane, SRD
and SDD can be determined from projections of a calibrated
reference object acquired at multiple SRDs and/or SDDs. The
acquisition from multiple positions of either stage or detector
is crucial for separating SRD and SDD from their ratio, as
multiple combinations of these two parameters result in equi-
valent magnification factors. Continuing on their work with
2D grid structures, Illemann et al [84] propose an approach
to more accurately determine the positions of the focal spot
and detector. This approach combines the method from [75],
applied to determine the radiographic dimensions of the pro-
jected grid structure at several stepped positions of the sample
stage along the magnification axis, with highly accurate dis-
placement measurements from laser interferometers. By fit-
ting a non-linear curve to the set of projected dimensions as
a function of the known stepped displacement, and with cal-
ibrated grid dimensions from an optical CMM, the authors
present a method to extract from the fit model parameters the
longitudinal source and detector positions. The approach is
applied to determine how the measured source and detector
longitudinal positions change with the x-ray spectrum, as mod-
ulated by (a) changing pre-filter thickness, (b) by changing the
material of the grid structure, and (c) by changing the tube
voltage. Illemann et al observe that the measured position of
the detector with respect to a reference ‘zero’ position of the
stage manipulator increases with increasing energy of incid-
ent photons, which is explained by their increased penetra-
tion depth into the cesium-iodide (CsI) scintillator layer of
the detector in that study. For their particular setup, Illemann
et al observe changes in detector longitudinal position of up
to 100 um. Illemann et al also observed unexpected changes
in the source position of tens of um, which they tentatively
attribute to unstable steering and focusing of the electron beam
onto the source target. The study by Illemann et al highlights
the importance of carefully aligning the internal tube elements
to ensure a constant focal spot position over all acceleration
voltages.

Zemek et al [85] propose determining SRD and SDD
for small measurement volumes from projections of a refer-
ence object, comprising two spheres with calibrated center-
to-center distance, acquired at multiple SDDs. The paramet-
ers of a line fit to the observed projected center-to-center dis-
tances as a function of detector displacement is used to determ-
ine SRD and SDD. The accuracy of the method depends on
the accuracy with which the detector displacement is known

between sequential SDDs. Zemek et al note that the image
processing procedure applied to extract the projected center-
to-center distances becomes unstable at larger SDDs due to
increased blur. Reconstructions of the same reference object
are performed with the determined SRD and SDD values using
the proposed method. The resulting CT measurements of the
center-to-center distance were within 0.05 voxels from the cal-
ibrated value. However, validating the efficacy of an object-
based correction procedure on the same object might provide
misleading results. Validation should preferably be performed
on a separate validation object, preferably one with a different
shape.

In the case of a misaligned detector, it is imperative that
scale calibration consider the full instrument geometry in a
pre-reconstruction procedure. The x-ray CT instrument geo-
metry for a given position of the sample rotation stage and
assuming no drifts can be described by seven parameters: the
3D position of the detector geometrical center (xp,yp,zp),
three rotation angles (6, ¢, 7) describing the orientation of the
detector, and the longitudinal position of the sample stage axis
of rotation zg (figure 6, right); other parameterizations are
possible [86]. These parameters can be calibrated by apply-
ing an optimization procedure, which consists of minimizing
reprojection errors [87] on a set of acquired projections of a
calibrated reference object. Typically, this object comprises
a cylindrical framework with radio-opaque spheres affixed
in a helical arrangement [88], to reduce overlaps in the pro-
jected spheres. The reference dimensions in the object are
given by the sphere center positions in a local coordinate
frame, which can be calibrated for example with a tactile
CMM. The calibrated sphere center positions therefore con-
stitute the length standard with which the SI unit is intro-
duced in the x-ray CT measurement. The benefit of this
approach is that there is no requirement for precise align-
ment of the instrument or the reference object; the position
and orientation of the object constitute six so-called nuis-
ance parameters in the optimization. Measured misalignments
can then be corrected by physically adjusting the instru-
ment geometry [56] or by modifying the back-projection
geometry in the reconstruction algorithm [57, 89]. Residual
uncertainty in the measured geometrical parameters is then
incorporated into the final uncertainty budget, although it has
been shown that these residual uncertainties are dwarfed by
other effects, such as beam hardening, scatter, and instru-
ment drifts [56]. When implementing the calibration proced-
ure on simulated data, Ferrucci et al [87] observed para-
meter coupling between the solved longitudinal positions of
sample stage axis of rotation,zgr, and detector, zp. Residual
bias between actual and solved parameters was consistently
scaled by the effective magnification factor of the simulated
instrument [87].

Error motions in the sample stage positioning axes mean
the new instrument geometry cannot be simply determined by
applying the nominal translations to the previously determined
geometry [90]. The new instrument geometry can be determ-
ined by repeating the measurement of the static instrument
geometrical alignment, albeit at the new sample stage posi-
tion. The robustness of the measurement procedure relies, in
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part, on the imaged reference object occupying a large por-
tion of the projection while at the same time remaining within
the field of view. Thus, reference objects of varying sizes are
needed to measure the static instrument geometrical alignment
for all stage positions along the nominal magnification axis.
Alternatively, reference instruments such as interferometers
and electronic levels can be used to map the geometric errors
of the manipulator axes. This error map can then be used to
determine the equivalent changes in the instrument imaging
geometry. Performing a full error mapping using reference
measuring instruments (e.g. [91]) might not be practical for
all users of x-ray CT. In this case, the object-based imaging
method presented in [90] is a practical alternative. However,
multiple reference objects of various sizes are needed to ensure
high sensitivity to error motions at all magnification positions
of the sample stage. When modelling stage error motions, it is
recommended that the instrument geometry be parameterized
with respect to a detector-based coordinate frame and not the
source-rotation axis frame in figure 6, right.

3.1.1. Detector distortions. =~ The methods for characterizing
the instrument geometry discussed up to now assume devi-
ations in the actual detector pixel size and position, i.e. detector
distortions, have been characterized and corrected per dedic-
ated procedures. Here, we discuss some of these procedures.
Weiss et al [92], for example, propose acquiring projections of
a calibrated grid at various detector in-plane orientations. The
observed deviations in the positions of the grid elements from
multiple projections are used in an error separation approach
to isolate deviations due to in-plane distortions of the detector
from imperfections and misalignments of the grid. The result-
ing distortion map, which comprised distortions up to approx-
imately one fifth of a pixel, was subsequently be used to re-bin
acquired projections prior to reconstruction, thereby correct-
ing the observed in-plane distortions. An earlier study by Holt
et al [93] determines the position of each pixel on a curved
linear detector with respect to the projection of the stage axis
of rotation from thousands of projections of a pin positioned
eccentrically on the sample rotation stage. The calculation of
pixel position relies on the angular position readout of the
sample stage, thereby assuming negligible error motions, e.g.
higher-order wobble and angular indexing errors [94], of the
stage.

Liithi et al [95] propose a method to separate in-plane
detector distortions from the so-called detector topography,
i.e. detector out-of-plane distortions. Projections of a calib-
rated ball plate, placed close to the detector, are acquired at
various longitudinal positions of the detector, i.e. along the
magnification axis in an aligned instrument and hence at vari-
ous SDDs. An initial optimization routine based on minim-
izing the reprojection errors between observed and modelled
sphere center projection coordinates is performed to determ-
ine the ball plate position and orientation. Assuming robust
implementation of the optimization routine, the residual repro-
jection errors are predominantly due to the combination of
detector topography and in-plane distortions. In a dedicated
error separation procedure, detector topography is determined

from SDD-dependent radial reprojection errors, while con-
stant radial and tangential reprojection errors over all SDDs are
attributed to in-plane detector distortions. Liithi et al exposed
a curvature of the detector surface resulting in a peak-to-peak
flatness of approximately 1 mm, which they argue is likely due
to stresses from the detector mounting. At an SDD of 1 m, the
maximum distortion due to this non-flatness was 0.95 pixels,
increasing with lower SDDs. In-plane distortions up to 0.13
pixels are consistent with the observations made by Weiss et al
[92]. Temperature variations of up to 3 °C of the detector con-
tributed to further distortions of up to 0.15 pixels, supporting
previously made suggestions that managing the temperature
of the detector is critical for reliable measurements [96].

3.2. Imaging artifacts and uncertainty

Unlike common degradation of image quality like noise,
unsharpness, and partial volume effect, which typically result
in a loss of contrast and blurring of the reconstructed volume,
imaging artifacts constitute systematic discrepancies [97], e.g.
discontinuities or gradients, in the gray values that limit the
interpretability of real structures (e.g. in the case of cone-beam
artifacts) or superimpose artificial features into the tomo-
graphic image (e.g. in the case of streak, cupping, ring arti-
facts). Segmenting artifact-laden data will result in the genera-
tion of false surfaces and thus presents a fundamental dilemma
to the question of traceability. In fact, incomplete modelling
and characterization of artifact-inducing physical phenomena
in the simulations is believed to be the reason for discrepancies
between numerically and experimentally determined uncer-
tainties [62, 63]. Currently, numerical uncertainty determin-
ation only holds for simple measurement tasks, i.e. in the
absence of artifacts.

If the effect of artifacts on dimensional measurement errors
can be determined, then these could be treated as bias and cor-
rected per section 3.2 of the GUM [21]. However, solving the
intricate relationship between artifacts and consequent dimen-
sional errors is not straightforward and constitutes a predica-
ment in the context of error correction and uncertainty assess-
ment. It is therefore reasonable to suggest, as a condition for
establishing traceability of x-ray CT measurements and echo-
ing a similar statement made by Hiller et al [37], that arti-
facts should be corrected such that any residual effects are
below the sensitivity level of the instrument. Beam harden-
ing and scatter artifacts are a result of disagreements between
the actual physical conditions under which projections are
acquired and the same conditions assumed in the reconstruc-
tion. It follows that a universal approach to reducing artifacts
is to avoid their introduction into the reconstructed volume
by either incorporating the relevant physical models into the
reconstruction, e.g. using model-based iterative algorithms, or
by modifying the acquisition conditions to more closely reflect
the assumptions made in the reconstruction. Approximations
due to limited knowledge of the acquisition conditions and
incomplete physical modelling can result in increased noise
when trying to correct for these physical phenomena, e.g. post-
reconstruction beam-hardening correction (see figure 7). Ima-
ging artifacts are also discussed in the context of medical CT,
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Figure 7. Post-reconstruction beam hardening correction can increase noise in the reconstructed volume. Top: Uncorrected gray value
profile line showing cupping artifacts due to beam hardening. Bottom: Post-reconstruction beam-hardening corrected gray value profile line

without cupping artifacts but with increased noise.

e.g.in [97] and [98]. Here, we provide an overview of imaging
artifacts pertinent to industrial CT and we outline procedures
with which artifacts can be corrected or reduced.

3.2.1. Data insufficiency.  Insufficiencies in data acquisition
result in poor reconstructability of certain measured features
or portions of the measurement volume. Several factors con-
stitute data insufficiency, and they are discussed here.

Cone-beam artifacts are inherent limitations in data
sampling. The cone-beam circular acquisition geometry does
not fully satisfy mathematical requirements for exact recon-
struction. This inherent limitation of cone-beam CT induces
cone-beam artifacts in certain portions of the measurement
volume and in the reconstruction of certain geometrical fea-
tures. Exact reconstruction of an object relies on the so-
called Tuy condition on data sufficiency [99], which stipu-
lates that any plane can be exactly reconstructed if the plane
contains the trajectory of the x-ray source focal spot, hence
‘source trajectory’. This condition is violated in the recon-
struction of certain planes above and below the source traject-
ory due to inherent limitations in the cone-beam acquisition
geometry. As a result, these ‘unmeasurable’ planes are recon-
structed with significant blurring and smearing in the vertical
direction [100].

In figure 8, we illustrate the concept of unmeasurable planes
for a point P in the measurement volume. Here, S, and S, 4
are the positions of the x-ray focal spot at rotation positions «
and « + , respectively. The unmeasurable planes at point P
are those planes contained within the shaded region [101, 102];
for simplicity this part of the diagram is shown in two dimen-
sions. As the distance of P from the mid-plane increases,
the shaded regions increase in size, implying a larger set of
unmeasurable planes [103].

rotation axis

source trajectory

Figure 8. The shaded region contains the unmeasurable planes for
point P in the measurement volume for a cone-beam x-ray CT
instrument with circular acquisition trajectory.

We can determine the extent of unmeasurable planes for a
given point P = (xp, yp,zp) in the measurement volume by cal-
culating the solid angle Qp of the cone subtended by the col-
lection of lines connecting S (¢) = (SRDsin¢p, 0, SRDcos )
and P for all source positions ¢ = [0, 27]. The solid angle p
is given by equation (7), where ¢ is the polar angle and 0 is
azimuth angle (figure 9):

]

T

6 27
Q= [ [sinfdfdp = [ (1 —cosf)dep. @)
00 0

If P is on the axis of rotation, then the azimuth angle 6 is
constant for all source positions and the resulting cone is right
circular. In this case, the solid angle is given by equation (8),

where 0 = tan—! (S;{—PD):

Q=2m(1—cosh). 8
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Figure 9. To quantify the number of unmeasurable planes for a given point P in the measurement volume, we calculate the solid angle of
the cone subtended by the collection of lines connecting the source trajectory at all its positions and P.

Y

X

27

372

7l2

3n/4

/2
X

Figure 10. Volumetric distribution of solid angle (2p for regularly spaced sampling points P in the measurement volume.

For any point P not on the axis of rotation, the azimuth angle
0 varies with the polar angle ¢ (see figure 9). The relationship
between 6 and ¢ is given by equation (9), which is determined
trigonometrically from figure 9:

yp

cosf =
\/(xp —SRD sin<p)2 + y3 + (zp — SRDcos go)z

. 9)

Substituting equation (9) into the right-hand side of
equation (7):

27

QP:/

0

P

1-— dy
( \/(xp — SRDsing)? 432 + (zp — SRDcos ¢)? )
(10)

We can visualize the volumetric distribution of solid angles
by evaluating 2p for a set of regularly distributed points P in
the measurement volume (figure 10). In this example, SRD is
350 mm and the measurement volume is 50 x 50 x 50 mm.
As we can observe, ()p at the central XZ plane (Y = 0) is 27,
indicating that there are no unmeasurable planes for points on
the mid-plane, i.e. the plane containing the source trajectory.

A ubiquitous example of these effects is the cone-beam,
circular acquisition reconstruction of the so called ‘Defrise
phantom’, comprising a series of disks at various heights
along the axis of rotation. A cutaway of the actual phantom is
shown on the left side of figure 11, while a cutaway of its cone-
beam reconstruction is shown on the right side of figure 11.
The quality of reconstructed horizontal surfaces deteriorates
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Figure 11. The so called ‘Defrise phantom’ comprising multiple horizontal disks stacked along the axis of sample rotation (left) is
commonly used to demonstrate cone-beam artifacts (right) when the phantom is reconstructed from a cone-beam, circular acquisition.

with increasing distance from the center plane. To avoid these
effects, the measured part should be positioned, i.e. tilted with
respect to the rotation axis, to ensure that planes are not con-
tained within the shaded region in figure 8 for any given point
P.ISO 15708-3 [104] suggests that the total cone-beam angle
should not exceed 15°; however, due to the strong depend-
ence of cone-beam artifacts on the shape and orientation of
the part, this recommendation is not universally relevant.
Several works study the optimal workpiece position, e.g. as
described by a triangulated surface file, such that cone beam
artifacts, among other effects, are minimized [102, 105-107].
Alternately, non-circular acquisition trajectories, e.g. helical
trajectories comprising simultaneous rotation and translation
of the stage or trajectories that combine circular trajector-
ies with stage tilts, can be implemented to satisfy Tuy suffi-
ciency conditions throughout the measurement volume, albeit
at the cost of increased acquisition times. While many studies
evaluate the effects of cone-beam artifacts on image quality
criteria such as gray value profiles, the effect of cone-beam
artifacts on CT dimensional measurements are studied, e.g. by
Villarraga-Gomez et al [108], Ametova et al [102], and Heinzl
et al [106].

Longitudinal truncation is another limitation of the cone-
beam CT acquisition geometry [1, 109]. In every projection,
portions of the measurement volume closer to the x-ray source
are not sampled as they fall outside the detector field of view.
In figure 12, we show a cross-sectional view of the cone-
beam acquisition geometry. The measurement volume is given
by the box contained within the dashed lines. The shaded
hexagonal portion of the measurement volume is exposed in
all projections, while the (unshaded) wedges on the volume
periphery are only sampled when they are located closer to
the detector during acquisition. The quality of reconstruction
within these wedges will therefore suffer because of reduced
sampling in the acquired projection space. A 3D representa-
tion of the fully exposed volume can be obtained by rotating
the shaded hexagonal area about the axis of rotation. To avoid
the effects of longitudinal truncation, the measured part should

detector

= = = measurement volume

partial cone-beam exposure

full cone-beam exposure

Figure 12. For each projection, portions of the measurement
volume closest to the x-ray source are not imaged as they fall
outside the detector field of view. These regions are therefore only
partially exposed to the cone-beam acquisition. Here we illustrate
longitudinal truncation from a side view of the acquisition, where
the rotation axis is vertical. Adapted with permission from [1].

therefore be positioned such that regions of interest are within
the fully exposed portion of the measurement volume.

Photon starvation, also known as beam extinction, is the
complete or nearly complete attenuation of x-rays by the meas-
ured part along a given trajectory. The result is insufficient
x-ray photons reaching the corresponding detector pixels. If
the photon count is low, statistical error as a result of Poisson
noise due to variations in photon flux, is considerably higher
[110]. Furthermore, detector electronic noise will constitute a
significant portion of the measured intensity, thereby lowering
the signal-to-noise ratio. Photon starvation occurs when x-rays
traverse longer segments of a highly attenuating part. A logical
solution to this problem is to increase the maximum energy of
the x-rays by increasing the acceleration voltage, albeit at the
cost of increased focal spot size. Alternatively, the user can re-
orient the part to minimize the longest penetration lengths, see
e.g. [105-107, 111], or consider another tomographic modal-
ity such as laminography or tomosynthesis.

Angular under sampling occurs when the number of
acquired x-ray projections do not satisfy the Crowther criterion
[112], which postulates that the minimum number of evenly
spaced projections, Npj, required to resolve a feature of size
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d in a cylindrical measurement volume of diameter D to a res-
olution of d is given by equation (11):

).

The diameter of the cylindrical measurement volume is
equal to the voxel size Av multiplied by the number of voxels
across the volume, Nyoxe1s (equation (12)):

D

Nproj =T (

y an

D= NvoxelsAv- (12)
The Nyquist-Shannon sampling theorem [113] requires
that the sampling interval must be at least half of the desired
feature size. Hence, to resolve a feature of size d, it must be
represented by at least two voxels (equation (13)):

d=2Av. (13)

Substituting equations (12) and (13) into equation (11), we
find the minimum number of projections as a function of the
number of voxels in the measurement volume:

™
Nproj =

: (14)

N. voxels -

In many cases, particularly in industrial cone-beam x-ray
CT, the Crowther criterion can be relaxed due to dominating
effects in the acquisition, such as blur, unsharpness, and noise
[114]. Angular under sampling results in so called view ali-
asing artifacts; characterized by shadow bands, streaks, and
noise-like distortions [115].

A shortcoming of x-ray CT is the relatively long acquisi-
tion time, e.g. up to several hours, needed for measuring com-
plex workpieces and tasks demanding long-exposures, such
as the CT measurement of dense parts that require signific-
ant pre-filtering of the beam (see section 3.2.2) and therefore
reduced photon flux. As a result, x-ray CT is not suited to time-
constrained tasks such as in-line inspection and other high-
throughput scenarios. The acquisition time can be reduced by
reducing the number of acquired projections at the cost, how-
ever, of potentially reducing the quality of reconstruction and
increasing dimensional measurement uncertainty.

Determining the optimal number of projections that min-
imizes the required acquisition time while also ensuring
sufficient measurement accuracy is a task-specific problem
[115-118]. This concept of compressed sensing or sparse
sampling, as it is known, was originally driven by the med-
ical CT industry’s desire to reduce the patient’s exposure
to radiation. An extension of this concept is the so-called
limited-angle tomography that attempts to reconstruct from
projections acquired from a limited range of angular perspect-
ives, i.e. significantly less than 360°. This research is sup-
ported by Varga et al [119], who demonstrate that not all
perspectives contribute equally to the quality of the reconstruc-
tion; namely, the most influential perspectives are those where
the rays are tangential to the workpiece surface. There has also
been increasing interest in performing tomography from non-
circular, task-optimized acquisitions [120-127]; such as those
enabled by robot arms [123, 128-139].

3.2.2. Polychromatic absorption (beam hardening). The
attenuation of x-rays through a given material is dictated by
the Beer—Lambert law in equation (15):

I(v) =1Io(v)e ", (15)
where v is the spatial frequency of the x-rays, Iy (/) is the spec-
tral flux density of the unattenuated x-rays and I (v) is the spec-
tral flux density of the x-rays after traversing a length x through
a material with attenuation coefficient u ().

Attenuation in the photon energy range most often
encountered for industrial applications of CT, i.e. less than
1 MeV, is a result of photoelectric absorption y,, (), incoher-
ent (Compton) scatter 1,1 (), and coherent (Rayleigh) scatter
teo.c (v); see section 3.2.3 for more information on scatter. The
formation of ion pairs, known as pair production, only occurs
for photon energies above 1 MeV and is not considered here.
Therefore, for a given photon energy, the attenuation coeffi-
cient p (v) is given by the sum of each contributor, as shown
in equation (16):

M(V):Ma(V)+Ma,I(V)+Ma,C(V)- (16)

Conventional FBP reconstruction algorithms assume that
the spectral flux density decreases linearly with penetration
depth x [140]. This assumption of linearity only holds for
monochromatic x-rays. However, x-rays produced by tube
sources in commercial CT instruments are polychromatic. In
figure 13 (left), we show the spectral distribution of x-rays
emitted by a Tungsten target and an electron acceleration
voltage of 450 kV. Meanwhile, in figure 13 (right), we show
the absorption and scattering cross sections, i.e. their contri-
bution to total attenuation, as a function of photon energy up
to 450 KeV for Ti-6Al-4V—a titanium alloy commonly used
in aerospace applications. In general, low-energy photons are
attenuated more readily than high-energy photons. This means
that, as polychromatic x-rays penetrate an object, the average
energy of photons in the beam profile progressively increases
with penetration depth. Since higher energy photons are harder
to attenuate, the beam is considered ‘hardened’. This phe-
nomenon is illustrated in figure 14, in which a beam of poly-
chromatic x-rays is attenuated by a single material workpiece.
The preferential attenuation of low energy photons is depic-
ted in the energy distribution plot for three points along the
penetration depth.

The relationship between spectral flux density and penet-
ration depth x for polychromatic x-rays is therefore not lin-
ear. The inconsistency between the linearity assumed in recon-
struction and the non-linearity of polychromatic x-ray attenu-
ation leads to what are known as beam-hardening artifacts in
the reconstructed data. One such artifact is ‘cupping’, in which
the outer portions of a homogeneous object are reconstructed
with higher attenuation values. In figure 7 (top), cupping arti-
facts are shown in the reconstruction of a cylindrical, homo-
geneous object. Beam hardening can also result in streaks
of lower attenuation, particularly between highly attenuat-
ing parts [110]. These effects are pronounced when measur-
ing metal parts due to their higher attenuation and are typ-
ically referred to as metal artifacts. Metal artifacts can fully
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Figure 13. Left: Emitted x-ray spectrum for tungsten target and 450 kV tube voltage. Right: Energy-dependent absorption and scattering

cross sections for Ti-6Al-4V.
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Figure 14. As polychromatic x-rays penetrate an attenuator, lower
energy photons are more readily attenuated than higher energy
photons, resulting in a progressively hardened, i.e. higher mean
energy, beam.

overshadow parts with lower attenuation, plastic for instance,
and make image interpretation impossible. Strategies aimed
at mitigating beam hardening consist of either approximating
monochromatic acquisition or incorporating beam spectra into
iterative reconstruction algorithms. Some of the more common
strategies are as follows.

3.2.2.1. Pre-fiitering.  This strategy consists of placing a
homogeneous metal plate (e.g. Al, Cu, Ag, Sn) between the
x-ray source and the object to absorb low-energy photons [1].
The metal acts as a filter that hardens the beam relatively uni-
formly across its profile. The spectrum of the filtered beam
occupies a narrower band of photon energies. The material

and thickness of the filter is chosen according to the meas-
urement task. Larger and highly attenuating objects typically
require more beam filtration to significantly increase the mean
energy of the filtered beam. Since low-energy photons are
removed, the total photon count is also reduced, which reduces
the signal-to-noise ratio. The photon count of the filtered beam
can be increased by increasing the current across the fila-
ment and/or increasing the tube voltage. It should be noted
that, while the filtered beam is characterized by a narrower
energy spectrum, it is not monochromatic; the term ‘pseudo-
monochromatic’ is used in the literature [141]. Therefore,
while pre-filtering can significantly reduce beam hardening
effects, it typically does not eliminate them.

3.2.2.2. Linearization. =~ These techniques convert polychro-
matic projection data to their monochromatic equivalents by
applying a correction to each pixel intensity in the projec-
tion images. The correction consists of a linearization curve
that can be modeled, for example, as a polynomial function
[142]. The coefficients of the function can be determined from
empirical measurements of a reference object [143], e.g. a
step wedge, from a preliminary (uncorrected) tomographic
dataset [141], or from a model of the x-ray acquisition pro-
cess [144]. Traditional linearization techniques are limited to
single-material measurements [145]. To perform linearization
on multi-material scans, each material must first be segmen-
ted in a preliminary reconstruction [146—148]. Then, linear-
ization is performed on each material independently. Multi-
material linearization is therefore sensitive to the method used
to segment the preliminary reconstructed data [149]. Further-
more, linearization techniques are shown to increase noise and
significantly affect dimensional measurements in the corrected
reconstruction [150, 151].

3.2.2.3. Dual-energy CT.  The concept in dual-energy CT is
to separate attenuation into its two constituent components,
i.e. photoelectric absorption and Compton scatter, by perform-
ing measurements at two distinct polychromatic x-ray spectra
[110, 152—-154]. The different spectra can be achieved by chan-
ging the emitted x-ray spectrum; e.g. changing acceleration
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Figure 15. Dark bands along trajectories of longest attenuation due to x-ray scatter in a cross-sectional slice through a reconstructed

Ti-6Al-4V impeller.

voltage, target material, or filter material and/or thickness; or
by employing detectors that can discriminate photon energies.
Each component of the attenuation contains energy-dependent
information, which can be used to synthesize equivalent
monochromatic images of the measured object [149, 155].
These monochromatic images are then used for tomographic
reconstruction of a corrected volumetric dataset.

3.2.2.4. lterative reconstruction. ~ FBP algorithms are cur-
rently the most used for tomographic reconstruction. Altern-
atives to FBP are iterative reconstruction algorithms, which
generally seek to minimize differences between modeled and
measured projection data. The imaging model in iterative
reconstruction can accommodate energy-dependent inform-
ation, thereby enabling physical phenomena such as beam
hardening to be mitigated [156—159]. Iterative reconstruc-
tions are significantly slower than analytical FBP due to
the increased computational requirements [113, 160]. Fur-
thermore, iteratively reconstructed datasets can succumb to
edge artifacts, i.e. bright overshoots tangent to the edges of
a highly attenuating material [161]. Edge artifacts can be
suppressed by applying post-filtration to the reconstructed
dataset [162].

3.2.3. X-ray scatter.  Conventional reconstruction algori-
thms assume that the measured x-rays travel along straight-line
paths from the source to the detector pixels [140]; these x-ray
photons are known as ‘primary’ photons. X-ray scatter occurs
when photons are deflected from their original trajectories by
a scattering material [163]. Scattered, or ‘secondary’, photons
are subsequently directed to other detector pixels, where they
result in an increase of the measured signal. In other words,
the intensity measured by a pixel Iy is the sum of the intensity
of primary photons Ip and the intensity of scattered photons I
[164], as shown in equation (17):
=0 +Is. (17)
An increase in measured intensity results in a decreased
estimate of attenuation values in the voxels traversed in back-
projection [165]; this effect is known as shading.

The scatter-to-primary ratio (SPR, equation (18)) is com-
monly used to determine the severity of scatter for each pixel
in a given projection (see ‘scatter measurement’ and ‘scatter
estimation’ below on methods to determine the magnitude of
scatter signal):

(18)

The effects of scattering are exacerbated when measuring
highly attenuating, metal parts [98]. Photon starvation along
x-ray beam trajectories with highest attenuation results in a
relatively low Ip and therefore a larger SPR for the corres-
ponding detector pixel. In some cases, Is can be higher than Ip
[113]. Furthermore, CT measurement of metal parts demands
high x-ray photon energies, which are particularly sensitive to
incoherent scattering. In fact, incoherent scattering dominates
the attenuation curve for high-energy photons [1, 113]. This
phenomenon is confirmed in figure 13 (right), where incoher-
ent scattering surpasses photoelectric absorption as the largest
contributor to total attenuation for Ti-6Al-4V at photon ener-
gies above approximately 100 keV. In addition to the effects
of shading, scattered x-rays result in dark bands along the
trajectories of greatest x-ray attenuation, sometimes bordered
by brighter streaks [110]. These dark bands can be seen for
example in the reconstruction of a Ti-6Al-4V impeller in
figure 15.

The probability of coherent scattering is significantly low
for high-energy photons. However, due to its largely forward
scattering direction, the proportion of coherently scattered x-
rays hitting the detector with respect to total coherent scat-
tering can be larger than the same proportion of incoherently
scattered x-rays in some cases. Despite the relatively lower
probability of occurrence, the spatial frequency of coherently
scattered x-rays incident on the detector is typically higher
than the spatial frequency of incoherent scatter. Therefore,
the consequences of coherent scatter might not be negligible.
Fan-beam CT is less susceptible to scattered x-rays due to
the reduced scattering volume and the collimated detector
geometry. However, acquisition times for equivalent measure-
ment volumes by fan-beam CT are considerably longer. The
effects of scatter in cone-beam CT can be reduced using sev-
eral strategies [166, 167].
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3.2.3.1. Scatter rejection.  Scattered x-rays are prevented
from reaching detector, e.g. using an antiscatter grid or a col-
limator [166]. The acquired projections are theoretically free
from scatter.

3.2.3.2. Scatter measurement and removal. Scattered
x-rays are measured for each projection image experiment-
ally; e.g. using a beam stop array [168—170], beam hole array
[171, 172], or a modulator grid [173—-175] and in the presence
of the measured part. The measured scatter signals are sub-
tracted from the respective projections prior to tomographic
reconstruction.

3.2.3.3. Scatter estimation and removal.  Scattered x-rays
are estimated for each projection image using one or more
of the following: prior knowledge (e.g. emitted beam spec-
trum, instrument geometry, material properties of measured
part), projection data, uncorrected reconstruction data (e.g.
[176]), and mathematical/physical models. The predicted scat-
ter signals are subtracted from the respective projections prior
to tomographic reconstruction. Given the largely stochastic
nature of x-ray scatter, Monte Carlo (radiation transport) tech-
niques, while computationally intensive, are popular in this
regard [177, 178]. In arecent study [179, 180], a method is pro-
posed to reduce computational demand of Monte Carlo scatter
estimation by training a deep convolutional neural network to
reproduce Monte Carlo results from acquired projections.

3.2.3.4. lterative reconstruction.  The effects of scatter are
similar to the effects of beam hardening, so it should be no sur-
prise that iterative reconstruction can also be used to suppress
scatter. Iterative methods seek to minimize the difference
between modeled and measured datasets and can be applied
to the projections or to the reconstructed volume [166]. If an
estimate of the scatter contribution is available, then this can be
incorporated into the forward model in iterative reconstruction
[158, 159]. The disadvantage of using iterative reconstruction
is the higher computational requirements, particularly when
various physical phenomena are included in the model.

4. Looking ahead

Demonstrating metrological traceability in x-ray CT meas-
urements of any workpiece; irrespective of size, shape, or
material; is an ambitious task. Overcoming imaging artifacts
demands effective correction strategies, all of which add to
the already time-consuming x-ray CT measurement proced-
ure. The SI unit of length can be introduced into the meas-
urement, for example, by applying the geometrical calibra-
tion technique described in section 3.1 in the case that the
detector is not well aligned. Alternately, calibrating SRD and
SDD for a well-aligned instrument is sufficient. Voxel rescal-
ing performed on an erroneously back projected reconstruc-
tion is limited in its efficacy. Monte Carlo simulation provides
a unified approach to determining uncertainty but requires
characterization of the significant influence quantities in the
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measurement procedure and rigorous validation of the under-
lying simulative environment against experimental measure-
ments. Furthermore, the computational burden of repeating the
simulation several hundreds or thousands of times motivates
the investigation of strategies to approximate certain influence
quantities or to exploit highly parallel graphics processing unit
(GPU) architectures for accelerating the computations.

When these obstacles will be overcome, we can look to the
technical report ASME B89.7.5 [24] as a guideline for how
traceability of x-ray CT dimensional measurements can be
demonstrated in practice. The report outlines six requirements
for demonstrating metrological traceability:

(a) a clear statement of the measurand (the quantity under
measurement);

(b) identification of the measurement system and/or standards
used in the measurement;

(c) a statement of the measurement uncertainty for the meas-
urement result, consistent with the principles described in
the GUM;

(d) an uncertainty budget that describes and quantifies the sig-
nificant uncertainty contributors,

(e) documentation traceability of the length standard(s) used
in the measurement back to an appropriate metrological
terminus; and

(f) a measurement assurance program that assures that the
measurement system (and other standards if used) and the
conditions of the measurement are within the validity con-
ditions of the measurement uncertainty statement.

ASME B89.7.5 provides examples of demonstrating trace-
ability to the SI unit of length for various measuring instru-
ments, one of which is a tactile CMM. Within this example,
the uncertainty is assessed by Monte Carlo simulation and its
contents can therefore be used as guidance when doing the
same by x-ray CT. To satisfy requirements (c) and (d), the
technical report states that the metrologist (the person per-
forming the measurements) ‘lists the influence quantities [...]
then ensures that each influence quantity is accounted for in
some input of the Monte Carlo simulation software.” In the
case that not all influence quantities are or can be represen-
ted in the simulation software, ‘then their effect on the uncer-
tainty of the measurements would need to be separately eval-
uated and then combined with the simulation results’. There
are no instructions on how these separate uncertainty compon-
ents should be combined, warranting dedicated research. To
satisfy requirement (e), a report documenting the calibration
of the length standard, e.g. the sphere center positions of the
reference object described in section 3.1, and therefore its
traceability to the SI unit of length is needed. Such a calib-
ration can be performed by an ISO 17025-accredited [9] cal-
ibration laboratory, assuming the measurement of the specific
length standard is within the laboratory’s scope of capabilities.
Finally, requirement (f) can be satisfied by a company or labor-
atory quality assurance policy that prescribes proper training
of the instrument operator, outlines regular interim testing of
the instrument, and ensures that measurements are conducted
under conditions specified in the uncertainty statement.
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5. Discussion

Traceability of x-ray CT measurements will allow the techno-
logy to be used as a reliable metrology tool for industrial qual-
ity control. Due to the complex nature of the x-ray CT meas-
urement procedure, uncertainty assessment, which is a critical
element of traceability, is largely limited to the substitution
method—a time consuming and non-generalizable empirical
approach that relies on a separate calibrated reference object
that satisfies strict similarity conditions with respect to the
measured workpiece. The absence of an analytical function
that describes the relationship between inputs, i.e. influence
quantities, and the output, i.e. the measurement result, means
that the law of propagation of uncertainty cannot be used for
x-ray CT.

A promising approach to unified x-ray CT uncertainty
assessment is Monte Carlo simulation that relies on perform-
ing multiple trials of a simulated environment, where for each
trial the simulated conditions are randomly sampled from
probability distributions corresponding to uncertainties in the
conditions. However, implementation of Monte Carlo simu-
lation for x-ray CT uncertainty assessment in industry is a
distant reality. Correct application of this method to assess
uncertainty relies on a simulated environment that accurately
replicates the real measurement, hence demanding full phys-
ical modelling of the numerous influence parameters in the
x-ray CT measurement procedure. Currently, performing the
full Monte Carlo simulation procedure requires the use of
different software packages, e.g. one software package for
simulating the acquisition, a second for reconstruction, and
a third for surface thresholding and dimensional analyses.
Bringing all these steps into a single software environment
can enable acceleration, e.g. through parallelization of tasks,
to reduce the required time. Approximation strategies such as
the use of error models [83] can further reduce the computa-
tional requirements of Monte Carlo simulation. Efforts should
also be dedicated to developing characterization procedures to
determine realistic input probability distributions and to valid-
ate simulated environments against real x-ray CT instruments.
Increasing the fidelity of simulation will inevitably increase
its computational demand, which is already high particularly
due to scatter modeling per radiation transport models and
the increasingly discretized acquisitions, i.e. smaller and more
numerous pixels and voxels.

X-ray CT measurements rely on several assumptions on
the instrument geometry and underlying physics. Traditional
methods for scale calibration, e.g. voxel rescaling, do not
fully account for instrument misalignments. Hence, we make
the case for calibrating the full instrument geometry as
an effective method of length scale calibration. The pres-
ence of imaging artifacts, i.e. synthetic structures and fea-
tures, in the reconstructed volume represents a fundamental
dilemma with respect to uncertainty assessment. Here, we pro-
pose, as a condition for establishing measurement traceab-
ility, imaging artifacts should be corrected to be below the
sensitivity level of an instrument. Some of the more detri-
mental artifacts are outlined and methods for their correction
are described. However, metrological research is needed in
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determining the effectiveness of artifact correction procedures
in reducing any residual effects to the level of the instrument
sensitivity.

The ability to incorporate measurement specific conditions
in model-based iterative reconstruction algorithms means that
they are a promising solution for artifact correction. It is
widely understood that one of the greatest shortcomings of
iterative algorithms is their significantly larger computational
burden when compared to FBP reconstruction. Advance-
ments in highly parallel graphics processing units translate to
increasingly efficient computational capacity that is expected
to reduce the burden of iterative reconstruction algorithms and
therefore make them more practical. Iterative techniques can
present a challenge to the question of uncertainty assessment
and measurement traceability, for example in the case that the
iterative algorithm converges to a local (as opposed to a global)
solution; these implications are worthy of dedicated research.
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