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The comparison of potential defects detected through in-process real-time monitoring systems and actual defects
measured in the fabricated parts by X-ray computed tomography offers relevant opportunities for improving the
understanding, sustainability and precision of metal laser powder bed fusion processes. However, the comparison
outcome strongly depends on data alignment accuracy, which is hindered by typical process-induced part de-
formations arising during and after production. This work presents a methodology that includes the modelling of
part deformations for improving the alignment and comparison of in-process and post-process datasets. The
methodology was successfully implemented, starting from deformations predicted by process simulations, and
verified experimentally by producing samples including fiducials specifically designed to provide insights on
local deformations. Results show an improved data alignment accuracy, which is fundamental for enabling the
establishment of robust correlations aiding the reduction of false positives and false negatives in the in-process
gathered signals. The approach is also found to be effective in accurately categorizing non-significant process
signatures occurring during the fabrication, hence preventing the implementation of wrong corrective actions.

1. Introduction

Additive manufacturing (AM) technologies, and particularly laser-
based powder bed fusion (PBF-LB/M) of metals, are increasingly adop-
ted to fabricate high-value-added parts for applications in different in-
dustries, including biomedical, aerospace, automotive, tooling and
consumer goods [1]. However, the stringent quality standards requested
in several applications are still challenging, while PBF-LB/M metal parts
can present various types of flaws undermining product functionality or
service life.

In particular, internal porosities — taking place in PBF-LB/M parts
depending on the process conditions [2] — were demonstrated to have a
significant impact on mechanical properties [3]. Despite several at-
tempts to optimize the process parameters, parts fabricated by
PBF-LB/M still manifest variable mechanical properties due to
difficult-to-predict defects, whose specific causes are not always
comprehensively understood yet [4]. Lack-of-fusion voids, which can be
easily distinguished from gas and keyhole pores for the relevant size, the
characteristic irregular shape and the presence of partly melted
entrapped powder particles, highly affect part resistance, with fatigue
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failures frequently initiating at the material-pore interface [5]. Since the
exact reasons behind lack-of-fusion pores’ formation are still not always
clear, recent works started investigating this aspect to increase the
experimental knowledge on the relationship between PBF-LB/M process
anomalies and actual part defects. For example, Snow et al. [6] recently
found a statistically significant causal relationship between spatter
particles (i.e., particles ejected from the melt pool and dropping onto the
powder bed) and lack-of-fusion voids by using in-situ process moni-
toring. In addition to this example, in-situ and on-machine process
monitoring solutions have been increasingly employed in recent years to
gather useful information about process intrinsic dynamics and to move
towards first-time-right sustainable manufacturing [7]. The iterative
layer-wise nature of AM processes is indeed well suited to the integra-
tion of sensors for monitoring the fabrication while it is ongoing [8],
providing valuable knowledge regarding defects formation at their early
onset stage, thus paving the way to the complete process automation and
real-time defects healing by acting on the process under a closed-loop
control [9]. Robust process control can also reduce wastes, the need
for time-consuming and expensive post-process analyses and finishing
operations, and mechanical properties variability.
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Several studies have been conducted regarding PBF-LB/M in-process
monitoring (see for example the works by Coeck et al. [10], Zouhri et al.
[11] and Caggiano et al. [12]), testing different solutions in terms of
sensors integration and types of gathered data. An important stream of
research deals with the analysis of high-resolution images of the entire
layer [13], mainly acquired in the visible [14] and the near-infrared
[15] wavelength range. Other sensors are more focused towards
catching the process dynamics by acquiring data such as high-speed melt
pool images [16], pyrometric signals [17] or by registering acoustic
emissions [18]. A huge amount of information is obtained from each
build-job, which implies the need to properly manage and process the
acquired data. In this context, machine learning and deep learning al-
gorithms have been vastly applied because of the chance to learn un-
known relations without the need for developing highly-complex
analytical models (see for example the works by Baumgartl et al. [19],
Snow et al. [20] and Scime et al. [21]). Although the undeniable ad-
vantages, such as the opportunity of a continuous model re-training on
new data, the capability of real-time feature extraction and anomaly
classification [7], these algorithms may be lacking physical interpret-
ability [22].

Obtaining a reliable ground truth dataset regarding actual flaws to be
related to process anomalies observed during the process is therefore of
utmost importance. In this context, X-ray computed tomography (CT)
has the ability to provide comprehensive information about both
external and internal geometry and defects [23]. Hence, it can be
employed to perform post-process measurements of PBF-LB/M parts and
generate reference data for validating process monitoring solutions.

A current main challenge is related to the fact that not all the
anomalies observed from in-process monitoring correspond to actual
defects of the fabricated part. Two possible causes are: (i) some anom-
alies arising in the current layer might be “cured” when generating the
subsequent ones [24]; (ii) the accuracy of the alignment between
in-process and post-process acquired data can be hindered by de-
formations occurring during and/or after the PBF-LB/M fabrication
[25]. While in-process data are acquired during the process on planes
whose normal vectors are parallel to the building direction, post-process
CT data are obtained after the fabrication when the corresponding
cross-sections might lie on planes with modified positions and orienta-
tions due to part deformations. However, cross-sections extracted from
CT reconstructions are commonly directly compared with layer-wise
in-process acquisitions at their nominal height positions, using simple
sample geometries, such as cylinders or cubes (see for example Mohr
et al. [15]), which do not include geometrical features suited to perform
accurate data alignment and comparison. The need to integrate into the
produced parts adequate reference fiducials for the alignment of ac-
quired data was highlighted in [25], where some initial design guide-
lines were provided. An alternative approach dealing with data
alignment can be found in the work by Oster et al. [26], with particular
focus on non-planar layers deformations. Such deformations were
locally described by studying the transition surface between regions
fabricated with significantly different process parameters; however,
linear interpolations were assumed for approximating the deformations
of all the other layers included within each region.

Nevertheless, comprehensive methods to design proper parts geom-
etries and procedures to conduct accurate alignments between in-
process and post-process data taking into account process-induced part
deformations are still missing. This work aims at addressing the afore-
mentioned research gap, by developing a methodology enabling the
effective alignment and comparison between in-process monitoring data
and CT post-process measurements. First, an analytical approach is
proposed to model the deformations affecting the fabricated sample.
Second, the number of reference fiducials and corresponding reference
points needed on the part to implement the approach and generate the
model is investigated using PBF-LB/M process simulations and consid-
ering the influence of the measurement uncertainty. The obtained model
is then used to design suited sample geometries including the adequate
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number of reference fiducials. Manufacturing and metrology re-
quirements are taken into account in the sample design. The method is
finally implemented and verified experimentally.

2. Method to model AM part deformations

Fig. 1 shows a schematic representation of a deformed cylindrical
sample with the presence of an internal defect. The cross-section parallel
to the cylinder base taken at a z-position where the in-process moni-
toring showed an anomaly (red section in Fig. 1a) does not include the
related defect because this position does not take into account the final
part deformation. The actual section plane crossing the defect (yellow
section in Fig. 1b) can be identified by three points belonging to the
after-build plane. Due to the CT measurement uncertainty, represented
as an ellipsoid around each point (see Fig. 1c), the measured cross-
section plane (see the blue section in Fig. 1c¢) can differ from the
actual one. In this case, the capability to cross and detect the defect
depends on both the defect size and the measurement uncertainty. Fig. 1
also highlights the fact that a bad alignment between datasets increases
the number of false positive and false negative signals detected
comparing the datasets.

2.1. Proposed modelling approach

The methodology proposed in this work to model the PBF-LB/M part
deformations/deviations is schematized in Fig. 2. The main goal is to
apply an analytical model for describing the deformations of interest for
aligning the datasets. The starting point to implement the methodology
is constituted by describing part deformations, such as a priori knowl-
edge from literature, experiments or numerical simulations. In this
work, such data are specifically obtained through simulations performed
on cylindrical samples using the commercial software ANSYS (ANSYS,
Inc, US). Shape and dimensions have been chosen to allow for post-
process CT scans with high resolution, while still providing a represen-
tative material volume for defects analysis [25,27]. The deviations
caused by the simulated part deformations are extracted along each axis
of the coordinate reference system (namely, x, 8y, 62) for a number of
reference points placed on the surface of cylindrical samples. Specif-
ically, the reference points are arranged on a number of different
z-levels, i.e., along the building direction, and grouped in three per level
to generate a plane (as the one in Fig. 1b) defining the position and
orientation of the produced layer. Deviations éx, dy, and &z are then
treated as the response variable of a two-variable polynomial regression,
defined as per Equation (1),

o = fi(z,a)
5y :fZ (Z7 a) (€9
bz =f3(z, @)

where the selected input variables are the nominal z value,

Defect

| e Actual point @ Measured point @ Uncertainty ellipsoid I

Fig. 1. Schematic representation of a deformed cylinder including an internal
defect, with nominal cross-section parallel to the cylinder base (a), actual cross-
section intersecting the defect (b), and measured cross-section with points un-
certainty represented as surrounding ellipsoids (c).



N. Bonato et al.

\

~
Modelling phase Experimental phase

Simulated deformed Design of samples with
geometry with ref. points n fiducials

Variables: deformation type, a
number of ref. points [

Q ] ) LPBF manufacturing ]
- ] i

Extraction of 6x, 8y, 6z In-process layer-wise monitoring .)—
D
( N

deviations for each point
CT scan and extraction of

L ieasuBmentuncealiy ) a point for each fiducial
g Method: CT measurement
4 3 . 5
of fiducials
J/

Analytical model L
of deviations [\/]

-
Method: two-variable Analytical model
polynomial regression

k k of deviations
(. J
z V) 4

N\

Method: two-variable
polynomial regression

Evaluation of model
performances

13 levels
sample

Comparison and correlation

Prediction Verification

Method: use of test points
Metrics: MAE, PoD
L by model
V.
Suited number

Extraction of aligned
CT cross-sections

of ref. points (n)

\.

Fig. 2. Schematic representation of the proposed methodology workflow.

representative of possible deviations along the building direction, and
the nominal angle a in the x-y plane, representative of possible cross-
section tilting. Such variables are then scaled through feature stan-
dardization and a statistical significance analysis is performed to select
the adequate grade for each variable before implementing the poly-
nomial regression, resulting in a highest grade of two and three for z and
a, respectively. The models obtained from the reference points can then
be used to predict the deviations of other points on the surface of the
samples (i.e., test points) and the position of cross-sectional planes. The
position of the test points and of cross-sectional planes on the deformed
part is known from simulations, hence prediction errors can be quanti-
fied using the metrics described in Section 2.2. The number of reference
points used for the modelling phase influences the magnitude of pre-
diction errors. Consequently, the suited number of reference points has
to be defined. This will determine the number of reference fiducials
needed in the design of samples to be manufactured for experimental
implementation and verification of the proposed methodology. Different
numbers of reference points were hence investigated, and two specific
cases are taken as examples in the following. The first case consists of 7
z-levels (equally spaced by 1.4 mm along the z-axis) used for generating
the model, plus 6 intermediate z-levels used for testing the obtained
model. The second case, instead, consists of 14 z-levels (equally spaced
by 0.7 mm along the z-axis) used for the modelling phase, plus 13 in-
termediate z-levels used for the testing phase. Each level is characterized
by three reference/test points, for a total of 39 and 81 points in the two
cases, respectively.

Different uncertainty values were also tested by considering the
measurement uncertainty contribution as an ellipsoid surrounding the
reference points measured for the modelling phase. For each tested
uncertainty value, the coordinates of these points were recalculated
within the defined ellipsoid using a three-dimensional (3D) Gaussian
probability distribution.

After testing the effect of different numbers of reference points used
for modelling the deformed part geometry, including also the influence
of the type of deformation and the measurement uncertainty, the
required number of reference fiducials is then determined. This number
is then used to drive the design of an appropriate task-specific geometry
to be wused in the experimental phase, including PBF-LB/M
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manufacturing and in-process monitoring, as reported in Fig. 2 and
explained in Section 3.

2.2. Effect of number of levels and measurement uncertainty

The combined effect of the number of reference points/levels and the
measurement uncertainty is investigated using two metrics: the mean
absolute error (MAE) to quantify deviations between predicted and
actual test point coordinates in the deformed sample, and the probability
of detection (PoD) of defects to calculate the probability of one predicted
plane to cross/detect a defect of a certain dimension inside the sample.
The second metric is particularly important because, for in-process
monitoring, what matters the most is to enable the detection of the
appropriate layer within the manufactured sample (i.e., within the
reconstructed CT volume), in order to accurately compare it with the
corresponding layer-wise data acquired during the fabrication. Fig. 3a
shows the MAE values obtained for the two addressed cases with 7 and
14 levels of fiducials, respectively, for the case of uniform measurement
uncertainty (same expanded uncertainty, U, in the three directions: Ux =
Uy = Uz). An increasing trend of MAE with respect to the measurement
uncertainty is observed, with lower values and a slower increase when
more levels are used for the modelling phase. Moreover, in both cases,
MAE:s are higher for the z-direction.

Fig. 3b illustrates the PoD values related to different defect di-
mensions (cylindrical defects with height-to-diameter ratio equal to 1
were considered), number of levels and uncertainties. The PoD was
calculated by varying the uncertainty contribution related to the refer-
ence points used in the modelling phase so that the predicted plane
differs from the actual plane in terms of position and orientation. A
defect of a certain dimension and located on a particular position within
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Fig. 3. Mean absolute error (MAE) against measurement uncertainty, for the
cases with 7 and 14 levels used for the modelling phase (a). Probability of
detection (PoD) against defect dimension, for the two cases with 7 and 14
training levels grouped by three different values of CT measurement uncer-
tainty: 0, 0.02, 0.04 mm (b).
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a layer was considered detected when crossed by the predicted plane.
Fig. 3b shows that the defects detectable with a good probability (e.g.,
90%) increase in dimension when the measurement uncertainty in-
creases. Moreover, the probability of detecting a defect of a certain
dimension becomes higher when using a sample with a higher number of
levels of fiducials. For a quantitative perspective, we direct the reader to
the values reported in Fig. 3b.

3. Implementation and verification of the methodology

Section 3.1 presents the sample design, which includes the integra-
tion of fiducials for measuring reference points within the fabricated
samples. An additional sample design is also presented to provide
experimental validation of the modelling methodology. The PBF-LB/M
monitoring setup and the in-process gathered data are described in
Section 3.2, where the CT post-process analyses are documented as well.
Measurements performed after CT reconstruction are finally addressed
in Section 3.3.

3.1. Design of part geometries and reference fiducials

In order to experimentally implement and verify the methodology
described in Section 2, two different part geometries were designed: one
with 7 levels of fiducials (Fig. 4a), and another with 13 levels of fiducials
(Fig. 4b). Reference fiducials are included to derive reference points as
described in Section 3.3. Reference points retrieved on the geometry
with 7 levels are used to model specific deformations affecting the part,
while the geometry with 13 levels serves as experimental verification of
the methodology. In fact, in the part with 13 levels, 7 levels are used for
the modelling phase and the other 6 intermediate levels for the testing
phase.

Starting from a preliminary study [27], design for additive
manufacturing [28] and design for metrology [29] guidelines were both
taken into account. In particular, (i) an overall cylindrical shape with a
diameter of 9mm and height of 10 mm was chosen to enable
high-resolution CT scans, needed to measure micro-scale defects; (ii) the
fiducials were designed as pockets characterized by a base plane (hori-
zontal plane) superimposed by a cylinder (diameter 1.2 mm; height
1.3 mm) as shown in Fig. 4. For improving the least-squares fitting of
geometrical elements, base planes are smoothed by re-melting during
the PBF-LB/M process, while cylinders are built parallel to the building
direction to obtain a more homogeneous surface texture and reduced
form errors. Moreover, cylinders are partially submerged into the main
shape to be subjected to the same deformations affecting the entire part.
Three equally spaced fiducials were arranged in each level to obtain
three reference points and a plane to be used either for the modelling
phase (using 7 levels in both geometries) or for the testing phase (using
the additional intermediate 6 levels in the second geometry). A cylin-
drical base with a height equal to 2 mm was also added to aid a first

Sample with 7 levels

.-
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rough alignment by exploiting the integration of a notch, which locks all
the spatial degrees of freedom.

It is worth mentioning that different overall dimensions of samples
and designs of fiducials were tested before finding an adequate solution
with the final proposed geometry illustrated in Fig. 4. For example, fi-
ducials composed of spheres and tilted cylinders were found to be more
affected by form errors and non-homogeneous surface texture, full
vertical cylinders not submerged into the main shape were observed to
be subjected to specific local deviations, and smaller sizes led to build
quality issues for the fiducials.

3.2. PBF-LB/M, monitoring setup and CT post-process analyses

Specimens with the proposed geometries were fabricated using a
PBF-LB/M machine, Sisma MYSINT100 (Sisma SpA, Italy), and a tita-
nium alloy, Ti6Al4V. The parts shown in Fig. 5a were manufactured
with a laser power of 155 W, scanning speed of 1200 mm/s, hatch
spacing of 110 pm, and layer thickness of 20 um. The laser power was
reduced by 50% for down-facing surfaces to reduce the dross formation
[30].

An off-axis in-process monitoring setup featuring a high-resolution
Digital Single-Lens Reflex (DSLR) was used to acquire long-exposure
images to detect hot spot signals caused by the undesired presence of
spatter particles above the powder bed, which can hamper the complete
melting of powder [31]. Images acquired with this technique are re-
ported in Fig. 8c and f as examples.

A metrological micro-CT system (Nikon Metrology MCT225) was
used to scan the samples, with tube voltage equal to 200 kV, current
equal to 35 pA, 2000 projections, and exposure time of 1420 ms. A
0.1 mm copper filter was used to reduce beam hardening. A voxel size
equal to 7.7 um was achieved. The acquired projections were employed
for reconstructing the 3D volume of the samples (see examples in
Fig. 5b-top and Fig. 5b-bottom). Then, a local-adaptive surface deter-
mination was performed using VGStudio Max 3.2 (Volume Graphics,
GmbH).

3.3. Data alignment and reference points measurement

For each fiducial, least-squares fitting of plane and cylinder were
conducted in VGStudio Max 3.2. The axis of the cylinder was intersected
with the corresponding base plane to obtain a reference point. By
repeating this procedure for all the fiducials, a total of 7 and 13 triplets
of points (each defining a local plane) were obtained for the two
different geometries. As per the methodology in Section 2, the obtained
points are used to feed the two-variable polynomial regression, enabling
the prediction of both position and orientation of any layer within the
CT volume. In accordance with Section 3.1, the sample with 13 levels
serves as an experimental validation of the sample with 7 levels. In fact,
7 of the 13 levels are used for the modelling phase, while the remaining

Sample with 13 levels

12 mm
1.3 mm

P @12mm

(b)

Fig. 4. Design of samples including 21 fiducials arranged on 7 levels (a), and 39 fiducials on 13 levels (b).
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(a) (b)

Fig. 5. Fabricated parts (a) and corresponding CT reconstructed geometries (b),
with 7 (top) and 13 levels (bottom).

Fig. 6. Comparison between the nominal contour (in red) and the corre-
sponding CT cross-section extracted with conventional alignment (a, ¢) and
with the newly proposed alignment method (b, d). The comparison is shown for
both a reference level of a sample with 7 levels (a, b) and a testing level of a
sample with 13 levels (c, d).

Additive Manufacturing 75 (2023) 103736
6 levels constitute the testing set in which the MAEs are evaluated.
4. Experimental results

This paragraph describes the experimental results obtained on real
fabricated samples. The errors evaluation and the comparison between
conventional and newly developed alignment methods are reported in
Section 4.1, while Section 4.2 highlights the potential of the presented
method for improving the comparison accuracy between in-process
monitoring and post-process CT datasets.

4.1. Errors evaluation and comparison with standard alignment

Experiments conducted on the sample with 13 levels resulted in
MAE:s equal to 8, 7 and 14 um, respectively for the x, y and z directions.
The trend obtained for these errors is coherent with the simulations
results reported in Section 2.2. The magnitude of the registered MAEs is
compatible with a typical target of detecting porosities with a size of tens
of micrometres in PBF-LB/M parts, such as lack-of-fusion defects caused
by spatters [6]. Therefore, for this target, the sample with 7 levels of
fiducials can be used for generating the part deformation model to be
employed for the prediction of effective after-build layers’ position and
orientation.

Fig. 6a shows the superimposition of the contour obtained from one
nominal section of interest of such sample to the corresponding CT cross-
section extracted by means of a conventional alignment (i.e., using a
cutting plane parallel to the platform), which is far different with respect
to the nominal section of interest. In Fig. 6b the proposed alignment
using reference fiducials is used to obtain an improved cross-section
extraction, much closer to the section of interest. Such improved
cross-section is related to a reference level to demonstrate that the in-
tegrated fiducials provide adequate reference points for the alignment
improvement. In addition, a similar comparison conducted on a testing
level of the sample with 13 levels is reported in Fig. 6¢ and d. Fig. 6¢
shows the superimposition of the nominal contour with the corre-
sponding CT cross-section obtained through the conventional align-
ment. Fig. 6d represents instead improved comparison between the
nominal contour and the CT cross-section obtained by means of model
predictions on the testing level. Also in this case the predicted cross-
section is much closer to the nominal contour with respect to the one
obtained with the conventional alignment, which does not take into
account the local deformation.

A quantitative comparison between the conventional and the newly
proposed alignment is also reported in Fig. 7 for two examples of
reference levels taken at different heights along the building direction.
The light-blue horizontal planes are referred to the conventional align-
ment, while the coloured planes are obtained by means of the three
reference points provided by the fiducials.

As can be seen, the planes determined by using the reference points
are shifted and tilted with respect to the planes obtained by conventional
alignment. The presented modelling methodology can be exploited by
performing a re-slicing of the entire CT volume based on each predicted
cross-sectional plane.

4.2. Improvement of comparison between monitoring and CT data

The alignment methodology proposed in this work was finally
implemented to improve the comparison between in-process layer-wise
data and related CT cross-sections. A couple of examples related to de-
fects detected from CT scans in two different layers are shown in Fig. 8.

Fig. 8(a, d) and (b, e) represent the CT cross-sections obtained
through the conventional alignment and through the predicted aligned
plane, respectively. As explained in Section 2.1, the extraction of the
improved aligned CT cross-section plane is obtained through the pre-
diction of three points carried out by means of the trained model.

Fig. 8(c, f) shows the corresponding long-exposure images acquired
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Fig. 7. Deviations between conventional and proposed alignment represented by visualizing the two different cross-section planes for the third (a) and the seventh

(b) level of a sample with 7 reference levels.

Fig. 8. Comparison of post-process and in-process data in the case of two defects detected in different layers: CT slices obtained with conventional alignment (a, d)
and proposed alignment (resulting from model predictions) showing a defect (b, e), and corresponding in-process long-exposure images showing an anomaly (c, f).

during the PBF-LB/M process, where a hot spot is visible (indicated by
the white arrow). While the conventional alignment was not successful
in detecting the defect caused by such hot spot, the cross-section
determined with the proposed alignment methodology successfully
revealed the presence of a lack-of-fusion pore in the hot spot regions.
Furthermore, each defect is surrounding a solid round particle (as shown
in the insets of Fig. 8b and e), which indicates a clear link with a spatter
particle that dropped onto that specific zone within the layer, hence
enabling the identification of the cause of the defect. This behaviour was
observed also on other defects caused by spatters within the same
sample as well as on other samples that were manufactured and ana-
lysed during this research. It is worth highlighting that the in-process
long-exposure images of Fig. 8(c, f) show also a number of dark re-
gions caused by a non-uniform action of the laser over the processed

powder layer. However, such regions do not find any correspondence
with actual lack-of-fusions defects in the CT reconstructed volume. This
means that the potential lack-of-fusion regions are eventually cured by
the energy provided by the laser in the following layers. The confidence
in the results and the implications discussed in this section is possible
only thanks to the accurate alignment between in-process and post-
process data enabled by the methodology proposed in this work. Such
methodology can hence be used to accurately correlate process anom-
alies with actual defects to improve the process knowledge as well as to
move forward an effective analysis and use of in-process gathered sig-
nals. For example, these signals can be elaborated to obtain metrics to
predict the final part quality and to take automatic reliable decisions and
active actions during the process itself. Furthermore, even if in this work
the methodology was specifically tested on optical layer-wise
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acquisitions, it can be certainly extended to different in-process moni-
toring techniques.

5. Conclusions

This work addressed the challenge related to the alignment and
comparison of PBF-LB/M in-process monitoring data and post-process
CT measurements, which are needed to better understand the PBF-LB/
M process and improve its precision and sustainability. In particular, a
new methodology was proposed to model the geometry of samples
specifically designed for PBF-LB/M in-process monitoring, including
their distortions, to identify the actual position and orientation taken on
after the process by cross-sections that were previously analysed by in-
process techniques. A two-variable polynomial regression was deter-
mined effective for the modelling task. The suited number of reference
fiducials to be included in the designed parts was investigated analyti-
cally by evaluating the performances of the model for different CT
measurement uncertainties and different dimensions of possible defects
of interest. Based on the results of the analysis, showing that a sample
with 7 fiducials levels was suited for detecting the defects of interest,
adequate geometries and reference fiducials were designed by consid-
ering the requirements of PBF-LB/M manufacturing as well as of CT
metrology. Samples were then produced by PBF-LB/M and monitored
during the process by long-exposure imaging to apply the modelling
procedure to actual parts and provide experimental validation of the
methodology proposed in this research.

The errors (MAESs) of the reference points positions within the entire
part predicted by the generated model were determined to be below
14 ym for all the axial directions. These values are small enough to
ensure the detection of pores with dimensions above 50 um (typical
minimum size of lack-of-fusion pores caused by spatter particles in the
PBF-LB/M parts investigated in this work) with a probability of detec-
tion above 90% considering the model trained on 7 reference levels and
a measurement uncertainty equal to 20 um (deliberately higher than the
uncertainty obtainable when measuring internal pores with the CT
system used in this work, as shown in [32]). Results demonstrated that
the methodology proposed in this work leads to a higher alignment
accuracy and to an improved comparison between in-process detected
anomalies and CT-measured actual defects, thus enabling the estab-
lishment of robust correlations through the reduction of both false
positives and false negatives.

In addition, the datasets collected during the PBF-LB/M
manufacturing process have revealed a significant presence of dark
spots that did not lead to any defect with a size equal to or larger than
50 pm (which corresponds to a size value that was determined relevant
for cracks initiation in cyclically loaded Ti6Al4V PBF-LB/M samples [33,
34]). Despite these spots have to be discerned as insignificant events (or
false positives) occurring during the interaction between the laser and
the powder, they could potentially be classified as relevant signals if not
compared with well-aligned post-process tomographic data. Conse-
quently, it can be concluded that the ground truth obtained from the
extracted CT slices, when appropriately aligned, is crucial to accurately
categorize these events and to avoid the implementation of wrong
corrective actions. The developed methodology will be exploited in
future works also to enhance the accuracy of advanced algorithms for
analysing in-process datasets, such as machine learning and deep
learning models for real-time defect classification or segmentation.
Given the complexity of some of these models, which often leads to a
lack of interpretability in their results, an accurate ground truth such as
that provided by the presented workflow is essential in avoiding biased
or even unreliable outcomes.

Future developments of this research will focus on enhancing the
presented non-linear modelling approach by considering non-planar
layers deformations that contribute to data alignment and comparison
as highlighted in [26]. The methodology can now be used with the
proposed sample geometry for improving and validating different
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in-process PBF-LB/M monitoring solutions employing various sensors
through accurate comparison with appropriately aligned CT datasets.
Further work is planned to extend the applicability of the methodology
to samples of different shapes and dimensions, including industrial
parts.
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