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Part qualification and process verification account for a substantial share of production costs in additive
manufacturing, particularly for complex geometries that require expensive non-destructive evaluation. In-situ
monitoring offers a promising strategy to mitigate these costs by enabling in-situ inspection and real-time
anomaly detection. This study advances the development of industrial solutions for in-situ detection of
geometrical deviations in laser powder bed fusion (L-PBF), with a focus on lattice structures as a representative
class of complex geometries. From an industrial perspective, the literature reveals two main gaps: (i) the need for
systematic calibration of image segmentation algorithms to improve in-situ reconstruction accuracy, and (ii) the
lack of clear criteria for selecting deviation metrics that effectively capture actual geometrical defects. This work
addresses both issues and provides practical guidelines for implementation. Specifically, we demonstrate that
appropriate calibration settings make powder-bed image segmentation robust to variations in illumination and to
changes in part size and geometry. In addition, we evaluate the influence of different deviation metrics on in-
spection performance, identifying those most suitable for reliable industrial use. The approach is validated
through a case study on gyroid lattice structures manufactured via L-PBF, where controlled defects of varying
severity were introduced to assess detection capability. Defects of varying severity were successfully detected
through an appropriate selection of the deviation metric and calibration strategy, while maintaining a false alarm
rate below 2%. These results highlight the feasibility of robust in-situ geometrical inspection for industrial
applications.

large components or highly dense materials.

To address these challenges, in-situ monitoring has gained increasing
attention as a means of enabling in-line inspection and real-time
anomaly detection during fabrication [3,11]. Layerwise imaging with

1. Introduction

Ensuring the quality and integrity of additively manufactured parts
remains a critical industrial challenge, particularly for complex three-

dimensional (3-D) structures and challenging materials. In laser pow-
der bed fusion (L-PBF), defects and geometric deviations can arise due to
many different causes, including process instabilities, material in-
consistencies, or thermal distortions [16,24,33]. Traditional
non-destructive evaluation (NDE) methods like X-ray computed to-
mography (CT) are costly and time-consuming, which inflates the
contribution of part qualification operations to overall production costs.
In the presence of intricate internal features, not accessible with other
inspection techniques, X-ray CT is the only suitable solution, but it
suffers from several limitations, especially in applications involving
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powder-bed cameras—now commonly integrated into industrial L-PBF
systems—provides a valuable opportunity for this purpose. By
combining readily available in-situ sensors with advanced image pro-
cessing and monitoring techniques, it becomes possible to gain mean-
ingful insights into process stability and part integrity, thereby reducing
reliance on extensive post-process evaluations.

A growing body of research has proposed in-situ inspection methods
that exploit post-exposure powder-bed images for geometry recon-
struction and anomaly detection on a layer-by-layer basis [28,9,14,27,
15,18,34,7,2]. Within this research stream, however, lattice structures,
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an important class of 3D geometries for AM adoption across multiple
industrial sectors, have received limited attention [19,32]. Colosimo
etal., [10] introduced a seminal concept for in-situ inspection tailored to
lattice structures: modeling the deviation between reconstructed and
nominal areas for each unit cell, thereby compressing the original stack
of layerwise images into a set of 1D deviation profiles. This approach
was later extended by Colosimo et al. [8], who introduced two in-
novations: (i) a weighted modeling scheme to account for layerwise
variability in image reconstruction, and (ii) a control-charting frame-
work for automatic detection of anomalous deviations affecting one or
multiple unit cells.

While these methods show strong potential for industrial application,
several challenges still hinder their readiness for deployment. First,
achieving accurate and repeatable image segmentation under real pro-
duction conditions remains difficult, yet it is essential for reliable ge-
ometry reconstruction. Second, the selection of appropriate deviation
metrics is critical to ensuring effective defect detection while limiting
data storage and computational overhead. Finally, although previous
studies demonstrated the feasibility of low-dimensional monitoring ap-
proaches for lattice structures, validation has so far been restricted to
limited experimental scenarios in which only simulated deviations were
considered.

Ensuring that in-situ monitoring methods remain insensitive to
environmental and operating conditions (e.g., chamber illumination)
and to part-to-part or layer-to-layer variations in size and geometry is
fundamental for achieving reliable and repeatable performance in in-
dustrial settings. However, if not carefully tuned, powder-bed image
segmentation may lack sufficient accuracy and consistency of geometry
reconstruction [9]. The present work inherits and extends seminal
studies by addressing the industrial gaps mentioned above. More spe-
cifically, we investigate a low-dimensional deviation detection approach
suitable to be used in-situ and in-process taking advantage of industrial
in-situ sensing setups. To this aim, we address a class of segmentation
approaches based on active contours, with a particular emphasis on
calibration aspects that have received limited attention in the existing
literature. Building on this analysis, we propose practical guidelines for
industrial implementation, aimed at supporting the effective adoption of
in-situ monitoring and inspection practices.

The major contributions with respect to the previous literature are
the following: 1) first, the study investigates the critical role played by
image segmentation calibration to enhance the in-situ geometry recon-
struction accuracy, showing that robustness to variations in the illumi-
nation settings and/or part size and geometrical features could be
achieved; 2) it investigates and compare deviation metrics aiming to
enhance the detection of actual anomalies and defects and providing
guidelines for practitioners; 3) it evaluates the performance of the
method in the presence of real geometrical deviations occurred during
the L-PBF of lattice structures.

A real case study involving the production of metal gyroid lattice
structures is presented. Structures having different wall thickness were
manufactured via L-PBF. They were inspected in-situ via post-exposure
powder bed imaging, whereas ex-situ inspection via X-ray CT was used
as ground truth. The analysis addressed both part-to-part and build-to-
build variability sources and their effects on the in-situ geometry
reconstruction accuracy. Controlled defect induction finally allowed us
to test and verify the performance of the proposed approach as well as
highlighting limits and possible research directions for further
improvements.

The paper is organized as follows. Section 2 presents the materials
and methods. Section 3 presents the performances and results achieved
in the real case study. Section 4 presents a discussion about strengths
and open challenges that characterize the proposed methodology. Sec-
tion 5 concludes the paper.
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2. Materials and methods
2.1. Experimental settings

Copies of gyroid lattice structures with different geometrical prop-
erties were manufactured via L-PBF using a 3D-NT LLA150 system by
Prima Additive featuring a fiber laser source (AFX-1000, nLIGHT). The
gyroid structures were manufactured in AlSi10Mg with a powder size
distribution in the range 15-50 um (D10 — D90). Two builds were per-
formed, each consisting of 4 structures of size 40 x 40 x 40 mm. In each
build, two copies were manufactured with a wall thickness of 0.8 mm
(thin wall), and two copies with a wall thickness of 2 mm (thick wall).
The unit cell size was 10 x 10 x 10 mm, thus every structure consisted of
4 x 4x4 unit cells. Fig. 1 shows the nominal shape of the two structures.

Fixed process parameters were applied for all the gyroid structures in
both builds. The selection of process parameters was based on previous
optimization studies for AlSi10Mg parts on the same 3D-NT LLA150
system. They are summarized in Table 1.

Lattice structures were manufactured using a single-track exposure
strategy without contour scans, as commonly adopted for thin strut
geometries in L-PBF, where the feature size is comparable to the melt
pool width. A single set of process parameters was intentionally used for
both thin and thick features to ensure a controlled comparison and to
assess the robustness of the proposed method under uniform processing
conditions, avoiding geometry-specific tuning of process parameters.

The L-PBF system was equipped with an industrial IDS UI-5490SE-M-
GL powder bed camera, featuring a 10.55 Mpix sensor, which enabled a
spatial resolution of about 57 um/pixel within a field of view that
embraced the whole build area. The camera was installed as shown in
Fig. 2, exploiting one of the two available viewports on the ceiling of the
build chamber. The viewing angle can inflate artifacts and distortions in
the powder bed image after the perspective correction operation is
applied. The sensitivity of rectified images to such perspective effects
can be quantified by the aspect ratio distortion introduced by the pro-
jective mapping [17]. In first approximation, for a planar surface viewed
at angle 0 from the normal, the compression along the viewing direction
scales with cosf. As a result, the corresponding stretch needed during
image rectification scales approximately with 1/cosf. The distortion is
null at = 0° and remains below 20% for ¢ < 35°, then it quickly in-
flates and it doubles # = 60°. Using the viewport available on the 3D-NT
LLA150 system, the viewing angle was about ¢ = 25°, for which the
induced distortion is expected to have a limited impact on the seg-
mentation accuracy and the reconstruction of geometrical features.

The camera installation and optical settings were the same in both
builds, but the lighting setup was varied from build to build. The pur-
pose was to investigate the influence of environmental conditions (the
powder lighting being the most important one) on the in-situ geometry
reconstruction accuracy, highlighting the need for proper segmentation
tuning and calibration.

In build 1, a dark field condition [20] was generated by placing a
directional light source beside the powder bed camera, exploiting the
second viewport on the ceiling of the build chamber. Dark field is known
to be a beneficial lighting condition for image segmentation, while it is
less effective for other purposes, like surface texture characterization. In
build 2, a more traditional lighting configuration was applied, involving
multiple LED stripes inside the build chamber, mounted on the ceiling.
This second setup enables a more diffused light on the powder bed,
possibly emphasizing local contrasts and surface irregularities, but not
optimal for image segmentation. For a discussion on the illumination
role on powder bed image quality, the reader is referred to Caltanissetta
etal. [7].

The same layout was applied in both builds in terms of gyroid
structure placement, with thin wall structures in location 1 and 4, and
thick wall structures in location 2 and 3 (see Fig. 2). Build 1 was per-
formed without induced defects and used as representative of the nat-
ural process variability in the presence of good quality parts. During
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Fig. 1. — Thin wall (left) and thick wall (right) gyroid lattice structures used in the study.

Table 1 -

L-PBF process parameters.
Layer Power  Scanspeed  Hatch Hatch Contours
thickness distance rotation
0.03 mm 320W 1200 mm/ 0.15 mm 67° none

S

build 2, instead, geometrical deviations were induced by using a
damaged recoating system. The rubber blade of the recoater was
damaged by applying two indentations by means of a cutter. Specif-
ically, as shown in Fig. 2, two different indentations were produced: one
with high severity (4 mm wide and 1 mm deep) and one with low
severity (1 mm wide and 1 mm deep). They were introduced in two
different locations of the build, such that structures in location 1 and 2 of
build 2 were affected by the high severity one, and structures in location
3 and 4 of the same build were affected by the low severity one. The high
severity indentation produced a visible anomaly in the powder bed
image with an average width of about 0.8 mm, equal to the smallest wall
thickness of manufactured structures. The low severity one produced a
visible anomaly with average width of about 0.4 mm. Such widths are
respectively 14 times and 7 times larger than the spatial resolution of the
camera.

At the end of the process, all parts were inspected via X-ray CT using
a Phoenix v|tome|x m 350 kV system, with a voxel size of 40 ym. Such
resolution was constrained by a field of view sufficiently large to include
the whole lattice structure.

Despite the intrinsic limitations of X-ray CT as a ground truth
reference for AM parts, which include segmentation uncertainty and
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resolution-dependent effects as highlighted in Du Plessis et al. [12], it
remains the only viable technique for non-destructive 3D characteriza-
tion of complex shapes like lattice structures. In the present study, X-ray
CT data were used exclusively during the active contour calibration
phase. Specifically, CT-based ground truth was employed to compare
the relative performance of different segmentation parameter sets,
rather than to provide absolute geometrical measurements. In this
context, the most critical requirement is the consistency of the CT data
across all samples used in the calibration process. The segmentation of
the CT data was performed using a standard histogram-based thresh-
olding approach implemented in VGStudio MAX (Volume Graphics
GmbH). The threshold value was selected based on the bimodal distri-
bution of voxel intensities and applied as consistently as possible across
all samples acquired under the same CT-scanning conditions.

Following thresholding, the segmented volumes were exported in
STL format and aligned to the nominal geometry using the Iterative
Closest Point (ICP) algorithm implemented in MeshLab. The aligned CT
data were finally sliced to generate binary ground truth masks for every
manufactured layer.

2.2. In-situ geometry reconstruction

Inheriting the modelling framework introduced in Colosimo et al.
[8], a lattice structure can be represented by an array of N unit cells of
fixed shape and size, placed side by side in a regular grid along the x and
y directions, and stacked on top of one another along the z direction.
Using this notation, z coincides with the build direction. We also assume
all unit cells have the same bounding box dimensions, and they consist
of the same number of layers. Generalizing the method to geometries

X-axis

X-axis

Q Laser Build 1 Build 2
scanner No artificially induced defect With artificially induced defect
Top viewport . * » " Torview SE—— TOPVIEW
Vo SIDE VIEW bt
\ * D Local defect induced by severe
\ \ - indentation of the recoater
\ . = Recoater 2| Recoater
\ \, ; f —_—
\ Viewport 2 Viewport 2 Local defect induced by a low
[ severity indentation of the recoater
z \ N\
| X )
s Buildarea irectional light

Fig. 2. — Powder bed imaging and lighting setup used in the two builds.
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that do not comply with this assumption represents an on-going devel-
opment of the proposed approach.

In-situ geometry reconstruction begins with a pre-processing step
that corrects the perspective of the powder bed image and aligns it with
respect to the nominal shape gathered by slicing the originating STL file.
In this study, a standard landmark-based projective alignment algorithm
was applied [30], but a comprehensive view on these methods can be
found in Szeliski [30] and Avants et al. [4]. Image segmentation is then
applied to identify the contours of the solidified layer in post-exposure
powder bed images. To this aim, we adopted the “active contours”
method [23,27,29].

The algorithm iteratively refines an initial boundary, i.e., the nom-
inal geometry of the current layer, by applying shrink/expand opera-
tions guided by the minimization of an energy functional, implemented
via a level set approach [26]. This method has been increasingly adopted
in the L-PBF literature due to its effectiveness in dealing with powder
bed images leveraging on known nominal geometries as initial boundary
[8,28], 2022, [1,7,22,27].

Several variants of the active contour methodology have been
developed so far. So-called region-based approaches rely on pixel in-
tensity differences inside and outside the detected contour, whereas
edge-based ones focus on the gradients of pixel intensities to identify the
boundary that separates the foreground from the background. Each
method has its own benefits and drawbacks. Region-based approaches
may provide better performances in the presence of images having a
good contrast but weak edges and smooth transitions between fore-
ground and background. Conversely, edge-based approaches may pro-
vide better performances when different regions exhibit poor differences
of average pixel intensities but abrupt local transitions along the
boundary.

In this study, we refer to the method advocated in Pagani et al. [27],
where edge- and region-based methods were combined in a unified
formulation. Let Q be the region of the image that corresponds to the
foreground, i.e., the solidified layer, and 6Q be its contour. Let also d(x,
5Q) be the distance between any pixel x and the contour 5Q, estimated
by means of a 2-D Euclidean distance transform [13]. By defining a
signed distance ¢(x) defined as:

[ —d(x,6Q)if x € Q
‘/’(")‘{ d(x,6Q) if x ¢ © M

the identified contour at iteration t is the zero level set of such distance
function. By combining the region- and edge-based methods, the signed
distance evolves as follows:

3p(x, t)
st

= Weregion + (1 - W)gedge (2)

where Oegion and 6,44 are the region and edge terms of the algorithm,
respectively, and w is a weight to balance the influence of these two
terms in the convergence to the final reconstructed contour. The weight
w is such that 0 <w < 1, where w = 0 corresponds to a purely edge-
based segmentation, whereas w =1 to a purely region-based one.
Additional details about the active contour formulation can be found in
Pagani et al. [27].

The weight w is just one of several parameters that should be selected
and tuned to maximize the in-situ reconstruction accuracy. Other pa-
rameters included in the active contour implementation adopted in this
study are listed in Table 2, together with their reference values.

The number of iterations shall be set large enough to guarantee the
convergence of the iterative segmentation. In this study, 30 iterations
resulted to be sufficient, since the reconstructed geometry was quite
close to the initial (nominal) one. The parameter 7y is the radius of
the kernel used for local spatial weighting around the evolving contour.
In this study, a dense stencil of width 1 +2ryere was used. The kernel is
essentially associated to the region-based term, since the edge-based
term exploits a global gradient function. The parameters as, and S,
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Table 2 -
Active contour parameters and reference values.
Parameter # Tkernel w g Psig Balloon
iterations
Value 30 Subject to Subject to -3 0 0
calibration calibration

are two parameters of the sigmoid function that determines the rate and
direction at which the contour evolves along the successive iterations.
Setting a5y = —3 and Sy, = 0 is a common choice: the former allows
slowing down the contour evolution in the presence of features with
higher pixel intensity variability, while the latter means that no a-priori
target is defined on the gradient magnitude that activates the contour
evolution. Eventually, the “balloon” parameter acts as a sort of direc-
tional penalization, such that a positive value forces the contour to
expand outward, while a negative value forces it to shrink inward.
Setting a zero value (like in this study) imposes no such directional
preference. Setting a balloon value greater or lower than zero is helpful
if one knows that the boundary of the foreground region is either
entirely outside or inside the nominal contour.

In principle, all parameters should be tuned for the specific appli-
cation. In the mainstream literature, however, limited or no attention is
devoted to the optimal choice of their values, and there is a lack of
studies on their influence on the image segmentation performance. In
this study, we focused our analysis to parameters w and i, as they are
known to have a major impact on the segmentation performance. The
calibration procedure for the selection of these parameters is described
in sub-Section 2.3, whereas additional guidelines are discussed in Sec-
tion 4.

2.3. In-situ estimation and monitoring of shape deviations

The image segmentation produces a binary image, where the pixels
in the foreground (solidified layer) regions represent a connect
component of area A. Comparing this region with the nominal shape of
layer, it is possible to determine to what extent the in-situ reconstructed
geometry deviates from the nominal.

Different deviation metrics can be used to this aim. Colosimo et al.

[8] used the difference between the in-situ reconstructed area, ;\(z), and
the nominal area, Axom(2), in the z-th layer as synthetic descriptor:

Sarea(z) = A(2) — Anom(2)

Other possible metrics rely on the intersection between the in-situ
reconstructed region and the nominal one, as shown in Fig. 3.

In this study we introduce another deviation metric, namely the area
of the discrepancy between the two regions, defined as follows:

z=1,2,... 3)

Diot(2) = [Anom(2) UA(2)] — [Anom(z) NA(z)], z=1,2,... )

The deviation metric Dy (z) is also referred to as “symmetric differ-
ence” or “disagreement area” [21]. Differently from similarity metrics
commonly used in machine vision, as Intersection over Union (IoU) or
the Dice similarity coefficient, Sarq(2) and Dy, (z) provide a direct
quantification of the extent or severity of the deviation in physical terms
(e.g., number of pixels converted into a measurable area).

By subtracting the intersection between the two areas from their
union, the Dy, () metric quantifies the discrepancy between them. It is
worth noticing that Dy (z) does not coincide with the difference of the
areas, dareq(2). Consider the extreme case where the Anom(2) = A\(Z), but
they are not overlapped, thus Ayom(2) N A () =0. In this case, Sarea(2) =
0 while Dyt (2) = Anom(2) + A(2).

Diot(2) shares conceptual similarities with other overlap-based dis-
tance measures that saturate once the two regions no longer intersect
[21]. Since the objective is primarily to quantify geometric deviations in
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In-situ
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Excess and deficit
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Fig. 3. — Example of how different deviation metrics are estimated.

terms of mismatch between the nominal and reconstructed
cross-sectional areas, saturation indicates a complete lack of overlap
with respect to the nominal geometry. However, it is possible to extend
the metric to incorporate spatial separation between disjoint regions. A
more in-depth discussion on the selection of deviation metrics and their
possible alternatives is provided in Section 4.

Generally speaking, Dy, (z) allows quantifying deviations from the
nominal that can be caused by a variation in size, shape and/or trans-
lation of the in-situ reconstructed shape. On the contrary, Sar.q(2) allows
quantifying a variation in size, being insensitive to where the in-situ
reconstructed region spatially locates with respect to the nominal one.
Thus:

e Dy (2) is more sensitive to any possible deviations that affect the
overlap between the in-situ reconstructed region and the nominal,
but this makes it also more sensitive to possible alignment errors
between the two regions;

® Sarea(2) only depends on the area of the two regions, regardless of
their relative location in space and their actual overlap, but it is more
robust to possible alignment errors.

As regards misalignment errors between the nominal and recon-
structed regions, they result in an overestimation of the deviation and
may cause higher false positive rates. This is particularly critical for thin
features like the ones of lattice structures. This effect can be mitigated
during the camera calibration stage, by ensuring the registration be-
tween in-situ images and the nominal geometry to be as accurate as
possible. However, residual misalignment errors may still arise from
several sources, including lens distortions, imperfect perspective
correction, drifts in the camera mounting setup, etc. Misalignment er-
rors can be quantified with the aid of human supervision during the
calibration phase. If residual errors are in an order of magnitude that is
not negligible with respect to the severity of anomalies to be detected in-
situ, using a region-based (rather than point-wise) metric like Sareq(2),
which is insensitive to misalignment errors, may be recommended. For a
further discussion on the selection of deviation metrics, the reader is
referred to Section 4.

The deviation metric Dy (2) can also be decomposed into two
“directional” terms, one capturing the overall excess of material with
respect to the nominal, and one capturing the overall deficit (or lack) of
material:

Dtot (Z) = Dexcess (Z) + Ddeﬁ'cit (Z) )

A simple example to clarify the differences among these metrics in
shown in Fig. 3.

Eq. (3) and Eq. (4) are useful to express the deviation in absolute
terms. This makes them particularly suitable for industrial applications,
where the ultimate goal is not only to assess algorithmic accuracy in
relative terms, but also to estimate the practical significance of detected
deviations with respect to part quality requirements. However, for the

z2=1,2,... )

purpose of performance comparison in the presence of lattice structures
having different exposed areas, all computed deviations were normal-
ized with respect to the nominal area. Moreover, deviations were
computed for each individual unit cell of the structure, leading to the
following expressions:

A\1(?3) — Anowmi(2)

5Areai(z) =100 x —————i=1,...,N,

z=1,2,...
Anomi(2)

100 x [Anomi(2) UA; (2)] — [Anomi(2) N A;(2) ]
Anomi(2)
z=1,2,... (6)

Dmti(z) =

i
=1,...,N,

Following the route presented in Colosimo et al. [8], the 1-D pattern
of the deviation estimated in-situ for the i-th unit cell along the build
direction, z, can be used as a synthetic “signature” of the dimensional
and geometrical consistency of the unit cell itself. This aids the detection
of local distortions affecting one or more unit cells, especially if such
distortions are persistent across multiple layers. The 1-D modelling and
monitoring scheme proposed in Colosimo et al. [8] has been used and
tested in this study. The salient steps are described hereafter, but for full
details we refer the reader to Colosimo et al. [8].

Once a complete layer of cells has been printed, the 1-D profile of the
deviation from the nominal, A;(z), can be estimated for each unit cell,
where A; is a generic notation, which can be replaced by any specific
deviation metrics described above, e.g., Ai(2) = Sareqai(2), OF Ai(2) =
Diori(2).

A weighted least square (WLS) B-spline model can be used to fit the
deviation profiles, to enhance the anomaly detection performance. The
model can be formulated as:

R Q+L-1
Ai(z) = ) By(z,1)Pyq

g=1

i=1,..,N, z=1,2,... 7)

where B, are the B-Spline basis functions of order Q (in this study, Q =
3), and 7= {7,l=1,2,...,L —1} is the knot sequence where L is the
number of subintervals. P;jp 1, Pijn2, --., Pijnq+i—1 are the control points
for the i-th unit cell computed as follows:

P = (B'W(z)B) 'B'"W(2)A(z), i=1,..,N ®

where B is the model matrix of B-splines basis functions and W(z) is a
diagonal matrix whose diagonal elements are the weights w(z). The
rationale behind this weighting matrix consists of relying on intrinsic
image properties in every layer to enhance the fitting, giving lower
weight to layers where the properties of the image account for a higher
reconstruction uncertainty, and higher weight to other layers. The
weight w(z) can be estimated as the inverse of the pixel intensity vari-
ance around the nominal contour in the z-th layer:
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z2=1,2,... )

where 5,2 (z) is the pixel intensity variance within a band region centered
on the nominal contour, which extends n, pixels inward and n; pixels
outward (in this study, n, = 3).

Fitted profiles &(z) can then be used to design a control charting
scheme suitable to automatically detect deviation patterns affecting one
or more unit cells. This methodology entails two sequential phases,
namely a design (or calibration) phase and a use phase.

A more general scheme than the one presented in Colosimo et al. [8]
is introduced here, which also takes into consideration the tuning of the
image segmentation parameters. The methodology can be schematically
summarized as follows:

e Calibration phase

- Production of M copies of the same part (or simple test specimens
whose geometry is representative of specific geometrical features of
interest), with the processing and imaging conditions that will be
adopted in the use phase.

In-situ powder bed image collection during the L-PBF process.
X-ray CT scan of the M copies in their as-printed state after the L-PBF
process, to be used as ground truth; slicing of the CT reconstruction
and alignment of the ground truth geometry to the nominal geometry
in every layer of the build.

Choice of the deviation metric, A;(2) (e.8., Ai(2) = Sareqi(2), OF Ai(2)
= Dyoi(2)). Guidelines for this choice are provided in the following.

- Estimation of deviation profiles A;(z) between the in-situ recon-
struction and the ground truth geometry, by varying the active
contour parameters within a predefined range.

Selection of the set of active contour parameters that minimize the
average deviation from the ground truth. Let’s refer to the deviation

estimated with tuned parameters as ZiGT(z), where GT strands for
“ground truth”, to differentiate it from the deviation from the nom-
inal to be estimated in the use phase. For each unit cell of lattice
structures used in the calibration phase, the root mean square (RMS)
of the weighted b-splines fitted on profiles of deviation from the

ground truth, RMS (&GT(Z) ), is computed. Then, the average RMS
value for all unit cells of all calibration samples can be used as
objective function to be minimized. Thus, the objective function is
computed by aggregating all deviations from the ground truth
pooled across all z-coordinates and samples in the calibration build.
Optimal values can be searched with a grid exploration of parameters
w and rygqe in predefined ranges. More efficient optimization
methods could be possibly used, to reduce the computational effort
with respect to a full grid search. The same objective function and the
same procedure can be applied regardless of the specific deviation

L . ~GT
metric, either Sareq(2) Or Diot(2), selected to determine A; (2).

R . . ~GT
Estimation of the standard error of the deviation A; (z) for each
copy of the lattice structure, sa1,...,5a%, ---,SaM-

Estimation of the overall pooled standard deviation, s, = ﬁz}il& Js
as a measure of the natural variability of the deviation from the
ground truth.

The control limits used for anomaly detection are estimated from the
calibration data, which represent defect-free conditions. Specifically,
we compute the average deviation from the ground truth, denoted as

A(z) and its corresponding standard deviation sx, which captures the
natural variability of the deviation in the absence of defects. The
upper and lower control limits (UCL and LCL) are then defined as:

[UCL, LCL] = A(2) + ksa,

where the coefficient k determines how far the limits are placed from the
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average value (larger values of k lead to wider control limits and
therefore fewer false alarms, while smaller values increase sensitivity to
deviations). As done in common statistical process monitoring practices,
k is selected based on a target false positive rate (also known as Type I
error), assuming a normal distribution of the deviation under defect-free

conditions. Specifically, k = z,/2, where z,/, is the upper 100 (%) %

percentile of the standard normal distribution corresponding to a
desired false alarm probability a. Since multiple layers are monitored
within each unit cell, the overall (family-wise) false positive rate is
controlled by adjusting the per-layer error probability as a* = a/l,
where 1is the number of layers and « is the target false alarm probability,
e.g., @ = 0.0027, which is a common choice used in statistical process
control, Montgomery [25]. This ensures that the probability of gener-
ating at least one false alarm within a unit cell remains equal to the
desired target level.

e Use phase

- For each i-th unit cell of every new manufactured lattice structure,

the 1-D deviation from the nominal, Ki(z), is estimated, using the
same deviation metric adopted during the calibration phase, as well
as the tuned active contour parameters identified during the cali-
bration phase.

Compare the current deviation profile, Zi(z), with the control limits
estimated in the calibration phase, UCL and LCL, and signal an alarm
if a violation of the limits is present in at least p consecutive layers,
wherep > 1.

- Repeat the previous two steps for every unit cell of every new
manufactured lattice structure.

Notice that no re-calibration is needed unless any major source of
variability from build-to-build or part-to-part has been introduced (e.
g., a change of material, process parameters, monitoring equipment,
etc.). In case of systematic location effects, or other known part-to-

part variations, the control chart parameters, Z(z) and s,, can be
adapted accordingly. As an example, if the pattern of deviation
profiles is affected by the part location within the build area, e.g.,

because of light inhomogeneity, Z(z) and s, can be replaced by their
location-dependent counterparts, thus adapting to natural sources of
variability.

3. Results

An example of raw and aligned powder bed images acquired during
the production of the test specimens is shown in Fig. 4. Fig. 4 (right
panel) also shows the as-built structures in build 1.

The experimental results are presented in the following sub-sections.
Sub-Section 3.1 presents the tuning of active contour parameters and
their influence on the in-situ reconstruction accuracy. Sub-Section 3.2
presents the in-situ defect detection performance and the role played by
the choice of the deviation metric.

3.1. Active contour tuning

Two gyroid structures manufactured in build 1, one with wall
thickness of 0.8 mm and one with wall thickness of 2 mm, were used to
tune the active contour parameters, w and riem. Optimal values were
searched with a full grid exploration of parameters in the ranges 0 <
w<1land1 < rgegme < 12 (expressed in number of pixels), with a step of
0.05 for w and a step of 1 for rieme. Regarding parameter w, values 0 and
1 represent the extreme conditions, namely purely edge-based (w = 0)
and purely region-based (w = 1) segmentation. Regarding parameter
Tkernel, the selected range was deemed appropriate to explore a wide
range of kernel radii, up to 12 times the spatial resolution of the camera.

The same procedure was repeated in build 2. Indeed, different
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Nominal slice

Example of original acquired image

40mm
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Aligned powder bed image As-build parts (build 1)

40 mm

Fig. 4. — Example of powder bed images before and after the perspective correction and alignment to the nominal geometry; as-build parts in build 1 are shown on

the right.

lighting settings were used in the two builds. Thus, repeating the cali-
bration in build 2 was aimed to determine the sensitivity of active
contour segmentation on build-to-build variations caused by the
different illumination. It is worth noticing that in build 2 some cells were
affected by the defect injected by damaging the recoater, and hence only
the unit cells in locations not affected by such damage were used to tune
the active contour parameters.

Fig. 5 shows the output of the calibration in terms of the average RMS
deviation from the ground truth in the two builds as a function of
controlled parameters. The analysis refers to the use of the Sareq(2)
metric. Similar results were observed for the Dy (2) metric (additional
details and full results for both the deviation metrics are presented in the
following).

The condition w = 0.5 and ryeme = 5 Was used as a starting reference,
as it was used in previous studies [27], and it involves an equal weight
associated to edge and region terms of the active contour algorithm.

In both builds, the minimum RMS of the deviation was achieved for
w = 0, namely by using a purely edge-based active contour segmenta-
tion. For w = 0, the parameter i has no influence, as it employed
only in the region-based term. Reducing the weight w, the optimal value
of rkerner Teduces too, but its influence tends to vanish as w approaches 0.

The relative improvement with respect to the reference setting (w =
0.5 and rxeme = 5) is higher in build 2 than in build 1, but, most
importantly, the optimal choice of the active contour parameters is the
same in both builds.

This testifies that the in-situ contour reconstruction can be made
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robust to build-to-build variations in the illumination conditions, which
is known to be a primary source of data variability in machine vision. It
also highlights the importance of a calibration procedure to estimate the
optimal tuning parameters to segment powder bed images.

Fig. 6 shows an example of purely edge-based (w = 0) active contour
segmentation of two sample layers in build 1. Fig. 7 shows an example of
1-D profiles of deviations from the ground truth estimated for unit cells
with different wall thickness. In this example, the §arq(2) deviation
metric was used. Fig. 7 shows the raw deviation profiles, the WLS fitted
profiles and the residuals. It is interesting to note that such deviation
profiles oscillate around the 0 value, which indicates the absence of
biases with respect to the ground truth. Moreover, the fitted profiles,
3Area(z), allow getting rid of the layer-by-layer variability while
capturing the underlying systematic pattern that is mainly driven by the
lattice geometry itself.

A quantitative comparison on the influence of optimal tuning pa-
rameters on the in-situ reconstruction accuracy and robustness to
varying conditions is summarized in Fig. 8 and Fig. 9. Two sets of
compared active contour parameters are referred to as “ref” (w = 0.5
and Tieme = 5), “edge” (purely edge-based, w = 0), respectively.

The analysis refers to a validation set including only gyroid cells of
structures not included into the previous calibration. Again, in build 2,
only cells not affected by the injected defects were considered. Results
were compared in terms of 1) the RMS deviation from the ground truth

and 2) the prediction variance, V[SA,ea(z)] or V[ﬁm(z) J.
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Fig. 5. — Average RMS of the deviation from the ground truth in build 1 (left) and build 2 (right) depending on the two controlled parameters, i.e., the weight that

balances the edge- and region-based terms, and the kernel radius.
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Example of thin wall structure (0.8 mm)

Detail

Nominal geometry
Example of thick wall structure (2 mm)

Segmented image

Nominal geometry
10 mm

Fig. 6. — Examples of in-situ reconstruction of a thin wall (top) and thick wall (bottom) structure using the purely edge-based active contour.
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Fig. 7. — Left panel: X-ray CT reconstruction of thin and thick wall structures used ad ground truth; right panel: examples of raw deviation profiles from the ground
truth using the Sareq(2) metric, the corresponding WLS fitting and residuals (different colors indicate unit cells belonging to different samples).

Fig. 8 shows the 95% confidence intervals for the effect of the variance using the Sareq(2) deviation. Fig. 9 shows the 95% confidence
different illumination settings and the different lattice wall thickness on intervals for the effect of the different illumination settings and the
the mean RMS of the deviation from the ground truth and its prediction different lattice wall thickness on the mean RMS of the deviation from
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Fig. 8. — 95% confidence intervals for the effect of the different illumination settings and the different lattice wall thickness on the mean RMS and the prediction
variance using the rq(2) deviation for different choices of the active contour parameters (ref, edge).

the ground truth and its prediction variance using the Dy, (2) deviation.
The salient outcomes of Fig. 8 and Fig. 9 can be summarized as
follows:

- The edge-based active contour segmentation yields a statistically
significant improvement of the in-situ geometry reconstruction ac-
curacy with respect to the reference condition, both in terms of RMS
of the deviation from the ground truth and the mean prediction
variance of the deviation.

The improvement is more significant when considering the areq(2)
deviation.

The change of illumination settings from build 1 to build 2 had no
statistically significant effect on the in-situ reconstruction accuracy
enabled by the purely edge-based active contour segmentation. This
highlights that the edge-based method made the segmentation
insensitive to a variation from dark field to diffused light, leading to
more robust results.

Similarly, the wall thickness variation from 2 mm to 0.8 mm had no
statistically significant effect on the in-situ reconstruction accuracy
enabled by the purely edge-based active contour segmentation. This
highlights that the edge-based segmentation is also insensitive to
varying size of the exposed area in each layer.

Using the edge-based active contour segmentation, the only signifi-
cant differences were observed for the mean prediction variance in
case of the areq(2) deviation for the wall thickness effect, and in case
of the Dror(z) deviation for the illumination effect. However, despite
such differences, the prediction variance was considerably lower
than the one achieved with non-optimal active contour parameters.
Moreover, when a non-optimal choice of active contour parameters
is considered, i.e., the “ref” condition, both the illumination and the

wall thickness have significant effects on the in-situ reconstruction
accuracy, mainly on the prediction variance. A large effect of the
illumination settings was also observed on the RMS of the deviation
from the ground truth when the §..4(2) deviation was applied.

These results highlight the importance of fine tuning the active
contour parameters to enhance the in-situ reconstruction. In this study,
founded on experimental results gathered for gyroid structures with two
different wall thicknesses and in two different illumination settings, a
purely edge-based segmentation resulted to be the optimal choice.
Interestingly, it made the in-situ geometry reconstruction not only more
accurate than non-optimal choices of active contour parameters, but
also more robust to changes in the illumination condition and in the wall
thickness of the manufactured part.

Such higher robustness can be explained as follows. Illumination
changes mainly affect the absolute intensity values rather than the
relative contrast at object boundaries. This results into global offsets
rather than local differences. Indeed, uniform changes in brightness/
illumination tend to shift the whole pixel intensity histogram up or
down. Because of this, region-based methods are more sensitive to such
variations. Moreover, if illumination varies spatially, pixel intensity
patterns are less homogeneous both inside and outside the contour,
making region-based segmentation less effective. Edge-based active
contours, on the contrary, evolve toward locations with strong image
gradients, which are less affected by a change of illumination conditions
from dark field to diffused light. Edges remained visible as intensity
transitions, allowing the edge-based segmentation converging to a more
accurate and robust reconstruction.
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Fig. 10. — X-ray CT reconstruction of structures affected by low and high severity defects, with sections that highlight the presence of the deviation.
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3.2. In-situ defect detection

Fig. 10 shows the geometrical deviations in the built structures
produced by the artificially introduced anomalies in build 2. Along the
lines affected by the recoater damage, a superelevation (or swelling) of
the material was observed, because of a locally higher thickness of
powder compared to the surroundings.

Fig. 11 shows an example of in-situ powder bed images where the
local discontinuity caused by the damaged recoated is highlighted. A
local variation in the pixel intensity is visible, especially in the presence
of thick wall structures, where the solidified area affected by the
anomaly is larger.

Fig. 12 shows the 1-D deviation profiles fitted via the proposed WLS
method for gyroid structures in build 2, where different colors are used
for unit cells not affected by the defect (green) and those affected by the
defect (magenta). Different panels refer to different defect severities,
different wall thicknesses, and different metrics to quantify the devia-

tion from the nominal. In addition to the deviation metrics SA,EQ (2) and
Diot(2), Fig. 12 also shows the deviation profiles for the excess of ma-
terial, Dexcess (2), and for the lack of material, f)deﬁcit (2). The effect of the
defect is clear in the high severity case, for both the thin and thick wall
structures. The difference between defect-free and defective cells is more
evident in the EArea(z) deviation pattern than the ﬁwt(z) one. However,
when splitting the ﬁwt(z) deviation from the nominal into its two
complementary contributions, f)exms(z) and ﬁdeﬁdt(z), the effect of the

defect is highly emphasized in the ﬁemss(z) profiles. Indeed, the defect
caused a local oversize of the structure, which is clearly captured by

3,;,@&(2) and 5mm(z). In the presence of the low severity defect, the
effect on the deviation profiles is visible in the thin wall structure, while
for the thick wall structure the defective cells are hardly separable from
the defect-free ones.

The summary of the defect detection performance in terms of both
false positive (FP) and true positive (TP) rates is shown in Table 3. In this
case, two different alarm rules were compared, i.e., one where an alarm
is signaled if the deviation violates the control limits in at least p =1
layer, and one where an alarm is signaled if the deviation violates the
limits for at least p = 5 consecutive layers.

Table 3 shows that all defects can be detected in-situ with a TP rate of
100% apart from the low severity one in the presence of a thick wall
structure. The control chart that yields the highest detection power is the

one based on 5acess(z). Indeed, the type of induced defect produced a
local excess of material. Thus, splitting the deviation in two monitored

Thin wall structure (0.8 mm)
High severity defect
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quantities that separately capture the excess and the lack of material
from the nominal shape, allows enhancing unidirectional shifts like the
one here investigated. The control chart based on Dy, (z) is less effective,
as it adds both positive and negative discrepancies from the nominal,
mitigating the effect that only entails the positive shift. The control chart

based on gArea (z) is more effective than the one based on 5m (2), but not
that effective as the one based on ﬁwm (2). In some cases, due to the

larger natural variability of the SAM (2) deviation profiles, some false
positives are signaled. Setting the minimum number of control limit
violations in consecutive layers before an alarm to p = 5 was not suffi-
cient to avoid all such false positives.

4. Discussion

Several studies focused on the use of image segmentation methods
applied to post-exposure powder bed images to i) reconstruct the ge-
ometry of the solidified layer, ii) compare it with the nominal shape, and
iii) automatically detect anomalous deviations. Such methods have been
tested in different laboratory and industrial implementations. Specific
attention has been devoted to the influence of illumination settings on
the reconstruction accuracy, but limited attention has been devoted to
the tuning of active contour parameters, and the significance of their
choice in real experimental conditions. The presented results high-
lighted that adopting tuned parameters significantly improve the in-situ
reconstruction accuracy as well as the natural variability of the recon-
struction itself. They also showed that under these experimental con-
ditions, a purely edge-based active contour formulation is insensitive to
variations of the illumination settings and to different lattice wall
thickness.

Several factors may influence the intrinsic properties of powder bed
images depending on the adopted imaging setup, and those properties
impose the choice for appropriate parameters of image segmentation
algorithms. Edge strength and pixel intensity homogeneity play a central
role in determining the optimal choice. Generally speaking, there is no
“universal” optimal set of parameters as changes in illumination,
contrast, noise level, spatial resolution, and target object size/geometry
possibly affect both gradient strength and region properties.

However, edge-based active contours have the advantage of not
relying on pixel intensity distributions or pixel intensity homogeneity
assumptions. Indeed, they showed robustness to varied factors. Gener-
ally speaking, purely edge-based active contour models may provide
high accuracy in reconstructing the contour of solidified regions when
well-defined intensity gradients are present at the melt boundary. Under

Thick wall structure (2 mm)
Low severity defect
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Fig. 11. — Examples of in-situ powder bed images of the structures affected by the low and high severity defects.
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Table 3 -
In-situ defect detection performances in terms of FP and TP.
Defect Wall Deviation FP TP FP TP
severity thickness metric (%) (%) (%) (%)
p=1 p=5
Low Thin Barea(?) 0 56.3 0 50.0
Duuc(2) 0 125 0 12.5
Dercess (2) 0 100 0 100
Thick Barea(?) 0 0 0 0
Drot(2) 0 125 0 12.5
Dexcess (2) 0 250 0 25.0
High Thin Sarea(2) 2.0 100 2.0 100
Deor(2) 0 188 0 18.8
Dercess (2) 0 100 0 100
Thick Sarea(2) 41 100 20 100
Deot(2) 0 375 0 37.5
Dercess (2) 2.0 100 0 100

such conditions, the solidified contour typically exhibits sharp transi-
tions with respect to the surrounding powder, allowing edge-driven
formulations to precisely localize boundaries. This condition was
observed in the powder-bed images analyzed in the present study with
both illumination settings. When similar imaging conditions are met in
other industrial implementations, edge-based active contours are
therefore expected to provide accurate results. In more challenging
scenarios where edge information is degraded (e.g., due to poor image
quality, severe illumination inhomogeneities, surface reflectivity varia-
tions, etc.), purely edge-based approaches may become less effective. In
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such cases, region-based or hybrid formulations may offer improved
robustness. The proposed calibration procedure is designed to support
the selection of the most suitable active contour configuration under
varying image quality and illumination conditions encountered in L-PBF
applications.

Nonetheless, active contours involve other tuning parameters, like
sigmoid function parameters (ag, and Psig) as well as the “balloon”
parameter that penalizes the direction shrinkage and expansion of the
contour in successive iterations. Regarding industrial implementation,
fine tuning of all parameters may be considered, aiming to determine the
optimal settings to be used in real production.

In the presence of a series production, a few copies of the same part
can be used to tune the active contour parameters. Conversely, if the L-
PBF process is adopted to produce a variety of geometries, ad-hoc cali-
bration specimens can be designed and used to this aim, including the
salient geometrical features of interest (e.g., thin walls, acute corners,
overhang surfaces, etc.). In this study, X-ray CT of as-built parts was used
as a ground truth. This is the only viable solution for calibration speci-
mens that involve internal features that are not accessible with other
methods. However, in case of simpler calibration shapes, different and
more cost-efficient post-process geometry reconstruction methods can
be used instead, e.g., optical or laser scanning of the manufactured part.

The study also highlighted the relevance of choosing appropriate
deviation metrics. The ones investigated here represent just a limited set
of a broad range of suitable quantities that can be computed in-situ.
Metrics such as ﬁm(z), which quantify the point-wise mismatch be-
tween nominal and reconstructed regions, provide a direct measure of
geometric discrepancy and are therefore more suitable for in-situ
monitoring and inspection applications. As discussed, these metrics
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are more sensitive to misalignment errors, but they are also more
effective in capturing localized deviations affecting the overlap between
regions. In contrast, metrics such as S area (2), which only depend on the
total area mismatch, are inherently more robust to misalignment but
may fail to capture local distortions that do not significantly affect the
global area.

From a practical viewpoint, the selection of the deviation metric
should be guided by the expected defect characteristics and by the
dominant sources of variability. When accurate spatial registration can
be ensured and localized defects are of primary concern, overlap-based

metrics (e.g., Dyt (2) or their directional decompositions) are preferable.
Conversely, in scenarios where residual misalignment or imaging un-

certainty is significant, more aggregated metrics such as Sarq(2) may
provide a better compromise and more stable monitoring performance.

A particularly relevant outcome of this study is that monitoring de-
viations affecting the intersection between the in-situ reconstructed re-
gion and the nominal one enables the decomposition of the deviation
into two complementary “directional” descriptors, capturing excess and
lack of material, respectively. This approach was shown to outperform
non-directional metrics in detecting defects like local oversizing caused

by recoating anomalies. We pointed out that the proposed ﬁmt(z) metric
and its directional variants share similarities with overlap-based dis-
tance measures that saturate when the two regions become disjoint.
While this behavior is appropriate for defect detection, since complete
lack of overlap already indicates a severe deviation, it does not capture
the spatial separation between disjoint regions. An extension toward
formulations suitable to incorporate spatial displacement, allowing the
deviation metric to increase as the distance between regions grows, may
be explored in future research.

Another relevant aspect regards the characterization of in-situ
anomaly detection performance. Generally speaking, a rigorous esti-
mation of the minimum detectable anomaly size at a given confidence
level would require a Probability of Detection (PoD) analysis. Such an
approach enables quantifying detection capability as a function of defect
size and variability. A methodology describing how PoD analysis can be
applied to in-situ image data for automated detection of geometrical and
dimensional deviations was recently presented in Bugatti et al. [6]. In
the present study, the limited number of defect severities (two levels)
did not allow for a statistically meaningful Probability of Detection
(PoD) analysis. Nevertheless, the integration of the proposed approach
within a PoD framework represents a highly relevant direction for in-
dustrial application. Such an analysis could be conducted during the
development and calibration phase to systematically assess detection
limits, evaluate the suitability of the in-situ inspection system, and
identify potential margins for improvement. These may arise from both
the hardware side (e.g., camera selection, sensor placement, illumina-
tion conditions) and the image processing side (e.g., segmentation
strategy and parameter tuning).

Apart from the in-situ defect detection capability, Fig. 12 showed
that, despite the optimal choice of edge-based active contours, the
pattern of 1-D deviation profiles may exhibit some variations from part
to part. As an example, this was evident for the thick wall structure
affected by the low severity defect in build 2. This part-to-part vari-
ability of profile patterns may be ascribed to location effects, since
depending on the position of the part within the build, the solidified
surface is captured at different angles, and it reflects light in a different
way towards the camera. Such location-dependent variability affected
in-situ collected data, but it did not reflect in the ground truth mea-
surement. Such location effect, when present, may inflate the natural
variability of deviation profiles and cause higher false alarm rates. The
calibration of the image segmentation method represents one important
way to enhance the robustness of the in-situ detection of geometrical (or
dimensional) deviations, but it may be not sufficient to completely avoid
the issue. To further reduce the natural variability of powder bed images
more effective imaging methods may be explored and implemented.
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Tuning the lighting setup withing the build chamber can only partially
mitigate this effect. A more effective solution would involve the use of
powder bed imaging methods that minimize optical distortions and
perspective errors while homogenising the light reflections over the
whole build area. From this perspective, a blade-mounted imaging sys-
tem may provide notable advantages with respect to standard powder
bed cameras, also enabling a much higher spatial resolution. Examples
can be found in Bugatti and Colosimo [5], and Tan Phuc and Seita [31].
A recent comparison of powder bed imaging methods to enhance the
detection of in-situ geometrical deviations in L-PBF can be found in
Bugatti et al. [6].

5. Conclusions

This study explored the influence of active contour parameters on the
in-situ reconstruction performance, as regards the in-situ inspection and
monitoring of geometrical deviations of lattice structures. It also high-
lighted the role played by the choice of deviation metrics in enhancing
the reconstruction accuracy and improving the defect detection capac-
ity. Despite the increasing attention devoted to in-situ monitoring of
geometrical errors in L-PBF, these aspects have been poorly investigated
in the literature so far. Salient results can be briefly summarized as
follows:

- The tuning of active contour parameters significantly improves the

in-situ reconstruction accuracy; to this aim, a calibration procedure

that is easily implementable in industrial applications has been
proposed;

Edge-based active contour provides segmentation results that are

robust both to variations of illuminations settings (from dark field to

diffused light) and to part size (different lattice structure wall
thickness);

- A proper choice of deviation metric may influence the natural vari-
ability of observed deviations in defect-free conditions and improve
the in-situ detectability of actual defects;

- A directional deviation metric, specifically designed to detect an

excess of material from the nominal geometry, allowed improving

the in-situ detectability of observed defects.

The selection of the monitoring metric should be aligned with the

industrial specifications, accounting both for the type of defect to be

detected and for the critical defect size relevant to the application. In
this way, the metric directly reflects the inspection requirements of
the intended implementation scenario

In-situ inspection of complex shapes like lattice structures, as well as
in-process detection of geometrical deviations during the L-PBF process
represent high TRL methods with a high potential for a direct imple-
mentation in industry. This study contributed to the definition of cali-
bration and validation procedures that can be easily applied in
production environments. Moreover, targeting in-situ imaging and
segmentation methods that are insensitive to variations in the illumi-
nation conditions or part size/geometry is crucial to enhance in-situ
geometry reconstruction accuracy and repeatability, especially for se-
ries production.

One ongoing development regards the extension of the experimental
activity by including validation test cases involving different types and
severity of real defects. The aim is to achieve a broader characterization
of in-situ detection performances while quantitatively assessing the
benefits and drawbacks of different deviation metrics and alternative
monitoring schemes.

A further development regards the extension and scaling of the
proposed method to more general types of part geometries. Indeed, the
proposed approach applied to lattice structures with unit cells of the
same size and shape. Going beyond the framework of structures with
spatially repeating unit cells would require revising the way in which
deviations are quantified and modelled. Different control charting
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schemes have been proposed in Pagani et al. [27] and used in Bugatti
et al. [6]. The calibration procedure proposed in this work is, in prin-
ciple, independent of the specific deviation metric and alarm rule
adopted for anomaly detection and can therefore be applied more
generally across different monitoring frameworks. However, the tuning
and adaptation of the method to lattice structures with spatially varying
geometries remains an open aspect and is currently under investigation.
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