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Abstract. Despite continuous technological improvements in metal additive manufacturing (AM) systems,
process stability is still affected by several possible sources of defects especially in the presence of
challenging materials. Thus, both the research community and the major AM system developers have
focused an increasing attention on in situ sensing and monitoring tools in the last years. However, there is
still a lack of statistical methods to automatically detect the onset of a defect and signal an alarm during
the part’s layer-wise production. This study contributes to this framework with two levels of novelty. First,
it presents an in situ monitoring method that integrates the acquisition of infrared images with a data
mining approach for feature extraction and a statistical process monitoring technique to design a data-
driven and automated alarm rule. Second, the method is monitors powder bed fusion processes for difficult-
to-process materials like zinc and its alloys, which impose several challenges to the process stability and
quality because of their low melting and boiling points. To this aim, the proposed approach analyzes the
byproducts generated by the interaction between the energy source and the material. In particular, it
detects unstable behaviors by analyzing the salient properties of the process plume to detect unstable
melting conditions. This case study entails an SLM process on zinc powder, where different sets of process
parameters were tested leading either to in-control or out-of-control quality conditions. A comparison

analysis highlights the effectiveness of plume-based stability monitoring.

Keywords: metal additive manufacturing; selective laser melting; in situ monitoring; infrared imaging;

zinc; process plume.

1 Introduction

Selective laser melting (SLM) is an additive manufacturing (AM) process to produce metal
parts via powder bed fusion. This kind of process provides great flexibility for the production of
highly customized items, lightweight structures, innovative shapes, parts with complicated

internal channels, etc. [1 — 9]. A laser is used to locally melt a thin layer of metal powder (e.g.,
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about 40 — 50 pum) deposited on a flat substrate along a predefined scanning path. Once the SLM
process of a full slice has been realized, the substrate is lowered, and a new layer of powder is
deposited, and the next slice is scanned. For an overview of the process and the related technology,
the interested reader may refer to the literature [1]. The accuracy of the produced parts—together
with their mechanical and physical properties—make this kind of process suitable for the
production of functional parts in several sectors (healthcare, aerospace, automotive, tooling and
molding, etc.) [1 - 4]. In addition, the possibility of producing structures and free-form shapes
that are difficult or even impossible to produce with other existing technologies makes SLM
systems industrially attractive for a wide range of innovative applications.

However, different quality-related issues still affect the capability, stability and repeatability
of the process. Local defects may occur during the layer-wise production of the part: the root
causes may include improper process parameters, insufficient supports, a non-homogeneous
powder deposition, improper heat exchanges, material contaminations, etc. [10 - 15]. A rapidly
increasing literature in this framework has been devoted to the development of in-process
monitoring tools [10 - 15]. These methods involve indirect measurements based on in situ sensors
of quantities related to the final part quality rather than relying on direct (post-process) quality
inspections. Indeed, the fast recognition of an out-of-control state is important to abort the SLM
process as soon as possible saving time and preventing waste of expensive material. It is also
important to implement novel feedback control strategies to mitigate the propagation of defects
and, when possible, to recover from the unstable condition in a first-time-right oriented
framework.

With few exceptions, in situ SLM monitoring methods proposed in the literature can be
divided into two groups: (i) co-axial monitoring of the melt pool via in situ sensors by exploiting
the optical path of the laser [16 - 28] and (ii) off-axial monitoring devoted to other categories of
signatures measured by sensors placed outside the laser optical path [29 - 43]. The melt pool
properties (i.e., size, shape and temperature profile) are important proxies of the SLM process
quality and stability. They have attracted a wide range of research interest in recent years within

the metal AM community. However, off-axis sensors offer additional information including the



geometry and temperature profile over the entire track, the amount of ejected material and side-
products, the powder bed homogeneity, the geometry and topography of the scanned slice, etc.

Most studies have focused on in situ sensing and data acquisition solutions, but there is still
a lack of monitoring methods to automatically detect the onset of the defect and to signal an alarm
during the layer-wise production of the part [12]. The first contribution of this study is an
automated and data-driven tool to detect process instabilities, which inherits the signal-based
process monitoring perspective adopted in the industrial statistics framework [44] and extends it
to AM applications. The proposed method is based on the continuous acquisition of infrared (IR)
images via an off-axis mounted thermal camera. The method integrates a data mining approach
for image segmentation and extraction of relevant information within the regions of interest with
a statistical process monitoring technique that allows the design of a data-driven and automated
alarm rule. This approach is used for defect detection in the presence of thermally sensitive
materials that produce larger amounts of metallic vapor and byproducts than other materials with
a possible detrimental effect on the SLM process stability.

Zinc and its alloys belong to this category: They constitute a new family of biodegradable
alloys for biomedical devices whose use in AM applications has been gaining an increasing
interest [45]. However, due to their low melting and boiling points, the SLM of zinc powder
produces large quantities of plume, which differs from the surrounding atmosphere in terms of
chemical composition, temperature and pressure. In fact, during the SLM process, partial material
vaporization may occur: King et al. [46] reported the formation of plasma due to the ionization
of the metallic vapor and the surrounding gas. Further vapor formation and heating of the
surrounding gas forms the process plume. The plume can induce changes in the optical properties
of the beam path, which may alter the beam profile and energy density on the material’s surface
[47]. Moreover, heat accumulations and thermal drifts during the process can change the plume
quantity and form. This yields detrimental effects on the process stability that may lead to poor
part quality—especially regarding the internal and sub-surface porosity [48].

Many groups have investigated the plume properties in laser welding [49 - 52] and metal AM

[53 - 54], but, to the best of our knowledge, such an information has never been used for



monitoring purposes in SLM. On the contrary, this study is the first attempt to develop an in situ
monitoring methodology that relies on the analysis of the process plume properties as proxies of
the SLM process stability to detect unstable melting conditions since their early stage. Thermal
images are segmented to extract the region of interest (ROI) that includes the plume emission.
Then, a multivariate control-charting scheme is proposed to monitor the selected ROI statistical
descriptors (i.e., the area and the mean intensity) to rapidly detect departures from a stable pattern
in terms of plume emissions.

We compare different segmentation algorithms and propose an automated rule to isolate the
ROI from the rest of the image. A case study is presented that consists of an SLM process on zinc
powder where both stable and unstable melting conditions were observed. The results show that
the plume descriptors can determine the stability of the process and anticipate the departure from
in-control (stable) behaviors. The proposed method is compared against benchmark competitors
to highlight the benefits and resulting performance.

Section 2 presents the experimental setup adopted during the SLM of zinc powder in the
presence of both stable and unstable melting conditions; Section 3 describes the image pre-
processing and process monitoring steps of the proposed approach; Section 4 presents a

discussion of the results; and Section 5 concludes the paper.

2 Experimental setup

Zinc and its alloys are the newest family of materials in biodegradable metals.
Biodegradability refers to the dissolution of the medical device inside the human body once it
fulfills its duty [55]. This property is especially appealing in cardiovascular stents. The recently
developed attention on zinc is due to a biodegradation rate that is slower than Mg- and Fe-based
alloys [45]. The use of zinc in additive manufacturing processes has not received much attention
so far due to the restricted applications of the pure metal and its alloys. Moreover, pure zinc is
highly problematic within the SLM process because of its very low melting (7;,, = 693 K) and
vaporization (T, = 1180 K) points [48]. These characteristics render the processability of zinc

and its alloys particularly difficult due to the excessive vapor and plume generation. The process



can be stabilized provided adequate solutions to eliminate the particle accumulation in the
processing chamber. Within stable operating conditions, pure zinc shows a peculiar type of defect
consisting of partial disintegration at high energy density levels. The defect does not manifest
immediately, but occurs after a certain number of layers have been deposited with consecutive
heat accumulation. As a result, a material burst is observed during the melting of a layer, and it
yielded a disintegration of the previously built layers [56]. Such a defect can be avoided by an
adequate choice of processing parameters. However, heat accumulation depends on the form and
the size of the scanned geometry and prevents excessive accumulation within the entire build; this
is a difficult task in practice. In particular, thinner sections are known to be more prone to such
phenomenon. Therefore, it is important to control the process evolution via process monitoring

tools to quickly detect unstable behaviors.
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Fig. 1 —a) A view of the building chamber of the SLM system prototype used for the experimental
activity; b) side view of the IR camera setup.

In our case study, we used a prototype SLM system named the Powderful (Fig. 1, left panel).
The system is composed of a multimode fiber laser source with 1 kW maximum power (IPG
Photonics YLR-1000, Cambridge, MA, USA) coupled to a scanner (EI.En. Scan Fiber, Florence,
Italy). The scan path trajectory was designed with the LogoTag software (Taglio, Piobesi D'alba,
Italy). Cubic specimens of size 5 x5 x 5mm were realized with different sets of process
parameters. In particular, the laser power (P), the scan speed (v) and the hatch distance between

the consecutive scan lines (h) were modified. A fixed scan direction was applied at each layer



corresponding to a pathway from left to right within the field of view of the thermal camera. The
parameter sets (see Table 1) have been divided into three categories, hereafter named Scenario 1,
2 and 3 depending on the observed quality of the final parts. In Scenario 1, three sets of parameters
were tested, and all of them yielded a stable process with in-control quality properties of the final
parts. Scenario 2 and 3 are unstable process conditions that yielded part disintegration after a
certain amount of layers. In these conditions, specimens could be built to around 3 mm height
after which the previously built layers collapsed with a burst of material from the surface.

Table 1 — SLM process parameters used different scenarios.

Fixed parameters Values

Focal position, 4z (mm) 0

Layer thickness, t (um) 50

Scenario-dependent Laser power, P Scan speed, v Hatch distance, Apparent

parameters (W) (mm/s) h (um) density, 0a (%)

Scenario 1 Setl 110 475 160 96.2+1.2
Set 2 195 679 160 98.4+1.3
Set3 195 475 160 98.7+0.4

Scenario 2 195 475 78 n/a

Scenario 3 195 270 160 n/a

The specimens are shown in Fig. 2. Fig. 3 presents a representative cross-section image of
the samples obtained in Scenario 1. The specimens are characterized by a small fraction in
porosity dispersed around the area. The apparent density was measured over optical microscopy
images. The density values ranged between 96.2% and 98.7% under in-control scenarios; density
could not be measured for out-of-control scenarios. Scenario 1 is used in the next section to
illustrate the different steps of the proposed approach and as a reference for a comparison analysis
against benchmark methods. Scenario 2 and 3 are used in Section 4 to discuss the performances

of our proposed approach in the presence of out-of-control quality conditions.



Scenario 1 (In-control)
Process parameters: Set 3

Scenario 1 (In-control)
Process parameters: Set 1
\ Scenario 3 (Out-of-control)

\
f \ Scenario 2 (Out-of-control)
Scenario 1 (In-control) Scenario 1 (In-control)
Process parameters: Set 2 Process parameters: Set 3

Fig. 2 — Specimens produced under in-control (Scenario 1) and out-of-control (Scenario 2 and 3)
SLM process conditions.
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Fig. 3 — Cross section images of the samples obtained with in control processing conditions
(Scenario 1).

Infrared images were acquired via a FLIR SC3000 with a spectral range of 8 — 9 um placed
at about ¢ = 30° above the powder bed with a sampling frequency f; = 50Hz, a spatial
resolution of 320 x 240 pixels, and an approximated temperature range of 100 — 500 °C (Fig.
1, right panel). The sampling frequency was chosen as a compromise between the capability of
properly characterizing the shape/size evolution of the ROI during the scanning of each slice, the
spatial resolution of the ROI representation and analysis, and the computational cost needed for
image processing and in-process monitoring. The emissivity of the monitored object needs to be
known to achieve absolute temperature measurements via IR imaging. However, this coefficient
is typically difficult to determine due to the physical transformations that the material undergoes

during the SLM process, i.e., from powder to molten form and then from molten to solid form



[10 — 11]. Thus, a rough calibration was applied considering only the emissivity of the material
in its solid state. This allowed us to represent the pattern of the temperature intensity map within
each frame for spatial and temporal temperature variation analysis rather than acquiring point-
wise temperature measurements. The thermal images were then normalized into a gray scale pixel
intensity map ranging from 0 (black - cold) to 1 (white - hot) for image segmentation purposes.

In each scenario, the dataset consists of IR image streams acquired during the SLM of 14
non-consecutive layers. The first four monitored layers are spaced two layers apart, and they
belong to the bottom of the cubic specimens (in the height range 0.2 — 0.5 mm from the substrate
along the build direction). They were used as a training phase for our proposed approach under
the assumption that unstable melting produces a departure from in-control conditions that grow
over time layer to layer. Generally speaking, the choice of the number of layers to be used as a
training phase should result from a compromise between the reactivity of the monitoring tool and
the need to collect a sufficient amount of data to reliably start monitoring the process.

The next ten monitored layers are spaced five layers apart 0.5 — 3 mm from the substrate. The
collapse of cubes in Scenario 2 and 3 became evident in the last layers especially in Scenario 3
where the plume emissions considerably increased eventually leading to a disintegration of
previously melted layers that generated a visible material ejection accompanied by an increase in
the plume quantity (see Section 4). However, the aim of the proposed methodology anticipates
detection of process instability by signaling an out-of-control condition since its onset stage. The
process was intentionally continued to observe the unstable growth over time. This was aborted
only after partial disintegration. In contrast, Scenario 1 had no process interruption, and all parts

were produced.

3 Image segmentation and process monitoring
The IR image stream acquired during the SLM process can be represented as a 3-dimensional
array, U € R/*M*N "where J is the total number of acquired frames, and M x N is the size of

each frame in pixels. The 3-dimensional array U is such that U = {U4, U, ..., U;} where U; €

RM*N js the jt" frame of size M x N,andj = 1, ...,].



The overall array can be divided into a training set, U; = {U,, U5, ..., Ux}, and a monitoring
set, U;; = {Uk+1,Ug42, ..., U;}. The training set includes the frames acquired in a small number
of initial layers whereas the monitoring set includes all the remaining frames. Each frame, Uy,
represents an IR image characterized by a dark (cold) background and multiple hot foreground
regions either corresponding to the plume, the laser heated zone (LHZ), or the spatters. The LHZ
is the light-emitting region of the slice whose temperature is affected by the transition of the laser
spot along its predefined scanning path, whereas the plume originates from that zone and extends
above the slice. In this study, the process monitoring approach is focused on the plume. Thus, the
spatters are filtered out and are not included into the design of the monitoring scheme. Generally
speaking, the region of interest (ROI) consists of the union of the plume and the LHZ because
these two regions are partially overlapped in most frames (further details about the aspect of the
ROI are provided below). Although the spatters could be, in principle, potential sources of
information, their analysis would require considerably higher sampling frequencies to follow their
motion and properly describe their generation mechanism. A comparison with methods that
include the spatters among the monitored features is discussed in Section 4. Future research will
consider the spatters as additional information sources via different in situ sensing setups (a first

study on this topic can be found in [57]).
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Fig. 4 — Image processing steps for ROl extraction

Fig. 4 shows the sequence of operations to segment the images and extract the ROI. The two

major steps involve image thresholding and the classification of the connected components?.

2 A connected component is a set of connected pixels that constitute the ROI or other foreground
objects (i.e., the spatters).



These are discussed in sub-section 3.1. The computation of ROI statistical descriptors and the

design of the process-monitoring tools are discussed in sub-sections 3.2.

3.1 Image thresholding and ROI classification

Image thresholding is necessary to separate the foreground components (i.e., ROIs and
spatters) from the background as a preliminary step for subsequent classification and statistical
descriptor computation. In [58], thresholding methods are divided into the following categories:
histogram-based, clustering-based, entropy-based, attribute-based, spatial and local approaches.
A comparison of most of them in different benchmark applications was discussed in [58 - 59]
where the authors pointed out that the choice of the most suitable technique is problem-dependent
because the achieved performances depend on the nature and properties of the target image.

As far as bi-level thresholding is concerned (as in the present study), the most commonly used
approach consists of converting the color image to grayscale and then applying gray level
thresholding techniques [60]. Although an exhaustive comparison of the large number of existing
methods goes beyond the scope of this study, the most popular approaches available in
commercial image processing toolboxes were considered. These include: (1) the IsoData
algorithm [61], which is the default choice in the open-source ImageJ software, (2) the Otsu’s
method [62], which is the default choice in the Matlab Image Processing Toolbox, (3) the Li’s
minimum cross entropy method [63], (4) the Huang’s fuzzy thresholding method [64], and (5)
the k-means clustering-based thresholding [65]. All of these methods aim to find an optimal
threshold value depending on the specific target function. An example of thresholding results for
one IR image of our dataset is shown in Fig. 5, where the left-oriented plume emission is clearly
visible. The optimal threshold value is denoted by T. All compared methods provide similar

results in this case.
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Fig. 5 — Top-left panel: Example of IR image where the plume is evident; Other panels:
segmentation results based on IsoData, Otsu’s, Li’s, Huang’s and k-means methods

A larger difference among the competing methods was observed in the presence of frames
where the plume was small or even absent as in Fig. 6. As an example, the original image in Fig.
6 top-left panel exhibits a LHZ and eight big spatters. The Otsu’s, Li’s and k-means methods
provided the best results in this case where both the LHZ and the spatters were clearly extracted
from the background. Avoiding improper segmentations like the ones provided by IsoData and
Huang’s methods is important to prevent false alarms caused by image processing errors during
in situ monitoring.

Original IsoData (T=0.0118) Otsu (T=0.1873)

Li (T=0.0873) Huang (T=0.0196) k-means (T=0.1922)

»

Fig. 6 — Top-left panel: Example of IR image where only the LHZ and the spatters are evident;
Other panels: Segmentation results based on IsoData, Otsu’s, Li’s, Huang’s, and k-means
methods.



The Otsu’s method and the k-means clustering implement different optimization strategies
but they share the same criterion [66], and this explains why they yield similar results. However,
the Otsu’s method avoids the risk of convergence to local minima depending on cluster
initialization. In this study, we applied Otsu’s method, which yielded very good results for all
acquired video frames.

The step after image segmentation consists of identifying the ROI by separating it from the
spatters. In the laser welding literature, some authors [49 - 51] applied a classification simply
based on the area of the connected components. The components with smaller area than a given
threshold were classified as spatters and filtered out. However, no automated method for the
choice of this threshold, hereafter denoted by S, was proposed in the literature. In this study, we
propose a data-driven rule to estimate S, which relies on the following two considerations. First,
the smaller is the value of S, and a larger number of connected components are classified as an
ROI in one single frame. Hence, there is a higher probability of a misclassification. On the other
hand, larger values of S result in a larger number of frames where no connected component is
classified as a ROI due to filtering out both the spatters and the ROI. Let P; (S) be the percentage
of frames belonging to the training set where more than one connected component has been
classified as ROI. Let P,(S) be the percentage of frames belonging to the training set where no
connected component has been classified as an ROI. P, (S) is a monotone decreasing function of
S whereas P, (S) is a monotone increasing function of S. Thus, the best compromise between the
two percentages corresponds to the intersection of the two curves. The corresponding value of the
threshold is the one we suggest for the ROI extraction in every monitored frame.

Fig. 7 shows the P;(S) and P,(S) functions computed in the range S € [10 - 100] for the
monitored layers belonging to the training phase of Scenario 1. In this case, the optimal choice is
S = 64 pixels. When more than one connected component is classified as an ROl in one single
frame, then the ROI is defined as the union of all of them. This is also done to cope with the
possible occurrence of bi-modal ROIs, i.e., ROIs divided into two distinct regions of the IR image.

Bi-modal ROIs were observed in some cases where the plume was separated from the LHZ.



The choice of S is completely data-driven, and hence the estimation of S is part of the

calibration procedure that is carried out during the training phase of the monitoring algorithm.

Choice of S - Scenario 1

Percentage (%)

10 20 30 40 50 60 70 80 a0 100
Threshold on Area (S)

Fig. 7 - P,(S) and P,(S) curves in Scenario 1. The vertical dotted line corresponds to the best
compromise choice of § according to the proposed approach.
3.2 Statistical descriptors estimation and control chart design
After the image segmentation and ROI classification steps, suitable statistical descriptors can
be computed to determine the stability over time of the plume emissions. Despite a lack of studies
in the SLM literature about plume descriptors, literature on laser welding or direct energy
deposition provides some results that can be extended to SLM processes. In particular, a few
previous studies [49 - 51] have shown that the descriptor of main interest to be related to the
process stability is the size of the plume (either expressed in terms of its area or its height, which
are two strongly correlated quantities). Indeed, a large plume can deflect and absorb the laser
beam energy, which changes the beam geometry and energy density reaching the material surface.
However, in the case of temperature sensitive materials such as zinc the size of the plume is also
expected to be a proxy for the heat accumulation. Moreover, zinc is highly prone to vaporization
under laser irradiance as demonstrated in laser welding operations [67].
The peculiar process instability during the SLM of zinc is related to a partial disintegration
phenomenon that can be linked to bubble formation and pressure increase around the process zone

[68]. Thus, the plume size can be used as a direct indicator to signal the onset of this phenomenon.



In this study, the area of the j-th ROI, A;, can be approximated by the number of pixels, n;,
included into the ROI, 4; =n;, j =1,2,... The temperature of the ROI is one additional
descriptor of interest. In the absence of ionization, the increased temperature can be linked to the
increased amount of material vaporization and heating of the surrounding gas. Despite being
strictly related to the energy input to the material, the plume size and its temperature do not
necessarily provide the same type of information. Apart from the energy input, the plume size can
be affected by pressure field variations, and the gas flow and the scan direction [69 - 70]. On the
other hand, the average temperature also depends on the plume composition and the possible
occurrence of ionization. Hence, in some cases, different plume temperatures can be achieved
with a similar plume size. Thus, a second descriptor is proposed, which consists of the average

intensity of all the pixels belonging to the ROI, E = ZiEROIj%,j = 1,2, .... As an example, the
J

bivariate scatterplot of the two descriptors, A; and E computed during both the training phase

and the monitoring phase of Scenario 1 are shown in Fig. 8.
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Fig. 8 — Scatterplot of the bivariate monitored descriptors in training phase and monitoring phase,
Scenario 1.
A comparison between the data scatter in the training phase and the monitoring phase shows
that the SLM process remained stable in Scenario 1 in terms of area and mean intensity of the

ROI. This is coherent with the inspections and measurements performed on the produced



specimens. However, the non-normal distribution of the multivariate data implies the need to
estimate the empirical distribution for control chart design as outlined in the next sub-section.

A bivariate control charting scheme can monitor the ROI stability over time and to
automatically signal alarms in the presence of statistically significant departures from the training
patterns. The proposed approach is based on the Hotelling’s T? statistic [44], where the kernel
density estimation (KDE) methodology [71] is used to cope with the non-normality of the
monitored descriptors. The resulting control chart is also known as KDE-based T2 chart [72]. The
KDE allows one to express the control limit as the upper 100(1 — «)% percentile of the fitted
distribution of the T2 statistic computed during the training phase where « is the Type | error.

The Hotelling’s T2 statistic is defined as follows:
T . _ -\ .
T2 = (3 - %) (x5~ %)) = 12, ®

where x; = [4;, E]T is the j-th bivariate vector of monitored descriptors, X is the training sample
mean vector, and S is the sample variance-covariance matrix of the training dataset X =

[x1,..x

s .., x¢]T. The matrix S is computed as follows: Let Vi =Xj41—X,j=1,..,K—1,be

the vector of successive differences, and let V = [vy, ... v, ..., Vx_1] be the matrix of successive
difference vectors. The variance-covariance matrix estimator § = 2[V'V/(K — 1)] is then used
[73]. The KDE algorithm used here, a.k.a. unbiased cross-validation (UCV), is briefly reviewed
in Appendix A.

Fig. 9 shows the resulting control chart for Scenario 1 where the training phase consists of
four initial layers and the monitoring phase includes ten successive layers. The target Type | error
was @ = 0.01. The control chart in Fig. 9 confirms the findings of inspections and measurements
on the produced specimens, i.e., that the SLM in Scenario 1 was stable and representative of an

in-control process.
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Fig. 9 — Proposed control charts in Scenario 1; the vertical dashed line separates the training phase
from the monitoring phase; vertical dotted lines separate the monitored layers.

Although a plume-based monitoring approach has never been proposed in the SLM literature,
two competitors were considered here as alternatives to our monitoring approach. The first simply
consists of monitoring the mean pixel intensity of the original image without any segmentation
operation (hereafter denoted as Competitor 1). This is representative of the simplest image-based
monitoring approach for computationally efficient implementation in SLM applications. The
descriptors refer to the entire video frame, and hence they are influenced not only by the presence
of the plume, but also by the spatters and other hot spots that may originate during the process.
Also, a KDE-based control limit estimation was adopted to monitor the statistical descriptor.

A second competitor is analogous to our proposed approach, but it skips the classification
step to separate the ROI from the spatters; hence it applies the control charting scheme to all
detected components in the IR images (Competitor 2). This is representative of a method that
exploits the information coming from both the plume and the spatters without the need for any
classification operation. The cumulative area of all the components in each frame and their mean
intensity were used as statistical descriptors monitored via the KDE-based T2 control chart.

Fig. 10 compares the control charts associated with the alternative methods in Scenario 1.
Competitor 1 yields a false alarm rate larger than the target one, and the T2 statistic also exhibits
an autocorrelated and seasonal pattern that is caused by fluctuations of background intensities due
to light reflections and spatters. The wild fluctuation of the spatter spread from one frame to
another inflates the variability of the control statistic leading to a larger occurrence of false alarms
under controlled conditions. In fact, the low sampling frequency (f; = 50 Hz) does not allow a

proper characterization of the spatter kinematics, and this makes the presence of spatters a



nuisance factor rather than an additional information source. An analogous problem was observed
in the case of Competitor 2 where the inclusion of the spatters into the monitored ROI generated
a considerably skewed distribution of the T?2 statistic with a consequent increase of alarms under
in-control conditions. The alarms signaled by the two competitors are false alarms because post-
processing quality inspections on the specimens produced in Scenario 1 highlighted the absence
of defects and process errors. This implies that the proposed approach should be preferred to the
two considered competitors—it is more robust to nuisance factors and can properly capture the

stability of the SLM process.
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Fig. 10 — Top panel: proposed control chart in Scenario 1 (in-control); central and bottom panels:
control charts corresponding to Competitor 1 and 2 in Scenario 1; vertical dashed lines separate
the training phase from the monitoring phase; vertical dotted lines separate the monitored layers



4 Results and discussion

The results achieved by applying the proposed approach to Scenario 2 and 3 are discussed in sub-
section 4.1 whereas sub-section 4.2 presents a sensitivity analysis of the control charts with

respect to the choice of threshold S.

4.1 Process monitoring of Scenario 2 and 3

Fig. 11 shows a scatterplot of the bivariate data vectors x; = [4;, E]T belonging to the training
set of Scenario 2 and 3 compared with the one in Scenario 1. The spread of the training data in
Scenario 2 and 3 is considerably larger than in Scenario 1—especially regarding the area

descriptor. This is related to the different energy densities associated with the choice of process

parameters in those scenarios.
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Fig. 11 — Scatterplot of the bivariate monitored descriptors acquired during the training phase in
different scenarios.
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Fig. 12 — Top panel: Proposed control chart in Scenario 2 (out-of-control); Bottom panel: proposed
control chart in Scenario 3 (out-of-control); vertical dashed lines separate the training phase from
the monitoring phase; vertical dotted lines separate the monitored layers.

Fig. 12 shows the KDE-based T2 control charts for Scenario 2 and 3. The target Type | error
was a = 0.01 in all scenarios. Fig. 12 shows that some instability originated during the process
leading to an increasing occurrence of large T2 peaks during the monitoring phase. This
corresponds to anomalous values of the ROI descriptors. In particular, Scenario 2 has the largest
peaks observed during the 11" monitored layer, but other control limit violations occurred starting
from the 6" layer. In Scenario 3, a few out-of-control data points were signaled during the sixth
and seventh monitored layer, but the frequency and severity of out-of-control signals grew over
time. In this last scenario, the most severe peaks of the T2 statistic correspond to the generation
of large hot gas clouds in the 14™ monitored layer similar to the ones produced by explosions.
The most evident of these events are shown in Fig. 13—the ROI consists of a very large and hot

region that moved towards the upper part of the IR image.
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Fig. 13 — ROl extracted in three consecutive frames in Scenario 3 (14" monitored layer) signaled by
the control chart as out-of-control.

The event depicted in Fig. 13 was the final result of an unstable melting condition that led to
the disintegration of previously built layers. The onset of this instability was signaled by different
layers in advance of the control chart. Considering that the monitored layers are spaced five layers
apart, such an instable condition could be signaled at least 35 layers in advance with considerable
material and time waste reduction if the process was stopped.

A further comparison between in-control and out-of-control scenarios is shown in Fig. 14.
The sample mean and standard deviation of the T2 statistic were computed in each layer, and the
corresponding time-series plots are shown in Fig. 14. The first two moments of the T2 distribution
are stable over all the monitored layers in Scenario 1, which confirms the results discussed in the
previous Section. In contrast, Scenario 2 and 3 show a trend of both the sample mean and sample
standard deviation starting from the initial layers. This suggests that the Hotelling’s T2 statistic
based on the descriptors of plume emissions is suitable to determine the stability of the SLM
process and to anticipate the detection of out-of-control conditions. This is made possible by
training the chart only on data acquired during the current process, i.e., the data acquired during

a small number of initial layers even when the instability originates very early in the process.
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Same time-series in Scenario 3; vertical dotted line separates training and monitoring phases.

Fig. 15 shows a scatterplot of the out-of-control observations signaled by the control charts
in Scenario 2 (left panel) and Scenario 3 (right panel) superimposed on the training data. Fig. 15
shows the most important descriptor to detect the process instability is the plume area. Indeed, in
both Scenario 2 and Scenario 3, the out-of-control states correspond to ROIs having a larger area
than the one observed during the training phase. The contribution of the mean intensity descriptor,
however, provides some additional information from a diagnostic viewpoint. The most severe
out-of-control data in Scenario 2 corresponds to low intensity values. This is caused by an increase
in the upper part of the plume where the intensity is lower than in the bottom part (the LHZ). On
the contrary, Scenario 3 shows that the most severe out-of-control data corresponds to
medium/high intensity values, which is caused by a different kind of event, i.e., the generation of

large hot gas clouds as discussed above. Future studies may include additional statistical



descriptors of the selected ROI to get a deeper characterization of the plume emissions for

diagnostic analysis.
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Fig. 15 — Scatterplot of training data and data signaled as out-of-control in Phase 11, in Scenario 2
(left panel), and Scenario 3 (right panel).

4.2 Sensitivity analysis with respect to the threshold S

The threshold S determines which connected components are included into the ROI for
process monitoring. An example of the sensitivity of the proposed control chart in Scenario 1 with
respect to such a threshold is shown is Fig. 16 (the optimal choice based on the proposed technique
was S = 64). Fig. 16 shows that the pattern of the monitored statistics is poorly affected by the
choice of S in the range 45 < S < 85, but for smaller values of S,the number and entities of data
points above the control limit increases because of an increasing number of spatters included into
the ROI. For S = 0, the control chart coincides with the one called “Competitor 27, i.e., the
competitor that includes all foreground connected components into the ROI. Indeed, no

classification is applied when S = 0.
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Fig. 16 — Proposed control charts in Scenario 1 corresponding to different choices of the threshold
S.

5 Conclusion

The improvement of the process capability and stability in SLM still deserves research efforts
to meet challenging industrial requirements. Different kinds of defects may originate during the
layer-wise production of the part with a detrimental impact on its geometrical or
mechanical/physical properties. Higher complexity values of produced shapes and structures
result in worse inspectability of the defects. This pushes the need for in-process monitoring
solutions. This study determined the suitability of the plume properties as signatures of the SLM
process stability. A case study of SLM on zinc powder was presented, which involves both stable
and unstable melting conditions. A particular defect type was found in the processing of zinc and
was related to partial disintegration due to excessive heat accumulation. The proposed approach
exploits IR images acquired with an off-axial IR camera to detect possible deviations from a stable

behavior since their early stage. The underlying idea is that the statistical descriptors of the plume

should be stable over time under in-control conditions. Thus, a small number of initial layers can



be used to characterize the dynamic behavior of the process in terms of measurable signatures
and to design a control chart (training phase) that will be applied to any successive layer of the
same process.

We proposed an automated rule to extract the region of interest from each monitored image
such that only the relevant portion of the video frame may be used for monitoring purposes. The
area and mean intensity of the same region can then be monitored via a T2 control chart. A
comparison analysis showed that the proposed approach is more effective than monitoring the
original IR frames without any segmentation and/or ROI identification. The study also showed
that the proposed method is robust to the choice of the threshold adopted to separate the ROI from
other foreground features, i.e., the spatters.

Future developments will verify the suitability and the performances of the proposed
approach for image streams acquired with a different frame rate or with a different experimental
setup. Generally speaking, ex-ante or external information about the laser trajectory can be
integrated into the monitoring scheme to enhance the process behavior characterization and to
link the estimated signatures to known process dynamics. Future research efforts will be aimed at

facing these issues.
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Nomenclature

a Type I error

Aj Avrea of the ROI in the j-th video frame
fs Sampling frequency

f(x) Probability density function

h Kernel bandwidth

IC In-control

I Pixel intensity
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Ker{x}

M XN

00C
P,(S)
Py(S)
RGB

ROI

SLM

LHZ

TZ

Average intensity of the ROI in the j-th video frame
Infrared

Total number of acquired images

Number of frames included into the training phase
Kernel density estimation

Kernel function

Size of IR images

Number of pixels of the ROI in the j-th video frame
Out-of-control

% of frames with more than one connected component classified as ROI
% of frames with more no connected component was classified as ROI
Red green blue

Region of interest

Area threshold

Sample variance-covariance matrix

Selective laser melting

Laser heated zone

Binarization threshold

Hotelling’s statistic

3-dimensional array representing the IR image stream
j-th IR video frame

Unbiased cross-validation

Matrix of successive difference vectors

Bi-variate monitored variable

Training dataset (monitored descriptors)
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Appendix A — The Unbiased Cross-Validation procedure

KDE algorithms share the same underlying idea, i.e., fitting the density function f(x) of
a random variable x at a point x; using the neighbouring observations such that the influence of
x; on the estimate at any x vanishes asymptotically. The kernel estimator of the probability density

function f(x) is given by [74]:

K

fG) =K1Y hKer{(x —T7)/1} (A1)
j=1

Two relevant issues consist of the choice of the kernel function, Ker{x}, and the selection

of an optimal kernel bandwidth, . The most common choice for the kernel function consists of
the Gaussian radial basis function, RBF, whereas the choice of the bandwidth is more critical.

The essential idea of UCV is to use the bandwidth, &, which minimizes the function:

~ R 2 R
uev(R) = [ Faterax =2 fr (17) (A2)
]
Here, fﬁ denotes the kernel estimator based on the choice h, and fﬁ, i denotes the leave-one-out

kernel estimator defined as follows:



K
fry0) = K =17 hiKer{(x = T2) /R} (A3)
u=1

u#j

Thus, the optimal choice  is defined by:

h =arg min UcvV(h) (A4)
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