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Abstract 
Key industrial sectors for the implementation of metal additive manufacturing (AM) systems, like aerospace and bio-medical 
industries, involve stringent quality and certification requirements that are difficult to meet at the current technological maturity 
level. One major barrier is represented by the limited stability and repeatability of the AM processes. This motivates the development 
of in-situ monitoring and control solutions for a zero-defect oriented production. Most efforts in the literature and in industry have 
been focused on gathering in-situ sensor data so far, but what is still lacking is the availability of data analytics tools able to make 
sense of big amounts of acquired signals and yield automated defect detection and localization capabilities. Automated alarm rules 
represent a first necessary step to design novel closed-loop control strategies for defect mitigation or even defect repair methods 
that are still not available in commercial systems. In this framework, we present statistical image-based methods for in-situ 
monitoring of various kinds of “process signatures” aimed at characterizing the melting state and detecting local defects during the 
layer-wise production of the part. The proposed methodologies are applied to real case studies in Selective Laser Melting (SLM). 
 
Additive Manufacturing, Laser Powder Bed Fusion, in-situ monitoring, zero-defect, image analysis     
   

 

1. Introduction   

Different authors pointed out that the lack of process stability 
and repeatability still represents a major barrier for the 
industrial breakthrough of metal additive manufacturing (AM) 
systems [1-4]. Most AM system developers are currently 
investing R&D efforts in the development of integrated sensing 
equipment to gather data during the layer-by-layer production. 
At the same time, there is a quickly evolving literature devoted 
to AM process monitoring tools to extract different descriptors 
of the process stability and quality from in-situ sensor data. 
Different review studies were aimed at providing an overview of 
the rapidly evolving state-of-the-art in this field [1-6]. 

The largest portion of the literature currently focuses on 
sensing configurations and data pre-processing methods for 
feature extraction. Very few studies have proposed statistical 
monitoring methods able to detect the onset of defects via 
automated alarm rules (see for example [6] and the literature 
therein). As a matter of fact, the ability of making sense of large 
amounts of in-situ data (e.g., infrared images, high-speed video 
image data, etc.) to activate in-process actions still represent an 
open issue and currently lacks in off-the-shelf AM systems. In 
fact, feedback control strategies and defect removal methods 
have been investigated by very few authors so far (see Section 
4). 

This study reviews the state-of-the-art on in-situ monitoring 
for laser powder bed fusion processes. It presents a discussion 
of the needs for advanced data mining techniques for effective 
and reliable in-process detection of defects in the framework of 
zero-defect AM processes. Examples of novel image-based 
statistical process monitoring tools for in-situ detection and 
localization of defects in laser powder bed fusion are presented 
as well.  

2. In-situ monitoring methodologies 

In laser powder bed fusion, different kinds of defects may 
originate during the production of the part. They include internal 
and sub-surface porosity, which is particularly critical as it affects 
the fatigue performances and the crack growth characteristics 
[7]. The fatigue performances and the fracture behaviour are 
also affected by the presence of unmelted powder particles 
within the part or other contaminant materials. Residual 
stresses represent another type of defect, which may lead to 
cracking, delamination and part warping. Geometrical defects 
are also common in this kind of process as a consequence of out-
of-control melting conditions, which are more likely to occur in 
critical features like overhang regions, thin walls, acute corners, 
etc. The generation of super-elevated edges, i.e., ridges of the 
solidified material at the edges of the successive layers, is 
particularly critical. Indeed, when super-elevated edges 
protrude from the powder layer, they may interfere with the 
recoating system, increasing its wear and negatively affecting 
the consequent powder bed uniformity. The generation 
mechanisms of various defects is related to the balling 
phenomenon, i.e., the solidification into spheres instead of solid 
layers [8]. This yields an impediment to interlayer connection. It 
also increases the surface roughness and the internal porosity 
[9].  

In-situ process monitoring is aimed at detecting (and, in some 
cases, localizing) most of those defects during the process. The 
mainstream in-situ sensing methods can be divided into two 
categories, i.e., “co-axial” and “off-axial” methods. In co-axial 
configurations, the sensors exploit the optical path of the laser. 
In off-axial configurations, the sensors are placed outside the 
optical path, with a given angle-of-view with respect to the 
region of interest. Both co-axial and off-axial sensing setups 
mainly consists of cameras (either in the visible or infrared 
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range, with different spatial and temporal resolution 
characteristics depending on the application) and pyrometers 
[1-6]. Few studies considered different sensing methods. They 
include recoating system vibration sensors [10], ultrasound and 
acoustic emission sensors [11-12], and baseplate distortion 
sensors [13].  

The quantities measured during the process can be referred to 
as “process signatures”, as they represent measurable proxies of 
the process quality and stability. The NIST report [1] defined the 
process signatures in AM applications as “dynamic 
characteristics of the powder heating, melting, and solidification 

processes as they occur during the build”. Fig. 1 shows an 
example of different levels of process signatures in laser powder 
bed fusion. Table 1 summarizes the literature on in-situ 
monitoring classified in terms of monitored signatures. The table 
also reports the most relevant defects associated to each 
category of process signatures. However, the correlation 
analysis between in-situ measured quantities and post-process 
metrological part characterization still represents a topic where 
further and continuous research efforts are needed. 

 

 

 
Figure 1. Different levels of in-situ monitoring for laser powder bed fusion processes 

 
 

Table 1 Classificiation of the literature on in-situ monitoring with respect to the monitored process signatures 
 

Monitored quantities (process signatures) Literature on in-situ monitoring Related defects 

Melt pool Size [14-21] 
Porosity, unmelted powder particle inclusions, 
residual stresses, delaminations, 
geometrical/dimensional defects 

Shape [16, 18 - 20, 22 -23] 

Temperature intensity [16 – 18, 20, 22, 24 -26] 

Temperature profile [24] 

Track (scan path) Track geometry [23, 27] Porosity, unmelted powder particle inclusions, 
residual stresses, delaminations, 
geometrical/dimensional defects 

Temperature / 
intensity profile 

[28 – 33] 

Ejected material [30 – 31, 34 – 35] Porosity, spatter inclusions, consequent 
defects caused by spatter dragging over the 
powder bed 

Slice Surface pattern [36 – 41] Porosity 

Geometry [39] Geometrical/dimensional defects 

Thickness profile 
(topography) 

[36 – 38, 42 – 43] Geometrical defects, porosity 

Thermal map [29, 32, 44] Porosity, residual stresses, geometrical defects 

Powder bed Homogeneity [39 – 41] Porosity, unmelted powder particle inclusions, 
geometrical defects 

Thermal map [13, 44 – 45] Residual stresses, geometrical defects 

 
The highest detail level can be achieved by monitoring the 

melt pool properties. The melt pool is a primary feature of 
interest in laser powder bed fusion [14 – 15, 17-18, 21, 23 – 24]. 
Indeed, its properties determine the geometrical accuracy of the 
track, the solidification behaviour and the 
geometrical/mechanical properties of the final part. The melt 
pool size, shape and temperature stability influence the internal 
porosity and the presence of unmelted particles within the bulk 
material. They also determine the development of residual 
stresses and following cracking and delamination problems. 
Melt pool monitoring can be achieved only via co-axial sensing. 
To this aim both co-axial cameras (visible or near infrared range) 
and co-axial pyrometers were proposed in the literature (see 
Table 1). 

Further process signatures can be monitored at track level. 
They include: i) the geometry of the track, ii) the temperature 
profile over the track and iii) material ejected as a consequence 
of the laser-material interaction [30 – 31, 34 – 35].  

The geometry and the temperature profile of the track are 
affected by the occurrence of the balling phenomenon, lack-of-
fusion or local over-heating conditions, surface and geometric 
errors and porosity formation.  

At slice level, the main quantities of interest include the 
surface pattern and topography of the slice, together with its 
geometry and thermal map. Process monitoring at slice level 

may reveal surface irregularities, e.g., caused by balling, porosity 
and super-elevated edges [10, 36-37], and deviations from the 
nominal geometry. The thermal map over the slice is another 
relevant feature to determine irregularities, e.g., caused by lack-
of-fusion or local over-heating [29]. 

Eventually, by monitoring the powder bed homogeneity it is 
possible to detect rippling caused by recoater bouncing effects 
and/or rectilinear grooves generated either by particles dragging 
or other recoating system damages [39]. The thermal map 
stability from one layer to another was proposed to assess the 
powder bed quality as well [45]. 

Process monitoring at track, slice and powder bed level usually 
required off-axial sensors, mainly cameras in the visible or 
infrared range. 

3. Data mining tools for zero-defect AM processes      

Despite a rapidly evolving literature on in-situ monitoring tools 
and considerable R&D efforts from major AM system 
developers, the integration of on-line methodologies to make 
sense of big amounts of acquired data and to automatically 
signal defects and out-of-control conditions is still missing in 
commercial systems. Indeed, the term “monitoring” in the 
mainstream AM literature is used to indicate data collection and 
feature extraction methodologies. Instead, from a statistical 



  

monitoring perspective, the same term refers to the detection 
of defects and faults via automated alarm rules. This latter kind 
of monitoring is needed to actually enhance the intelligent 
capabilities of next-generation AM systems and to pave the way 
to zero-defect oriented AM productions. 

We present some examples of novel statistical process 
monitoring methods based on video image data acquired during 
laser powder bed fusion processes. They couple image-
processing and data mining tools with statistical tools for 
industrial quality control. All of them are based on off-axial 
machine vision setups, exploiting a high-speed camera in the 
visible range (example 1 and 2) and an infrared camera (example 
3).  

 
3.1. Example 1: hot-spot detection via high-speed vision 

Good internal, mechanical and geometrical properties are 
achieved when a fast solidification (i.e., a fast cooling transitory) 
follows the laser scan of each portion of the part. In some cases, 
a local increase of the actual energy density (e.g., in the presence 
of overhanging regions, thin walls or acute corners largely 
surrounded by loose powder) may yield to local over-heating 
phenomena, followed by a slower cooling phase. This generates 
“hot-spots” during the laser scanning, and those hot-spots are 
symptoms of local out-of-control conditions. A method to 
automatically detect both when and where (within the slice) a 
hot-spot event occurs was proposed in [6]. High-speed video 
image data (e.g., 300 fps or higher) were acquired during the 
laser scan of each layer. A variant of the Principal Component 
Analysis (PCA) [46] known as T-mode PCA, was applied to 
batches of video images and iteratively updated as new frames 
were acquired. A multivariate statistic, i.e., the Hotelling’s T2, 
was used to synthetize the pixel intensity variability and auto-
correlation patterns. The result was a statistic that exhibits local 
peaks in the presence of pixels with anomalous intensity 
patterns, i.e., hot-spots. A clustering-based alarm rule was 
eventually proposed to automatically detect and localize the 
presence of the defect. Fig. 2 shows an example of the T2 statistic 
in the presence of a hot-spot and the corresponding clustering 
pattern.  

 

 
 

Figure 2. (a) 2D pattern of the T2 statistic in the presence of a hot-spot; 
(b) corresponding clustering result, where the hot-spot is properly 

localized (red region) 
A more recent study of ours showed that by including the 

spatial correlation information among the image pixels into the 
T-mode PCA formulation, the hot-spot detection is enhanced 
[47]. 

 
3.2. Example 2: spatter signature characterization  

The same machine vision setup (at higher speed, i.e., 1000 fps) 
was used to determine whether the spatter behaviour can be 
used as a proxy of the process stability [34]. Rather than applying 
a batch-wise PCA analysis, an image segmentation was applied, 
frame by frame, to classify the foreground objects into spatters 
and laser heated zone. For both these two regions of interest, 
different synthetic descriptors were computed. A classification 
model was developed and tested on video image data acquired 

during the production of specimens with either in-control and 
out-of-control (lack of fusion and over-melting) process 
parameters. Fig. 3 shows an example of the spatter signature in 
two different conditions: the over-melting state yields a larger 
spread and a larger amount of spatters than the in-control state. 

 

 
Figure 3. (a) spatial spread of spatters under in-control conditions; (b) 

spatial spread of spatters under over-melting conditions 
 

The analysis confirmed that the spatter-related information 
allows improving the classification between different melting 
conditions with respect to the analysis of the laser heated zone 
alone (benchmark approach). This suggests that the spatter 
behaviour can be used to design process monitoring 
methodologies and to keep under control the process stability 
over time. 

 
3.3. Example 3: plume signature characterization  

The last example refers to the use of infrared video imaging to 
capture and characterize another by-product of the process, i.e., 
the plume, which represents a further source of information 
about the process quality and stability [35]. The plume differs 
from the surrounding atmosphere in terms of chemical 
composition, temperature and pressure. It can induce changes 
in the optical properties of the beam path, which may alter the 
beam profile and energy density on the material surface [48]. 
Moreover, heat accumulations and thermal drifts during the 
process can cause changes in the plume quantity and form, with 
detrimental effects on the process stability and part quality, 
especially regarding the internal and sub-surface porosity [49]. 
We proposed an image-based approach aimed at segmenting 
the infrared images acquired during the laser scanning and 
isolating the plume-related region of interest. The plume area 
and intensity were measured and a multivariate control charting 
scheme was proposed to quickly detect anomalous plume 
behaviours. Fig. 4 shows an example of process plumes resulting 
from infrared image segmentation under both in-control and 
out-of-control conditions. The out-of-control plume was 
observed as a consequence of a partial disintegration of the part 
during the laser powder bed fusion of zinc powder, which is a 
thermally sensitive material that produces large amounts of 
metallic vapour. 

 
 

Figure 4. (a) Infrared pattern of the plume under in-control conditions; 
(b) infrared pattern of the plume under out-of-control conditions  

 



  

 The analysis showed that the multivariate control charting 
scheme allows one to detect unstable laser-material 
interactions and to anticipate the occurrence of process failures. 

4. Towards feedback control in metal AM     

AM system controllers available off-the-shelf do not integrate 
feedback control functionalities, which are needed to exploit in-
situ sensor data within a closed-loop control framework. 

Very few seminal studies have been devoted so far to the 
development and testing of feedback control techniques in laser 
powder bed fusion. Kruth et al. [19] and Craeghs et al. [14] 
proposed an adaptive correction of the laser power based on the 
melt pool area measured via co-axial pyrometer (acquisition 
frequency of 20 kHz), being the pyrometer signal proportional to 
the melt pool area. These authors showed that the feedback 
control method allows improving the geometrical accuracy of 
overhang regions. Craeghs et al. [14] also demonstrated an 
improvement of the surface roughness during the SLM of cubes 
with small scan spacing. 

The possibility of defect repairing was proposed as well. In 
particular, both in-situ laser re-melting and selective laser 
erosion techniques were shown to be feasible to mitigate 
different kinds of defects and to enhance the quality of the final 
part. Mireles et al. [50] studied the possibility of in-situ defect 
correction by re-melting the affected area, and they tested the 
method for in-situ correction of artificial pores of size 100 – 2000 
µm. The use of re-melting was investigated in [51-52] as well, to 
improve the surface finishing of outer surfaces and the internal 
density. Yasa et al. [51] also discussed the combination of laser 
powder bed fusion and selective laser erosion, i.e., a subtractive 
process based on material evaporation. The aim was to improve 
the surface quality and mitigate defects (e.g., super-elevated 
edges).  

Currently, the closed nature of most AM systems and their 
controllers imposes a barrier to the implementation of novel 
controlling strategies. Nevertheless, there are efforts to develop 
an ‘Open Communication Protocol’ for open communications of 
real-time, position-synchronized sensor data for PBF systems 
[53]. 

5. Conclusions and future developments   

In-process detection of defects and feedback control methods 
are expected to experience a substantial step forward in the 
next few years because of an increasing industrial pull for these 
technologies. As a matter of fact, the most relevant industrial 
sectors for AM process implementation, e.g., aerospace and 
healthcare, involve applications where defects can not be 
tolerated. Moreover, powder bed fusion processes are very long 
(a few days to produce a part) and metal powders are still quite 
expensive: because of this, high scrap ratios can not be 
sustainable. To face this issue, the development of process 
monitoring methodologies based on in-situ sensing as well as 
novel feedback control strategies was indicated as a priority 
research area by many recent keynote studies, European 
projects and national roadmaps. 

The process monitoring methods here presented are aimed at 
implementing automated defect detection and localization rules 
in laser powder bed fusion. The next step consists of integrating 
those monitoring tools with novel feedback control strategies to 
mitigate or even repair the defect. Another future development 
consists of fusing data and information gathered from multiple 
sensors, including both co-axial and off-axial devices, to achieve 
a more complete and reliable characterization of the process 
quality and stability. 
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